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Welcome Message

Welcome to the 13th International Conference on Autonomous Robot Systems and Competitions.
Welcome to ISEL – Instituto Superior de Engenharia de Lisboa, which is the Engineering School of the
Polytechnic Institute of Lisbon, Lisbon, Portugal.

This is the 2013’s edition of the international scientific meeting of the Portuguese National Festival of
Robotics (ROBOTICA 2013). It aims to disseminate the most advanced knowledge and to promote
discussion of theories, methods and experiences in areas of relevance to the knowledge domains of
Mobile Robotics and Robotic Competitions.

A total of 37 papers were submitted in response to the call for contributions. After a double blind review
process, 13 papers have been accepted as regular papers for oral presentation and 9 papers have been
accepted for short presentation plus poster presentation. The best papers will be selected to be
published as an extended version in the Journal of Intelligent & Robotic Systems from Springer, indexed
by Thomson ISI Web of Knowledge (IF=0.83). All accepted contributions are included in the proceedings
book. The conference program also includes a keynote speaker, Prof. Dr. Wolfram Burgard, from the
Department of Computer Science of Freiburg University, Germany, being also the Head of the Research
Lab for Autonomous Intelligent Systems.

The conference is kindly sponsored by the SPR Sociedade Portuguesa de Robótica, IEEE Robotics and
Automation Society, Portugal Section RA Chapter and Instituto Politécnico de Lisboa.

We would like to thank the invaluable contribution of the Conference Patrons, Caixa Geral de Depósitos
and Festo Portugal, as well as Sponsors, Steering Committee Members, International Program
Committee Members, External Reviewers, Keynote Speaker, Sessions Chairs and Authors. We also thank
and appreciate the collaboration of Sofia Duarte from Polytechnic Institute of Lisbon in managing the
registrations and the corresponding fees payment, the collaboration of Maria da Conceição Ribeiro from
ISEL in managing all administrative matters and some other local arrangements and the collaboration of
Sérgio Fernandes Palma from ISEL in supporting the web site development and update. Thank you all for
participating in this conference hoping you enjoy and feel it as a highly productive and sociable event.

João M. Ferreira Calado

Luís Paulo Reis

Rui Paulo Rocha
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Conference Program

Venue: Main Auditorium, ISEL – Instituto Superior de Engenharia de Lisboa

Wednesday 24th April 2013

08:15 – 08:45 Registration
08:45 – 09:00 Welcome Session
09:00 – 10:00 Session 1: Keynote Speaker

Chair: Luís Paulo Reis

09:00 – 10:00 Prof. Dr. Wolfram Burgard

Probabilistic Techniques for Mobile Robot Navigation
10:00 – 11:15 Session 2: Perception / Educational Robotics

Chair: João Calado

10:00 – 10:25 Kai Häussermann, Oliver Zweigle and Paul Levi. A Framework for Anomaly Detection of
Robot Behaviors.

10:25 – 10:50 André Araújo, David Portugal, Micael Couceiro and Rui P. Rocha. Integrating Arduino
based Educational Mobile Robots in ROS.

10:50 – 11:15 Arthur Miranda Neto, Alessandro Correa Victorino, Isabelle Fantoni, Douglas Eduardo
Zampieri and Janito Vaqueiro Ferreira. Image Processing Using Pearson’s Correlation
Coefficient: Applications on Autonomous Robotics.

11:15 – 11:30 Coffee Break

11:30 – 13:10 Session 3: Humanoid Robotics / Human Robot Interaction
Chair: Pedro Lima

11:30 – 11:55 Koichi Koganezawa and Takumi Tamamoto.Multi Joint Gripper with Stiffness Adjuster.
11:55 – 12:20 Brígida Mónica Faria, Luís Paulo Reis and Nuno Lau. Manual, Automatic and Shared

Methods for Controlling an Intelligent Wheelchair: Adaptation to Cerebral Palsy Users.
12:20 – 12:45 Nikolaos Kofinas, Emmanouil Orfanoudakis and Michail Lagoudakis. Complete Analytical

Inverse Kinematics for NAO.
12:45 – 13:10 Paulo Gonçalves, Pedro Torres, Fábio Santos, Ruben António, Nuno Catarino and Jorge

Martins. On the Development and Simulation of a Robotic Ultrasound Guided System for
Orthopedic Surgical Procedures.

13:10 – 14:30 Lunch

14:30 – 15:45 Session 4: Localization, Mapping, and Navigation (Part I)
Chair: Rui P. Rocha

14:30 – 14:55 Francisco Mateus Campos, Luís Correia and João Calado. An Evaluation of Local Feature
Combiners for Robot Visual Localization.
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14:55 – 15:20 Hugo Silva, Alexandre Bernardino and Eduardo Silva. Combining Sparse and Dense
Methods in 6D Visual Odometry.

15:20 – 15:45 Fernando Carreira, João Calado, Carlos Cardeira and Paulo Oliveira. Enhanced PCA Based
Localization Using Depth Maps with Missing Data.

15:45 – 16:30 Session 5: Posters Short Presentations
Chair: Luís Paulo Reis

15:45 – 15:50 Gustavo Corrente, João Cunha, Ricardo Sequeira and Nuno Lau. Cooperative Robotics:
Passes in Robotic Soccer.

15:50 – 15:55 Anže Troppan, Eduardo Guerreiro, Francesco Celiberti, Gonçalo Santos, Aamir Ahmad
and Pedro U. Lima. Unknown Color Spherical Object Detection and Tracking.

15:55 – 16:00 Rui Ferreira, Nima Shafii, Nuno Lau, Luís Paulo Reis and Abbas Abdolmaleki. Diagonal
Walk Reference Generator based on Fourier Approximation of ZMP Trajectory.

16:00 – 16:05 Frank Hoeller, Timo Röhling and Dirk Schulz. Collective Motion Pattern Scaling for
Improved Open Loop Off Road Navigation.

16:05 – 16:10 Paulo Alves, Hugo Costelha and Carlos Neves. Localization and Navigation of a Mobile
Robot in an Office like Environment.

16:10 – 16:15 Zhenli Lu. Design of a 3DOF Passive Rotating Platform for the Adaptive Motion Planning
of a Single Legged Robot

16:15 – 16:20 João Ribeiro, Rui Serra, Nuno Nunes, Hugo Silva and José Almeida. EKF based Visual Self
Calibration Tool for Robots with Rotating Directional Cameras.

16:20 – 16:25 Pedro Pinto, Ana Tomé and Vitor Santos. Visual Detection of Vehicles Using a Bag of
Features Approach.

16:25 – 16:30 Daniel Di Marco, Oliver Zweigle and Paul Levi. Base Pose Correction using Shared
Reachability Maps for Manipulation Tasks.

16:30 – 17:15 Coffee Break and Poster Session
17:15 – 18:30 Session 6: Localization, Mapping, and Navigation (Part II)

Chair: Carlos Cardeira

17:15 – 17:40 Alfredo Martins, Guilherme Amaral, André Dias, Carlos Almeida, José Almeida and
Eduardo Silva. TIGRE: An Autonomous Ground Robot for Outdoor Exploration.

17:40 – 18:05 Andry Pinto, António P. Moreira and Paulo Costa. Robot@Factory: Localization Method
Based on Map Matching and Particle Swarm Optimization.

18:05 – 18:30 André Dias, José Almeida, Pedro Lima and Eduardo Silva. Multi Robot Cooperative Stereo
for Outdoor Scenarios.

18:30 – 18:45 Closing Session

20:00 – 22:30 Conference Dinner / Award Ceremony

Notes: 25min are allocated per oral presentation for regular papers, including Q&A. 5min are allocated per oral
short presentation for posters.
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Probabilistic Techniques for Mobile Robot Navigation

Wolfram Burgard
Institut für Informatik
Technische Fakultät

Albert Ludwigs Universität Freiburg
Georges Köhler Allee, Geb. 079
D 79110 Freiburg, Germany

burgard@informatik.uni freiburg.de

Abstract

Probabilistic approaches have been discovered as one of the most powerful approaches to highly
relevant problems in mobile robotics including perception and robot state estimation. Major challenges
in the context of probabilistic algorithms for mobile robot navigation lie in the questions of how to deal
with highly complex state estimation problems and how to control the robot so that it efficiently carries
out its task. In this talk, I will present recently developed techniques for efficiently learning a map of an
unknown environment with a mobile robot. I will also describe how this state estimation problem can be
solved more effectively by actively controlling the robot. For all algorithms I will present experimental
results that have been obtained with mobile robots in real world environments.

Curriculum Vitae

Wolfram Burgard is a professor for computer science at the University of Freiburg, Germany where he
heads the Laboratory for Autonomous Intelligent Systems. He studied Computer Science at the
University of Dortmund and received his Ph.D. degree in computer science from the University of Bonn
in 1991. His areas of interest lie in artificial intelligence and mobile robots. In the past, Wolfram Burgard
and his group developed several innovative probabilistic techniques for robot navigation and control.
They cover different aspects including localization, map building, path planning, and exploration. He received
the prestigious Gottfried Wilhelm Leibniz Price in 2009 and an advanced ERC grant in 2010. He is fellow of the AAAI
and of the ECCAI.



A Framework for Anomaly Detection of Robot
Behaviors

Kai Häussermann, Oliver Zweigle, Paul Levi
IPVS - Department of Image Understanding, University of Stuttgart, Universitätsstr. 38, 70569 Stuttgart, Germany

email: haeussermann |zweigle |levi@ipvs.uni-stuttgart.de

Abstract—Autonomous mobile robots are designed to behave
appropriately in changing real-world environments without hu-
man intervention. In order to satisfy the requirements of auton-
omy, the robots have to cope with unknown settings and issues
of uncertainties in dynamic and complex environments. A first
step is to provide a robot with cognitive capabilities and the
ability of self-examination to detect behavioral abnormalities.
Unfortunately, most existing anomaly recognition systems are
neither suitable for the domain of robotic behavior nor well
generalizable. In this work a novel spatial-temporal anomaly
detection framework for robotic behaviors is introduced which
is characterized by its high level of generalization, the semi-
unsupervised manner and its high flexibility in application.

I. INTRODUCTION

Independent of the field of robotic application, e.g. domestic-,

military-, or space-robots, successful operations require robust

control algorithms and behaviors. Due to the high dynamics

and the unstructured nature of real-world environments, it

is nearly impossible to pre-program all potential plans or

consider all possible exceptions. Because of this impracticality,

autonomous robots that interact in real-world environments

urgently require cognitive skills to manage and detect hardware

failures [1]. For instance, assume a six-wheeled mobile robot

that got stuck because of a broken wheel. Instead of ending

up in a failure state, the robot could adapt the motor control

behavior to substitute the damaged wheel and to get out of

the situation [2]. But first of all, the robot has to detect the

unexpected situation and the behavioral abnormality. In this

work we define behavioral abnormalities (or short anomalies)

as patterns in observed data that do not fit to the common

behaviors. The goal of the anomaly detection framework

is a spatial-temporal comparison of the observation with

behavioral models to check whether something has gone wrong

during the execution. In contrast to the common domain of

anomaly detection systems, as credit card fraud or cyber-

intrusion, the proposed framework has to cope with several

factors that result in uncertainty. The most typical reason for

uncertainty in robotics is a noisy observation based on low-

quality, contaminated or broken sensors. Further uncertainties

arise due to imperfect or limited world-modeling, occlusions

or in-motion unsharpness during the visual observation of

a movement. In order to respect the underlying uncertainty,

the framework employs probabilistic reasoning and obtains

traceable conclusions.

To achieve a highly general anomaly detection framework,

which is able to cope with uncertainties adequately and which

is independent of the underlying robot platform and the number

and kinds of sensors, we propose to couple Kohonen-Feature

Maps (SOM) [3] with the concepts of Probabilistic Graphical

Models (PGM) [4].

A. Related Work

All existing anomaly detection methods can be classified into

three subclasses. Supervised anomaly detection methods assume

the availability of pre-labeled training data tagged as normal

or abnormal classes [5], [6]. This class of methods is not able

to detect unforeseen faults and it is often impossible to obtain

abnormal training-data for robots (since it would be extremely

costly). Thus, semi-supervised anomaly detection techniques
have been developed, assuming a pre-labeled training set for

the normal data. The goal is to classify all observations as

anomaly which deviate from the normal model [7]. In contrary,

the class of unsupervised anomaly detection methods does not

require any training data. The key idea is the assumption that

normal instances are statistically more frequent than anomalies

in the observation. Thus, the goal is to identify individual

outliers as an anomaly [1], [8]. In respect to this definition, our

proposed framework is currently trained semi-unsupervised,

i.e. the spatial context is trained fully unsupervised, while

strictly speaking, the temporal context is trained in a semi-

supervised manner. In [9] the authors propose an anomaly-

detection system for surveillance tasks to find spatial anomalies

in the environment. Here, an autonomous mobile robot follows

a predefined path and is equipped with a monocular panoramic

camera. During navigation the robot detects visual differences

between captured and reference images. A similar scenario is

proposed in [10], where the authors use discriminative CRF

and MEMM to recognize human motions. [11] propose a

technique to recognize two levels of actions using shared-

structure hierarchical HMMs and a Rao-Blackwell particle

filter. Unfortunately, most existing approaches are limited to

their origin problem-domain and do not cope well with high

dimensional input spaces. In contrary, our proposed framework

will be able, in consequence of the SOM approach, to cope

with high-level input spaces. An approach with a similar high

degree of generalization as our approach was introduced by

[12], proposing SVM classifier [13]. Unfortunately, SVM is

not well suited to represent temporal context explicitly. Instead,

the authors include the temporal information of the optical flow

in form of an additional input feature to the SVM classifier.

Although there exist similar extrinsic methods for SOM (e.g.
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TDNN [14]) we decided to model the temporal context

explicitly with PGM. This provides a statistical methodology

with a flexible trade-off between computational complexity and

detection robustness.

For the sake of completeness, following works base on a

similar idea of combining SOMs and explicit probabilistic

models and therefore have to be mentioned. The authors in

[15] introduce a method for hand gesture recognition applying

the Levenstein distance to find the spatial similarity of the

gestures. In [16] the authors utilize a recurrent Kohonen

Map and a Markov Model to predict the next position of

the user and provide him with location based services. All

related approaches which combine SOM with some explicit

temporal modeling are specifically tailored to their application.

In contrast, our method will be able to provide a general

framework for anomaly detection, independent of the number

of dimensions of the input space and the kind of underlying

sensors spanning the input space.

II. METHODS

A. SOM-Algorithm

A SOM [3] is a popular method to extract characteristics

of observed data and to classify data into clusters without

supervision. The classical SOM algorithm provides a nonlinear

mapping from an input space R
n to an output space Uk, where

n � k is usually true. The output space consists of a set

of units U = {u1, .., um} which are regularly arranged in

a k-dimensional fix structure, e.g. lattice- or cube-structure.

Beside the lateral connections of adjacent units, each unit ui

is also connected with the elements of the input vector v,

represented by a weight vector wi ∈ R
n. The unit ui which

has the minimum (euclidean) distance d(v, ui) = ‖v − wi‖
between its weight vector wi and the current input vector

v will be called best matching unit (bmu), calculated by

bmu(v) = argminu{d(v, ui)}∀i ∈ U.
Each bmu represents a prototypical subspace of the input space.

During the training-phase (unfolding-stage) the weight vectors

of the bmu and its neighbors are adapted according to the input

vector v, to maximize the similarity (see Eq.1).

wu(t+ 1) = wu(t) + α(t) · h(bmu(v), u) · d(v, ui) (1)

Here, the learning rate α(t) is a monotonically decreasing

function over time. In consequence, the weights of the units

will converge. Furthermore, h(bmu(v), u) represents the neigh-

borhood kernel which defines the influence-factor in respect

to the distance. Formally:

h(c, j) = exp(−‖uc − uj‖2
2σ(t)2

) (2)

where uc and uj correspond to the vectorial location of the

units on the map and σ(t) corresponds to the width of the

neighborhood radius, which is decreasing monotonically in

time. A too small influence-radius means that units can not

adapt properly, resulting in topological defects.

To estimate the quality of a output space the average

quantization error, topographic product [17], or the SOM

Distortion Measure [18] can be used.

B. Temporal Graph

To find temporal anomalies, causal dependencies of the

observation sequence need to be considered. We assume the

Markov-condition and follow the concept of PGM [4] to exploit

well-studied graph analysis tools and to enable probabilistic

reasoning. Therefore, a temporal graph is introduced which

is represented by a directed graph TG = (S,E) that consists

of temporal states s ∈ S and directed edges eij ∈ E. An edge

eij ∈ E represents a causal dependency of state si ∈ S and

the successive state sj . States which are not connected by an

edge are conditionally independent of each other. Each edge

eij is equipped with a single weight value, which describes the

corresponding conditional probability Pij , i.e. the probability

to traverse from state si to sj in the following time step:

Pij : P (sj |si) = P (si∩sj)
P (si)

, si, sj ∈ S.

For calculating the causal probability between non-adjacent

states S1:T = (s1, ..., sT ) the joint distribution is applied by

multiplying the conditional probabilities.

Formally: P (S1:T ) =
∏T

i=1 P (si|CP(si)).
Hereby, CP(x) represents the set of causal previous states

of the state x. Note, that CP(x) is not limited to the first-

order Markov-condition. Instead, it can model all arbitrary nth

ordered Markov processes. Keeping the recursive manner of

the joint distribution in mind, the logic behind the temporal

context is represented by a path between states in a graph

following a set of probability distributions.

III. FRAMEWORK

In order to keep a clear separation, we classify anomalies

into two types: spatial anomalies and temporal anomalies.

Spatial anomalies are classical out-liner in the observed data,

e.g. data that exceed the predefined input-space. Temporal
anomalies are defined as unusual observations in respect to

the causal context. Based on this separation, the proposed

framework uses SOM and a spatial-level to map the spatial

context in combination with a generative probabilistic model

to represent the temporal context.

Spatial-Training:
In order to collect sufficient training-data, we propose an

autonomous robot that observes itself during execution of

pre-programmed behavior primitives randomly. This self-

monitoring allows a high degree of autonomy since there

is no previous labeling by an expert necessary. The self-

monitored training-set consists of several sequences ai ∈ A of

samples v ∈ R
n. Accordingly, the training-sequence can be

described as ai = (vt1, vt2, ..., vm), under the causal ordering

vt1 � vt2 � ... � vm and ai ∈ A. To become more robust, we

extend the distance-function d by an extra modulus-vector m
to dm in order to handle the cyclic components of the input-

vector which usually ’wrap-around’, e.g. angular values. The

unfolding-process of the spatial level is done as described in

Section II. Two remarkable characteristics are the consequence
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of the nonlinear transformation of the spatial-level: First, the

distribution density of the units on the spatial-level is an

approximation of the distribution density of the input space.

Specifically, this means that denser sampled areas in the input

space (e.g. the relevant working area of a robot arm) have a

higher resolution in the output space than irrelevant areas in

the input space. Second, despite the different dimensionality of

the spaces, the topological order of the input space is preserved

on the spatial-level. This allows a generalization of the high

dimensional input space. Despite the loss of information due

to the dimensional reduction, the resulting spatial-level is still

sufficient to detect similar samples.

Temporal-Training:
In order to create the temporal graph, the spatial-

level is extended by an additional list of tuples

ψu which contain the observed successive units.

Formally, ψui
= {..., (uj , cij), ...} =

⋃
uj∈hui

(uj , cij). Here,

the tuple (uj , cij) is used as an occurrence counter measuring

the number of visits of uj after ui, i.e. cij = ‖ut
i ∧ ut+1

j ‖.

Similar to Eq. 2, hs defines a spatial neighborhood kernel

to increase the generalization of the detection. For temporal

training, we assume a set of valid training sequence ai, that

is executed sequentially. Each sample vn of ai is projected

onto the best matching spatial-unit uv = bmu(v). Applying

this projection to the whole sequence ai, a new sequence

a∗i is created. Furthermore, we apply a pre-filter step on

a∗i by removing all identical units following one another.

Typically the resulting sequence a∗i is smaller than the

original input sequence ai. Although the temporal aspects

get lost, the shorter input sequence increases the training

and recognition speed. For constructing the temporal-graph

the updated list ψu, ∀u ∈ U is used. According to section

II-B we define the temporal-graph TG = (S,E), where

S = s1, ..., sm is constructed by applying a bijective function

to the spatial-level U = {u1, ..., um}. Formally: S → U ,

where si → ui. Since the structure of the spatial-level is fix

and discrete, the temporal-graph has a well defined state set,

too. The transition probabilities are calculated considering

a statistical approximation based on the list ψui
, ∀ui ∈ U .

Accordingly, the transition probability is calculated by

Ptrans(ui|uj) =
cij∑

uk∈ψui
cik

. In consequence of S → U , we

are able to put Ptrans(ui|uj) directly on the level with the

transition probability of the temporal graph Ptrans(si|sj).
Although the current temporal graph is able to cope with

temporal and spatial uncertainties, it is not fully sufficient for a

reliable modeling and a robust recognition. This is based on the

exclusive inclusion of the bmus of the spatial-level: In spite of

the advantages of the quantization and generalization aspects

of the SOM, the probabilistic modeling of the temporal graph

shows the disadvantage of the binary winner-takes-all-decision:

Even if there are several similar (or equal) probable units, the

winner-takes-all-decision returns only one (the most probable)

unit and drops out the others.

To increase the detection robustness the temporal graph is

extended by introducing so called path-states and affinity-states.

A path-state λi ∈ Λ ⊂ S is a state on the estimated path of

activated bmus on the spatial-level during time. In respect to

S → U , it is essential: (λi, ..., λN ) → (bmui, ..., bmuN ).
Affinity-states φi ∈ Φ ⊂ S are states, whose equivalent

spatial-units have similar weights to the corresponding spatial

bmu. Further, an affinity-state φ ∈ Φ is generated by the

corresponding path-state λ ∈ Λ under an a priori unknown

stochastic process, same as the concept of Hidden Markov

Models.

To find the corresponding spatial-unit u of the affinity-state

φ, the mapping S → U is exploited. We consider the spatial-

level and define SMUδ(v) as the set of similar matching units,

i.e. these spatial-units whose difference between their weight-

vector and the weight-vector of the bmu(v) is under a predefined

threshold δ. SMU are formally calculated by:

SMUδ(v) = {smud(v) : dm(ud(v), bmu(v)) < δ}.

In respect to S → U , Φ = (φ, ..., φN ) is mapped to

(smui, ..., smuN ). In order to estimate the conditional proba-

bility of affinity-state φi under path-state λj , i.e. Paff (φi|λj),
we take advantage of the implicit available quantization error

between the weight-vectors of the corresponding spatial-units

ui and uj :

Paff(φi|λj) =
1

Z
exp(−(σ · dm(ui, uj)

2)) (3)

Here, σ represents a decay-parameter of the influence-

factor and Z represents the normalization constant. Due to

the exponential function and the distance-function dm ≥ 0, it

is guaranteed that Paff will be in the interval [0,1]. Furthermore,

the conditional probability of that unit u with the minimum

error distance, here u = bmu, becomes the maximum

probability. In Fig. 1 a temporal graph is presented.
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Fig. 1: Example of a temporal graph which is projected on

the spatial-level. The dark-blue directed edges represent the

transitions between the path-states, the light-red edges represent

the conditional probabilities of the affinity-states. The numbers

indicate the probability value.

Note that, despite the similarities to a HMM-approach, the

current state of the framework is fully observable. I.e. it is
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not required to distinguish between latent and observable

states. This allows a simplified and faster creation of the

models. A drawback of this approach is the vast size of the

resulting models. Accordingly, it should be mentioned that if

the path-states will be clustered to decrease the size of the

resulting model, then the classical HMM learning process

(e.g. using EM-methods as the Baum-Welch algorithm),

can be used without any modification of the overall framework.

Fig. 2: Proposed framework. Bottom: The sequence ai of

observed raw sensor input-vectors sn (here, n = 6) is presented

to the already trained spatial-level. Middle: The current input-

vector is nonlinear transformed to its best-matching-unit on

the spatial-level, updating the causal relations of ψui
. Top:

Based on the spatial-level U, the sequence of bmus and smus

according to a∗i , and the ψui
, the temporal-graph is constructed.

Anomaly-Detection: Spatial anomalies are represented by

units with a high quantization error, in other words: anomalies

are projected to sparse regions of the output space. Formally:

errorq(v) = ‖v − wbmu(v)‖. This is the consequence of the

underlying assumption: Normal observations are statistically

more frequent than anomalies during training, i.e. abnormal

input vectors are seldom or never considered in the training

process. To derive the probability distribution, we propose to

consider the best-matching-unit (bmu) and the’second’-best-

matching-unit (bmu′), e.g. bmu′(v) = argminu{d(v, ui)}
∀i ∈ U ∧ ui �= bmu(v), as reference. Thus, we define similar

to Eq.3: Panomaly(v) = 1− exp(−(errorq(v)/σ)
2), where

σ = 1
2 · ‖wbmu(v) − wbmu′(v)‖.

Temporal anomalies are represented by abnormal causal

sequences of spatial units. In order to detect temporal anomalies

and to provide a corresponding probability distribution, we

make use of the already constructed temporal graph. In a

first step the observation sequence ai is converted to a∗i by

exploiting the corresponding spatial-level. For the decision

whether it is a normal behavior or an anomaly, we calculate

the probability of the temporal-graph m (i.e. the normal

model) to generate the observed sequence a∗i . Formally:

P (a∗i |m) =
∑

Φ P (a∗i , φ|m). Since the direct calculation of

the probability would be exponential in time, the well-known

forward-algorithm [19] is utilized. The algorithm makes use of

the principle of dynamic programming to efficiently compute

the posterior marginals of all path-states given a sequence of

observed spatial-units a∗i . Instead of the whole sequence at

once, we propose to consider several sequential and overlapping

subsequences a∗i [k, k + w] with a specific observation length

w (window-size). The corresponding anomaly-probability is

clearly Panomaly(a
∗
i ) = 1− P (a∗i |m).

IV. EXPERIMENTS

The framework was implemented in R [20] and the demon-

stration scenario was exemplary evaluated on a CrustCrawler
AX18A Smart Robotic Arm. Although the framework is able

to include all kind of sensors, we decided to use a visual

observation of the scene, in order to evaluate uncertainties

based on occlusions or flickering positions. Fig. 3 shows the

setting of the scenario.

Fig. 3: Test bed: The position of the two-fingered gripper is

estimated by a camera-based recognition system. All relevant

features (gripper-fingers, robot base, objects) are marked by

visually traceable markers.

First, a typical pick-and-place behavior will be considered.

The task is to grasp an object on one side of the working area,

transport the object to the opposite side and finally place the

object there.

For training the spatial-level, the robot arm was programmed

to approach randomized positions in the working area R3

focusing on a subspace in front. The camera system observes

the positions of the markers, calculates the average position

and provides these samples as a single three-dimensional input

vector to the framework, i.e. v = {x, y, z}.
Without loss of generality, we chose the low dimension of

the input space in order to enable an adequate visualization of

the weight vectors in Fig. 4 for the reader. But as mentioned

in the previous section, the SOM is obviously able to cope

with high dimensional input spaces. Also the complexity of

the temporal modeling and logical inference of the sequence is

independent of scaling the dimension of the input space. Instead,
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the computational complexity of the adaption of the spatial-level

is significantly determined by the underlying neighborhood

and influence function, as shown in Eq. 1.

Fig. 4: Pick & place scenario: The weights of the spatial-level

are back projected to the input space. Please note, the area

which is higher in solution corresponds to a more relevant

working area.

For the experiments, we choose a spatial-level U with 20 x

20 units on a 2D structure with a hexagonal neighborhood that

was randomly initialized. The spatial-level was trained with

1668 samples over 10 learning epochs with an exponentially

decreasing learning function over time, starting with α = 0.3
and ending with α = 0.001. Similarly, the influence factor of

the neighborhood radius monotonically decreased over time.

Fig. 5: Test-data set of pick & place scenario. The figure

shows the observed path-states on the spatial level. Left: The

normal behavior. Right: The abnormal behavior. Each test-data

sequence is colored differently.

For the scenario, eight data-sets were recorded of successful

pick-and-place-behaviors A = {a1, ..., a8}. Further, A was

transformed and filtered in respect to the active spatial-units

to A
∗ = {a∗1, ..., a∗8}.

For training and testing of the framework, the data-sets were

disjunctively divided into a training-set and a test-set, each

with 4 data sets. See also Fig. 5 and Fig. 6.

To construct the temporal graph of the normal behavior, Ψ
was updated and the SMU were calculated under affinity-delta

of 0.4. For estimating the average accuracy of the temporal-

graph, some additional abnormal data-sets have been added

to the test-set (see Fig. 5). Hereby, a hardware failure of the

basic shoulder-servo was simulated exemplary, resulting that

the robot was not able to lift the arm anymore.

Fig. 6: Training set of pick & place scenario. Top: The path-

states of the training-set of the normal behavior. Each observed

behavior is colored differently. Bottom: The temporal-graph

projected to the spatial-level. Dark-blue arrows represent the

transitions between the path-states. Light-red arrows mark the

conditional dependency of the affinity-states. The numbers

indicate the probability values.

In order to keep the recognition accuracy of normal and

abnormal behavior apart, the corresponding subsequences were

provided to the network separately. For each evaluation (à 500

runs) the subsequences were chosen randomly (in respect to a

fixed window-size) and the average accuracy was determined.

The normal and abnormal behavior were considered separately.

The average accuracies are listed in Table I.

The high accuracy of normal behavior, even with small

window-sizes, is due to the high affinity-delta. The decreasing

accuracy with longer subsequences represent the decreasing

probability to generate the subsequence with the temporal-

graph. In contrast, the increasing accuracy of the anomaly

is based on the following fact: Since the abnormal behavior
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TABLE I: Spatial-temporal detection accuracy in [%] of pick
& place scenario: 500 runs per window-size, affinity-δ = 0.4.

behavior window size

1 2 7 15 30

Normal 90.38 92.84 96.13 94.276 87.67
Anomaly 31.33 40.37 75.08 99.41 100.0

is simulated by only one broken motor, an abnormal test-set

could still contain some subsequences which follow the normal

behavior nevertheless (compare Fig.5). In consequence, a (too)

short window size of abnormal data results in less accuracy,

due to more fault detections. Considering a long window size

instead, the real abnormal behavior part is more likely covered

by the randomly chosen subsequence and thus the accuracy is

higher.

For a second experiment, the functionality of the two-

fingered gripper executing an open-gripper-behavior was

considered. Here, the 3D position of both markers on the

fingers are considered to result in an input space of R6. The

spatial-level was initially trained with 1068 samples over 30

epochs. The dimension and structure of the spatial-level, as

well as the decreasing learning rate and neighborhood radius

was the same as in the previous scenario. Here, a hardware-

error was simulated by a randomly broken finger-servo. In each

evaluation (à 500 runs), the subsequences of the test-set were

chosen randomly (in respect to a fixed window-size) and the

average accuracy was determined. See Table II for the final

results.

TABLE II: Spatial-temporal detection accuracy in [%] of open-
gripper scenario: 500 runs per window-size, affinity-δ = 0.2.

behavior window size

1 2 7 15 20

Normal 90.39 92.86 97.02 98.45 72.95
Anomaly 48.36 53.04 81.14 100.0 100.0

V. CONCLUSIONS AND FUTURE WORK

The evaluation and the experimental results emphasize the

operating principles and the success of the framework to

detect behavioral abnormalities in the domain of real-world

autonomous robots. The coupling of SOM and PGM techniques

for spatial and temporal analysis enables our framework to

detect anomalies independently from the dimension size of the

input data and the features. Furthermore, the proposed general

framework copes with uncertainties and allows probabilistic

reasoning. In the current version of the framework, the temporal

graph includes the set of all path-states. In order to decrease

the model size, the next optimization step will be to cluster

the path-states to relevant key-states. A further step will be

to extend the framework for a more reliable integration of

variable features, since e.g. different object grasping poses

do not automatically mean an abnormal behavior. Therefore,

a spatial-temporal variance-analysis of the spatial-level and

the temporal graph is planned to find none but the relevant

behavioral states, finally allowing more robust detection results.
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Abstract— This article presents the full integration of compact 
educational mobile robotic platforms built around an Arduino 
controller board in the Robotic Operating System (ROS). To that 
end, a driver interface in ROS was created to drastically decrease 
the development time, providing hardware abstraction and intui-
tive operation mode, allowing researchers to focus essentially in 
their main research motivation. Moreover, the full integration in 
ROS provided by the driver enables the use of several tools for 
data analysis, easiness of interaction between multiple robots, 
sensors and teleoperation devices, thereby targeting engineering 
education. To validate the approach, diverse experimental field 
tests were conducted using different Arduino-based robotic plat-
forms.

I. INTRODUCTION
Mobile robotics is a technological field and a research area 

which has witnessed incredible advances for the last decades. It 
finds application in areas like automatic cleaning, agriculture, 
support to medical services, hazard environments, space explo-
ration, military, intelligent transportation, social robotics, and 
entertainment [1]. In robotics research, the need for practical 
integration tools to implement valuable scientific contributions 
is felt frequently. However, roboticists end up spending exces-
sive time with engineering solutions for their particular hard-
ware setup, often reinventing the wheel. For that purpose, sev-
eral different mobile robotic platforms have emerged with the 
ability to support research work focusing on applications like 
search and rescue, security applications, human interaction or 
robotics soccer and, nowadays, almost every major engineering 
institute has one or more laboratories focusing on mobile robot-
ics research. 

Earlier, the focus of research was especially on large and 
medium systems. However, with recent advances in sensor 
miniaturization and the increasing computational power and 
capability of microcontrollers in the past years, the emphasis 
has been put on the development of smaller and lower cost 
robots. Such low-cost platforms make affordable the experi-
mentation with a larger number of robots (e.g., in cooperative 
robotics and swarm robotics) and are also ideal for educational 
purposes. With such assumptions in mind, we have been doing 
engineering and research work with two Arduino-based mobile 
platforms [2]: the TraxBot [3] and the StingBot1. The choice 
fell upon Arduino solutions, since it presents an easy-to-learn
programming language (derived from C++) that incorporates 
various complex programming functions into simple commands 
that are much easier for students to learn. Moreover, the sim-
plicity of the Arduino to create, modify and improve projects, 
as well as its open-source and reduced cost makes it among the 

This work was supported by the CHOPIN research project (PTDC/EEA-
CRO/119000/2010), by PhD scholarships SFRH/BD/64426/2009 and 
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PEst-C/EEI/UI0048/2011), all of them funded by the Portuguese science 
agency "Fundação para a Ciência e a Tecnologia" (FCT). 

A. Araújo, D. Portugal, M. Couceiro and R. P. Rocha are with the Institute 
of Systems and Robotics, University of Coimbra, Pólo II, 3030-290 Coimbra, 
Portugal, email: {aaraujo, davidbsp, micaelcouceiro, rprocha}@isr.uc.pt.  

1 http://www.isr.uc.pt/~aaraujo/doc

most used microcontroller solutions in the educational context 
[2].

Following the trend of research, in this work the focus is on 
educational, open-source platforms that enable researchers, 
students and robot enthusiasts to quickly perform real world 
experimentation, having access to the tools provided by the 
Robotic Operating System (ROS) [4]. ROS is currently the 
most trending and popular robotic framework in the world, 
reaching critical mass and being the closest one to become the 
standard that the robotics community urgently needed. 

With the exponential growth of robotics, some difficulties 
have been found in terms of writing software for robots. Differ-
ent types of robots can have wildly varying hardware, making 
code reuse nontrivial. Opposing this tendency, ROS provides 
libraries and tools to help software developers to create robot 
applications. The major goals of ROS are hardware abstraction, 
low-level device control, implementation of commonly-used 
functionally, message-passing between processes and package 
management. One of its gold marks is the amount of tools 
available for the community like the Stage simulator [5], navi-
gation capabilities 2, visual SLAM [6] and 3D point cloud based 
object recognition [7], among others. Regular updates enable 
the users to obtain, build, write and run ROS code across multi-
ple computers.   

In the next section, we review general purpose and educa-
tional mobile robots, focusing on those already integrated in 
ROS and briefly describe our Arduino-based robot platforms. 
In section III, the main contributions of this work are revealed 
and details on the development of the ROS driver and its fea-
tures are presented. In the subsequent section, preliminary 
results with physical Arduino-based robots and a team of 
mixed real and virtual cooperating agents are presented. Final-
ly, the article ends with conclusions and future work. 

II. RELATED WORK

The following requirements, sorted by relevance, can be ex-
pected from robots to be used for educational purposes [8][9]: 

Cost — Robots should be as cheap as possible to overcome 
budget limitations and evaluate multi-robot applications 
(e.g., swarm robotics); 
Energy Autonomy — Robots should have a long battery life 
since they may have to operate long enough during devel-
opment and experimentation; 
Communication — Robots need to support wireless com-
munication to increase the range of applications (e.g., coop-
erative systems); 
Sensory System — Robots should be equipped with some 
form of sensing capability to allow interaction between 
them and with their environment; 
Processing — Robots need to be able to process information 
about other robots and the environment (e.g., sensing data). 

  

2 http://www.ros.org/wiki/navigation

Integrating Arduino-based Educational Mobile Robots in ROS
André Araújo, David Portugal, Micael S. Couceiro and Rui P. Rocha

Proceedings of the 13th International Conference on Mobile Robots and Competitions 
April 24, 2013. Lisbon, Portugal

© 2013 IEEE 

Robotica 2013 was organized under the IEEE Robotics & Automation Society Technical Co-Sponsorship 
978-989-97531-2-9

8



Fig. 1. Well-known educational and research mobile robotic platforms:  
from left to right, iRobot Create, Turtlebot, Mindstorm NXT, e-puck, MarXbot, SRV-1 Blackfin and Pioneer 3-DX, respectively. 

The following subsection reviews popular educational and 
research platforms available in the market, after which we pre-
sent the Arduino-based educational platforms developed and 
evaluate them according to the requirements presented above. 

A. Educational Robotic Platforms 
Several off-the-shelf mobile robots with various sensors and 

diverse capabilities are illustrated in Fig. 1. We address their 
mobility within different ground environments, capabilities, 
size, sensing/perception, processing power, autonomous navi-
gation and integration in ROS. 

The Roomba Create [10] from iRobot was designed for stu-
dents and researchers, being very popular in the robotics com-
munity due to its small size and low cost. It is a circular plat-
form, with extra space for larger sensors (e.g., 2D laser sensor 
or Kinect). Many choose to utilize an external computer that 
supports serial communication to control the Create robot, due 
to troublesome limitations in storage space and processing 
power. A ROS driver for the Roomba iCreate has already been 
developed (irobot_create_2_1 package in the brown_drivers 
stack), as well as the original vacuum cleaning Roomba (room-
ba_robot stack).

In fact, a popular off-the-shelf robot, developed at Willow 
Garage, has been built upon an iRobot Create: the TurtleBot3. 
This is a modular development platform incorporating an Xbox 
Kinect and an ASUS eeePC 1215N netbook. TurtleBot pro-
vides 3D functionalities and ROS out of the box (through the 
turtlebot stack), being fully open source and exploring all com-
bined capabilities of its components. 

The Mindstorms NXT [11] from Lego is an educational, ac-
ademic robot kit, ideal for beginners. The robot is equipped 
with drive motors with encoders and a good variety of cheap 
sensors like an accelerometer, light, sound, ultrasound and 
touch sensors. Support for interfacing and controlling this robot 
with ROS is also available, through the nxt stack. 

The e-puck [12] is an educational swarm platform for be-
ginners. It has tiny dimensions with only 80mm of diameter, 
equipped with a vast set of sensors like microphones, infrared 
sensors, 3D accelerometer and a VGA camera. Similarly, the 
MarXbot [13] platform has 170 mm of diameter, being fully 
equipped with infrared range sensors, 3D accelerometer, gyro-
scope, and an omnidirectional camera. It has a good processing 
power with an ARM 11 processor at 533MHz. Both the e-puck 
and the MarXbot are programmed in a user-friendly scripting 
language, which uses ASEBA, an event-based low level control 
architecture. In order to interface it with ROS, a ROS/ASEBA 
Bridge has been released (ethzasl_aseba stack4).

Additionally, the SRV-1 Blackfin [14] from Surveyor is a 
small-sized robot equipped with tracks with differential config-
uration. This robot has a good processing power with a 
1000MIPS at 500MHz CPU, capable of running Linux Kernel 
2.6. It is equipped with two IR rangers or optional ultrasonic 
ranging and a 1.3MP camera. It also supports Wireless 
802.11b/g communication and various I2C sensors. Unlike the 

3 http://www.willowgarage.com/turtlebot
4 http://www.ros.org/wiki/ethzasl_aseba

previous platforms, SRV-1 Blackfin can be driven in rough 
terrains due to its tracking system. At the time of writing, only 
partial support for ROS is available through the ros-surveyor 5

stack, which offers a driver for the Surveyor Vision System in 
ROS. 

Among the larger, more equipped and more powerful mo-
bile robots, a reference platform for research and education is 
the Pioneer 3 DX from ActivMedia [15]. This is a robust differ-
ential drive platform with 8 sonars in a ring disposition, a high-
performance onboard microcontroller based on a 32-bit Renesas 
SH2-7144 RISC microprocessor, offering great reliability and 
easiness of use. Compared to the previously referred robots, this 
robot has greater weight and less affordability. Two different 
drivers are available to interface the Pioneer 3 DX with ROS: 
ROSARIA6 and p2os7. 

B. Arduino-Based Robotic Platforms 
Even though most of referred platforms provide open source 

software, they usually require a slow learning curve and the 
hardware has limited expandability. Arduino solutions have 
recently appeared in the market to work around such issues. For 
this reason, our platforms were built around an Arduino control 
board, which accesses the motor encoders and other infor-
mation from the power motor driver like temperature and bat-
tery state, being also able to send commands to the motors, read 
sonar information and exchange messages natively through 
Zigbee. Although this section briefly describes the platforms 
assembled in our research laboratory, the proposed driver could 
be applied to any other Arduino-based platform such as the 
eSwarBot [8], the Bot’n Roll OMNI 8 and many others (e.g.,
[1]). 

The Arduino-based platforms under consideration, namely 
the TraxBot v1 and v2 and the Stingbot [3], are depicted in Fig.
2. All these platforms’ processing units consist of Arduino Uno 
boards, which include a microcontroller ATmega 328p that 
controls the platforms motion through the use of the Bot’n Roll 
OMNI-3MD motor driver8. 

Fig. 2. Arduino-based robotic platforms,
a) TraxBot v1; b) TraxBot v2;  c) StingBot. 

As for power source, two packs of 12V 2300mAh Ni-MH 
batteries ensure good energy autonomy to the robots. For dis-
tance sensing, 3 Maxbotix Sonars MB1300 with a range of 
approximately 6 meters were used. However, and as experi-

5 https://github.com/rene0/ros-surveyor
6 http://www.ros.org/wiki/ROSARIA
7 http://www.ros.org/wiki/p2os
8 http://botnroll.com/omni3md
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mental results depict, the sensing capabilities of the platforms 
can be easily upgraded with other sensors, e.g., laser range 
finders.  Moreover, the platforms have the ability to also in-
clude a 10” netbook on top of an acrylic support, which extends 
the processing power and provides more flexibility. In our case, 
ASUS eeePC 1025C were used due to their reduced price and 
size. The notebook provides communication via Wireless Wi-Fi
802.11 b/g/n to the robot and is dedicated to run ROS onboard, 
providing the tools and means for enhanced control of the ro-
bot. Additionally, the platforms are also equipped with an Xbee 
Shield from Maxstream, consisting on a ZigBee communication 
module with an antenna attached on top of the Arduino Uno 
board as an expansion module. This Xbee Series 2 module is 
powered at 2mW having a range between 40m to 120m, for 
indoor and outdoor operation, respectively. 

C. Summary
Both Arduino-based platforms meet all the requirements pre-

viously pointed out, being ideal for multi-robot applications. In 
terms of cost, our platforms have a similar price to the Mind-
storms NXT, being more affordable than the Turtlebot, e-puck, 
MarXbot or the Pioneer. In terms of energy autonomy, both the 
TraxBot and the Stingbot can operate continuously around 3 
hours, which is a common operation time for compact plat-
forms. As for communication, unlike the iRobot Create and the 
Pioneer, which do not offer multi-point communication out of 
the box, our platforms support Zigbee communication, which is
extended with WiFi when using a netbook. Having distance 
sensors and wheel encoders with high resolution, these plat-
forms have the flexibility to incorporate even more custom 
sensors, as opposed to the SRV-1 Blackfin or the Mindstorms 
NXT. Furthermore, its hybrid design enables not only to make 
use of the 24 MIPS at 26MhZ Atmega 328 microcontroller, but 
also the Intel Atom N2800 Dual Core at 1.86 GhZ processor of 
the netbook, similarly to the Turtlebot and outperforming the 
smaller platforms.

 Additionally, when developing our educational robots other 
requirements were taken into account: all hardware is either 
made of aluminium or stainless steel, being extremely robust; 
their dimensions are adequate for both indoor and outdoor ex-
periments; and they have the ability to run ROS. 

III. ROS DRIVER FOR ARDUINO-BASED ROBOTS

The key contributions of this work are the development and 
description of a driver that enables fast prototyping through the 
interface and control of custom educational platforms with 
ROS, which can be generalized to different Arduino-based 
platforms. 

ROS provides tools to interface with the Arduino family of 
boards through the rosserial stack 9.However, it was verified 
that rosserial is not suitable for this work, due to the high over-
head imposed by its data acquisition and commands, which 
result in an excessive workload to the Arduino microcontroller 
Atmel 328p SRAM. In fact, the microcontroller presents lim-
ited SRAM memory and for standard ROS topics (float32 mes-
sages + message headers), stress tests have shown that only a 
maximum of 15 ROS topics can be used in parallel and the 
message bu er is limited to 70 standard messages. 

The most important feature in rosserial is to add libraries to
the Arduino source code, in order to emulate ROS language 
directly in Arduino code. This results in high overhead in com-
munication between PC / ROS and the Arduino, due to the 

9 http://www.ros.org/wiki/rosserial

structures used, for example, when publishing messages from 
the Arduino side. For this reason, a custom driver was created, 
being able to adopt a faster and more transparent communica-
tion between any Arduino board and ROS. We propose a solu-
tion based on the serial_communication stack 10, where the 
messages sent from the Arduino only consist of arrays of char-
acters, which are parsed to integer variables on the PC / ROS 
side, hugely decreasing the communication load. 

A. Driver Description 
The mrl_robots11 driver herein presented was developed for 

integration and control of the platform using ROS Fuerte ver-
sion running on Ubuntu 11.10 “Oneiric Ocelot”. The seri-
al_communication stack 10, was used to establish point-to-point 
serial communication between the Arduino and the PC / ROS 
side, without the overhead of rosserial. This enables robust and 
fast communication in more complex applications, such as 
teleoperation, crossing of sensory information, the integration 
of the navigation stack, among others. It also has the versatility 
of creating protocols to exchange data between the Arduino 
and the PC/ROS side, which enables the creation of a custom-
ized and transparent serial communication.  

The Arduino firmware code was developed taking into ac-
count all components and their features, which are required for 
the robots’ operation. In Fig. 3 the architecture of the ROS 
Driver is illustrated. The power motor driver OMNI-3MD 
provides libraries to control the motors (i.e., velocity or posi-
tion control), read encoders and temperature, as well as setting 
the parameters for the initial configurations of the PID control-
ler, among others. The motor driver is connected to the Ar-
duino Uno through I2C communications. C/C++ language was 
used as the programming language for the ATmega328p mi-
crocontroller. Algorithm 1 illustrates the resident Ro-
bot/Arduino Firmware code. 

ROS Driver 

Connection node

 TraxBot Source Code
Cereal_port node establish I2C 

communication via serial 
protocol and Driver source 

code interprets the frame sent 
by the firmware program to 

perform the desired task.

Driver Source Code

USB cable 
connection

Firmware 
Implemented in C with specific 

protocol frame 

Motor Driver 
Power driver to control motors, 

Encoders and temperature among others.

I2C

Fig. 3. ROS driver architecture diagram.

The protocol developed to interface ROS with the Arduino 
board consists on sending a frame with the configuration 
shown in Fig. 4. The character ‘@’ is used at the beginning of 
every frame, and commas ‘,’ separate the different parameters. 
Character ‘e’ identifies the end of the frame. Regarding the 
content of the protocol, the first parameter corresponds to the 
action command; like move motors, and others (Algorithm 1).
Following the action command, commas separate the argu-
ments of the designated commands which have been defined as 
signed integers. 

10 http://www.ros.org/wiki/cereal_port
11 http://www.ros.org/wiki/mrl_robots
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Fig. 4. Frame protocol to receive/send data from/to the Arduino Uno

Let us suppose, for instance, that we want the platform to 
move with a linear velocity of 0.5 m/s and an angular velocity 
of -0.8 rad/s, the frame would be, “@11,500,-800e” represent-
ing “@command,(lin_vel×103),(ang_vel×103)e”.

In the ROS side, a computation process (robot_node) has 
been programmed, which starts the serial connection using the 
cereal_port library of serial_communication stack and receives 
streams of information from the robot. Whenever a data frame 
has been received, a callback is triggered, publishing the corre-
sponding message into appropriate ROS topics, thus providing 
updated information to the rest of ROS ecosystem. Algorithm 
2 shows how the driver works. In Fig. 5, it is shown how a 
ROS user application node (e.g., a mapping algorithm) can 
interact with robot_node by sending velocity commands to the 
base and receiving information like sonar range, odometry, 
transforms, etc. One of many ROS tools, rxgraph, has been 
used to allow real time monitoring of the available nodes, as 
well as topics exchanged by each node. Note also the interac-
tion with other existing nodes in ROS like the wiimote_node12,
used for teleoperating the robot through a Nintendo’s Wii 
remote controller (WiiMote), and the hokuyo_node13 to add an 
Hokuyo laser range sensor to the robot. ROS provides many 
different built-in sensor message types which are appropriately 
assigned to the topics of each component of the driver. 

The ability to stream data from the Arduino board is an in-
teresting feature of the driver because it does not require a 
synchronous communication involving requests and responses 
between ROS and the Arduino board. Hence, it frees the serial 
communication channel since it only needs a starting request 
and can be stopped at any time. Furthermore the mrl_robots
driver has the ability to enable and disable debugging options 
to track eventual errors. 

B. Driver Features and Potential 
The driver presented in the last subsection offers several fea-

tures, many of which are inherited by the direct integration 
with the ROS middleware. The driver enables the interface 
with ROS tools for data process and analysis of the platforms, 
like 3D visualization (rviz), logging real-time robot experi-
ments and playing them offline with (rosbag/rxbag), plotting 
data (rxplot) and visualizing the entire ROS network structure 
(rxgraph). 

Beyond the easiness of using the available tools, ROS also 
provides effortlessly integration of new sensors without need-
ing hardware expertise, as it will be seen in section IV. This 
opens a new range of possibilities since several well-known 
stacks from the ROS community comprise algorithms for ro-
botics development such as the navigation2 and 
slam_gmapping14 stacks. 

12 http://www.ros.org/wiki/wiimote_node
13 http://www.ros.org/wiki/hokuyo_node 
14 http://www.ros.org/wiki/slam_gmapping

Fig. 5. Rxgraph topics and nodes provided by the mrl_robots driver. 

Algorithm 1. Robot/Arduino Resident Firmware
1:
2:
3:
4:
5:

#Omni3MD library  // main motor driver command functions 
#EEPROM library     // storage robot particular specifications: robot ID,…  
#Robot library    // range sonars acquisition, calibration, PID gains
#RobotSerialComm library    // protocol serial communication
#Standard libraries  

6:
7:

Setup Functions(); // PID motor gains, using ports, encoders scale, set I2C 
connection,…

8: Streaming Functions(): 
9: sendEncodersReads()

10:
11:

Read encoder 1 and 2 pulses;
Serial reply encoder data;

12: sendEncodersSonarsReads()
13:
15:
16:

Read encoder 1 and 2 pulses;
Read sonars 1, 2 and 3 ranges;
Serial reply encoder and sonar data;

17: sendRobotInfo()
18:
19:
20:
21:
22:
23:

Read from EEPROM robot ID;
Read internal board temperature;
Read Omni-3MD driver firmware version;
Read TraxBot battery voltage;
Read firmware version;
Serial reply info data;

24: Main loop(): 
25: Switch (action):
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:
43:
44:
45:

sendEncodersReads;
sendEncodersSonarsReads;
sendRobotInfo;
Omni-3MD auto-calibration motors for controller purposes;
Set PID gains;
Receive Xbee message;
Send Xbee message;
Xbee node discovery;
Set prescaler from encoders;
Set desire encoders values;
Robot info;
Single encoders reading;
Single sonars reading;
Linear motors move with PID controller;
Linear motors move;
Stop motors;
Reset encoders;
Debug action;                 // (Des)Activate debug option  
Start streaming data;    // Activate desire streaming data
Stop streaming data;

Algorithm 2. PC/ROS Driver.
1:
2:

#ROS_msgs library      // ROS type messages
#Cereal_port library //  protocol serial communication  

3: Robot data callback(): 
4: UpdateOdometry()
5:
6:
7:
8:

Read encoder pulses;
Pulses convert to cartesian pose ( );
Publish in ROS topic updated pose;
Publish tf: odom → base_link

9: DriveRobot()
10:
11:

Subscribe ROS topic differential velocity commands;
Send to robot angular and linear speeds;

12: RangeUltrasonicSonars()
13: Publish ROS topic range ultrasonic sonars;
14: XbeeMsgs()
15:
16:

Publish ROS topic with Xbee message received;
Subscribe ROS topic with Xbee message to send from user node

17: UpdateRobotInfo()

18: Publish ROS topic robot information;
19: Main loop(): 
20: Establish a serial connection;
21: Receive data streaming from robot (activate callbacks);
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As a result, the overall time spent in robotics research is 
greatly reduced due to code reuse and therefore the driver 
represents a valuable tool that enables fast prototyping and 
opens a gateway into the world of ROS.  

Another interesting feature of the driver is the simplicity for 
enabling heterogeneous multi-robot coordination and coopera-
tion. Running the same hardware abstraction layer in the team  
of robots, ROS takes care of the communication messaging 
system using a publish/subscribe method, which enables all 
kinds of interaction between members of the same team, as 
seen in Fig. 6, where an example of a ROS network is depic-
ted. 

 ROS Gazebo

ROS Gazebo Node

Driver Node Stingbot 
...Robot N

Driver Node Traxbot v2 
Robot 2

Driver Node Traxbot v1
Robot 1

Computer

Multi Virtual robots in Stage 
Nodes 

Main  
Algorithm

Node

Add specific 
task

Node
Hokoyo Laser Node

Kinect  Node

Wii Remote Controller 
Node...

Navigation 
Stack

Fig. 6. Network topology example with multiple robots, sensors, 
tele-operation devices and applications.

ROS also has the potential to integrate mixed real and virtu-
al robot teams. With the use of the driver herein presented, 
together with the Stage15 multi-robot simulator, the same code 
can be used to drive either real robots or virtual agents running 
on Stage. Therefore, the developed ROS driver allows the 
integration of virtual robots with different sizes and driving 
characteristics, as seen later on. In addition, the communica-
tion between real and virtual agents is completely transparent 
since they are both operating in the same ROS network. This 
major feature is ideal to perform multi-robot tasks, allowing 
the use of a large population of robots, when no extra physical 
robots are available, being cheaper and promoting safer test 
scenarios by making interactions between physical and virtual 
world objects. 

Fig. 7. Evaluation of the ROS driver in Traxbot v1 with different sensors. a)
Ultrassound Range Sensors integration; b) Hokuyo URG-04LX Laser Range 
Finder integration.

IV. RESULTS AND DISCUSSION

In order to experimentally evaluate the ROS driver, some 
tests were conducted using physical Arduino-based robots and 

15 http://www.ros.org/wiki/stage

stage15, which provides essential options like the information 
about the ground truth pose and odometry of virtual robots.  

We present experimental tests that validate the aforemen-
tioned claims and we also show cooperative behaviors with 
real multi-robot systems, as well as mixed real and virtual 
robotic teams 16. Therefore, the experiments will allow to eval-
uate the driver flexibility to different sensors, the driver porta-
bility to different robotic platforms and the driver expandabil-
ity and integration with the existent ROS tools. 

The first experiment aims to demonstrate the driver 
flexibility to integration of different sensors. The TraxBot v1
platform was equipped with a laser range finder (LFR) and its 
performance was compared against the native ultrasonic range 
sonars on a simple mapping task. The Hokuyo URG-04LX is a 
LRF classified as an Amplitude Modulated Continuous Wave 
(AMCW) sensor. In order to test the sonars performance, an L-
shaped scenario of 2 m by 1.6 m was set up, with a 1 m width 
(Fig. 7). To perform this test, two lateral sonars placed at ±45 
degrees were used.  

In this test, the robot movement relies solely on odometry. 
In Fig. 7a it can be seen in the first rectilinear motion, that the 
sonars readings are stable (red dots) and coincident with the 
ground truth scenario limits (blue line). Green dots represent 
the midpoint of sonars acoustic beam while turning. Some 
issues arise during the 90 degrees rotation, since the sonar 
beam cone has an opening of approximately 36 degrees, thus 
presenting a much poorer resolution than the LRF, as 
illustrated in Fig. 7a. In the case of Fig. 7b, the Hokuyo LRF 
was used to perform the same test. The overture of the laser 
was set to 180 degrees with a rate of 512 samples per reading. 
It is possible to observe some discrepancy in some readings 
especially at the end of the movement due the odometry 
position error accumulated during motion.

In the second experiment, the main goal is to demonstrate 
the portability of the driver to different robots and sensors, 
which enables testing in our Arduino-based robots the existent 
algorithms in ROS. Hence, a mapping task with the 
incorporation and interaction of drivers for different sensors 
like LRF and a joystick controller was performed. Along these 
lines, this time the Traxbot v2 platform was equipped with an 
Hokuyo LRF and teleoperated with a WiiMote for a mapping 
task using Hector Mapping [16], which is available in the 
hector_slam stack17.

Fig. 8. Map generated by the Traxbot v2 with hector mapping. 

16 A video of the experiments is available at:
http://www.isr.uc.pt/~aaraujo/videos/Robotica2013

17 http://www.ros.org/wiki/hector_slam
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The teleoperation node runs on the eeePC netbook 
connected over the ROS network. The node subscribes to a 
topic which has the information of the Wiimote state and 
assigns functions for each pressed button, publishing then 
velocity commands, which are interpreted by the ROS driver, 
resulting then on motor commands. Additionally, the 
hector_mapping node subscribes to the scans provided by the 
hokuyo_node and publishes the estimate of the robot's pose 
within the map, while generating the map. Fig. 8 presents the 
resulting map in rviz, which was obtained with 
hector_mapping on our experimental lab arena. 

In the third and final experiment, we show not only the 
possibility to have coordinated behaviors with two physical 
robots, but also the possibility to include a third simulated 
robot running in stage which communicates with the other two 
forming a mixed team of real and virtual robots, as described 
in section III.B. In addition, we also integrate navigation 
capabilities in our robots, by running the navigation stack2

with a known map, in this case, the map of our experimental 
lab arena (Fig.9). 

