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a b s t r a c t
We address the problem of tracking continuous levels of a participant's activation, valence and dominance during
the course of affective dyadic interactions, where participants may be speaking, listening or doing neither. To this
end, we extract detailed and intuitive descriptions of each participant's body movements, posture and behavior
towards his interlocutor, and speech information. We apply a Gaussian Mixture Model-based approach which
computes a mapping from a set of observed audio–visual cues to an underlying emotional state. We obtain promising results for tracking trends of participants' activation and dominance values, which outperform other
regression-based approaches used in the literature. Additionally, we shed light into the way expressive body language is modulated by underlying emotional states in the context of dyadic interactions.
© 2012 Elsevier B.V. All rights reserved.

1. Introduction
Human expressive communication is characterized by the continuous interplay of multimodal information, such as facial, vocal and bodily
gestures, which may convey the participant's affect. The affective state
of each participant can be seen as a continuous variable that evolves
with variable intensity and clarity over the course of an interaction. It
can be described by certain continuous attributes (dimensions): activation, valence and dominance. Activation describes how intense is the
emotional experience, valence describes the level of pleasure related
to an emotion, and takes positive and negative values for pleasant and
unpleasant emotions respectively, while dominance describes the
level of control of a person during an emotional experience. This approach was introduced in psychology research based on evidence that
humans may perceptually use such a representation to evaluate emotional situations [1–3]. It may also be a more generic way to classify
emotions, especially for emotional manifestations that may not have a
clear categorical description.
This work addresses the problem of continuous tracking of activation,
valence and dominance, when they are considered to be continuously valued. Our goal is to obtain a continuous description of each participant's
underlying emotional state through the course of an improvised dyadic
interaction. Our experimental setup is generic; participants express a
wide variety of emotions that are not pre-deﬁned but are elicited through
their interaction, and have varying roles throughout the performance
☆ This paper has been recommended for acceptance by Hatice Gunes and Bjoern Schuller.
⁎ Corresponding author. Tel.: +1 2139052659.
E-mail addresses: metallin@usc.edu (A. Metallinou), nkatsam@sipi.usc.edu
(A. Katsamanis), shri@sipi.usc.edu (S. Narayanan).
0262-8856/$ – see front matter © 2012 Elsevier B.V. All rights reserved.
http://dx.doi.org/10.1016/j.imavis.2012.08.018

(speaker, listener, neither). This approach has the potential to shed light
into the temporal dynamics of emotions through an interaction and highlight regions where abrupt emotional change happens. These could be
viewed as regions of emotional saliency.
Our contributions could be summarized as follows:
1. We present a statistical framework to dynamically track the emotional
content that is displayed over time by participants of an interaction,
using bodily and vocal information.
2. We systematically examine how body language behavior is modulated
by underlying emotional states in dyadic interactions.
3. We discuss the data annotation design for continuous ratings,
which is a challenging problem in itself.
We apply a Gaussian Mixture Model (GMM) based methodology,
originally introduced in [4], to compute an optimal statistical mapping
between an underlying emotional state and an observed set of audio–
visual features, both evolving through time. Extending our previous
work [5], we formulate the emotion tracking problem at various time
resolutions, to investigate the effect of the tracking detail on the ﬁnal
performance. For our experiments, we use the USC Creative IT database
which contains detailed full body Motion Capture (MoCap) information
in the context of expressive theatrical improvisations [6]. We extract a
variety of psychology-inspired body language features describing each
participant's body language and relative interaction behaviors with respect to their interlocutor. We systematically examine the relevant
emotional content of each feature to select body language feature sets
tailored to each emotional attribute. In addition to emotion tracking,
our goal is to examine the way expressive body language is modulated
in order to reﬂect different emotional states. This allows us to revisit
qualitative psychological observations from a quantitative perspective.
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Finally, the data annotation design is an important part of the data
preparation, since continuous tagging is a challenging task and often results in low inter-evaluator agreement. Our annotation results show
that people tend to agree more on the trends rather than the absolute
values of emotional attributes. This suggests that humans ﬁnd it more
straightforward to deﬁne emotions in relative (e.g., more activated,
more dominant), rather than absolute terms (similar observations are
described in [7]).
Our experimental results indicate that we are better at tracking
changes in emotional attributes rather than the absolute values themselves, following a similar trend as the human annotations. Furthermore,
the proposed GMM based tracking method outperforms other examined
methods, in terms of correlation-based performance metrics (estimating
trends of attributes). For activation trends, the tracking performance is
close to human agreement, while for dominance we achieve encouraging
results. Body language seems to carry rich activation and dominance related information, reﬂected in features such as body and hand movements, orientation and approach–avoidance behaviors.
2. Related work
The use of dimensional representations of emotions has been
adopted by many researchers but typically the dimensional values
are quantized into discrete levels. However, a continuous representation may allow a more generic and ﬂexible treatment of emotions. Examples of work that avoid discretizing the emotional dimensions
include [8,9] where regression approaches, such as Support Vector
Regression (SVR), were used to estimate continuous dimensional attributes from speech cues of presegmented utterances.
Most of the existing literature, including works that focus on recognition of emotions as part of an emotion sequence [10,11], presegment the
time dimension into units for recognition, e.g., consecutive words or utterances. Few works have avoided segmenting the temporal dimension
and have addressed the problem of continuously tracking emotions
across time. For example, in [12] the authors present continuous recognition of the emotional content of movies using a Hidden Markov Model
(HMM) which classiﬁes dimensional attributes into discrete levels.
A relatively small amount of literature treats both time and emotion
variables as continuous. In [13] the authors describe a multimodal system to continuously track valence and activation of a speaker, using
SVR and Long-Short Term memory (LSTM) regression, with LSTM
being the best performing approach. Similarly, single-modality systems
were proposed in [14,15] using SVR and LSTM neural networks for regression to continuously estimate valence and activation values from
emotional speech. An unsupervised method for mapping the emotional
content of movies in the valence–activation space was proposed in
[16,17] using low-level audio and video cues. In our work, we propose
a supervised, GMM-based methodology to continuously track an underlying emotional state using body language and speech information.
The use of multimodal information allows for a more complete description of the expressed emotion, therefore many works utilize both
facial expressions and vocal cues [18,19], while an increasing amount
of recent literature investigates body language. In [20,21] the authors
use upper body language information along with facial expressions to
recognize emotions, while in [13] shoulder movement cues were used
along with facial and vocal cues for continuous emotion tracking. In
[22] authors investigate a variety of upper body descriptions of movement and symmetry in order to extract a minimal representation of affective gestures. Works that examine affective full body language
include [23] where authors advantageously use full body motion cues,
alongside facial and vocal information, and [24] where authors use features describing movement quality to classify basic emotional states. In
[25], authors use the setup of a body-movement-based videogame and
recognize emotions such as defeat, triumph etc., using MoCap derived
features. Few works have addressed body language behavior in the context of social interaction, for example the work in [26], that examines

