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Abstract. Communication is part of our everyday life and our ability
to communicate can have a significant role in a variety of contexts in our
personal, academic, and professional lives. For long, the characterization
of what is a good communicator has been subject to research and debate
by several areas, particularly in Education, with a focus on improving
the performance of teachers. In this context, the literature suggests that
the ability to communicate is not only defined by the verbal component,
but also by a plethora of non-verbal contributions providing redundant
or complementary information, and, sometimes, being the message itself.
However, even though we can recognize a good or bad communicator,
objectively, little is known about what aspects – and to what extent -–
define the quality of a presentation. The goal of this work is to create
the grounds to support the study of the defining characteristics of a good
communicator in a more systematic and objective form. To this end, we
conceptualize and provide a first prototype for a computational approach
to characterize the different elements that are involved in communication,
from audiovisual data, illustrating the outcomes and applicability of the
proposed methods on a video database of public speakers.

Keywords: Verbal and non-verbal communication · Computational
methods · Posture · Facial Expressions · Voice

1 Introduction

Communication is inherent to human life, only through communication humans
can interact with each other and exchange ideas and experiences. Nowadays, the
capability to communicate well in public is a very important competence at the
professional, academic, and personal levels.
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Literature suggests that the ability to communicate is not only defined by
the verbal component, but also by a set of non-verbal components since many
non-verbal aspects provide redundant and/or complementary information. The
literature also suggests that through the body, gestures, facial expressions and
voice variations, the audience can identify several social characteristics such as
competence, dominance, confidence, and others [13].

The subject of communication skills, such as in public speaking contexts,
has been a topic widely studied in various areas, notably, in Education, for its
relevance as a core element for the dissemination of information and knowledge.
However, the advances made, through the years, about what explains good or
bad communication skills has yet to reach a wider audience that could profit
from it, mostly due to a arduous translation from theory to practise. One of the
reasons is that researchers are often faced with a difficulty in objectively testing
their hypotheses regarding the driving factors for good or bad communication
due to a lack of a more quantitative setting for their research. This is where
computational approaches may help. To achieve this, and as part of a long-term
effort to advance the research on communication skills, the main goal of the work
presented here is to bring forward a framework supporting increased objectivity
in the study of communication in public, specifically by:

– Selecting, based on the literature, which aspects (channels) are most rel-
evant in human-human communication, particularly those that have been
described as having a notable impact on public communication;

– Proposing a set of computational methods describing the actions and con-
tents present in the different communication channels identified.

– Complementing and annotating, through the proposed methods, an existing
audiovisual database focusing on the study of speakers’ performance.

The remainder of this paper is organized as follows: Section 2 presents a brief
overview of research focusing public communication, and summarizes a wealth
of notable datasets and libraries deemed relevant for the study and extraction
of features from different communication channels. In Section 3 the methods
proposed for the computation of different features from the selected channels
are described along with a summary of the resulting data and information .
Then, in Section 4, the methods are illustrated by applying them to an exist-
ing dataset of public speaker videos, a context for which communication skills
assume a paramount role. In Section 5, we present a conclusion regarding the
work developed and a discussion about the possible paths to advance and take
advantage of the proposed approach.

2 Related Work

Human-human communication is not just about words. Although verbal com-
munication is the main form of communication between humans, nonverbal be-
haviour (e.g., facial expressions, gestures, and body posture) has a very impor-
tant role in communication. The information conveyed through these different
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channels may serve a wide variety of purposes, whether to explicitly reinforce or
complement the message, as the message itself, or, inadvertently, as a barrier to
its correct perception.

According to the literature, human beings seem to use expansive and open
postures (becoming bigger and taking up more space) to project signs of power,
confidence and assertiveness [12, 10]. On the other hand, counteractive and closed
postures (minimizing occupied space and shrinking body) project signs of pow-
erlessness and low confidence. The literature also states that during commu-
nication, humans use broad gestures and expansive body postures to project
dominance.

Also, human beings usually produce gestures while talking. According to the
literature (e.g., [15]), such gestures are actions that are directly related to the
lexical and semantic content and are particularly suited to reinforce or comple-
ment the message being conveyed. The literature also states that gestures are a
crucial element for speakers, as they help to expose ideas and retrieve content
that is difficult to memorize [30].

On the other hand, facial expressions can transmit countless emotions with-
out saying a single word, and unlike some forms of nonverbal communication,
they are universal. Thus, facial expressions are one of the most important as-
pects in human communication since they can convey the speaker’s emotional
state, but also intentions, through facial muscle movements, such as wrinkling
eyebrows or lifting lip corners. However, facial expressions are not the only ones
with an important role in nonverbal facial communication. The posture of the
head and the direction of the gaze are equally important indicators of commu-
nicative intention, since they influence the level of perceived naturalness and
competence [24, 14].