The robots were commanded to navigate cyclically between 
a set of waypoints in the arena, as seen in the video of the 
experiment16. To further demonstrate their coordinating abili-
ties, a common waypoint for all three robots was defined, and 
robots had to exchange messages through a shared ROS topic 
to avoid going to the common point at the same time. They 
would wait to go to the point at the center of the arena and 
priority was given to the robot who expressed firstly its inten-
tion to move to that point. All three robots were able to coordi-
nate themselves in the environment without colliding to each 
other, due to the integration of the navigation stack2. Fig.10
presents a snapshot of rviz, illustrating the three robots moving 
in the arena. 

Fig. 9. Experimental arena with a Traxbot v2 and a Stingbot cooperating 
with a virtual robot, running on stage. 

Fig. 10. The three robots coordinating their behaviors by exchanging ROS 
messages (rviz).

V. CONCLUSIONS AND FUTURE WORK

In this paper a solution for integrating Arduino-based robot-
ic platforms in ROS, through the development of a ROS driver,
was presented. It was shown the great advantages of integrat-
ing the platform with ROS middleware, enabling the usage of a 
wide range of tools and reducing the development time 
through code reuse. The robots, alongside with Arduino and 
ROS open-source development tools, present themselves as 
ideal platforms for educational robotics. Beyond providing 
access to all ROS tools, the driver also simplifies the robotic 
development by: i) supporting hardware abstraction to easily 
control the platform; ii) allowing for the extension and integra-
tion of all kinds of sensors; and iii) enabling multi-robot coop-
eration and coordination through the operation in a ROS net-
work, both for real teams of homogeneous and heterogeneous 
robots, as well as hybrid teams of real and virtual agents, run-
ning the same code. Results from the experiments that were
conducted demonstrate all these features and the insignificant 
overhead imposed by the driver was discussed.
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Abstract—Autonomous robots have motivated researchers 

from different groups due to the challenge that it represents. 
Many applications for control of autonomous platform are being 
developed and one important aspect is the excess of information, 
frequently redundant, that imposes a great computational cost in 
data processing. Taking into account the temporal coherence 
between consecutive frames, we have proposed a set of tools based 
on Pearson’s Correlation Coefficient (PCC): (i) a Discarding 
Criteria methodology was proposed and applied as (ii) a Dynamic 
Power Management solution; (iii) an environment observer 
method based on PCC selects automatically only the Regions-Of-
Interest; and taking place in the obstacle avoidance context, (iv) a 
method for Collision Risk Estimation was proposed for vehicles in 
dynamic and unknown environments. Applying the PCC to these 
tasks has not been done yet, making the concepts unique. All these 
solutions have been evaluated from real data obtained by 
experimental vehicles. 

I. INTRODUCTION 

N the last three decades, visual navigation for mobile robots 
or unmanned vehicles has become a source of countless 

research contributions. Some of these applications include: the 
development of Unmanned Aerial Vehicles (UAVs) that has 
been of interest for military applications. However, one 
limitation is their maximum flight time: they cannot carry large 
fuel payloads [3]. Future exploration of Mars requires long-
endurance UAVs that use resources that are plentiful on Mars 
[4]. Finally, for military or civil purposes, vehicular 
applications have as objective the development of autonomous 
systems capable of driving a car autonomously in an urban 
environment and also to help the driver in its driver task [5], 
[6]. All these real-time platforms must provide the capability 
of perceiving and interacting with its neighbour environment, 
managing power consumption, CPU usage, etc. 

The primary interest in this work, which is environment 
perception, is still in evolution. Part of this, machine vision, is 
an important tool that continuously monitors the way forward, 
proving appropriate road information in real time. Although 
extremely complex and highly demanding, thanks to the great 
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deal of information it can deliver, machine vision is a powerful 
means for sensing the environment and it has been widely 
employed to deal with a large number of tasks in the 
automotive field [7], but it can lead to some losses due to the 
processing time.  

The problems of time-dependent and dynamic resource 
allocation have manifested themselves under different names, 
which include energy and memory consumption for the 
embedded systems [8]. It has been a topic of interest in the 
automotive industry [9]. 

In 1885, an empirical and theoretical development that 
defined regression and correlation as statistical topics were 
presented by Sir Francis Galton [10]. In 1895, Karl Pearson 
published the Pearson’s Correlation Coefficient (PCC) [11]. 
The Pearson's method is widely used in statistical analysis, 
pattern recognition and image processing [12]. 

Based on Pearson's method, we have proposed a visual-
perception system based on an automatic image discarding 
method as a simple solution to improve the performance of a 
real-time navigation system by exploiting the temporal 
coherence between consecutive frames [13]. This idea is also 
presented in the key-frame selection technique [14]. Further, 
we present the PCC as an environment observer method to 
save processor energy (power) consumption [15]. In the 
obstacle avoidance context for vehicles in dynamic and 
unknown environments, we have also proposed two others 
methods: a real-time collision risk estimation [16] and an 
extension of the environment observer method that selects 
automatically only the Regions-Of-Interest (ROI) [17]. 

To better understand these toolkit proposals, the Pearson's 
method is presented in Section II, followed by the Discarding 
Criteria method in Section III. Section IV introduces the 
Visual-Perception Layer based on Monocular Vision. 
Thereafter, the following sections are: Section V: Real-Time 
Dynamic Power Management, Section VI: Automatic Regions-
Of-Interest Selection and Section VII: Collision Risk 
Estimation. Finally, the results are presented in Section VIII 
and the conclusions are given in Section IX. 

II. PEARSON’S CORRELATION COEFFICIENT (PCC) 

The Pearson's method is widely used in statistical analysis, 
pattern recognition and image processing. Applications on the 
latter include comparing two images for image registration 

Image Processing Using Pearson’s Correlation 
Coefficient: Applications on Autonomous 

Robotics 
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purposes, disparity measurement, etc [12].  It is described in 
(1): 
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where ix is the intensity of the thi pixel in image 1,
iy is the 

intensity of the thi pixel in image 2, 
mx is the mean intensity of 

image 1, and
my is the mean intensity of image 2. 

III. DISCARDING CRITERIA 

The discarding criteria was presented as a simple solution to 
improve the performance of a real-time navigation system by 
choosing, in an automatic way, which images should be 
discarded and which ones should be treated at the visual 
perception system [13]. It was a new approach using the PCC.  

In Fig. 1, basically, if the PCC indicates that there is a high 
correlation between a reference frame and another new frame 
acquired, the new frame is discarded without being processed 
(for example, the system can repeat a last valid command). 
Otherwise, the frame is processed and it is set as the new 
reference frame for the subsequent frame.  

The inclusion of an automatic image discarding method 
leads in a reduction of the processing time. Although the 
system spends some milliseconds computing the PCC, it gains 
much more time, in some cases, discarding more than 90% of 
the images [18]. However, it is important to notice that this 
percentage is not dependent on the video sequence or image 
size, but on the obstacles / objects influence. 

 

 

Fig. 1 – Discarding criteria [13]. 

IV. VISUAL-PERCEPTION LAYER BASED ON MONOCULAR 

VISION 

The perception of the environment is a major issue in 
autonomous vehicles. The perception layer uses many types of 
sensors [5]. The vision-based sensors are defined as passive 
sensors and the image scanning is performed fast enough for 
mobiles robots. However, vision sensors are less robust than 
millimeter-wave radars in foggy, night, or direct sun-shine 
conditions [7]. All range-based obstacle detection systems 
have difficulty for detecting small or flat objects on the 
ground, and range sensors are also unable to distinguish 
between different types of ground surfaces [19]. However, the 
main problem with the use of active sensors is represented by 
interference among sensors of the same type, hence, foreseeing 

a massive and widespread use of these sensing agents, the use 
of passive sensors obtains key advantages [7]. 

On the safety front, the progressive safety systems will be 
developed through the manufacturing of an “intelligent 
bumper” peripheral to the vehicle in answering new features 
as: blind spot detection, frontal and lateral pre-crash, etc. The 
objective in terms of cost to fill ADAS functions has to be very 
lower than the current Adaptive Cruise Control (500 €) [20]. 

Aware that in the majority of the autonomous systems, the 
machine-vision system is working together with other sensors, 
added to its low cost, this work uses a monocular vision-based 
sensor. Because it uses simple techniques and fast algorithms, 
the system is capable to achieve a good performance, where 
the compromise between processing time and images 
acquisition is fundamental. 

V. REAL-TIME DYNAMIC POWER MANAGEMENT 

A. Related Work  

Autonomous robots can perform desired tasks in 
unstructured environments without continuous human 
guidance. These systems have some degree of self-sufficiency. 
Self-configuring, self-optimizing and self-protecting are still 
an open question. For advances in the energy autonomy, robots 
will need to extract energy from the environment. In many 
ways robots will face the same problems as animals [9]. 

In this way, a system must therefore have knowledge of its 
available resources as well as its components, their desired 
performance characteristics and their current status. Dynamic 
Power Management (DPM) is a design methodology for 
dynamically reconfiguring systems to provide the requested 
services and performance levels with a minimum number of 
active components or a minimum load on such components. It 
encompasses a set of techniques that achieves energy-efficient 
computation by selectively turning off (or reducing the 
performance of) system components when they are idle (or 
partially unexploited) [21]. An autonomous robot planning 
tasks must be aware of power resources available [9].  
Moreover, most electronic circuits and system designs are 
confronted with the problem of delivering high performance 
with a limited consumption of electric power, and for 
achieving highly energy-efficient computation is a major 
challenge in electronic design [21].  In this context, a DPM 
and Real-Time Scheduling techniques were presented in [22]. 
They were applied to reduce the power consumption of mobile 
robots. The DPM dynamically adjusts power states of 
components adaptive to the task’s need, reducing the power 
consumption without compromising system performance. 

Finally, a case study of mobile robot’s energy consumption 
and conservation showed that motion accounts for less than 
50% of the total power consumption [22]. This implies that 
other power consumers like computation have a big impact on 
power consumption [9]. These values were estimated by 
dividing the battery capacity by the time the computer can run 
with a fully charged battery when running different programs 
[22]. 
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B. Logical Dynamic Optimization 

This section presents a logical dynamic optimization 
methodology. Based on the PCC variation and by exploiting 
the temporal coherence between consecutive frames, it is 
proposed a new environment observer method. This 
monocular-vision system observes if there are no significant 
changes in the environment, permitting that some logical 
components may be shut down to save processor energy 
consumption, and/or to make the CPU available for running 
concurrent processes. 

 

 
Fig. 2 – (a): The frames of the desert video [23]; (b) From a reference frame, 
its correlation with all others; Blue line: the Pearson’s correlation in (1); The 
vertical black line: maximum point before collision; The vertical red line: 
Empirical Risk-of-Collision. 

 

 
Fig. 3 – Desert video [23]: (a) Green line: empirical PCC threshold equal to 
0.85; Above of the green line it presents the discarded images; Red points: 
reference frames; (b) Red line: discarding rate; Blue line: vehicle speed; 
Green line: hypothetical image processing time (15ms). 

 

A robot can have many periodic tasks, such as motor and 
sensor control, sensing data reading, motion planning, and data 
processing. It may also have some aperiodic tasks, such as 
obstacle avoidance and communication. Moreover, for mobile 
robots, the tasks’ deadlines are different at different traveling 
speeds. At a higher speed, the periodic tasks have shorter 
periods [22].  

The Fig. 2 (a) shows an autonomous displacement through 
the Mojave Desert [23], where the robot Stanley has used an 
average speed of 30.7 km/h [24]. In Fig. 2 (b), due to PCC 
nature, taking a reference frame, in this case, the first frame of 
the Fig. 2 (a), a lower value of correlation is achieved when it 
is closer to the vehicle. That is, when the derivative 
approaches its maximum point, there is the obstacle detection. 

The Fig. 3 (a) shows the same case from a different 
representation. From an empirical PCC threshold equal to 0.85 
(green line), the reference frames (red points) are closer when 
it is near to an obstacle. Above of the green line all discarded 

images. 
Whereas the main problem that has to be faced when real-

time imaging is concerned and which is intrinsic to the 
processing of images is the large amount of data [7], and as 
was presented in [15], the accumulated time of an image 
processing time (15ms) versus the gain obtained by using the 
discarding criteria could allow significant savings in CPU 
power consumption. In this case, the discarding rate remained 
over 80%. 

VI. AUTOMATIC REGIONS-OF-INTEREST SELECTION BASED ON 

PCC (ROI SELECTION) 

According to the Pearson’s correlation, in a certain analysis 
window (pair of frames), if the obstacle/object occupies a big 
portion of the scene, the PCC threshold tends to be low. 
Conversely, if obstacle/object occupies a small portion of the 
frame, it means that it is away from the vehicle and the system 
will have time enough to react. However, in real-time obstacle 
avoidance, for example, where are these interest points/pixels? 
Or, in a sequence analyzed, which pixels of the pair of images 
contributed most to the Pearson’s coefficient computed? 
Which of them really need to be reprocessed? 

Right after the Pearson’s correlation in (1), it has xm and ym, 
respectively: the mean intensities of images 1 and 2. From 
these values, it begins again the process’s correlation: 
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where
ix is the intensity of the thi pixel in image 1, 

iy is the 

intensity of the thi pixel in image 2, Xmr1 and Ymr1 were obtained 

in (1): i.e.: 
mx and 

my .  
 

For each pair of pixels analyzed in (2), the only possible 
result is: [-1 or +1]. That is, all pixels with intensities below 
these means will be candidates for interest points (ROI). Fig. 4 
(c), (g) and (k) present this process, where the red pixels 
(interest points) represent 12 −=r . 

Taking as base an image resolution equal to image 96x72, 
by processing only when 12 −=r , in desert video were 

processed about 205 thousand points, instead of 3.7 million 
points. In off-road context were processed about 10 million 
points, instead of 48 million points [17], [25]. 

VII. COLLISION RISK ESTIMATION 

A. Related work 

In the obstacle avoidance context, the collision warning 
algorithms typically issue a warning when the current range to 
an object is less than the critical warning distance, where the 
safety can be measured in terms of the minimum time-to-
collision (TTC) [26]. To calculate the TTC several techniques 
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are presented in the literature [27], [28]. Measuring distances 
is a non-native task for a monocular camera system [27]. 
However, TTC estimation is an approach to visual collision 
detection from an image sequence. 

Optical flow may be used to TTC [29], [30]. However, the 
calculation of TTC from an optical flow has proven 
impractical for real applications in dynamic environment [28]. 
Additionally, gradient-based methods can be used with a 
certain degree of confidence in environments such as indoors 
were the lighting conditions can be controlled. It is 
computationally expensive [31]. On the other hand, Inverse 
Perspective Mapping allows to transforms a front facing image 
to a top down bird’s eye view [32]. However, those equations 
have parameters that depend on the camera’s position and its 
viewing angle [33]. 

In this way, we have presented a novel approach to obtain 
Collision Risk Estimation (CRE) based on PCC from a 
monocular camera [16]. 

 

 
Fig. 4 – (a), (b), (e), (f), (i) and (j) are the frames of the desert video [23]; (c), 
(g) and (k) are the interest points from the process’s correlation in (2); (d), (h) 
and (l) are the ITA results [17]. 

B. Collision Risk Estimation (CRE) 

By exploiting the temporal coherence between consecutive 
frames, this section presents an algorithm which estimates the 
CRE in dynamic and unknown environments.  

The Fig. 4 (a) shows an autonomous displacement through 
the Mojave Desert [23], where the robot Stanley has used an 
average speed of 30.7 km/h [24]. In Fig. 2 (b), taking a 
reference frame, i.e. the first frame of the Fig. 4 (a), a lower 
value of correlation is achieved when it is closer to the vehicle, 
Fig. 2 (b): black line. That is, when the derivative approaches 

its maximum point, there is the obstacle detection. Fig. 2 (b): 
red line presents an Empirical Risk-of-Collision, 6.01−=cR .  

Taking into account
cR , the CRE is estimate in (3): 

( )11 r

R
CRE c

s
−

=           (3) 

where 1 (one) represents the reference frame and 1r  was 

obtained in (1) and 6.01−=cR . 

C. Obstacle Direction: Interactive Thresholding Algorithm  

From the interest points known in Section VI, this section 
presents the Interactive Thresholding Algorithm (ITA) [17] 
that reclassifies the background and foreground pixels based 
on Otsu Thresholding Method [34]. 

Taking as base an image resolution equal to image 96x72, 
the ITA process will be performed N-times until the result is 
invariably, or until the red points (foreground) are less than 
100. For example, Fig. 4 (d), (h) and (l) present the final result 
of this process, where the green points were eliminated in the 
last iteration. Finally, the blue line indicates the object 
direction based on the center of area of the red points. 

 

D. Collision Risk Estimation: Case Study 

The Table I presents the CRE from the Fig. 4: 
 Frames column: it represents the pairs of frames [1–30], 

[300–330] and [400–430], respectively: Fig. 4: [(a), 

(b)], [(e), (f)] and [(i), (j)].  
  (1-

1r ) column: the Pearson’s correlation obtained in (1).  

 Variation in the Range column: the PCC variation 
between the first and last frames analyzed. 

 CRE Second column: it estimates in (3). 
 Distance Meters column: it presents an estimate in meters 

from the average speed of 30.7 Km/h [24]. 

VIII. EXPERIMENTAL RESULTS 

Besides the experimental DARPA test-banks [23], the 
results here were obtained using an experimental vehicle (Fig. 
19) on real, dynamic and unknown environments. It was tested 
on a 2.5GHz Intel Core 2 Quad processor, 3.48 GB RAM, 
Microsoft Windows XP Professional SP3, Visual Studio C++ 
and OpenCV 2.1.0. In order to reduce the number of data, it 
also includes the resolution reduction of image (to 96x72). 
Following the same structure presented earlier: 

 Subsection A: Real-Time Dynamic Power Management; 
 Subsection B: Automatic Regions-Of-Interest Selection; 
 Subsection C: Collision Risk Estimation. 

 

TABLE I 
RELATIONSHIP BETWEEN FRAMES OF THE FIG. 4 

AND COLLISION RISK ESTIMATION (CRE) 
STANLEY AVERAGE SPEED: 30.7 KM/H [24] 

 
Frames 

 
(1-

1r ) 
Variation 

in the 
Range 

Risk of 
Collision 

CRE in 
Seconds 

Distance 
in Meters 

1–30 (1-0.968) 0.032 (
cR / 0.032) 12.43s 106m 

300–330 (1-0.907) 0.093 (
cR  / 0.093) 4.31s 36.75m 

400–430 (1-0.800) 0.200 (
cR  / 0.200) 2.00s 17.08m 
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A. Section V: Real-Time Dynamic Power Management 

The Figures 15 and 16 show the performance of this method 
in real, dynamic and unknown environments. For all these 
cases, the discarding rate remains over 65%. Fig. 16 (a) 
presents the computational mean time of a horizon finding 
algorithm [35] in unknown and urban environment. In this 
way, from an empirical PCC threshold equal to 0.85, the red 
line shows that the computational mean time was 5.09 ms, 
against 15.62 ms without the discarding criteria. In Fig. 17 (b), 
above the green line, it presents the discarded images. A video 
showing the application of this method is available in [36]. 
 

 
Fig. 15 – Real environment: Heudiasyc Laboratory in France, 2010: (a) In 
blue: the cumulative impact computations (ms); In red: the cumulative 
computations (ms) by using the discarding criteria. (b) In blue: the number of 
frames; In red: the number of discarded frames by using the discarding 
criteria. (c) In blue: discarding rate; In red: the percentage of interest pixels; 
In green: The vehicle speed; In the analysis window, represented by two black 
vertical lines, the performance evaluation of the discarding criteria in 
acceleration from 37 Km/h to 86 Km/h; (d) Green line: computational time. 
 

 
Fig. 16 – Real environment: Heudiasyc Laboratory in France, 2005: The 
computational mean time of a horizon finding algorithm [35] in unknown and 
urban environment; (a) The red line:  the computational mean time was 5.09 
ms with the discarding criteria; (a) The blue line: the computational mean 
time was 15.62 ms without the discarding criteria; (b) The green line: an 
empirical PCC threshold equal to 0.85; (b) In blue: DPM performance based 
on discarding criteria: above the green line, it presents all discarded images. 

B. Section VI: Automatic Regions-of-Interest Selection 

As has been shown in Section VI, at first stage of testing, in 
order to evaluate the proposed algorithm performance, it was 
used an urban and real experimental test-bank obtained using 
the vehicle shown in Fig. 19. Results for different types of 
image texture (road surfaces) were selected and its results are 
presented in [25]. For obstacle avoidance task, the Fig. 17 
presents results at high speed on real-time conditions. A video 
showing the application of this method is available in [37]. 

C. Section VII: Collision Risk Estimation 

Fig. 18 and Table II present the performance of the 
Collision Risk Estimation (CRE) in dynamic and unknown 
environment. These results were obtained in real conditions 
using the vehicle shown in Fig. 19. 

Since in real conditions this monocular-vision system has 
been designed to investigate only a small portion of the road 
ahead of the vehicle, where the absence of other vehicles has 
been assumed [11], the Fig 18.a-(*a) presents the fix analysis 
region (yellow line). As shown in [16], the computational 
mean time of the CRE process was equal to 7.8 ms. A video 
showing the application of this method is available in [38]. 

 

 
Fig. 17 – Real environment: Heudiasyc Laboratory in France, 2010: After the 
horizon finding algorithm performance [35], red line: (a) Speed 97.01 Km/h, 
the interest pixels represent 5% of the image; (b): Speed: 100.2 Km/h, the 
interest pixels represent 2% of the image. 
 

 
Fig. 18 – The results in real conditions: *(a): the reference frame after the 
region-merging algorithm presented in [16]; *(b) ITA results [17]; *(c) 
Obstacle direction based on the center of area of the red points. 
 

 

IX. CONCLUSION 

This work presents a simple solution to improve the 
performance of a real-time perception system. The 
experiments showed that the inclusion of an automatic image 
discarding method based on PCC did result in a reduction of 
the processing time. This technique is also presented as an 
environment observer method (DPM) and futures work will 

TABLE II 
RELATIONSHIP BETWEEN FRAMES OF THE FIG. 18 

AND COLLISION RISK ESTIMATION (CRE) 

Frames (1-
1r ) 

Variation 
in the 
Range 

Risk of 
Collision 

CRE in 
Seconds 

Distance 
in 

Meters 

(a) 1001 (1-0.8315) 0.1685 (
cR / 0.1685) 2.37s 7.23m 

(b) 1024 (1-0.5584) 0.4416 (
cR / 0.4416) 0.90s 2.53m 

(c) 1139 (1-0.5411) 0.4589 (
cR / 0.4589) 0.87s 4.49m 

(d) 4654 (1-0.7394) 0.2606 (
cR / 0.2606) 1.53s 8.53m 
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provide a real experimental test-bank to evaluate the real 
energy consumption economy in terms of electrical current 
used by the visual machine. Following, instead of processing 
all image pixels, an extension of the DPM that selects 
automatically only the ROI was proposed in order to perform 
an obstacle avoidance task in real time. Finally, a real-time 
algorithm which allows to calculate the risk of collision. In 
order to validate this proposal, futures work would be focused 
to provide ground truth measurements from a front mounted 
radar and/or LIDAR system. A remarkable characteristic of all 
methodologies presented here is its independence of the image 
acquiring system and of the robot itself. The same 
implementation can be uses in different mobile robots and may 
be extended to other sensors. 

 

 
Fig. 19 – The experimental vehicle at Heudiasyc Laboratory in France. 
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Abstract— This paper proposes a multi-joint-gripper that 
achieves envelope grasping of unknown shape objects. Proposed 
mechanism is based on a chain of Planetary Gear Systems (PGS) 
controlled by only one motor. It also has a Variable Stiffness 
Mechanism (VSM) that controls joint stiffness to relieve 
interfering effects suffered from external or internal force/torque 
and to achieve a dexterous grasping. The experiments elucidate 
that the developed gripper achieves envelop grasping; the posture 
of the gripper automatically fits the shape of the object with no 
sensory feedback. And they also show that the VSM effectively 
works to relieve external interfering. This paper shows the detail 
of the mechanism and the experiments of its motion. 

Keywords—Envelope Grasping; Multi-Joint-Gripper; Variable-
Stiffness 

I.  INTRODUCTION  
The fatal disaster of the Fukushima nuclear plant being 

brought about by the earthquake and subsequently assaulting 
tsunami on March 11 in 2011 revealed the disability for the 
current robot technology to work around when it faced with 
such disastrous environments. The disaster also prompts to 
develop a new type of autonomous robot that should have 
tough and effective hand or gripper. The forthcoming robots 
used in an ultimate environment should satisfy the following 
requirements. 
Back-drivability (BD):  End-effectors always interact with 

external environment, of which effect should not be expected 
to be predictable. This fact requires the end-effecter to have 
some “resiliency” to external interaction, which is interpreted 
as “back-drivability” of the joints in the technical point of 
view.  
Inherently safe design (ISD): This property is much related 

to the BD in the sense that the end-effecter is never harmful to 
external environment (especially to human). In addition to the 
BD, ISD requires some items as follows. 
(a) Any electric/electronic devices or sensors should not be 

equipped on the portions that directly contact with external 
objects. Since the robots have to cope with expected severe 
environments, such as electromagnetic or radio-active fields. 

(b) According to (a) the controller cannot much rely on the 
feedback from sensors such as tactile or pressure sensors. 

 ISD does not completely deny using sensory feedback, 
which might be helpful to accomplish some dexterous and 
precise motion of the end-effector if a measure against radio 
active noise is satisfactory. Therefore ISD requires that some 
primitive motions of the end-effecter should be provided 

without sensory feedback, in other words, mechanically, but it 
allows using the sensory feedback as subsidiary measures. 
Simple Control (SC):  The control should be as simple as 

possible. This requirement will be achieved along with 
pursuing the above BD and ISD requirements. BD will reduce 
the control burden to determine the end-effector’s motion when 
they interact with external objects. ISD also provides a simple 
control that does not much rely on the sensory feedback. 
But most of all, the SC requirement prompts us to reduce the 
end-effector’s DOF as far as possible. 
   In this paper, we propose a multi-joint gripper that achieves 
envelope grasping for unknown-shape object under fulfilling 
the BD, ISD and SC requirements described above.  
 
The pioneering work in this field will be the “soft gripper” 
developed by Hirose and Umetani[1].  Since then the wire 
driven series of joint became the most typical mechanical 
architecture that has been followed by a lot of subsequent 
studies[2-6]. The mechanisms proposed in these studies will 
satisfy the BD, ISD and SC requirements or a part of them, but 
the most crucial problem of these studies resides in using much 
number of wires for driving series of joints, which gives rise to 
the following troubles on actual assembling and controlling. 
(a)  Elasticity of the wire combined with the friction with 
pulleys sometimes causes unpredictable vibratory behavior of 
the gripper. 
(b)  There exists singular posture of the gripper, especially of 
those having much number of serial joints. 
(c) Binding wires with appropriate tension is much 
cumbersome than one imagines and the tension is temperature 
dependent. 
So this paper proposes a novel mechanism without using wire 

and pulley on its power transmission parts. It consists of a train 
of planetary gear system, of which fundamental function is the 
same as those of author’s another study [7]. We also propose a 
mechanism of adjusting stiffness of joints, which allows the 
gripper to vary the joint stiffness according to interactive 
conditions with grasping objects. 

This paper is organized as follow. In the following section it 
shows a mechanism of the proposed gripper using planetary 
gear system, the principle of its motion and shape-fitting 
property to show it having the back-drivability.  In the third 
section it shows the variable stiffness mechanism. The forth 
section is devoted to show the development of the machine 
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and its motion testing. The last section is devoted to some 
conclusive remarks.  

II. ONE DOF DRIVE MECHANISM 

A. Active/Passive amalgamation using planetary gears chain 
We consider a planar multi-joint gripper of which driving 

torque is generated by only one motor and is transmitted to a 
distal end of the gripper via serially connected rotary joints.  
Fig.1 shows the outline of the driving mechanism of the 
proposed gripper. The planetary gear system (PGS) [Fig.1(a)] 
takes a crucial role for it, which is used as a “two inputs one 
output transmitter”. The rotation of the motor located at the 
proximal base is transmitted to the sun gear (SG) of the PGS 
that is located at the first joint by a timing belt. The carrier’s 
rotation is transmitted to the SG at the subsequent PGS by the 
timing belt. The link rotates together with the corresponding 
inner gear (IG). The carrier’s rotation is suppressed by the 
spring that is depicted as a simple tension spring in Fig.1(b) to 
explain the role on the fundamental motion of the gripper, but 
of which tension is controlled in the variable stiffness 
mechanism explained in the next section. 

The mechanism, therefore, allows an amalgamation of the 
two inputs; one is an active torque input into the SG and the 
other is a passive torque input into the carrier with the spring. 
The beneficial points of this mechanism are as follows: 

(a) Each joint is uncoupled with respect to torque 
transmission. By contrast, some mechanisms proposed in the 
past studies are coupled because all of the joints are remotely 
controlled from the base by using elongated wires[1][2] , which 
will sometimes cause the gripper to take irreversible singular  
postures. 

(b) It is recognized that elasticity of the system is 
concentrated on the springs, although the elasticity of timing 
belts exist but can be negligible. Moreover, the passive torque 
due to springs and the active torque due to the motor are 
separated. These facts make kinetic and dynamic analysis of 
the system very simple. 

B. Synergic rotation of all joints 
Fig.2(a) explains the motion of the gripper when it suffers 

from no external interaction. The i’th SG’s clockwise rotation 
induces the i’th IG’s and the i’th link’s anticlockwise rotation, 
since the i’th carrier is suspended of its rotation by the spring.  
But the (i+1)’th SG’s rotation happens because the timing belt 
is also rotated together with the i’th link. The rotation angle of 
the (i+1)’th SG is determined by the ratio between the 
diameter of the pulley attached at the (i+1)’th SG and those of 
the i’th carrier.  So that the relative rotation of the (i+1)’th IG   
with respect to the i’th unit is also induced. As a result 
synergic rotation of all joints with one DOF is achieved. The 
relative angle of the i’th joint i   is determined as, 

CiSii I
IS

I
S

                       
 (1)

 
where Si and Ci  is rotation angles of the i’th SG and the i’th 
carrier respectively, “S” and “I ” are the teeth numbers of the 

(a) Planetary Gear System (PGS) 

(b) Serial chain of PGS  
Fig.1 Drive mechanism 

(a) Flexing motion under no object interaction 

(b) Motion transmission when object’s contact 
Fig.2 Mechanism of envelope grasping 

i’th PGS 
i’th link 

(i+1)’th PGS 

(i+1)’th link 
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SG and the carrier respectively.  Therefore, if 0Ci , i  is 
almost determined by Si  and  since typically / 1/ 3S I ,  

i takes speed-reduction with respect to the Si about 1/3. If 

i becomes zero due to the contact of the object, Ci is 

determined by / ( )Ci SiS S I  and this is transmitted to 
the next unit. 

C. Envelope grasping 
Fig.2(b) describes how the gripper behaves when the i’th 

link is hampered its flexing motion by a grasping object. It 
also prevents the i’th IG’s rotation. In this state the further 
clockwise rotation of the i’th SG induces the clockwise 
rotation of the i’th carrier with expanding the spring, which is 
transmitted to the (i+1)’th SG to bring about further rotation of 
the (i+1)’th IG and the (i+1)’th link to wrap the object. As a 
result an envelope grasping is achieved as a continual motion 
of the gripper’s synergic flexion with no additional switching 
operation. The rotation angles of the i’th SG Si is determined 
by the (i-1)’th joit and the carrier’s angles as, 

)~2()( 11 ni
P
P

iCi
S

C
Si

           
 (2) 

with, CP  and SP ; the teeth numbers of the pulleys attached 
to carrier and SG respectively.  

III. VARIABLE STIFFNESS MECHANISM (VSM) 
The soft gripper‘s motion is affected by external force or 

torque including its own weight, inertia forces or another 
coupling force or torque. Therefore relatively high-stiffness is 
desirable under no contact with objects to assure almost 
precise synergic flexion. Once the gripper contacts an object 
and starts the envelope grasping, it should adjust its stiffness 
according to the object’s elasticity. So we developed the 
variable stiffness mechanism (VSM) and employed it into the 
gripper. 

A. VSM 
Fig.3 shows the VSM parts and Fig.4 is an appearance of 

assembling the VSM into the gripper. The rotation of the 
carrier pulls the wire that compresses the spring that is 
identical to the one symbolically depicted in Fig.1 and Fig.2. 
The cylinder that houses the spring to sustain its compressing 
motion is rotated by another motor to slide the trapezoid screw, 
which compress the spring to give it a pre-tension. The motor 
for the VSM is located at the base and the torque is transmitted 
to all of the VSMs via the gear train as shown in Fig.3. Two 
wires are used to pull the piston as shown in Fig.5. This is 
because that pulling by only one wire causes a torque zero 
state around  C  nearly/equal zero. On the other hand, by 
assigning two wires, a signum change of the carrier torque 
promptly occurs with a slight rotation of the carrier. Because 
the slight rotation of C  brings about one wire’s stretching and 
the other wire’s loosening. So it assures pre-determined torque 

of the carrier, of which value can be adjusted by the location 
of the trapezoid screw ( “L” in Fig.5). 

IV. TEST MACHINES 
 We developed two test machines as shown in Fig.6. Test 

machine 1 (TM1) is simplified one without the VSM 
(Fig.6(a)). Both machines have five joints. The structure of the 
TM1 is depicted in Fig.7. Torsion springs are used for the 
spring that suppresses the carrier’s rotation. The carrier’s 
rotation is transmitted by two wires as same as the one shown 
in Fig.5 and the axis of the torsion spring is rotated  always in 

Fig.3 Structure of the experimental machine 

 

(a) Constraint torque            (b) Motion of spring 
Fig.5 Principle of variable stiffness mechanism 

C

Fig.4 Structure of the variable stiffness mechanism 
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(a) The case of locating the object nearby the base 

(b) The case of locating the object nearby the tip 

Fig.8 Envelope grasping of the paper cup (the test machine 1) 

right screw direction regardless of the rotary direction of the 
carrier. The test machine 2 (TM2) is a full model employing 
the VSM (Fig.6(b)). Therefore the TM2 has 2 motors, one is 
for the active driving of all joints and the other is for driving 
the VSM.  Table 1 shows some specifications of motor, gears 
and pulleys used in the TM1 and TM2. 

 
 

A. Envelope grasping 
Fig.8 shows the experiment of the envelope grasping using 

the TM1 with two different allocation of the grasping object. 
As can be seen, the TM1 can achieve the envelope grasping 
even the object is allocated nearby the gripper’s tip by pulling 
it to the place nearby the base. 

Fig.9 shows the allocation points of the grasping object 
(paper cup) with which the gripper succeeded or did not 
succeed the envelope grasping. As shown the gripper can 
cover a wide range of area within the locus of the finger tip.  
Since the gripper can flex in the left and right hand sides 
(Fig.8 shows the right hand side flexion), the successful area 
will be expanded in both sides. 

Fig.10 shows the envelope grasping of the TM1 with 
various shape objects. We observed that the TM2 achieved the 

 Test machine 1 Test machine 2 

Spring rate 19.51 8.5/8[Nmm/rad] 
8.5/8:PulleyRadius Ratio 3.83[N/mm] 

Radius of wire 
Pulling pulley [mm]  4.5 

S : z (Sun Gear)  40 40 
I : z (Inner Gear) 80 80 
Pc : z (Carrier Pulley) 42 42 
Ps : z (Sun Pulley) 21 21 
Length between the 
axis [mm] 54 54 

Actuator 
Maxon EC22 
Blushless 50W,  
Gear head 370:1 

Maxon EC22 
Blushless 50W 2 
Gear head 370:1 

          (a) Test machine 1 

          (b) Test machine 2 
          Fig.6 Appearance of the test machines 

Fig.7 Structure of the test machine 1 

Table 1 Design parameter of the experimental machine 
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identical envelope grasping. It is noteworthy that all of the 
motions are achieved by the identical constant velocity 
driving of the motor with no sensory feedback. 

B. Effect of the VSM 
The effect of the VSM employed in the TM2 is evaluated 

by the following experiments. The TM2 takes flexing motion, 
of which the first and the last postures are shown in Fig.11. 
Two typical pre-determined torque of the carrier are tested. 
Fig.12 shows the time course of the every carriers’ angle 
when the SG of the first joint rotates 46 deg by the PD 
controller as shown in the figure. To change the pre-
determined torque of the carrier, the location of the 
trapezoidal screw in the VSM (“L” in Fig.5) is set as 2.25 
mm and 6 mm. All of the carriers rotate at the onset of 
motion mainly because of the inertia force and torque. This 
carrier rotation should be vanished as the time elapses, but we 
observe some non-vanished deviation in the case of low pre-
determined carrier torque (Fig.12(a)). This is mainly due to 
the friction of the mechanism. On the other hand, high pre-
determined torque of the carrier assures the prompt 
recovering of the carriers’ angle to be zero (Fig.12(b)).  

Fig.13 is the time course of the every joint angle in the 
same experiment as shown in Fig.12. All of the joint angle 
should converge to -40 deg, however the low pre-determined 
torque of the carrier does not assure to converge to the 
desired angle (Fig.13(a)), which is also due to friction torque. 
On the other hand, setting the pre-determined torque high 
allows favorable convergence as shown in Fig.13(b).  

V. CONCLUSIONS

A novel mechanism of the multi-joint gripper is proposed 
and the test machines were developed. The planetary gear 
system train takes the most important role in the mechanism. 
It allows the active/passive torque amalgamation with no 
torque coupling between the joints. The experiments of the 
test machines elucidated the proposed mechanism achieves 
one DOF synergic flexion and envelope grasping of various 
shape objects. The variable stiffness mechanism is also 
proposed and implemented into the test machine. The 
experiments showed the VSM effectively improves the 
motion of the gripper. It can be concluded the proposed 
gripper satisfies the BD, ISC and SC requirements that are 
defined in the introduction.   

 
 
 
 
 
 
 
 
 
 
 
 
 
 Fig.11 Initial and final postures of the TM2 motion 

     Fig.10 Envelope grasping of various shape objects 

Fig.9 Object placing points where the gripper successfully 
or unsuccessfully takes envelope grasping 

Black dot: successful point, Gray and Cross dot: unsuccessful point 

Locus of finger tip 

Proceedings of the 13th International Conference on Mobile Robots and Competitions 
April 24, 2013. Lisbon, Portugal

© 2013 IEEE 

Robotica 2013 was organized under the IEEE Robotics & Automation Society Technical Co-Sponsorship 
978-989-97531-2-9

24



References
 
 [1]  S. Hirose and Y. Umetani, “ The Development of Soft Gripper for the 

Versatile Robot Hand,” Mechanism and Machine Theory, Pergamon 
Press ,13, pp.351-359 (1978) 

[2]   S. Hirose and S. Ma, ”Coupled tendon-driven multijoint manipulator,” 
IEEE Intern. Conf.on Robotics and Automation, pp. 1268-1275, 1991. 

[3]  S. Hirose, “Biologically Inspired Robots (Snake-like Locomotor and 
Manipulator), “ Oxford University Press  ,  1993. 

[4]  N. Dechev. W. L. Clegjhorn and S. Naumann, “Multiple Finger, Passive 
Adaptive Grasp Prosthesis Hand,” Mechanism Machine Theory, Vol.36, 
No.10, pp.1157-1173, 2001. 

[5] B. Massa, S. Roccella, M. C. Carrozza and P. Dario, “Design and 
Development of an Underactuated Prosthetic Hand,” Proc. Of the 2002 
IEEE Intern., Conf. on Robotics & Autom., pp.3374-3379, 2002. 

 [6]  M. Wassink, R. Carloni and S. Stramigioli, “Port-Hamiltonian Analysis 
of a Novel Robotic Finger Concept for Minimal Actuation Variable 
Impedance Grasping,”  IEEE Intern. Conf. on Robotics and Automation, pp. 
771-776, 2010. 

[7] Koganezawa, K. and Y. Ishizuka, Novel Mechanism of Artificial Finger 
using Double Planetary Gear System, Proc. of the  IEEE/RSJ Intern. Conf. 
on Intelligent Robots and Systems, pp. 3184-3191,  2008. 

[sec] 

 [deg] 
1SCarrier angle [deg] 

[sec] 

(b) Carrier angle (L=6 mm) 

Fig.12 Carrier angle trajectory when driving the 
gripper with different pretention of the VSM 
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Fig.13 Joint angle when driving the gripper with 
different pretention of the VSM
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Abstract — The development of an intelligent wheelchair (IW) 
platform that may be easily adapted to any commercial 
wheelchair and aid any person with special mobility needs is the 
main objective of this project. To be able to achieve this main 
objective, three distinct control methods were implemented in the 
IW: manual, shared and automatic. Several manual, shared and 
automatic control algorithms were developed for this task. This 
paper presents three of the most significant of those algorithms 
with emphasis on the shared control method. Experiments were 
performed, using a realistic simulator, with real users suffering 
from cerebral palsy in order to validate the approach. These 
experiments enabled to conclude which were the best shared 
control methods to implement on the IW. The experiments also 
revealed the importance of using shared (aided) controls for 
users with severe disabilities. The patients still felt having 
complete control over the wheelchair movement when using a 
shared control at a 50% level and thus this control type was very 
well accepted and should be used in intelligent wheelchairs since 
it is able to correct the direction in case of involuntary 
movements of the user but still gives him a sense of complete 
control over the IW movement.

Keywords—intelligent wheelchair; automatic control; shared 
control; manual control; cerebral palsy  

I. INTRODUCTION

Scientific research allowed the evolution and development 
of many technologies that are nowadays used in everyday life. 
In particular, innovations in the field of assistive technologies 
enabled increased autonomy and independence for human 
beings that, for some reason, have some kind of disability. 
Intelligent wheelchairs are an obvious application of the 
scientific work developed in the last decades on this area. 
Moreover, these assistive technologies still are object of 
research and the interaction between them and the user it is still 
an open research problem. The interaction between the Human 
and the IW is an important component to take in consideration. 

The users’ opinions should also be integrated in the 
development process of the instruments which are to serve and 
fulfill a human necessity. An electric wheelchair is typically 
driven by two individually powered wheels which rotate 
around a horizontal axis, and another two non-powered caster 
wheels, which besides rotating around a horizontal axis, also 
have the ability to rotate around a vertical axis [1]. The 
mapping of joystick positions to individual wheel speeds can 
be performed in many ways and it is this mapping that will 
determine the manual control behavior. For that reason, several 
of these mappings were implemented tested with real users in a 
simulated environment and based on the users’ feedback some 
interesting conclusions about mappings were achieved [1].
Nevertheless, an IW can also have a completely high level 
manner of control, for example an action such as “go to 
bedroom” can be performed autonomously by the IW. In 
shared control, the navigation process is divided between 
patient and machine. In this case, it is the machine which takes 
control when the navigation of the patient endangers its own 
safety, in situations such as potential collisions with objects [2].

This paper is organized in 5 sections. The first section is 
composed by this introduction. The second section reports the 
related work about Intelligent Wheelchairs including a briefly 
description about the IntellWheels project. The 
implementations of the proposed methods for manual, shared 
and automatic control are described in third section. Next, the 
experimental work and results are presented. Finally some 
conclusions and directions for future work conclude the paper.  

II. INTELLIGENT WHEELCHAIRS

In the last years several prototypes of IW have been 
developed and many scientific works have been published [3-
5] in this area. Next it is presented the state of art related to 
intelligent wheelchairs with special attention to the work 
developed in the IntellWheels project.  

Proceedings of the 13th International Conference on Mobile Robots and Competitions 
April 24, 2013. Lisbon, Portugal

© 2013 IEEE 

Robotica 2013 was organized under the IEEE Robotics & Automation Society Technical Co-Sponsorship 
978-989-97531-2-9

26



A. Intelligent Wheelchairs’ Developments 
Nowadays, science allows having intelligent wheelchairs, 

very similar in shape to traditional wheelchairs, with high 
maneuverability and navigational intelligence, with units that 
can be attached and/or removed and with high power 
independence [5]. A simple definition of Intelligent Wheelchair 
is a locomotion device used to assist a user having some kind 
of physical disability, where an artificial control system 
augments or replaces the user control [6-7]. The main objective 
is to reduce or eliminate the user's task of having to drive a 
motorized wheelchair. Usually, an IW is controlled by a 
computer, has a set of sensors and applies techniques derived 
from mobile robotics research in order to process the sensor 
information and generate the motors commands in an 
automatically way or with a shared control. The interface may 
consist of a conventional wheelchair joystick, voice based 
control, facial expressions or even gaze control, among others. 
The developments since 1986 with the Madarasz project [8] 
evolved all over the world. Several new projects were 
presented. Table I presents a list of some IW prototypes and 
describes some of their characteristics.  

TABLE I. INTELLIGENT WHEELCHAIRS’ PROJECTS

Madarasz

Project of an autonomous 
wheelchair presented in 
1986. Wheelchair with a 
micro-computer, a digital 
camera and an ultra-sound 
scanner.

Omnidireccional IW

Hoyer and Holper [9] 
presented in 1993 an 
omnidirectional IW.

Two legs’ IW

In 1994 Wellman [10] 
presented a hybrid 
wheelchair which was 
equipped with two extra 
legs.

NavChair

The NavChair [11] was 
presented in 1996. It is 
equipped with 12 
ultrasonic sensors and an 
on-board computer.

Tin Man I

Tin Man I [12] at 1995 

Tin Man II

Tin Man II [13] at 1998 

presented three operation 
modes: individual 
conducting a wheelchair 
with automatic obstacles 
deviation; moving 
throughout a track; 
moving to a point.

presented more advanced 
characteristics: store 
travel information; return 
to the starting point; 
follow walls; through 
doors; recharge battery.

FRIEND’s Project

Robot presented in 1999 
which consists of a 
motorized wheelchair and 
a MANUS manipulator
[14].

LURCH

In 2007 started the 
LURCH (Let Unleashed 
Robots Crawl the House) 
project [15] which aims at 
developing an 
autonomous wheelchair.

RoboChair

In 2009 Robochair [16] 
aims to be an open 
framework for future 
assistive applications.
Design modular and 
based in open standards 
for easy extension and 
low cost.

VAHM

In 2010 the VAHM 
project [17] presented a 
new prototype of an 
intelligent wheelchair 
with a deictic interface.

ARTY

In 2012 was published 
and presented the 
Assistive Robot Transport 
for Youngsters (ARTY)
[18]. This is an intelligent 
paediatric wheelchair.

Smart Driving Assistance

In 2012 was presented the 
results of the smart 
driving assistance from 
the University of Bremen
[19].

It is possible to observe several solutions with complex 
ergonomics, however there are also some projects that try to 
considerer the users’ opinions about the modifications to their 
wheelchairs. The project presented in the next section tries 
following the principle of introducing in a conventional 
wheelchair a simple platform that can transform it into an 
intelligent wheelchair.  

g

j

g
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B. IntellWheelsProject 
The IntellWheels project aims developing an intelligent 

wheelchair platform that may be easily adapted to any 
commercial wheelchair and aid any person with special 
mobility needs [20]. The project main focus is the research and 
design of a multi-agent platform, enabling easy integration of 
different sensors, actuators, devices for extended interaction 
with the user, navigation methods and planning techniques and 
methodologies for intelligent cooperation to solve problems 
associated with intelligent wheelchairs [21]. 

A real prototype (Fig. 1) was created by adapting a typical 
electric wheelchair. Two side bars with a total of 16 sonars, a 
laser range finder and two encoders were incorporated. 

Fig. 1. Real prototype of the IW. 

In the IntellWheels project it was also developed a 
simulator called IntellSim. The objective of this simulator is 
essentially to support the test of algorithms, analyze and test 
the modules of the platform and safely train users of the IW in 
a simulated environment [5] [22].

A multimodal interface was also developed that allows 
driving the wheelchair with several inputs such as joystick, 
head movements or more high level commands such as voice 
commands, facial expressions, and gamepad or even with a 
combination among them. For example it is possible to blink 
an eye and say “go” for the wheelchair to follow a right wall 
[23]. Therefore it is possible to drive the IW with a completely 
automatically way, with a shared or using the usual manual 
control.  

III. MANUAL, AUTOMATIC AND SHARED CONTROLS

One initial objective of the IntellWheels project was to be 
able to control the wheelchair using three distinct methods: 
manual, shared and automatic. During the course of the project 
several manual and shared algorithms have been developed, 
but their comparative evaluation had never been performed. In 
the course of this work several experiments were performed, 
experiments to provide the best manual control, shared or 
automatic control adapted for the patients. 

A. Manual Control 
The mapping of joystick positions to individual wheel 

speed can be done in an infinite number of combinations, and it 
is this mapping that will determine the response behavior to 
manual control. 

Considering that the joystick handle position is represented 
in a Cartesian coordinate system, with two axis, x and y, which 
vary between -1 and 1. These (x, y) coordinates can be used to 
determine the distance of the handle to the central (resting) 
position of the joystick (0, 0) and an angle relating to a 
reference vector (which is usually (0, 1)). The desired speed of 
the left wheel (L) or the right wheel (R) is represented by 
normalized values (between -1 and 1). With positive values the 
wheels rotate forward and with negative values the wheels 
rotate backward.  

An intuitive mapping was implemented and the equations 
for R and L are: 

nxyL
nxyR

the value nx follows the Equation: 

     

      )(

      )(

pointpoint1

point2pointpoint1

point2pointpoint1

cxcifxu
cxifucxcu

cxifucxcu
nx

where 1,0pointc ; 1,01u  and 1,02u . The tested 
values were cpoint = 0.2; u1 = 0.5 and u2 = 0.25.The first slope u1
allows a fast curve and the next slope u2 after the cut point 
(cpoint) should allow a slower curve. 

B. Automatic Control 
The developed automatic control has as main objective 

following a predefined circuit without the need of user 
intervention. The automatic control assumes full control over 
the navigation of the wheelchair and executes the navigating 
task following the circuit points without any user’s 
intervention. A predefined circuit can be specified by defining 
the relevant circuit points and the wheelchair can 
autonomously drive to the specified points.  

The main reason to create an automatic control was 
concerned with the methodology used to achieve a shared 
driving algorithm for the intelligent wheelchair. The users in 
the study performed predetermined tasks such as collecting 
objects along a circuit. This automatic control assumes the self-
localization problem solved and hence the IW always knows its 
position in the environment. Before this work, the IntellWheels 
IW was already capable of some forms of automatic control 
that did not rely on localization, such as “follow wall” or other 
high level actions like “go forward” [23]. However, it still 
missed an automatic driving algorithm based on the current 
position and orientation and the desired position and 
orientation. 
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Fig. 2 shows the idea of the algorithm implemented. If the 
IW would move directly from target to target, it would have to 
stop and turn on the spot at each target. This is a very unnatural 
way of driving the IW. In order to have a smoother path, The 
IW should consider not only the following target, but also the 
target that follows. The position of the wheelchair in the world 
referential (x, y) combined along with the position of the target 
(T) and the next target (NT) in order to determine a corrected 
target (CT) of the trajectory. 

TNT

TNTdTCT TCT ,

With the introduction of the corrected target it is possible to 
have a smoother trajectory of the wheelchair. 

Fig. 2. Automatic action of following circuit. 

The corrected target is calculated using a ramp function as 
shown in Fig. 3 and has the same direction as the target (T) to 
the next target (NT). 
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A maximum distance d[CT,T] (dmax) could be chosen, 
considering for example the surrounding obstacles, in the Fig. 
3 it has a value of 0.5 units and a has the value 0.5 and b has 
the value 1.5. 

Fig. 3. Variation of the distance of the corrected target 

The distance of the target to the corrected target is 
determined by the value of the ramp function using the distance 
of the wheelchair to the target (dT) as input. Knowing this 
distance, the position of the corrected target may be determined
by projecting the point along the next target to target line at this 
distance from the target. Using this information and the 
difference between yaw and angle α it is possible to calculate 
the direction of the joystick relatively to the corrected point (θ).

C. Shared Control 
The concept behind the shared control implemented is to 

understand the intention of the user while providing an easier 
and safer navigation. This means that, for example, if a user 
has a high level of difficulty in driving the IW but his 
intentions can be recognized, the shared control helps the 
navigation of the wheelchair. Additionally the wheelchair takes 
control when the navigation of the patient endangers its own 
safety, in situations such as potential collisions with objects. 
The computer momentarily takes control and acts on the 
wheelchair, taking into account the information from sensors 
and the commands from the user.  

A more concrete example is given in Fig. 4. If the position 
of the joystick is at a higher distance than a given threshold 
from the automatic control command then it uses the user 
command otherwise it uses a weighted average of the 
automatic control and manual control. The weights used in the 
weighted average determine the aid level that is provided to the 
user. 

Fig. 4. Aided control relatively to the user and to the automatic control. 

The implementation of the shared control also considered 
the obstacle avoidance procedure with the information of the 
sensors present in the IW. With this tool a more confident way 
of driving the IW is executed by the users with severe 
disabilities. 

IV. EXPERIMENTS AND RESULTS

The experiments using the simulator IntellSim allowed
testing the users’ ability in driving the wheelchair with several 
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input devices. After that it was possible to verify if an extra 
help should be provided to the user. It is possible to provide the 
users with the shared control with distinct aided levels. In fact, 
the experiments with the shared control aimed at testing how 
the users with cerebral palsy would react when having a control
that helps them in the task of driving wheelchair. The usability 
level was determined based on users’ feedback after testing the 
different shared controls without previously knowing the 
control characteristics: aided control at a 100%, aided control 
at a 50% and manual with obstacle avoidance. The experiments 
were conducted using the IntellSim and the order of tests with 
the shared controls was set randomly. A circuit was defined 
and several objects to be collected (passing near them) were 
put along the way. These objects (blue balls in Fig. 5)
determine the path that the wheelchair should follow. 

Fig. 5. Circuit for testing the shared controls. 

The patients tested the shared controls using the joystick as 
input device and, in different rounds, using head movements 
detected using a wiimote. After each round the patients 
answered to a questionnaire composed of four parts: user 
identification; experience with videogames and joysticks; 
questions adapted from the Computer System Usability 
Questionnaire (CSUQ) [24] for each tested option and a final 
question about the preference order of the tested options. 

The sample was a group of 8 cerebral palsy patients with 
the level IV and V of the Gross Motor Function Measure [25].
This sample is characterized by having six males and two 
females, with a mean of age of 31 years old. All had experience 
with the joystick of their electric wheelchair although the 
experience with video games was low, except in one case that 
answered always play videogames. Table II shows the 
summary of statistics measures about the final score for all the 
mapping options. The obtained results from the final score of 
the CSUQ show a tendency to consider the aided control at a 
50% the best way to drive the wheelchair with the joystick and 
the wiimote. In general, the opinions considered all options 
very useful except in the case of the head movements with 
obstacle avoidance which had the worst result. Nevertheless it 
is possible to affirm that the cerebral palsy patients would react 
favorably when having a control that helps the driving of the 
wheelchair. 

TABLE II. SUMMARY OF STATISTICAL MEASURES OF THE ADAPTED 
CSUQ SCORE

Adapted CSUQ – Final Score
Joystick Wiimote

Statistics
Aid

Cont.
100%

Aid
Cont.
50%

Obs.
Avoid.

Aid
Cont.
100%

Aid
Cont.
50%

Obs.
Avoid.

Mean 82.7 87.1 84.1 76.0 76.4 50.6
Median 88.9 99.2 88.9 84.9 91.3 41.3
Std. Dev. 21.0 22.3 19.4 24.7 33.1 30.8
Min 39.68 36.5 44.4 31.8 15.9 14.3
Max 100 100 100 100 100 96.83

In order to confirm the differences between the shared 
controls using joystick and wiimote, the Friedman test (related 
samples Friedman’s test two way analysis of variance by 
ranks) was applied to the final scores. The p values were 0.484 
and 0.004, and for that reason there are not statistical evidences 
to affirm that the distributions of the scores are significantly 
different for the joystick shared controls and there are statistical 
evidences to affirm that the distributions of the scores are 
significantly different for the wiimote (head movements) 
shared control at a level of 0.05.  

Table III shows the p values of the multiple comparisons, 
using the Fisher's least significant difference (LSD) in the case 
of the head movements shared controls. 

TABLE III. MULTIPLE COMPARISONS OF THE HEAD MOVEMENTS SHARED 
CONTROLS

Multiple Comparisons LSD 
Head movements shared controls(p values)

Aid. Control 100% Aid. Control 50%
Aided control 50% 1 --

Obstacle Avoidance 0.001 0.001
The results of the CSUQ score also confirm the tendency to 

the order of preference as can be observed in Table IV. 

TABLE IV. SUMMARY STATISTICS ABOUT THE ORDER OF PREFERENCE OF 
THE SHARED CONTROLS

Order of preference (1- Best to 6- Worst)
Joystick Wiimote

Statistics
Aid

Cont.
100%

Aid
Cont.
50%

Obst.
Avoid.

Aid
Cont.
100%

Aid
Cont.
50%

Obst.
Avoid.

Median 2 2 3 1 2 3
Min 1 1 1 1 2 1
Max 2 3 3 2 3 3
The aided control was chosen as the best way of driving the 

wheelchair in the case of using the joystick and the wiimote for 
the head movements. It was interesting to verify that all the 
patients found the experience of the aided control very
pleasant. The careful observation of the experiments executed 
by the patients was also done by the occupational therapists 
and some interesting notes are important to register. All the 
users think that they had control of the wheelchair even when 
they were using the aided control at a level of 100%, except 
one case that had involuntary movements. He found strange 
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that the wheelchair had such as smooth behavior and stopped a 
few times to check if the wheelchair corresponded to his action. 
Another situation was a case of a patient that had cognitive 
deficits; the level of motivation was very high when using the 
shared control at a level 100% and this could be identified by 
his non-verbal language. 

V. CONCLUSIONS AND FUTURE WORK

The shared control experiments revealed the importance of 
using aided controls for users with severe disabilities. The 
patients still felt having complete control over the wheelchair 
movement when using a shared control at a 50% level and thus 
this control type was very well accepted and should be used as 
the main control method for the IW prototype. Overall the 
responses were very positive to this kind of control in terms of 
usability. In this study, the shared control was only used in the 
simulated environment. However, the future evolution of the 
project will enable to have the localization issue of the real 
wheelchair solved in order to allow the aided control also in the 
real environment. 

Future work will be concerned with conducting a deeper 
study of the control methods by testing different configuration 
parameters for each control type and by testing the control 
methods with a broader sample of wheelchair users. Another 
experiment will be concerned with the use of machine learning 
algorithms to create user driving models and using them to 
create automatic control methods based on real user behavior. 
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Abstract—The design of complex dynamic motions for hu-
manoid robots is achievable only through the use of robot
kinematics. In this paper, we study the problems of forward
and inverse kinematics for the Aldebaran NAO humanoid robot
and present a complete, exact, analytical solution to both
problems, including a software library implementation for real-
time onboard execution. The forward kinematics allow NAO
developers to map any configuration of the robot from its own
joint space to the three-dimensional physical space, whereas
the inverse kinematics provide closed-form solutions to finding
joint configurations that drive the end effectors of the robot
to desired target positions in the three-dimensional physical
space. The proposed solution was made feasible through a
decomposition into five independent problems (head, two arms,
two legs), the use of the Denavit-Hartenberg method, and the
analytical solution of a non-linear system of equations. The
main advantage of the proposed inverse kinematics solution
compared to existing approaches is its accuracy, its efficiency,
and the elimination of singularities. In addition, we suggest a
generic guideline for solving the inverse kinematics problem
for other humanoid robots. The implemented, freely-available,
NAO kinematics library, which additionally offers center-of-mass
calculations, is demonstrated in two motion design tasks: basic
center-of-mass balancing and pointing to the ball.