dominance and synchronization phenomena during collaborative
social tasks, and [27] where measures of posture are used to examine
approach–avoidance behaviors during the interaction of two seated
participants.
Various body language feature sets have been proposed in the literature, ranging from lower-level features such as joint angles [25,28], to
more interpretable features such as distances and angles between body
parts [29,30] and this work, to higher-level posture and movement
properties (contraction index, smoothness/ﬂuidity of motion) [22,24].
An overview of various body language features in the literature can be
found in [31]. In this work we extract a large set of interpretable body
language features, which measure properties of a person's posture, motion, and body behavior with respect to the interlocutor. Although there
seems to be no standard feature set for body language, several body language features in the literature measure similar qualities. For example,
in [29] authors measure horizontal and vertical distances between a
subject's hands and shoulder, while here we compute the relative positions of a person's hands with respect to his torso.
Our work lies in the intersection of many of the above areas; we
address the issue of emotion tracking when both the emotion and
time dimensions are continuous, using full body language features
and speech information. Body language is examined in the context
of affective dyadic interactions. Additionally, our setup is generic;
the examined subjects are not restricted to produce speciﬁc emotions
or body gestures. On the contrary, through their improvisation a wide
variety of emotional states, body language gestures and interaction
dynamics are elicited in a naturalistic manner.
3. Framework overview
3.1. Overview
Fig. 1 presents a summary of our work. As illustrated in the left of
Fig. 1, our study relies on video, audio and MoCap data collected from
two actors engaged in emotional dyadic improvisations. The center part
of Fig. 1 describes the data processing, speciﬁcally the extraction of detailed body language and speech information from both participants, as
well as the data annotation. Data annotation was performed by multiple
human evaluators who were asked to continuously rate the perceived valence, activation and dominance levels of each participant during each interaction. The result is multiple emotional curves which are averaged to
provide the ground truth for further experiments. After these steps, we
have available for each participant various body language features xbody
extracted throughout the interaction, speech features xspeech extracted
from regions where that person is speaking, and the corresponding emotional curves y. The joint distribution P(x,y) is modeled using a Gaussian
Mixture Model (GMM), where x can be a visual or audiovisual feature
vector and y is one of the three emotional attributes. The conditional distribution P(y|x) is also a GMM. The GMM-based tracking approach consists of computing a mapping from the observed features to the
underlying emotional curve by maximizing the conditional probability
of the emotion given the features, e.g., y^ ¼ argmaxP ðyjxÞ. In the right
part of Fig. 1 we present an example of the resulting emotional curve
estimate.
3.2. Framework for continuous tracking of emotional states and emotional
changes
Let xt denote the vector of body language and speech observations at
time t of an interaction recording and yt be the underlying emotional
attribute, namely activation, valence or dominance. One way to predict
yt given xt would be by maximizing the corresponding conditional probability:
 


ðy;xÞ
y^ t ¼ arg max P yt xt ; λ
yt

ð1Þ
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Fig. 1. An overview of the work presented in this paper. From left to right we depict the data collection setting, the audio–visual feature extraction and data annotation processes, as
well as the GMM-based statistical mapping approach that we follow for estimating the emotional curves.

assuming a speciﬁc model λ(y,x) for two concurrent instantiations of x and
y. However, given the continuous nature of the involved variables, it
would be beneﬁcial to incorporate dynamic information in this estimation. This can be achieved by also jointly modeling the ﬁrst and second
temporal derivatives of yt and xt, denoted here as Δyt, Δ2yt and Δxt, Δ2xt
h
iT
respectively. By replacing yt with Yt ¼ yt ; Δyt ; Δ2 yt
and xt with
h
i
T
T
2 T T
Xt ¼ xt ; Δxt ; Δ xt , the optimal estimate y^ ¼ ½y1 ; …; yt ; …yT  of the

The conditional probability in Eq. (2) can be written as [32]:


ðY;X Þ
P YjX; λ
¼

∑

over all m
T

≈∏


 

ðY;X Þ
ðY;X Þ
P YjX; m; λ
P mjX; λ

ð5Þ

M

 

X
ðY;X Þ
ðY;X Þ
P Yt jXt ; m; λ
P mjXt ; λ

t¼1 m¼1

emotional ﬂow for the course of the interaction can be found as:

where m = [m1, …,mt, …,mT] is a sequence of mixture components
and:

 


ðY;X Þ
;
y^ ¼ arg max P YX; λ



ðY;X Þ
¼
P mjXt ; λ

ð2Þ

y

where X=[X1T,X2T,…,XtT,…,XTT]T is the sequence of the dynamic
information-augmented features and Y=[Y1T,Y2T,…,YtT,…,YTT]T the corresponding emotional attribute and its derivatives for the entire interaction.
Following the paradigm that was originally introduced for voice conversion [32], we consider the model λ(Y,X) of the joint probability of (Yt,Xt)
to be a Gaussian Mixture Model (GMM):

M
 X
h
i

 ðY;X Þ
ðY;X Þ
ðY;X Þ
T
T T
¼
a m N Y t ; ; Xt ; μ m ; Σ m
P Yt ; Xt λ


ð3Þ

(Y,X)
(Y,X)
with am, μm
and Σm
being each component's weight, mean and covariance respectively:

"
ðY;X Þ

¼

#
"
μ ðmY Þ
ðY;X Þ
ΣðmYY Þ
¼
;
Σ
m
ðX Þ
ðXY Þ
μm
Σm

#
ΣðmYX Þ
ðXX Þ :
Σm





ðY;X Þ
ðY Þ
ðY Þ
P Yt jXt ; m; λ
¼ N Yt ; E m;t ; Dm :

ð4Þ

ð6Þ

ð7Þ

and:
ðY Þ

ðY Þ

ðY Þ

ðYY Þ

ðYX Þ

E m;t ¼ μ m þ Σm Σ
ðYX Þ

ðXX Þ−1



ðX Þ
Xt −μ m ;

ðXX Þ−1

Dm ¼ Σm −Σm Σm

m¼1

μm



am N Xt ; μ ðmX Þ ; ΣðmXX Þ


M
ðX Þ
ðXX Þ
∑i¼1 ai N Xt ; μ i ; Σi

ðXY Þ

Σm :