In the contrast between verbal and non-verbal communication, literature
pertaining to the verbal side states that the human being not only infers the
meaning conveyed but also the way in which this is done (e.g. [19]). In this sense,
prosodic clues are an integral part of human communication. Also, the literature
states that there are a number of features present in audio resources that have

been widely considered to understand how voices are heard and interpreted.
These characteristics include, for example, volume and its variations, duration
of speech, duration of pauses, consideration of a restricted lexical field (use of a
group of restricted words), among others [11].

Attention to public speaking has risen, in recent years, as a valued per-
sonal communication skill and computational technology has echoed such at-
traction. The research community has been creating several datasets to provide
the grounds to support a more systematic study of public speaking performance
such as, for example, [7], [26], [10] and [5]. The present work is supported on a
new dataset of 36 (18F+18M) public speaker videos. This dataset aims to es-
tablish the best social inference predictors of communicative performance. The
dataset is based on thin-slice videos (30s to 50 seconds) of Portuguese TEDx
orators, which were viewed by 97 participants asked to evaluate, for each video,
using a visual analog scale, the emotion elicited by the presentations, first impres-
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sions (e.g., competence, warmness, confidence), and the perceived importance of
several nonverbal features (e.g., gestures) on such judgments.

Considering the available datasets, one of the challenges pertains how to take
the most out of the resources they provide, particularly in a way that does not
loose complete sight of the theory gathered through the years to enable establish-
ing parallels and test hypotheses. One of the most challenging aspects motivating
this work is precisely the lack of a more objective knowledge about which aspects
of the speaker’s performance are influencing how the message is perceived and
grasped. The assessments about who is a good or bad communicator are often
based on the expertise of communication specialists and the subjective nature of
their feedback, due to a lack of a more quantitative framework to support them,
makes it difficult to understand what aspects – and their level of importance

– influence the audience. Although there are several characteristics in both ver-
bal and non-verbal communication that have been pointed out as relevant, a
more systematic and quantitative approach is necessary in the improvement of
studying the communication process.

In this regard, it is also important to note that the consideration of machine
learning methods to build a system capable of discriminating between a good
and a bad communicator is a natural goal, in the long-run, for this research.
However, at this stage, we are mostly interested in adopting a framework that
enables an exploratory analysis of how well we can compute features to express
concepts as expansiveness, in tight collaboration with communication experts.
By doing this, we hope to first create the basis for a greater multidisciplinary
insight over the communication process and build a set of meaningful features
that will contribute to the explicability of future machine learning approaches.

Considering the different channels that can be used to communicate, verbal
and non-verbal, it is necessary to gather features allowing a computational
description of their contents supporting further computational approaches to
focus on the study of communication. In this regard, several technologies and
software libraries can be considered.

Observations performed during the communication process allow the extrac-
tion of the necessary data for the analysis of body posture, movements and ges-
tures, via some alternatives such as Kinect Skeletal Tracking[29], ArtTrack[16]
and DeeperCut[17]. However, the OpenPose[3] library was presented in April
2017, which revolutionized the field of visual computing. Taking video frames as
input it allows the detection and collection of values at two dimensions of the
main parts of the human body in a total of 130 keypoints, 15 or 18 for the body,
21 for each hand, and 70 for the face.

For the extraction of facial data a few libraries have been considered, such
as Menpo [21], LEAR [20], and OpenFace 2.0 [1]. From these, OpenFace 2.0,
an open source library, provides the wider range of features. It detects face
landmarks, head position, gaze direction, and enables recognizing the activation
and intensity of several key elements of the face (Action Units) enabling a more
detailed study of facial activity.
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The tools OpenEAR [8], SPAC [22], and Praat [2] are some examples of
what can be considered for processing and analysis of the audible component
of communication. As an alternative to these, OpenSMILE (The Munich open-
Source Media Interpretation by Large feature-space Extraction) [9] is strongly
used by the community of researchers in the areas of voice and emotion recogni-
tion, and MIR (Music Information Retrieval). It is a flexible and modular library
for signal processing and machine learning applications. Regarding voice related
resources, OpenSMILE, allows the extraction of Mel Frequency Cepstral Coeffi-
cients MFCCs, Pitch, Jitter, Energy, Intensity, Zero crossing rate and others.