I. INTRODUCTION

Articulated robots with multiple degrees of freedom, such

as humanoid robots, have become popular research platforms

in robotics and artificial intelligence. Our work focuses on

autonomous humanoid platforms with multiple manipulators

capable of performing complex motions, such as balancing,

walking, and kicking. These skills are required in the Standard

Platform League of the RoboCup robot soccer competition [1],

in which all teams compete using the Aldebaran NAO hu-

manoid robot [2], which is our target robot platform.

The design of complex dynamic motions is achievable only

through the use of robot kinematics, which is an application

of geometry to the study of arbitrary robotic chains. However,

past work [3]–[5] has not fully solved the inverse kinematics

problem for the NAO robot, since it focuses exclusively

on the robot legs. Furthermore, the widely-known analytical

solution [3] for the inverse kinematics of the legs is purely

geometric and cannot be generalized to other kinematic chains.

Also, existing numerical solutions [5] are inherently prone to

singularities and, therefore, lack in robustness.

In this paper, we present a complete and exact analytical

forward and inverse kinematics solution for all limbs of

the Aldebaran NAO humanoid robot, using the established

Denavit–Hartenberg convention [6], [7] for revolute joints. The

main advantage of the proposed solution is its accuracy, its

efficiency, and the elimination of singularities. In addition, we

contribute an implementation of the proposed NAO kinematics

as a freely-available software library1 for real-time execution

on the robot. This work enables NAO software developers

to make transformations between configurations in the joint

space and points in the three-dimensional physical space and

vice-versa, on-board in just microseconds, as the library is

designed for high-performance real-time execution on the lim-

ited embedded platform of the robot. The implemented NAO

kinematics library, which additionally offers center-of-mass

calculations, is demonstrated in two tasks2: basic center-of-

mass balancing and pointing to the ball. The library has been

integrated into the software architecture of our RoboCup team

Kouretes [www.kouretes.gr] and is currently being used in

various motion design problems, such as dynamic balancing,

trajectory following, dynamic kicking, and omnidirectional

walking. Extrapolating from our work on the NAO, we also

present some guidelines for finding analytical solutions to the

inverse kinematics problem for any humanoid with revolute

joints of up to 6 degrees of freedom (DOF) per manipulator.

II. BACKGROUND

A. The Aldebaran NAO Humanoid Robot

NAO (v3.3) is a 58cm, 5kg humanoid robot (Figure 1).

The NAO robot carries a fully capable computer on-board

with an x86 AMD Geode processor at 500 MHz, 256 MB

SDRAM, and 2 GB flash memory running an Embedded Linux

distribution. It is powered by a 6-cell Lithium-Ion battery

which provides about 30 minutes of continuous operation and

communicates with remote computers via an IEEE 802.11g

wireless or a wired Ethernet link. NAO RoboCup edition

has 21 degrees of freedom; 2 in the head, 4 in each arm,

5 in each leg and 1 in the pelvis (there are two pelvis

joints which are coupled together on one servo and cannot

move independently). All joints are position-controlled, using

closed-loop PID controllers and encoders. It also features a

variety of sensors: an Inertial Measurement Unit (IMU) in the

torso, Force Sensitive Resistors (FSR) on each foot, ultrasonic

range sensors on the chest, and two VGA cameras on the head.

B. Transformation Formalism

The translation and orientation of a joint j with respect to

an adjacent joint i in the three-dimensional space can be fully

1Library download link: www.github.com/kouretes/NAOKinematics
2Video download link: www.intelligence.tuc.gr/kouretes/NAOKinematics
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Fig. 1. NAO v3.3 kinematic chains and joints (Academics Edition, 25 DOF)

described using a 4× 4 (affine) transformation matrix Tj
i :

Tj
i =

[
X ȳ[

0 · · · 0
]

1

]
(1)

where X ∈ �3×3 and ȳ ∈ �3. A transformation matrix Tj
i

provides the translation (ȳ) and orientation (contained in X)

of a coordinate system j with respect to coordinate system

i. A transformation matrix is invertible, if and only if X is

invertible, and is formed as:

T−1 =

[
X−1 −X−1ȳ[

0 · · · 0
]

1

]
Given a robotic manipulator of N joints, an equal number of

left-handed Cartesian coordinate systems (frames) are estab-

lished, each affixed to the previous one, and the one-to-one

transformation between them forms a transformation matrix.

For convenience, we enumerate joint frames starting from

an established base frame, typically a fixed point on the robot’s

body. A point p̄j =
[
px py pz 1

]�
described in frame

j can be transformed to a point p̄i in another frame i by

cascading the transformations for all intermediate frames:

Tj
i = Ti+1

i Ti+2
i+1 · · ·T

j
j−1 and p̄i = Tj

i p̄j

For the needs of forward and inverse kinematics, we utilize

translations and rotations. A translation transformation has

X = I3 (the identity matrix) and the desired offset as ȳ in

Eq. 1. We denote a parametric translation matrix for ȳ = t̄
as A(t̄). It can be trivially shown that A−1(t̄) = A(−t̄) and

A(w̄+ z̄) = A(w̄)A(z̄). A rotation transformation has ȳ = 0̄
(no translation) and X in Eq. 1 is an arbitrary rotation matrix

R
(
R−1 = R� and det(R) = 1

)
. We denote the elementary

rotation matrices about the x, y, z axes as Raxis(angle). All

rigid body transformations related to kinematics consist of cas-

caded elementary transformations (translations and rotations)

and, therefore, are always invertible.

C. Denavit–Hartenberg Convention

The established formalism for describing transformations

between two frames adjacent to a joint is the Denavit-

Hartenberg (DH) parameters: a, α, d, and θ. For the NAO,

these parameters are provided by the manufacturer. The current

angle (state) of the joint is θ. Given the parameters of some

joint j, the DH transformation that describes the translation

and orientation of the reference frame of joint j with respect

to the reference frame of the previous joint j − 1 is:

Tj
j−1 = Rx(αj)A

([
aj 0 0

]�)
Rz(θj)A

([
0 0 dj

]�)
Being a product of invertible matrices, a DH transformation

matrix is always invertible.

D. Transformation Decomposition
An arbitrary transformation matrix can be decomposed as a

“translation after rotation” pair:

T =

[
R ȳ
0̄� 1

]
=

[
I3 ȳ
0̄� 1

] [
R 0̄
0̄� 1

]
Using the Yaw-Pitch-Roll convention, any rotation matrix R
decomposes into a product of the three elementary rotations:

R = Rz(az)Ry(ay)Rx(ax)

The orientation vector
[
ax ay az

]�
can be extracted ana-

lytically from any rotation matrix. Therefore, any position in

the three-dimensional space, described by the six values of

a translation vector
[
px py pz

]�
and an orientation vector[

ax ay az
]�

, defines a unique transformation matrix.

III. NAO FORWARD KINEMATICS SOLUTION

Taking the torso frame of the NAO robot as the base frame,

the forward kinematic equations for the five kinematic chains

of NAO (RoboCup Edition) are the following:

THead
Base = A0

BaseT
1
0T

2
1Rx(

π
2 )Ry(

π
2 )A

Head
2 (2)

TLHand
Base = A0

BaseT
1
0T

2
1T

3
2T

4
3Rz(

π
2 )A

LHand
4 (3)

TRHand
Base = A0

BaseT
1
0T

2
1T

3
2T

4
3Rz(

π
2 )A

RHand
4 Rz(−π) (4)

TLFoot
Base = A0

BaseT
1
0T

2
1T

3
2T

4
3T

5
4T

6
5Rz(π)Ry(−π

2 )A
LFoot
6 (5)

TRFoot
Base = A0

BaseT
1
0T

2
1T

3
2T

4
3T

5
4T

6
5Rz(π)Ry(−π

2 )A
RFoot
6 (6)

where each Ti
j in the equations above is the DH transfor-

mation matrix between joints i and j in the corresponding

chain and the A’s are translation matrices defined by the

specifications of the robot (lengths of limbs) [5].
Should we need to extract the position of some manipulator

b with respect to another a (e.g. head with respect to left leg),

we can construct two such chains Ta
c , Tb

c from a common

point c (e.g. Base) and combine them as Tb
a = (Ta

c )
−1

Tb
c.

IV. SOLVING THE INVERSE KINEMATICS PROBLEM

Precise control of manipulators and effectors can be

achieved by solving the inverse kinematics problem, whereby

the values θi of the angles of various joints must be determined

to place the manipulator at a specific target position (transla-

tion and/or orientation). The solution of the inverse problem is

robot-specific and generally under/over-determined kinematic

chains exist. Iterative numerical solutions may converge to a

solution, but, in general, suffer from singularities and poor

performance [8]. On the other hand, analytical solutions are

fast and exact, but require significant effort in extracting them.
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A. Inverse Kinematics Methodology

The following seven steps were taken in order to find a

complete solution for the inverse kinematics problem for all

the kinematic chains of the NAO humanoid robot.

1) Construct the numeric transformation: Given a de-

sired target position, denoted by an orientation vector ā =[
ax ay az

]�
and a translation vector p̄ =

[
px py pz

]�
,

it is easy to reconstruct the target transformation matrix:

T = A(p̄)Rz(az)Ry(ay)Rx(ax)

2) Construct the symbolic transformation: Setting all θ
parameters as unknowns in the forward kinematics solution

of the target kinematic chain yields a symbolic matrix:

T0
baseT

j
0(θ0, . . . , θj)T

end
j

3) Form a non-linear system: By equating the above ma-

trices, a non-linear system is formed, since the unknown

θ’s appear in transcendental trigonometric forms. Now, the

problem is to find values for the θ’s from 12 equations (the

upper 3× 4 block) of which only up to six are independent.

T = T0
baseT

j
0(θ0, . . . , θj)T

end
j

4) Manipulate both sides: The chain can be simplified by

eliminating known terms. Such terms (e.g. the base and the

end transformations) can be removed by multiplying both sides

of the system with the appropriate inverse matrix:(
T0

base

)−1
T

(
Tend

j

)−1
= Tj

0(θ0, . . . , θj)

As soon as we find a solution for some θi, we can remove in a

similar way the corresponding joint i from the chain, because

the corresponding DH transformation matrix is now known;

this can occur if and only if this joint is the first or the last in

the kinematic chain.

Another way to manipulate the chain is to induce arbitrary

(known) constant transformations at the beginning or the end

of the chain, aiming at simplifying the non-linear system.

Tc(T
0
base)

−1T(Tend
j )−1 = TcT

j
0(θ0, . . . , θj)

In some kinematic chains we can decouple the orientation

and translation sub-problems. Quite often the target translation

vector can be expressed as a function of fewer joints in the

analytical equation of the kinematic chain or in the analytical

equation of the reverse kinematic chain.

5) Use geometry and trigonometry: It is possible to form

a closed-form solution for some θj using a geometric model

of the chain. For chains with up to two links (non-zero a

and d parameters) or “arm and wrist” chains commonly found

in humanoids, a geometric approach can easily determine the

values for the joints that lie between the links. These joints can

be modeled as an angle of the triangle formed by the links,

so the value of the joint can be obtained using trigonometry.

The kinematic arm chain of the NAO robot, for example,

has such a joint. Figure 2 shows the triangle formed by the

upper arm, the lower arm, and the line that connects the base

with the target point. Upper and lower arm lengths are known

Fig. 2. Triangle formed by the robot arm

and the third side of the triangle can be computed using the

Euclidean distance between the base of the chain and the end

of the chain. The law of cosines, yields a set of complementary

closed-form solutions for the angle θ.

6) Solve the non-linear system: The resulting equations

are combinations of sin θi and cos θi, thus, the closed-form

solution of these equations must utilize the inverse trigono-

metric functions (acos, asin). The transcendental nature of

the acos and asin trigonometric functions has the inherent

problem of producing multiple solutions in [−π, π]. Without

any restrictions on the valid range of a joint, we must examine

all candidate solutions for each joint and their combinations

for validity. To avoid this multiplicity, solutions that rely on

atan and acot are preferred, but forming them might not be

possible for a particular chain.

7) Validate through forward kinematics: Generally, there

are multiple candidate solutions for the joint values, due to

the existence of complementary and/or supplementary angles.

A validation step is taken to discard invalid candidates. This

validation is performed by feeding each candidate solution to

the forward kinematics of the chain and checking whether

the resulting position matches precisely the target position.

Choosing among the valid solutions, if more than one, can be

addressed independently of kinematics.

B. Applicability

The methodology presented above offers a generic guide-

line for solving the inverse kinematics problem on typical

humanoid robot kinematic chains that have the generic two-

link configuration (found in both the arms and legs). More

specifically, the kinematic chains must have up to five joints

or six joints with three consecutive ones having intersecting

axes [9], [10] to expect a possible solution.

V. NAO INVERSE KINEMATICS SOLUTION

Using the methodology presented above, we find the inverse

kinematics solution for all five kinematic chains of NAO

(RoboCup Edition): head (2 joints), left arm (4 joints), right

arm, left leg (6 joints), and right leg. The left chains are almost

identical to the right ones, thus the solutions are similar. Due

to space restrictions, the solutions for the the left part are

presented in detail, whereas the ones for the right part are

abbreviated. Full details may be found in a longer technical

report [11] .

A. Inverse Kinematics for the Head Chain

The head chain consists of only two joints (HeadYaw,

HeadPitch—in this order), therefore we can solve for either
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θ2 = asin

(
− pz + l3√
l1

2 + l2
2

)
− atan

(
l1

l2

)
+

π

2

θ2 = π − asin

(
− pz + l3√
l1

2 + l2
2

)
− atan

(
l1

l2

)
+

π

2

θ1 = ±acos

(
px

l2 cos
(
θ2 − π

2

)
− l1 sin

(
θ2 − π

2

))
provided a target translation (px, py , pz), or

θ1 = az θ2 = ay

provided a target orientation (ax, ay , az)

Fig. 3. Head Inverse Kinematics Solution

the translation (p̄) or the orientation (ā) of the target position

to obtain a solution. In the latter case, we can achieve the

desired target orientation simply by setting the HeadYaw and

HeadPitch joints to az and ay respectively, and assume ax = 0.

In the former case, we construct the symbolic matrix through

the forward kinematics solution (Eq. 2). Now, we can equate

the translation part from the symbolic matrix with p̄ and

from these equations we can easily find the desired θ values.

Figure 3 shows the resulting analytical solution, in which l1
and l2 are the x and the y part of the end translation and l3
is the z part of the base translation.

B. Inverse Kinematics for the Left Arm Chain

The left arm chain consists of four joints (LShoulderPitch,

LShoulderRoll, LElbowYaw, LElbowRoll—in this order). Fol-

lowing our methodology, the first three steps are straight-

forward given the forward kinematics solution (Eq. 3). The

fourth step is not required, because the problem is not too

complicated. Using trigonometry, we find the value of θ4, as

shown in Figure 2. Next, the remaining three joint values are

easily extracted by solving the equations of the non-linear

system. Finally, we validate all candidate solutions through

the forward kinematics validation step. Figure 4 shows the

resulting analytical solution, in which s̄ is the base translation

vector, l1 is the y part of the base translation, l3 is the length

of the upper arm, l4 is the length of the lower arm, and T(i,j)

is the (i, j) element of matrix T.

C. Inverse Kinematics for the Right Arm Chain

The right arm chain is almost identical to the left arm chain.

The only difference is in the forward kinematics solution, since

there is one more rotation at the end of the chain (Eq. 4). This

last rotation can be easily removed following the fourth step of

our methodology, by multiplying both sides of the equations

from the right with (Rz(−π))
−1

. Besides this difference, all

other steps have similar results. The analytical solution is the

one shown in Figure 4 with the following differences: (a)

matrix T must be multiplied upfront by (Rz(−π))
−1

from

the right, (b) there is no minus sign in the equation for θ4, (c)

there is a minus sign before T(2,4) in the equation for θ2, and

(d) all instances of (θ2 − π
2 ) in the equations for θ3 and θ1

are changed to (θ2 +
π
2 ).

θ4 = −
(
π − acos

(
l3

2 + l4
2 − ‖s̄− p̄‖2
2l3l4

))

θ2 = ±acos

⎛
⎝T(2,4) − l1 −

(
l4 sin θ4T(2,2)

cos θ4

)
l3 + l4 cos θ4 + l4

sin2 θ4
cos θ4

⎞
⎠+

π

2

θ3 = asin

(
T(2,3)

sin
(
θ2 − π

2

)) θ3 = π − asin

(
T(2,3)

sin
(
θ2 − π

2

))

θ1 =

⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

±acos

⎛
⎜⎜⎝T(3,3) +

T(1,3) sin θ3 cos
(
θ2 − π

2

)
cos θ3

cos θ3 +
cos2

(
θ2 − π

2

)
sin2 θ3

cos θ3

⎞
⎟⎟⎠ if θ3 �= π

2

±acos

(
T(1,3)

cos
(
θ2 − π

2

)
sin θ3

)
if θ3 =

π

2

Fig. 4. Left Arm Inverse Kinematics Solution

T′ =
(
Rx(

π
4
)

((
A0

Base

)−1
T
(
AEnd

6

)−1
))−1

θ4 = ±
(
π − acos

(
l1

2 + l2
2 − ‖0̄− p̄‖2
2l1l2

))

θ6 =

{
atan

(
T′

(2,4)

T′
(3,4)

)
if (l2 cos θ5 + l1 cos (θ4 + θ5)) �= 0

undefined if (l2 cos θ5 + l1 cos (θ4 + θ5)) = 0

T′′ =
((

T′)−1 (
T6

5Rz (π)Ry(−π
2
)
)−1

)−1

θ5 = asin

(
−
T′′

(2,4)
(l2 + l1 cos θ4) + l1T′′

(1,4)
sin θ4

l1
2 sin2 θ4 + (l2 + l1 cos θ4)

2

)
θ5 = π − asin

(
−
T′′

(2,4)
(l2 + l1 cos θ4) + l1T′′

(1,4)
sin θ4

l1
2 sin2 θ4 + (l2 + l1 cos θ4)

2

)
T′′′ =

(
T′′)−1 (

T4
3T

5
4

)−1

θ2 = ±acos
(
T′′′

(2,3)

)
− π

4

θ3 = asin

(
T′′′

(2,2)

sin
(
θ2 + π

4

)) θ3 = π − asin

(
T′′′

(2,2)

sin
(
θ2 + π

4

))

θ1 = ±acos

(
T′′′

(1,3)

sin
(
θ2 + π

4

))+
π

2

Fig. 5. Left Leg Inverse Kinematics Solution

D. Inverse Kinematics for the Left Leg Chain

The kinematic chain of the left leg has six joints

(LHipYawPitch, LHipRoll, LHipPitch, LKneePitch, LAn-

klePitch, LAnkleRoll—in this order), but since the first three

joints have intersecting axes, the problem is possibly solv-

able [9], [10]. We construct both the numerical and symbolic

parts of the system with the help of forward kinematics (Eq. 5).

Following the fourth step, to make the problem easier, we

remove the known translations from the kinematic chain. Then,

to simplify the solution we induce a Rx(
π
4 ) transformation at

the start of the chain. In effect, we transform the first joint from

a yaw-pitch joint to a yaw joint, which is simpler to handle.

Close examination of the resulting kinematic chain reveals that
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the first four joints are responsible for the translation part and

all six joints are responsible for the orientation part. It would

be convenient, if only three joints were affecting the translation

of the end effector, because in that case we could extract

these joints just from the translation part. Thus, we invert the

transformation matrix to form the reverse chain. Now, only

three joints (LAnkleRoll, LAnklePitch, LKneePitch) affect the

translation. We can now find θ4 the same way we found θ4 for

the arms. We focus on the triangle formed by the UpperLeg,

LowerLeg, and the line connecting the base to the target point.

Next, the θ5 and θ6 angles can be extracted from the translation

part. The solution we found for θ6 has some undefined points,

because the denominator of the result may become zero. These

undefined points are discussed in Section VI.

After we calculate θ4, θ6, and θ5 from the translation part,

we can go back to step four and remove the, now, known

DH transformation matrices from the chain. The resulting

kinematic chain consists of only three joints, which control

only the orientation. It is easy to extract the remaining joint

values from the nine equations of the rotation block. Figure 5

shows the resulting analytical solution, in which l1 is the

length of the upper leg and l2 is the length of the lower leg.

E. Inverse Kinematics for the Right Leg Chain

The right leg chain is identical to the left leg chain. The only

difference is the DH parameter α of the first joint. Thus, we

must multiply instead with Rx(−π
4 ). Otherwise, the solution

is exactly the same as the solution shown in Figure 5 with all

instances of (θ2 +
π
4 ) changed to (θ2 − π

4 ).

VI. IMPLEMENTATION

Having completed all kinematics in analytical form, we

created NAOKinematics, a software library for real-time,

onboard execution of NAO kinematics in C++. Given that C++
offers no library for optimized real-time matrix operations, we

relied on our linear algebra framework KMat [12] for such

operations. A Matlab version of the library is also available

for other applications. Our library includes five functions for

calculating the forward kinematics for each chain, given the

corresponding joint values. It also includes five functions,

whose input is the desired target position and output is a set

of solutions, for all the joints of a specified chain. The library

also includes a function for calculating the center of mass of

the robot given a set of values for all joints.

As mentioned before, there are a few target positions for the

legs which lead to an infinity of solutions for the AnkleRoll

joint, when the KneePitch and AnklePitch joints take specific

values and essentially cancel the effect of AnkleRoll on the

translation of the reverse chain. Figure 6 shows one of these

problematic configurations. The locus of these configurations

is a line in the configuration space (Figure 7). To verify that in

practice the robot never reaches any of these configurations,

we let the robot perform the entire range of motions available

to it during operation in a RoboCup field (walk, kicks, stand-

up, etc.) and plotted these motions alongside the problematic

locus. The results are shown in Figure 7. It is clear that no

Fig. 6. An instance of the problematic leg configurations
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Fig. 7. Trajectories of motion in a subspace of the leg joints

motion brought the robot to these configurations. In practice,

it is rather unlikely that anyone will consistently give target

positions that drive the joints in that area, during regular use.

VII. RESULTS

A. Real-Time Performance

One of the goals of this work was to implement a software

library for real-time kinematics computations on the robot. We

measured the performance of our implementation for each of

the functions we offer. Table I shows average execution times.

B. Demonstration I: Basic CoM Balancing

In this demonstration, we seek to implement a very basic

balancing method. In particular, we want to make NAO move

one of its feet to the point of the projection of the Center of

Mass (CoM) on the floor. First, we calculate the translation of

the CoM relatively to the torso frame using forward kinemat-

ics. The problem is that the x-y plane of the torso frame is

rarely parallel to the floor. Thus, we read off the inertial unit

of the robot the current rotation (angleX and angleY) of the

TABLE I
ON-BOARD EXECUTION TIMES OF THE NAOKINEMATICS LIBRARY

Kinematics Function Time (μs)

Forward Kinematics for Head 54.28
Forward Kinematics for Arm 66.72
Forward Kinematics for Leg 80.88
Inverse Kinematics for Head 70.79
Inverse Kinematics for Arm 170.55
Inverse Kinematics for Leg 185.29
Calculation of the Center of Mass 394.55
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torso plane. Now, we can calculate the translation of the CoM

relatively to the rotated torso:

Trotated = Ry(angleY)Rx(angleX)A(CoM)

Then, we assign a custom value to pz in T(4,3), which

represents the desired torso height from the floor and that

yields T′
rotated. Now we must rotate back to the torso frame:

Tfinal =
(
Ry(angleY)Rx(angleX)

)−1
T′

rotated

Finally, we extract px, py , and pz from Tfinal and we set[
px py pz

]�
as the target translation for inverse kine-

matics. The target orientation is set to
[
ax ay az

]�
=[

−angleX −angleY 0
]�

, because we do not care about the

rotation about the z-axis. Note that the foot is always parallel

to the floor, excluding any hardware precision errors.

C. Demonstration II: Pointing to the Ball

In this demonstration, our goal is to make the NAO point

to the ball with its stretched arms. Apart from the kinematics,

to realize this task we employed our vision module [12] for

ball recognition, along with the module that filters the belief

of the robot about the ball location. Initially, NAO scans for

the ball. When found, it points to it with the left, the right,

or both arms, depending on where the ball is located (left,

right, or front). The ball observation can be described as a

two-dimensional translation (px, py) on the floor. We add the

height of the torso (found through forward kinematics) as the

third coordinate pz to form the ball translation (px, py, pz) in

the three-dimensional space. We also set ax to zero, because

we are only rotating about the y-axis (up/down) and the z-axis

(right/left). To find the other two orientations, we focus on the

straight line that connects the location of the ball and the point

of the ShoulderPitch joint relatively to the torso frame. The

orientations ay, az are the angles between this line and the

corresponding axes. Additionally, the target point lies on this

line at a distance equal to the length of the stretched arm from

the ShoulderPitch joint. We run this procedure for both arms

and obtain the solution(s) from inverse kinematics. If both

solutions are returned, the robot raises both arms pointing to

the ball. If only one solution is returned, the robot raises only

one arm; the other arm cannot physically point to the ball.

VIII. CONCLUSION

In this paper, we presented a complete, exact, analytical

solution for the problems of forward and inverse kinematics

of the NAO robot. The main advantage of our solution is its

accuracy, its efficiency, and the elimination of singularities. In

addition, we contributed an implementation of the proposed

NAO kinematics as a freely-available software library for real-

time execution on the robot or for simulations.

Our approach to NAO kinematics is based on standard

principled methods for studying robot kinematic chains. No

complete analytical solution with full implementation for the

NAO robot has been published before. The currently widely-

known solution of team B-Human [3] applies only to the legs,

is purely geometric, and cannot be generalized to other kine-

matic chains. In addition, their work has not studied the effect

of the existing potentially problematic configurations. We have

tried to implement the other published analytical solution for

the legs by team MRL [4], but we were not able to reproduce

their results. Finally, the numerical solution [5] offered by the

manufacturer of the robot, Aldebaran Robotics, is a proprietary

implementation, which unfortunately is inherently prone to

singularities and, therefore, lacks in robustness. It should be

noted that none of the two demonstrations we presented in

this paper could be realized with the existing solutions and

implementations of NAO kinematics.

Since kinematics is the base for several applications related

to robot motion, we expect that our work will be useful not

only to RoboCup SPL teams, but also to any NAO software

developer. We believe that NAO developers can take advantage

of our off-the-shelf NAO kinematics library to work on omni-

directional walk algorithms, dynamic balancing methods, dy-

namic kick engines, etc. Our library can offer the basis for

following dynamic trajectories in real time for walking and

kicking or calculating the center of mass dynamically in real

time for balancing.

Finally, our methodology offers a generic guideline for

addressing the problem of inverse kinematics in humanoid

robots. Apart from extending our work to the Academic

Edition of NAO, which has four additional joints, one of our

future goals is to apply the same methodology to robots similar

to NAO, such as the Darwin-OP humanoid robot, which has

a maximum of six degrees of freedom per kinematic chain.
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Abstract— Surgical navigation is a crucial concept in com-
puter assisted surgery. The use of robots in the surgery room
largely benefits from this concept recent developments, namely
with the use of non-invasive and radiation free imaging systems,
like ultrasound (US). This paper presents the algorithms and
software tools developed for US based orthopedic surgery
navigation. In the second part of the paper are presented the al-
gorithms and software tools developed for controlling a robotic
manipulator, that can be used both in simulation and in a
real scenario. The paper also presents the developed simulation
scenario, for a surgical procedure in Hip Resurfacing, e.g., the
first drill of the femur head. For navigation, the system, during
surgery, acquires a 3D US bone surface from a sequence of
US images. This bone surface will then be registered to the
pre-operative bone model, for a precise knowledge of the bone
position and orientation. The measured bone movement is used
by the simulation tool to control the robot manipulator drilling
trajectory.

I. INTRODUCTION

Image-guided surgical navigation is on the rise in many

different areas of medicine, with strong growth in orthopedic

surgery. In computer assisted orthopedic surgery procedures,

the surgeon has to locate and identify specific anatomical

structures in order to improve surgical accuracy. Currently

the navigation systems applied to the orthopedic surgery

use invasive methods to locate the bones in surgical space.

Acrobot [1] or Robodoc [2], are examples of such systems,

used in knee or hip replacement surgeries. With the system

proposed in this paper is possible to reduce or eliminate

the use of fiducial markers, decreasing patient recovery

time and consequences after surgery. Work with a surgical

robot demands substantial training and continual practice,

since surgeons are not used to working with robots. To

overcome the fear and help the surgeons in adapting, surgical

procedures simulation is very important, so it is strongly

emphasized in this paper.

This article focuses on orthopedic surgery, namely in

Hip Resurfacing surgery, where obtaining the position and

orientation of the bones and surgical instruments is very

important. The first drill of the femur head is of special

importance for the surgical procedure success, in terms of

accuracy. The main objective is to obtain the intra-operative

pose of the femur related to the pre-operative scenario. For

that, in this paper, are proposed algorithms for bone contour

segmentation, tracking and registration, using specific equip-

ment like: Ultrasound (US) images; NDI Polaris Spectra

tracker, and a specially designed US probe holder.

Simulators gain everyday more importance, providing es-

sential knowledge about systems behaviour (in this paper,

the surgical environment) before being placed in the real

working scenarios. The purpose of the paper is also to create

a simulated surgery room environment and a constant flow

of data between the simulator and other equipment and

softwares that allows to test the performance of Ultrasound

Guided Robotic Surgery Systems, designed to orthopedic

surgery.

II. ULTRASOUND BASED BONE TRACKING

In this section is proposed a ultrasound bone tracking

module, as part of a navigation system for orthopedic

surgery. This module is based on the Image Guided Surgery

Toolkit, IGSTK (http://www.igstk.org/). It is a free open

source C++ toolkit, and provides a framework for rapid

prototyping of customized image-guided surgical applica-

tions. The toolkit provides a set of components common

to general purpose navigation systems, such as interface

with tracking systems, image registration and visualization

though the ITK and VTK toolkits, (http://www.itk.org/) and

(http://www.vtk.org/). For the navigation system proposed

in this paper the integration of the Open Computer Vision

library, OpenCV (http://opencv.willowgarage.com/), was also

done to allow ultrasound image acquisition and processing

from the US probe, through a USB video capture. Next

sub-sections describe the hardware setup, the contour bone

extraction and tacking from US images, and how to obtain

a point cloud from a sequence of captured images.

A. Hardware setup

In Figure 1 is depicted an overview of the Navigation

system and the surgical robot, in terms of the coordinate

frames and the relationships between them. Note that the

preoperative and intra-operative scenarios are clearly split.

In the lower part of the figure appears two NDI Polaris

targets that are usually attached to the US probe and to the

robot frame. The first for tracking the bone and the second to

calibrate the frame robot pose in the intra-operative scenario.

The 3D CT femur bone model, acquired in the preoperative
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scenario is the origin of the overall setup, because of the

model itself is more accurate, i.e., the data obtained from US

images is less accurate. All points in the model are referenced

to the CT. The relation between the 3D US points acquired in

the intraoperative scenario and 3D CT points from the bone

model is obtained from point cloud registration using the

methods later presented in section III. See the transformation
CTTNDI , in figure 1 . The pose of the robot end-effector also

has to be referenced by the Navigation system to inform the

robot controller of its location. The relationship between the

Robot frame and the CT frame (CTTR), is determined during

the hardware setup, in the intra-operative scenario and once

obtained remains fixed, as long the robot base does not move

from its initial position.

Fig. 1. Overview of the hardware setup and frames transformations.

B. US based bone extraction and tracking

In this sub-section is proposed a method to extract and

track the femur bone in a sequence of US images. This work

appears in sequence of previous work of the authors [3],

where a comparative study for segmenting bones in US im-

ages was performed. The Threshold Level Set Segmentation
(TLSS) [4] obtained the best results and will further tested

in this paper.

The algorithm is depicted in Figure 2 and comprises the

next steps:

1) Initialization - where the US probe, with the NDI

Polaris target, is correctly placed in the field of view

of the NDI Polaris cameras. Also the segmentation

process is initialised here, as seen below in the text.

2) Image Acquisition - where the US image is acquired

using the methods implemented in OpenCV.

3) NDI trigger - where a point within the bone in the US

image is chosen to start the NDI Polaris acquisition,

and synchronizes the tracking process. After, the same

point is used as the seed of the segmentation algorithm.

4) Segmentation and Tracking - where the bone surface

in the US image is extracted.

5) 3D points extraction - where the 3D points in the bone

surface are calculated, using the 2D data obtained in

Fig. 2. Ultrasound based Bone Tracking process.

the previous step.

6) UDP - where the 3D US point cloud for an image

(slice) is sent to the registration module.

This process is continuously repeated overtime to extract

a suitable number of slices to then obtain a 3D US bone

surface for registration, see Section III. The 4th step of the

algorithm, Segmentation and Tracking, is of special relevance

because of the image processing issues related to US images,

i.e., its high level of noise. Further, since the bone is a

rigidly anatomically structure, only the top surface of the

bone appearers in US images as can seen in figure 3, in the

red square. The main challenge of the segmentation method

is to identify where the bone is, in US images. To aid the

segmentation algorithm, i.e., to improve accuracy and also

to speed up the segmentation, a region of interest (ROI)

is defined in the first image, also in the first step of the

algorithm. The ROI is marked with a square around the

bone, as seen in figure 3. After this initialization, all images

that arrive through the video card are segmented using the

TLSS algorithm. Its goal is to define a range of intensity

values that classify the bone of interest and then base the

propagation term on the level set equation for that intensity

range. Using the level set approach [5], the smoothness of

the evolving surface can be constrained to prevent some of

the leaking that is common in connected-component schemes

[4]. The next iterations of the segmentation use the centroid

of the bone contour, extracted in the current step, that is also

responsible for the ROI update. The contour obtained in each

slice, properly referenced in the NDI frame is sent in packs

of 3D points by UDP to the registration process.

C. Point Cloud Extraction

The bone contours points extracted from US images,
iP (u, v), using the US probe are converted to 3D points,

using the NDI Polaris Spectra pose measurement system.

This sensor measures the pose of the NDI Polaris target Mk
related to its reference frame NDI , i.e., the transformation
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Fig. 3. Region of interest in an US image of the femur.

NDITMk. From (1) are obtained the 3D points of the bone,

in the NDI frame.

NDIP =NDI TMk ×Mk Tpr ×pr Ti ×i P (u, v) (1)

where, NDITMk, represent the relationship between pas-

sive markers and the NDI Polaris, MkTpr, represent the

relationship between US probe extremity and Marker, prTi

corresponds to the relationship between the image plane

and US probe, and finally, iP (u, v) represent a point in the

image. Sx and Sy are the scale factors for the (u, v) pixel

coordinates. The transformations MkTpr and prTi, depicted

in Figure 4, are previously calibrated off-line. (u0, v0) are

the image coordinate offsets.

iP (u, v) =

⎛
⎜⎜⎝

ui − u0

vi − v0
0
1

⎞
⎟⎟⎠ (2)

Fig. 4. NDI and ultrasound coordinate frames.

III. REGISTRATION

In this section are presented the visualisation and registra-

tion modules of the US based navigation system.

A. Visualization

The Navigation system, in the preoperative part, incorpo-

rates a 3D visualization component, useful in surgical plan-

ning. It is also used in the intra-operative scenario to identify

features and areas of intervention. With this functionality, the

surgeon can reconstruct the total size of the bone or some

regions of interest, have the possibility of rotate the bone and

analyse the interior and exterior. 3D image reconstruction

is implemented using the Visualization Toolkit (VTK) for

Surface Rendering [6] and Volume Rendering [7].

(a) Volume Rendering (b) Surface Rendering

Fig. 5. Results of Visualization a human femur.

B. Iterative Closest Point Method

The Iterative Closest Point Method (ICP) method [8] is

the standard method used to perform registration between

two set of 3D points. It transforms two sets of points to a

common coordinate frame. If the exact correspondences of

the two data sets could be known, then the exact translation

t and rotation R can be found. The main issue of the method

is to find the corresponding points between the two data sets,

Y = (y1, ..., yM )T and X = (x1, ..., xN )T .

To obtain the closest point of Y to a point in X , the

Euclidean distance is applied. When all points of the data

set Y are associated to the point in X the transformation is

estimated by minimizing a mean square cost function:

EICP =
∑
i

‖R · xi + t− yi‖2 (3)

C. The Registration Process

One of the main goals of a surgical navigation tool is

to have a fast and precise update of the target position

and orientation, in our case, the femur. To achieve these

goals and since in the surgery procedure the femur does

not change its position drastically, a local registration, i.e.,

when the two points clouds to register are ”not far from each
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Fig. 6. The Registration Process.

other”, is performed on-line. In the presented work, when

the femur, in each update, translates or rotates more than

10[mm] / 3[degrees] in each axis, a calibration procedure is

performed.

The registration process, depicted in Fig. 6 is divided in

two sub-processes. First a calibration procedure must take

place and afterwards a local registration sub-process will

take place during the US based navigation.

The calibration sub-process, takes place at time t0, after

receiving a 3D US point cloud that represents the femur US

surface, obtained from the Bone tracking process. This sub-

process will calculate the transformation, (CTTNDI)0, to be

used in the local registration sub-process. Its main goal is to

place, i.e., register, the 3D US surface in the correct position

to the pre-operative 3D CT femur model. It comprises two

steps. First, is obtained the difference between the centroids,

of the 3D US and the 3D CT point clouds. This difference

will define the distance separating the two clouds, and is

used to move the US cloud close to the CT cloud. In the

second step, is applied the ICP method to register the two

point clouds and obtain a precise registration.

The local registration sub-process registers a 3D US point

cloud sent by Bone Tracking module. This point cloud

have 50[mm] length, value that revealed accurate results

for the local registration procedure, after numerous trials.

The calibration transformation (CTTNDI)0 is then used to

align the US point cloud to the CT point cloud, to fasten

the registration computational time, by reducing the search

radius of the ICP method. At each sample time tk the

local registration outputs to the simulation the transformation

matrix (CTTNDI)k. This matrix quantifies the motion, both

translation and rotation, of the femur bone.

IV. SURGICAL NAVIGATION SIMULATION

A. Robotic Simulation

The use of a simulators can ease the development and

validation processes, allowing to verify the component in-

tegration and to evaluate their behaviour under different

Fig. 7. The Simulation Process. Circles are the ROS nodes and squares
are the developed functions/packages.

controlled circumstances. Simulation is cheaper in terms of

time and human resources than experiments with real robots

and medical imaging equipment. Another advantage is that

a simulated environment can be significantly more complex

and larger than a lab environment, and meanwhile ensure

a perfect repeatability. Nowadays there are several robotic

simulators like USARSIM [9], MORSE [10], and more re-

cently Gazebo (http://gazebosim.org/), just to name the most

used open-source tools. After analysing those software’s we

concluded that MORSE was our best choice because it can be

easy to use, have a active developing community, can be used

in different contexts for testing and verification of robotics

systems as a whole, at a medium to high level of abstraction.

One of the main interests of the simulator is that it can be

reusable by researchers, engineers and is being upgraded as

part of multiple projects. Another important issue is that the

simulator can interact with any middleware used in robotics,

e.g., ROS [11] or OROCOS [12], and not just impose a

format that others must adapt to.

B. The Simulation Environment

This section presents the simulation environment devel-

oped for testing the robot behaviour when performing a

surgical procedure, e.g., drilling the head of the femur. Since

the patient, and consequently his femur, can move during

surgery, that movement is measured by the bone tracking
and registration modules. This measurement, (CTTNDI)k, is

then used by the robot to adapt its trajectory to compensate

the bone movement, when drilling.

In Figure 7 are depicted the ROS nodes and packages de-

veloped, as well the OROCOS functions for the KUKA LWR

inverse kinematics and trajectory planning. This process

receives from the registration process the bone movement,

(CTTNDI)k, at each sample time. From this input, it is

generated the robot end-effector (with drill) trajectory taking

into account the bone movement. Is is also visualised the
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bone movement at each sample time. To receive (CTTNDI)k,

a (ROS) package Receive UDP was created to set up the

UDP server code for Unix environments. This package

converts the rotation matrix, into a quaternion, commonly

used in ROS pose, in both CT and robot frames. The first

pose CT (Q, t) is then published directly in the MORSE

simulation, and is responsible for the bone movement. The

second pose R(Q, t) goes to a specific node, that reads the

input to the Orocos Trajectory Generator [13]. Afterwards,

Orocos reads R(Q, t), and calculates the Inverse Kinematics

and generates the trajectory to reach the bone, for the seven

joint coordinates, q. Since the Orocos Trajectory Generator

publishes in a specific ROS node, another ROS package,

Publish JointState, was created to redirect the information

to the MORSE simulation. This package subscribes the node

with the Orocos output and publishes it directly to the Morse

simulation, updating the rotation of the drilling robot.

It is also present in Figure 10 a second KUKA LWR robot

equipped with an Ultrasound probe, that send the 3D US

bone surface to the NDI Polaris. At this stage it is statically

positioned above the bone, measuring bone movements, but

in future works we plan to also generate trajectories for

automatically retrieve data from the bone surface.

Fig. 8. Threshold Level Set Segmentation Results.

V. EXPERIMENTAL RESULTS

A. Segmentation Results

In this sub-section is proposed a method to extract and

track the femur bone in a sequence of US images. This work

appears in sequence of previous work of the authors [3],

where a comparative study for segmenting bones in US im-

ages was performed. The Threshold Level Set Segmentation
(TLSS) [4] obtained the best results and will be further tested

in this paper. The TLSS segmentation algorithm was applied

at 201 US images of a human femur, verifying once again

the results obtained in [3], as depicted in Figure 8. In Table I

are presented the mean and the standard deviation (std) of

the Mahalanobis distance [3]. The distances calculated are

between the 201 segmented contours and the correspondent

contours manually extracted by a medical expert. After

segmentation is necessary to extract only the upper surface

of the femur (open contour). The points extracted from the

contour are related with calibration equations, presented in

section II-B, to give the position in the CT/world coordinates.

Mean Std Time
Mdist[mm] Mdist[mm] [s]

TLSS 1.4070 0.0526 1.1

TABLE I

RESULTS FOR THE TLSS SEGMENTATION.

Before Registration After Registration Time
Hdist[mm] Hdist[mm] [s]

Calibration 6.3821 1.2703 1.56
Registration 6.5945 1.6372 0.39

TABLE II

RESULTS BEFORE AND AFTER THE REGISTRATION PROCESS.

B. Registration results

All the methods presented in section III were implemented

in a standalone PC, using the Point Cloud Library (PCL)

[14], under an Ubuntu environment. This PC communicates

with the PCs running the Bone Tracking and Simulation
modules using the UDP protocol. Following previous work

from the authors [15], where it was demonstrated that the

bone registration procedure is dependent in the initial relative

position of the clouds, the local registration sub-process

improved the results, as presented in Table II. Dozens of

registrations were performed to obtain the mean values

presented in Table II for the both the experiments performed.

The performance metric for point cloud registration assess-

ment is used the modified Hausdorff distance as proposed

by Dubuisson and Jain [16], because it is robust to outliers

and the distance increases monotonically with the difference

between the two point clouds. In figure 9 is depicted the

results obtained for calibration and local registration using

ICP, where can be seen a perfect match between the CT and

US registered clouds.

(a) Calibration

(b) Local registration

Fig. 9. Results for Calibration and Registration. 3D CT point cloud
(green). 3D US point cloud before registration (red). 3D CT point cloud
after registration (black).
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C. Simulation results

This section presents the results obtained at the current

developing stage of the simulations. At this point and regard-

ing Figure 10, the MORSE environment have a stable link

with the registration module. In the MORSE environment,

its global frame was chosen to be same as the CT frame,

making the CT frame the ”world frame”. According to this,

the transformation (CTTR) was defined when placing the

robots in the environment.

VI. CONCLUSIONS AND FUTURE WORK

In this paper were tackled several issues on the develop-

ment and simulation of a Robotic Ultrasound Guided System

for Orthopedic Surgical Procedures. The example surgical

procedure was the first drill of the femur head, where the

Ultrasound based system can measure and track bone move-

ments during the task. In the first part, the intra-operative

3D US bone surface was successfully obtained, from the

algorithm proposed by the authors that includes Threshold

Level Set Segmentation, using the US probe and the NDI

Polaris Spectra. The 3D US surface was then registered

to the preoperative scenario, from the algorithm proposed

by the authors that includes the ICP method, with success.

With this procedure the bone position and orientation is

known referenced to the CT frame, where the surgery is

planned. Finally, the previous two parts of the paper were

validated in the simulator. The sequence of bone positions

were obtained directly from the registration process and

the robot manipulator end-effector (drill) trajectories were

obtained from a trajectory planner that includes the robot

inverse kinematics. The preoperative planned trajectories are

corrected in this tool using the known bone movement.

Future research will be focused in increase accuracy and

speed of the procedures presented in this paper, for bone

segmentation, tracking and registration.

ACKNOWLEDGMENT

This work was partly supported by FCT project

PTDC/EME-CRO/099333/2008 and EU-FP7-ICT-231143,

project ECHORD.

REFERENCES

[1] M. Jakopec, F. Rodriguez y Baena, S. Harris, P. Gomes, J. Cobb, and
B. Davies, “The hands-on orthopaedic robot ”acrobot”: Early clinical
trials of total knee replacement surgery,” Robotics and Automation,
IEEE Transactions on, vol. 19, pp. 902 – 911, oct. 2003.

[2] P. Kazanzides, B. Mittelstadt, B. Musits, W. Bargar, J. Zuhars,
B. Williamson, P. Cain, and E. Carbone, “An integrated system for
cementless hip replacement,” Engineering in Medicine and Biology
Magazine, IEEE, vol. 14, pp. 307 –313, may/jun 1995.

[3] N. M. M. Catarino, P. J. S. Gonçalves, and P. M. B. Torres, “Bone
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(a) Full surgical scenario

(b) Zooming the robots and the femur

Fig. 10. The developed MORSE surgical environment.
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Abstract—In the last decade, local image features have been 
widely used in robot visual localization. To assess image 
similarity, a strategy exploiting these features compares raw 
descriptors extracted from the current image to those in the 
models of places. This paper addresses the ensuing step in this 
process, where a combining function must be used to aggregate 
results and assign each place a score. Casting the problem in the 
multiple classifier systems framework, we compare several 
candidate combiners with respect to their performance in the 
visual localization task. A deeper insight into the potential of the 
sum and product combiners is provided by testing two extensions 
of these algebraic rules: threshold and weighted modifications. In 
addition, a voting method, previously used in robot visual 
localization, is assessed. All combiners are tested on a visual 
localization task, carried out on a public dataset. It is 
experimentally demonstrated that the sum rule extensions 
globally achieve the best performance. The voting method, whilst 
competitive to the algebraic rules in their standard form, is 
shown to be outperformed by both their modified versions. 

Keywords— robot visual localization; information fusion; 
multiple classifier systems. 

I.  INTRODUCTION  

Currently, the most successful approach to vision-based 
robot localization relies on local image features, extracted from 
interest points detected in the image. The construction of 
appearance representations building on local features has 
followed two main paradigms: on the one hand, the descriptors 
are quantized onto a predefined visual vocabulary, being 
assigned corresponding visual words. Although this 
representation, denoted bag-of-words, is interesting due to the 
fast appearance comparison it offers, some limits to its 
descriptive power have been identified [1][2]. An alternative 
strategy is the exploitation of raw feature descriptors, thus 
avoiding approximations resulting from quantization. This 
approach involves direct comparison of the descriptors, 
extracted from the test image, to those comprising the models 

of places in the environment. A central issue in using this 
method to compare appearances is the fusion of information 
obtained from multiple features. In [3][4] this issue is resolved 
through a voting scheme, which relies on a hard level 
comparison of features. An alternative approach is pursued in 
[5], where the continuous values resulting from the comparison 
are accumulated in a score function. In spite of the success of 
the two approaches, to the best of our knowledge no evaluation 
of information fusion methods, applied to raw feature 
descriptors, has ever been performed. In this paper, we perform 
such an evaluation, addressing the information fusion issue 
within the framework of multiple classifier systems. The 
choice of this framework arises naturally, given the similarities 
between local feature based recognition and multiple classifier 
systems. Yet, the specificities of the visual localization 
problem determine the type of tools, from multiple classifier 
systems, that are applicable here. At the localization stage it is 
not possible to predict either the quantity or the appearance of 
the features that will be extracted. This implies that one should 
not train classifiers to treat specific visual features, but should 
instead rely on a general classifier, suitable for any feature 
available to the recognizer. Hence, in this paper we consider a 
probabilistic model for local features that leads to a generic 
probabilistic base classifier. The aim of the paper is to provide 
an evaluation of classifier combiners, thus the two most 
popular non-trained combination methods are considered: the 
product and sum rules. Furthermore, two extensions of these 
rules, as well as a voting method previously used in robot 
localization, are assessed. In addition to addressing a 
localization task based on local features only, we assess 
performance in the situation where additional information is 
integrated, through Bayes fusion. For this purpose, we chose a 
global image feature, gist [6], since it is also extracted from 
image data, and provides information complementary to local 
features. 

This paper is organized as follows: after reviewing related 
work in section 2, we outline the concepts used in our approach 
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to local feature based robot localization, in section 3; section 4 
introduces the combination rules and their extensions, as well 
as the reliability estimation methods; results of our experiments 
are detailed in section 5 and, finally, section 6 draws the 
conclusions of the paper. 

II. RELATED WORK 

There is a wide range of well studied methods for the 
fusion of real-valued classifier outputs, including algebraic and 
statistical rules as well as trained combiners [7]. Among these 
methods, the sum rule and product rule have received 
considerable attention, due to their simplicity and good results. 
In practice, the sum rule has often been the preferred choice, 
due to its robustness. In spite of a solid theoretical foundation, 
it has been observed that the product rule is more sensitive to 
noise and to poor probability estimates of the base classifiers 
[8]. This drawback is addressed in [9], where the authors 
introduce a thresholding method that was shown to improve  
performance. Even though the sum rule behaves more reliably, 
in some cases there is room for improvement, by modulating 
the contributions of base classifiers. This approach has been 
successful in applications such as audio speech recognition 
[10] and person authentication [11], suggesting that weight 
adaptation is a viable solution to deal with noise, which may 
differently affect, at each time instance, the various information 
sources or, more generally, the various base classifiers. In 
studies where classifier contribution to the final decision is 
computed dynamically, the weighting of this contribution is 
usually associated to a reliability measure. In audio-based 
applications, researchers have derived the reliability measure 
from estimates of noise level in the input signal [11][12]. A 
more general approach, which is not limited to audio signals, 
relies on the analysis of base classifier scores for the extraction 
of the reliability measure. Along these lines, methods using the 
difference between the best two likelihood ratios [13], the 
dispersion of the class posterior probabilities [13] and 
maximum class posteriors [14] have been investigated. In the 
same category, another method that has gained considerable 
attention over the last years relies on the entropy of the 
posterior distribution [10]. This measure is adopted in this 
work, as it is claimed to be more powerful, for using all the 
information available in the posterior distribution [15]. 
Furthermore, in a study on audio-visual speech recognition 
[12], the entropy measure is shown to outperform the 
dispersion of posterior probabilities. 

The traditional approach to mapping entropy to weights is 
to take the inverse entropy value, which reflects our intuition 
that low entropy distributions originate from reliable 
classifiers, which should receive greater weights, while 
classifiers producing close to flat distributions, with high 
entropy, should be weighted lower. In spite of agreement with 
these primary conditions, the inverse relation may not yield an 
optimal mapping, hence recently a number of studies proposed 
and assessed alternative functions [15][10]. In [10] a variation 
of the inverse entropy method is proposed, aiming at greatly 
reducing the contribution of higher entropy classifiers. This is 
achieved by computing the average entropy of classifiers and 
assigning a fixed small weight to classifiers with entropy above 
that value. In [15] the authors introduce an alternative mapping 

function, defining the weights to be proportional to the 
negative entropy, and this outperformed the standard inverse 
relationship. In spite of the considerable attention feature 
combination has received in other research areas, an evaluation 
of combiners for visual robot localization has not been 
performed before. 

Within the category of voting schemes, a few methods have 
been proposed for local feature based localization. In [3] the 
scale-invariant feature transform (SIFT) features extracted 
from the test image are matched against the descriptors from 
training images, through the matching rule proposed by Lowe 
[16]. Through this matching rule, a hard level decision is taken, 
simply indicating the presence or absence of the feature in a 
training image. A similar approach is provided in [4], where a 
dissimilarity measure is derived from the number of matches, 
the total number of features in the test and training images as 
well as a geometric alignment distance. Despite the success of 
the aforementioned voting schemes, these methods have not 
been assessed against the potentially more accurate approach 
that relies on continuous valued scores obtained from 
descriptor comparison. 

III. ROBOT VISUAL LOCALIZATION 

Robot localization can be addressed as a recognition 
problem, where the current sensor data is ascribed to a place 
from a map of the environment. When appearance 
representations rely on local image features, each feature may 
produce opinions for places, later to be aggregated in a final 
score. Within the framework of multiple classifier systems, 
fusion of opinions may be addressed by associating each 
feature with a base classifier. In this section we define the base 
classifiers of our approach, by describing how posterior 
estimates are obtained from a local feature. As one of the goals 
of this work is to assess the performance of combiners when 
their outcome is fused with additional visual information, in 
this section we also introduce a global image feature, gist, and 
describe how it is integrated with combiner outputs. 

A. Base Classifiers 

Let the current appearance I be described by a set of nf 

visual feature descriptors {d1,d2,…, dnf} and L denote the robot 
location, defined over a map comprising np places: {l1,l2,...,lnp}. 
Models of places are constructed by dividing a training image 
sequence into subsequences so that each corresponds to a 
distinct place. The model of a place lj is therefore defined by 

the collection of nlj descriptors, j
nl

jj

j
ddd ,...,, 21 , extracted 

during the training stage. In order to evaluate appearance 
similarity, the likelihood of a descriptor di may be estimated 
using a kernel density estimator: 

 ( )( )
=

=
jnl

m

j
mi

j
ji dddistK

nl
ldP

1

,
1

)|( , (1)  

where K(.) is the Gaussian Kernel function, with standard 
deviation σ, and dist is an appropriate distance function. The 
posterior distribution of the base classifier associated with 
feature di is obtained through Bayes rule, yielding  
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Here a uniform prior for place distribution is applied, as we are 
considering the situation of having no previous knowledge 
about the robot location. 

B. Fusion with Gist 

For the purpose of our experiments in the fusion of local 
features with gist, this feature is extracted in all test and model 
images. Thus, descriptor g is obtained for the current image, 
while the model of a place j includes ngj descriptors, 

j
ng

jj

j
ggg ,...,, 21 , each extracted from a training image of that 

place. In the computation of likelihood P(g|lj), g is compared to 
all gist descriptors in the model of lj, through the Euclidean 
distance, and the minimum value is found. The likelihood of g 
is obtained by evaluating the zero-centered Gaussian function 
(standard deviation σg) at the minimum distance. 

In order to perform localization exploiting both gist and 
local features, distribution P(lj|I,g) is estimated. Under the 
assumption of conditional independence of local features and 
gist, this estimate may be computed through Bayes rule as 
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However, the combiners we are considering output posterior 
distributions, rather than likelihoods. Hence, we expand the 
previous expression as 
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which may be rewritten in the form 

 )|()|(),|( jjj lgPIlPgIlP ∝ . (5) 

IV. LOCAL FEATURE FUSION THROUGH CLASSIFIER 

COMBINATION 

A. Classifier Combination Methods 

In local feature based localization, the ultimate goal is to 
arrive at an estimate of P(lj|I) derived from the outputs of 
individual base classifiers, P(lj|di). Below, we briefly review 
the two algebraic combination rules as well as the voting 
method to be assessed in this paper. Additionally, the 
extensions of the algebraic rules are outlined. 

Sum rule - The sum rule may be expressed by the 
generalized form  

 
=

=

nf

i
ijinfj dlPwddlP

1
1 )|(),...,|( , (6) 

where wi is the weight that reflects reliability of classifier i. 
These weights are constrained to sum up to one and, in the 
standard form of the sum rule, are equally set to 1/nf.  

Product rule - According to this rule, support for location 
lj is obtained by multiplying the outputs of base classifiers 
raised to the corresponding weights: 

 ∏
=

=

nf

i

w
ijnfj

idlP
Z

ddlP
1

1 )|(
1

),...,|(  (7)  

In this expression, Z is a normalizing constant. As before, the 
standard rule is obtained by setting all weights to be equal, in 
this case with the value of 1. 

 Threshold rule - In [9] the authors introduce a modified 
product rule devised to alleviate the dominating effect of close 
to zero probabilities in this fusion method. This is 
accomplished by a mechanism that modifies classifiers outputs 
that fall below a predefined threshold. Thus, before applying 
the product rule, the probability estimate from each base 
classifier is modified according to 
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)|(,)|(
 (8)  

where the index o refers to the original probability estimates 
from the base classifiers and Th denotes the threshold value. 

Voting method - Contrasting to the aforementioned 
methods, the voting scheme used in [3] performs an image-to-
image rather than an image-to-model comparison. In effect, 
this method relies on the matching criterion of [16], which 
establishes feature correspondences between two images. In [3] 
the voting method is applied to visual localization by first 
finding, for each place, the training image with the highest 
number of matches with respect to the test image. Final scores 
assigned to places are the number of matches of the 
corresponding winning images. In this paper we use this 
implementation of the voting method and, where posterior 
probabilities are needed as the outcome of the combiner, the 
score distribution is converted to a probability distribution by 
normalization. 

B. Reliability Estimation Methods 

In this paper we evaluate the weighted combination rules 
with weights being derived from the posterior distribution 
entropy. To this end, the entropy of the posterior distribution 
output of a base classifier is computed, by 

 )|(log)|(
1

ij

np

j
iji dlPdlPH

=

−=  (9) 

In order to use this measure in a weighted combination scheme, 
the entropy is mapped onto weights by a suitable 
transformation. We consider four methods to perform this 
mapping: inverse entropy (IE) [10][15], negative entropy (NE) 
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[15], inverse entropy with average threshold (IEAT) [11], and 
negative entropy with average threshold (NEAT). 

IE - In the inverse entropy method, each classifier weight is 
proportional to the inverse of the respective entropy: 

 ii Hw 1=  (10) 

NE - In the negative entropy method, weights are 
proportional to the negative entropy, being computed as 

 imaxi HHw −=  (11) 

In this expression Hmax is the maximum value the entropy can 
take. For a problem with np candidate locations it takes the 
value of log (np). 

IEAT - The IEAT method [10] computes preliminary 
weights w'i in the same way as the IE method. Then, weights 
that fall below the mean of w’i are assigned a low value (10-4), 
while the remaining weights are kept unchanged. In practice 
this procedure corresponds to eliminating the contribution of 
higher entropy features. 

NEAT – This method, which has not been tested in 
previous works, results from computing preliminary weights 
w'i as in NE and then applying the same rule as IEAT. 