ð8Þ
ð9Þ

Estimation of the underlying emotional ﬂow y^ for the entire utterance can ﬁnally be achieved based on Eq. (2) via Expectation Maximization as described in detail in [32,4]. The initial estimate is just the
Minimum Mean Squared Error (MMSE) estimate based on the conditional probability distribution (5) without using dynamic information. Due to the use of dynamic information in the estimations, the
ﬁnal estimate at each time instant ends up being affected by the
entire sequence of observations. It has been shown that in the case
of a single Gaussian Model the incorporation of derivatives in an
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analogous scenario corresponds to ﬁxed-lag Kalman smoothing [33].
The lag depends on the window length 2L − 1 over which the derivatives are approximated (second derivatives are computed by applying
Eq. (10) to the ﬁrst derivatives):
Δyt ¼



θ¼L
∑θ¼−L θ ytþθ −yt−θ
θ¼L

2∑θ¼−L θ2

:

ð10Þ

This scheme has been successfully applied for voice conversion
[32], lip movement–speech synchronization [34] and acoustic to articulatory speech inversion [4]. Speech inversion refers to the problem of recovering the underlying articulation during speech
production from just the observed speech acoustics. In a similar
way, herein, we are trying to recover the underlying emotional state
as it is represented by activation, valence and dominance from the observed body language and speech observations.
4. Database and annotation process
4.1. Database description
We use the USC CreativeIT database which is a multimodal database
that combines engineering and theatrical approaches [6]. It contains a
variety of dyadic theatrical improvisations and represents an opportunity to systematically study verbal and non-verbal expressions in affective
interactions. Performances are either improvisations of scenes from theatrical plays or theatrical exercises where actors repeat sentences in a
manner that conveys speciﬁc intent (e.g., accepting or rejecting behavior towards other). However, the actors were not instructed to produce
speciﬁc emotions. Instead, we expect a variety of emotional expressions
and interaction dynamics to occur as part of the performance. This design makes the emotional manifestations of the database especially
challenging to analyze, since they are more subtle and diverse. The theatrical design was performed by a theater expert (director/teacher), and
the participating actors were senior theater students, who ﬁrst had to
pass an audition. The performances were recorded under the guidance
of the theater expert in order to ensure high quality performances. Further data collection details can be found in [6].
The database contains multimodal information from the vocal and
body language behavior of the actors obtained through close-up microphones, Motion Capture (MoCap) cameras and HD cameras. Each
actor wore a special suit and 45 MoCap markers were placed across
his/her body, as illustrated in Fig. 2(a) and (b). The performances
were recorded by 12 Vicon MoCap cameras placed on the ceiling of
the recording room, as well as two HD cameras located at each corner
of the room. In this work we use data from 16 actors, 9 females and 7
males; 6 out of 8 dyads performed 6 improvisations, and the
remaining two dyads performed 7 improvisations, resulting in a
total of 50 improvisations. The extra improvisations were performed
after the theater professor's request, who judged that those dyads'

(a) Marker positions.

performances were excellent, and asked for an additional performance. Improvisations range from 2 to 10 min, while on average
about 40% of an improvisation contains speech from one of the two
participants. We capture audio–visual data from both actors in each
improvisation, therefore we have a total of 100 actor-recordings.
Our modeling is based on features which are extracted from MoCap
and speech information. The videos of the performances have only
been used for the data annotation process.
4.2. Annotation process
The CreativeIT performances contain a variety of emotional manifestations. Each participant's emotional state is mapped into dimensional
labels of activation, valence and dominance, which provide a continuous and generic description of the expressed emotions. Unlike speechcentric emotion databases (i.e., IEMOCAP [35] and VAM [8]), where it
is common to segment a conversation into sentences as basic units for
examining emotional content, in CreativeIT each performance is characterized by an unfolding ﬂow of body gestures. This makes segmentation
into sentences rather arbitrary. Therefore we decided to collect continuous annotations throughout each interaction, without segmenting the recordings, using the Feeltrace instrument, which allows real-time
continuous annotation of video content [36]. Annotations are collected
for each emotional attribute and for both actors of each performance,
by watching the corresponding video recordings.
The problem of emotional data annotation has been addressed in
other works including [25], where authors measure evaluator agreement through repeatedly comparing evaluator subsets, and [37]
where the notion of implicit annotation is discussed. Here, the continuous nature of the annotation task represents an additional challenge in terms of obtaining agreement. Furthermore, recordings are
long and require constant attention from the annotator, while the actors express a wide variety of emotions and have different roles
throughout the interaction (speaker, listener, neither). Consequently,
inter-annotator agreement is hard to achieve, as we observed in our
previous work using a subset of the CreativeIT data [5]. Similar challenges have also been reported in other engineering studies that use
continuous annotations [12], or examine expressive body language
using discrete labels [38,25].
For our current study, we recruited psychology students, most of
whom had previous experience in emotional annotation. Annotators
were further trained by a short instruction session where Feeltrace was
introduced and the deﬁnitions of activation, valence and dominance attributes were explained through examples. Annotators watched many
recorded performances in advance in order to get an idea of the data.
They performed their ﬁrst annotations multiple times to familiarize
themselves with Feeltrace and were later encouraged to perform each
annotation as many times as needed until they were satisﬁed with the
result. Since annotations are done real-time, there is expected to be a
person-speciﬁc delay between the time that an event happens and
when its emotional content is annotated. In order to reduce this delay,

(b) Actor wearing markers.

(c) Definition of body parts.

Fig. 2. The positions of the Motion Capture markers and deﬁnitions of the body parts used in feature extraction.

A. Metallinou et al. / Image and Vision Computing 31 (2013) 137–152

141

2.5
2

Activation Rating

1.5
1
0.5
0
−0.5
−1
−1.5

ground truth
−2
−2.5

annotations
0

1000

2000

3000

4000

5000

Time (frames)
Fig. 4. Example of activation rating by three annotators.
Fig. 3. Screenshot of the modiﬁed Feeltrace interface.