3 Computation Approach to Study Communication Skills

In order to better understand the phenomenon of communication at the different
levels of the communication channels, a set of methods was developed that allow
a computationally-based description of what happens in each of these channels
(see Figure 2. In this regard, the literature on the assessment and discussion of
comunnication skills provided clues regarding which aspects could be considered.
Two processing stages were considered: the first, focused on obtaining low-level
characteristics e.g., wrist position, over time, describing what happens in each of
the channels; the second carried out the transformation of these characteristics
into high-level annotations (e.g., from hand movement coordinates into “rising
hand”) with the aim of allowing greater readability and better identification of
relevant activities, so that they may encompass the different levels of study and
the multidisciplinary nature of the research team.

(a) (b)

Fig. 2: On the left, identification of the different sources of communicative content
(channels) considered for this work. On the right, identification of the skeleton key
points considered to infer different measures describing posture, gestures, and head
orientation.
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3.1 Features per communication channel

According to Koppensteiner et al. [18], horizontal and vertical body movements
affect the formation of impressions in a different way. Similarly, and according to
Carney et al. [4], expansive and open postures project signs of power, dominance,
confidence and assertiveness, and on the other hand, counteractive and closed
postures project signs of impotence and low self-esteem. In this way and, using
OpenPose, the key points of the skeleton were extracted. These were then used
to compute several features characterizing communicator performance.

Human’s face is another indicator of communicative intention. Facial muscle
movements (Action Units), such as wrinkling eyebrows or lifting lip corners and
head postures, are very important aspects in communication, since they influence
the level of perceived naturalness and competence. In order to that, we extracted
values related to head posture (pitch and yaw), , and the activation and intensity
of Action Units using Openface.

Last but not least, variation of intensity, duration of speech, duration of
pauses and pitch have been investigated in order to assess the voice. However,
prosodic characteristics also become one of the pillars of the recognition of para-
linguistic traits [6]. In this sense, with the use of Opensmile a set of features
deemed relevant, based on the literature, e.g., [25], such as speech intensity, en-
ergy, pitch, jitter, loudness, and MFCCs and voice activity detection (VAD) [23],
were extracted.

3.2 High level features and annotations

Once the low-level descriptors associated with each of the identified communi-
cation channels were extracted, we transform these data into high-level anno-
tations in order to give them better readability and an easier identification of
relevant activities. In this sense, the high level annotations that we provide con-
cern: posture, head movements, emotion (as expressed by the face), horizontal
and vertical gestures of the harms and hands, and, also, related to the voice,
moments of silence/voicing and variation of the audio intensity.

Hand gestures and head position — we use the same approach based on
assessing the variation of the relevant keypoints in each sequence of ten frames.
Table 1 summarize all the annotations considered and indicates which values are
used to set each annotation.

Horizontal and vertical expansiveness — The amplitude of the horizon-
tal movements is obtained by adding the distance between the neck (kx1) and
the left wrist (kx7) and right kx4. H(x) = |kx1− kx4|+ |kx1− kx7| (1).

The amplitude of the vertical movements is obtained by adding the distance
between the neck (ky1) and the left wrist (ky7) and right ky4. H(y) = (kx4| −
ky1) + (kx7− kx1) (2).

Occupied area — To calculate the area occupied in each frame the values
of Kxmax, Kxmin, Kymax and Kymin from the human body are obtained. For
these values, we check which key points represent the minimum and maximum
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Table 1: On the left, criteria used to perform high level annotation of gestures and
head position; on the right, the action units considered to infer the emotion expressed
by the speaker.

Annotation
Criteria (10
frames)

Head Moving Right ∆Yaw > 0

Head Moving Left ∆Yaw < 0

Head Moving Up ∆Pitch < 0

Head Moving Down ∆Pitch > 0

Approach Hands ∆Wrists < 0

Separate Hands ∆Wrists > 0

Arm Going Down ∆Ywrist > 0

Arm Going Up ∆Ywrist < 0

Emotion Action Units
Weight

50% 25% 12.5%

Fear AU 1 AU 5 AU 25

Happy AU 12 AU 6 AU 25

Sad AU 1 AU 4 AU 17

Angry AU 25 AU 4 AU 9

Surprised AU 26 AU 17 AU 2

Disgust AU 9 AU 7 AU 4

values for axes (X) and (Y) in each frame. A = |Kxmax−Kxmin| × |Kymax−
Kymin| (3)

Figure 3 illustrates the annotation of “Head Moving Right” in a sequence of
frames, since the head’s yaw increases over the interval.

Fig. 3: Characterization of head movement: illustration of yaw variation and key video
frames associated with head movement from left to right.

Emotion from facial expression — in each moment of presentation we
used a simple approach based on action units intensities. Firstly, based on [28,
27], we selected the three most frequent action units present in each emotion:
fear, happy, sad, angry, surprise and disgust, as depicted to the right of Table 1,
ordered from left to right according to their predominance.