V. RESULTS 

In this section we compare the classifier combination rules 
as well as the reliability estimation methods outlined in section 
4, on an outdoor place recognition task. To this end, we 
resorted to the public FDF park dataset, used in past visual 
localization investigations [17][18]. This dataset describes the 
Frederick D. Fagg Park of the University of Southern 
California as a 9-location map, providing several video 
sequences for each location, gathered using a 8mm handheld 
camcorder carried by a person. The videos are organized in 8 
sets used for testing and 7 sets used in training, each containing 
about 11000 frames. Strong lighting variation is the main 
source of variability in the data, since the videos were collected 
at different days and times of day. Considering the available 
test and training sets, several experimental conditions can be 
established. Our experiments showed that the difficulty of the 
localization task varies significantly with the differences in 
training and test lighting conditions, but the relative 
performance of the classifiers being tested is generally 
consistent. Hence, results for two representative training 
conditions, sets A and C, will be presented in the following 
analysis of results. These sets were chosen for posing 
challenging, yet distinctive scenarios to the place recognizer. 
The video sequences in the datasets are provided with the label 
of the corresponding place where they were captured. Thus, the 
localization task we consider aims at identifying the correct 
label for each image in a test set. Results presented in the next 
sections refer to the recognition rate obtained in this 
classification task. 

For the purpose of our experiments, all images are 
processed for extraction of local features, as well as gist. Local 

features are identified through the scale-space extrema detector 
and encoded in SIFT descriptors [16]. In gist extraction, 
steerable filters at 2 scales and 8 orientations are applied. Then, 
mean filter responses are averaged on a 4-by-4 grid, yielding 
gist descriptors of length 256. The parameters used in the 
experiments were empirically set for best performance, taking 
the values σ=100, σg=0.22, and Th=0.2. 

A. Performance of the Combination Methods 

Results for all combination methods are shown in tables 1 
and 2, respectively obtained with training sets A and C. Results 
for the sum and the product rules are provided using the 
standard rules as well as the threshold and weighted (NEAT) 
versions. As we can see, the sum rule is clearly superior to the 
product rule, when the standard versions are considered. This 
was an expected outcome, as the product rule is more sensitive 
to noisy data, which is prevalent in difficult test scenarios. In 
the most discrepant situations, the difference in performance of 
the two rules is larger than 10%. In its threshold version, the 
product rule exhibits a substantial improvement, achieving 
levels of performance closer to the sum rule. Average 
recognition rate differences are now less than 1%. It is 
interesting to notice that the sum rule is also favoured by the 
threshold operation, which was originally developed to 
increase the product rule accuracy. By comparing the weighted 
with the standard rules, we can conclude that the weighting 
scheme also contributes to improve the recognition rate of both 
rules. The performance gains observed are similar to the 
threshold method; nevertheless, in this respect the weighting 
scheme is on average slightly more efficient with the sum rule. 

Despite using a hard-level decision outcome of base 
classifiers, the voting method performs reasonably well. In 
particular, the comparison with the standard algebraic rules is 
favourable to voting, in the case of training set C. However, all 
the modifications of the standard rules are superior to the 
voting method, in the two training sets. 

B. Evaluation of the Reliability Measures 

In order to evaluate the reliability estimation methods, 
localization experiments were carried out with the schemes 
detailed in section 4. The corresponding results are shown in 
table 3 by the mean recognition rates obtained over all test sets. 
We observe that, with the product rule, the methods IEAT and 
NEAT generally surpass their non-eliminating feature 
counterparts, respectively IE and NE. This should be explained 
by the fact that high entropy features result in poor posterior 
distribution estimates, which are especially detrimental to the 
product rule. Thus, by strongly reducing the contribution of 
these features, the IEAT and NEAT methods achieve a 
performance gain. Smaller differences are observed when the 
same comparison is performed with respect to the sum rule. 
Yet, on average, IEAT and NEAT also perform better than IE 
and NE respectively. The comparison of methods using the 
inverse entropy function (IE and IEAT) with those using 
negative entropy function (NE and NEAT) shows consistent 
superiority of the latter in training set A. However, this relation 
is not observed in training set C, suggesting that none of these 
mappings is optimal. 
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TABLE 1. RECOGNITION RATE [%] OBTAINED WITH THE VARIOUS COMBINATIONS RULES ON TRAINING SET ‘A’. 

Standard rule Threshold Weighting (NEAT) 
Test set Voting 

Sum Product Sum Product Sum Product 

1 95.1 99.7 95.5 99.9 99.8 99.9 99.4 

2 80.9 93.7 83.3 95.7 94.8 96.3 94.4 

3 93.5 97.9 96.9 97.8 97.8 97.8 97.7 

4 95.4 97.4 97.0 97.3 97.2 97.7 98.1 

5 85.5 94.0 84.8 97.1 96.0 97.7 94.6 

6 82.6 89.7 81.9 93.2 92.4 94.0 91.1 

7 92.6 96.6 95.8 96.8 96.8 96.9 96.4 

8 92.0 97.6 93.2 99.3 99.1 98.4 96.5 

mean 89.7±5.4 95.8±3.0 91.1±6.1 97.1±2.0 96.7±2.2 97.3±1.6 96.0±2.4 

TABLE 2. RECOGNITION RATE [%] OBTAINED WITH THE VARIOUS COMBINATIONS RULES ON TRAINING SET ‘C’. 

Standard rule Threshold Weighting (NEAT) 
Test set Voting 

Sum Product Sum Product Sum Product 

1 97.6 90.5 82.0 99.2 98.4 99.7 98.0 

2 94.8 97.4 84.2 99.3 98.9 99.2 98.3 

3 100.0 100.0 100.0 100.0 100.0 100.0 100.0 

4 100.0 100.0 100.0 100.0 100.0 100.0 100.0 

5 94.6 95.1 81.5 96.9 96.0 98.1 97.3 

6 99.7 99.3 88.9 100.0 100.0 100.0 99.7 

7 99.9 99.9 96.5 100.0 100.0 100.0 100.0 

8 98.0 93.2 83.6 98.1 98.2 97.0 96.0 

mean 98.1±2.1 96.9±3.4 89.6±7.5 99.2±1.1 98.9±1.3 99.3±1.1 98.7±1.4 

 

C. Fusion with Gist 

Previously, we analyzed localization results based solely on 
base combiner outcomes. Here we focus on the behaviour of 
these rules when their outcome is combined, through Bayes 
fusion (5), with gist. It should be noted that the use of Bayes 
fusion, together with the product rule for local feature 
combination, implies gist having the same role as a local 
feature, since the product operation is implicit in Bayes rule. In 
contrast, through the sum rule, local features are aggregated by 
an averaging operation, that filters their individual contribution. 
In this case, Bayes fusion with gist allows this feature to have a 
stronger impact. Comparing the mean recognition rate results 
in table 4 with those in tables 1 and 2, for the standard sum 
rule, it is noticeable that the influence of gist negatively 
impacts performance. In the worse case (training set A) a 
reduction in average recognition rate of about 5% is observed. 
This can be attributed to the low discriminativity of gist, which 
in this case implied a global performance reduction. 
Nonetheless, when the sum rule is used in its threshold and 
weighted versions and gist has a positive impact. This is due to 
the higher accuracy of posterior estimates provided by these 
modifications, which compensates for the low discriminativity 
of gist. Results for the product rule suggest that fusion with gist 
is not detrimental to the standard rule, and gains can be 
achieved, in the enhanced versions of the rule. But, where this 
feature is most beneficial (training set C), the gain is less 
pronounced than that observed with the sum rule. 

Since the voting method computes a score by accumulating 
votes from base classifiers, some similarities to the sum rule 

are expected. Results for the combination of voting estimates 
with gist show that fusion also has a strong influence here. 
However, while the standard sum rule was negatively 
impacted, the voting method exhibits performance 
improvements. Yet, when the sum rule modifications are 
considered, it still compares favourably against the voting 
method. 

VI. CONCLUSIONS 

The goal of this paper was to study the relative merits of 
different local feature combination methods, for the purpose of 
robot visual localization. Our experiments have demonstrated 
that the algebraic rules show significant limitations, in their 
standard versions. The product rule, being more sensitive to 
noise, does not offer competitive performance. On the other 
hand, the fusion of combiner outputs with gist, through Bayes 
rule, proved the standard sum rule to be limited in 
compensating for the low discriminativity of gist. 

Both the sum and the product rules can be substantially 
enhanced by suitable modifications. In this regard, two 
adaptations were assessed, the first applying a threshold on 
base classifier outcomes, whereas the second weights base 
classifiers contribution.  An interesting finding was that the 
threshold method, originally developed to attenuate the product 
rule limitations, also improves the sum rule performance. Our 
comparison of the threshold method with the weighting method 
showed similar performance gains over the standard rules. The 
voting method proved competitive to the algebraic rules in 
their  standard  form,  however,  it  was outperformed by all the 
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TABLE 3. MEAN RECOGNITION RATE [%] OBTAINED WITH THE FOUR RELIABILITY ESTIMATION METHODS. RESULTS FOR TRAINING SETS ‘A’ AND ‘C’. 

Sum Product Training 
set IE NE IEAT NEAT IE NE IEAT NEAT 

A 96.9±2.2 97.2±1.9 97.2±1.7 97.3±1.6 94.7±3.2 95.5±2.8 95.9±2.5 96.0±2.4 

C 99.2±0.9 99.2±1.1 99.4±1.0 99.3±1.1 97.5±2.9 97.6±2.4 98.9±1.1 98.7±1.4 

TABLE 4. MEAN RECOGNITION RATE [%] OBTAINED BY FUSING LOCAL FEATURE BASED ESTIMATES WITH GIST. RESULTS FOR TRAINING SETS ‘A’ AND ‘C’. 

Standard rule Threshold Weighting (NEAT) Training 
set Voting 

Sum Product Sum Product Sum Product 

A 94.7±3.3 91.7±6.0 91.1±6.1 97.3±2.1 96.9±2.2 97.6±1.6 96.1±2.4 

C 99.7±0.4 94.8±5.2 89.6±7.5 99.9±0.2 99.1±1.2 99.9±0.2 98.7±1.4 

        

 

enhanced versions. 

In our evaluation of the weighting method, reliability of 
base classifiers is derived from their entropy. Several candidate 
functions for the mapping from entropy to weighs were tested. 
While the inverse entropy and negative entropy functions did 
not show consistent differences in results, the severe reduction 
of high entropy features contribution showed a systematic 
improvement in the product rule. 

Our experiments on Bayes fusion with gist have shown the 
voting and sum rules to be more susceptible to this 
combination. In particular, the standard sum rule exhibited 
substantial performance reduction after fusion, which was 
nevertheless compensated in the enhanced versions of the rule. 
When Bayes fusion is used together with the product rule, gist 
contributes to the posterior estimates in the same way as the 
local features. This implies a smaller influence of gist, 
confirmed in our experiments, which showed a slight but 
consistent performance gain.  

Overall, it is notable that the extensions of the sum rule are 
very consistent in outperforming the other methods, indicating 
that these should be the preferred choices to local feature 
combination. Future work will extend this evaluation to a 
larger number of datasets, including indoor environments, and 
will address the integration of multiple frame information 
through a temporal filter. 
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Abstract—Visual Odometry is one of the most powerful, yet
challenging, means of estimating robot ego-motion. By grounding
perception to the static features in the environment, vision is
able, in principle, to prevent the estimation bias rather common
in other sensory modalities such as inertial measurement units
or wheel odometers. We present a novel approach to ego-motion
estimation of a mobile robot by using a 6D Visual Odometry
Probabilistic Approach. Our approach exploits the complemen-
tarity of dense optical flow methods and sparse feature based
methods to achieve 6D estimation of vehicle motion. A dense
probabilistic method is used to robustly estimate the epipolar
geometry between two consecutive stereo pairs; a sparse feature
stereo approach to estimate feature depth; and an Absolute
Orientation method like the Procrustes to estimate the global
scale factor.

We tested our proposed method on a known dataset and com-
pared our 6D Visual Odometry Probabilistic Approach without
filtering techniques against a implementation that uses the well
known 5-point RANSAC algorithm. Moreover, comparison with
an Inertial Measurement Unit (RTK-GPS) is also performed,
for providing a more detailed evaluation of the method against
ground-truth information.

I. INTRODUCTION

Visual Navigation Systems have been increasingly used to

help improve robot’s ability to perceive and navigate through

out their environment. These systems are mainly built by

one or more low-cost sensors(cameras), and are becoming

ubiquituous, together with Inertial Measurement Units(IMU),

in modern mobile robots.
An important component of such systems is the ability to

estimate the robot velocity. When vision cameras are used

as sensors, this capability is generically denoted as Visual

Odometry(VO). Usually such systems are based on computer

vision techniques such as deterministic optical-flow techniques

and/or appearance based matching.
One of the main advantages of using VO techniques is their

ability to provide short term estimates of robot velocity to

feed higher levels of the robot navigation system, instead of

relying solely in constant angular and linear velocity motion

models. Constant velocity models are unable to cope with

camera/robot sudden movements and often conduct to tracking

failures. Some related work, performed by Alcantarilla et al

[1], used this method as prior for the prediction step of a robust

EKF-SLAM algorithm.
VO has been a continuous topic of research over the past

years. These systems suffered a major outbreak due to the

outstanding work of [2] on NASA Mars Rover Program. Nister

et al ([3],[4]) developed a Visual Odometry system, based on

a 5-point algorithm, that became the standard algorithm for

comparison of Visual Odometry techniques. This algorithm

can be used either in stereo or monocular vision approaches

and consists on the use of several visual processing techniques,

namely: feature detection and matching, tracking, stereo trian-

gulation and RANSAC [5] for pose estimation with iterative

refinement.

Others, like Ni et al[6], use sparse flow separation of

features based on disparity together with two-point RANSAC

to recover rotation, while for the translation a one-point

RANSAC algorithm is used.

In [7] it is proposed a visual odometry estimation method

using stereo cameras. A closed form solution is derived

for the incremental movement of the cameras and combines

distinctive features (SIFT) [8] with sparse optical flow.

Notwithstanding the amount of research in Visual Odometry

during the past few years, almost all approaches employ

feature based methods. These methods have the advantage

of being fast, since only a subset of the image points is

processed, but depend critically on the features to track

between consecutive pairs of frames and are often sensitive

to noise. On the contrary, dense methods combined with

probabilistic approaches have demonstrated higher robustness

to noise and outliers. In Domke et al [9], a method for

estimating the epipolar geometry describing the motion of a

camera is proposed using dense probabilistic methods. Instead

of deterministically choosing matches between two images, a

probability distribution is computed over all possible corre-

spondences. By exploiting a larger amount of data, a better

performance is achieved under noisy measurements. However,

that method is more computationally expensive and does not

recover translational scale factor.

In our work, we propose the use of a dense probabilistic

method such as Domke et al [9] but with two important addi-

tions: (i) a sparse feature based method is used to estimate the

translational scale factor and (ii) a fast correspondence method

using a recursive ZNCC(Zero Normalized Cross Correlation)

implementation is provided for computational efficiency.

Our method, here on denoted (6DP) combines sparse feature

detection and tracking for stereo-based depth estimation, using

the well-known Harris corner detector[10] and a variant of the
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dense probabilistic ego-motion method developed by Domke

et al [9] to propagate the sparse features along time. Upon

obtaining two registered point sets in consecutive time frames,

an Absolute Orientation method, defined as an orthogonal

Procrustes problem (AO) is used to recover motion scale.

To evaluate our system versus current state-of-the-art tech-

niques, we utilized Kitt et al [11] dataset. Our focus is on

the raw estimation of robot velocity, so no filtering was

performed. We compared the results obtained by our method

against our implementation of a 5-point RANSAC method

with highly distinctive SIFT [8] features, in order to provide

a valid comparison between different approaches for angular

and linear velocity camera motion estimation.

Furthermore, we compared our results against IMU mea-

surements [11], which have already accurate position mea-

surements from fusing INS data with GPS information, thus

providing ground-truth information.

This paper is organized as follows: In section II, our

algorithm and implementation is discussed, in section III

experimental results are presented and finally in section IV

conclusions and future work plans are presented.

II. 6D VISUAL ODOMETRY USING PROBABILISTIC

EGOMOTION

Our solution is based on the probabilistic method of ego-

motion estimation using the epipolar constraint developed by

Domke et al [9]. This is a dense image pixel correlation

method, that due to its probabilistic nature, does not commit

the match correlation of image point Pk(x,y) in IL
T k to other

image point Pk(x,y) in IL
T k+1. Instead, it copes with several

hypothesis of matching for image point Pk(x,y) in IL
T k+1, thus

making the estimation of the fundamental matrix Es more

robust to image feature matching errors and hence providing

a more accurate camera motion estimation [R,t] between IT k
and IT k+1. However, the method from [9] is unable to estimate

motion scale, so we added a stereo vision sparse feature

based approach that takes Harris corner features from IT k, and

use knowledge of Es to search along the epipolar lines the

correspondences between IL
T k and IL

T k+1.

FIL
T k,I

L
T k+1

= K
′T
L EsKT

L (1)

This sparse and dense feature based approach, allows to

narrow the search for correspondences between IL
T k and IL

T k+1

to feature points that lie on the epipolar line, making this

method less time consuming, as well as more robust to errors

in feature matching correlation between image frames. An

architecture of our proposal is shown in figure 1. In summary,

it is composed by the following main steps:

1) First, image feature points are detected in the current

pair of stereo frames (IL
T k, I

R
T k), using a known feature

detector. These image feature points are then correlated

between left and right image to obtain 3D point depth

information. It is assumed a calibrated and rectified

stereo system, thus search for matches is done along

horizontal epipolar lines.

Fig. 1. 6D Visual Odometry System Architecture

2) Second, dense likelihood correspondence maps are com-

puted based on ZNCC[12] correlation. These maps are

be used to recover the fundamental matrix between two

consecutive left image pairs IL
T k and IL

T k+1, through like-

lihood maximization of fundamental matrix hypotheses

supported on the computed dense correspondence maps.

3) Third, due to the need to determine the motion scale

between IT k and IT k+1, a Procrustes absolute orientation

method(AO) is utilized. The AO method uses 3D image

feature points obtained by triangulation from stereo

image pairs (IL
T k, I

R
T k) and (IL

T k+1, I
R
T k+1) combined with

robust techniques like RANSAC[5], thus obtaining only

good candidates (inliers) for Procrustes based motion

scale determination.

4) Finally, vehicle linear and angular velocity (V,Ω) be-

tween IT k and IT k+1 is determined.

A. Probabilistic Correspondence

The key to the proposed method relies in the considera-

tion of probabilistic rather than deterministic matches. Usual

methods for motion estimation consider a match function M
that associates coordinates of points m = (x,y) in image 1 to

points m′ = (x′,y′) in image 2 :

M(m) = x′ (2)

Instead, the probabilistic correspondence method defines a

probability distribution over the points in image 2 for all points

in image 1:

Pm(m′) = P(m′|m) (3)

Thus, all points m′ in image 2 are candidates for matching with

point m in image 1 with a priori likelihoods proportional to
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Pm(m′). One can consider Px as images (one per each pixel in

image 1) whose value in m′ is proportional to the likelihood

of m′ matching with mx. For the sake of computational cost,

likelihoods are not computed for the whole range in image 2

but just to windows around m (or suitable predictions given

prior information). In [9] this value was computed via the

normalized product, over a filter bank of Gabor filters with

different orientation and scales, of the exponential of the

negative differences between the angle of the Gabor filter

responses in m and m′. The motivation for using a Gabor

filter bank was the robustness of their responses to changes

in the brightness and contrast of the image. However, the

computations demand a significant computational effort, thus

we propose to perform the computations with the well known

ZNCC method, displayed in equation 4.

Cx,y(u,v) =
∑

x,y∈W
( f (x,y)− f̄ )(g(x+u,y+ v)− ḡ)√

∑
x,y∈W

( f (x,y)− f̄ )2
√

∑
x,y∈W

(g(x+u,y+ v)− ḡ)2

(4)

This function is also known to be robust to brightness and

contrast changes and recent efficient recursive schemes de-

veloped by Huang et al[12] render it suitable to real-time

implementations. That method is faster to compute and yields

the same quality as the method of Domke.
1) Recursive ZNCC: The global objective of the ZNCC

method is to compare a reference subset (the correlation

window sampled in the reference image) to a corresponding

template in another image. The method developed by Huang

et al[12] uses a recursive scheme for calculating the numerator

of (5) and a global sum-table approach for the denominator,

thus saving significant computation time.

In summary, the method has two distinctive parts one for

calculating ZNCC numerator and other for the denominator

calculation. The ZNCC equation 4 can be described in the

following form.

Cx,y(u,v) =
P(x,y;u,v)−Q(x,y;u,v)√

F(x,y)
√

G(x,y;u,v)
(5)

On the other hand, although Q(x,y;u,v) can be calculated

using a sum-table approach, the term P(x,y;u,v) involves

cross correlation terms between both images and cannot be

calculated recurring to a sum-table approach, since (u,v) are

sliding window parameters.

We selected a window size Nx,Ny = 20, thus the number

of calculations of P would be [(2Nx +1)× (2Ny +1)] addition

operations. Yet, due to a fast recursive approach we can extend

calculations made for a given point P(x,y) to P(x+Lx,y+Ly)
in the camera reference image IL

T k (see more details in [12]).
2) Probabilistic Egomotion: From two images of the same

camera, one can recover its motion up to the translation scale

factor. This can be represented by the epipolar constraint

which, in homogeneous normalized coordinates can be written

as:

(s′)T Es = 0 (6)

where E is the so called Essential Matrix [13], a 3X3 matrix

with rank 2 and 5 degrees-of-freedom. Intuitively, this matrix

expresses the directions in image 2 that should be searched

for matches of points in image 1. It can be factored by:

E = R [t]× (7)

where R and t are, respectively, the rotation and translation of

the camera between the two frames.

To obtain the Essential matrix from the probabilistic cor-

respondences, [9] proposes the computation of a probability

distribution over the (5-dimensional) space of essential matri-

ces. Each dimension of the space is discretized in 10 bins,

thus leading to 100000 hypotheses Ei. For each point s the

likelihood of these hypotheses are evaluated by:

P(Ei|s) ∝
max

s′ : (s′)T Eis = 0 Ps(s′) (8)

Intuitively, for a single point s in image 1, the likelihood of a

motion hypothesis is proportional to the best match obtained

along the epipolar line generated by the essential matrix.

Assuming independence, the overall likelihood of a motion

hypothesis is proportional to the product of the likelihoods

for all points:

P(Ei) ∝ ∏
s

P(Ei|s) (9)

After a dense correspondence probability distribution has

been computed for all points, the method [9] computes a

probability distribution over motion hypotheses represented by

the epipolar constraint. Finally, given the top ranked motion

hypotheses, a Nelder-Mead simplex method is used to refine

the motion estimate.

Once the essential matrix between images IL
T k and IL

T k+1

has been computed by the method described in the previous

section, we search along the epipolar lines for matches in IL
T k+1

to the features computed IL
T k, as displayed in figure 2.

Finally, the matches in IL
T k+1 are propagated to IR

T k+1 by

searching along the horizontal stereo epipolar lines. From

this step we computer the 3D cloud of points at time TK+1

corresponding to the ones obtained for TK . Points whose

matches were not found or unreliable are discarded from the

point clouds.

Furthermore, by finding the correspondence between all

points (IL
T k and IL

T k+1) using the epipolar constraint, motion

estimation up to a scale factor (R,Ts) between images IL
T k and

IL
T k+1 can be computed.

E = [Ts]×R (10)

However, since the current method does not allow motion

scale recovery, translation Ts component does not contain

translation scale information. This type of information, is

calculated by an alternative absolute orientation method like

the Procrustes method.
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B. Procrustes Analysis and Scale Factor Recovery

The Procrustes method allows to recover rigid body motion

between frames, through the use of 3D point matches. We

assume a set of 3D features (computed by triangulation

of Harris corners in our implementation) in instant tT k be

described by {X ′
i }T k, move to a new position and orientation

in tT k+1, described by {Y ′
i }T k+1 . This transformation can be

represented as:

Y ′
i = RX ′

i +T (11)

where Y ′
i points, are 3D feature points in IT k+1.

These points were detected using probabilistic matched

points between IL
T k and IL

T k+1, that were triangulated to their

stereo corresponding matches in IR
T k+1. These two sets of

points are the ones that are used by Procrustes method to

estimate motion scale.

In order to estimate motion [R,T], a cost function that

measures the sum of squared distances between corresponding

points is used.

c2 =
n

∑
i

∥∥Y ′
i − (RX ′

i +T )
∥∥2

(12)

Performing minimization of equation 12, gives estimates of

[R,T ]. Although conceptually simple, some aspects regarding

the practical implementation of the Procrustes method must

be taken into consideration. Namely, since this method is very

sensible to data noise, obtained results tend to vary in the

presence of outliers. To overcome this difficulty, RANSAC [5]

is used to discard possible outliers within the set of matching

points.

1) Bucketing: For a correct motion scale estimation, it

is necessary to have a proper spatial feature distribution

through out the image. For instance, if the Procrustes method

uses all obtained image feature points without having their

image spatial position into consideration, the obtained motion

estimation [R,T] between two consecutive images could turn

out biased.

Given these facts, to avoid having biased samples in the

RANSAC phase of the algorithm, a bucketing technique [14]

is implemented to assure a unbiased image feature distribution

sample.

C. Linear and Angular Velocity Estimation

To sum up the foregoing, we determine camera motion es-

timation up to a scale factor using a probabilistic method, and

by adding stereo vision combined with Procrustes estimation

method, we are able to determine missing motion scale, thus

being able to easily obtain both linear and angular camera

velocities (V,Ω).

III. RESULTS

In this section, some results illustrating the performance of

our proposed solution for 6D Visual Odometry estimation are

presented.

A. Setup

We utilized Kitt et al [11] dataset sequence. This dataset

contains stereo vision information (2 cameras) separated by a

40 cm baseline, frame-rate at 10 fps and 391 × 1344 image

resolution. Moreover, regarding ground-truth data, the dataset

also contains fused GPS and IMU information consistent with

vehicle pose(x,y,z) and orientation (roll,pitch,yaw) informa-

tion. We aligned the vehicle reference frame with the camera

reference frame for comparison purposes.

We compared the performance of our approach against

ground-truth IMU (RTK-GPS) information and also versus

our 5-point RANSAC algorithm using SIFT features [8].

Our objective is to compare our sparse and dense feature

based solution with non-preserving scale feature detectors, as

opposing to a more direct approach using SIFT and Nearest

Neighbour strategy to correlate features between IL
T k and IL

T k+1.

To validate our results, we used the AO method for motion

scale estimation in both approaches, even though there is no

need to do so for the 5-point RANSAC implementation.

B. Results Comparison

In this section, one can observe results comparing our

approach versus IMU ground-information and also with our

implementation of the 5-point RANSAC algorithm. We present

results of 6D velocities estimation (Linear and Angular) in the

camera reference frame, which is defined as: X axis contains

pitch information, Y axis yaw information and Z axis roll

information according to the right hand rule, Z points towards

the front.

Our method (6DP) contains a hybrid approach (dense and

sparse) correlation method. Results were obtained using only

1000 ZNCC correlation points between IL
T k and IL

T k+1.

In figure 3, one can observe the performance for angular

velocity estimation between our 6DP method versus IMU

and 5-point RANSAC information. The displayed results

demonstrate a high degree of similarity between performance

obtained using 6DP and IMU ground-truth information results.

Additionally, results obtained by 6DP were performed without
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Fig. 3. Comparison of Angular velocities Estimation Results

using any type of filtering technique, thus the display of one

or two clear outliers (see figure arrows), that do not influence

overall results when compared to IMU filtered information.

Most importantly, when it comes to angular velocities estima-

tion 6DP method performance is better than the performance

exhibited by the 5-point RANSAC algorithm.

However, for linear velocities as displayed in figure 4, the

5-point RANSAC algorithm implementation performance is

smoother then our 6DP approach, especially in Z axis Tz. This

may be due to the use of more reliable features (SIFT)[8] in

the 5 point algorithm that the Harris corners used in 6DP.

The results here displayed demonstrate a compatible perfor-

mance of both algorithms, one more suitable for linear motion

estimation and the other more suitable for angular motion

estimation.

What concerns methods run-time operations, 6DP by using

recursive ZNCC approaches allows to reduce Domke Gabor

Filter processing time by 20 percent. Even so, 6DP it is not

yet suitable for real-time applications.

IV. CONCLUSIONS AND FUTURE WORK

In this paper, we presented a novel 6D Visual Odometry

algorithm based on sparse and dense feature based mixture

of Probabilistic Egomotion methods with stereo vision. We

tested our algorithm performance against other known methods

for visual odometry estimation, namely against the 5-point

RANSAC algorithm.

The obtained results demonstrated that probabilistic meth-

ods are a viable way to conduct visual odometry estimation,

especially by providing additional evidence that this type of

approach performs particularly well on estimating camera

rotation movement and translation up to a scale factor.

However, results presented also show that for obtaining

motion scale estimation, the performance of using Harris

corners propagated through E from sequential time frame

images are not as accurate as the one obtained using highly

distinctive features such as SIFT. Following this further, this

occurs due to low correlation values between IL
T k and IL

T k+1

points.

In future work, one can overcome such events by extending

our probabilistic approach to other types of multiple view

geometry parametrization scheme. Moreover one that is able

to cope with camera motion estimation with motion scale

without the use of stereo vision. Other approach, can be adding

IMU mechanization to the visual odometry estimation(Inertial

Priors), to help select the more appropriate features for use

with Absolute Orientation method.
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solution to probabilistic 6D visual odometry for a stereo camera,” in
Proceedings of the 9th international conference on Advanced concepts
for intelligent vision systems. Springer-Verlag, 2007, pp. 932–942.

[8] D. Lowe, “Distinctive image features from scale-invariant keypoints,”
International journal of computer vision, vol. 60, no. 2, pp. 91–110,
2004.

[9] J. Domke and Y. Aloimonos, “A Probabilistic Notion of Correspondence
and the Epipolar Constraint,” in Third International Symposium on 3D
Data Processing, Visualization, and Transmission (3DPVT’06). IEEE,
Jun. 2006, pp. 41–48.

[10] C. Harris and M. Stephens, “A combined corner and edge detection,” in
Proceedings of The Fourth Alvey Vision Conference, 1988, pp. 147–151.

[11] B. Kitt, A. Geiger, and H. Lategahn, “Visual odometry based on stereo
image sequences with ransac-based outlier rejection scheme,” in IEEE
Intelligent Vehicles Symposium (IV), 2010. IEEE, 2010, pp. 486–492.

[12] J. Huang, T. Zhu, X. Pan, L. Qin, X. Peng, C. Xiong, and J. Fang, “A
high-efficiency digital image correlation method based on a fast recursive
scheme,” Measurement Science and Technology, vol. 21, no. 3, 2011.

[13] R. I. Hartley and A. Zisserman, Multiple View Geometry in Computer
Vision, 2nd ed. Cambridge University Press, ISBN: 0521540518, 2004.

[14] Z. Zhang, R. Deriche, O. Faugeras, and Q.-T. Luong, “A robust technique
for matching two uncalibrated images through the recovery of the
unknown epipolar geometry,” Artificial Intelligence Special Volume on
Computer Vision, vol. 78, no. 2, pp. 87 – 119, 1995.

Proceedings of the 13th International Conference on Mobile Robots and Competitions 
April 24, 2013. Lisbon, Portugal

© 2013 IEEE 

Robotica 2013 was organized under the IEEE Robotics & Automation Society Technical Co-Sponsorship 
978-989-97531-2-9

55



Enhanced PCA-Based Localization
Using Depth Maps with Missing Data

Fernando Carreira and João M. F. Calado
IDMEC-IST - Technical University of Lisbon

and ADEM-ISEL - Polytechnic Institute of Lisbon
1959-007 Lisboa, Portugal

Email: {fcarreira,jcalado}@dem.isel.ipl.pt

Carlos Cardeira
IDMEC-IST

Technical University of Lisbon
1049-001 Lisboa, Portugal

Email: carlos.cardeira@ist.utl.pt

Paulo Oliveira
ISR-IST and IDMEC-IST

Technical University of Lisbon
1049-001 Lisboa, Portugal

Email: p.oliveira@dem.ist.utl.pt

Abstract—In this paper a new method for a global self-
localization of mobile robots based on a PCA positioning sen-
sor to operate in unstructured environments is proposed and
experimentally validated. Unlike many existing systems that use
RGB signals to capture information from the environment, in this
work a 2D depth sensor is used, allowing the self-localization to
be performed under different illumination conditions. However,
depth sensors provide measurements corrupted with missing data,
due to limitations on the support physic principles exploited
(e.g. light that illuminates surfaces with diffuse reflection or
wave fading), which severely degrades the performance of the
estimation techniques and limits its use. The main goal of this
paper is to present a self-localization system for mobile robots
based on a PCA positioning sensor that relies on corrupted depth
measurements and the corresponding experimental validation.
The proposed method allows for the implementation of a global
self-localization system for indoor environments with higher
accuracy, that provide a Gaussian estimated position error and
work in any illumination conditions.

I. INTRODUCTION

The problem of mobile robots localization with only
onboard sensors in indoors environments has been a great
challenge to researches in mobile robotics, see [8], [3] and the
references therein. To perform this task, usually, mobile robots
are equipped with different types of sensors like compasses,
accelerometers, gyros, cameras, time of flight cameras and en-
coders, providing enough information to the measuring system
to determine its global pose, i.e., position and orientation in a
mapped environment.

Vision is one of the most popular sensors in mobile robotics
to provide measurements to solve the localization, due to the
large amount of information provided on the environment,
extracted from the RGB image [23], [22], [16], [11]. However,
in vision systems remains a general limitation related to
different environment illumination conditions that decreases
the localization systems robustness.

To avoid the above mentioned problem, some localization
systems are based on time-of-flight sensors [17]. The use of
time-to-flight sensors allows to obtain depth information about
the environment and presents a more robust system able to
cope with different light conditions. Moreover, the time-of-
flight cameras allows the capture of depth images, where the
sensor is able to receive a grid with depth information from
all field of view [1]. However, it is expensive to implement
this type of cameras in many mobile robotic platforms.

Recently, the companies PrimeSense and Microsoft devel-
oped a device primarily for video games, called Kinect, that
combines a RGB and a depth camera. Due to its low price and
a straightforward way to be connected with a computer, the

Kinect device became popular in mobile robotics community
creating several different applications of mobile robots [25],
[12], [13].

A very common problem in depth sensors, including the
Kinect depth sensor, is the existence of missing data in
signals, caused by IR beams that are not well reflected, not
returning to the depth sensor receiver. In [19], [20], a method
using the Principal Component Analysis (PCA) methodology
is presented to avoid the problem of missing data in sig-
nals and its performance is compared with other state-of-
the-art algorithms. The PCA [14] is an efficient algorithm
that converts the database into an orthogonal space creating
a database with a high compression ratio, when compared
with the amount of captured data. Moreover, the PCA allows
to develop localization systems that do not depend on any
predefined structure [15], [2], i.e, does not need to detect any
specific features about the environment. In [21], PCA is used
for terrain reference navigation of underwater vehicles.

There are different approaches in installing cameras to
develop localization systems. The most common solution is
to allow placement of cameras to look around to obtain its
position [24], [11], while some mobile robots use a single
camera looking upward [9], [26]. The use of vision from
the ceiling has the advantage that images can be considered
without scaling and are static.

While many localization systems uses the information of
extraction features to the localization of the mobile robot in
a structured environment [18], the use of PCA allows the
creation of a localization system with a great compression ratio
and without the need of feature extracting.

In this work, the main purpose is the experimental valida-
tion of [19], [20] avoiding the missing data existing in a ceiling
vision localization system performed by a Kinect depth sensor.

This paper is organized as follows: Section II presents
the mobile robot platform and the motivation for the use of
Kinect in the proposed localization system; in the Section
III, the principal component analysis for signals with missing
data is detailed. For performance analysis purposes, Section
IV presents experimental results of the proposed method,
compared with the results achieved using the classical PCA
algorithm along a straight line (1D localization); in Section V
the results of the proposed method are presented and validated
in a 2D localization approach. Finally, Section VI presents
some conclusions and unveils future work.

II. MODEL PLATFORM

The experimental validation of the positioning system pro-
posed in this paper is performed resorting to a low cost mobile
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Fig. 1. Mobile platform equipped with kinect sensor and compass

robotic platform [4], with the configuration of a Dubins car. A
Microsoft Kinect is installed on the platform, pointing upwards
to the ceiling, and a digital compass, located on the extension
arm (robot rear part) to avoid the magnetic interference from
the motors (see Fig. 1)

The Kinect includes a RGB camera with a VGA resolution
(640×480 pixels) using 8 bits and a 2D depth sensor (640×480
pixels) with 11 bits of resolution. The use of this sensor for
mobile robots localization could combine the capture of a RGB
image and a depth map about the environment, obtaining RGB-
D images, as shown in Fig. 2. This image depicts the ceiling
view captured by the Kinect installed onboard the mobile
robot. Note that it is possible to observe both the 3D shape of
the existing technical installations in the ceiling and its color.

The robot moves in an environment indoors in buildings
with some information (e.g. building-related systems such as
HVAC, electrical and security systems, etc.). It is possible to
use the signals captured by a Kinect looking upward (RGB
image, depth map or both) by an algorithm that can provide
mobile robot global position in the environment.

Due to limitations found in image-based mobile robot
localization approaches, regarding illumination changes, and
aiming the development of an efficient self-localization solu-
tion that can work in places with variation on the level of
illumination, only the Kinect depth signal is used, resorting to
an adaptation to the method proposed in [21], [6], [7], [5] to
the problem at hand.

However, as it is possible to observe in Fig. 2, due to
geometry and properties of some objects, several waves are

Fig. 2. RGB-D image of the ceiling view obtained by the kinect installed
onboard the mobile robot

not well reflected and, thus, can not be understood by the
depth sensor receiver. In the case of Kinect, such a problem
results in the appearance of points with null distance (0mm)
inside the data array with the depth values (distances to various
points in the plane), that may lead to erroneous results in
the localization system. In this paper an extension of a PCA-
based position approach will be presented aiming to cope with
the illumination variability problem common to usual vision
systems, in both cases to be validated experimentally.

III. PCA FOR SIGNALS WITH MISSING DATA

PCA [14] is a methodology based on the Karhunen-Loève
(KL) transformation that is often used in applications that need
data compression, like image and voice processing, data min-
ing, exploratory data analysis and pattern recognition. The data
reduction is obtained through the use of a database eigenspace
approximation by the best fit eigenvectors. This technique
makes the PCA an algorithm that has a high compression
ratio and requires reduced computational resources. The PCA
algorithm is used as the mobile robot position sensor in [6],
[7] .

The PCA eigenspace is created based on a set of M
stochastic signals xi ∈ RN , i = 1, . . . ,M acquired by
a Kinect depth sensor installed onboard the mobile robot,
considering an area with N mosaics in two dimensional space,
N = NxNy , where Nx and Ny are the number of mosaics in
x and y axis, respectively.

In the common PCA-based approaches, the eigenspace of
the set of acquired data is characterized by the corresponding

mean mx = 1
M

∑M
i=1 xi. However, usually these signals

obtained by sensors are corrupted with missing data. In the
case of the depth map provided by Kinect, the points where
failures occurred in the depth data reception are marked with
a null distance (0mm). Therefore, the existence of missing
data in signal xi corrupts the PCA mean value computation
creating an orthogonal space with erroneous data.

To solve the position estimation problem when data with
missing data is used, a mean substitution method is applied to
the PCA position sensor, as described below. Thus, a vector
l with length N consisting of boolean values is used to mark
the real and missed data of a signal xi. Then, considering the
jth component of acquired signal xi, the index li(j) is set to
1 if the signal xi(j) is available and it is set to 0 if there is a
missing data.

Hence, to avoid the negative impact of the sensor signals
missing data in PCA-based approaches performance, an ex-
tension to this methodology is proposed in this paper, where
instead of considering all values of the M stochastic signals to
compute the previously mentioned mean value mx, only the
correct data is used and the value corresponding to missing
data is neglected. Thus, the mean data is computed as follows:

mx(j) =
1

c(j)

M∑
i=1

li(j)xi(j), j = 1, ..., N (1)

where c(j) is the number of jth components for a set of M
signals xi ∈ RN , i = 1, . . . ,M without missing data. The
counter c is a vector with length N defined by:

c =

M∑
i=1

li (2)
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In order to apply the mean substitution method to the PCA
algorithm, all missing data presented in the acquired database
is replaced by the mean value of the corresponding component,
i.e., if there is a missing data in the jth component of the ith

signal, the missing value xi(j) is replaced with the value of
mx(j). After this substitution, the decomposition of the xi(j)
into the orthogonal space follows the PCA algorithm classical
approach, i.e. v = UT (x−mx). Matrix U = [u1 u2 . . . uN ]
should be composed by the N orthogonal column vectors of
the basis, verifying the eigenvalue problem

Rxxuj = λjuj , j = 1, ..., N, (3)

Assuming that the eigenvalues are ordered, i.e. λ1 ≥ λ2 ≥
. . . ≥ λN , the choice of the first n � N principal compo-
nents leads to stochastic signals approximation given by the
ratio on the covariances associated with the components, i.e.∑

n λn/
∑

N λN .

During the mission, before the projection of the depth
image into the orthogonal space, the mean substitution should
be followed in order to eliminate the problem caused by
missing data in the signal x, i.e, all jth component of the
signal xi should be replaced by the corresponding mean value
mx(j).

The robot position x̂ and ŷ is obtained by finding a given
neighborhood δ, the mosaic whose eigenvector is nearest to
the acquired signal decomposed into the orthogonal space:

∀i‖[x̂ ŷ]T − [xi yi]
T ‖2 < δ, rPCA = min

i
‖v − vi‖2; (4)

Given the mosaic i that verifies this condition, its center
coordinates [xi yi]

T are selected as the robot position obtained
by the PCA-based sensor.

Then, the mean substitution approach is used when there
is missing data in the depth signals coming from the Kinect
sensor. Just like during the creation of the PCA eigenspace,
it must be done before the application of the PCA algorithm,
i.e, all jth component of the signal xi should be replaced by
the corresponding mean value mx(j).

IV. EXPERIMENTAL RESULTS ALONG A
STRAIGHT LINE (1D LOCALIZATION)

As concept validation, the proposed self-localization
method is initially developed considering a straight line (1D),
based on the model proposed in [6] and detailed in the
appendix A. Thus, to create the PCA eigenspace, a set of 31
depth images are captured along a straight line with 3 m of
length (sampling ratio of 0.1 m). Considering that the Kinect
depth sensor has a resolution of 640 by 480 points, and with
the purpose of reducing the amount of data stored in PCA
eigenspace, the depth images are compressed with a ratio
of 100 : 1, and transformed into vectors xi ∈ R3072, i =
1, . . . , 31.

The mobile robot follows along a straight line with constant
velocity and the position estimation is obtained using the
model proposed in [6], see Appendix A for details. The
position estimates are based on data obtained from the onboard
sensors and the commands to the actuators, assuming constant
values between sampling times (zero order hold assumption).
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Fig. 3. Results of PCA-based positioning sensor and localization estimates
from Kalman filter

A. Monte Carlo Performance Tests

To assess the mobile robot self-localization methodology
proposed in this paper, a Monte Carlo test composed of
10 experiments as described above is repeated. Images are
captured with a frequency of 5 Hz to be processed by the
PCA-based positioning sensor; Fig. 3 gives the localization
results obtained in one of those experiments. The results show
that the PCA algorithm provides a reasonable approximation
to the real robot localization. However, due to the existence
of missing data, the position obtained by the PCA algorithm
often gives incorrect results.

Analyzing Fig. 3, it is possible to see that the obtained
position often reaches errors greater than 0.1 m (distance
at which the images are acquired to the eigenspace). Figure
4 shows the results of three tests, where it is possible to
see the existence of large perturbations in the results of the
PCA-based position sensor. Even the fusion of this results
with the odometry, through a Kalman filter (KF), detailed
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Fig. 5. Results of PCA-based positioning sensor and localization estimates
from Kalman filter - new method

in Appendix A, do not always is able to estimate the robot
position with accuracy because the PCA position sensor often
provides results with large error. As it is possible to see, the
position error obtained by the PCA-based position sensor often
exceeds 0.1 m.

B. Monte Carlo Performance Tests with Missing Data Correc-
tion

Following the methodology proposed in Section III, suc-
cessful tests are made to check the enhanced performance of
the localization system in presence of missing data. Thus, to
validate this extension to the PCA-based approach, the same
acquired depth data has been considered.

Comparing Fig. 5 with Fig. 3, it is possible to observe
that the proposed method is able to eliminate the existing
missing data and provide a position value with better accuracy.
Analyzing the results presented in Fig. 6, it is possible to see
that the results now obtained present position errors smaller
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Fig. 7. Distribution of the estimated position error for both methods,
considering a PCA grid with 0.1 m

than 0.1 m. Once the proposed method is able to compute
the robot position with a better accuracy, its fusion with the
odometry, through a KF, always provides smoothly results and
near of the real robot localization.

Finally, analyzing the histogram of the position error ob-
tained by the PCA-based position sensor after the 10 performed
tests (see Fig. 7), it is possible to see that the error of both
methods is approximately Gaussian with a mean error close to
zero.

Considering that the data to create the PCA eigenspace are
acquired with 0.1 m of distance, it is possible to observe that all
estimated position errors are less than the sampling distance of
PCA eigenspace, while that considering signals with missing
data, only about 68 % of results (1 standard deviation) are
inside of this distance.

V. CONCEPT VALIDATION IN 2D LOCALIZATION

In order to solve the problem of 2D localization, a new
PCA eigenspace is created with a set of captured depth images
along a grid map with a distance of 0.3m (in x and y axis)
in an area of 5m× 4.5m (Fig. 8). The captured depth images
are cropped with a circular mark allowing the rotation and
comparison of captured depth images when the robot is in the
same position, but with different attitude, during a mission. In

Fig. 8. Grid map and depth image processing to create a PCA eigenspace
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order to compress the amount of data, the depth images are
sampled with a compression ratio of 100 : 1 and converted into
a vector that will be added to PCA eigenspace. In [7], [5], the
authors followed a similar approach using a RGB camera but
the method revealed to be sensitive to illumination conditions.

During an experiment, it is possible to estimate the robot
attitude and position, as well as the angular motion speed and
the robot angular slippage, using only the signals obtained by
the onboard sensors (Kinect, compass and encoders), through
a self-localization sensor based in two KF and one PCA
algorithm, with an architecture as detailed in Fig. 9.

Attitude

and

angular slippage

estimator

(KF)

Circular crop

and

image rotation

PCA

Position

estimator

(KF)

LPV

Self-localisation sensor

θlw encoder

θrw encoder

ψcompass

depth image

ω̂slippage

ψ̂robot

ω̂robot

(x, y)PCA

(x̂, ŷ)robot

Fig. 9. Architecture of the self-localization sensor

The following notation is used in Fig. 9:

• ψcompass - orientation angle given by the compass;

• θrwencoder - angle given by the encoder of the right
wheel;

• θlwencoder - angle given by the encoder of the left
wheel;

• (x, y)PCA - coordinates given by the PCA sensor;

• (x̂, ŷ)robot - estimated robot coordinates in the world
referential;

• ω̂robot - estimated angular speed;

• ω̂slippage - estimated differential slippage.

Detailing the architecture of the self-localization sensor
presented in Fig. 9, the KF depicted on the left of the figure
implements the attitude optimal estimator model that is re-
sponsible to estimate the mobile robot attitude and the angular
slippage (see Appendix C). Once all acquired depth images
for the PCA database are taken with the same orientation and
compressed with a circular crop (Fig. 8), then during a mission,
the acquired depth images must be rotated to zero degrees
of attitude, using the compass angle, and compressed with
the same circular crop. The position estimator (on the right
of the figure) implements a Linear Parameter-Varying (LPV)
model as a function of the estimated angular speed in a KF,
fusing it with the position obtained by the PCA algorithm (see
Appendix B).

Resorting to this architecture, it is possible to estimate the
position, attitude and angular slippage of the mobile robot with
a global stable error dynamic. For more details about this self-
localization architecture see technical report [7].

A. Results for 2D localization

To test the mobile robot self-localization performance of
the proposed approach in a environment (considering 2D

0 10 20 30 40 50 60 70 80
0

0.6
1.2
1.8
2.4

3
3.6
4.2

X 
Po

si
tio

n 
[m

]

0 10 20 30 40 50 60 70 80
1.5
2.1
2.7
3.3
3.9

Y 
Po

si
tio

n 
[m

]

0 10 20 30 40 50 60 70 80
0

5

10

15

Time [s]R
at

io
 o

f m
is

si
ng

 d
at

a 
[%

]

Ground truth path
Odometry
PCA localization
Estimated position

Fig. 10. Estimated position along time

0.9 1.2 1.5 1.8 2.1 2.4 2.7 3 3.3 3.6 3.9 4.2 4.5
1.5

1.8

2.1

2.4

2.7

3

3.3

3.6

3.9

4.2

X [m]

Y 
[m

]

start
finish

Ground truth path
Odometry
Estimated
Estimator uncertainty

Fig. 11. Map with estimated position considering a ground truth path.

localization), several tests are performed with the classical
lawnmower type trajectory, combining both straight lines and
curves, with a 0.1 m · s−1 robot speed and 5 Hz of sampling
frequency. During the robot motion the real mobile robot
trajectory is measured allowing the comparison of the esti-
mated position with the real one (ground truth test) and the
corresponding position errors analyzed.

As it is possible to see in Fig. 10, that the position results
obtained by the PCA algorithm is very close to the ground truth
trajectory. Therefore, fusing the kinematic model of the robot
with the position obtained by PCA in the KF allows estimating
position values with a very good accuracy (see Appendix B
for details).

Figure 11 shows the position estimated with the ground
truth trajectory and the position obtained by the odometry.
Comparing the results of the odometry with the estimated
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Fig. 13. Distribution of the estimated position error for both axis, considering
a PCA grid with 0.3 m

position it is possible to see an angular slippage in motion,
that is increasing the difference between the estimated attitude
and the one obtained by the odometry along time. This angular
slippage is caused by systematic errors, such as uncertainties
in the dimensions of the wheels, eccentric shaft problems,
misalignment of the shafts, etc. It is possible to observe that
in the initial part of the trajectory the estimator obtains a
result close to the odometry. However, the localization system
can approximate the estimated position with the ground truth
trajectory.

Furthermore, analyzing Fig. 12, it is possible to observe the
existence of an angular slippage of −0.5 rad · s−1 (positive
for slippage in clockwise direction), that is detected at 40 s by
the attitude estimator. Looking at Fig. 10 after 40 s (instant
which is detected angular slippage), the results of the position
estimator are closer to the ground truth path than the odometry.

Finally, analyzing the histograms of Fig. 13 it is possible
to conclude that the statistical distribution of the estimated
position errors is approximately Gaussian with a mean close
to zero. Moreover, comparing the variation of the distribution
with the distance of the grid map acquired to create the
PCA eigenspace, it is possible to see that, the proposed self-
localization system is able to estimate the position with an error
less than the distance between the acquired depth images, as
happened with the localization in 1D.

VI. CONCLUSIONS

The existence of missing data in image is sometimes
inevitable and it can induce a positioning system to an er-
roneous localization. In this paper an extension of a PCA
methodology aiming to avoid the negative impact of missing
data in signals is developed and experimentally validated. The
proposed localization system is based only on a Kinect sensor
installed onboard, looking upwards to the ceiling, where the
depth sensor often provides signals with missing data, caused
by IR beams that not were reflected.

All tests were successfully performed, allowing to conclude
that the proposed approach can be useful in a number of
mobile robotics applications where the existence of missing
data is inevitable and causes a localization systems perfor-
mance degradation. Moreover, the proposed method allows to
validate the application of the Kinect depth sensor, in a mobile
robot localization system based on a extension of a classical
PCA algorithm to operating in unstructured environments. The
propose localization system is optimal and globally stable,
under the Gaussian approaches resorting to classical Kalman
filtering techniques.

The method was successfully validated in a self-
localization system, using only onboard sensors and estimates
the position with a global stable error dynamics.

In the future, the proposed localization method will be
implemented in a path following control approach, where the
self-localization system will be integrated in a control close
loop. Later, in order to increase the self-knowledge about the
place, the proposed PCA algorithm will be updated to create a
dynamic PCA database. This development will allow an archi-
tecture able to perform different tasks like obstacle avoidance,
robot-human interaction, rescue activities or integration in a
multi-robots platform for collaborative work.

APPENDIX

For the sake of readability of this paper, this appendix
shows the models and estimators used for the 1D and 2D
validation experiments. These models and estimators may be
found, with more detail, in [7].

A. Model for position estimation in 1D localization

The mobile robot kinematic model that describes the move-
ment in a straight line (1D) is

ẋ = u+ b+ μ1 (5)

ḃ = 0 + μ2 (6)

considering the following assumptions:

• the slippage velocity is constant or slowly varying (i.e.
ḃ = 0);

• the noise in the actuation (motors are in closed loop)
and the slippage velocity are assumed as zero-mean
uncorrelated white Gaussian noise, μi ∼ N(0, σ2

i ).

Expressing the model dynamics in a state-space system
with x = [x b]T ,

ẋ =

[
0 1
0 0

]
x+

[
1
0

]
u+

[
1 0
0 1

] [
μ1

μ2

]
(7)

y = [1 0]x+ γ (8)
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The output of this system y is the positioning sensor mea-
surement described Section III. Since the position estimator is
processed in a digital processor, the discrete model is obtained
assuming that the vehicle velocity u is constant (zero order
hold assumption) between two consecutive processing times,
resulting

x(k + 1) =

[
1 T
0 1

]
x(k) +

[
T
0

]
u(k) +

[
T T 2/2
0 T

]
μ(k)

(9)

y(k) = [1 0]x(k) + γ(k) (10)

The design of a linear time-invariant Kalman filter for the
underlying model described above is by now classic and the
reader is referred to [10].

B. Model for position estimation in 2D localization

The classic differential drive mobile robot model is given
by

ẋ = u cos θ (11)

ẏ = u sin θ (12)

θ̇ = ω (13)

where u is the common mode speed, x and y are the robot
coordinates in the world referential, θ is the orientation angle
of the robot in the world referential and ω is the angular speed.

However, the classic non-linear model for differential drive
mobile robots can be rewritten for a new state variables,
becoming in a Linear Parameter Varying (LPV) model. Thus,
differentiating: (11)–(13):

ẍ = −uω sin θ = −ωẏ (14)

ÿ = uω cos θ = ωẋ (15)

θ̈ = ω̇ (16)

and choosing as state vector x = [x ẋ y ẏ]T , a new LPV
model for differential drive mobile robot is obtained:

ẋ =

A︷ ︸︸ ︷⎡
⎢⎣

0 1 0 0
0 0 0 −ω
0 0 0 1
0 ω 0 0

⎤
⎥⎦x (17)

θ̇ = ω (18)

Considering the LPV model (17)–(18) and assuming that
ω is constant between two sampling times (zero order hold
assumption), the follow discrete model can be obtained (see
[7] for more details):

x(k + 1) =

A(ω)︷ ︸︸ ︷⎡
⎢⎣

1 sinωT
ω 0 1

ω + cosωT
ω

0 cosωT 0 − sinωT
0 1

ω − cosωT
ω 1 sinωT

ω
0 sinωT 0 cosωT

⎤
⎥⎦x(k)+

+

⎡
⎢⎢⎣

T 1−cosωT
ω2 0 −ωT−sinωT

ω2

0 sinωT
ω 0 − 1−cosωT

ω
0 ωT−sinωT

ω2 T 1−cosωT
ω2

0 1−cosωT
ω 0 sinωT

ω

⎤
⎥⎥⎦

︸ ︷︷ ︸
G(ω)

v(k)

(19)

y(k) =

[
1 0 0 0
0 0 1 0

]
︸ ︷︷ ︸

C

x(k) (20)

Finally, in order to estimate the mobile robot position,
the Linear Parameter Varying (LPV) model (19–20) is fused
with the position obtained by the PCA-based position sensor,
through the KF presented in Fig. 14, where and x(k) and y(k)
are the position obtained by the PCA sensor in instant k and
x̂(k) and ŷ(k) are the estimated position in the same instant.

K z−1 C

A(ω(k))

x(k), y(k)

+

+ x̂(k + 1)

x̂(k)

x̂(k), ŷ(k)

−

+

ω(k)

Fig. 14. Block diagram of the position estimator

C. Model for attitude and angular slippage estimation in 2D
localization

The model that describes the angular motion of the differ-
ential drive mobile robot is

ψ̇ = ω + s (21)

ṡ = 0 (22)

where ω is the angular speed, ψ is the attitude of the robot
and s is the angular slippage in differential motion.

Considering the state vector θ = [ψ s]T , the kinematic
model in state space can be defined by:

θ̇ =

[
0 1
0 0

]
θ +

[
1
0

]
ω (23)

Assuming that signals processing is performed by a digital
processor, ω and ψ are constant between sampling times (zero
order hold assumption), allowing to obtain the discrete model
of attitude:

θ(k + 1) =

A︷ ︸︸ ︷[
1 T
0 1

]
θ(k) +

B︷ ︸︸ ︷[
T
0

]
ω(k) (24)

y(k) = [ 1 0 ]︸ ︷︷ ︸
C

θ(k) (25)
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ψ(k)

+
K2

+

ŝ(k + 1)
z−1 T

+ +

β(k + 1)
z−1

β(k)

+

ψ̂(k)

αl(k)
−

αr(k) + r
L

Δψ0(k)

+

+ +

K1

+−

ŝ(k)

Fig. 15. Block diagram of the attitude and angular slippage estimator

Applying a KF to the discrete model (24–25), following the
steps described in [7], the optimal attitude and angular slippage
estimator presented in Fig. 15 is obtained, where ψ(k) is the
angle of compass captured in instant k, r is the radius of the
wheels, l is the distance between wheels, αr(k) and αl(k) are
the lengths of the paths of left and right wheels (that can be
read directly from the encoders onboard) and ψ̂(k) and ŝ(k)
are the estimated attitude and angular slippage of the robot,
respectively.

Finally, the angular speed of the robot applied in LPV (20)
is obtained through a numerical difference of the estimated
attitude of the robot:

ω̂(k) =
ψ̂(k)− ψ̂(k − 1)

T
(26)
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[6] F. Carreira, C. Christo, D. Valério, M. Ramalho, C. Cardeira, J. M. F.
Calado, and P. Oliveira. Experimental validation of a PCA-based
localization system for mobile robots in unstructured environments. In
Robotica - 12th International Conference on Autonomous Robot Systems
and Competitions, pages 69–74, Guimarães, Portugal, April 2012.
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Abstract—In this paper we present an autonomous ground
robot developed for outdoor applications in unstructured scenar-
ios. The robot was developed as a versatile robotics platform
for development, test and validation of research in navigation,
control, perception and multiple robot coordination on all terrain
scenarios. The hybrid systems approach to the control architec-
ture is discussed in the context of multiple robot coordination.
The robot modular hardware and software architecture allows
for a wide range of mission applications. A precise navigation
system based on high accuracy GPS is used for accurate 3D
environment mapping tasks. The vision system is also presented
along with some example results from stereo target tracking in
operational environment.

I. INTRODUCTION

In this work we present an autonomous ground vehicle

for outdoor exploration. The robot was designed in order to

provide a versatile platform for multiple application robotics

research in outdoor land scenarios.

A large volume of research has addressed the applications

of unmanned ground vehicles in outdoor scenarios and the

problems posed are as diverse as motion control, localization,

mapping, planning, perception or decision making or artificial

intelligence oriented ones [1]. Outdoor land robots can be

useful in safety and security applications (both civilian and

military), in surveillance and patrolling tasks, in reconnais-

sance, agriculture, exploration and mapping, for cargo, human

transport and logistics support, in establishing communication

links or in search and rescue operations.

These applications have different sets of requirements lead-

ing to the existence of multiple robotic dedicated solutions.