we modiﬁed the Feeltrace interface so that annotators can focus on one
attribute each time, rather than two attributes, as was initially proposed
in [36]. A snapshot of the modiﬁed Feeltrace interface for activation annotation is presented in Fig. 3. The annotation is performed by moving
the mouse, shown as a full circle, along the horizontal line, while
watching the performance video in a separate window.1 To further reduce person-speciﬁc delays, we also instructed annotators to watch
each video multiple times and have a clear idea of the emotional content
before starting the real-time annotation.
In Fig. 4 we present a segment of the activation annotations of an
actor provided by three annotators, and their average which is used as
the ground truth. Note that although annotators agree on the trends
of the activation curve (mean correlation of 0.67), and recognize pronounced activation events, they do not agree on the actual activation
values. Similar observations hold true for many of our obtained annotations. This suggests that people tend to agree more when describing
emotions in relative terms, e.g., whether there has been an increase or
decrease, rather than in absolute terms (an observation which agrees
with the literature, e.g., [7]). This motivated us to focus on the annotation trends, and to use correlation metrics, such as linear correlation,
to measure evaluator agreement and the performance of the emotion
tracking algorithms.
Seven annotators participated in total, rating overlapping portions of
the database, so that each actor-recording would be rated by three or
four people (88 out of the 100 actor-recordings were rated by 3 people).
For computing the annotator correlations we set a cut-off threshold for
deﬁning acceptable annotator agreement. For each actor-recording, we
take the union of all annotator pairs with linear correlations greater
than the threshold; this annotator subset is used to compute the
ground-truth for the corresponding actor-recording, by taking the average of the selected annotations. If no annotators are selected then we exclude that actor-recording from our analysis. Our threshold is empirically
set to 0.45, which results in selecting 80, 84 and 73 actor-recordings for
the activation, valence and dominance class respectively, out of 100 in
total (the rest were excluded from further analysis). The annotator
agreement measure is computed by ﬁrst computing the mean of the correlations between the selected annotators per actor recording, and then

1
Currently a one-dimensional version of Feeltrace is publicly available, in software
Gtrace [39]. This software became available when we were midway in our data annotation, and we decided to keep our own modiﬁed Feeltrace version for consistency.

computing the median over all actor recordings. Median annotator correlations reached 0.59, 0.62 and 0.60 for activation, valence and dominance respectively (these numbers are higher than the ones achieved
by our previous annotation effort [5]).
Our choice of averaging multiple annotations to provide ground
truth is a common approach in the emotion recognition community,
but could be problematic in cases when the actual attribute value is of
interest, since different annotators often have different internal rating
scales. Here we reduce the extent of this problem by focusing on the
trends of the average curve; the trends of the evaluator curves are not
affected as much by the mean operation and could be a more robust indicator of the underlying ground truth (see also Fig. 4). However, effectively fusing multiple annotators' subjective judgments is an important
research problem (e.g., see [40,41]), and a direction for future research.
Also, the issue of person-speciﬁc delays is a challenging issue and is
worth further investigation in the future, e.g., by means of targeted experiments measuring such delays among annotators.

5. Feature extraction and selection
5.1. Body language feature extraction
Our body language features are extracted from full body MoCap
data (the performance videos are only used for data annotation).
From now on, we will also refer to these MoCap features as visual features, since they are visually perceived. The choice of features is inspired by the psychology literature which indicates that behaviors
such as looking at the interlocutor, approaching, touching, as well as
body postures such as looking down, and hand gestures carry emotional information [42]. The features are extracted for each person,
and they are either absolute descriptions of a person's posture and
movement, or relative descriptions of his body behavior with respect
to his interlocutor (in the latter case data from both people are used
for the feature extraction).
In total, we examine 53 body language features, extracted at the
MoCap framerate (60 fps) and smoothed using a median ﬁlter. This
comprehensive feature set is summarized in Table 1, and may contain
correlated or redundant features; decorrelated feature subsets will be
later chosen through feature selection. Features are extracted in a geometrical manner from the positions of the MoCap markers, by deﬁning
global and local coordinate systems and measuring 3D distances, velocities and angles. These features are potentially informative either individually or in combination with each other. Our modeling framework
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Table 1
Body language features extracted from actor A during his interaction with actor B. Features are denoted as individual when they describe only A's movement and posture information, and as interaction features when they describe the relative movement and
posture of A with respect to his interlocutor B. Norm indicates that the corresponding
feature has been normalized per actor recording.
A's body posture (individual)
• A's velocity (see Fig. 5(b))
• Velocity of A's right/left arm

• Relative velocity of A's right/left arm
w. respect to A
• Relative velocity of A's right/left foot
w. respect to A

• Velocity of A's right/left foot
A's body posture (individual)
• A's body leaning angle front/back (see • Head angle, looking up/down
Fig. 5(d))
• A's body leaning angle right/left
• Distance between A's right/left hand
and A's chest
• A's body position in global coord. • Distance between A's right/left hand
system: x,y, norm z coordinates (see and A's right/left hip
Fig. 5(a))
• A's right/left hand position in A's local • Angle between A's right and left
coord. system: norm x,y,z coordinates hands
(see Fig. 5(a))
• Distance between A's right and left • Norm z coordinate of A's right/left
hand
knee (indicating kneeling)
• Angle of A's right/left hand with x -axis • z coordinate of A's right/left foot
in A's system (indicating
(indicating jumping)
• Arms crossed, see Fig. 5(e)
• Norm z coordinate of A's upper back
(indicating upward vs crouched
posture)
• Norm z coordinate of A's lower back
(indicating sitting down)
A's distance from B (interaction)
• A's distance from B
• Min.
hand
• Min.
hand

• Min. distance between A's right/left
hand and B's head
distance between A's right/left • Min. distance between A's right/left
and B's hands
hand and B's back
distance between A's right/left
and B's torso

A's velocity with respect to B (interaction)
• A's relative velocity w. respect to B (see • Relative velocity of A's right/left foot
Fig. 5(b))
w. respect to B
• Relative velocity of A's right/left hand
w. respect to B
A's orientation with respect to B (interaction)
• Angle of A's face w. respect to B (see • A's leaning angle towards or away
Fig. 5(c))
from B (see Fig. 5(d))
• Angle of A's body w. respect to B (similar • Position of A in B's coordinate system
to Fig. 5(c), but for waist coord. systems)

can exploit such feature relations, as explained in Section 6.1. The origin
of the global coordinate system is roughly the center of the recording
space, while local coordinate systems for each actor are deﬁned using
the four waist markers, as shown in Fig. 2(c). The positions of the various body parts are illustrated in Fig. 2(c). For example, one's center is
deﬁned as the average of the four waist markers.
Certain features are particularly inﬂuenced by person-speciﬁc bodily
characteristics. For example the z-coordinates of a person's upper and
lower back, which may reﬂect crouching and sitting are inﬂuenced by
the person's height. Therefore, features that are z-coordinate positions
are normalized by dividing by the actor's median height in each recording. Additionally, features that are (x,y,z) positions of hands in one's coordinate system are normalized by dividing by the person's median arm
length in each recording, measured by the median distance between
shoulder and hand markers. All normalized features are denoted as
‘norm’ in Table 1. Apart from that, we do not perform any normalization
of person-speciﬁc emotional variability, since our person-independent
setup does not assume any prior information about the expressive characteristics of a test subject. Normalizing for such person-speciﬁc emotion variability would be an interesting future direction.