8 F. Barros et al.

Then, for each emotion is attributed a numerical value based on the intensity
of the action unit and weight of predominance. Finally, we select the emotion
with the highest value, but, if the value is lower than a threshold devised empiri-
cally, during development, we attribute the neutral emotion. Figure 4 illustrates
how the emotional state of “Happy” is attributed to a speaker.

Fig. 4: Determination of emotion from facial expressions: the intensity for each emotion
is determined, over time, based on AU activation, and the most intense is chosen.

Voice activity and intensity — Based on the VAD probability values, we an-
notate moments of silence and speech (VAD > 0). Additionally, we also annotate
voice intensity variations by using both the VAD and Voice intensity values ex-
tracted. For that purpose, we calculate the average of the intensity excluding the
intervals marked as silent. Then, we consider that there is an increase in voice
intensity at all moments for which the intensity is above average.

All the computed low-level descriptors along with the determined annotations
and activities are stored in JSON file to facilitate, e.g., exporting the data into
other tools implementing the computation of different high-level features.

4 Results

The methods presented in this paper include a large set of data and informa-
tion considered relevant for the characterisation of the different communication
channels. In this sense, it was considered important to propose a visualization
tool that would also support the analysis of the contributions of this work by re-
searchers from other areas, e.g., Education and Psychology, to favour exploratory
analysis of the dataset and harness expert insights in finding synergies between
the computed measures and observed speaker behaviour. So, we propose a tool
that performs the overlay of the computed data and information sets, on video,
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Fig. 5: Illustration of the software tool created to enable a visualization and analysis of
the extracted information along the videos.

in real time. Figure 5 illustrates the visualization tool developed, where the com-
puted data and annotations (e.g., intensity of the Action Units and gestures) are
overlayed on the video stream.

This paper proposes an approach to obtain a set of data describing the ac-
tivity in each communication channel, from digital audio and video, providing a
first level of quantitative support for an exploratory study about understanding
the communication with the adoption of computational methods.

4.1 Illustrative Application Example

To illustrate how the outcomes of the work presented in this article may support
shedding some light over the study and impact of communication skills, we
present an example of using the outcomes of the proposed methods to explore
how the “Occupied Area” annotation might relate with the perception of good
or bad communicators..

According to the literature, and as previously mentioned, more expansive and
open people project signs of confidence and assertiveness. Thus, using the data
computed for the occupied area, described by its (mean, standard deviation,
maximum and minimum), unsupervised machine learning methods, concretely
Agglomerative Clustering, were applied in order to distribute the speakers of
the video dataset considered in this work. Thus, we obtained the distribution of
the speakers, relative to the occupied area, during their presentation, in three
groups, as illustrated in Figure 6.
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Clusters Area Conf. Assert.

C1 27% 61 57

C2 30% 51 50

C3 37% 49 48

Fig. 6: Illustrative example considering the computed occupied area for clustering
speakers and its relation with first impressions annotated by participants: on the left,
resulting dendrogram, considering Ward’s distance; on the right, average scores for
computed occupied area, and corresponding annotated confidence and assertiveness.

Then, the average human provided annotations for confidence and assertive-
ness (part of the dataset) were computed, for each of the groups, as shown in
Fig. 6.

With this basic approach and by relating the clustering with the human anno-
tations available on data set, we have some evidence that audiences do not seem
to interpret confidence and assertiveness solely based on expansive/constrained
(larger/smaller occupied area) postures, hinting on the paramount importance
of an understanding of the synergies among the multiple verbal and nonverbal
components of communication. The work presented here is, in our opinion, a
relevant first step towards that goal.

5 Conclusions

Given that public communication is an area that is still very little explored,
this work has managed to make a positive contribution to its progress. Based
on the literature, and since it is noticeable that communication is multimodal,
i.e., a mix of the contents of several channels, it was possible to select a set of
characteristics present in verbal and non-verbal communication that are deemed
to have a relevant impact on human communication, in public.

Through the use of different computational tools, we successfully extract a set
of elements for the characterization of multiple nonverbal features playing a role
in human-human communication involving the body, face, and voice. Through
these, it was also possible to implement some methods to annotate activities
considered relevant that facilitate the description and interpretation of a set
of actions/contents occurring during communication (e.g., raising the harms).
While the proposed methods have been illustrated over a particular audiovisual
dataset, they are applicable to any other videos of communicative tasks, although
limited to a single speaker. In the future, our goal is to generalize our approach
to encompass multiple speakers at the same time, such as in a conversation.

Interestingly, the simple application example presented, albeit preliminary,
hints that some of the theoretical aspects for communication skills assessment
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need to be further explored, since a direct relationship between expansiveness,
as represented by the occupied area, and the perception of assertive/confident
speakers, as annotated by a human audience, does not stand out.
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