Many mobile research platforms ranging from commercial

solutions [2] to custom research lab developed ones [3], [4],

[5] are available.

One area of active research and with strong impact is search

and rescue applications [6]. Multiple robot approaches with

heterogeneous capabilities [7] have been proposed, leading to

developments in multi-robot coordination.

In the outdoor field robotics scenario, the European Land

Robot Competition (ELROB) [8] has been fostering the de-

velopment of outdoor mobile robots mainly for security in

surveillance and patrol tasks and for transport support.

For (ELROB) senarios (outdoor natural environments)

UGVs are developed based on medium or full sized all terrain

vehicles [3], [7], [4] in order to operate in the relatively large

operation areas and be able to carry a suitable set of sensors.

The TIGRE (Terrestrial Intelligent General purpose Robotic

Explorer) robot is a vehicle of this class. It is also based on

an all terrain vehicle and combines autonomous drive robot

capabilities, such as GPS based navigation, road and terrain

classification for motion planning, vision and laser rangefinder

obstacle avoidance with outdoor manoeuvrability and specific

surveillance sensors such as infra-red vision. Three main

guidelines structured the development: capability of operation

in medium size areas, to act as research platform in multi-

robot coordination in outdoor environments and to support

robotic research in particular areas of field robotics such as

underground navigation or precise 3D environment modelling.
The navigation system uses high precision GPS for outdoor

localization, with particular relevance in missions for precise

3D modelling and the system has also the possibility of

using additional higher quality INS sensors for operation in

GPS deprived areas. A high precision 3D LIDAR can also

be incorporated for modelling tasks allowing the test and

development of new modelling and navigation solutions.
In the following sections the TIGRE hardware is described

followed by the software architecture.Guidance and control

aspects are addressed in section IV. Next, the localization

system is described followed by the vision system architecture.

Some results from missions in target detection and localization

are presented in section VI followed by concluding remarks

and future works.

II. HARDWARE

This system is based on a electric propulsion all-terrain ve-

hicle equipped onboard processing (Intel i5 based single board

computer, ), wireless communications (IEEE 802.11a Ubiquiti

Bullet 5GHz access point), infra-red pan&tilt thermographic

camera (L3 ThermoEye 5000), laser rangefinder (SICK LMS-

200), a visible spectrum camera pair (Basler acA1300-30gc),

precision GPS receivers (Septentrio PolaRx2e and Novatel

Smart Antenna) and inertial sensors (Microstrain 3DM).

Fig. 1. TIGRE UGV

Traction is achieved through a brushless DC motor physi-

cally connected to the rear axle. The direction is also electri-
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cally actuated and uses the Ackerman trapezium geometry. A

magnetic encoder provides the absolute direction angle.

Four LiFePO4 batteries are used providing a minimum

4hurs of autonomy time assuming a continuous usage at

1ms−1 vehicle speed. The vehicle is depicted in figure 1. An

aluminium frame with a tower was fixed in the vehicle to sup-

port all the sensors. The color GigE cameras where positioned

at the tower’s top in order to provide a stereo vision (with

external synchronized trigger control). The thermographic pan

& tilt unit is also fixed on top between the stereo pair along

with the the IMU. Both the GPS and wireless communication

antennas are located at the rear of the tower. At the front of

the robot was set the laser range finder unit. The main system

electronics is located in a watertight enclosure.

Fig. 2. System architecture

A set of custom made low level vehicle control subsys-

tems (power system control, direction control and traction

controller) are connected in a CAN bus. A custom developed

Ethernet/CAN interface is used in one of the CPU ethernet

ports to provide access to the vehicle CAN bus (see figure

2). In addition, a separate emergency module with a dedicated

RF remote is used to cut the traction motors power remotely

and/or actuate the mechanical brakes with a small electric

actuator.

III. SOFTWARE ARCHITECTURE

The vehicle software architecture follows a modular and

hierarchic structure (see Fig. 3).

Lower level modules provide interface with the sensors

and actuators (on top of the various Linux device drivers).

The image processing is performed in a pipeline structure

with increased abstraction and reduced information [9] at

the later stages. In Multi-camera target detection identified

image targets are combined to produce 3D target candidates.

The Target Selection phase performs tracking and selection of

relevant targets. These are then, either used in the Guidance
control (for ex: in target following) and/or published to other

robots in the team for multi-robot operations.

Fig. 3. Software architecture

Image information (color based classification) is combined

with detected obstacles with the laser rangefinder to determine

the terrain traversability in front of the vehicle. This informa-

tion is used both in the guidance control implementing the

current motion maneuver and in the Vehicle Safety Module for

emergency stops.

The localization produces a current estimate of the vehicle

pose in the world reference frame, from the navigation sensors,

namely the IMU and the GPS. This information is used in

all the motion control levels (both in Trajectory Tracking and

Mission control) and also sent to other robots in a cooperating

scenario. Data logging and remote telemetry can be performed

in all the hierarchic levels and software modules.

Motion control is performed by an hybrid system executor

(Mission control) responsible for generating vehicle trajecto-

ries for the Trajectory tracking. This module produces vehicle

low level velocity and position (steering angle) references sent

to the hardware low level motion control trough the CANbus.

The software is implemented in multiple processes and runs

on the GNU/Linux operating system.

The ROS framework [10] is used, providing both inter-

process communications, adding modularity and maintainabil-

ity and providing set of useful development and implementa-

tion tools. There is no direct 1 to 1 mapping in the architecture

represented in Figure 3 and the ROS node graph implemen-

tation since some modules in figure 3 are implemented in

multiple nodes (such as image processing or localization) and

parts of the software are not implemented directly in ROS.

The ROS framework still has large restrictions for multi-

robot scenarios and also some limitations on the communica-

tions latency and overhead. Some solutions have been provided

in order to alleviate the problem posed by the need of existence

of a centralized ROS master node. These solutions establish

some form of communication between the masters running on

each robot. But, the intermittent robot connections (usual large

areas of operation with robots entering and leaving the team)

are not well supported. To solve this problem for multi-robot

communications we use the LCM communication middleware

[11] in order to publish/subscribe in another robot the topics

of the other robots.

Also taking in mind both the multi-robot applications and

the need for accurate time synchronization of data, the Linux
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Chrony clock-synchronization daemon is used with PPS (pulse

per second) information from GPS. This process allows to

synchronize the system clock to GPS time and in addition

provides multiple robot clock synchronization.
Additionally video streaming (from any of the cameras) is

performed by the VLC streamer with MPEG4v codec.

IV. NAVIGATION GUIDANCE AND CONTROL

A. Control
The vehicle control architecture follows an hybrid systems

approach [12] allowing both continuous time control with

discrete state evolution. The basic vehicle control maneuvers

can be defined as hybrid automata [13]. More complex mo-

tion control maneuvers can be obtained by the hierarchical

composition of simpler ones. Lower level reactive control can

be combined with higher level deliberative planning both in

continuous time and by the discrete state transition events

occurring (or generated) at the various levels of hierarchy in

the maneuvers.
The path tracking used in the basic path following maneu-

vers (continuous time part) is a simple line of sight controller

and is the same used in [14]. The method is a nonlinear

feedback function of the cross track error ep measured from

the center of the front axle to the nearest path point (cx,cy).

δ

(cx, cy)
v

θrobot

θα
ep

θpath

Fig. 4. Path tracking

The first term of the control law simply keeps the wheels

aligned with the given path by setting the steering angle δ
equal to the heading error.

eα = θrobot − θpath (1)

where θrobot is the heading of the vehicle and θpath is

the heading of the path at (cx, cy). In the presence of error

ep a second term adjusts δ such that the intended trajectory

intersects the path tangent from (cx, cy) at k v(t) units from the

front axle. The resulting of the steering control law is given

as

δ(t) = θe + tan−1

(
kep(t)

vx(t)

)
(2)

where k is a gain parameter.
Rollover is a important concern in the vehicle locomotion

due to the vehicle characteristics and possible rough terrain.

The robot rollover detection is based on roll angle estimation

and on velocity and is prevented by limiting the velocity /

steering angle relation).

B. Cooperative mission control

In a multi vehicle cooperative setup each vehicle usually

provides a high level interface to the team coordination [15].

This can be done in a centralized [15] or distributed [16] ways.

Currently there is a strong effort in the research community

towards distributed approaches due to advantages in reliability

and scalability. In hierarchical coordination approaches [15]

higher layers of the vehicle sensing and control infrastructure

provide higher level of abstraction information for coordi-

nating purposes. These can be vehicle positions and discrete

vehicle states and high level commands.

In TIGRE architecture, multiple vehicle coordination can

occur at different levels of hierarchy. Explicit discrete event

coordination can occur in a multi-robot setup (such as with

other land based robots or with aerial robots) by exchange

of coordinating events. These events can be generated at all

vehicle control levels and by external entities as other robots.

In addition continuous variables (for ex: a particular sensor

reading) can be shared between multiple robots leading to

tighter multiple vehicle control loops.

Our architecture for multirobot coordination uses an hier-

archical approach similar to [15] considering 2 layers, one

representing local vehicle control and a multirobot controller.

We consider also a coordinating variable ξi = [ξc ξσ] and

a performance output for each vehicle zi = [zic ziσ ] but

for these variables we consider not only a continuous part

(ξc and zic ) but also an additional discrete part (ξσ and ziσ ).

In contrast to the two controllers solution proposed by Beard

with a discrete event system supervisor and a team formation

continuous controller, our architecture has both the multiple

robot coordination and the local vehicle controller as hybrid

systems allowing discrete and continuous control both locally

and for the robot team.

Each robotic vehicle is described in general as a non linear

dynamic system Si with states xi, inputs ui and outputs yi.
The local vehicle controller eq.(3) can be viewed as an

hybrid system [12] with a set of continuous time flows for

each discrete state qi and generating the robot control inputs

ui.

Ci :

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

ẋqi = fqi (xqi , yi, ξc)
ui = bqi(xqi , yi, ξc)
zic = hqi(xqi , yi, ξc)

qi = φi(qi
−, xqi , yi, σi, ξ)

zσ = ϕi(qi, xqi , yi, σi)

(3)

The discrete state update function φi depends not only on

the states, but also on the vehicle output yi, on local set of

events σi and on the coordinating variable ξ. The local set

of events are produced by guard conditions on discrete state

transitions and external events (such as user generated events).

M :

⎧⎪⎪⎨
⎪⎪⎩

ẋqM = fqM (xqM , z1...zN )
ξc = gqM (xqM , σM , z1...zN )

q
M

= φ
M
(q−

M
, xqM , σ

M
, z1...zN )

ξσ = ϕ
M
(q

M
, xqM , σ

M
)

(4)
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The global team coordination controller M eq.(4) can also

be considered as an hybrid system with both continuous and

discrete evolution depending on the performance variables for

the N vehicles and generating the coordination variable.

This approach does not impose any particular multi robot

coordination topology allowing both centralized approaches

(for instance in mixed initiative missions linked human based

Command and Control ”C2C” systems) and distributed coor-

dination mechanisms.

From the implementation point of view, the characteris-

tics of the ROS framework [10] allow a large versatility in

terms of multi robot cooperation. Without considering the

multiple robot scenario ROS limitations referred earlier (cur-

rently resolved through the use of additional communication

middleware), the software design based on loosely coupled

components (such as the ROS computational nodes) allows for

information exchange to occur at different vehicle hierarchic

levels, and of varying degrees of abstraction (since in the

same ROS network, nodes in different robots can publish and

subscribe to topics in the same or different robots, whose

abstraction level depends on the content and purpose of the

publishing nodes).

C. Localization

The primary navigation sensors are GPS and IMU. The

vehicle has two GPS receivers being one of them a precision

double frequency (RTK capable) receiver. GPS accuracy is

augmented with Precise Point Positioning (PPP) when satellite

orbit and timing information is available. PPP [17] uses precise

satellite orbits and clock data to reduce errors in single GPS

receiver. The satellite orbit information (available in the IGS-

International GPS Service) can be used in real time when the

vehicle operates with internet access (information updated 4

times per day).

Other method for improving the GPS solution precision,

is the use of DGPS- RTK (Differential GPS Realtime Kine-

matic). This method requires the existence of a known base

station whose corrections are sent to the vehicle (”rover”). The

vehicle is equipped with a dual-frequency (L1/L2) receiver

with RTK corrections achieving high positioning accuracy

(in order of few cm). GPS logged raw data can also be

post-processed with ultra-precise orbit information achieving

subcentimeter accuracy for static positioning.

The vehicle localization state (position and attitude) is given

(in most situations) by two separate blocks. The position is

obtained directly from the GPS since the vehicle dynamics is

relatively slow and the GPS receiver provides high precision at

10Hz rate. The attitude is obtained by the IMU mecanization

filtering and magnetic compass readings in order to provide an

Attitude Heading Reference System (AHRS). This two blocks

can when needed (for instance in higher dynamic situations)

be combined in a loosely coupled GPS-INS extended kalman

filter to obtain full 6DOF vehicle state.

For navigation in areas where GPS is unavailable, a monoc-

ular visual odometry SLAM (Simultaneous Localization And

Mapping) navigation method is used [18]. In addition, the

vehicle can use the navigation sensors described in [18]

with a tactical grade INS (iMAR iNAV-FMS-E) replacing the

MicroStrain 3DM IMU providing much higher quality IMU

data.

V. VISION SYSTEM

The robot vision system is based in a pair of color cameras

and an infrared one. The system is used in two types of

functions, for situational awareness directly in human super-

visioned tasks (such as basic video streaming to a remote

operator), or in target detection and scene analysis image

processing tasks such as intrusion detection and for navigation

purposes.

Fig. 5. Vision system

Image acquisition for the color cameras is performed with

an external synchronized trigger (in sync with the system

clock). This is set at a fixed rate ensuring both the simultaneity

of images on the left and right images required for stereo

processing and also the frame timestamping needed for other

multi-camera processing and for feature based navigation

purposes.

The infrared camera 320x240 pixel image is acquired at 30

fps through the USB framegrabber (without external trigger).

Currently both color images are captured at maximum resolu-

tion (1278x958) and also at 30fps. Each vehicle camera can

be used independently or in a multiple camera setup such as

conventional stereo arrangement (both color cameras) or in

conjunction with the IR one.

Figure 5 presents an overall overview on the vision system

architecture. A pipeline structure similar to the architecture

presented in [9] is used. For each camera upon acquisition,

global filtering can be operated on the image to affect its

properties. This type of operation, depending on the particular

application can consist in possible multiple options such as

sharpening, color adjustments or denoising as examples. In

addition for streaming purposes the original raw image can

be either logged (this can occur in all pipeline stages) or

encoded and transmitted. The possibly processed image is

then segmented according to suitable methods (such as color

based segmentation, edge detectors or other morphological

operators). Region of interest or feature detectors are then

applied to the segmented image in other to identify relevant

features or targets. Image processing is applied either in a

single frame pipeline basis or in a consecutive frame anal-

ysis framework. The later type of processing uses multiple
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consecutive frames to extract information. Examples of this

type of processing are visual odometry computations where

the motion information is extracted, consecutive frame stereo

calculations or multiframe based target detectors. Target 3D

positioning can be determined from multi-camera information.

In our case, this can be done with images from the stereo

color pair or with one from the infrared camera and other

from the color (this can be extended to other cameras). Using

the standard pinhole camera model, the image points (for an

undistorted image) in homogeneous coordinates are given by:

x = K[R|t]X (5)

where K are the intrinsic parameters, [R|t] are the camera

extrinsic parameters and X is the 3D point in the world frame

(usually this is the vehicle body fixed frame).Each camera

provides a set of xi points. These, when corresponding to

the same real world point can be combined in a multi view

geometry to provide Xi.To determine the full 3D position

it is necessary to make the correspondence between same

target points in the different camera images. In classic dense

stereo all the image points are possible candidates and com-

putationally efficient methods like RANSAC [19] are applied

to determine point position in the epipolar line. The TIGRE

vision system assumes a sparse framework. In this case only

the relevant points in the image (for ex: target detected points)

are processed (also only for these is the distortion removed).

For each corresponding pair of target image points (x1,x2)
on different cameras (for the same target) the relative 3D

positioning is determined by triangulation or by solving the

overdetermined system:{
x1 = K1[R1|t1]X
x2 = K2[R2|t2]X (6)

The 3D target detection implementation in the ROS frame-

work is depicted in Figure 6. The offline extrinsic camera

parameter calibration is also included.

Fig. 6. Vision target detection implementation

VI. RESULTS

Field tests were performed with the robot in the Oporto City

Park. These tests were conducted in relatively easy terrain

(grass and earth) due to limitations in the allowed area of

operation. Human target tracking and following missions were

performed using the stereo color camera pair. The target

position was logged with a precision GPS receiver (identical

to the Septentrio one used on the robot).

In addition, a cooperative mission was performed with an

aerial autonomous robot (Ashtec’s Pelican UAV) where the

UAV detected the target and informed the ground vehicle to

follow it (for more information see [20]).

Fig. 7. Two frames from the color cameras with the detected target marked

In Figure 7 two images from the color camera taken during

the target tracking maneuver, are presented with the detected

target marked. Three images from the IR camera during the

same maneuver (but not at the same times) are also shown in

figure 8. The human target was wearing a red vest to facilitate

detection on the low powered UAV onboard processor. Al-

though this is not a realistic assumption, the detection on the

UGV can be performed by more advanced methods and also

on the thermographic camera [21], and for the UAV further

developments must be pursued in the implementation on the

limited resources of realistic vision human target detectors.

Fig. 8. Thermografic camera snapshots

In figure 9 the detected target positions (using the color

camera stereo pair), robot trajectory and real target trajectory

are indicated for a segment of the tracking maneuver when

the robot is approaching the target and stopping afterwards.

VII. CONCLUSIONS

In this work is presented the TIGRE autonomous ground

vehicle. The robot was developed for outdoor exploration

and to be a versatile robotics research platform. Applications

scenarios envision security tasks, precise mapping, cooperative

missions with other autonomous robots, and operation in

unstructured environments such as underground. The vehicle

hardware solutions are described along with the comprehen-

sive set of sensors. An hybrid systems approach was followed

in the vehicle control architecture. Basic motion control is

performed by hybrid (discrete and continuous) maneuvers.

These are composed in hierarchical finite (for the discrete

state) automata providing more complex motion functionali-

ties. The software implementation aspects were also addressed.

An overall overview for the vision system is presented along

with a particular use for stereo target tracking. The robot
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red- vision based target localization

has already performed missions in operational environment

both alone and also in cooperation with an unmanned aerial

robot. Some demonstrative results from missions performed in

outdoor scenario are also presented.

An extensive future work is envisioned for further devel-

opment. Applications of visual odometry and visual features

navigation are to be tested in multiple scenarios. The multi-

robot cooperative framework is to be validated in missions

with additional multiple heterogeneous robots, and issues

like hybrid systems stability properties in the coodination

should be analysed. Integration of new sensors is also to

be pursued, namely fast 3D Lidar for obstacle avoidance.

These developments are to be considered in a overall goal

of achieving long term autonomy in hostile and unstructured

outdoor environments. In the immediate future this vehicle

will participate in this year Euroathlon trials (an European

Union funded initiative for field robotics trials and competi-

tions), were new results under development in navigation and

perception are to be validated.
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Abstract—This paper presents a novel localization method
for small mobile robots. The proposed technique is especially
designed for the Robot@Factory which is a new robotic com-
petition presented in Lisbon 2011. The real-time localization
technique resorts to low-cost infra-red sensors, a map-matching
method and an Extended Kalman Filter (EKF) to create a pose
tracking system that is well-behaved. The sensor information is
continuously updated in time and space through the expected
motion of the robot. Then, the information is incorporated into
the map-matching optimization in order to increase the amount
of sensor information that is available at each moment. In
addition, a particle filter based on Particle Swarm Optimization
(PSO) relocates the robot when the map-matching error is high.
Meaning that the map-matching is unreliable and robot is lost.
The experiments conducted in this paper prove the ability and
accuracy of the presented technique to localize small mobile
robots for this competition. Therefore, extensive results show that
the proposed method have an interesting localization capability
for robots equipped with a limited amount of sensors.

I. INTRODUCTION

The localization is perhaps the most critical aspect for
robot navigation because the robot must be aware of its
pose (position and orientation) to accomplishing all the tasks
with safety. The localization method proposed in this article
resorts to low-cost sensors whose information is temporary and
spatially updated using the dead-reckoning (odometry). This
creates a local map of the robot’s surrounding environment.
Therefore, the localization is accomplished by correlating the
local and the global map (the map of the entire environment).
The correlation of both maps is made by a map-matching
procedure. An extended kalman filter (EKF) combines the
dead-reckoning and map-matching estimations, leading to a
reliable pose tracking. A particle filter based on particle
swarm optimization (PSO) is also used by the localization
technique to increase their robustness. The PSO performs the
global localization if the map-matching algorithm is unable
to correctly estimate the robot’s pose, for instance, when the
matching error is high.

Contributions of this articles include:

• An innovative and suitable localization technique for
small robotics competitions since it allows a reliable
and accurate pose estimation with cost effective sen-
sors;

• Updating the sensor information (temporal and spatial)
using the dead-reckoning. This increases the perfor-
mance of map-matching procedure and, by conse-
quence, the accuracy of the pose tracking;

• Particle filter based on PSO formulation allows to
recover the robot from wrong pose estimations (global
localization);

• Extensive evaluation of the proposed technique.

The experimental results include the performance and
accuracy characterization for the proposed technique, using
one autonomous guided vehicle (AGV) equipped with only
four infra-red distance sensors in the official Robot@Factory
environment1. The article is organized as follows. Section II
presents the related works and section III explains the proposed
localization technique. The section IV presents an extensive set
of experiments and the results for several parameter configu-
rations. Finally, section V shows the main conclusions about
the proposed method.

II. RELATED WORK

The literature about indoor localization of mobile robots
is long and rich because there are several localization tech-
niques to handle the localization problem: pose tracking,
global localization and kidnapped. Probabilistic methods based
on Bayes Filters are the most common approaches to deal
with the localization. Bayes Filter use the recursive prop-
erty to obtain the conditional probability distribution of the
state space. Several Bayesian methods can be found, namely:
kalman filter [11] [8], Markov [3] [2] and particle filters [4]
[9] [17]. Localization methods based on map-matching are
intuitive to Humans because they usually rely on maps to
plan their navigation. Although, these methods require high
level cognitive processes to interpret maps and, commonly,
a large amount of sensor information creates a well defined
local map [14]. The simultaneous localization and mapping
(SLAM) is often used to solve the localization problem in
unknown environments since it is based on two related steps:
map modeling and localization. The work presented by Ethan
Eade and Tom Drummond et al. (2009) [5] uses artificial
vision systems to map the environment. The extraction and
identification of visual features from monocular images, for
instance, edges and borders, creates the map by an association
process. A SLAM technique for navigation of a robot team
(cooperation tasks) is presented in [15]. The SLAM method is
based on artificial vision for feature extraction of 3D landmarks
(global position). In addition, a ”Rao-Blackwellized” particle
filter is used for fusing landmark measurements. They claim
that mapping-based approaches for autonomous mobile robots

1The Robot@Factory was presented in the 11th International Conference
on Mobile Robots and Competitions, ROBOTICA 2011, Lisbon.
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are rewarding techniques since the map can also be used for
high-level tasks. SLAM approaches are, usually, applied to
static environments during the inference process (mapping)
because it is more difficult to correlate features that represent
moving objects. An updating approach is proposed by [6].
The approach is based on several steps to detect when the
map changes (based on a weighted averaging). Consequently,
it creates a local map that is used to update the global map,
after a proper consistent analysis and alignment process. Two
localization methods that resort to laser range finders can be
found in [7] and [18]. In the last research, the vertexes obtained
from the laser data are considered as features and compared
against the vertexes available in the global map. The major
problem of this approach is related to their performance since
it is affected by the inaccuracy of the extracted vertexes.

III. APPROACH

The localization method proposed by this paper relies
on a fully-known metric map of a robotic competition. The
indoor localization method uses an improved version of a
map-matching algorithm whose original concept is based on
[12]. The original algorithm was developed for the RoboCup
competition and it resorts to an omni-directional camera to
detect the transition points between white lines and the green
field. Thus, the matching procedure uses the robot’s distance
to those points. The approach proposed in [12] have some
limitations related with the amount and quality of the sensor
information since small or poor data leads to an unsatisfactory
convergence between local and global map [13]. Relevant
improvements are proposed to increase the localization’s ro-
bustness of robots with few low-cost sensors, namely: A
temporal approach that updates the past information of sensors
based on dead-reckoning which increases the amount of data
that is available for matching; A particle filter based on particle
swarm optimization generates pose estimations whenever the
matching error is large. Therefore, the algorithm updates the
sensors values using the odometry in order to improve the
convergence of matching. The pose estimation that is obtained
by the map-matching or the PSO is fused with the dead-
reckoning using an EKF (based on the covariance since it
measures the confidence of each pose estimative). When the
map-matching error is high, meaning a low confidence in
the current estimative, the PSO starts with the goal of re-
localize the robot. Therefore, a set of particles are released
over the global map to search the space in order to find a result
with high confidence. A general overview of the localization
technique is presented in figure 1. The map-matching with the
temporal updating and the EKF creates a reliable pose tracking.
In addition, the particle swarm optimization allows the robot
to recover from an erroneous pose estimation.

A. Pose tracking

An improved version of the map-matching technique [12]
does not use an omni-directional camera to detect transition
points in a soccer field like in [12] however the information is
provided by infra-red sensors and converted to the navigation
(Cartesian) coordinates. The developed algorithm is computa-
tionally efficient because it keeps available all the necessary
information about the environment. It uses complex matrices to
represent the distance and gradient maps. The pose estimation

Fig. 1. Schematic of the localization algorithm.

is accomplished by a minimization of an error function using
the RPROP (Resilient Propagation). The optimization method
requires the knowledge of the first derivatives (gradient maps)
relative to the robot position and orientation, for instance,
distance and gradient matrices. Briefly, the environment where
the robot travels must be known and discretized. Thus, a
distance map (distance from each cell to the nearest wall
or obstacle) is obtained by common distance algorithms, see
figure 2 . The black pixel represents obstacles and lighter
gray pixel means higher distance. The minimization of a cost
function [12] gives the robot’s pose that best fits in the current
sensor data. Therefore, the cost is an error function based on
the distance between each sensor point and the nearest natural
markers.

Fig. 2. Example of a distance map with a representation of the proposed
localization technique (spatial and temporal updating process). The robot’s
position and orientation are depicted in the image (blue circle with a red line
to indicate the front).

Additionally, two more maps must be calculated (the
gradient maps). They reflect the changes of distance relative to
each Cartesian axis. The maps are calculated only once which
makes the computation of the cost function (map distance) and
first derivatives (gradient maps), needed by the minimization
technique, very fast and efficient. Therefore, the steps for map-
matching are: calculation of the cost error function by using
the current sensors points and the distance map. The first order
derivatives of the error function (gradient maps) are then used
by the RPROP to obtain the pose estimation.

There are cases when the minimization is unreliable,
namely, when the cost function is flat (the sensor information
is insufficient to characterize the environment) and when the
cost function displays a minimum around the saddle (the local-
ization component in one direction is well defined however, the
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sensor information does not characterize well the orthogonal
component). Therefore, an unambiguously description of the
robot’s surrounding environment is essential for an accurate
pose estimation. This can be achieved only with a reasonable
quantity and quality of sensor data, for example, using laser
range finders. However, expensive sensors limits the local-
ization of small robots in our context since the goal of the
Robot@Factory competition is to introduce robotic concepts
to younger teams and, therefore, simple and cheap solutions
are preferred.

B. Updating sensor data

This article proposes updating in time and space the sensor
information by using the dead-reckoning. In this way, the
amount of sensor information increases, even if an insufficient
number of sensors are available. Updating the sensor infor-
mation improve the minimization of the cost function and,
thus, has a great applicability because it reduces the number
of sensors that must be used (or a laser range finder solution).

Fig. 3. Schematic of the robot without and with the sensor data updating, left
and center images respectively. The right image presents the dynamic data that
is obtained in a similar way to the center image however, the concentration
is less for older sensor points.

Figure 3 (on left) presents the current sensor information
(red points) where the number of sensors is insufficient to
characterize the surrounding environment, as can be noticed.
Figures 3 (center) and (right) show two local maps (the
set of orange and red points) that are created by the same
number of sensors however considering spatial and temporal
updating. In both figures, the amount of sensor information
available at each moment is sufficient to characterize the local
environment. Figure 3 (center) depicts the spatial updating and
figure 3 (right) the spatial and temporal updating. Considering
only spatial updating, older points have the same contribution
than newer points. Temporal updating reduces the temporal
concentration for older points, decreasing the influence of the
dead-reckoning’s error in the matching process and, therefore,
newer sensor positions are continuously updated while older
points are removed.

The number of sensor points that is used to characterize
the local map must be limited to avoid an excessive com-
plexity of the minimization procedure. In addition, the data
concentration must be adjusted according to the environment
to make possible a concentration of data that is higher for
recent points and lower for more older points. This focuses
the map-matching on the recent points and, consequently, the
estimation process is more accurate. The updating algorithm,
see figure 1, converts each sensor distance to the XY coor-
dinates (by knowing the relative position and orientation of
each sensor). Thus, the linear and angular velocity of the
robot are fundamental to determine the new sensor position.
The longest distance between robot and sensor point must be

defined and the updating process individually applied to the
sensor information of each robot’s side in order to ensure
an equilibrium of information. The concentration of data is
defined by configuring the range between consecutive sensor
points, in other words, sensor points are selected as function
of relative distance and until a maximum number of points is
reached.

C. Estimate Fusion: EKF

The dead-reckoning is accurate for small robot’s displace-
ments and, hence, the EKF is a commonly used to combines
the map-matching and the odometry in order to obtain a
reliable pose estimation. Due to the lack of space, only the
relevant aspects of the EKF are defined. Equation 1 presents
the kinematic nonlinear model of the differential robot which
is used by the EKF:

[
xk+1

yk+1

θk+1

]
=

⎡
⎣ xk + vk ×ΔT × cos

(
θk + wk×ΔT

2

)
yk + vk ×ΔT × sin

(
θk + wk×ΔT

2

)
θk + wk ×ΔT

⎤
⎦ (1)

were the state vector is the robot’s pose (xk, yk and
θk are the position in Cartesian coordinates and orientation,
respectively). The vk and wk are the control inputs (linear
and angular velocity, respectively) and ΔT is the time be-
tween consecutive calculations. At time k, the observation is
zk = [ xz

k, y
z
k, θ

z
k ]

T
and it is obtained from the map-matching

localization. The covariance matrix of the state error is defined
by Qk and affects the position and orientation of the robot.
Considering that the state noise are independent [16] then the
covariance matrix that models the odometry’s error is diagonal
and defined in [16]. The observation covariance matrix, Rk, is
defined similar to [16]. Its diagonal elements are obtained by
the confidence of the map-matching procedure. In each cycle,
the second derivative of the cost function related to x, y and
θ and the precomputed gradient maps are used to obtain the
var(errx), var(erry) and var(errθ). Thus, the Rk is non-
constant and reflects a reliability measure of the matching.

Rk =

[
var(errx) 0 0

0 var(erry) 0
0 0 var(errθ)

]
(2)

The robot’s kinematic model is used to predict the state
based on the linear and angular velocity. The correction of
the priori estimative is performed with the map-matching
estimations. This decreases of the state covariance if the map-
matching estimative is reliable.

D. Particle Swarm Optimization

The PSO technique uses particles (with pose and ve-
locity) to search the environment space looking for better
solutions [10]. Each particle adjusts their speed according
to its personal solution and current best solution considering
the entire swarm, i.e., a neighborhood relationship is defined.
On a single iteration (i), each particle is attracted to its best
solution (personal best, pBest) and the better solution of their
neighborhood (global best, gBest). Thereby, the speed V and
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pose p = (x, y, θ) of each particle is dynamically adjusted
according to its current pose, velocity and distances between
its current pose, pBest and gBest (see the particle evolution
in equations 3 and 4).

Vi = φ1Vi−1 + φ2r1 (pBest− pi−1) + φ3r2 (gBest− pi−1)
(3)

pi = pi−1 + Vi (4)

were Vi = [vx, vy, w]
T

is the linear velocity in both
Cartesian axes and angular velocity at iteration i. The pa-

rameter φ1 = [φ1x, φ1y, φ1θ]
T

controls the inertia factor (is

usually set to < 1 for convergence), φ2 = [φ2x, φ2y, φ2θ]
T

the personal influence weights and φ3 = [φ3x, φ3y, φ3θ]
T

the
social influence weights. Usually, the φ2 + φ3 = 4 [10].
The orientation difference must be normalized to maintains
the orientation in the range (−π,+π). Each scalar ri is a
uniform random number between (0,1) and gives a stochastic
characteristic to the PSO.

The PSO model allows the robot to re-localize itself in
anomalous situations because a high matching error triggers
the global localization mechanism. In more detail, the algo-
rithm starts by initializing each particle pose and velocity.
The particles search for solutions around the last well known
pose in order to increase the convergence rate. Initially, par-
ticle velocities are considered to be random and under no
circumstances the particle’s pose can leave the map. After
the initialization, the objective function is calculated for each
particle (since it gives a solution) and pBest and gBest are
both updated. Finally, the linear and angular velocities (vx, vy
and w) of each particle are calculated and then, the pose of
the particle is updated. The algorithm ends when a reasonable
solution is found, for instance, a solution with low matching
error.

IV. PRACTICAL RESULTS

A. Robot@Factory

Robot@Factory is a new competition introduced during the
11th Portuguese Robotics Open and it focuses on manufactur-
ing management for one or several AGV’s (Automated Guided
Vehicles). Their main goals are: produce a specific number
of different parts, control the robot navigation and scheduling
operation sequences [1]. The factory (3 × 1.88m) consists of
an input warehouse with a maximum capacity of five parts,
one output warehouse (to store the produced parts), eight
production machines where the parts have to be processed
according to their operation sequence and one or more AGV’s
responsible for transporting the parts. There are three different
types of parts, each one with a different operation sequence in
these machines (at center of the environment). It is important
to notice that, each machine can only process one part at time
and it has different operation times according to the type of
part being processed [1]. For helping participants to prepare
the competition, an official Robot@Factory environment based
on SimTwo2 which is a powerful simulation environment

2http://paginas.fe.up.pt/ paco/wiki/index.php?n=Main.SimTwo

that resorts to well established libraries, for instance, Open
Dynamic Engine (ODE) for simulating rigid body dynam-
ics and GLScene which is a 3D library based on OpenGL
(Open Graphics Library). This simulation platform faithfully
represents the real competition environment since the driving
systems, the sensors, the mechanical and physical properties of
bodies are precisely modeled, figure 4. The simulation platform
has also several advantages because it allows to conduct realis-
tic navigation procedures and the real localization information
(ground truth) of the robot can be obtained and compared
against the performance of the proposed localization technique.

Fig. 4. Official Simulation Environment for the Robot@Factory competition.

A differential robot (0.30 × 0.22m) with four infra-red
sensors located in the front, both sides and, finally, on the
back, is used during the conducted experiments (see figure
4). For modeling the infra-red error, a real sensor SHARP
- GP2Y0A21 is considered whose effective range is between
0.10m and 0.80m. After performing precise experiments about
the behavior of this sensor during its full range, it is possible to
conclude that the error model can be reliably represented by
a zero mean Gaussian distribution, N(0, σ2

IR). Nevertheless,
the variance σ2

IR is a function of the measured distance
(dist) and can be approximated by a third order polyno-
mial function, for instance, σ2

IR(dist) = |1.01e−6dist3 −
1.80e−5dist2 + 1.01e−4dist− 1.47e−3| meters. To modeling
the dead-reckoning, the Qk of the EKF, it was followed the
chapter 5 of [16] . The characterization of Qk and Rk is
extremely important because it allows a realistic representation
of the most important aspects that affects the performance of
the proposed localization method. Future experiments will be
conducted using a real environment of the Robot@Factory in
order to compare the expected performance, presented by this
research, with the performance that is obtained by a true robot.

B. Performance Analysis

Extensive experiments are conducted with realistic infra-
red and odometry errors (previously modeled) in order to
evaluate the accuracy and computational cost of the proposed
technique. The influence of three localization parameters is
analyzed, for instance, the maximum number of sensor points,
maximum distance of points to the robot and the concentration
distribution of data along space and time. In addition, the
performance of the localization is studied for two different
navigation paths.

An especial notation allows to follow more easily the
conducted experiments. Each trial has one number and one
letter. The number {0, 1, 2, 3} represents the maximum num-
ber of points {200, 300, 400, 500}, respectively. The letters
{A,B,C,D} mean different configurations of data concentra-
tion. ”A” is the control trial where maximum distance allowed
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is 1m and it has equal concentration of data for older and
younger points. ”B” represents the same than ”A” however,
the maximum distance for the points is 1.5m. Experiments
”C” and ”D” show the performance for different data concen-
trations. Both represent higher concentration of younger sensor
points than ”A” and ”B” however, the letter ”D” represents a
trial with lower concentration for older data when compared
to ”C”.

Fig. 5. Experiment 2-C: Path 1 - direct movement between the top and
bottom warehouses (top image). Path 2 - indirect movement (bottom image).
The localization of the robot obtained by the proposed technique is represented
in green and the ground truth in red.

Figure 5 shows the localization of the robot for two
navigation paths using the proposed technique with a 2-C con-
figuration. Visually, the pose estimation (green) overrides the
ground truth (red) in almost the entire paths. Figure 2 depicts
the map-matching process using the updating process (sensor
points are represented in blue). The robot is reaching the third
step according to the second path of the figure 5 (bottom
image). The updating procedure is extremely important for the
map-matching because it allows a good characterization of the
surrounding environment with only four infra-red sensors.

Figure 6 shows quantitative results that were obtained
in both paths and for different configurations. The trial 3-
B represents the worst case since the mean error is 0.07m
and 4.8o with a standard deviation of 0.06m and 9o. As
expected, there are differences between ”A”, ”B”, ”C and ”D”
configurations. Experiments based on ’A” and ”B” usually
have position errors higher than ”C and ”D”. This is show
in the graph of the position error. The reason for the higher
performance of configurations with less concentration of older
points is related to the dead-reckoning data that is used by
the updating process since more recent points are less affected
by the accumulation error. Large number of points or large
maximum distance lead to a higher accumulation of errors
because the estimation is highly influenced by distant and by
older points. This affects minimization process and decreases
the matching accuracy. Thereby, parameters must be adjusted
according to the environment topology.

Fig. 6. Graphical representation of the absolute mean (position and orienta-
tion) error for several configurations and considering both paths.

Fig. 7. Longest cycle time for both paths and considering different trials
(using a CPU Intel I3 M350, 2.75GHz).

The computational time in each conducted experiment is
shown in figure 7. The localization of the robot is usually
accomplished in less than 40 milliseconds. Thus, the proposed
localization technique reaches a real-time performance how-
ever, the amount of sensor data used by the map-matching
increases the time spent by the technique to estimate the
localization of the robot. By increasing the concentration of
younger and closer sensor points the processing time decreases
without a negative impact on the overall localization accuracy.
Actually, the figure 6 shows lower errors in these situations
(”C” and ”D”).

C. Particle Swarm Optimization

The PSO was not used in any circumstance during the
previous experiments and even for an additional free-path
navigation experiment that was conducted for a large period
of time (2 hours). Therefore, a pose tracking error is simulated
in order to activate the re-localization mechanism. The error
consists by adding 0.5m to the x-component, 0.8m to y-
component and 90 degrees to the orientation of the current
pose. The symmetry of the Robot@Factory environment is a
major problem for the PSO formulation since there are at least
two possible matching solutions at each time. To avoid this
problem, the particles’ searching space is initialized to an area
around the last pose estimation with a low matching error. The
stopping criteria of the PSO is the number of iterations or the
map-matching error being lower than a threshold.

The map-matching error is 1m and 90o around the second
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Fig. 8. Distance error evolution (on the top) and orientation error evolution
(on the bottom) of the map-matching in a kidnap situation. PSO configured
with 15 particles, 30 iterations, φ1 = 1.2, φ2 = 1.5 and φ3 = 2.5.

33, see figure 8. This large error triggers the PSO which in
less than 2 seconds reacquires one good pose estimation (the
matching error decreases and the robot is relocated again). This
two seconds demonstrates the remarkable ability of the PSO
to solve the global localization problem.

V. CONCLUSION

A real-time localization technique for the Robot@Factory
competition is presented in this paper. It differs from other
methods since it combines a map-matching algorithm, spatial
and temporal updating procedure and a particle filter based on
particle swarm optimization. The spatial and temporal updating
procedure increases the amount of sensor information that is
available and is used by the map-matching, avoiding the need
for many sensors or a laser range finder. The EKF combines
the dead-reckoning with the map-matching pose estimation,
leading to a reliable pose tracking. In addition, the PSO allows
to re-locate the robot when the map-matching returns an unreli-
able pose estimation (the matching error is high) and, thereby,
it is an important mechanism that searches the environment
looking for a possible solution when the robot is completely
lost. The conducted experiments prove the accuracy, flexibility
and robustness of the proposed technique since it achieves
an error, usually, lower than 0.04m and 2degrees. Extensive
experiments also prove the PSO capability to re-locate the
robot in anomalous situations. Therefore, several important
improvements are proposed in this article to increase the
performance of an efficient map-matching algorithm.
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Abstract—In this paper, we propose a cooperative perception
framework for multi-robot real-time 3D high dynamic target
estimation in outdoor scenarios based on monocular camera
available on each robot. The relative position and orientation
between robots establishes a flexible and dynamic stereo baseline.
Overlap views subject to geometric constraints emerged from the
stereo formulation, which allowed us to obtain a decentralized
cooperative perception layer. Epipolar constraints related to the
global frame are applied both in image feature matching and
to feature searching and detection optimization in the image
processing of robots with low computational capabilities. In
contrast to classic stereo, the proposed framework considers
all sources of uncertainty (in localization, attitude and image
detection from both robots) in the determination of the objects
best 3D localization and its uncertainty. The proposed framework
can be later integrated in a decentralized data fusion (DDF)
multi-target tracking approach where it can contribute to reduce
rumor propagation data association and track initialization issues.
We demonstrate the advantages of this approach in real outdoor
scenario. This is done by comparing a stereo rigid baseline stan-
dalone target tracking with the proposed multi-robot cooperative
stereo between a micro aerial vehicle (MAV) and an autonomous
ground vehicle (AGV).

I. INTRODUCTION

In recent years, we have seen a growing research effort on

novel multi-robot cooperative tasks for heterogeneous mobile

robotics applications. This ongoing development is driven by

a significant number of potential end-user applications, where

is necessary to reduce the human in the loop interaction

which includes large-scale sensing operations[12], cooperative

search and rescue tasks[5], surveillance[7], recognition recon-

naissance and border control[8]. Currently, mobile robots em-

ployed on these high-end user applications are equipped with

state-of-the art sensing equipment allowing them to navigate

and perceive their surrounding environment. One of the most

common and versatile means of perception in mobile robotics

applications is visual sensing with one or more cameras which

are able to acquire visual information[13] based on cooperative

approaches. Taking this a step further, here we address an

outdoor multi-robot scenario without localization issues, with

the surveillance task goal of detecting and estimating 3D high

dynamic targets positions behavior in a cooperative vision

flexible and dynamic stereo baseline framework.
State of art approaches to enumerated end-user applications

can be organized according to cooperative tasks emerged from

local or cooperative perception.

In local perception approach, each robot is capable of

detecting and locating targets, sharing that information over

some communication middleware that can be later used to

some cooperative mechanism for task allocations[10].

Considering the proposal scenario, those approaches present

several limitations in any possible vision setups: monocular

or stereo rig baseline. In monocular vision, we have the

intrinsic difficulty in estimating depth and absolute scale[1],

so 3D target estimation without target known size is a re-

search challenge. Techniques like SFM(struture-from-motion)

or SLAM(Simultaneous localization and mapping) are able

to estimate depth from a monocular camera[6][3], but the

scene must have a large field of view and motion must not

occur along the optical axis and preferably parallax motion

to allow a fast uncertainty map convergence[1]. SLAM tech-

niques are able to obtain good results in depth estimation for

indoor and even in outdoor map building scenarios although

with constraints such as high computational requirements (not

available in most of the robots with low payload), lower

camera dynamic, preferably with features loop closing and

large field of view, but unable to track targets with high

dynamic behavior. Still with monocular vision and for a

particularly case of aerial vehicles depth estimation can be

obtained based on flat earth assumption[2]. Although it is

simple, its application is limited to tracking objects on the

ground with low accuracy and not applied to our addresses

scenario. Regarding stereo rig baseline, 3D target estimation

is a well known solution due to its relatively simple image

scale and depth estimation although with limited application

when the goal is to track targets whose depth distance greatly

exceeds the available stereo rig baseline, therefore reducing the

stereo setup to a bearing-only sensor[15]. The estimation error

grows quadratically with the depth[15][4], becoming even

more relevant this limitation when the robot majority tends to

decrease its scale factor and consequently smaller rig baseline.

The enumerated limitations strengthens our proposal by having

a multi-robot monocular approach with a flexible and dynamic

baseline between robots able estimate 3D information from

correlated detected targets.

Focusing now in cooperative perception approaches, char-

acterized by each robot, available at the multi-robot forma-

tion, builds its own local partial representation of the world,

described by the belief state and share in order to improve
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their knowledge. Some of this methods are: Decentralized

Data Fusion(DDF)[11] by incorporating 2D measures possible

to be represented by Gaussian Mixture Model(GMM)[9],

Cooperative SLAM[14] and for the special case of indoor sce-

narios a decentralized EKF monocular camera inertial sensor

fusion method[1] to recover the relative configuration between

monocular cameras. Common to all enumerated methods is

the requirement translation of the information received from

other robots to the same local representation. This step is

critical in order to avoid rumor propagation that could lead

to overoptimistic estimations. In Cooperative SLAM[14] this

problem was considered and solved thought the epipolar

geometric constraint between cameras. This is part of your

proposal in which we detail in section II-C.

A. The Aim of this Work
We propose a method to estimate the 3D target information

based on multi-robot vision bearing-only measurements in

outdoor scenarios.

Fig. 1. Multi-Robot Cooperative Stereo

The relative positions and orientations between monocular

cameras are allowed to change over time, which means that

we are able to form a flexible stereo baseline and establish

overlap views based on geometric constraints emerged from

the multi-robot collaborative stereo formulation and provide a

3D outdoor localization for multi-targets with high dynamic

behavior (see figure 1). The envisioned multi-robot cooperative

stereo framework can combine monocular vision information

from heterogeneous vision sensors included , but is not limited

to, infrared thermographic camera, visible camera and multi-

spectral cameras which means that we can have multiple

robots cooperating in the same environment and combining

the information provided by each vision sensor. As regards

DDF target tracking approaches the framework can be applied

as layer able to support data association and avoid rumor
propagation between robots and in the initialization process

of new targets.
The paper is organized as follows: in section II we present

the multi-robot cooperative stereo framework and detail the

developed blocks. Section III describes the outdoor scenario

and the vehicles used to obtain the results detailed in section

IV, followed by conclusions and future work in Section V.

II. MULTI-ROBOT COOPERATIVE STEREO FRAMEWORK

The general scheme for the multi-robot cooperative stereo

framework is presented and detail in this section.

A. Notation

Considering the fact that the proposal framework is applied

to multiple robots n with different coordinates frames and dur-

ing the formulation we will require coordinate transformation

matrix from one coordinate (designated by from) to another

coordinate frame ( designated by to), we use the following

notation: to
fromSn.To represent the coordinate transformation,

we label {C} for camera frame, {B} for body frame, {N}
for navigation expressed in ENU (earth-fixed east-north-up)

and {W} for global frame expressed in ECEF (earth-centered,

earth-fixed) coordinate. The upper bold case notation represent

matrix, lower bold case vectors and lower case scalar variables.

B. System Overview

The proposed cooperative stereo framework architecture is

outlined in figure 2.

Fig. 2. Multi-Robot Cooperative Stereo Architecture

The architecture is composed by a localization layer re-

sponsible for providing to the local state layer the attitude and

global frame position of the robot. Although in the current im-

plementation this information came from INS/GPS fusion but

could be in the future come from any other localization system.

For each camera available in the robot, a image processing

block provide the {Mi} with the detected target measurement

and the correspond uncertainty. For each image processed the

robot share over a middleware communication, with the robot

that is sharing the same overlap view, the position W pi and

orientation of camera W
C Ri as well as a list of possible targets

measurements {W di}. The information provided from other

robots is then used by a features correspond block (section

II-C). The position and attitude of both robots cameras will

estabilish the essential matrix Ei,j that will define epipolar

restrictions between targets pairs. Finally the target pairs are

applied to obtain the 3D target measurement W Target3D and

uncertainty Σ3D as detailed in algorithm 1. Before present the

proposed algorithm we will describe for robot i the variables

and inputs depicted in figure 3.

The camera position in the global frame is obtained:

W pi =
W
N Ti.

N
B Ti.

Bpi (1)

where Bpi is the camera position in body frame as:

Bpi =
B
C Ri.(−ti) (2)
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Fig. 3. System setup between robot i and j

being B
CRi and ti achieved from the camera extrinsic cal-

ibration and where the W
N Ti =

[
N
B R W

robotP
]

and N
B Ti =[

N
B R 0

]
are respectively the transformation matrix from body

to navigation and navigation to world.

The direction vector to the target in world frame is:

W di =
W
N Ri.

N
B Ri.

Bdi (3)

where Bdi is the same vector in body frame equal to
B
CRi.[

xi−uc

fx
, yi−vc

fy
, 1]T , (uc, vc) principal point (that is usually

at the image center), focal lengths (fx, fy) and {Mi} =
(xi, yi) are the detected target measurement.

C. Multi-Robot Stereo Correspondence

The features match between different cameras i, j is

performed though the epipolar geometric line information.

To avoid ambiguous matches, the corresponding points are

searched over the epipolar line in a narrow band within 2σ
distance. In order to obtain the epipolar line, each robot will

share the rotation matrix (4) and the candidate feature position

(1), both related to the global frame.

W
C Ri =

W
N Ri.

N
B Ri.

B
CRi (4)

With this information we estimate the stereo rotation R ma-

trix and translation t vector 5 and consequently the essencial

matrix Ei,j = t̂.R.⎧⎪⎨
⎪⎩
t = (WC Ri)T .(W pi −W pj)

R = (WC Rj)
T .WC Ri

(5)

D. Stereo Measurement Uncertainty

In order to define uncertainty in 3D target we will first

define the uncertainty associated to each intersection point

Pinti and Pintj . To achieve the Pinti covariance called ΣPinti
,

we need to obtain the jacobian matrix of Pinti in order to input

variables νi,j .

Ji = ∇νi,j
Pinti(νi,j)

Jj = ∇νi,j
Pintj (νi,j)

(6)

Algorithm 1 Multi-Robot Cooperative Stereo

Assuming that each robot share a 3-tuple

(W pi,
W
C Ri, {W di}) for robot i and (W pj,

W
C Rj, {W dj})

for robot j. For each pair of points received from robots

i, j we will perform the following steps:

Step 1: Evaluate the correspondence between points de-

tected in each camera considering the epipolar constraint

(details in section II-C). If the points are without correspond

with the epipolar constraint, the algorithm proceed to the

next steps otherwise the tuples are label as being targets.

Step 2: Obtain perpendicular vector to W di and W dj (see

figure 4).

dc =⊥ (W di,
W dj)

Step 3: Estimate the value of the λi where the ray

(W pi+λi.
W di) intersects the plane πj defined by the other

monocular robot camera j optical center in world frame W pj

and the direction vector (W dj, dc) being the intersection

point Pinti =
W pj + λj .

W dj. The same approach for λj .⎧⎪⎪⎨
⎪⎪⎩
λi =

(W pj−W pi)
T .(dc∧W di)

W di
T .(dc∧W di)

λj =
(W pi−W pi)

T .(dc∧W dj)
W dj

T .(dc∧W dj)

Step 4: Obtain 3D target point in ECEF coordinate frame

(section II-D )

W Target3D =
ΣPintj

ΣPinti
+ΣPintj

.(W pi + λi.
W di) +

ΣPinti

ΣPinti
+ΣPintj

.(W pj + λj .
W dj)

Step 5: Evaluation the Euclidean distance between two

points projected in the global frame in case of λi and λj

are positive . The thr value is a metric physical distance in

mm.

if ||(W pj + λj .
W dj)− (W pi + λi.

W di)|| < thr then
return W Target3D

end if

where the input state vector is defined as:

νi,j =

[
Roboti︷ ︸︸ ︷

Pi,Ri, di,

Robotj︷ ︸︸ ︷
Pj ,Rj , dj

]
(7)

With the jacobian we can combine the uncertainty in the

state variables Ni,j to covariance of Pinti and Pintj .

Ni,j = diag[ΣPi ,ΣRi ,Σdi,ΣPj ,ΣRj ,Σdj ] (8)

ΣPinti
= Ji.Ni,j .J

T
i

ΣPintj
= Jj .Ni,j .J

T
j

(9)
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As seen in the algorithm the covariance of the both intersec-

tion points is used in the determination of the 3D measurement

by weighting the uncertainty of each of them (see figure 4) in

opposition to classic stereo mid-point triangulation method.

Fig. 4. Snapshot from the covariance 3D ellipse of Pinti and Pintj and
the intersection point obtained from the algorithm. Mid-Point Triangulation
method (blue dot). Triangulation based on the state covariance value (blue
cross). Perpendicular vector W dc to (W di,

W dj) (purple line).

III. EXPERIMENTAL SETUP

A. Outdoor Scenario

To evaluate the proposed multi-robot collaborative stereo

the chosen experimental scenario was a non-urban area with

several landscape elements, e.g., vegetation, water, rocks,

bushes and some semi-urban structures such as gravel paths.

Fig. 5. Experimental Scenario Fig. 6. Static target tracking by
the robot TIGRE

The target tracking used during the experimental tests was

an orange life jacket (see figure 6) with a size of 37cm×67cm
equipped with a RTK GPS Septentrio L1 L2 able to provide

in post-process a centimeter-accuracy lower than 10cm. This

will allow to evaluate the results from the cooperative stereo

and consider the target position as a external ground-truth.

B. Vehicles

The robot TIGRE (see figure 7) is an autonomous ground

robot for exploration and activity in unstructured environ-

ments. The vehicle has electric propulsion and is equipped

with an on board processing Quad Core Intel(R) Core(TM) i5

CPU 750 @ 2.67GHz, 4GB RAM, running a Linux operat-

ing system, wireless communications, infra-red thermographic

camera, laser rangefinder, two visible spectrum cameras in a

rigid stereo baseline (∼ 0.76 meters) with a pixel resolution

of 1278× 958, Novatel GPS receiver and IMU Microstrain.

The MAV (Micro Aerial Vehicle) (see figure 8) is a he-

licopter driven by four rotors, symmetric to the center of

Fig. 7. TIGRE - Terrestrial Intel-
ligent Ground Robotic Explorer

Fig. 8. Asctec@ Pelican MAV

mass equipped with a Flight Control Unit (FCU) for data

fusion (GPS and IMU) and flight control, an onboard 1.6 GHz

Intel Atom Based Embedded Computer, 802.11n Wifi and a

monocular camera from IDS UEYe LE with a resolution of

1280 × 1024. Both vehicles are running Linux and the ROS

framework as a middleware for communication, parameters

and monitoring of all processes. It is also crucial for the whole

system to work the accurate time synchronization between all

robots involved in the cooperative stereo.

IV. RESULTS

In this section we describe the results obtained from two

experimental cases that were performed in an outdoor scenario

with a static target. The fact that we are using a static target

was due to the importance of evaluating the quality of results

from stereo triangulation with a rigid baseline (IV-A) and the

paper proposal method with a multi-robot collaborative stereo

(IV-B) in a similar context able to be reproduced.

A. Experiment I: Stereo rigid known baseline

For this experimental case, a stereo rigid baseline available

at TIGRE was used to track the target. This means that the

MAV was not available, so the results will express the quality

of perception from TIGRE that was at a distance of ∼ 35
meters from the static target (see figure 6) and moving towards

with speed of 0.4 m/s.
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Fig. 9. Target estimation error for a stereo rigid known baseline. Left: TIGRE
GPS trajectory (blue triangle), target GPS RTK position (magenta circle).
Estimate position of the target (black cross). Right: Estimation position error
related to the target (black cross) compared with the stereo model error (green,
red and blue lines).

As expected and considering the reference[15], the percep-

tion accuracy of the TIGRE target tracking followed the stereo

model error: εz = z2

b.f .εd where εz is the depth error, z is the
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depth, b the baseline, f the focal length in pixels and εd the

matching error in pixels. The stereo model error is expressed

in the lines from figure 9 on the right to different values of εd
and the black crosses the estimation position error related to

the target. Figure 10 presents the stereo vision covariance for

three instances related to the target position. We observe that

the covariance decreases with shortening the distance and the

bearing angle is consistent even for large distances. It became

clear that was not possible to have a good accuracy for target

tracking with local perception due to the normally (∼ 1 m)

available rig baseline.

B. Experiment II: Multi-Robot Cooperative Stereo

Supported by the monocular MAV camera both robots are

able to obtain a flexible stereo baseline using the proposed

multi-robot collaborative stereo framework detail in section

II. The experiment was composed of several steps: TIGRE

detected the target and shared the estimation position to MAV,

MAV moved based on the information provided by TIGRE

to the top of the target and remained on the top based on

local perception, MAV shared a 3-tuple (W pi,
W
C Ri, {W di})

to TIGRE in order to in a cooperative way estimate 3D target

position. Results are showed in figures 11 and 12.
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Fig. 11. Target estimation error with Multi-Robot Cooperative Stereo. Left:
TIGRE GPS trajectory (blue triangle), target GPS RTK position (magenta
circle). Estimate position of the target for each method: Mid-Point Triangu-
lation (black cross) and State Covariance Sigma Value (blue circle). Right:
Estimation position error related to the target with Mid-Point Triangulation
Method (black cross) and State Covariance Sigma Value Method (blue circle)
compared with the stereo model error (green, red and blue lines).

Comparing the results from section IV-A with IV-B, it is

possible to observe that the proposal framework with cooper-

ative dynamic stereo baseline reduced dramatically the target

estimation error. This improvement is even more noticeable if

we compare the results between figures 9 and 11 when applied

the method based on state covariance sigma value (blue circle)

detailed in section II-D. From figure 12 we can observe that

the resulting uncertainty in 3D target is dominated by the MAV

uncertainty mainly caused by the low cost GPS error (∼ 2 m).

V. CONCLUSIONS

In this work we present a framework for multi-robot real-

time 3D high dynamic target estimation in outdoor scenarios.