Fig. 5 illustrates some example features. For instance, as shown in
Fig. 5(a), the position of one's center is measured in the global system
to describe his location, while positions of one's hands are measured
in his local coordinate system to describe his hand gestures. An
individual's absolute velocity is computed from the movement of his
center, while relative velocity is computed by projecting the velocity
vector in the direction between the two participants (Fig. 5(b)). A description of one's looking behavior relative to his interlocutor is computed from the angle between the orientation of one's head
coordinate system and the direction between the heads of the participants (Fig. 5(c)). A description of one's relative body orientation can
be obtained similarly by looking at the people's waist coordinate systems instead. In Fig. 5(d), the angle between a person's spine and his
local z-axis describes his leaning front/back behavior, while the angle
between one's spine and the direction between the centers of the participants describes relative leaning behavior (towards/away). The angles of one's arms with his local x-axis, describe hand position and
indicate arm crossing behavior (Fig. 5(e)).
5.2. Feature selection approaches
We examine a variety of feature selection approaches to select a
subset of decorrelated, informative body language features, tailored
to each emotional attribute.
5.2.1. Mutual information-based and correlation-based criteria
The minimal redundancy maximal relevance criterion (mRMR),
introduced in [43], selects features that maximize the mutual information (MI) between features and the ground truth, and minimize
the MI between the selected features. Let SM = {xi}iM= 1 be a set of M
continuous body language features, y the continuous emotional attribute, and I(⋅,⋅) represents MI. Then the mRMR measure is deﬁned:
mRMRI ðiÞ ¼ Iðxi ; yÞ−



1
∑ I xi ; xj
M−1 xj ∈SM ;j≠i


where Iðxi ; yÞ ¼ ∑ ∑ pðxi ; yÞlog
xi ∈X i y∈Y


pðxi ; yÞ
:
pðxi ÞpðyÞ

ð11Þ

ð12Þ

Estimation of the probability distributions p(xi), p(y), p(xi,xj) and
p(xi,y), which is required for computing the MI values, is performed
through uniform quantization.
We also examine the selection of maximal relevance and minimal
redundancy features based on correlations rather than MI values.
Speciﬁcally, if we denote as C(xi,y) and C(xi,xj) the linear (Pearson)
correlations between a feature and the ground truth, and between
the two features, respectively, we can deﬁne the correlation-based
metric as follows:
mRMRC ðiÞ ¼ C ðxi ; yÞ−



1
∑ C xi ; xj :
M−1 xj ∈SM ;j≠i

ð13Þ

Both approaches perform a ranking of features, where high values
are preferred and they denote that the feature shares much information, or has high correlation, with the ground truth and shares little
information, or has low correlation, with other selected features.
5.2.2. Fisher criterion
Alternatively, we select features that discriminate between regions
of high, low and medium values of the emotional ground truth. Intuitively these features reﬂect different body language behaviors across regions of different emotional content. Each attribute is quantized into
three levels through k-means clustering, and the features that correspond to each level are collected. Fisher criterion, denoted as Fvalue, is
the ratio between the within-class variance and the between-class
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(a) Hand positions.

(b) Relative movement.
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(c) Looking towards or away.

(d) Leaning front/back, and leaning towards/away from Other.
(e) Arm angles and description of arms crossed.

Fig. 5. Examples of extracted features from MoCap markers.

variance for a feature, and scores highly those features that achieve small
within-class variability and large between-class variability [44]. While
the previously described correlation and MI based methods favor the selection of feature sets with low redundancy, the Fisher criterion may lead
to redundant feature sets. Therefore, we further reduce our feature set,
by excluding features, such that no feature pair has a correlation higher
than a threshold (here we empirically selected a threshold of 0.8).
When choosing between two competing, highly-correlated features,
we pick the one with the largest Fvalue.
5.3. Vocal feature extraction
In contrast to body language features which are extracted throughout
the recording session, the acoustic features are extracted only when the
actors are speaking. For this purpose, the microphone signal obtained
from each actor is ﬁrst manually transcribed into regions where that
actor is speaking and being silent. We extract 12 Mel Frequency Cepstral
Coefﬁcients (MFCCs) along with pitch and energy, using overlapping
windows of length 30 ms and framerate of 16.67 ms (same as MoCap
framerate). Such features are standard for speech emotion recognition
[45].
6. Tracking emotion trends at multiple resolutions
6.1. GMM-based tracking at frame and window level
Our GMM-based tracking approach follows the mathematical
framework described in Section 3.2. Additionally, it takes into account
that body language features are available throughout the interaction,
while speech features are available only when the actor is speaking.
Therefore, when audio–visual features are considered we compute
two mappings: a visual mapping trained only with body language
features and an audio–visual mapping trained with both body language and speech features. The audio–visual features are fused at
the feature-level for training the audio–visual GMM. During testing,

we apply the GMM mapping on overlapping windows. When only visual features are used we compute the visual mapping on each window irrespective if whether the window contains speech or not.
When audio–visual features are used, we compute an audio–visual
mapping for the windows where speech is present, otherwise we
compute a visual mapping. Therefore, we again scan the total recording using visual information and, if available, speech information. As a
result, the results of the visual and audio–visual experiments are
comparable as they are computed on the same recordings, and the
audio–visual results provide information about whether speech improves emotion tracking on top of the visual information.
Empirically, we conﬁrmed that including dynamic features produces
a smoother emotional trajectory estimate, since it considers a window
of the emotional state and the feature vector centered at the frame of
interest. In our implementation, the underlying emotional trajectory
yt, t = 1, …, T is estimated over consecutive overlapping windows of
length 300 frames, with 150 frames overlap. Then curves obtained
from neighboring windows are merged using the add-overlap algorithm, and are smoothed using a low-pass ﬁlter.
This approach computes detailed frame-by-frame emotional trajectory estimates. However, emotional states are slowly varying, therefore
this degree of accuracy may not be necessary. Modeling body and
speech features at such detail may lead to modeling of noise or gestures
unrelated to emotion rather than emotionally informative audio–visual
manifestations. This motivates the use of window-level tracking, where
features and feature functionals are extracted over larger windows in an
attempt to capture more meaningful emotional and gestural dynamics.
In this case, the mapping function takes as input the functionals computed over a window and outputs the average emotional attribute
value of that window. Speciﬁcally, we average the ground truth curves
over overlapping windows of 3 s length and 2 s overlap. We also apply
such windows on the audio–visual features, over which we extract a variety of statistical functionals, speciﬁcally: mean, standard deviation,
median, minimum, maximum, range, skewness, kurtosis, the lower
and upper quantiles (corresponding to the 25th and 75th percentiles)
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and the interquantile range. Therefore, we extract a potentially richer
feature description by including statistical functionals over features.
The feature vector dimensionality is reduced by PCA.
We train full covariance GMMs using 4 and 2 mixtures for frame
and window-level tracking respectively (the method is not sensitive
to the number of Gaussian mixtures). The use of a full covariance matrix is important in order to capture relations between the various
body language and speech features, and empirically leads to better
performance. The joint feature-emotion GMM models were trained
using the HTK Toolbox [46], while the subsequent EM equations for
computing the statistical GMM-based mapping were implemented
in MATLAB, based on [4].

features that are negatively correlated with the emotional attribute
are multiplied with −1. Then we compute the mean, median and maximum of these features as different attribute estimates (please refer to
the Appendix A for a list of the most informative body language features
per attribute). For the window-level tracking, we follow the same
approach using normalized statistical functionals of body and speech
features extracted over windows, so as to directly compare with the
methods of Sections 6.1 and 6.2. Again, we select the K most correlated
functionals of body features and the L most correlated functionals of
speech features.

7. Experiments, results and discussion
6.2. Using LSTM neural networks for regression
Long Short Term Memory (LSTM) neural networks were introduced
in [47], as a variant of Recurrent Neural Networks (RNN). While RNNs
are able to model a certain amount of history through their cyclic connections, it has been shown that longer range history is inaccessible to
RNNs since the backpropagated error either blows up or decays over
time (vanishing gradient problem). LSTM networks overcome the
vanishing gradient problem by storing in their hidden layers information from an arbitrarily long amount of time [47]. LSTM networks
have been applied in a variety of pattern recognition applications, including phoneme classiﬁcation [48], audio–visual emotion classiﬁcation
[49], and regression for tracking continuous emotions [13]. Modeling
history seems to be beneﬁcial for the problem of emotion tracking,
since emotions tend to be slowly varying over time, and LSTM regression was shown to outperform Support Vector Regression (SVR) for
continuously tracking valence and activation over time [13]. Here, we
apply LSTM networks for both the frame and the window level regression problems.
LSTM networks for regression are trained using the RNNlib Toolbox [50], without using derivative features. Including derivatives
was deemed redundant since temporal information is already captured through the network. The LSTM networks consist of one hidden
layer with 128 memory blocks (we also experimented with 64 and
256 memory block conﬁgurations, which performed similarly). To
improve generalization low Gaussian noise was added to the training
features. The produced curves are smoothed using a lowpass ﬁlter.
6.3. Baseline based on simple functions of informative features
A relevant question is what would be the tracking performance if
we estimated an attribute, e.g., activation, as a simple function of informative features, e.g., velocity of body, of hands, intensity of voice,
leaning angle towards interlocutor etc. Indeed such approaches are
common in the behavioral sciences, where for instance speech intensity and pitch are sometimes used as indicators of vocal activation
[51]. Along these lines, assuming that an interlocutor's emotional attributes and his audiovisual features are normalized to be roughly in
the same range, we could compute an estimate of his activation by
taking a functional (e.g., mean) of the most activation-informative
features. If a feature is negatively correlated with activation then we
multiply it with − 1 beforehand. This method does not require training a model, however it assumes that we have an available set of informative features for each attribute, which can be chosen through
feature selection e.g., by using the approaches of Section 5.2, or
through prior knowledge. This simple baseline could be useful for
cases where we have few or no annotated data.
In our implementation, we select the K most informative body features for each attribute, based on the Fvalue, and the L most informative
speech features based on correlation with the attribute (results based
on the mRMRC criterion are similar and are omitted for lack of space).
All the features and the emotional attributes are ﬁrst normalized to
have zero mean and unit standard deviation across the database, and

Our experiments are organized in an eight-fold leave-one-dyadout cross validation. Actors belong only to one dyad, therefore this
cross validation ensures that test set actors are not seen during training. Each dyad was recorded in each of eight recording days, and since
the selected number of recordings per day varies, this results in 5–12
actor recordings selected for testing at each fold, while the rest are
used for training. We focus primarily on tracking the underlying emotional trends, and therefore we compute the correlations between the
ground truth and the estimated emotional trajectories as our primary
performance metric.
The body language feature sets are selected through the correlationbased criterion mRMRC or the Fisher criterion Fvalue (the MI-based criterion mRMRI gave slightly lower performance and is omitted). We systematically examine the effect of the number of body language
features on the performance of each tracking approach, by selecting
the top 5, 10, 15, ⋯ 30 features for the mRMRC criterion, and the top
10, 15, ⋯ 40 features for the Fvalue criterion (which are later further reduced after removing highly correlated features). The performance
of the GMM-based and LSTM frame-level tracking as a function of
the number of selected body features is shown in Fig. 6. This approach represents a principled way to select the ﬁnal number of features based on visual frame-level tracking performance, although
could cause some amount of overﬁtting. Note however that the selected number of features is not necessarily optimal for the audio–
visual and window-level tracking, since some of the body language
features that are left out may be important when used in combination with speech, or may have informative statistical functionals.
To underscore this point, we present an example of valence tracking
at Tables 2 and 4, where selecting 11 features is optimal for the
frame-level visual experiments but not for the audio–visual and
window-level experiments, where larger feature sets, e.g. of 24 features, perform better.
For GMM-based and LSTM frame-level tracking, we select the
number of body language features that leads to the best performance.
We include speech information, by adding the 14 speech features in
our body language feature set (feature-level fusion). We also add
the ﬁrst and second feature derivatives. For window-level tracking,
we perform statistical functional computation on the respective optimal frame-level feature set and then Principal Component Analysis
(PCA), keeping the ﬁrst 50 components, which explain about 88–
95% of the total variability. To prevent over smoothing, we only add
ﬁrst derivatives, resulting in 100 dimensional feature vectors for
both the visual and the audio–visual case. Both the features and the
emotional curves are z-normalized using the global means and standard deviations of the dataset.
Regarding the simple baseline described in Section 6.3 for frame or
window-level tracking, we select the number of body language and
speech features that empirically give the best performance, and we
combine them using their mean (which tends to perform better
than median and maximum). Our observation is that the performance
of this simple approach saturates sooner than the other algorithms,
typically around 10 or 15 features.
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Table 2
Continuous tracking at the frame-level of activation, valence and dominance using
body language and speech cues. We present the median correlation value between
the computed emotional curve and the ground truth. Parentheses indicate the number
of selected body features (K), or body and speech features (K + L).