The proposed framework provides the following functionali-

ties:

• Determination of 3D target measurement and associated

uncertainty from image measurements from two cameras

in robots and robots localization as well as the associated

uncertainties;

• Mechanism to help the target search and identification in

the image processing blocks in robots with low compu-

tational capacities;

• Mechanism to help the matching and association of 2D

targets

• Better understanding of how the several sources of un-

certainty contributes to measurement uncertainty

We demonstrate the advantages of this approach by com-

paring a stereo rigid baseline standalone target tracking with

the proposed multi-robot cooperative stereo between a micro

aerial vehicle (MAV) and an autonomous ground vehicle

(AGV). The Field experimental cases, show that our proposal

framework with cooperative dynamic stereo baseline reduces

dramatically the target estimation error. This novelty will

allow in future to establish an information framework for

the formation control of multi-robot system. Additionally, this

cooperative perception framework when integrated in a multi

target tracking architecture, like a DDF, will endows it with a

fast track initialization and more robust data association layer

in highly dynamic scenarios.
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Cooperative Robotics: Passes in Robotic Soccer

Gustavo Corrente, João Cunha, Ricardo Sequeira, Nuno Lau Member, IEEE

Abstract— The coordination necessary to make a pass in
CAMBADA, a robotic soccer team designed to participate in
the RoboCup Middle-Size League (MSL), is presented in this
paper. The approach, which relies on information sharing and
integration within the team, is based on formations, flexible
positionings and dynamic role and positioning assignment. Role
assignment is carried out locally on each robot to increase
its reactivity. Coordinated procedures for passing and setplays
have also been implemented. With this design, CAMBADA
reached the 3rd place in RoboCup’2010 and RoboCup’2011.
Competition results and performance measures computed from
logs and videos of real competition games are presented and
discussed.

I. INTRODUCTION

As robots become increasingly available in different areas

of human activity, researchers are naturally prompted to

investigate how robots can cooperate with each other in order

to perform different tasks. Moreover, progress in wireless

communication technologies enables information sharing and

explicit coordination between robots. These are basic ca-

pabilities needed to support sophisticated cooperation and

coordination algorithms. Given this increasing availability of

robots and communication technologies, multi-robot systems

have, in the last two decades, been receiving more and more

attention from researchers [1], [2], [3].

Interest on multi-robot systems is further justified by the

advantages they offer with respect to single robots. First,

some tasks are simply too difficult or impossible to be

carried out by a single robot. In other cases, by providing a

larger work force, multi- robot systems can carry out tasks

faster. Multi-robot systems also facilitate scalability, as larger

problems can often be solved by adding more robots to the

team. Finally, through their inherent redundancy, multi-robot

systems offer robustness, as they may still work when a team

member is damaged or malfunctioning.

A prime environment for the application of coordination

approaches are the RoboCup robotic soccer competitions.

In the context of a soccer match, robotic or otherwise, the

epitome of coordination is a passing situation. Passing is

a coordinated behavior involving two players, in which one

kicks the ball towards the other, so that the other can continue

with the ball. This paper describes the approaches to enable
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Aveiro, Portugal, and is currently with Nokia Siemens Networks Portugal,
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passes in robotic soccer implemented within the framework

of the CAMBADA1 [4] project at the University of Aveiro.

This paper is organized as follows: Section II presents the

hardware and software architectures of CAMBADA players

and provides details on the main software components in-

volved in individual decisions of the players. Section III dis-

cusses cooperation approaches by other teams of the Middle

Size League. Section IV describe the adopted coordination

methodologies. Section V presents the behaviours developed

for passing and receiving a ball. Section VI discusses compe-

tition results and various performance measures. Section VII

concludes the paper.

II. PLATFORM DESCRIPTION

The CAMBADA team competes in the RoboCup Middle-

Size League (MSL). The MSL is one of the most challenging

leagues in RoboCup. Robotic players must be completely

autonomous and must play in a field of 12 m × 18 m. Teams

are composed of at most five robots with a maximum height

of 80 cm. Human interference is allowed only for removing

malfunctioning robots and re-entering robots in the game.

The CAMBADA robots were designed and built at the

University of Aveiro. The hardware is distributed in three

layers which facilitate replacement and maintenance.

The components in the lower layer, namely motors,

wheels, batteries and an electromechanical kicker, are at-

tached to an aluminum plate placed 8 cm above the floor.

The second layer contains the control electronics. The third

layer contains a laptop computer, at 22.5 cm from the floor,

a catadioptric omnidirectional vision system, a frontal vision

system (single camera) and an electronic compass, all close

to the maximum height of 80 cm.

The players are capable of holonomic motion, based on

three omnidirectional roller wheels with a top speed of 2

m/s. The mentioned vision system allows detecting objects,

the ball, players, and field lines on a radius of 5 m around

each player. Each player also carries encoders, battery status

sensors and, for detecting if the ball is kickable, an infra-red

presence sensor.

An image of a CAMBADA robot can be seen in Figure 1.

Following the CAMBADA hardware approach, the soft-

ware is also distributed. Therefore, five different processes

are executed concurrently. All the processes run at the robots

processing unit in Linux.

Processes communicate by means of an RTDB2 [5] which

is physically implemented in shared memory. The RTDB is

1Cooperative Autonomous Mobile roBots with an Advanced Distributed
Architecture

2Real-Time DataBase
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Fig. 1. A CAMBADA robot.

a data structure which contains the essential state variables

to control the robot. It is divided in two regions, the local

and shared regions.

The local section holds the data needed by the local

processes and is not to be broadcasted to the other robots.

The shared section is divided between all running agents

to contain the data of the world state as perceived by the

team. Each sub-divided area is allocated to one robot where

it stores the perceived state of the world. There is also one

area specific for the coach information. As the name implies

the shared section is broadcasted through the team. Each

agent transmits its own shared section, always keeping all

RTDBs with updated information. This allows information

sharing among the team.

The RTDB implementation guarantees the temporal valid-

ity of the data, with small tolerances.

The software architecture is depicted in Figure 2.

The processes composing the CAMBADA software are:

• The Vision process which is responsible for acquiring

the visual data from the cameras in the vision system,

processing and transmitting the relevant info to the

CAMBADA agent. The transmitted data is the position

of the ball, the lines detected for localization purposes

and obstacles positions. Given the well structured en-

vironment the robots play in, all this data is currently

acquired by color segmentation [6], [7].

• Agent is the process that integrates the sensor informa-

tion and constructs the robot’s worldstate. The agent

Fig. 2. The CAMBADA software architecture

then decides the command to be applied, based on

the perception of the worldstate, accordingly to a pre-

defined strategy [8].

• The Comm process handles the inter-robot communica-

tion, receiving the information shared by the team-mates

and transmitting the data from the shared section of the

RTDB to the team-mates [9], [10].

• HWcomm or hardware communication process is re-

sponsible for transmitting the data to and from the low-

level sensing and actuation system.

• The Monitor process checks the state of the remaining

processes relaunching them in case of abnormal termi-

nation.

Given the real-time constraints, all process scheduling is

handled by a library specifically developed for the task,

pman, process manager [11].

III. COOPERATION IN THE MIDDLE SIZE LEAGUE

In the MSL teams use different approaches to deal with

the cooperation and coordination problems. Until now, MSL

teams have shown limited success in implementing and

demonstrating passes. In RoboCup’2004, some teams had

already implemented passes, but the functionality was not

robust enough to actually be useful in games [12], [13]. Be-

sides the CAMBADA team, the first teams capable of making

passes in free play were RFC Stuttgart(former COPS) [14]

and Brainstromers Tribots [15]. More recently, the game

rules were adapted to enforce cooperation, and it is currently

mandatory to perform a pass in order for a team to transition

from its defending half-field to the opponent half-field.

The CAMBADA team uses a dynamic role-base architec-

ture with a formation [16]. The main role is the Striker which

is the player closest to the ball, the remaining players use the
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role Midfielder. The strategic positions are assigned accord-

ing to the priority to the closest player available. In offensive

set pieces CAMBADA team already use passes, using the

role Replacer and Receiver achieving cooperation [16].

The Brainstormers Tribots roles are initially assigned by

the Teamcontroll which also decides what formation to use

depending on the number of robots in the field and robots

preferences [17]. Their coordination is based on centralized

decision. One robot is the master and decides which set play

to use. The master is usually the robot closer to the ball.

When deciding which robot to be master there is a possibility

to have an ambiguity. The first robot to request it to the

centralized Teamcontroll module gets it and if there is more

than one robot request at the same time the one with lower

shirt number gets it. In defensive plays they use a defensive

rotation. It is the master that evaluates the environment and

demands a rotation once they have been overplayed through

the sideline. This means that the first line of defense is no

longer between the ball and the goal. This rotation makes

the robots change their roles. When they have the ball the

master robot is the one with ball possession. It is the only

robot that can request a role exchange for itself and only the

master can start a set play like a pass. These decisions are

transmitted using keywords. In order to apply this approach

during a game all robots must know all possible actions and

associate them to keywords.

The RFC Stuttgart team uses dynamic role assignment

during the game with subroles so it is possible to have

two robots with the same role (Defender, Forward) but with

different subroles (Left Defender, Right Defender, etc) [18].

The list of roles is defined before each game. Cooperation

is achieved through a modified Interaction net.

Another team to use cooperation is the Tech United team.

Their approach is based on a dynamic role assigner [19]. A

module called Strategy Decider will pick a formation (e.g.

one keeper, two defenders, two attackers) and the roles based

on the information of the world state. Then the Role Assigner

will assign each role to the most suitable robot. This choice

is based on positions, of the entire team and of the ball, and if

the robot is fully operational or not. After the role is assigned

another module takes charge, the Behavior Executer. This

module will use the information of the world state in order

to act. The selection of strategy and role assignment is based

on weights defined before each game.

Another approach is taken by the Carpe Noctem team.

They have developed a new specification language, AL-

ICA3 [20]. Behaviors are modeled using this language. Each

robot will estimate the decisions of the teammates and will

act based on those [21]. Communication corrects any wrong

assumption. The language supports a degree of commitment

for strategies with several robots. A pass requires a higher

degree of commitment than deciding who attacks and who

defends. The path planning used to calculate the movements

of the robots uses shared information like teammates and

obstacles positions to achieve a more accurate path [22].

3A Language for Interactive Cooperative Agents

IV. COORDINATION FOR PASSING

The CAMBADA coordination model is based on sharing

the world state between all robots. Each robot has its own

world state, that integrates its own perception with the world

state broadcasted by the teammates [23], [16].

The Decision architecture is based on Roles, that provide a

way to perform high-level tasks. Each role is a combination

of Behaviors (ie: Move, Pass, Kick, ReceiveBall) that de-

compose the high-level tasks. The management of behaviors

in each role is made by using a finite state machine or an

utility function.

In free play, the CAMBADA team use four roles: Goalie,

Midfielder, Striker, Receiver. In a normal situation there are

five robots in the field: one Goalie, one Striker and three

Midfielders. The Goalie is used to defend the goal from

opponent shots, avoiding the team to suffer goals. The Striker

is the active role, that pursuits the ball and tries to dribble it

near to the opponent goal to perform a shot. The remaining

robots have the Midfielder role, that allow them to move

according to a strategic position model defined by our coach

agent [16].

The passing situation is a team task that involves two

robots, one with the role Striker and the other with the

role Receiver. Most of the opponent teams do not show

a distributed field occupation, rather following a swarm

strategy. Hence, to increase the success of a pass team

formations place a midfielder in areas of the field that we

expect to be free. Figure 3 shows two attacking situations

where the used formations place the Midfielder in a better

position to receive the pass.

Fig. 3. Two passing situations in free play. The CAMBADA robots are
represented by the circular cyan robots and the opponents by the triangular
magenta robots.

Figure 4 shows which roles/behavior/messages are in-

volved in a passing situation. This situation is triggered when

the Striker has the ball engaged, the conditions to perform a

shot are not favorable and the dribble path is not free.

The Striker evaluates the best robot to pass the ball. His

choice is sent to all robots by setting a coordination flag

with TryingToPass [robotId] in the shared world state, where

robot id is the number receiver. When the chosen robot

realizes the flag is set, changes the role from Midfielder to
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Fig. 4. Distributed state machines involved in a cooperative passing
situation from robot 2 to robot 5.

Receiver. The Receiver performs the ball reception behaviour

described in section V. When the Striker completes the

pass behavior, it updates the coordination flag to Ball-

Passed [robotId]. This information is used to measure the

time since the ball is really passed. If the ball takes too

much time to reach the receiver robot, the passing situation

is aborted. Another condition to abort the passing situation

is if the ball is intercepted (the ball path is different than the

expected).

V. BEHAVIOURS

While efficient coordination between the involved robots

and some degree of tactical oportunism are required to

perform the process described above, in the end a pass will

only be successful as long as the robots are able to perform

the necessary actions in each stage of the process. These

actions in the CAMBADA software architecture are called

Behaviours. Examples of behaviours in the CAMBADA

architecture are Move to a position in the field, Dribble or

Kick the ball. A behaviour can be seen as the basic block of

a CAMBADA robot attitude. A behaviour executes a specific

task by computing the desired velocities to be applied at the

robot frame, activating or not the ball handling device and

setting the desired strength to be applied the kicking system.

The various CAMBADA behaviours are:

• StopRobot the most basic behaviour, sends zero veloc-

ities to all motors, halting the robot.

• Move the behaviour that moves the robot to a given

position in the field.

• Interception the behaviour that intercepts a moving

ball, considering its velocity.

• Dribble the behaviour executed by the Striker role when

dribbling the ball.

• Kick the behaviour that performs a lob shot to a given

position in the field.

• CatchBall a behaviour that attemps to get possession

of the ball near the outer field lines, without pushing

the ball outside the field.

• GoalieDefend the goalie exclusive behaviour that tries

to prevent conceding goals.

All the CAMBADA behaviours derive from a generic class

named Behaviour. This class implements the method execute

which inserts in the RTDB the different values that will

later be translated to the powers to be applied at the various

robot actuators. The calculate method is implemented by

each specific behaviour derived from Behaviour.

For the purpose of performing passes in free play, two

new behaviours were developed: the Pass behaviour, like the

name implies passes the ball to another team-mate robot,

and the ReceiveBall behaviour, that attemps to receive an

incoming pass.

A. Pass behaviour

The Pass behaviour receives a position, �p, in field coor-

dinates, corresponding to the position of the teammate that

will receive the pass. This information is used to calculate

the angular error, δ, between the heading of the robot passing

the ball, relative to the field, θ, and the teammate position.

This angular error represents how much the robot performing

the pass has to reorientate in order to face the receiver and

make a pass. This is due to the fact that the kicking device

on the CAMBADA robots can only kick straight ahead.

The success of a pass depends heavily on how close the

ball will move relative to the robot on the receiving end of the

pass. However, as the opponent robots try to get possession

of the ball, the passing robot cannot afford to waste time

making a fine aim to the receiving robot. Therefore, we want

to minimize the angular error δ as fast as possible. On the

other hand, if a robot makes a pass while rotating, the ball

will not follow the desired trajectory. So the robot must rotate

fast enough to face the receiver, but at the same time must

have a small angular velocity, θ̇, when the pass is performed.

In order to cope with these requirements the calculated error,

δ, is supplied to a PD controller. Furthermore, in order to

avoid deviations from the desired ball path, the passer rotates

around the ball instead of rotating around the center of the

robot frame.

Figure 5 presents a visual representation of the Pass
behaviour, depicting two robots, a passer, with the ball, and

a receiver with all the variables used to perform a passing

action.

B. ReceiveBall behaviour

When the process of receiving a pass in free play starts,

few assumptions can be made regarding the alignment be-

tween the receiver robot and the ball path as well as the

robot orientation. Unfortunately, it does not suffice to move

the robot to the ball path while facing the ball. Given that

the robot body is rigid and the incoming ball travels at high

speeds, the outcome of that situation would be the ball hiting

the robot and then bouncing away. We need to somehow

absorb the ball velocity to avoid such scenarios. Instead of

altering the robot body, the solution found was to make

the robot move backwards therefore reducing the relative

velocity between the robot and the ball upon contact.

The receiver robot tries to face the ball by calculating

the angular error, δ, between the ball position, �b, in field

coordinates, and its orientation in the field, similar to the Pass
behaviour. The error δ, is also supplied to a PD-controller
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Fig. 5. A visual representation of the Pass behaviour.

in order to make the robot face the ball as fast as possible.

Otherwise the robot may not be facing the ball when it is

close, failing to receive the pass.

Using the estimation of the ball velocity, �̇b, we can

anticipate the ball path, assuming a straight path and ‖�̇b‖
to be constant over the ball path. We can then calculate the

deviation, �e, between the robot position and the ball path. In

order to move the robot to the ball path as fast as possible

we use another PD controller. This controller uses as input

the norm of the calculated deviation, ‖�e‖. The output of the

controller is then projected to a 2D vector with the same

direction as �e.

In order to absorb the ball velocity we apply an heuristic to

make the robot move backwards. We only apply this heuristic

when the robot is close to the ball path, as we prefer to have

the ball hit the robot and bounce away rather than to have

the robot move backwards while far from the ball path. We

consider the robot max speed, vmax, and define a parameter

vdiff , that represents the desired relative velocity between

the robot and the ball upon contact. Therefore the velocity

the robot should have to receive a ball, �vr, is �̇b−vdiff , with

saturation on vmax. The value of vdiff used is 0.5 m/s and

was obtained empirically.

Assuming the robot is close to the ball path, in other words

‖�e‖, is small, we check if the distance, d, between the ball

position, �b, and the robot position, �p, is smaller than the

distance travelled in one second at the required velocity to

receive the ball, vr. This gives the robot one second of time

to move backwards and absorb the ball speed.

A visual representation of the ReceiveBall behaviour is

shown in Figure 6.

VI. RESULTS

Obtaining results to evaluate the proposed work is a chal-

lenging endeavour. First of all, the methodology described

Fig. 6. A visual representation of the ReceiveBall behaviour.

earlier focuses on performing long passes on the MSL field

to oppose the slow speed of the CAMBADA robots. However

since the authors only have access to a field with the official

measures during competitions, we restricted the evaluation to

resuls obtained during soccer matches. On the other, this pro-

vides an opportunity to show effectiveness of the proposed

approach against different opponents. The CAMBADA team

first implemented the passing methodology in 2010. Since

then it has been applied in four different competitions. In

global passes have been performed in 9 games. These games

were analyzed and the results are summarized in Table I.

Total passes 53 100%
Successful passes 37 70%

Unsuccessful passes 16 30%
Goal after pass 14 26%

Dribble after pass 10 19%
Pass after a pass 12 23%

Intercepted passes 1 2%
Ball possession recovered after failed reception 5 9%

Lost ball possession after failed reception 11 21%

TABLE I

PASSING PERFORMANCE IN ROBOCUP COMPETITIONS.

The combination of the coordination methodologies de-

scribed along with the behaviours developed show a rela-

tively high success rate of 70% of all passes performed.

Performing passes in free play seems to provide an advantage

over dribbling the ball all the way to the opponent goal, since

26% of the passes result in a goal. This shows that placing a

Midfielder ahead in the field is strategically advantageous as

the robot is in a better attacking position to pose a threat to

the opponent team. Additionaly, an interesting conclusion is

that the swarm based formations used by other teams are

seldomly able to intercept passes, proving an opening to

teams taking advantage of cooperative skills such as passes.
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VII. CONCLUSION

This paper presented and evaluated the passing coor-

dination methodologies of CAMBADA, one of the top

teams in RoboCup MSL world championships (champion

in RoboCup’2008, 3rd place winner in RoboCup’2009,

RoboCup’2010, RoboCup’2011).

In RoboCup middle size league, several teams follow a

swarm strategy to pursuit the ball. These kind of strategy

causes clear zones in the field. Combining this fact with the

lack of speed of CAMBADA robots, motivates the necessity

to improve the team strategy. Using teamwork skills such

as passes during free play, allied with a formation with

strategic positions exploring free areas of the field allows

a cooperative strategy that reduces the importance of speed

differences to the other teams.

The described solution is based on information sharing of

coordination flags that trigger transitions in pre-defined state-

machines, distributed among the robots. Although applied to

a robotic soccer environment, the methodology is domain

independent, capable of being applied in other domais.

One of the most significant aspects of this work is the

integration of the described coordination methodologies in a

complex multi-robot system and their validation in the chal-

lenging Robo-Cup MSL competition scenario. This contrasts

with many other approaches described in the literature, which

are often validated in more controlled robotic environments,

if not in simulation.
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G.K., Kiat, N.B., Obst, O., Röfer, T., Takahashi, Y., Zhou, C.: Robocup
2004 competitions and symposium: A small kick for robots, a giant
score for science. AI Magazine 26(2) (2005) 36–61

[13] van der Vecht, B., Lima, P.U.: Formulation and implementation of
relational behaviours for multi-robot cooperative systems. In Nardi, D.,
Riedmiller, M., Sammut, C., Santos-Victor, J., eds.: RobuCup. Volume
3276 of Lecture Notes in Computer Science., Springer (2004) 516–523

[14] Zweigle, O., Lafrenz, R., Buchheim, T., Käppeler, U.P., Rajaie, H.,
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Institute for Systems and Robotics, Instituto Superior Técnico, Lisboa, Portugal

Abstract—Detection and tracking of an unknown-color spher-
ical object in a partially-known environment using a robot with
a single camera is the core problem addressed in this article. A
novel color detection mechanism, which exploits the geometrical
properties of the spherical object’s projection onto the image
plane, precedes the object’s detection process. A Kalman filter-
based tracker uses the object detection in its update step and
tracks the spherical object. Real robot experimental evaluation
of the proposed method is presented on soccer robots detecting
and tracking an unknown-color ball.

I. INTRODUCTION

Detecting and tracking relevant objects in a known or
unknown environment forms a vast area of research not only
in the domain of image processing and computer vision [1]
[2] [3] [4], but also in that of mobile robotics [5] [6] [7] [8].
Often the objective in the former is to classify complex objects
based on their color and shape irregularities [1]. However,
in mobile robotics the focus is more on computationally fast
methods for object tracking (including detection) and thereby
using the objects’ information to achieve other complex goals,
e.g, robot’s self-localization [7] and high-level decision making
[9]. The gain in an object tracker’s execution speed is due
to using the object’s shape as a prior knowledge and/or
using less-complex shaped objects, e.g, spheres. Although it is
often practical to assume the presence of less-complex shaped
objects in most environments, the same cannot be true with
regard to the object’s color. Moreover, the lighting conditions
of the environment irregularly change the apparent colors of
the objects over time rendering the prior knowledge of the
object’s color useless.

In this article we present a method to solve the problem of
detecting and tracking spherical-shaped objects in a partially-
known environment without the necessity of the object’s
color information as a prior knowledge of the tracker. The
partially-known environment implies that the most dominant
colors contributing to the environment’s background are known
beforehand. The method essentially consists of the following
three modules:

• automatic color detection of a spherical-shaped object,
• spherical object detection method and
• a Kalman filter-based (KF) tracker that uses the spherical

object detection method in its update step.

The automatic color detection, which consists of a sweep
over the HSV color space, is performed only once before
initiating the tracker. Therefore, the object should be in the

field of view of the camera at the beginning of the track-
ing process. The detected color is subsequently used by the
spherical object detection method which along with the KF-
based tracker runs continuously to track the object. Since the
automatic color detection method itself is computationally fast,
it can be scheduled to run intermittently without the need
of manual intervention in environments where the lighting
changes frequently causing the apparent color of the object
to change. In order to experimentally validate our proposed
method, the tracker was implemented on real soccer robots to
track an unknown-color soccer ball.

The rest of the article is organized as follows. In Section II
we briefly overview the existing literature in the context of
object detection and tracking. The novel contributions of the
article concerning automatic color detection is presented in
Section III along with the spherical object detection and the
KF-based tracker’s theoretical details. Real robot experimental
results are presented in Section IV, followed by Section V
where we conclude the article with comments on future work.

II. RELATED WORK

An extensive literature exists in the area of object detection
where researchers have explored concepts ranging from con-
tour recognition, e.g., Hough transform (HT) [10] to structure
tensor techniques [4]. While some of these assume a prior
knowledge of the object’s color [8], innovative algorithms have
been proposed recently to overcome this assumption, e.g, [5]
[6]. In [5] the authors present a color histogram mismatch-
based method to distinguish a spherical object of known
size from the background. This removes the dependency on
the prior color information and enables the spherical object
detection in 3D space. However, since its accuracy depends
on the number of pixels required to perform the histogram
mismatch (the higher the number of pixels used, the better the
accuracy is) at every frame, the execution speed is adversely
affected causing the method to be inefficient for real-time
applications.

In [11] the authors present a circular HT-based method to
identify the circular projections of the spherical object to detect
them. Apart from being computationally expensive, the method
explicitly requires a fine-tuning of the edge-detection system,
required by the HT, every time the lighting condition of the
environment changes. A possible solution to this problem is
proposed in [12], where the image projection of the spherical
object is an exact ellipse and radial and rotary scan lines are
used to look for matching color variations to detect the outer
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edge of the ellipses. The method is fast and suitable for real-
time detection of unknown-color spherical objects. However, it
is too specific to a certain kind of vision system that consists
of a special mirror with a hyperbolic part in the middle, a
horizontal isometric mirror and a vertical isometric mirror in
the outer parts. In this article we show that our method is fast,
adapts automatically to lighting changes in the environment
and requires an easily available perspective lens-based camera
making it diversely usable.

III. DETECTION AND TRACKING MECHANISM

To detect and track a specific type of object in an image,
some of its characteristics must be known beforehand. These
are usually the object’s shape and color. In this article we deal
with spherical shaped objects, henceforth referred simply as
objects. Detecting a spherical object assuming a prior knowl-
edge of its color is a relatively easy and previously solved
problem. However, in order to solve the generic problem of
detecting objects in any lighting condition, the known-color
assumption needs to be dropped. Our solution to this problem
involves automatic color detection (ACD) of the object before
initiating its detection and tracking process. This consists of
sweeping the hue-saturation-value (HSV) color space in hue
intervals, and then applying the color detection mechanism,
explained further, to each hue interval. The output of this
method is the most likely hue interval that corresponds to the
color of the object. This process should be repeated after a pre-
determined time interval to adapt to varying lighting conditions
of the environment in which the detection is done. Since the
ACD is a fast method (< 1 second) the tracker can easily
afford to execute the ACD without affecting its own execution
speed. The resulting hue interval information is then used by
the object detection mechanism (ODM) by filtering each image
frame using only that hue interval.

The approach mentioned above includes the use of only a
perspective lens-based camera fixed to the robot and pitched
down towards the ground plane (GP). The GP is where the
robot moves (translates on the GP’s X − Y plane and rotates
around an axis passing through the robot’s center of mass and
perpendicular to the ground plane). To calculate the distance to
the object from the robot we use the perspective transformation
between the the image frame and the GP, assuming that the
robot is at the origin of the coordinates and the object is on the
GP. This allows a linear pixel-to-meter relationship for every
pixel belonging to the GP. Once the pixel corresponding to the
object’s contact point with the GP is known (by the ODM), we
use the aforementioned relationship to calculate the distance to
it in meters. Furthermore, using simple geometric calculations,
the object’s center’s coordinates in the robot-centric frame of
reference is calculated. Finally, the ODM acts as a classifier
for the update step of a KF-based tracking method to track the
object’s position and velocity. The robot’s odometry is used in
the KF’s prediction step.

As mentioned previously, we assume that the detection and
tracking is done in a partially known environment meaning that
the GP consists of a few dominant colors which contribute to a
large, useless part of the image. Assuming the prior knowledge

of this information, we simply eliminate their corresponding
image pixels, facilitating a much faster ACD of the object and
the ODM.

Start

Shift of the HUE interval

End of HUE Sweep

Find all the contours

Compute the
area of all the contours found

Compute the area of the minimum 
enclosing circle of all the contours found

Find the minimum relative error
between the area of the enclosing

circle and the contour for all the contours

TRUE

FALSE

Min relative error <
min relative error in all the 

prevoius HUE intervals

Set the best HUE range 
of the sphereical object

Set the current HUE range as the
best one for the colour filtering

TRUE

FALSE

Spherical object 
out of the frame

TRUE

Exit

Reset the HUE interval
to the initial interval

FALSE

Stop

TRUE

FALSE

a

a
a

a

Fig. 1: Automatic color detection algorithm

A. Automatic Color Detection (ACD) Mechanism

The ACD operates only on the first image (also assuming
that the object is present in that image) but can be executed
later if required, as mentioned previously. At first the acquired
image frame is blurred to remove noise. A color filter (con-
sisting of the known dominant colors of the GP) is applied to
this to remove the regions consisting of the GP background.
This leaves only the object to be detected along with other
objects which might be present on the GP. Note that a rather
trivial assumption here is that the GP’s dominant color is not
the same as that of the object. Subsequently the following two
steps are performed:

• Sweep of the HSV color space in hue intervals:
Consecutive color filters are applied for every interval
in the hue range. Although the hue space is swept
in the tonality in intervals of ten, the value and sat-
uration intervals are constant in order to get different
intensities for each color. For each hue interval we do
the following. Take the GP color-filtered image and re-
filter it for the hue interval in consideration. The output
image now consists only of the pixels belonging to
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that hue interval. We then find the contours on this
output image. If the area of any contour is less than
a certain predefined threshold value, it is discarded as
noise. We then compute the minimum enclosing circles
for each of the remaining contour and the area of those
enclosing circles. The relative error between the area of
each enclosing circle and the respective internal contour
is also computed. The minimum relative error among
all the contours corresponding to that hue interval is
compared with the absolute minimum relative error from
all the previous hue intervals (already processed), saving
only the smallest.

• Detecting the color: After the sweep is finished, the
hue interval that has the contour with the least relative
error is the one corresponding to the color of the object.
The entire ACD algorithm detailing these two steps is
presented in Figure 1.

The reason why the contour and the hue interval corresponding
to the least relative error is considered to be that of the object
(object to be detected) lies in the circular shape of the object’s
projection. In an ideal scenario, the contour of the object’s
projection will be circular in shape and the minimum inclosing
circle for that contour will be the contour itself causing the
relative error to be zero.

B. Spherical Object Detection Mechanism (ODM)

Once the color of the object is detected, every subsequent
frame is filtered by the hue range found by the ACD. The filter
consists of a threshold function, which sets a pixel to the value
one (white) if it belongs to the hue range of the object, and zero
(black) in the other case. Further, we compute (after removing
noise) the centroid (x̄, ȳ) of all the white pixels, resorting to
the image’s spatial moments. The centroid pixel corresponds
to the position of the object (center of the spherical object) in
the robot’s frame, which is the output of the ODM.

mji =
∑
x,y

I(x, y)xjyi

x̄ =
m10

m00
, ȳ =

m01

m00

C. Kalman Filter-based Object Tracking

In order to track the object efficiently and robustly we used
a standard Kalman Filter (KF). The ODM is used as the
measurement source for the object’s position and is used in
the KF’s update step. For the prediction step, the motion of
the robot and that of the object was taken into account. Most
of the KF’s mathematical details presented here are adapted
from [13].

The object’s motion is assumed to be a constant velocity plus
zero mean Gaussian acceleration noise model and the robot is
assumed to move with a constant linear and angular velocities
with negligible accelerations. The conversion of the object’s
velocity from the global frame to the robot frame is done as
follows.

Let vr
o denote the object’s velocity in the robot’s frame, vg

o

denote the object’s velocity in the global frame, vr denote the
robot’s linear velocity (always in global frame) and ωr denote
the angular velocity of the robot about an axis passing through
its center of mass and perpendicular to the GP. pr

o denotes the
position of the object in the robot frame. The differentials of
these variables are denoted in the dot-format.

{
vr

o = vg
o − vr − ωr × pr

o

v̇r
o = v̇g

o − v̇r − ω̇r × pr
o − ωr × vr

o

(1)

Since the the robot’s and the tracked object’s accelerations are
assumed to be zero, i.e, v̇r

o = v̇r = ω̇r = 0.

v̇r
o = −ωr × vr

o (2)

To obtain the object’s velocity in the robot frame, the robot’s
velocity adds negatively to the object’s velocity in the global
frame. An intuitive reasoning is that a static object (implying
zero global velocity) would be seen as moving in the opposite
direction of the robot’s velocity direction when the object is
viewed from the robot frame. The robot’s angular velocity also
affects negatively to the apparent object movement in the robot
frame for the same reason.

The state to be estimated by the KF is denoted by x where

x = [pr
o vr

o]
�

=
[
pr

ox pr
oy vr

ox vr
oy

]�
, which consists of the

2D position and velocity of the object in the robot’s frame of
reference . The discrete time state transition model and the
observation model is given by (3). Henceforth (t) associated
to any variable denotes its value at the timestep t.

x(t) = Φ(t)x(t− 1) + Γ(t)u(t)

z(t) = H(t)x(t) (3)

where

Φ(t) =

⎡
⎢⎢⎣

cos(Δθ) sin(Δθ) Δtcos(Δθ) Δtsin(Δθ)

−sin(Δθ) cos(Δθ) −Δtsin(Δθ) Δtcos(Δθ)

0 0 cos(Δθ) sin(Δθ)

0 0 −sin(Δθ) cos(Δθ)

⎤
⎥⎥⎦ ,

Γ(t) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

−Δtsin(Δθ)

Δθ

Δt(cos(Δθ)− 1)

Δθ

Δt(cos(Δθ)− 1)

Δθ

−Δtsin(Δθ)

Δθ

0 0

0 0

⎤
⎥⎥⎥⎥⎥⎥⎥⎦
,

H(t) =

[
1 0 0 0

0 1 0 0

]
, (4)

Δt is the time interval between timestep t and t−1, Δθ is the

angular displacement and u(t) = [ux(t) uy(t)]
�

is the linear
displacement of the robot between those timesteps acquired
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Fig. 2: Perspective lens-based camera mounted on top of a
soccer robot

from the robot’s odometry measurement. z(t) denotes the
object’s observation measurements obtained at the tth timestep
from the ODM.

The KF’s prediction step and the update step are given
by (5) and (6), respectively. The prediction is performed
whenever new odometry readings are acquired and the update
is performed when the object’s measurements are obtained by
the ODM.

• Prediction Step

x̄(t) = Φ(t)x(t− 1) + Γ(t)u(t)

P̄(t) = Φ(t)P(t− 1)Φ(t)� +Q(t)
(5)

• Update Step

K(t) = P̄(t)H(t)�
(
H(t)P̄(t)H(t)� +R(t)

)−1

x(t) = x̄(t) +K(t)
(
z(t)−H(t)x̄(t)

)
P(t) =

(
I−K(t)H(t)

)
Φ(t)P̄(t)

(6)

The a priori and the a posteriori error covariance matrices
are represented by P̄(t) and P(t) respectively. Both were
initialized as identity matrices, whereas the process noise co-
variance matrix, Q, and measurement noise covariance matrix,
R, are based on the ODM’s measurement and odometry errors.
K denotes the Kalman gain and I denotes an identity matrix.

IV. TESTBED, IMPLEMENTATION AND RESULTS

A. Testbed and Implementation
Our experimental testbed is the RoboCup Middle Sized

League (MSL) where one of the most important prerequisites
for the soccer playing robots is to detect and track the soccer
ball which is a spherical object. As the official rules of the
MSL have evolved, one of the major technical challenges
in the recent years is to detect and track an unknown color
ball. This makes MSL a suitable choice for implementing and
evaluating the method proposed in this article. We used one
of our omnidirectional soccer robots for the implementation
of the proposed algorithm. The robots acquire new odometry
readings every 30 milliseconds. To perform the ball’s detection,

a perspective lens-based camera (see Figure 2) was fixed on
top of the robot at a height of 80cm above the GP and pitched
down at an angle of 40◦ w.r.t the GP. Images from this camera
were acquired at 30 frames per second (fps). All involved
distance computations are based on the perspective camera pro-
jection model. An example of the distortion-corrected image
from this camera is presented in the Figure 3. All the robot’s
softwares run on a Sony Vaio laptop, equipped with an Intel
Core i3 2.2GHz (quad core) CPU and 4GB of RAM, which is
connected to the robot’s sensors and actuators through plug-
and-play connections (USB and Firewire).

The ACD, ODM and the KF-based tracker were imple-
mented using the robot operating system (ROS) and OpenCV
libraries for image processing related processes. Green and
white were considered as the dominant color in the background
and were filtered out before the ACD was initiated.

Fig. 3: An example of the distortion-corrected image from the
perspective camera.

B. results
Experiments were conducted for various balls (note that

every ball was uniformly colored, meaning without any signif-
icant patterns on it), each of a different color. The robot was
able to successfully detect and track the balls upto 6m from
itself. Table I shows the range in which the robot was able
to detect and track 2 different balls. In Figure 4 we show a
series of three images to demonstrate the ACD process. In the
first image a red colored ball (color unknown to the detection
system) is place in the field of view of the robot’s camera.
The second image shows result of filtering the background
dominant colors: green and white. The third image shows the
contours detected on the remaining image, the enclosing circles
on those contours and eventually the chosen circle with the
minimum relative error corresponding to the actual ball and
its color (marked with fluorescent green color on the image).

We further present the statistical results of the KF-based
tracker’s implementation in case of the red ball for three
separate experiments.

Experiment 1: In this experiment the ball was first placed
in the field of view of the robot (as it is necessary for the ACD)
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Colour Start Distance (m) End Distance (m)

Red 2.0 6.2

Yellow 2.0 4.1

TABLE I: Range of tracking achieved by the proposed method
on two different balls.

and then moved around the MSL field while the robot was kept
static. The robot was able to track the ball successfully even
in the case of short-term occlusion. The plots in the Figure 5
present the ball’s estimated distance to the robot during the
experiment and the KF’s innovation over time. The region
marked Occlusion in the plot of Figure 5 shows the sharp
increase in the filter’s innovation during the period in which
the ball is occluded from the camera’s field of view.

Fig. 5: Results of Experiment 1 where only the ball was
moved while the robot was static.

Experiment 2: In this experiment the ball was kept static
while the robot was rotated around its central axis perpendicu-
lar to the GP so that initially the ball is in the robot’s camera’s
field of view, loses it during the robot’s rotation and eventually
gets it back in the field of view. Results of this experiment is
plotted in the Figure 6 where we show the estimated distance
to the ball from the tracking robot, the bearing to the ball w.r.t
the robot’s heading and its corresponding residual referred to
as the KF’s angular innovation.

Experiment 3: In this experiment both the ball and the
robot were moved, however, the ball never left the camera’s
field of view. Results of this experiment are plotted in the
Figure 7 which show both the estimated distance to the ball
from the robot and the filter’s innovation. From this results
we infer that the innovation was slightly noisy (variance of
∼ 7 cm2) but with a low mean of ∼ 3 cm. The reason behind
the higher variance lies in the constant velocity plus zero mean
Gaussian acceleration noise model used in the KF for the ball’s

Fig. 6: Results of Experiment 2 where the ball was static while
the robot was rotated around its central axis perpendicular to
the ground plane.

motion update. To cope with the erratic movements of the ball,
that causes the spikes in the corresponding innovation plot,
a more sophisticated motion model would be required, e.g,
a mechanism that switches between different motion models
depending on the predicted trajectory of the tracked object.

Fig. 7: Results of Experiment 3 where both the ball and the
robot move.
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a) Unknown-color ball in the robot’s view b) Background dominant colors filtered c) Ball color detected

(marked as fluorescent green)

Fig. 4: Demonstration of the automatic color detection (ACD) process.

V. CONCLUSIONS AND FUTURE WORK

In this article we presented a novel method to automatically
detect the color of a spherical object before detecting and track-
ing it using a Kalman filter-based tracker. The fast execution
speed of the color detection method enables it to be executed
periodically while running the tracker to cope with the changes
in the lighting conditions of the environment. The method was
implemented on the soccer playing robots to track unknown-
color soccer balls with successful results. A few points that
could be enumerated for the purpose of future work are as
follows.

• In order to deal better with occlusions and to have a
smoother trajectory of the tracked object, cooperation
among multiple robots and innovative motion models
are required, e.g, an alpha-beta filter [14]. It is a steady-
state form of the nearly constant velocity filter. Since an
erratically moving object is affected by random positive-
mean acceleration, a good object motion model needs to
take this effect into account.

• Although the camera is pitched down in our application,
it still detects some irrelevant areas of the environment.
A possible future improvement would be to choose a
configuration where the camera’s field of view is better
optimized to make use of the maximum possible image
space.
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Abstract— Humanoid robots should be capable of adjusting 
their walking speed and walking direction. Due to the huge 
design space of the controller, it is very difficult to control the 
balance of humanoids walk. The position of the Zero Moment 
Point (ZMP) is widely used for dynamic stability measurement in 
biped locomotion. The reference trajectory of the Center of Mass 
(CoM) of a humanoid can be computed from a predefined ZMP 
trajectory. In order to generate the CoM trajectory, many 
researchers represent the ZMP equation using the motion 
equations of simple physical system, e.g. the cart-table model. A 
Fourier series approximation based method, which generates the 
CoM trajectory, was previously proposed for straight and curve 
walking. This paper extends these techniques to generate side 
and diagonal walking. In order to generate diagonal walking, 
straight and side walking are combined. The proposed CoM 
generation approach was tested on a simulated NAO robot. 
Experiments indicate that the method is successful in generating 
stable side and diagonal walking. Comparison results of the 
proposed method with ZMP preview control method show the 
benefits of the proposed technique. 
 

Keywords— Biped Walking; Trajectory generation; diagonal 
walking;  

I. INTRODUCTION  

 Humanoid robots are designed with high mobility 
capabilities. Wheeled locomotion is not appropriate for many 
human environments, such as stairs and areas littered by many 
obstacles. However, humanoid robots, due to a larger number 
of joints are able to avoid obstacles, and attain a wider variety 
of postures. Therefore, considering this advantage, humanoid 
robots can function and fulfill their tasks more easily than 
wheeled robots in domestic areas. In addition, due to the fact 
that biped locomotion is similar to human movement, people 
interact more easily with humanoid robots than with other 
types of robots. 

Even though biped locomotion has advantages in many 
aspects, it is still not used in real common tasks, such as 
industrial and military activities. A humanoid robot contains 
many degrees of freedom which increase the dimension of the 
controller’s design space. Due to the huge controller design 
space, as well as being an inherently nonlinear system, it is 
very difficult to control the balance of the humanoid robot 
during walking. The ZMP [1] criterion is widely used as a 
stability measurement in the literature. For a given set of 
walking trajectories, if the ZMP trajectory keeps firmly inside 
the area covered by the foot of the support leg or the polygon 

containing the support legs, the given biped locomotion will be 
physically feasible and the robot will not fall over during 
walking. Biped walking can be achieved by modelling the 
predefined ZMP references to the possible body swing or CoM 
trajectory. The possible CoM can be calculated by a simple 
model, approximating the bipedal robot dynamics, such as 
Cart-on-a-table or inverted pendulum model [2]. 

There is no straightforward way to compute CoM from 
ZMP by solving the differential equations of the cart-table 
model. The approaches presented previously, on how to tackle 
this issue, are organized into two major groups, optimal control 
approaches and analytical approaches. Kajita has presented an 
approach to find the proper CoM trajectory, based on the 
preview control of the ZMP reference, which makes the robot 
able to walk in any direction [3]. This is a dominant example of 
the optimal control approach. Some analytical approaches were 
also developed based on the Fourier series approximation 
technique, which can create straight walking reference [4] [5]. 
Recently this reference generation technique has been 
improved, and tested on the real humanoid robot to generate 
curve walking [6]. 

Although making a humanoid robot walk in a straight or 
curved line is very important and motivating for researchers, 
generating other types of walking such as side and diagonal 
walking can improve the ability of a humanoid robot to avoid 
obstacles. To the best of our knowledge, there is no method 
based on Fourier approximation to generate side and diagonal 
walking. Therefore, the contribution of this paper is to extend 
the Fourier based straight walking approach in [4] [5] into a 
side and diagonal walking generation approach. In order to 
create diagonal walking with desired speed, a combination of 
straight and side walking is required. The speeds on X and Y 
directions are varied according to user input, which allows the 
robot to change its walking direction. In order to test its 
performance, the proposed walking reference generation 
system is applied to the NAO simulated robot. 

In this paper, the results are compared to another well-
established method, the ZMP preview control approach.  There 
are also no published studies which compare the outcome 
results of Fourier based approaches, with the results of the 
ZMP preview control approach. The experimental results 
outlined in this paper demonstrate that better side and diagonal 
walking can be achieved than has previously been achieved in 
the ZMP preview control approach. The reminder of paper is 
organized as follows. The next section outlines cart on the table 
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model and how it can be used for humanoid walking. Section 3 
explains the preview controller applied to the biped walking. 
The diagonal walking reference trajectory generation method 
based on Fourier approximation is described in Section 4. 
Experimental and comparison results are presented in Section 
5. General conclusions and future work are discussed in the last 
section 

II. CART-TABLE MODEL APPLIED ON THE BIPED WALKING 

Many popular approaches used for joint trajectory planning 
for bipedal locomotion are based on ZMP stability indicator 
and cart-table model. ZMP cannot generate reference walking 
trajectories for walking directly but it can indicate whether 
generated walking trajectories will keep the balance of a robot 
or not. Nishiwaki proposed an approach to generate walking 
patterns by solving the ZMP equation numerically [7]. Kajita 
assumed that biped walking is a problem of balancing a cart-
table model [2], since in the single supported phase, human 
walking can be represented as the Cart-table model or linear 
inverted pendulum model [3].  

Biped walking can be modeled using the movement of 
ZMP and body swing. The robot is in balance when the 
position of the ZMP is in the support polygon. When the ZMP 
reaches to the edge of the polygon, the robot loses its balance. 
Biped walking can be achieved by modeling of the desired 
ZMP to the possible CoM. The body swing can be 
approximated by using dynamic model of a Cart-on-a-table. 

Cart-table model has some assumptions and simplifications 
in its modeling. First, it assumes that all masses are 
concentrated on the cart. Second, it assumes that the support 
leg does not have any masses and represents itself as a 
massless table. Although these assumptions seem to be far 
from reality, modern walking robots usually have heavy 
bodies, with electronics circuits and batteries inside. Therefore 
the effect of leg mass is relatively small. Fig. 1 shows how 
robot dynamics is modeled by a cart on a table. 

 
Fig. 1. Schematic view of Cart-table model and a humanoid robot 

Two sets of cart-table are used for 3D walking. One is for 
movements in frontal plane; another is for movements in 
coronal plane. The semantic view of a cart-table is shown in 
fig. 2.  

 
Fig. 2. Schematic view of Cart-table model and a humanoid robot 

The position of Center of Mass M is x and Zh defined in the 
coordinate system O. Gravity g and cart acceleration  create a 
moment Tp around the center of pressure (CoP) point Px. 
Equation (1) gives the sum of the torques at point P.  

 

We know from [8] that when the robot is dynamically 
balanced, ZMP and CoP is in the same point, therefore the 
amount of the moment in the CoP Point must be zero ,Tp=0. By 
Assuming the left hand side of equation (1) to be zero, equation 
(2) from position of the  and x can be derived. As mentioned 
before, to generate proper walking, the CoM must move in 
coronal plane and another cart-table must be used in y 
direction. Using the same assumption and reasoning, equation 
(3) can be obtained. Here, y index denotes the movement in y. 

 

In order to apply cart-table model in a biped walking 
problem, first the position of the foot during walking must be 
planed and defined, then, based on the constraint of ZMP 
position and support polygon, the ZMP trajectory can be 
designed. In the next step, the position of the CoM from 
differential equations (2) (3) must be calculated. Finally, 
inverse kinematics is used to find the angular trajectories of 
each joint based on the planed position of the foot and 
calculated CoM.  

The main issue of applying Cart-table Model is how to 
solve its differential equations. Even though theoretically CoM 
trajectory can be calculated by using the exact solution of the 
Cart-table differential equations, Applying calculated trajectory 
is not straightforward in a real biped robot walking because the 
solution consists of unbounded functions cosh, and the 
obtained CoM trajectory is very sensitive to the time step 
variation of the walking gait.  

An alternative robust CoM trajectory generation method 
can be found in [4][5], in which the solution of the Cart-pole 
model differential equation is approximated based on Fourier 
representation of the ZMP equation. Kajita et. al [3] also 
presents a very applicable approach to calculate the position of 
the CoM from the cart-table model. This approach is based on 
the preview control of the ZMP reference which will be 
presented in the next section. 

III. PREVIEW CONTROL APPROACH 

In this section, the ZMP Preview Control Approach 
proposed by Kajita et al. will be explained [3], An extended 
explanation on its stability analysis is presented by Wieber [9]. 
The jerk  of the cart areas of the system is assumed as input u 
of the cart table dynamics ( ). Considering this 
assumption, the ZMP equation (2) can be converted to a 
strongly appropriate dynamical system which is presented in 
(4) 
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For the Cart table system, a digital controller is designed 
that allows the system output to follow the reference input. 
Digital controller input and error signal can be determined by 
equation (5).  

Here, Gi and Gx are assumed as the gain for the ZMP 
tracking error and the gain for state feedback respectively.  is 
the state of the system and denotes CoM positions,

. k denoted the kth sample time. Fig. 3 shows the block 
diagram of the system. 

 
Fig. 3.  ZMP Preview control Diagram 

It was reported that the controller of equation (4) cannot 
follow the reference ZMP sufficiently. The main cause of this 
issue is the inherent phase delay. For addressing this problem, 
the original digital controller is redesigned in equation (6). 

The third term consists of the planed ZMP reference up to 
NL samples in future. The approach is called preview controller 
since the controller applies future information. The gain Gp is 
called the preview gain and its profile towards the future is 
shown in Fig. (4) The magnitude of the preview gain declines 
quickly with time. Therefore the ZMP preference can be 
neglected in the far future. 

 
Fig. 4. Gain calculated based on the preview controller 

IV. FOURIER SERIES APPROACH 

In this section the work in [4] is extended to endow the 
robot with a diagonal walk. First, the reference trajectory for 
the ZMP is formulated, and then it is approximated by using 
Fourier series. Finally, the position of the CoM is obtained by 
solving the differential equations (2) (3) of the cart-table 

dynamics while the source term P is assumed as the 
approximated ZMP. 

In order to determine the reference trajectory of the ZMP, 
first the ZMP trajectory in a normal diagonal walk is analyzed. 
Fig. 5 shows the position of feet, on the ground plane, over t 
seconds. 

  
Fig. 5. Foot steps of a diagonal walking 

To better understand the ZMP trajectory, ZMP movement 
is decomposed along X and Y axis, giving the advantage to 
illustrate them as functions of time. Figures (6) and (7) show 
the ZMP trajectories of X and Y, respectively. 

 
Fig. 6. ZMP trajectory in X direction 

 
Fig. 7. ZMP trajectory in Y direction 

ZMP trajectories can be seen as the combination of periodic 
and non-periodic component. Figures (8) and (9) illustrate the 
periodic and non-periodic components of the ZMP trajectories 
in the X and Y direction, respectively.  
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Fig. 8. ZMP component in X direction 

 
Fig. 9. ZMP component in Y direction 

In order to employ Fourier series limited to a certain 
number of terms, continuous periodic functions are needed. 
Figures (8) and (9) are employed to determine the equations (7) 
and (12) for formulating the ZMP reference trajectory in X and 
Y direction respectively.  The equations from (9) to (11) and 
from (14) to (23) formulate periodic components of the 
trajectory. The non-periodic component of the ZMP trajectories 
are presented in equations (8) (13).  

This formulation design enhances the approach presented in 
[4] by adding a double support phase to formulate the ZMP 
trajectory, allowing to control the amount of double support 
phase using the parameter D. The parameters used in the ZMP 
trajectory formulation are listed in table (1) as well as a brief 
description of each one. 

TABLE I.  FORMULATION PARAMETERS 

Parameter Description 

T Period 

A Amount of displacement in X direction 

B Distance between both feet when walking straight 

b Amount of displacement in Y direction 

D Amount of time to be in double support phase  

 

The next step is to determine the Fourier series of equations 
(7) and (12). For this we used the definition of the Fourier 
series given by (24). 

The results are given by equations (25) and (26) which are 
approximated ZMP trajectories using Fourier series definition 
(24). 
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Where 

Finally, it remains to solve the cart-table differential 
equations (2) and (3) using equations (25) and (26) as source 
term.  

The value of the parameter N must be a positive integer.  
The solution will be of the form: 

By substituting equations (30) and (31) to (29), the (32) is 
obtained. 

This equality is true when: 

Solving for Cn and substituting to (30) we get the particular 
solution for the second order differential equation: 

To get the CoM equation all we have to do is to solve the 
differential equation (29) but changing the right side of the 
equation with the corresponding ZMP equations (25) and (26). 
The results are given by equations (35) and (36). 

V. RESULTS AND DISCUSSIONS 

According to section 2, the CoM reference trajectory is 
obtained by solving the Cart-Table model. Position trajectories 
of the swing foot are generated through Bézier curve based on 
predefined footsteps. The swing foot orientation is kept parallel 
to the ground to reduce the effect of the contact force.  Joint 
angles are calculated based on swing foot positions and CoM 
references by using inverse kinematics, then joints are 
controlled by simple independent PID position controllers. The 
detailed explanation of the techniques, used for inverse 
kinematics and control of the swing foot positions, can be 
found in [10] [11].  

In this study, a simulated NAO robot is used in order to test 
and verify the approach. The NAO model is a kid size 
humanoid robot which has 58 cm height and 21 degree of 
freedom (DoF). The link dimensions of the NAO robot can be 
found in [12]. The simulation is carried out by RoboCup soccer 
simulator, rcsssever3d, which is the official simulator released 
by the RoboCup community, in order to simulate humanoids 
soccer match. The simulator is based on Open Dynamic Engine 
and Simspark [13]. 

According to literature, there are no published studies to 
compare the performance of the Fourier based ZMP 
approximation approach and ZMP preview control approach. 
In order to test and compare the performance of 
aforementioned approaches, several robot walking scenarios 
were designed, in which the simulated NAO robot walks with 
different speeds from 0 to 0.6 m/s in different directions. The 
scenarios are designed for different speeds with 0.15 m/s 
increment in X and Y direction, while the overall speed should 
not exceed the maximum speed. Parameters used in the 
walking scenarios are presented in Table 2.  

TABLE II.  PARAMETERS OF WALKING SCENARIO 

Parameters Value 
Step Period 0.2 s 

Step Height of the swing foot 0.02 m 

Step Size in X direction 3 ,6, 9 ,12 cm 

Step Size in Y direction 3, 6, 9 ,12 cm 

Percentage of the Double Support Phase (DSP) to 
the whole step time 

15 % 

Time of whole walking 4 s, 20 steps 

Height of the inverted pendulum (Zh) 0.22 cm 

All walking scenarios are simulated in the same machine 
with the same specification. Mean Absolute Error (MAE) of 
the predefined reference ZMP trajectory and computed ZMP 
using the two approaches are presented in table 3. The number 
of the Fourier terms denoted by N is assumed to be 8. The 
incremental times of the preview control loop denoted by dt are 
assumed to be 0.01, 0.001 and 0.0001.  

In average, The MAE in X and Y direction are achieved by 
the proposed Fourier method are 25 and 3 times less, 
respectively, than achieved by the preview control approach. 
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Although by decreasing dt, the MAE of the preview control 
will be decreased, but achieving to the performance of the 
Fourier approach, practically, is not possible. Since the 
execution time of the algorithm will be increased dramatically. 
The average and variation of execution times for different 
specifications on the preview control and Fourier approach are 
presented in the table 4. 

TABLE III.  MAE OF COMPUTED ZMP AND REFERENCE ZMP TRAJECORY 

Speed Mean Absolute Error  (MAE in X direction, MAE in Y 
direction) 

(SpeedX, 
SpeedY) 

Fourier , N=8  Preview , 
dt=0.01 

Preview , 
dt=0.001 

Preview, 
dt=0.0001 

(0.15,0) (0.0001167,0.0018) (0.0044,0.0061) (0.0031,0.0025) (0.0022,0.0014) 
(0.3  ,0) (0.0002335,0.0018) (0.0091,0.0061) (0.0058,0.0025) (0.0047,0.0014) 
(0.45,0) (0.0003503,0.0018) (0.0137,0.0061) (0.0087,0.0025) (0.0070,0.0014) 
(0.6  ,0) (0.0004671,0.0018) (0.0183,0.0061) (0.0116,0.0025) (0.0093,0.0014) 
(0, 0.15) (0,  0.0018) (0 ,0.0089) (0,0.0045) (0,0.0031)  

(0.15, 0.15) (0.0001167,0.0018) (0.0046 ,0.0089) (0.0029,0.0045) (0.0023,0.0031) 
(0.3  , 0.15) (0.0002335,0.0018) (0.0091,0.0089) (0.0058,0.0045) (0.0047,0.0031) 
(0.45, 0.15) (0.0003503,0.0018) (0.0137 ,0.0089) (0.0087,0.0045) (0.0070,0.0031) 
(0      ,  0.3) (0, 0.0018) (0, 0.0117) (0, 0.0065) (0, 0.0049) 
(0.15 ,  0.3) (0.0001167,0.0018) (0.0046, 0.0117) (0.0029, 0.0065) (0.0023, 0.0049) 
(0 .3  ,  0.3) (0.0002335,0.0018) (0.0091, 0.0117) (0.0058, 0.0065) (0.0047, 0.0049) 

(0, 0.45) (0 , 0.0019) (0 , 0.0145) (0 , 0.0085) (0 , 0.0066) 
(0.15, 0.45) (0.0001167,0.0019) (0.0046 , 0.0145) ( 0.029, 0.0085) (0.0023 , 0.0066) 

(0,  0.6) (0 , 0.0020) (0 , 0.0174) (0 , 0.00105) (0 , 0.0083) 

 
TABLE IV.  THE AVERAGE (VAR) EXECUTION TIMES OF THE METHODS 

Fourier  , N=8 Preview , dt=0.01 Preview , 
dt=0.001 

Preview , 
dt=0.0001 

0.0458(1.8482e-006) 0.3013(5.9957e-005) 0.6306(0.0015) 16.5349(0.0014) 

After executing the methods for each walking scenarios on 
the machine, the average execution times for approximating 
ZMP and generating CoM trajectories, by using the Fourier 
based approach, was 0.0458 second. It is 15 times faster than 
the best computation time that could be achieved by using the 
preview control approach. For a humanoid robot that has 
limited computational resources, performing a real time task, 
such as controlling the walking, requires an algorithm with low 
time complexity like Fourier based approach. CoM reference 
and CoM position projection on the ground plane for the 
walking scenario, which has 15 cm/s speed in X direction and 
15 cm/s in Y direction, are shown in fig. 10.  The generated 
reference CoM trajectory and executed CoM trajectory by the 
robot are shown in blue and red lines respectively. 

 
Fig. 10. COM (lines) for the diagonal walk  

VI. CONCLUSIONS AND FUTURE WORK 

In this paper an approach to generate the CoM reference 
trajectory of a diagonal and side walking is proposed. It is the 

first time that, by using the Fourier approximation on the 
predefine ZMP reference, CoM trajectories of diagonal and 
side walking is achieved. In order to test and validate the 
results, walking scenarios for the simulated NAO robot with 
different speeds were presented. The comparison results show 
that the accuracy and time computation complexity of the 
proposed method is better compared to the previous approach.  

In future work, the proposed method will be tested and 
implemented on a real humanoid robot. Our aim will be 
creating an omni-directional walking. Although the 
experimental results show that the robot can perform forward, 
side and diagonal walking successfully, extending the approach 
to make the robot able to do turn in place or curved walking, is 
also needed, to have a proper omni-directional walking. 
Following our previous work [14, 15, 16], future work will also 
be concerned with the application of optimization and machine 
learning algorithms to improve the results achieved. 
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Collective Motion Pattern Scaling for
Improved Open-Loop Off-Road Navigation

Frank Hoeller, Timo Röhling, and Dirk Schulz

Abstract—This paper presents an adaptive navigation system
which is able to steer an electronically controlled ground ve-
hicle to given destinations while it adjusts to changing surface
conditions. The approach is designed for vehicles without a
velocity controlled drive-train, making it especially useful for
typical remote-controlled vehicles without upgraded motor con-
trollers. The vehicle is controlled by sets of commands, each
set representing a specific maneuver. These sets are combined
to form trajectories towards a given destination. While one of
these sets of commands is executed the vehicle’s movement is
measured to refine the geometry of all maneuvers. A scaling
vector is derived from the changes in dimensions of the bounding
boxes of the assumed and the actual path, which is then used
to collectively update all known maneuvers. This enables the
approach to quickly adapt to surface alterations. We tested our
approach using a 300 kg Explosive Ordnance Disposal (EOD)
robot in an outdoor environment. The experiments confirmed
that the Collective Motion Pattern Scaling significantly increases
the adaptation performance compared to an approach without
collective scaling.