(a) Activation.
Performance (Median Correlation)

Activation
0.4

Body language features: median correlations with ground truth

0.3

Feature selection

0.1
CORR (GMM)
Fvalue (GMM)
CORR (LSTM)
Fvalue (LSTM)

0

5

10

15

20

25

30

35

Number of features

Performance (Median Correlation)

CORR (GMM)
Fvalue (GMM)
CORR (LSTM)
Fvalue (LSTM)

0.1
0

5

10

15

20

25

30

35

Number of features

(c) Dominance.
Performance (Median Correlation)

Dominance
CORR (GMM)
Fvalue (GMM)
CORR (LSTM)
Fvalue (LSTM)

0.4
0.3
0.2
0.1
0
−0.1
0

0.1127 (11)/ 0.1005 (24)
0.0699 (30)

0.2102 (15)⋆
0.2212 (30)

(14)
(20)⋄

0.0934 (28)
0.0524 (25)

0.1712 (13)
0.1859 (30)

(10)

0.0650 (10)

0.1629(15)

(26)⋆
(25)⋆

†
†

Activation

Valence
0.1178 / 0.1220
0.0756

Dominance
⋆ †

0.2495
0.2582

⋆ †
⋆ †

0.0619
0.0842

0.1610
0.1596

0.0815(10 + 5)

0.1829 (5 + 5)

Median inter-annotator correlation (agreement)

0.2

−0.1
0

Dominance

GMM-based mapping
0.4629 ⋆ †
Fvalue
mRMRC
0.4692 ⋆ †
LSTM regression
0.2908
Fvalue
mRMRC
0.3874 ⋄
Simple baseline
Mean
0.3000 (10 + 5)

Valence

0.3

Valence

Body language + speech features: median correlations with ground truth
Feature selection

(b) Valence.
0.4

Activation

GMM-based mapping
Fvalue
0.3910
mRMRC
0.4121
LSTM regression
0.2905
Fvalue
mRMRC
0.2994
Simple baseline
Mean
0.2634

0.2

−0.1
0
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5

10

15

20

25

30

35

Number of features
Fig. 6. Frame-level tracking using body language features: performance of the various
tracking approaches and feature selection algorithms (in terms of median correlation
with ground truth) as a function of the number of body language features used.

7.1. Frame-level tracking using audio–visual information
In Table 2, we present the tracking performance of visual and
audio–visual feature methods for the GMM-based mapping and the
LSTM regression approaches. The number of selected body language
features is presented in parentheses. For the simple baseline method,
the selected number of K body and L speech features is presented in
parentheses as (K + L). For each case, we present the median of the
correlations between each estimated curve and the ground truth, as
a metric of the overall performance. In the last row of Table 2, we

Activation

Valence

Dominance

0.5945

0.6171

0.6028

also report the median inter-annotator correlations computed at the
frame-level, as described in Section 4.2.
For all methods, activation tracking is the best performing task,
followed by dominance, while neither of the approaches seems to adequately capture valence trends. Considering speech features increases
activation (speech features generally convey activation information
[52]) and slightly boosts dominance tracking performance but offers
no signiﬁcant increase for valence. Both feature selection criteria perform comparably.
For valence, the Fvalue resulted in selecting a relatively small body language feature set of 11 features, therefore we also tried a larger feature
set of 24 features to see if extra features would increase performance
at later stages. Indeed the extra features and their statistical functionals
seem to slightly boost performance at window-level tracking (see results of Section 7.2 Table 4), however valence tracking generally remains
problematic. This suggests that valence is not adequately reﬂected on
our features, or that body language generally conveys less information
about valence, compared to activation and dominance. Valence may be
better reﬂected through other modalities; for instance facial expressions
are found to discriminate valence states well [53,11]. Note that when annotators rated each actor's valence they had access to a variety of cues
besides body language and speech, including facial expressions and lexical content, a fact that could explain their good agreement scores.

Table 3
Continuous tracking at the frame-level of activation, valence and dominance using
speech cues only. We present the median correlation value between the computed
emotional curve and the ground truth, computed only on speech regions.
Speech features only: median correlations with ground truth
Activation
GMM-based mapping
0.3866
LSTM regression
0.2237
Simple baseline (mean)
0.1823 (5)

Valence

Dominance

0.0501

0.1102

0.0609

0.0066

0.0529 (5)

0.0093 (5)
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Valence

Dominance

⋆ †

0.1831/0.2247
0.0563

0.3696
0.3368

⋄

0.0976
0.0878

0.2122
0.2549

0.1261 (15 + 5)

0.1837(5 + 5)

In Table 3, we also present results based on speech features only.
Audio-only GMM-based tracking works reasonably for activation
and partially for dominance, which conﬁrms our previous observations regarding the importance of speech for activation trend tracking. Note however that these results are computed only on speech
regions, therefore they are not directly comparable with the results
of Table 2.
The behavior of the two methods is illustrated in Fig. 7. In
Fig. 7(a)–(c), we present the multiple annotations (dashed blue
lines) along with their mean (red line) which is our ground truth,
for two activation and one dominance example. Fig. 7(d)–(f)
shows the estimated curves for GMM-based tracking, LSTM and
the simple baseline respectively, for the curve of Fig. 7(a). For this
example, GMM-based mapping produces a curve that is smoother
and has higher correlation with the ground truth than the other two
methods. Fig. 7(g)–(i) shows the estimated curves for Fig. 7(b), where
the GMM-based performance is moderate but the method seems to
track the most prominent activation trends. Finally, Fig. 7(j)–(l) shows
examples of dominance tracking for curve of Fig. 7(c), where all
methods perform reasonably well, although the three output curves
look quite different. In general, we notice that the GMM method produces smooth and ﬂat curves, while the other two methods produce
noisier curves of larger amplitudes.

7.2. Window-level tracking using audio–visual information

Table 4
Continuous tracking at the window-level of activation, valence and dominance using
body language and speech cues. We present the median correlation value between
the computed emotional curve and the ground truth.
Body language + speech features: median correlations with ground truth
Feature selection
GMM-based mapping
Fvalue
mRMRC
LSTM regression
Fvalue
mRMRC
Simple baseline
Mean

Activation
0.4943
0.5169
0.4455
0.4529

Valence

Dominance

0.1296 / 0.2061
0.0866

0.3268
0.3219

†

⋆ †

0.1348
0.1480

0.2268
0.2835

⋄

⋄

0.0626(15)

0.0953(15)

⋆ †

0.3682(10)

⋆ †

⋄

Body language + speech features: median correlations with ground truth
Feature selection
GMM-based mapping
Fvalue
mRMRC
LSTM regression
Fvalue
mRMRC
Simple baseline
Mean

Activation
0.5979
0.5837
0.4882
0.4934

147

⋆ †

0.4447(10 + 5)