I. INTRODUCTION

In the design of robot systems operating in unstructured
outdoor environments special care has to be taken that the
robots do not accidentally collide with obstacles in their
vicinity. Compared to indoor situations the robot can suffer
drastically more damage from the more hazardous surround-
ings. The risk is increased by different ground surfaces, which
have a distinct effect on the wheel grip. The resulting deviation
has to be anticipated to ensure the reproducibility of planned
motions, and thus making collision avoidance possible.

Additional complications arise for robots which were
designed for remote-control. Such robots are usually only
equipped with relatively simple motor controllers missing an
appropriate servo loop for interpreting velocity commands.
Unfortunately, this is a requirement for most classic navigation
algorithms. Moreover, the impact of adhesion changes is
further intensified by such open-loop controllers because no
matter how much the wheel grip, and thus the behavior of the
robot changes, there is no feedback of the actual movement. Of
course, these problems could easily be solved by using a wheel
encoder or similar, but adding such to existing, especially
commercial robots is rarely possible. Mostly a time-consuming
redesign or an expensive new acquisition are the only options.

In this article we present an approach, which allows a
mobile robot with any kind of electronic motor controller to
operate in outdoor environments while adjusting to changing
surface conditions to provide safety and effectiveness. All
components of our system follow a local navigation paradigm
and do not need global information on the environment, neither

Frank Hoeller, Timo Röhling, and Dirk Schulz are with the Fraunhofer
Institute for Communication, Information Processing and Ergonomics FKIE,
Germany

Fig. 1. A Telerob Teodor robot equipped with sensors for basic autonomous
navigation.

of surface characteristics nor on obstacles. Instead, the system
decides solely based on the robot’s sensory input.

The motion planning developed for our robot composes
paths by combining predefined Motion Patterns. Each Motion
Pattern consists of a set of robot commands and a series of
poses that represent the robot’s movement when the command
set is executed by the controllers. With these Motion Patterns,
the local navigation module repeatedly computes trees of
command sequences, which are checked for collisions using a
real-time costmap. From each tree a path is extracted which
brings the robot close to the destination coordinate as fast as
possible.

If one is able to measure the robot’s motion on the fly,
e.g using SLAM (simultaneous localization and mapping)
techniques or an INS (inertial navigation system), one can also
monitor movement trajectories. Compared to drive-trains with
servo loop that only regard the motor speeds, the results of
command sequences can be observed on a larger scale, which
allows to tackle the surface traction problem in a novel way:
The collected trajectory data is used to update the previously
measured movement trajectory of the corresponding Motion
Patterns. Furthermore, the detected changes are propagated
to all other Motion Patterns by calculating a scaling vector
from the alteration in dimensions of a trajectory. The upgraded
Motion Patterns are handed over to the planning process and
used for the tree generation from then on. Note, that it is not
possible to adapt the command sequence to match the desired
trajectory because the mapping from trajectories to commands
is unknown.

The remainder of this article is organized as follows:
After discussing related work in Section II, we introduce our
Motion Pattern based local navigation approach in Section III,
followed by a description of the learning and collective scaling
procedures in Section IV. Before we conclude, we describe
some experiments to illustrate the capabilities of our approach.
We implemented our approach on a Telerob Teodor EOD robot
(Fig. 1) and verified its feasibility in outdoor settings.
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II. RELATED WORK

In the field of outdoor robotics the terrain always is of
special interest. The analysis and classification of different
surfaces regarding their traversability has been addressed by
many different authors. The classification of the different
surface types using vibration sensors is very popular because
this sensing mode is not vulnerable to lighting or perspective
issues. Brooks et al. [1] attached this kind of sensor to axle
arms and classified different terrains by traversing them. They
used offline learning in combination with a voting mechanism
to enable the system to identify a set of different surfaces.
Unfortunately, classification approaches of this type can only
identify known terrains without deriving information concern-
ing the behavior of a vehicle on the respective surface. The
identified terrain type would have to be associated with a
parameter set for the trajectory generator in an intermediate
step. Furthermore, this would make the navigation dependent
on the a priori learned identification data, which would violate
the intended local navigation paradigm.

The DARPA Grand Challenge winning robot Stanley [13]
also uses a vibration sensor to regulate its maximum speed.
Unwilling to catalog every possible terrain type, Stavens et
al. evaluate the occurring vibrations to limit Stanley’s speed
according to observed human driving behaviors [11]. A similar
approach is presented by Castelnovi et al. [2], but instead of
sensing vibrations the authors used a 2D laser range finder
aimed downwards to calculate a ruggedness grade. Based on
this result the robot’s top speed is reduced, resulting in a
decreased number of terrain-related incidents. A combined
approach was later proposed by Stavens et al. as an upgrade for
Stanley’s system [12]. Here a learning component associates
vibration intensities with surface profiles measured with a
forward-facing 3D laser distance scanner. This way the system
can automatically learn terrain-speed-associations. Thus the
maximum speed can be adjusted before the vibration sensor
detects a surface transition and the vehicle is exposed to
less shock. These approaches show several similarities to the
technique presented in this paper as the analysis of the ground
directly affects the local navigation. Nevertheless, only the
maximum translation velocity is altered. Rotation velocities
are not addressed at all, which is not necessary for a robot
like Stanley.

Another interesting approach by Martinelli et al. [6] also
uses laser range finders, but in combination with SLAM and
Kalman filter techniques. The system is able to determine
the systematic component of the odometry error by using the
wheel encoder readings and the estimated SLAM position.
The non-systematic error, which is more interesting in outdoor
applications, can also be determined by a Kalman filter applied
on a history of robot states. These are provided by the former
Kalman filter, making the estimation indirectly dependent on
wheel encoders and closed-loop control.

Crusher, a six-wheeled robot for extreme outdoor environ-
ments also suffered from trajectories differing from planned
paths. Seegmiller at al. proposed an approach to automatically
calibrate a dynamic model [10]. It linearizes the nominal
vehicle model and then calibrates the dynamics to explain
the observed prediction residuals using a Kalman filter. Their
system, just as our system, takes advantage of the precise
short-term localization sensors like GPS and INS. Although

results are impressive, their approach is again tailored to a
velocity driven model which unfortunately is not applicable to
our robot.

Instead of laser range finders, stereo cameras are also
widely used. In [4] a planetary rover navigation suit is pre-
sented which uses this type of camera to (besides handling the
path planning) classify the terrain and obstacles around the
rover. In addition, the system is able to predict wheel slippage
based on the same visual data. Again, the used algorithm
can only recognize differences to known surfaces, which is
negligible if the robot happens to be on a sparse planet.
Furthermore, high velocities are not in the focus of planetary
rovers yet, thus most rover systems are not suited for other
applications.

The combination of motion templates and learning has
been used widely in the area of walking robots. In this field,
learning techniques are mostly applied to improve walking
policies that were derived from simulations [7] or observed
from human walking [8]. Furthermore, due to the complexity
of biped locomotion, every walking robot is equipped with
many sensors to determine its stance and to allow closed-loop
control.

Similarly, the concept of motion template based learning
has also been employed to simplify the learning of complex
motions [9]. In contrast to our approach the templates are pa-
rameterized, so they can be adjusted to fit the desired trajectory.
This implies a feasible correlation between parameter input and
drive-train behavior.

III. LOCAL NAVIGATION WITH
MOTION PATTERNS

The core of the overall approach is a local navigation
planning component that directly controls the robot and steers
it on a collision-free path from its current position to a given
destination in configuration space. For this purpose special pre-
cautions for the open-loop motor controllers have to be taken.
Since remote-controlled robots lack a velocity regulator circuit,
the control commands influence the motor power directly. This
induces that their outcome depends on many factors and is
far too complex to compute in an online approach. To make
motion planning still possible, we introduce Motion Patterns.
The first component of a Motion Pattern MP is a series of
robot control commands U = (u1, . . . , uT ). A command ut

can be of any type and dimension: when used with a Teodor
robot they are motor power commands, when controlling a
car they probably are throttle position and steering angle.
A command sequence U is immutable, which implies that
Motion Patterns cannot be parameterized e.g. regarding their
velocity. The second component of a Motion Pattern is an
array of oriented relative positions R = (Δr1, . . . ,ΔrT ). It
represents the trajectory on which the robot would theoretically
move when the command series is sent to the robot, so
each pose Δrt describes the relative position of the robot
after it executed the command sequence from u1 to ut.
The Motion Patterns can now be combined to form motion
paths P = (R1, . . . , Rk). Of course it has to be checked
if concatenated Motion Patterns fit together so that no harsh
velocity change creates unexpected movement trajectories. The
created paths can then be checked for collisions e.g. by using
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Fig. 2. A planning tree of collision free paths that has been build using
Motion Patterns in an 2-dimensional simulated environment.

an occupancy grid [5]. The corresponding sequence of series
of commands CP = (U1, . . . , Uk) can be merged to a large
array of robot commands which can be executed by the robot
sequentially. Notice that the number, shape, and complexity of
Motion Patterns are not restricted, but definitely have an impact
on the planning process. In general, with fewer patterns a larger
range can be covered, while more patterns increase the quality
of the resulting paths. Since basic navigation capabilities were
sufficient for the following learning algorithm, minimal a set
of five Motion Patterns was used, which consisted of command
series representing a forward, a left, and a right movement, an
acceleration, and a deceleration.

Based on the model above, we can now also build a
collision-free tree of Motion Patterns and extract the best path
towards the destination. The path planning process is described
in detail in [5] and an example tree generated by this technique
can be seen in Fig. 2. The theoretical principles of a very
similar navigation approach are examined in [3] extensively.

IV. MOTION LEARNING USING COLLECTIVE
MOTION PATTERN SCALING

A problem arising from our kind of local navigation is
its sensitivity to surface and traction changes. Motion Patterns
are created for specific surfaces only. And it is unlikely that
the surface or the surface’s condition always remains constant,
especially in outdoor scenarios. As a result, the driven and the
previously recorded trajectories may differ.

To compensate for this, the local navigation has been
extended by a learning mechanism. While the command set
of a selected Motion Pattern MP* is executed, the robot’s
reactions are measured. For this purpose the robot’s movement
trajectory M, consisting of the x, y and ϕ deltas, is recorded.
The saved trajectory RMP* inside the Motion Pattern MP*
can directly be updated with this updated measurement. This
technique was combined with an exponential smoothing (see
below) to form the first version of the learning Motion Pattern
based local navigation. The potential of this basic system
has been shown in [5]. Both learning approaches, the basic
version from [5] and the improved version discussed here,
as well as the planning mechanism assume, that applied
Motion Patterns yield in similar trajectories repeatedly. The
exponential smoothing can cope with singular discontinuities,
but it is not able to handle continuously changing results,
i.e. occuring on slopes or rough terrain. Both methods are
computationally simple and the calculation effort is negligible
compared to the time needed for path planning.

Fig. 3. Evolution of a Motion Pattern set with three patterns: 1) Initial set
before a Motion Pattern is chosen and executed. 2) After measuring a Motion
Pattern’s (MP*) result the bounding box changes are analyzed. 3) All Motion
Patterns are scaled yielding to a new set.

The trajectory update inside the Motion Pattern can be
regarded as information gain. We would like to propagate this
additional knowledge to all other Motion Patterns as well to
improve the adaption speed considerably. For this purpose we
calculate a vector of scaling factors V = (xs, ys, ϕs)

T by
comparing the recently measured trajectory and the prediction
RMP* saved inside the Motion Pattern MP*. xs and ys regard
the positions inside the trajectory, and ϕs the trajectory’s
yaw information. The first approach would be to compare
the final pose of the measured trajectory M and the predicted
trajectory from MP* to compute these factors. Unfortunately,
this would decrease the robustness for trajectories which have
a final lateral position close to its initial value (e.g. double-
lane change maneuvers). In these cases, it is likely that the
measurement noise exceeds the position change, which would
generate enormous scaling factors. A similar problem occurs
for patterns which only include a movement in only one
dimension, e.g. forward motions or in-place turns. Although
these patterns can be scaled, they cannot be used to calculate
a reasonable scaling vector V because their movement in the
unaddressed axes is only caused by noise and would again
generate exaggerated scaling factors. For this reason, patterns
like these are taken out of the learning process, because it is
not possible to gain information from something, that did not
change. To address the former case of this problem, the length
and the width of the bounding boxes (BB) around the two
considered trajectories are used to calculate the scaling factors
xs and ys. The yaw scaling factor ϕs is calculated similarly
to the position factor: here the interval between the minimum
and maximum of all recorded yaw angles is used. Now we
can compute a quotient for every dimension and compose the
scaling vector V :

V (M,MP*) =

⎛
⎜⎝

xs

ys

ϕs

⎞
⎟⎠ =

⎛
⎜⎜⎜⎝

LengthBB(M)
LengthBB(MP∗)

WidthBB(M)
WidthBB(MP∗)

|AngleInterval(M)|
|AngleInterval(MP∗)|

⎞
⎟⎟⎟⎠ (1)

This vector can now be used to collectively scale all Motion
Patterns making it possible to update even yet unregarded
Motion Patterns. An example application is illustrated in Fig. 3.
In this manner the knowledge of change of movement behavior
is propagated without the need to wait for every Motion Pattern
to be chosen and executed, reducing the adoption time notably.

In both cases, without and with Collective Motion Pattern
Scaling, the new predictions are integrated in the Motions
Patterns’ existing trajectory using a component-by-component
exponential smoothing function. This allows continuous learn-
ing and at the same time smooths minor surface variations to

Proceedings of the 13th International Conference on Mobile Robots and Competitions 
April 24, 2013. Lisbon, Portugal

© 2013 IEEE 

Robotica 2013 was organized under the IEEE Robotics & Automation Society Technical Co-Sponsorship 
978-989-97531-2-9

102



Motion Pattern Pool

MP2

Sensors
environment data

                    terrain 

                   data

Motor controllers

Position estimation

MP*

MP*MP2MP

                  measuredpropagated                    

Terrain evaluation

Planer

Learning module

movement 

information

M

Fig. 4. A flowchart showing the navigation process and the integration of
the propagation mechanism. When Motion Pattern MP* is chosen, it is used
to update its own and all other prediction trajectories.

prevent an oscillating learning behavior:

Rp,t = (1− w)Mp,t + (w)Rp,t−1 (2)

with 0 ≤ w < 1. Here Mp,t is a new trajectory for a
Motion Pattern p at time t, measured or derived by collective
scaling. Rp,t−1 represents the existing prediction of the pattern
and Rp,t the updated prediction. To limit the impact of new
measurements w is introduced. Setting it to 0.5 turned out to
work fairly well. The whole learning approach is outlined in
Figure 4 and Algorithm 1. Fig. 4 depicts how the learning
mechanism is integrated in the navigation process.

Algorithm 1 Collective Motion Pattern Scaling

1: while inMotion do
2: get next Motion Pattern MP* from planner
3: send MP* to motor controllers and record motion
4: let M be the recorded robot motion
5: calculate scaling vector V � see eqn (1)
6: UPDATEMOTIONPATTERN(MP*, M)
7: for all other MotionPatterns do
8: UPDATEMOTIONPATTERN(MP, MP · V )
9: end for

10: end while

11: procedure UPDATEMOTIONPATTERN(mp, update)
12: let w be the impact reduction
13: mp ← (1− w) ·mp+ (w) · update � see eqn (2)
14: end procedure

The idea behind this mechanism is that changes in road grip
in general affect the forward and lateral movement achieved
when executing a command sequence, and that these changes
can be approximately captured by the bounding box around the
resulting trajectory. Although we disregard it in our learning
approach, there certainly is a relation between the length and
the width of a trajectory: If the ground surface changes from
a sticky to a slippery nature, an executed turn would be wider
than before. The resulting bounding box of the trajectory
would be longer and correspondingly narrower. But to model
this relation more information about the shape of the trajectory
would be needed. By the nature of our approach, these are
not available, so further detailed analysis of the trajectory

would require more computational time, which at the moment
is beyond the time frame of our online application. Surface
transitions are likely to change also the orientation of the
robot while executing a Motion Pattern. To be able to predict
complete poses, the position scaling technique is reduced to
one dimension and applied again to the orientation values. In a
one-dimensional space a bonding box diminishes to an interval
enclosing all occurring yaw angles.

Although not required for the learning technique presented
here, it is reasonable that most sets of Motion Patterns contain
a number of symmetric patterns, e.g. a left and a similar right
turn. If one of these patterns is executed and measured, a very
precise prediction for the other is generated, which lessens
the error margin of the approximation and thus increases the
effectiveness of the collective scaling.

V. EXPERIMENTS

The system described in the previous chapters has been
tested in simulations but using data from a real robot. The
Collective Motion Pattern Scaling algorithm proposed here is
compared with its predecessor, whose performance is shown
in [5]. To demonstrate the performance of the learning and
prediction techniques a controlled environment is essential.
Although this might be realizable in simulations, the authors
have chosen a different approach.

A. Testing Approach

The following experiment aims at investigating the results
of the two mentioned algorithms on a transition from a surface
A to another surface B. To maximize the quantitative outcome
of the experiments the data acquisition was separated from
the algorithm tests. For this purpose, the different surfaces
were traversed separately to collect data sets for each surface.
Later, these sets are used in combination to simulate surface
transitions.

In the data collecting stage the robot executed a large
number of Motion Patterns on different ground surfaces, one
surface at a time. The driven trajectory of each Motion Pattern
was collected, resulting in a sample set RPS of 300 recordings
per Motion Pattern for every considered surface S. As prepa-
ration for the second stage a set of averaged Motion Patterns is
calculated from the 300 recordings for each RPS . The result
is a set of Motion Patterns IPS with very precise trajectory
predictions for the regarded surface S. When reproducing a
terrain change from a surface A to a surface B, the set IPA is
used as initial Motion Pattern database representing the already
learned surface type A.

For the next step a test sequence TS of Motion Patterns,
which is executed after the virtual terrain change, has to
be determined. To show the propagation capabilities, two
sequences were chosen and are used alternately. Each sequence
consists of three turning patterns resulting in a left-left-right
and accordingly a right-right-left motion. Note that the left and
the right turn Motion Patterns roughly are mirrored equivalents
and have a total length of about a second. The test sequence has
to be compiled of turning patterns because straight movements
only allow one-dimensional corrections (see Section IV). For
each run of the test sequence the initial Motion Pattern
database IPA is used to create identical starting conditions.
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Fig. 5. Error developing of a Teodor robot changing from cinder to grassland
during an experiment with extended run-time.

In the next step the test sequence TS is processed one
pattern after another. Before a Motion Pattern’s command
sequence is sent to a robot, the two algorithms to be tested
already have a prediction of the prospective trajectory. The
accuracy of these trajectories will be inspected. Instead of
sending the command sequence of each Motion Pattern to a
real robot and recording its motion anew, the pattern is pro-
cessed offline: In exchange for the online motion recording, we
use a random trajectory recording from the initially measured
collection of trajectories RPB of surface B. The trajectory is
given to the two algorithms to initiate the learning process
to update their predictions for the next request. We assume
that the trajectories recorded for a pattern on one particular
surface are exchangeable i.e. that the trajectories are randomly
distributed given a surface. This allows us to do quantitative
evaluations using sampling techniques. Further, this enables us
to easily process larger numbers of test repetitions.

The processing of the test sequence is repeated 30,000
times. The random trajectories from RPB are chosen anew
every time, but in a fashion that both learning algorithms
receive the same data in every run. At the end of every pattern
of TS, the final position of the recording is compared with
the two position predictions provided by the two learning
algorithms.

A disadvantage of this simulation method is that surface
changes can only be simulated in between Motion Patterns,
which is unlikely to happen in the real world. But even
in the likely cases the learning mechanisms would adjust
the trajectory predictions in the right direction, still reducing
planning error margins. The learning process would only be
slowed down, and both algorithms would be affected in the
same way.

B. Testing Results

The input data for this simulation study was recorded using
a tracked Telerob Teodor EOD robot which was upgraded with
obstacle sensors to enable autonomous behavior (Fig. 1). In
addition, an OxTS RT3002 INS was installed to enable easy
and precise movement recordings. For the first phase of the ex-
periment the robot was operated on the following four surfaces
to collect the data for the sample sets RPS : tarmac, grassland,
chunky gravel, and volcanic cinder (commonly used for soccer
fields). During the experiment the robot always moved at its
maximum speed of about 1.0 m/s. The generated sample sets
were used to simulate all possible surface transitions.

Table I shows a comparison of four processing methods
including a naive and an omniscient policy: a) no learning
while keeping the database, b) single pattern learning from [5],

c) learning with collective scaling, d) a priori correctly chosen
pattern database with learning deactivated showing the min-
imal possible errors. The error reduction percentages for the
normal learning and the learning with collective scaling are
presented in Table II. As in the simulated experiment, the
reduction of the orientation error is noticeably higher then the
position error reduction. The angular error reduction ranges
from 7.3 % up to 27.9 % with one exception that probably
resulted from similar surface properties. The position error
reduction on the other hand only reaches 17.8 % at best, but is
normally below 10 %, sometimes even negative. The measured
orientation error values are quite large, but it has to be kept
in mind that these are normalized. Just as the position error
are scaled with respect to the number of driven meters, the
rotation errors are scaled with respect to the covered angle.
For the patterns examined here the scaling factor is around 3.

Note that the position error reduction can artificially be
improved by increasing the pattern length, taking advantage of
the large orientation error reduction. When the pattern length
is doubled most of the negative position error reductions raise
well above zero. To keep the results realistic, these oversized
patterns were not used.

Fig. 6 depicts the error distributions of the two tested
approaches when changing from cinder to grassland as an
example. The distribution of the position error is not as well
formed as the distribution of the angular errors, but still a
shift towards small errors can be seen. Most of the error
distributions of the other transitions with a crucial reduction
look similar.

Since both learning algorithms use the same exponential
smoothing function, both errors will correlate with the minimal
error if the experiment is continued long enough. Fig. 5
shows the error development of the two algorithms when
the chosen Motion Pattern sequence is processed repeatedly
without resetting the initial pattern database. Both algorithms
reach the minimal error during the extended time span, but
especially in the beginning the differences are very large. This
confirms that the beginning phase is crucial for a fast adaption,
and encourages the concentration on this phase. The position
error graph also reveals the reason for the poorer performance
of the position estimation: After reaching a value of about
0.045 m, the error begins to oscillate in a range of approx.
0.005 m. These 5 mm are the error caused by the propagation
of the Collective Motion Pattern Scaling. At this point the
algorithm has reached its highest absolute accuracy; even when
extending the Motion Pattern length, the amplitude does not
increase.

The long-term experiment also enables us to evaluate
the variance of the occurring errors. After the first three
patterns the standard deviation with collective scaling is higher
than the standard deviation of the simple learning method.
This is caused by the exponential smoothing: When it is
used, it intentionally prevents instant adaption and generates
intermediate trajectory predictions while converging towards
the measured behavior. When adding collective scaling, these
intermediate predictions appear more often due to the greater
number of adjusted Motion Patterns, especially immediately
after a surface transition. As soon as the adaption to a new
surface is completed, the deviation decreases and stays below
the deviation of the simple method.
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TABLE I. RESULTS OF THE SIMULATIONS: POSITION (FIRST ROW) AND ORIENTATION (SECOND ROW) ERRORS OF ALL POSSIBLE TRANSITIONS.
VALUES DENOTE THE ERROR PER DRIVEN METER/RADIAN. A) NO LEARNING, B) SIMPLE LEARNING, C) COLLECTIVE SCALING, D) OMNISCIENT.

to cinder tarmac grassland gravel

from a) b) c) d) a) b) c) d) a) b) c) d) a) b) c) d)

cinder - - - - 0.043 0.043 0.042 0.035 0.087 0.077 0.063 0.039 0.063 0.061 0.058 0.046

- - - - 0.041 0.043 0.042 0.037 0.271 0.226 0.162 0.067 0.164 0.147 0.126 0.099

tarmac 0.059 0.055 0.056 0.041 - - - - 0.060 0.057 0.051 0.039 0.054 0.054 0.057 0.046

0.107 0.100 0.091 0.030 - - - - 0.204 0.172 0.129 0.067 0.113 0.111 0.109 0.099

grass 0.108 0.093 0.085 0.041 0.071 0.064 0.060 0.035 - - - - 0.063 0.060 0.059 0.046

0.372 0.313 0.231 0.030 0.256 0.214 0.154 0.037 - - - - 0.165 0.151 0.133 0.099

gravel 0.060 0.056 0.055 0.041 0.045 0.044 0.046 0.035 0.064 0.060 0.057 0.039 - - - -

0.191 0.166 0.134 0.030 0.090 0.079 0.066 0.037 0.136 0.119 0.098 0.067 - - - -

Fig. 6. Result of a simulation: The position (left) and orientation (right) error
distribution of a Teodor robot changing from cinder to grassland without and
with collective scaling.

TABLE II. THE POSITION (FIRST ROW) AND ORIENTATION (SECOND

ROW) ERROR REDUCTIONS OF THE TRANSITION EXPERIMENTS (99%
CONFIDENCE).

transition
from / to cinder tarmac grassland gravel

cinder - 1.5 % 17.8 % 3.4 %
- 18.5 % 27.9 % 13.5 %

tarmac -0.5 % - 10.3 % -4.9 %
8.5 % - 24.9 % 1.2 %

grassland 9.1 % 5.0 % - -1.1 %
26.0 % 27.8 % - 7.3 %

gravel 0.3 % -5.4 % 4.5 % -
18.4 % 15.6 % 17.2 % -

VI. SUMMARY AND CONCLUSION

In this paper we presented an adaptive navigation system
based on predefined motion templates called Motion Patterns.
The system has the ability to incorporate the actual robot
movement into the Motion Patterns. The updating process is
not limited to the actually driven Motion Pattern. In most cases
the system is also able to derive adjustment information for
all other patterns as well. The soundness of our approach has
been shown in a simulation study using real-world data. The
system proved it can efficiently learn the robot’s behavior after
transitions between different surface types while outperforming
the previous approach without collective scaling. Future work
will focus on further improving the performance of the motion
learning and adapting mechanisms. Decomposing a Motion
Pattern’s recorded trajectory in a series of straight lines and
connection angles could lead to an improved geometrical
understanding.
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Abstract - This article focuses on the localization and 
navigation of a mobile differential robot in an indoor office-
like environment. These are fundamental issues to service 
robotics, which is a branch with a strong market growth. The 
work implements a vision tracking system, environment 
mapping, route planning and navigation for an autonomous 
robot application inside services buildings. One goal of the 
methodology is its application with low cost equipment. The 
test bed chosen was a Pioneer P3-DX robot [16] in a service 
building, with an attached USB webcam, pointed at the ceiling 
to take advantage of the position of the light fixtures as 
natural landmarks. The robot location is estimated through 
two distinct probabilistic methods: a particle filter, when there 
is no information about the starting location of the robot, and 
the Kalman filter, given the convergence of the particle filter. 
Both methods use the detection of light fixtures together with 
the robot kinematics as information to estimate the pose. The 
mapping of the environment and its obstacles is obtained from 
the localization estimates and the information gathered by 
ultrasound sensors, representing the entire navigation space 
discretized in the form of an occupation grid. Planning the 
navigation path is determined by a simple search algorithm, 
namely the Wavefront algorithm, based on the information 
contained in the occupancy grid. For a given path, navigation 
is performed with obstacle avoidance using the virtual forces 
method. Replanning is used to recover from local minima 
situations. 

Keywords: Mobile Robots, Localization, Navigation, 
Mapping, Office Environment. 

I. INTRODUCTION

Mobile robotics is currently considered a major area of 
interest, where there is a great willingness by the scientific 
community to develop its state of the art. Moreover, its 
interdisciplinary nature and the complexity of the associated 
problems make this advance depend on the development of 
mathematical tools, sensors, actuators and the materials 
themselves, which limit their progress. Whichever vehicle 
you want to use an autonomous behavior in, whether in 
health care, assistance at home, industry or even in an office 
environment, the basis of their performance includes 
localization and navigation tasks. In the particular case of 
offices, despite the circulation of a significant number of 
people, the environment is highly structured, with unique 
features which facilitate localization and navigation. 

Mobile robots have unique capabilities to perform tasks 
requiring mobility that can be automated, freeing humans to 
other more creative activities [11]. Today there are several 
tasks already automated in different areas, such as the 
mapping and monitoring of land surface [1], large-scale 
agriculture [3], environmental monitoring [20] and industry 
[2]. On the other hand, there are high risk tasks or ones 
which are even impossible to accomplish by humans, such 
as the verification of explosive devices [5], the exploration 
and mapping of areas contaminated by biological or nuclear 
waste to assess the damage [15], or even space exploration 
of distant celestial bodies [13]. There are other emerging 
application areas, such as personal assistance [21],
rehabilitation and entertainment. For this type of 
applications to be possible with some degree of autonomy, 
robots must be equipped with various types of sensors (force 
sensors, inertial sensors, GPS, odometry, distance sensors or 
vision), to feedback the work environment perception. The 
robot movement can be made either by wheels or tracks, on 
land robots, propellers or wings, for aerial robots, and 
control surfaces or propellers for aquatic robots. Whether on 
land, air or water, two fundamental problems coexist: 
localization and navigation. These two problems are 
interdependent and crucial for autonomous mobile robotic 
systems to interact with the physical world correctly by 
extended periods of time. 

In [18] a filter of Simultaneous Localization and Map 
Building SLAM [12] is presented, which successfully 
exploited a low cost vision system, with means to improve 
dead reckoning pose estimate and maintain a correct 
estimate of the pose of a mobile robot for constructing a 
map of the environment. As in the present work, limited 
resources of hardware and low cost vision where used. 
These limitations impose the use of image processing 
algorithms involving low processing requirements. To avoid 
the computational complexity, the paper proposes a fast 
algorithm for feature extraction which includes the lens 
distortion model from the SLAM filter. In this methodology, 
as well as in the present work, the light fixtures positions 
were used as natural landmarks. Unlike the present work, in 
[18] the light fixture poses are not known a priori and will 
be mapped during navigation. Present work provides a 
better accuracy in pose estimate, since light fixture poses are 
known instead of calculated based in detection and pose 
estimation. 
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This paper proposes the application of various methods 
to solve the problem of localization and navigation of a 
Pioneer P3-DX mobile differential robot in an indoor 
environment (the robotics laboratory and adjoining hallways 
of Escola Superior de Tecnologia e Gestão, ESTG, from the 
Polytechnic Institute of Leiria). It describes an autonomous 
navigation algorithm, requiring only the indication of the 
destination point. The algorithm takes advantage of the 
environment structure elements using low cost sensors,
while minimizing the use of techniques which are 
computationally expensive, so as to be used in systems with 
limited computational resources. This work aims to be the 
base for a guide robot or an autonomous system at ESTG. 

The problem of localization was divided into two 
distinct situations: when there is confidence in the estimate 
of the real pose and when that confidence is insufficient. In 
the situation where there is a good confidence in the pose 
estimate, a Kalman filter [10][14] is used, which is an 
unimodal estimator, allowing to correct the accumulation of 
odometry errors during navigation. When there is 
insufficient certainty in the pose estimation, a Particle Filter 
[10] is used, which is a multimodal estimator that assumes 
that the robot can be in a number of possible poses. To use 
these probabilistic methods one needs information about the 
environment. As one of the goals is to save computational 
and economic resources, an off the shelf artificial vision 
system was used, with a video webcam mounted on top of 
the robot, pointing at the ceiling in order to recognize the 
light fixtures as natural landmarks. 

For a planned navigation one needs to determine 
waypoints and, therefore, the occupation of the workspace 
must be integrated in the model. With this goal in mind, a 
representation of space was implemented in the form of an 
occupancy grid, where every cell represents the probability 
of occupation of the corresponding space. This grid is 
updated based on the distance information provided by the 
ultrasound sensors and actual pose estimate, as long as the 
localization estimate confidence is acceptable. Determining 
the path to follow is implemented with the Wavefront 
algorithm, based on the information in the occupancy grid. 
Finally, the virtual forces method is used to execute the 
planned path, taking into account the distance information 
from ultrasound sensors to avoid unexpected obstacles. 

Aiming to give the work a strong portability and reuse, 
and given current trends in the field of robotics, the 
implementation of this system was based on the ROS 
environment [19]. It is a development environment which 
provides a set of libraries and tools that facilitate the 
implementation of mobile robotics applications. This 
includes a strong abstraction layer of the hardware, 
peripheral drivers, data viewers, messaging, package 
management, and makes easier the reuse and publication of 
the developed work. This software is available under 
various open source licenses, mainly the BSD license. 

The remainder of this paper is organized as follows. 
Section II addresses the issues of artificial vision, 
recognition of objects in images from the webcam and the 
representation of objects as natural landmarks in the robot 

coordinate frame. Section III deals with localization, divided 
in global localization and accumulation of errors correction. 
Section IV details the mapping of the environment in the 
form of an occupancy grid. Section V describes the planning 
algorithms and path execution with unexpected objects 
avoidance, while Section VI describes the use of the ROS 
environment. Conclusions and future works are presented in 
Section VII. 

II. ARTIFICIAL VISION

One of the goals of this work was the use of low-cost 
equipment and algorithms that do not require high 
computational resources. For this purpose one used the 
recognition of elements of the ceiling, namely the pose of 
light fixtures, as illustrated in Fig. 1. Generally there are no 
obstacles between the robot and these, allowing for an easier 
and consistent detection. Moreover the fact that this type of 
structure typically exists in any office-type environment, 
allows the developed algorithms to be used generally for 
indoor service robots.  

Fig. 1. Workspace plan with the light fixtures location. 

Fig. 2. Webcam mounted on top of the robot. 

The vision system used in this work is based upon a low 
cost webcam, mounted on top of a mobile robot, pointed at 
the ceiling, as illustrated in Fig. 2. The camera transmits the 
data to the robot PC via an USB connection. The images are 
processed for the detection of the light fixtures position and 
orientation on the robot local reference frame, according to 
an algorithm divided into three steps: feature extraction, 
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characteristics validation and calculation of the pose in local 
coordinates. 

In order to reduce the computation resources needed, the 
image is processed in grayscale. To better adjust the image 
to the lightning conditions the sensor exposure time is 
controlled to keep the average pixels value in a given range. 
The algorithm performs feature extraction using information 
from the luminance level of the pixels of the digitized 
image. Assuming that a light fixture on, has a high value of 
luminance, a threshold operation is performed with a high
value to distinguish pixels corresponding to a lighted light 
fixture. Frequently the level of natural illumination is 
adequate and the lamps are off, or partially off. In this case, 
the pixels corresponding to an unlighted light fixture has a 
luminance lower than the ceiling. For detection of these 
light fixtures another threshold operation is performed, this 
time with a reduced value and lower than operation. These 
two operations are combined and the resulting binary image 
is subject to erosion followed by dilation operations in order 
to smooth the contours and eliminate small areas. These 
areas correspond to reflections or small elements too dark or 
too bright which might be rejected in the validation process. 

After these operations a contour detection is done using 
the Canny algorithm [8] and the calculation of the respective 
areas. Only contours with sufficient area and length, 
corresponding to light fixtures dimensions in image units, 
will be considered. Due to the existence of light fixtures 
with two lamps with only one lighted up, and light fixtures 
in corridors containing only one lamp, the width value 
considered valid lies between the height of the light fixture 
with two lamps and the height of a light fixture with only 
one lamp. For these values a tolerance is allowed for the 
validation operation to be more immune to variations in 
ambient lighting. This procedure discards objects which do 
not match light fixtures dimensions, which would have a 
negative impact in the localization process. 

Using OpenCV library functions [7], the contours 
moments are determined, and then the mass center and the 
corners of the smallest rectangle that surrounds the entire 
contour, which provides the orientation as shown in Fig. 3.

Fig. 3. Results of the light fixtures detection algorithm. 

This illustrates the situation in which one light fixture is 
found on and the other off. The preview of the detected 
contours are red, the minimum rectangle that surrounds the 

contours in green, and the validated information of the light 
fixture pose in the robot reference frame are shown in blue. 

III. LOCALIZATION

When there is no initial information about the pose of 
the robot, or the pose estimation confidence is low, one uses 
a particle filter to solve the global localization problem, 
which initially generates hypothesis randomly distributed in 
the available space [4]. Having solved the global 
localization problem with high enough confidence, the 
particle filter algorithm is abandoned and the Kalman filter, 
which is an unimodal estimator, is used instead. 

A. Global localization 
The following describes the application of the particle 

filter to estimate the robot pose, based on the robot 
odometry and the pose of the light fixtures detected by the 
previous method, following the standard three-step 
approach: prediction, update and resampling. 

 In the prediction step each particle, which represents a 
pose hypothesis, is updated based on the information of the 
robot linear displacement and rotation (odometry), including 
Gaussian white noise. This particle update is limited to the 
free map space, since the robot cannot be inside a wall or 
outside the map. 

In the update step, based on the observations of the light 
fixture, the weight of each particle is calculated. The weight 
is proportional to the proximity between the expected values 
for the observations and the values obtained. There is a 
particular problem that my cause ambiguities, since there is 
no information about witch light fixture was observed; it’s 
assumed that the observed light fixture is the closest from 
expected position. Two factors are included which help in 
disambiguation: the orientation of the light fixtures relative 
to the robot and the space occupation probability for the 
position of each particle. A noise factor is added 
corresponding to the observation error model, even when 
there is no motion. These calculations are represented in 
equation (Eq.1): 

(1)

where ,  and  correspond to the pose in world 
coordinates of the landmark , ,  and 

p
 correspond to 

the landmark  pose in global coordinates based on the pose 
of  particle ,

p
 and 

g
 are adjustable gains enabling to 

vary the weight sensitivity to errors in position and 
orientation, 

ggggg
 is the probability of the space 

corresponding to particle  position to be free, where 
is the pair row / column corresponding to the position of the 
particle  in the occupancy grid, and 

p
 is an 

independent factor representing the observation noise. After 
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this procedure the weight of all the particles is then 
normalized so that the sum of all weights is one. 

The resampling step consists in replicating the best 10% 
of particles over the worst 10%. It was further introduced a 
random redistribution of 5% of the worst particles, to enable 
recovering from situations where no particles where placed 
near the robot true pose. 

To estimate the pose, one considered clusters of particles 
with a circular boundary with a radius smaller than the 
minimum distance between light fixtures, to distinguish the 
different groups associated with each light fixture possible 
sighting (see Fig. 4 for an example). The first cluster starts 
with the particle with the highest weight. Then, for each 
particle in order of importance, one checks if it lies within 
the boundaries of an existent cluster. If so, it is considered to 
belong to that cluster and contribute to its accumulated 
weight. If the location of the particle is far from existing 
clusters, it starts a new cluster with the same procedure. At 
the end of this process all particles will be part of a given 
cluster, even if it consists of only one particle. The weight of 
each cluster will be the sum of all weights of the particles 
that are associated with it. The estimated pose is the average 
pose of all particles poses of the cluster with higher weight. 
Generally available clustering techniques, such as K-means 
[9] or Nearest Neighbor are used with good results, but these 
are computationally intensive, which is contrary to our goal 
of having an algorithm with a low computational demand. 

Fig. 4. Particle distribution. 

B. Localization update after global localization 
Having solved the global localization problem, the 

particle filter is abandoned and the Kalman filter started.
The main advantage is the processing time, much lower in 
the case of the Kalman filter (in our case in the order of tens 
of ms for each iteration, while the particulate filter takes 
between 200 and 300 ms by iteration, meaning a factor 
between 20x and 30x). This happens because in the Kalman 
filter the calculations are made only for one pose, whereas in 
the particulate filter calculations are done for all particles. 
The computational resources are then more available for 
mapping the environment and navigation (recall that 
mapping is not done while the robot is not confident enough 
in its pose estimate). Note that generally the robot only has 
to perform the global localization when starting, meaning 
that most of the time it is using the Kalman filter and not the 
particle filter. Given that the system is non-linear, the 
Extended Kalman Filter is used, as described in [10]. Here 
the state of the system to estimate is the robot pose, the 

control signal are linear and angular velocity from odometry 
and the external information is the observed pose of the light 
fixtures, in world coordinates. 

Fig. 5 shows loop closure navigation through the 
robotics laboratory at ESTG of the robot in teleoperation 
mode. Localization process started with the particle filter 
(green) and switched to Kalman filter (blue) after 
convergence. The odometry data is represented in magenta. 

Fig. 5. Loop closure navigation. 

IV. OCCUPANCY GRID

Space is represented as an occupancy grid based on the 
estimated pose provided by the localization algorithm and 
only when there is an acceptable degree of confidence in the 
estimate. Otherwise the occupancy grid is not updated. 

For each distance measurement using the ultrasound 
sensors one assumes that the volume of the sonar beam, 
until the measured distance, is likely free space. If the 
measurement is smaller than the maximum range, at this 
distance, space is likely to be occupied. For the sake of 
reducing the computational complexity, one chose to 
consider only a line segment starting in the sensor with its  
orientation and ending after the measured distance. 

Fig. 6. Occupancy grid. 

Regarding the resolution of the sonar sensor and the 
ultrasonic dispersion cone, a 10 pixel/m resolution to the 
occupation grid was chosen. This satisfies the compromise 
between a good representation of space occupation and 
processing resources. An example of the occupancy grid is 
shown on Fig. 6. 

V. NAVIGATION

After solving the localization problem, one needs to 
compute the movements required for the robot to reach the 

Proceedings of the 13th International Conference on Mobile Robots and Competitions 
April 24, 2013. Lisbon, Portugal

© 2013 IEEE 

Robotica 2013 was organized under the IEEE Robotics & Automation Society Technical Co-Sponsorship 
978-989-97531-2-9

109



desired pose. This question can be divided in two: deciding 
which way to go and determining the execution speed. 

The Wavefront algorithm [10] was chosen for path 
planning, since it is one of the simplest solutions that 
guarantees finding a path if it exists, with immunity to local 
minima situations. Furthermore its use is possible because 
the navigation environment is discretized as an occupancy 
grid. The operating principle of the algorithm is essentially 
as follows: initially each cell considered as occupied is 
labeled with the value 1, and each free cell with the value 0. 
The cell corresponding to the target is labeled with the value 
2. In the first step, all cells surrounding the target, using 
eight-connectivity, are labeled with the value 3. In the next 
step all cells with the value 0 which involve the value 3 are 
labeled with the value 4. These causes a "wavefront" to 
grow from the target cell where, in each iteration, all the 
cells in the "wavefront" have the same path length, in pixels, 
from the target cell. This procedure terminates when the 
"wavefront" reaches the starting point. 

To account for the size of the robot, the occupancy grid 
must be expanded to configuration space, which consists in 
expanding the occupied space for the robot action radius, as 
showed in Fig. 7. In order to smooth the navigation 
trajectory, a temporary objective for navigation is defined, 
advanced relative to the current position on the path. To do 
so, the current position on the path was considered as the 
closest cell to the robot's position in the path set. The 
objective will be a number of cells along the path, 
determined by the compromise between a smoother 
trajectory, and the correct following of the planned path, 
given existing obstacles. Fig. 9 shows an example of a full 
planned path. 

Fig. 7. Path in configuration space

While navigating the path defined above, unexpected 
obstacles can be founded. To account for this situation, one 

uses the information from the ultrasound sensors through the 
method of virtual forces [6] [17]. When an obstacle is 
detected on the path ahead, or close to it, its position is 
associated with a virtual repulsive force and the temporary 
navigation goal is associated with a virtual attractive force. 
The orientation of the robot is obtained from the resultant of 
these forces. 

Fig. 9. Path determined by the Wavefront algorithm. 

VI. ROS ENVIRONMENT

To carry out the implementation of these methodologies, 
we used the ROS [19] development environment from 
Willow Garage. As stated previously, it consists of a 
development environment which provides a set of libraries 
and tools that facilitate robotic applications, especially in 
mobile robotics. It includes a nearly total abstraction of the 
hardware, peripheral drivers, data viewers, messaging and 
package management. Its architecture contemplates the 
existence of nodes, consisting in applications with the ability 
to publish and subscribe to topics, which are a type of data 
bus for transmitting information via messages with 
predefined data structures. 

For the communication with the hardware of the Pioneer 
P3-DX robot one used the p2os node [22], while the 
uvc_camera node [23] was used to access the webcam, both 
nodes were provided by the ROS community. The 
remaining software and algorithms were implemented in the 
main_node node. The representation of the full system 
structure is illustrated in Fig. 8, where the used nodes and 
topics are marked in red. This implementation allows using 
the onboard computer to perform all the computations, but 
also allows the use of external, or even multiple, computers 
in the future if needed, with only minimal changes in the 
configuration

Fig. 8. Full ROS system structure.
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VII. CONCLUSIONS AND FUTURE WORK

A localization and navigation system was implemented 
to perform general tasks in office-like environments. This 
system maintains a correct estimate of the robot´s pose in 
real-time, being able to correct the error accumulation of 
intrinsic sensors and estimate its own pose if this 
information is not provided in advance. 

Artificial vision is used with a common video camera for 
recognizing ceiling light fixture fixtures as external 
landmarks, whose poses are known a priori. However, given 
the similarity between the various fixtures and the symmetry 
of those poses, the determination between the real and the 
corresponding fixture detected is strongly dependent on the 
robot’s estimated pose. This may generate erroneous 
matches, leading to ambiguity and getting reasonable 
confidence in a pose that may not be real. Also, the ambient 
lighting conditions can lead to false detections that can 
compromise severely the location and hence the mapping of 
the environment. Nevertheless, the continuous movement of 
the robot combined with the particle filter used for global 
localization and the Kalman filter localization update, given 
the localization estimate confidence, allows the robot to 
recover when lost, and resume its normal operation. 

For determining a safe and short path an occupancy grid 
was kept and updated with information of the space 
occupation likelihood. This map is updated based on the 
distance information of ultrasound sensors and pose 
estimate when this estimate has sufficiently high confidence. 
Based on the information of this occupancy grid the path to 
follow is determined with the Wavefront algorithm. 

Finally, while performing the determined path, this 
system reacts to unexpected obstacles such as people or 
objects left in previously free space. To avoid these 
obstacles one used the virtual forces method for navigation, 
resuming the path whenever possible. 

To speed up localization it would be interesting to 
explore matching techniques directly from the camera 
images or contours with a representation of the light fixtures 
and other ceiling elements, as air vents and fire detectors. 
This avoids significant movement without detection of 
landmarks, resulting in faster convergence for the particle 
filter and more accuracy for the Kalman filter and mapping. 
Furthermore, it is also expected to be more immune to 
erroneous detections caused by reflections, foreign objects 
or anomalous lighting conditions. This is difficult to 
combine with a high number of particles because it has to be 
done for each particle, which leads to a large consumption 
of processing resources, unavailable on the Pioneer P3-DX
robot standard platform. 

As a follow up of the present work, one plans to use the 
developed work as a base for specific tasks, such as an 
autonomous guide or carrier robot. 
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Abstract— A 3 DOF (Degrees Of Freedom) passive rotating 
platform and a simulator with position controller were 
developed as the stimulus input for a simulated single leg robot 
system to realize COP (Center Of Pressure) based motion 
control. The platform contains a board mounted on a tripod by 
a ball joint. A magnetic tracking sensor is mounted on the board 
to get the orientation of the rotating platform. The virtual 
reality tracking system records the rotating information of the 
platform in real time. According to the orientation of the real 
platform, the information of the magnetic sensor is used to 
control a simulated rotating platform. Using the real and virtual 
rotating platform systems, some experiments were carried out 
to realize the adaptive motion planning of the simulated 
single-legged robot. 

I. INTRODUCTION 

Humanoid robots have been widely developed and studied 
in universities and research institutes. The research topics on 
humanoid robot are not only with regard to mechanical and 
electrical system design, but also motion control and learning 
[1]. Designing stable walking control methods for biped robot 
is one of the most difficult research issues [2]. One of the tasks 
involved in designing algorithms for bipedal robot locomotion 
is to assess their effectiveness at maintaining balance in a 
changing environment [3, 4]. To simulate a dynamic 
environment, a method is used to allow free rotation of the 
platform by a human operator. For example, in Fig.1 (a) a 
robotic leg using a Center Of Pressure (COP) controller [5] 
may be tested for maintaining balance as the human-user 
continuously rotates the platform in three dimensions under 
the leg. Having a human-in-the-loop to operate over the 
platform is a way to imitate an uneven and unstructured 
environment. The goal is to develop a control algorithm that 
provides enhanced robustness using the four force sensors (i.e. 
FlexiForce with U.S. Patent No.6,272,936 ) placed at the 
bottom of the robotic leg (i.e. part of leg that makes contact 
with the surface, usually a robotic foot). The global objective 
is to maintain balance by specifying a desired COP location 
and a desired hip height profile in the sagittal plane. The force 
sensors are used to estimate the real COP coordinates. The 
control system regulates the joint actuators by relating the joint 
velocities to the error between the desired and the current 
position of the COP in the X and Y direction, and between the 
desired and the actual hip position in the Z direction [6].  

While developing new mechanical system of the 
humanoid robot at University of Aveiro, as shown in Fig.1 (b) 
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[3], a YARP (Yet Another Robot Platform) [7] - based 
simulated leg model was also developed, as shown in Fig.1(c) 
to allow COP based motion control experiment and test 
algorithms before the real leg is built. 

Besides improving the performance of the humanoid robot 
platform, designing the environmental stimulus device for the 
robot leg motion control is also a very interesting research 
topic.  As a stimulus device, it can generate and record the 
independent trajectory of pitch, yaw and roll axes. The device 
to imitate shaking ground information is shown in Fig.1 (a). It 
is a board rotated by the researcher which is adopted in a 
robotic experiment to verify the COP leg control methods. It is 
the interface to realize the “human-in-the-loop” robot 
experiment. Human movement in the cooperation with robot 
is difficult, even impossible, to be recreated. Capability to 
record helps in performing offline evaluation of changes in the 
environment and corresponding changes in robot's 
configuration parameters for maintaining balance.  

    
(a) Former demonstration (b) New mechanical system   (c) Simulated leg 

Figure 1.  Leg robot system. 

In the context of the current example, the platform is 
simply a flat board. Such boards are usually supported by 
stable platforms that support rotational movements. 

Ideally, a suitable platform would need to meet following 
requirements: 

1. The platform should be able to perform passive and 
random rotation in the direction of pitch, yaw and roll, and 
these rotations can occur either independently or 
simultaneously;  

2. The rotating motion can be read and recorded in real 
time; 

3. The platform should support a board to support the 
experimental object; 

4. The platform should allow active participation of a 
human operator in controlling the movement of the board 
(human-in-the-loop interaction); and 

5. The rotating axis of pitch, yaw and roll are interacting in 
one point. 
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 Most of the existing support platforms with rotation 
capability are designed as the base of a camera. The standard 
platforms are: manually-driven terrace (passive rotation, see 
Fig.2 (a)), and motor- driven cloud terrace (active rotation, see 
Fig.2 (b)). 

             
(a) Manually-driven                        (b) Motor-driven 

Figure 2.  Typical rotating cloud terrace. 

               
(a) Haptic device                   (b) Contactless joystick 

Figure 3.  3 DOF input device. 

The manually-driven cloud terrace platform can not record 
its rotating trajectory, and using the motor-driven cloud 
terrace, it is not possible to realize passive rotation while 
recording the board trajectory. Two exceptions to these 
limitations are 3 or 6 DOF input devices, as shown in Figure 3. 
The PHANTOM haptic device (Fig. 3(a)) allows trajectory 
tracking in real-time but can not support a board. If it is 
required to rotate in pitch, yaw and roll, the rotational axes of 
manually-driven and motor-driven cloud terraces as well as 
PHANTOM like devices do not cross in one point. The 9000 
series of APEM contactless joystick (Fig. 3(b)) are designed 
for applications that demand proportional control with the 
lower possible profile below the pane. It uses contactless, 
inductive sensing and circuitry. If we attach a board on the top 
of the joystick, the payload and the board itself will break 
down the sensing circuitry. With the given mechanics in 9000 
series of APEM, they can not be directly used to support a 
payload greater than 0.5kg.  

In their current form, these devices are not suitable for 
being directly adopted for the COP-based human-in-the-loop 
leg motion control experiments. 

The platform in this paper is designed to meet all the 
mentioned requirements. It is composed of a scalable tripod 
with a passive ball joint and a board mounted on the ball joint 
with a screw bolt. With specific slot on the passive ball joint, 
the passive platform can realize independent movement of 
pitch, yaw and roll. WinTracker, a 3D virtual reality tracking 
system is selected from the existing 6 DOF sensory system [8, 
9], and its magnetic sensor is attached to the board to get ball 
joint Trajectory. The 3D virtual reality tracking system 
provides the position, and orientation of the rotating board.  

Within YARP framework and the general conception of 
iCub simulator [10-12], the simulator for the rotating platform 
was developed. The position controller was also designed to 
control the simulated platform to rotate around pitch, yaw and 
roll axis. 

The human-in-the-loop interface was designed such that 
when the real platform is rotated by hand, the angle 
information is recorded by the 3D virtual reality tracking 
system and sent to the computer, where the position controller 
of the simulator adopts them as input to rotate the simulated 
platform. As a primary application, the experiments where the 
position controllers developed with YARP protocol use the 
output value of the real rotating platform motion to control 
simulated platform to realize the COP based adaptive motion 
control of the simulated leg. 

The remainder of this paper is organized as follows: In 
section II, the passive rotating platform is specified. Section 
III presents the mixed reality application of this passive 
rotating platform on COP-based adaptive motion control of a 
single leg robot. The experiment results are addressed in 
section IV. Finally, the conclusions and future works are 
discussed in section V. 

II. SYSTEM SPECIFICATION OF THE ROTATING PLATFORM 

A.  Mechanical System  

Figure 4.  Mechanical system. 

1 : Scalable tripod, 2 : Rotation board, 3 : Passive ball joint and its slot, 
4 : Standard strip, 5 : Magnetic sensor.  

The rotating platform, as shown in Fig.4, is composed of a 
scalable tripod, a passive ball joint and a board connected with 
the ball joint with a tightening screw in joint hedge. The 
parameters of the rotating platform are shown in Table I. 

TABLE I.  PARAMETERS OF THE PROTOTYPE OF ROTATING PLATFORM 

Dimension of the board: L_b W_b H_b (cm) 37 23 0.6 
Radius of the ball joint: R_b (cm) 0.5 
Height of the tripod: H_s (cm) 36 

The magnetic sensor is fixed to the surface of the board. 
The rotating trajectory of the platform is recorded by the 
magnetic sensor and sent to the computer through the 3D 
virtual reality tracking system. Low price, simple mechanical 
and electrical system, free rotation in pitch yaw and roll, and 
easily recording trajectory in real time are the key aspects of 
the stimulus device. 
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B. Control System  

The hardware in the control system of the rotating platform 
is shown in Fig.5. The main component is Wintracker, a 3D 
virtual reality tracking system. Although Wintracker is a 6 
DOF tracking system with three magnetic sensors, in this 
study, only the rotation information is being used to record the 
platform trajectory of pitch, yaw and roll axis. The position 
information can also be taken as a potential function of the 
rotating platform for robot motion control. 

 

Figure 5.  Control system hardware. 

1 : Control box, 2 : Magnetic sensor transmitter, 3 : Magnetic sensor 
receiver, 4 : Power line, 5 : Computer connected by the USB line. 

1)  Hardware Specification of Wintracker 
Wintracker has three magnetic sensory receivers with 

mounting clips. The magnetic sensor transmitter sends 
magnetic information. In this rotating platform, one magnetic 
sensor is put on the top of the board. When the platform is 
rotated, the origination relationship between the transmitter 
and the receiver can be recorded and sent to the computer. 

The system parameters are listed in Table II. Since it is a 
magnetic tracker, the system signal can be influenced by 
metallic objects. Based on the application area and mechanical 
system integration requirements, similar devices, such as 
accelerometer-based tracking system, optical-based tracking 
system and potentiometer-based tracking system can also be 
adopted to record the trajectories of different passive rotating 
platforms. This design avoids the excessive use of complex 
mechanical and electrical parts. 

TABLE II.  SYSTEM PARAMETERS OF WINTRACKER 

Weight : W (Kg) 4.6 
Electronics unit : L_e W_e H_e (cm) 32 20 12 
Transmitter : L_t W_t H_t (cm)  5.5 5.5 5.8  
Cable length of transmitter: L_c (m) 4.5 
Operating temperature: T (°C) 10~40 
Update rate: R_u (outputs/second) 90(1),45(2),30(3)  
Operating Voltage: O_v (V) 85~264 

2) Data Specification of Wintracker 
The data recorded by WinTracker is shown in Table III, 

that contains the information for Cartesian coordinates of 
position, Euler angles, quaternion and orientation. In this 
research, we only use the information of azimuth, elevation 
and roll angles, as shown in Fig.6. In the rotating platform 
system, the pitch rotation means to rotate the X axis from +Y 
to +Z; the yaw rotation means to rotate the Y axis from +X to 
–Z; and the roll rotation means to rotate the Z axis from +X to 
+Y. 

TABLE III.  DATA SPECIFICATION OF WINTRACKER 

Position X: X (m) 
Position Y: Y (m) Position  

(accuracy in 0.0001 m) 
Position Z: Z (m) 
Azimuth Attitude: A (Deg) 
Elevation Attitude: E (Deg) 

Attitude  
(accuracy in 0.01 Deg) 

Roll Attitude: R (Deg) 
Qw : quaternion component W  10000
Qx : quaternion component X  10000
Qy : quaternion component Y  10000 

 
Orientation  

Qz : quaternion component Z  10000
 

 

Figure 6.  Coordination system. 

3) Interface Function Specification of Wintracker 
In this study, Wintracker is supplied with Windows 

compatible data capture software. The sensor data can be 
saved in a file or as an input to other program in real time. As a 
functional demonstration, the platform is rotated by hand in 
one direction, from pitch, yaw to roll and then rotated in 
arbitrary direction to realize a complex behavior. The joint 
trajectory is recorded and sent to the computer, and the signal 
can be easily separated into independent axis data, as shown in 
Fig.7.The signal can be also recorded with a timer defined by 
world step size in ODE (Open Dynamic Engineering). 
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Figure 7.  Trajectory of rotating movement. 

III. THE MIXED REALITY APPLICATION ON COP-BASED 
ADAPTIVE MOTION CONTROL OF A SINGLE LEG ROBOT 

A. Development of the simulated rotating platform 
YARP is an open source middleware which contains a set 

of software libraries, protocols, and tools to keep modules and 
devices clearly decoupled. The architecture of the simulator is 
realized as a set of YARP executables, and models are 
connected by the YARP port. 
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In our study, YARP is adopted as the framework to build 
the simulated leg robot system with COP based motion 
controller. In this simulation system, a simulated rotating 
platform is developed with a position controller. The 
simulated platform is composed of a board and a stick fixed on 
the ground, as shown in Fig.8 (a). It can also work together 
with the simulated leg robot [5], as shown in Fig.8 (b). 

  
(a) Rotating platform                 (b) Leg model on the rotating platform 

Figure 8.  Simulated system. 

The simulated platform can be controlled by three 
independent joint position controllers (software modules 
developed with YARP protocol) to realize the rotation of pitch, 
yaw and roll. 

B.  Interface specification of the mixed reality system  
The diagram of the control system of the mixed reality 

system is shown in Fig.9. The trajectory of rotation of pitch, 
yaw and roll are used as the input of the position controller 
with the help of Wintracker software. Based on the protocol 
of YARP, the controller can get its input and command the 
simulated rotating platform. The rotating platform and the leg 
model are independent. Based on the force information, the 
COP controller can plan the motion of the robotic leg to adapt 
it to the rotating platform. 

 
Figure 9.  Control system block diagram. 

IV. EXPERIMENT RESULT 
Together with the rotating platform, some experiments 

were carried out to validate the COP balance controller of the 
simulated leg. The whole experiment system is shown in 
Fig.10. 

        
Figure 10.  Experiment system. 

Table IV presents the parameters of the single leg robot 
with the posture shown in Fig.10. 

TABLE IV.  ROBOT MODEL PARAMETER 

The length of the foot : L_f (m) 0.13 
The width of the foot : W_f (m) 0.054 
The length of upper part of the leg : L_upper(m) 0.2 
The length of lower part of the leg : L_lower(m) 0.2 
The number of DOF of ankle joint: N_ankle 2 
The number of DOF of knee joint: N_knee 1 
The value of front force sensor: F_l (N),F_r (N) 2.23,2.23 
The value of  back force sensor: B_l (N),B_r (N) 0.45,0.45 

A. Experiment in static environment 
The goal of the experiment is let the leg move along a 

reference trajectory. The starting point of COP{x,y} and 
COG{z} is (0.04,0,0.18), and the target point of COP{x,y} 
and COG{z} is  (-0.04,-0.01,0.15), where COG means Centre 
of Gravity. Because COP controller parameter setting 
depends on motion task[5], by trial and error, a set of values 
(6,10,6) are selected as Proportional gain of joint controller in 
knee, lateral ankle, ankle.The corresponding experiment 
result are shown in Fig.11.The execution time in simulation is 
5 second. 
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Figure 11.  COP trajectory. 

The leg robot motion during this experiment are shown in 
Fig.12. The experiment result validates the performance of 
the COP controller during realizing this motion task. 

 
Figure 12.  Snapshots of the movement sequence. 
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B. Experiment with rotating the simulated platform 
Based on the parameters of the COP controller, another 

experiment was carried out. The reference (0, 0, 0) is set at the 
center of the robot foot. The target of the controller is to make 
the COP to follow a fixed point (0.04, 0, 0.18) on the foot. 
When the platform is rotated, the controller plans the velocity 
of the joint to change the posture of leg and keep the COP in 
the same position of the foot. Here we use the sine function to 
generate the signal for one joint. The reference trajectory is 
shown in Fig.13. 
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Figure 13.  Control signal of pitch rotation. 
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Figure 14.  The ground reaction forces. 

Based on the sensory information, as shown in Fig.14, we 
can calculate the reference COP, as shown in Fig.15. 
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Figure 15.  The real and reference COP coordination. 

The real COP and reference COP can generate the error to 
make the COP controller generate different signal, as shown 
in Fig.16, to control the robot joint to move. From Fig.15 and 
Fig.16 we can see the robot can use the COP-based controller 
to regulate its posture so as to  keep balance on the changing 
board.  
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Figure 16.  The joint input signal of the robot. 

C. Experiment with input from the real rotating platform 
The output of the platform, as shown in Fig.17, can be 

adopted as the stimulus for the simulated rotating platform, as 
shown in Fig. 18. 
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Figure 17.  Output of the rotating platform 

   

   
Figure 18.  The experiment result. 

Based on the result during the development of the 
prototype of rotating platform and the primary application in 
a mixed reality application on robot leg motion control, some 
issues are discussed as follows. 

1) Zero position calibration for the simulated rotating 
platform 

Since the rotating platform is mounted on top of a passive 
ball joint, it is difficult to find its physical zero position. In 
this study, when new experiment is carried out on the real and 
simulated platform, we need the following two steps to 
realize the zero position calibration for the simulator. Firstly, 
the real platform is fixed at a reference zero position and we 
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run the simulator, thus the position value of real platform is 
recorded and converted to joint values of the simulated 
platform. Secondly, the real joint values of last experiment 
are set as the zero position error correction value for joints of 
the simulated platform controller. Thus when we rotate the 
real rotating platform from the reference zero position, the 
simulated rotating platform can start its rotation from its zero 
position. 

2) Stability analysis 

Figure 19.  Movement of the rotating platform. 

  
(a) Foot dimension limitation               (b) Big stimulus gain 

Figure 20.  Falling down. 

Two situations shown by marker 1  and marker 2  in 
Fig. 19 can make the robotic leg loose its balance in the 
COP-based motion planning experiment. Firstly, the platform 
is inclined too much, thus make the real COP reaches the 
borderline of the foot, as shown in Fig. 20 (a). Secondly, the 
stimulus signal changes too quickly, the error of the system is 
beyond the limitation of COP controller to keep the balance 
of the leg, as shown in Fig. 20 (b).This study shows the 
advantage that simulated system can give help on avoiding 
damage real robot in adaptive motion experiment. 

V. CONCLUSION  
This paper presented a new method to build a simple 3DOF 

passive rotating platform instead of a complex mechanical 
and electrical device. The magnetic tracking sensor system 
was used as the key component to record the rotation 
information and send it to a computer. Within YARP 
framework, the simulator for the 3 DOF rotating platform was 
built with the position controllers, which can receive the data 
from the  tracking sensor system and take it as the joint 
control information to the simulator. The mixed reality 
application on COP-based adaptive motion control of a 

single-legged robot has shown the potential application of the 
developed 3DOF passive rotating platform for 
human-in-the-loop robot experiments.  

In the future, the position, and orientation provided by 
WinTracker can provide addtional information to realize 
adaptive bipedal locomotion control in changing enviroment. 
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Abstract—Autonomous mobile robots perception systems are
complex multi-sensors systems. Information from different sen-
sors, placed in different parts of the platforms, need to be
related and fused into some representation of the world or robot
state. For that, the knowledge of the relative pose (position
and rotation) between sensors frames and the platform frame
plays a critical role. The process to determine those is called
extrinsic calibration. This paper addresses the development of
automatic robot calibration tool for Middle Size League Robots
with rotating directional cameras, such as the ISePorto team
robots. The proposed solution consists on a robot navigating in
a path, while acquiring visual information provided by a known
target positioned in a global reference frame. This information
is then combined with wheel odometry sensors, robot rotative
axis encoders and gyro information within an Extend Kalman
filter framework, that estimates all parameters required for the
sensors angles and position determination related to the robot
body frame. We evaluated our solution, by performing several
trials and obtaining similar results to the previous used manual
calibration procedure, but with a much less time consuming
performance and also without being susceptible to human error.

I. INTRODUCTION

In this paper, we present an EKF based solution, for the

development of a visual auto-calibration tool to fully calibrate

all rotative axis, angles and offsets of a ISePorto MSL Robot

[2].

Robot Calibration is an important and complex task, that

needs to be performed, in order for the robot to be able to

complete tasks in Robocup semi-structured environment. This

calibration procedure consists on defining sensors and active

mechanisms inter-relationships but also defines their relation

with a global robot body frame.

The ISePorto robots, are complex robots that pose an inter-

esting challenge for obtaining a well-established calibration

procedure, since it has many different sensors, namely: 2

cameras for visual perception, a low cost 3-axial Inertial

Measurement Unit (IMU), laser range sensor (only for the

goalkeeper) and odometry sensors(wheel encoders). The ISe-

Porto robot all possess two rotative axis one for the kicker

camera and kicking mechanism and other for the head camera.

The main objective, behind this type of rotation mechanism

is to facilitate cooperative play (passing) between robot team

members but also to artificially increase robot cameras field-

of-view(fov), to allow a better robot self-localization using

field landmarks and also a more efficient obstacle detection.
There are several ways to perform specific calibration

procedures, such as the work of Ling [3], that allows to retrieve

camera extrinsic parameters through the use of vanishing lines,

thus being able to calibrate camera orientation, position and

focal length parameters.
Others, like Zhang [8] or Shen and Wang [6] presented

algorithms to calibrate the extrinsic parameters of a camera

by minimizing total control-point errors. The algorithms min-

imized control-point errors of the pixels in the image plane and

also of the object points in the 3D physical space. Those papers

addressed the problem of determining the initial calibration

on a off-line procedure. However, for Robocup applications

where the extrinsic parameters can change during game-play

or as with the use of cameras in cars, the parameters must

be determined in real time. Examples of approaches in those

scenarios are the work of Martinelli [4] and Wu [7], but not

supporting rotating cameras in moving vehicles.
Another developed special purpose robot calibration tool

supporting cameras that can change dynamically its config-

uration in the robot, is the one developed by Pradeep et al

[5] to calibrate a multi-arm multi-sensor PR2 robot, through

bundle adjustment. They estimated a set of system parameters

by acquiring poses of known targets in the world. However,

this approach is not applicable for on-line calibration.
In the MSL scenario, the previous calibration method of

the ISePorto Robots consisted on a sequence of manual

procedures, see figure 1:

• First, concerning the imaging part of the procedure, cam-

era information measurements were acquired through out

a sequence of images that were processed off-line, in or-

der to obtain robot camera calibration parameters(intrinsic

and extrinsic parameters), this procedure was performed

using J.Y.Bouget [1] toolbox.

• Second, the robot is placed on a mechanical frame,

specially design to physically align all rotative robot axis,

so information regarding motor encoder position can be

acquired. The value read from the kicker axis encoder, is

defined as the initial bearing angle of the kicker device.

Where all camera (head and kicker) pose related angles

will be referenced to.

• Third, the one remaining angle to be estimated, is the
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Fig. 1. ISePorto robot positioned on the calibration frame

inter-relationship angle that relates the kicker rotative

device with head rotative device. For estimating this angle

one aligns the robot with a field line and compensates

manually the related offset between the two cameras.

The problem with this type of calibration, is that is very time

consuming but most of all is very sensible to human error.

The objective of this research is to develop a auto-

calibration tool, that can be executed off-line or in future

work on-line, that copes with all robot parameters (robot state,

camera Kicker and camera Head) estimation, namely:

[
θw,hkc,dkc,ψkc,θkc,φkc,hhc,dhc,ψhc,θhc,φhc

]T
(1)

Where θw, hck, dck, ψck, θkc, φkc, hhc, dhc, ψhc, θhc and

φhc are respectively robot’s pitch and both cameras height,

displacement, yaw, pitch and roll.

For that purpose we developed an EKF auto-calibration tool

that is based on odometry readings of the robot encoders

and camera update visual measurements to a world fixed

target. This calibration tool allows us to estimate all necessary

robot parameters that are somewhat related to the robot body

frame. Moreover, presented results clear shown that this new

method is more accurate and provides a robust parameter

estimation being 6 times faster than our previously used

manual procedure. Other advantage is that EKF parameter

filter convergence is achieved very quickly and with very few

necessary measurements.

In this paper, in section II our proposed solution is ex-

plained. The calibration procedure and the feature processing

algorithm are shown along with the EKF equations for the

parameters estimation.

The results from several trials are compared to the old

calibration method in section III. Also some figures displaying

parameter EKF estimation results are shown, in order to

correctly evaluate our proposed system performance.

Finally, in section IV conclusions and some insights about

future work are also presented.

II. AUTO-CALIBRATION TOOL

Our solution, contrary to the previous procedure does not

depend on the robot positioning inside a fixed mechanical

frame. Instead, the robot is placed manually on the floor

with the cameras forward looking a chessboard. Afterwords, a

circular movement is executed around the positioned chess-

board. During this robot motion, we must assure that the

robot cameras always keep the target inside their field of

view. Information from the wheel encoders and also images

sequence are acquired for EKF post-processing.

In figure 2, a overall representation of our system is

presented. The robot sensor (cameras, gyro and odometer

encoders), are used to collect data to estimate all robot

parameters. This information is then fused within an Extended

Kalman filter framework. While gyro and odometry informa-

tion is used directly in the predict stage of the EKF filter.

Visual Information is related to the observation model and

data association.

A. Vision

To get the feature points from the chessboard images,

an algorithm was developed based on OpenCV function

cvFindChessboardCorner. These features will be used as EKF

observation in order to update our state variables by comparing

each feature point to the predicted chessboard points based on

encoder measurements. However, we need to get feature points

from OpenCV displaced in the same order, or otherwise, we

will not be able to compare the board predicted points with

the observed ones. To ensure this condition an order correction

algorithm was developed.

The adopted order for the chessboard point is represented in

the left side of figure 3 and it’s one of the eight possible orders

that OpenCV outputs in his chessboard detection function. So

the first step of our algorithm is to check if the chessboard

points come in a 6x9 format using the cross product (2),

between vectors V1,2(points 1 and 2) from the chessboard and

vector V1,7 (points 1 and 7) to know if the points need to be

transposed or not.

−→
V (1,2)×

−→
V (1,7)

‖−→V (1,2)‖
> threshold (2)

In a second step we need to check if the points are in the

correct direction using a similar cross product equation (3).

If the points are in the wrong direction an vertical mirror is

performed to put them in the right order.

−→
V (1,2)×

−→
V (1,7) > 0 (3)

At this point, we already have the points in the right

position and only need to check if they are starting in the

correct order or if is necessary to invert the array. To perform

such procedure, we need to use the predicted board points as

reference to verify the correct order.

In the right side of figure 3 we can see the correction from

the wrong order, red line, to the correct order, green line with

the algorithm described above.

B. Robot parameters estimation EKF

The state of the EKF include all the calibration parameters

and the robot state, and is:

x =
[
RobotState CamKicker CamHead

]T
(4)
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Fig. 2. Auto-Calibration tool framework

Fig. 3. OpenCV chessboard detection algorithm and matlab order correction

Being,

RobotState =
[
xw yw φw θw φa1 φa2

]
(5)

Where, xw, yw, φw, φa1 and φa2 are respectively robot’s x
position, y position, orientation, kicker angle related to the

base and head angle related to the base that are retrieved

from robot’s encoders in order to predict the position of the

chessboard points related to the robot during robot’s path.

And,

CamKicker =
[
hkc dkc ψkc θkc φkc

]
(6)

CamHead =
[
hhc dhc ψhc θhc φhc

]
(7)

Where, CamKicker and CanHead are the extrinsic param-

eters of the cameras relating to the rotating referential of

the Kicker and Head , and are constituted by the height h∗,

distance to the rotating axis d∗, and 3 angles ψ∗, θ∗, φ∗ defining

the rotation to the camera frame.

In figure 4 we can see the axes that constitute the ISePorto

MSL robot. The gray colored axis is the world axis, the green

and red are respectively robot and kicker axes, the violet is the

kicker camera axis and in the top we have the yellow and blue

axes that are respectively head rotation axis and head camera

axis.

x(k) = f (x(k−1),u(k))+ v(k) (8)

x(k) → state vector

f → state transition function

u(k) → controls (inputs)

v(k) → process noises which are assumed to be

zero mean multivariate Gaussian noises

with covariance Q

f =
[
xw +dxw,yw +dyw,φw +dφw,θw,φa1 +dφa1,

φa2 +dφa2,hck,dck,ψck,θck,φck,hch,dch,ψch,θch,φch

]T (9)

z(k) = h(x(k))+w(k) (10)
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Fig. 4. Definition of referentials in the ISePorto robot

z → measurement model

h → observation model

w → observation noises which are assumed to be

zero mean multivariate Gaussian noises

with covariance R
We considered the following angles representation (11),

using Z(yaw),Y(pitch),X(roll) orientation convention:⎡
⎢⎢⎣

φ

θ

ψ

⎤
⎥⎥⎦=

⎡
⎢⎢⎣

Roll

Pitch

Yaw

⎤
⎥⎥⎦ (11)

In order to be possible to work with all the different axes we

need to relate them with each other. To do so, some rotation

and translation matrices are applied.

To relate the robot axis with the world axis the rotation and

translation matrices in (12) and (13) are used.

Rw
r =

⎡
⎢⎢⎣

cos(ψr) −sin(ψr) 0

sin(ψr) cos(ψr) 0

0 0 1

⎤
⎥⎥⎦ (12)

T w
r =

⎡
⎢⎢⎢⎢⎢⎣

cos(ψr) −sin(ψr) 0 Pxr

sin(ψr) cos(ψr) 0 Pyr

0 0 1 0

0 0 0 1

⎤
⎥⎥⎥⎥⎥⎦ (13)

Rb = Rψb ·Rθb ·Rφb (14)

For the robots to have better traction, they have some

looseness in the base pitch. Due to this, the base referential

can’t be the same as the robot referential.

The (15) and (16) equations are the rotation and translation

matrices from the kicker to the base.

Rb
k =

⎡
⎢⎢⎣

cos(ψk) −sin(ψk) 0

sin(ψk) cos(ψk) 0

0 0 1

⎤
⎥⎥⎦ (15)

T b
k =

⎡
⎢⎢⎢⎢⎢⎣

cos(ψk) −sin(ψk) 0 0

sin(ψk) cos(ψk) 0 0

0 0 1 0

0 0 0 1

⎤
⎥⎥⎥⎥⎥⎦ (16)

Rk
kc = Rkck

ψ ·Rkck
θ ·Rkck

φ (17)

T k
kc =

⎡
⎢⎢⎢⎢⎢⎣

kickerdistx

Rk
kc kickerdisty

hkc

0 0 0 1

⎤
⎥⎥⎥⎥⎥⎦ (18)

T w
kc = T w

r ·T r
b ·T b

k ·T k
kc (19)

To project a point seen from the kicker camera in the world,

the intrinsic matrix and a translation matrix from the kicker

camera to the world are multiplied.

PPMkicker = A ·T w
kc

T (20)

Rh
hc = Rψh

hc ·Rθ h
hc ·Rφ h

hc (21)

T w
hc = T w

r ·T r
b ·T b

k ·T k
h ·T h

hc (22)

The projected point seen from the head camera in the world,

can be obtained using the equation (23).

PPMhead = A ·T w
hc

T (23)

The equation (24) is used to project one point from the

world in to the image in homogeneous coordinates.

Pcam

⎡
⎢⎢⎣

x

y

z

⎤
⎥⎥⎦= PPMcam(x).Pw (24)

And to predict a 2D point from the world in the image using

the robot state, the equation (25) can be used.

Pimg =

[
ximgi

yimgi

]
= h′(x,Pw) =

⎡
⎢⎢⎣

Pcamx

Pcamz

Pcamy

Pcamz

⎤
⎥⎥⎦ (25)
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This way, ẑ is the concatenation of all the predicted chess-

board points from the world into the image referential, based

the robot state, in our observation model h (26).

ẑ =

⎡
⎢⎢⎢⎣

Pimg1

...

Pimgn

⎤
⎥⎥⎥⎦= h

⎛
⎜⎜⎜⎝x,

⎡
⎢⎢⎢⎣

Pchess1

...

Pchessn

⎤
⎥⎥⎥⎦
⎞
⎟⎟⎟⎠

=

⎡
⎢⎢⎢⎣

h′(x,Pchess1)

...

h′(x,Pchessn)

⎤
⎥⎥⎥⎦

(26)

The jacobian from our observation model is obtained by using

equation (27).

�xh

⎛
⎜⎜⎜⎝x,

⎡
⎢⎢⎢⎣

Pchess1

...

Pchessn

⎤
⎥⎥⎥⎦
⎞
⎟⎟⎟⎠ (27)

III. RESULTS

Several experiences were performed to evaluate the ac-

curacy and performance consistency of our proposed auto-

calibration EKF based tool, The trials consisted on performing

a circular path around the chessboard while fusing vision

with odometry and giro information within a standard EKF

framework algorithm.

The obtained results displayed in table I, clearly show that

the performance obtained using the auto-calibration tool is

similar to the one obtained by the previously used manual

calibration procedure.

However, while the manual procedure is very time con-

suming, with an average of 30 min spent per robot. The

auto-calibration tool only spends five minutes on average per

robot. Moreover, this new approach is less sensible to human

factor, due to the fact that humans do not interfere on the data

gathering procedure.

The following EKF results were obtained during one of

auto-calibration experiments.

In figure 5, one can observe the robot position estimated

using the EKF auto-calibration tool, while comparing with

robot odometry position, both displayed trajectories are very

similar, but the displayed auto-calibration tool trajectory ex-

hibits less error when compared to the real circular robot

trajectory performed by the robot. It is also presented the

robot pitch estimation based on the features retrieved from

the chessboard during the robot trajectory. It is important to

refer that the ISePorto robot has a free-wheel in the rear and

so the robot tend to exhibit a dynamic behavior concerning

robot pitch angle, that should be continuously estimated even

during MSL matches.

In figure 6 is displayed the estimated robot the Euler angles

or the kicker camera and their covariance during the experi-

ence. It is important to state that the displayed Euler angles
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0 500 1000 1500 2000
0

0.2

0.4

0.6

Frame Index
A
n
g
l
e
 
(
r
a
d
)

 

 

Pitch Kicker Cam
Roll Kicker Cam
Yaw Kicker Cam

0 500 1000 1500 2000
0

2

4

6

8
x 10

−3

Frame Index

A
n
g
l
e
 
(
r
a
d
^
2
)

 

 

Picth Covariance
Roll Covariance
Yaw Covariance

Fig. 6. Kicker camera Euler angles estimation

estimation present a rapid convergence to their estimated

values. This characteristic is clearly displayed in almost all

EKF-filter estimated parameters. All presented angles were

also estimated for the head camera, but were not displayed

here for simplicity.

Other two parameters estimated by the EKF are the height

and displacement of both cameras, when related to the robot

body frame. The results for the kicker camera along with their

covariance are presented in figure 7.

Finally, as a way to demonstrate our EKF innovation, figure

8 shows an example of innovation of x and y (corner feature)

of a chessboard point with 2-σ estimated error bounds during

this trial.

IV. CONCLUSIONS AND FUTURE WORK

In this paper, a vision based auto-calibration tool for the

robots with rotating directional cameras, such as the ISePorto

robots, was presented. The proposed solution allows to fully

calibrate all robot camera parameters (extrinsic) and camera

related angles in an autonomous fashion during only a short

period of time. This calibration poses a complex and inter-

esting problem within the Robocup MSL, due to the several

rotative axis that the ISePorto robots possess.
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TABLE I
AVERAGE CALIBRATION RESULTS AND THEIR STANDARD DEVIATION COMPARED TO THE MANUAL CALIBRATION

hkc dkc θkc φkc ψkc hhc dhc θhc φhc ψhc

Manual Calib. 0,5016 0,1125 0,5461 -0,0218 -0,0263 0,6638 0,0636 0,4998 -0,0426 -0,0307

Average auto 0,5003 0,0968 0,5548 -0,0238 -0,0496 0,6587 0,0485 0,5086 -0,0429 -0,0564

Std. Deviation 0,0020 0,0027 0,0063 0,0099 0,0125 0,0031 0,0021 0,0070 0,0121 0,0122
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Fig. 7. Kicker camera height and displacement estimation
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Fig. 8. EKF innovation compared with the 2-σ error bounds

Our proposed method only requires the robot to describe a

circular trajectory around one chessboard placed on the ground

while gathering vision, gyro and wheel encoder information,

that is fused within an Extended Kalman filter framework, that

estimates all necessary robot parameters.

The results obtained, using the new calibration method were

very similar to the ones obtained by the previously used

manual calibration method. During the conducted experiments

standard deviation of the parameters was very low, thus

allowing to conclude that the auto-calibration tool provides

robust estimation results.

One important factor, that had a major influence on the

choice of using an Extended Kalman Filter framework, and not

recurring to an optimal batch estimator such as the Maximum

Likelihood Estimator(MLE), is that even during the games and

specially due to robot collisions, the calibration parameters can

change. By using an Extended Kalman Filter approach, one

can in future work use an on-line approach that instead of

using a chessboard to find feature points for the estimation,

uses field lines to provide visual information, thus being

possible to adjust and calibrate the robot on-line.

Another future work novelty, would be the introduction of

Inertial Navigation System(INS) information within the EKF

framework in order to provide a better robot position and pitch

angle estimation. This type of approach can also be in future

work extended to other types of robots, specially service robots

that possess multiple joints and rotative axis.
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DEM1,3, IEETA2,3

University of Aveiro
Aveiro, Portugal

pemdp@ua.pt1, ana@ua.pt2, vitor@ua.pt3

Abstract—This paper presents and evaluates the perfor-
mance of a method for vehicle detection using a bag-of-features
methodology. The algorithm combines Speeded Up Robust
Features with a Support Vector Machine. An optimization to
the bag-of-features dictionary based on a genetic algorithm
for attribute selection is also described. The results obtained
show that this method can successfully address the problem of
vehicle classification.

Keywords-Intelligent vehicles; Object recognition; Machine
learning algorithms; Support vector machines; Genetic algo-
rithms;

I. INTRODUCTION

The car manufacturers have increasingly been adopting
more Advanced Driver Assistance Systems (ADAS) in order
to make their vehicles safer. The development of vision
based methods for efficient obstacle detection and classi-
fication is one of the current research trends towards this
goal.

In the literature the problem of detecting a car in an
image in usually divided in two steps, hypothesis generation
followed by hypothesis verification or classification. In the
former, a Region of Interest (ROI) with a potential target
is determined. Multiple methods can be used like sliding-
window, saliency detection or an external laser as seed. This
work focuses on the second step, where image features are
extracted from the ROI and a supervised learning algorithm
determines if a vehicle is present.

Multiple techniques have been applied for hypothesis ver-
ification. Some appearance based methods rely on statistical
analysis to extract the relevant information that define the
target objects. In [1] the author implemented eigencars, an
algorithm that uses Principle Component Analysis (PCA)
to compute eigenvectors and reduce the dimensionality of
the input space. Other methods detect distinctive and robust
points of interest on the image. In [2] the authors present
a method which combines HOG (Histogram of Oriented
Gradient) features with a Support Vector Machine to suc-
cessfuly identify obstacles on the road. In [1] and [3], the
authors implemented algorithms based on the Viola–Jones
object detection framework. This framework uses Haar-
like features and a cascade of classifiers to speed up the
recognition process.

Figure 1. Image sample from the dataset

The algorithm presented in this paper distinguishes itself
by following a bag-of-features approach and also combining
SURF features with a Support Vector Machine for vehicle
classification.

II. ALGORITHM

Bag-of-features [4] [5] is a popular approach for clas-
sification due to its simplicity and performance. It uses
the frequency of descriptors rather then spatial features to
describe and classify an image. This method is inspired by
document classification methods where word frequency is
often preferred in detriment of semantic meaning [6]. Bag-
of-features follows the same idea, using a dictionary of
visual words that are image features.

Before feature extraction the ROI was pre-processed
by converting to grayscale and its histogram equalized to
enhance the contrast. The visual vocabulary is based on
Speed-Up Robust Features (SURF) [7]. SURF shares some
similarities with SIFT (Scale-Invariant Feature Transform)
combining an interest point detector with a descriptor that is
scale and rotation invariant. However, because it is designed
for performance, it is faster and more suitable for a real-time
environment.

A. Dictionary
The dictionary is a set of visual features. These are

computed around points of interest which are detected
by approximating the scale-normalized determinant of the
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Figure 2. Points of interest of a ROI

Hessian. This is a scale invariant blob detector characterized
by good computational performance and accuracy.

Because the feature space is continuous, it is not feasible
to generate all possible combinations using a brute-force
approach. The solution was to sample features from a
dataset that included images with and without vehicles.
The dictionary is then formed by clustering all the visual
features using K-means, the centroids of each clusters are the
entries of the dictionary. The use of a clustering algorithm
reduces the variable number of features to a more compact
fixed sized set. Naturally the number of clusters is a design
parameter of the system and it is experimentally evaluated
in this work.

B. Classification features

In bag-of-words classification strategies the features at the
input of the classifier are achieved by post-processing the
basic features (semantic features) detected in documents [4].
In this case the dictionary provides the means to compute
these high-level features. Then by characterizing each ROI
with a set of visual features and after matching them in the
dictionary a histogram of the frequencies of the entries of the
dictionary is constructed. The matching of a visual feature
(SURF feature vector) to the dictionary is achieved by using
the K-NN (K Nearest neighbor) strategy using Euclidean
distance measures. In this case K is equal to 1, which
corresponds to approximating to the closest visual word.
Furthermore notice that the classification feature vector will
now have the size of the dictionary overcoming then the
problem of having different number of points of interest per
frame.

These entries of the classification vector were normalized
by dividing the absolute frequencies by the dictionary size.
Since the vector components are all of the same magnitude,
normalization should not be a relevant factor.

Naturally there is another tradeoff that needs to be ad-
dressed, increasing the size of the dictionary results in clas-
sification features with more attributes and a more complex
classifier. Several dictionaries sizes were tried in order to
determine a suitable value.

C. SVM

Image classification is done using a SVM (Support Vector
Machine) [8]. This is a supervised learning algorithm that
supports non-linear classification. This is due to ”the kernel
trick”, a kernel function defined with the original that
provides the means to work in the new space of higher
dimension where a linear separation can be made. An
example is RBF (Radial Basis Function) kernel where σ
is an user-defined parameter (Eq. 1).

k(x1, xj) = ΦT (xi)Φ(xj) = exp(−0.5||xi − xj ||
2/σ) (1)

Non-linear kernels require that the subset of the training
data (the so called support vectors) be stored to perform the
decision on every new data example x. The decision is taken
computing Eq. 2.

Ns∑
i

λiyiΦ
T (xi)Φ(x) + b if ≥ 0 ⇒ class 1

< 0 ⇒ class 2 (2)

Where Ns is the number of support vectors xi and
naturally the pair (xi, yi) belongs to this subset of the
training set. The yi = 1,−1 represents the label values.
Finally λi and b are parameters learned, in conjunction with
the selection of the support vectors, also during the training
phase.

On the other hand, Linear SVMs are less computationally
demanding, at least after the training phase, because only
the coefficients w that determine the separation need to be
stored. In this particular case, where there is no mapping,
the previous equation simplifies by computing

∑Ns

i yiλixi

The decision is now wTx + b, the support vectors do not
need to be available. This is an important issue for on-line
applications.

The SVM was trained using as input the frequencies of
the dictionary’s features. ROIs with cars should have higher
frequencies of certain features not present in other images. In
addition, each dictionary item is an attribute, which means
the SVM will have as many dimensions as the dictionary
size.

D. Optimization

In a second step, an optimization was introduced in order
to improve the performance and robustness of the learning
algorithm. An attribute selection optimization based on a
genetic algorithm was performed.

Proceedings of the 13th International Conference on Mobile Robots and Competitions 
April 24, 2013. Lisbon, Portugal

© 2013 IEEE 

Robotica 2013 was organized under the IEEE Robotics & Automation Society Technical Co-Sponsorship 
978-989-97531-2-9

125



Genetic algorithms are biologically inspired search meth-
ods. A population of chromosomes is submitted to an evolu-
tionary process for several generations in order to improve
a fitness metric. Each chromosome is formed by a string
of binary genes that can recombine with others (crossover)
or suffer random changes (mutation). The probability of
crossover increases with the chromosome fitness, directing
the search towards the goal. Mutation is a way of intro-
ducing diversity and avoiding a fast convergence for a local
minimum.

The dictionary was optimized by generating a 1024 fea-
ture set using the K-means clustering algorithm. In the
genetic algorithm each chromosome represented a mask of
enabled visual words. The result of the optimization is there-
fore a combination of visual features from the initial 1024
feature set. Attribute selection helps to tune the dictionary
so that only the most relevant features are included.

III. RESULTS

A. Implementation
This algorithm was implemented in C++ using the

OpenCV library [9]. OpenCV is a widely used open source
library for real-time computer vision. It focus on image
processing but also includes machine learning algorithms,
like the K-NN or SVM used in this implementation.

B. Dataset
The algorithm was validated with a dataset of images

collected by Miguel Oliveira on a previous research project
[3]. It constains 2265 images: 828 with at least one car and
1434 with no car. For the first group a manual segmentation
has been performed [3], which provides the coordinates of
regions of interest (ROI) to be further processed (Fig. 1). In
the case of regions of interest without cars a random squared
ROI with a size between 50 and 200 pixels is considered.

The dataset was divided in three subsets: a training dataset
(70%), a validation dataset (20%) and a test dataset (10%).
The training dataset is used to generate the predictive model.
The validation dataset is used to perform the attribute
selection optimization. Finally the test dataset is used to
evaluate the algorithm performance.

Fig. 2 shows examples of interest points extracted using
SURF from a ROI. These are identified by red circles.

C. Algorithm performance metrics
Precision and recall are best visualized using a confusion

matrix. Precision reflects the number of correctly identified
ROIs relative to the total amount classified as having a vehi-
cle. Recall is the percentage of correctly identified positive
ROIs from the universe of the total ROIs with vehicles.
However, these performance metrics are not sufficient, as
they could lead to erroneous conclusions. As an example,
an algorithm that classifies all the ROIs as positive has
a high recall but a low precision. On the other hand, an
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Figure 3. Algorithm performance relative to the dictionary size (without
genetic optimization)

algorithm that classified correctly one ROI and all the others
as negative would have a high precision but a low recall. The
solution is to use F-score, which combines both metrics as
defined by Eq. 3.

F − score = 2
precision× recall

precision+ recall
(3)

D. Dictionary size
Determining an adequate size for the dictionary is im-

portant as a very small dictionary may not be expressive
enough and a very large dictionary not only consumes more
computer resources but can also introduce learning problems
because of the high number of dimensions.

Several dictionary sizes were tested within the range of
32 to 1024 visual words. Fig. 3 shows that performance
increases with dictionary size until a value of about 100
visual words. After that, the algorithm performance does
not improve significantly. We have found 128 words to be
a good compromise between recognition performance and
computational load.

E. SVM kernels
SVMs support non linear classification using the ”kernel

trick”. In this study, both linear and a RBF kernels were
evaluated.

1) Linear kernel: In the linear kernel dot product is done
in input space. The linear kernel is defined by Eq. 4.

K(xi, xj) = xT
i xj (4)

Tables I and II show the results obtained for the test
dataset using a 128 words dictionary.

Table I
CONFUSION MATRIX FOR THE TEST DATASET USING A LINEAR KERNEL

Predicted positives Predicted negatives
Actual positives 70 12
Actual negatives 22 39
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Table II
PERFORMANCE MEASUREMENTS OF THE TEST DATASET USING A

LINEAR KERNEL

Precision 0,760870
Recall 0,853659
F-score 0,804598

Time (seconds) 0,02

2) RBF kernel: RBF kernel maps the input space into a
space of higher dimension using a gaussian function.

Tables III and IV show the results obtained for the test
dataset using a 128 words dictionary. The results show that
RBF kernel performs better then the linear kernel.

Table III
CONFUSION MATRIX FOR THE TEST DATASET USING A RBF KERNEL

Predicted positives Predicted negatives
Actual positives 66 16
Actual negatives 11 50

Table IV
PERFORMANCE MEASUREMENTS OF THE TEST DATASET USING A RBF

KERNEL

Precision 0,857143
Recall 0,804878
F-score 0,830189

Time (seconds) 0,01

F. Dictionary optimization

To further improve the results, attribute selection was
applied to the dictionary using a genetic algorithm. Each
chromosome was implemented as a mask where each gene
enabled or disabled a visual word. The fitness metric used
was the F-score and in our tests it reached a maximum value
of 0.903703. However, we could not make the algorithm
converge.

IV. CONCLUSION

This study focused on studying the applicability of a bag-
of-features methodology to the problem of vehicle recogni-
tion.

The experiments have shown that the proposed algorithm
is able to successfully classify vehicles with performance
metrics above 80%. On the other hand, the tuning of the
dictionary using attribute selection did not produce the
desired results. This can be explained by the fact that a
genetic algorithm can take a high number of iterations until
reaching an optimized genotype.

It was also shown that the choice of the kernel in the
SVM learning algorithm is relevant for the performance of
the algorithm. The RBF kernel obtained better figures than
the linear kernel.

This work aimed to achieve a simple and effective method
for hypothesis verification through a bag-of-features ap-
proach. We used a dataset with already segmented regions
as the input. In the future, the authors plan to investigate ef-
ficient algorithms for hypothesis generation based on salient
regions. The final goal is to have an algorithm able to
recognize and track road obstacles in real-time.
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Abstract—Manipulation tasks for robots with a robotic arm
and a mobile base are one of the most error-prone operations
in service robotics. Especially for low-cost robots with a small
reachable workspace of the arms, the selection of base poses
for reaching tasks is a challenging problem. In this paper, we
focus on the estimation of base poses for robots such that
they are able to reach a given end effector target pose using
space-efficient discretizations of the robots workspace, so-called
reachability maps. We further present a method to share these
reachability maps among robots by storing them on a cloud-
database, annotated with a semantic description. These are then
integrated in a knowledge-based task execution system for service
robots. Last, we conclude with the results of an experiment
showing the cooperation of robots of different hardware making
use of each other’s reachability maps.

I. INTRODUCTION

One of the most important tasks of service robots to assist
us in daily household chores some day will involve fetching
objects in unstructured environments. A recurring problem in
this context is the estimation of base poses, from which the
robot is able to reach towards an object. Robots that will be
working autonomously in these kinds of environments will
need to be able to reason about possible locations for reaching
tasks. Another interesting case is the cooperation of multiple
robots. Assume for instance the task of handing over an object
from one robot to another, where the robots have different
manipulator hardware. In order to solve this task robustly, each
robot needs to know about the reachable workspace of the
other, such that suitable base poses might be chosen.

From a more pragmatic point of view, a lot of service robots
used in research labs are built based on the same manipulator
hardware. As an example the robots used in [1], [2] and TUM’s
Rosie robot [3], to name a few, are all using the KUKA Light
Weight robot arm and could thus profit from sharing knowledge
about the arm’s capabilities.

We formulate three requirements necessary for reaching our
goal of sharing this kind of knowledge among different robots:

• Completeness: The reachability information shared by
the robot needs to be complete in the sense that it
is sufficient to fully reproduce the workspace of the
manipulator.

• Representation Efficiency: It should be efficiently
encoded for storage size, such that it can be transmitted
quickly over wireless networks.

• Uniqueness: The reachability information has to be
uniquely mapped to the manipulator hardware it
describes, to allow for efficient search.

In this paper we present a method to create discretized
reachability maps for service robots, with the goal to calculate
viable base poses for grasping tasks, and propose to store them
on a database to make them usable for other robots as well.

A. Related Work

The problem of estimating suitable base poses for reaching
tasks by discretizing the workspace of a mobile manipulator has
been investigated by several researchers in the past semi-decade.
One of the earlier publications to make use of a discretized
workspace in a similar way to the approach presented in this
paper is [2]. The basic idea is to discretize the workspace of
a robotic manipulator into discrete parts and fit primitives
describing the reachability of each part of the workspace.
One of the main goals is to find meaningful structures in
the manipulator’s workspace (so called capability maps) and
to find elements of the workspace which are well suited for
manipulating objects. The discretization of the workspace is
done by subdividing it into small cubes. Multiple rotations
are randomly sampled for each of these cubes, and the results
of the inverse kinematics are stored. In constrast, we use a
deterministic approach to sample rotations. As we will use the
word capability in a broader sense in this paper, we will call
maps of this kind reachability maps instead further on.

Another influential work on this topic is [4]. The authors use
a set of randomly selected base poses in order to learn a success
model for reaching towards a goal pose, taking into account
external parameters that influence the outcome of grasping
actions (e.g. the uncertainty of the robot’s self-localization and
the expected object pose). In contrast, in this paper we consider
the object position to be known in advance and do not require
learning phases for the grasping task.

The approach to estimating base poses from a discretized
reachability workspace described in sections II-A to II-C is
related to Diankov’s work in OpenRAVE1, described in [5, ch.
4.4]. Here, a kernel density estimation to cope with aliasing
effects from the workspace discretization is used. However, our
work differs in the discretization step in that it discards some
information to achieve a more efficient representation and in
the way these are used.

The authors of [1] use the method from [2] to capture a
manipulator’s workspace. Their main focus is on defining a
quality measure for the graspability of an object at a specific
pose, i.e. how well a specific pose is reachable by a robotic
manipulator. This way, they can find e.g. placement poses for
objects which are most suitable to manipulate these objects.

1http://www.openrave.org
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B. Contributions

As can be seen from the previous section, reachability maps
are useful for multiple tasks found in service robotics. In terms
of computation power, they also are very costly to generate.
Thus it makes sense to generate them once and share them in an
easily accessible way, as proposed in this paper. We consider
the main contributions of this paper to be as follows: The
integration of reachability maps for base pose estimation in a
distributed information system in order to share the workspace
information for cooperative tasks executed on different robots.
We further describe a space-efficient representation, annotated
with semantic information and provide a heuristic method to
make use of these.

II. APPROACH

A. Discretizing the Workspace

In order to efficiently reason about possible base poses for
grasping tasks, we first need to approximate the workspace
of the robot, which we call reachability map. This map will
describe the workspace usable by the manipulator. We follow
a somewhat common approach to achieve this (as it was used
in e.g. [5], [2]): Approximate the workspace as a cube with
the manipulator’s base in the center, then subdivide this cube
into smaller cubes according to a predefined resolution. For
selecting a set of evenly distributed orientations from the space
of rotations SO(3) for the end effector, the algorithm described
in [6] is used.

Having selected a set of 6D poses in this manner, we run
an inverse kinematics solver on each pose. Currently, there
are interfaces for two different IK solvers implemented; one
for using the analytical solvers generated by the OpenRAVE
framework, and another implementation that calls the ROS
inverse kinematics solving interface. All data visualizations
shown in the rest of this paper were generated using data
supplied by the ROS IK interface, and the the experiments
presented in section IV made use of it as well.

We represent the results (i.e. for each manipulator target
pose in the workspace, one binary value specifying whether
an IK solution could be found or not) as a bit vector. Note
that we thus discard the information on how many solutions
are found for each manipulator target pose, in contrast to
[5], in order to obtain a more efficient representation of the
workspace. Neither are the manipulator target poses stored
explicitly, though these can be reproduced using additional
parameters of the discretization step. We therefore store the
spatial and rotational resolution and the transformation matrix
for the transformation between the base and the manipulator
coordinate system in YAML format2 in a second file. The
bitvector is then compressed using the libbzip23 library and
stored, resulting a highly space-efficient representation (for
example, the file for storing the reachability map for the PR2’s
left arm in a resolution of 0.05 m and 576 rotations representing
76, 406, 976 poses, occupies only ∼ 112 kB of storage space).
Fig. 1 shows a visualization for the workspace for the left arm
of Willow Garage’s PR2 robot with a resolution (i.e. the side
length of the subdivision cubes) of 0.05 m and a workspace
side length of 1.26 m.

2http://www.yaml.org
3http://bzip.org

Depending on the chosen resolution, the computation time
required for this step are often quite extensive (i.e. in the order
of magnitude of multiple hours). Thus this operation is done
off-line only once and its results are then stored for later access.

B. Calculating Base Poses

From the discretization of the reachable workspace obtained
in the previous section, we can select possible base poses for a
given end effector target pose. Let p be the target end effector
pose, with rp being a quaternion representing its rotation in
SO(3) and tp = (xp, yp, zp) its R

3 position. Assume that tp is
given in a coordinate system whose z-axis is pointing upwards,
with its origin on the height of the floor (i.e. the world frame).

Our goal in this step is to find 6D poses marked as reachable
in the discretized workspace such that the inverse of the
transformation given by the considered pose is a suitable base
pose for the robot. We narrow down the search space in several
ways:

• Since the robot base can only be rotated around the
z axis, the rotation from the target base to a viable
target rotation in the discretized workspace likewise
must only be a rotation around the z axis. The rotation
axis can be easily determined from the quaternion
representation that is used for storing rotations. Thus,
rotations with rotation axis components for the x and
y components are filtered from the workspace.

• The height of the target pose zp defines the “slices” of
the reachability map we need to take into consideration.
As we are working with floating point numbers, we take
the two slices s1 and s2 of the workspace neighboring
zp such that s1 < zp < s2. The rest of the reachability
map is consequently not relevant for finding a base
pose for the given reaching task.

Subsequently the system iterates through the reachability
map filtered in this way, checking each candidate pose for
applicability. With T o

cand being the affine transformation corre-
sponding to the candidate pose under consideration and T base

torso

Fig. 1. PR2 left arm workspace. The green cubes represent a high, blue cubes
low number of different end effector rotations.

Proceedings of the 13th International Conference on Mobile Robots and Competitions 
April 24, 2013. Lisbon, Portugal

© 2013 IEEE 

Robotica 2013 was organized under the IEEE Robotics & Automation Society Technical Co-Sponsorship 
978-989-97531-2-9

129



being the homogenous 4x4 transformation matrix from the
robot base to coordinate system of the manipulator workspace,
the base pose is:

Tbasepose = Tp · (T base
torso · T o

cand)
−1 (1)

The resulting transformation matrices represent a set of possible
base poses to fulfill the reaching task.

C. Kernel Density Estimation

The base poses from the previous step could directly be
used for manipulation tasks. However, as they are based on the
workspace discretization, they are limited to the discretization
resolution. Thus, coarse workspace discretizations will give less
possible base poses than finer discretizations. Further, in order
to assess different base poses for their adequacy for reaching to
the target pose, we need to define a measure for this adequacy
first. A reasonable approach to assign a base pose a quality
measure in this context is to count the number of different base
rotations from which the robot can reach towards the goal.

To compensate these problems, the result of this step will
be a weighted map of possible 2D positions and orientations,
created from an estimation of the continuous probability
distribution for the base poses estimated. The weight of each
pose will encode its adequacy for reaching towards the target 6D
pose p. To create such a representation, one option is to create
a histogram on the base poses from the previous section. As the
underlying reachability map is discrete, we need to account for
aliasing effects that will occur, though. Like [5], we therefore
chose to apply a multivariate kernel density estimation method
(e.g. [7]) to estimate a continuous probability distribution from
a discrete set of values.

The possible base poses calculated in the previous step II-B
are used as observations as input to the kernel density estimation.
To efficiently estimate the kernel density, we adopted the nuklei
library4 (see also [8]). We extended the library to make use of
the following kernel definition.

To encode a robot’s base pose (translation in R
2 + yaw

orientation) in a multivariate density estimation, a product
kernel of the form as described is used (refer to [8] for a more
detailed description):

K(x;μ, σ) = L(xt;μt, σt)O(xt;μr, σr) (2)

L is the location kernel for positions in R
2 and O is the

orientation kernel, respectively. σt, σr is the bandwidth for
the translational and the rotational kernels, respectively. In the
current implementation, both kernel functions are referencing
a triangular shape function T (defined in the nuklei library)
using the euclidean distance for the position kernel and the
angular distance for the orientation kernel:

L(xt;μt, σt) = T
(
σt,

√
(xt − μt)2

)
(3)

O(xr;μr, σr) = T (σr, dang(xr, μr)) (4)

T (σ, d) =

{
0 if d > 2σ
1−d
2σ otherwise

(5)

4http://nuklei.sourceforge.net

Fig. 2. Kernel Density Distribution Visualization, based on the kinematic
properties of PR2’s left arm. The colors encode the number of orientations
that allow to reach to the origin (blue means the robot cannot reach the target,
purple represents positions with various feasible orientations). The plot shows
the weights for different orientations of the robot at the marked base position.

with xt and μt being positions in R
2, and xr and μr

being rotations around the world coordinate system’s z axis.
dang(α, α

′) is the minimal angular distance between α and α′.
The choice of a triangular shape function as opposed to e.g. a
Gaussian kernel function is motivated by a faster evaluation.

A common question when applying kernel density estima-
tion methods is the selection of the bandwidth parameter σ. As
we want to mitigate potential aliasing problems originating in
the discretization of the workspace, it is sensible to make the
bandwidth depending from the resolution of the reachability
map.

An exemplary visualization for the result of this estimation
is given in Fig. 2. In the main image, the possible base positions
on the floor are represented. They are graded by the adequacy
(as defined above) for reaching towards the center of the image,
pointing to the right at the height of the arm base. The graph
shown in Fig. 2 illustrates the weights for different orientations
at the marked position.

D. Selecting Base Poses

Having acquired the base pose distribution as described in
the previous section, there are several ways to generate a base
pose for the grasp action. The main problem to cope with is
that a discretization of the rotational space, used in section
II-A, is finite, whereas the space of possible target orientations
for the end effector is not. Thus there are possible target end
effector poses where the orientation is not well represented in
the discretization of the rotational space, increasingly so on
more coarse workspace discretizations. It is therefore necessary
to allow for differences between the given target orientation
and the available rotations in the reachability map. Note that
this will lead to result false positives, i.e. base poses from
which the target cannot be reached.
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Random Sampling: The base pose distribution suggests
a straightforward solution for finding a viable base pose
by weighted sampling, also used in [5]. I.e. to determine
a viable base pose one can select a position by weighted
sampling from the 2D position distribution first (e.g. by inverse
transform sampling), then likewise draw an orientation from the
orientation distribution at the chosen position. This allows for
an efficient, stateless sampling of many potential base poses, but
will be sub-optimal on a real robot when a low-weighted pose
is chosen. Also, commonly used navigation and localization
methods working on real sensor data are not guaranteed to
exactly achieve a given target pose, but will typically reach the
goal only within a certain margin.

Scored Sampling: The discretization of the workspace
might lead to problems at the borders of the base pose
distributions. Thus a more pragmatic heuristic would be to take
the environment of candidate poses into account. We found the
following heuristic to significantly increase the success rate: A
set of n base pose candidates c1, . . . , cn is randomly sampled
as described in the previous paragraph. Each candidate pose
gets a score s(ci) which is the product of the score st(ci) for its
translational component and sr(ci) for its rotational component.
The scores depend on the weights of the neighbors for both
cases; i.e. st(ci) is the sum of scores for ci’s neighbors in
position inside a certain radius. sr(ci) is the sum of scores
for the orientation weights around the sampled orientation.
Note that the scoring process can also be easily extended to
incorporate features like the distance to the nearest obstacle or
a learned success rate.

To make sure only valid base poses (i.e. those that are
not inside a wall or other obstacles), are generated from
the base pose distribution we need to merge it with a map
of the environment. In most robotic systems in use today,
a 2D occupancy grid generated by a SLAM process is the
representation of choice for those maps (see e.g. [9]). Because
the occupancy grid map is used for navigation and localization,
the base pose distribution obtained in the previous step needs
to be aligned to it in terms of orientation and scale. This is easy
to achieve with the kernel density estimation, as mentioned in
the previous section.

As the kernel density estimation resulted in an approxima-
tion of a continuous probability distribution for viable base
poses, we can sample it with the same resolution as any given
occupancy grid map. Merging the grid map o with this base
pose distribution d is then straightforward using the product
rule.

III. SHARING REACHABILITY MAPS

The RoboEarth project, described in [10], aims to provide
a platform to share and exchange knowledge among robots.
Among the information shared are descriptions of objects
(e.g. feature descriptors for object detection), environments
(semantic descriptions as well as occupancy grid maps) and
robot descriptions (capabilities and components). Its backbone
is a Apache Hadoop-based database, accessible via the world
wide web5. The language used for describing the knowledge to
be shared is based on the W3C standard OWL, and is described
in [11]. Every piece of data stored on the database is annotated

5http://api.roboearth.org

Individual:
<http://www.roboearth.org/kb/amigo.owl#AmigoArmLeft>

Individual: ReachabilityMap_11_07_29_15_08_35_185
Types:

ReachabilityMap

Facts:
providesReachabilityMapFor
<http://www.roboearth.org/kb/amigo.owl#AmigoArmLeft>,

creationDateTime "11_07_29_15_08_35_185"ˆˆxsd:string,
workspaceCubeResolution 0.05f
workspaceQuatResolution 0.25f
workspaceApproxReach 1.26f

Fig. 3. OWL annotation for the reachability map of the AMIGO [15] robot’s
left arm.

with a semantic description using this language. A Sesame
server [12] is integrated into the database, so that semantic and
taxonomic queries formulated in the SeRQL query language
[13] can be answered.

A. Storage in the Database

Robots and their capabilities are described by the Semantic
Robot Description Language (SRDL, [14]) in our system.
Compared to e.g. URDF (Unified Robot Description Format6)
from the ROS framework, SRDL allows describing a robot’s
hardware parts in terms of its meaning and the capabilities it
enables for the robot. As described in [11], it enables reasoning
about the capabilities of a given robot platform in a specific
situation, and inferring missing requirements to fulfill a specific
task.

We store the binary reachability map file in the database,
along with an annotation referring to the semantic robot
description of the robot to allow searching using SeRQL queries.
Fig. 3 shows an example of such an annotation.

This representation enables an effective sharing and ex-
change among robots. We show that by comparing its properties
with the requirements formulated in section I:

• Completeness: The reachability maps represent a
discretized version of the workspace with a given
resolution. The experiments in the following section
show that this approximation is sufficient to use for
base placement tasks.

• Representation Efficiency: The choice of a compressed
bit vector for representing the workspace results in
file sizes in the order of magnitude of several hundred
kilobytes. Files of this size can be transmitted over
wireless networks in a matter of seconds.

• Uniqueness: While there can be multiple reachability
maps for the same manipulator stored in the database,
which might differ in resolution or only time of
creation, every one is annotated with the manipulator
ID and fulfills the uniqueness criterion.

Currently, there are multiple reachability maps for the PR2
and the AMIGO robot stored in the database.

6http://www.ros.org/wiki/urdf
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B. Base Pose Correction for Manipulation Tasks

The small size of the workspace discretizations together with
the expressive semantic description in the database allows for an
efficient retrieval on demand during run-time. We make use of
this circumstance in the integration of a failure handling method
for manipulation tasks in the execution framework described in
[16]. To recap shortly, abstract task descriptions are described
in terms of OWL classes and instances which can refer to
semantic descriptions of objects, robot descriptions etc. The
task descriptions are translated to an executable robot plan in the
robot plan description language CPL [17], based on Common
Lisp. During execution, the sub-actions forming the execution
plan are annotated with the OWL identifiers of the objects
involved: e.g. the robot manipulator in manipulation actions,
or the object class identifiers in object detection subtasks.

Manipulation tasks are prone to failure, in our experience,
often due to an inability of the robot to reach to the target pose
because of localization or navigation issues. We implemented
a straightforward failure handling method to compensate for
these problems making use of the database and the efficient
workspace representation described in the previous sections.

If during task execution an error condition is signaled that
represents an “cannot reach target pose” error, the implemen-
tation poses a SeRQL query to the database using the robot
manipulator OWL id to retrieve a workspace discretization
file. The query has the following form (namespaces have been
omitted for conciseness):

SELECT source FROM CONTEXT source {S}
rdf:type {re:ReachabilityMap};
re:providesReachabilityMapFor {amigo:AmigoArmLeft}

USING NAMESPACE re=..., amigo=...

If no suitable workspace file is found, the action fails.
Otherwise, a base correction pose is selected with the scored
random sampling approach described in section II-D and the
manipulation action is started again.

IV. EXPERIMENTS

A. Base Pose Estimation Method

This experiment tries to compare the base pose estimation
method described in section II-D. The open source driver
implementations for Willow Garage’s PR2 robot were used to
simulate the robot during the trials. For each method, 1000
base poses were selected, with a reaching target in the origin of
the world coordinate system and a random height offset and a
random end effector orientation. After the robot was teleported
to one of these base poses, the inverse kinematics solver was
called to move the manipulator to the reaching target. A try
was considered successful if the manipulator could be moved
to the target pose.

Table I shows the results for both methods and several
workspace resolutions. The resolution is given as the side
length of the cubes and the number of sampled rotations (see
section II-A) It demonstrates that the voted sampling approach
described in section II-D has a significantly positive effect
on the failure rate, when compared to the random sampling
approach. It also shows the impact of different resolutions for
the reachability maps; both the quality of the base estimation
and the difference between random and voted sampling decrease
with lower resolution.

TABLE I. BASE POSE SELECTION FAILURE RATES FOR DIFFERENT

WORKSPACE RESOLUTIONS AND DIFFERENT BASE POSE ESTIMATION

METHODS FOR THE PR2 ROBOT.

method translational res. rotational res. failure rate

Random Sampling 0.05m 576 rot. 0.179
Scored Sampling 0.05m 576 rot. 0.003

Random Sampling 0.10m 76 rot. 0.561
Scored Sampling 0.10m 76 rot. 0.116

Fig. 4. Comparison of base pose distributions for PR2 (left) and AMIGO
(right). Red stands for low, purple for a high density of base poses.

B. Use Case: Robotic Handover

In this section, the experiment for showing a use-case for
the approaches described in this paper is presented. Consider
as a scenario two robots with different manipulators, where
one robot is handing over an object to the other. To do so, both
need to move one of their manipulators to approximately the
same position. The problem is then to find base poses for both
robots from which they can reach the handover position.

The two robot platforms used are the PR2 robot and the
AMIGO prototype robot built by TU Eindhoven (described e.g.
in [15]). Fig. 5 shows a visualization of both robots during a
simulated handover. Because the AMIGO has a very limited
workspace due to the fixed installation of the arms (see Fig. 4
for a comparison), this combination is interesting for the task
at hand.

Fig. 5. PR2 (left) and AMIGO (right) during simulated handover with their
left arm, respectively
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As we do not have both robots in available for use, the
experiment is carried out in simulation. The experiment process
is as follows:

• A handover height h is chosen randomly, such that
there is at least one reachable pose in the workspace
of both PR2 and AMIGO at this height. The reachable
pose for the AMIGO is selected as pamigo. The target
reaching pose for the PR2 ppr2 is defined as having an
offset of −0.05 m in z direction, while its orientation
is rotated 180◦ around the z-axis.

• We generate base pose distribution maps for both target
poses, using the respective workspace discretization
for each robot. In order to avoid selecting base poses
such that both robots stand on the same place, the
distribution map for the PR2 is subtracted from the
one for the AMIGO and vice versa. For each robot,
10 base poses are then estimated from the base pose
distribution maps using the scored sampling approach
from section II-D.

The process is repeated 100 times. In our experiment, the
joint failure rate was 14.5%, where the rate for the AMIGO
was 14.2% and for the PR2 0.3%. The difference between the
failure rates for both robots lies in the fact that the validity
for the pose estimated for AMIGO is checked first. If the first
check fails, the trial counts as failed.

V. CONCLUSIONS AND FURTHER WORK

We presented a system that efficiently discretizes the
workspace of a robotic manipulator, and shares them to be
used by different robots. We also described methods making
use of them for estimating suitable base poses for reachability
tasks. Two experiments were provided to show the validity of
the approach, one of which was showing a possible use case
for the work described in this paper. Overall, the system allows
to discretize the workspace of a robotic manipulator once and
store it in a space-efficient manner on a database, thus allowing
an easy re-use for other robots or services.

A worthwhile idea for future work would be to integrate
OpenRAVE’s powerful ikfast [5] module, which allows gen-
erating analytical IK solvers from a manipulator’s URDF
description, onto the database servers. Using this module, the
system could discretize the robot’s workspace without requiring
redundant information given by the user. To help with providing
the semantic information necessary for the database, there are
tools that are able to convert a URDF robot specification to a
basic SRDL description.

We also strive for a deeper integration of the system into
the knowledge representation framework, e.g. to be able to
automatically infer that downloading the reachability map is
necessary by integrating the system to make use of the capability
matching using semantic robot descriptions described in [11].
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