⋆ †
⋆ †

Median inter-annotator correlation (agreement)
Activation

Valence

Dominance

0.6199

0.6317

0.6200

Between the tracking approaches, the GMM-based mapping
achieves consistently higher correlation for activation and dominance.
We performed the non-parametric Wilcoxon signed-rank test to examine whether the median of the paired differences between algorithms is
signiﬁcantly different from zero. Speciﬁcally, we compared the GMM
and LSTM approaches, given same feature selection method, the GMM
approach with the simple baseline, and the LSTM approach with the
simple baseline (p= 0.05). Statistically signiﬁcant differences are denoted in Table 2 with symbol ⋆ for the GMM vs LSTM comparison, †
for the GMM vs simple baseline comparison and ⋄ for the LSTM vs simple baseline comparison (symbols are placed next to the method that
performs better in the comparison). For example, for the frame-level
tracking of activation using body language features, symbols ⋆ and †
next to GMM tracking(Fvalue) indicate that the algorithm performs signiﬁcantly better than both LSTM (Fvalue) and the simple baseline. Overall, the GMM-based mapping signiﬁcantly outperforms both the LSTM
method and the simple baseline for most activation and dominance
tasks. However, LSTM tracking hardly outperforms the simple baseline,
which works reasonably well for the activation and dominance tasks.
In order to examine how these methods approximate the actual
values of the underlying emotional curves, we also compute the
Root Mean Square Error (RMSE) between the estimated curve and
the ground truth, which is deﬁned as:
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u T
u1 X
2
RMSEðy^ est ; ytrue Þ ¼ t
ðy^ ðiÞ−ytrue ðiÞÞ :
T i¼1 est
All methods lead to median RMSE methods between 0.8 and 1.2,
with the GMM-based mapping usually having a slightly lower RMSE.
Those values are considerably higher than the median RMSE values
computed between the annotation curves of multiple evaluators,
which are 0.37, 0.24 and 0.31 for activation, valence and dominance,
respectively.

In Table 4 we present the performance of the low resolution tracking at the window level. The median annotation correlations are
re-computed at the window level and are reported at the last row
of Table 4. For GMM-based and LSTM tracking we utilize the empirically selected feature sets of Section 7.1, after statistical feature extraction and PCA. For the simple baseline, we present the better
performing statistical functionals of K body and L speech features.
In general, we notice a signiﬁcant increase from the previous results which can be attributed to the fact that we model less noise
and track pronounced trends in the underlying emotional curves.
Also we use a richer feature set, consisting of statistical functionals
of the frame-level features. The GMM-based mapping results follow
similar trends as before; activation is the best performing attribute,
followed by dominance. Valence performance is still low, although
when we use the Fisher criterion Fvalue with the larger feature set
our performance increases. Adding speech features considerably increases activation and dominance performance. Activation tracking
reaches a median correlation of around 0.6, which is similar to the
median correlations between human annotators for this task. The
LSTM regression and simple baseline results follow similar trends, although median correlations are generally lower.
The statistical signiﬁcance of these results is examined using the
Wilcoxon signed-rank test for paired differences, following the same
notation as in Section 7.1. In general, GMM-based tracking signiﬁcantly
outperforms the other two approaches for activation and dominance
trend tracking, while LSTM and simple baseline have comparable performance, with LSTM being slightly better.
Again, when looking at the resulting curves we observe smooth and
ﬂat curves for the GMM-based method and noisier curves with bigger
amplitude for the LSTM and simple baseline methods. Fig. 8(a)–(c)
illustrates examples of rated activation, valence and dominance respectively. In Fig. 8(d)–(f) we present the window-level tracking of activation curve in Fig 8(a), where all methods perform well, while the
GMM-based curve achieves the highest correlation with the ground
truth. In Fig. 8(g)–(i) we present less successful tracking results of the
valence curve in Fig. 8(b). The GMM-based mapping captures few of

Fig. 7. Results of the three tracking methods, GMM-based mapping, LSTM regression and the simple baseline, for activation, and dominance cases, for frame-level tracking.
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Fig. 8. Results of the three tracking methods, GMM-based mapping, LSTM regression and the simple baseline, for activation, valence and dominance cases, for window-level tracking.
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the valence peaks, while the other two methods seem to mostly capture
noise. Finally, in Fig. 8(j)–(l) we present tracking of the dominance
curve in Fig 8(c), where GMM-based tracking performs better than
LSTM, which in turn outperforms the simple baseline.
7.3. Discussion of informative body language features
This section discusses the selected body language features, to provide
insights about the body language gestures, movements and postures
that are informative of the underlying emotional attributes. Details
about the top ranking body language features, according to Fvalue criterion, are presented in Appendix A, Tables A.5–A.7. We omit detailed analysis of the mRMRC selected features; similar observations can be made
for the activation and dominance tasks.
As seen in Table A.5 for activation, many of the selected features describe absolute velocities, relative body orientation and leaning, posture
and hand gestures. Highly activated subjects generally display higher
arm and foot velocities (feats 4,20,21), more leaning and body orientation
towards the interlocutor (feats 1,5), and more front leaning (feat 9)
among others. Also many selected features describe hand gestures, for
example hands tend to be further from the body (feats 3,6,7,10,19),
further from each other (12,22), and raised higher (24,25) for highly activated subjects. Also, body location in (x,y) coordinates reﬂects a tendency of activated participants to be at the center of the recording
space (feats 11,13).
For the dominance task, according to Table A.6, many of the selected
features are common with the activation features, however we notice a
preference for features describing relative behaviors like velocity, leaning
and orientation. For example dominant individuals tend to lean and have
body orientation more towards interlocutor (feats 1,4), and move their
body, arms and feet more towards interlocutor (feats 8,17,20,22,24).
This seems intuitive since dominance essentially captures relative (interaction) behavior. Also, dominant subjects tend to touch the interlocutor
(feat 10), which brings to mind psychological observations relating
touching with dominant behavior [54].
Finally, for the valence task, some features from Table A.7 stand
out. For instance, positively valenced subjects tend to place hands
on chest (feats 22,23), or touch the interlocutor's hand (feat 15),
which seem to be intuitive bodily expressions of valence. Also positively valenced subjects tend to look more towards and move towards the interlocutor (feats 9,21), and move their arms and feet
more (feats 2,13,14). Also the combination of more leaning towards
others (feat 20), but less front leaning (feat 19) for positive valence,
indicates that positively valenced subjects tend to lean more towards
the interlocutor, while negatively valenced subjects generally have a
more slouched posture.
Some of the above affective body language behaviors agree with the
literature, for example arms being far from the body for high activation,
or increased body motion for activated emotions such as anger ( [31],
Table 2). However, direct comparisons are hard to make since most
past works on body language examine pre-deﬁned categorical emotional states rather than continuous emotional attributes. Other aspects
that differentiate this work from the literature include examining dominant behaviors, which are generally less discussed, as well as the focus
on interaction aspects of body language through the introduction of
‘relative’ body features.
8. Conclusion and future work
We address the problem of tracking continuous emotional attributes of participants throughout affective dyadic improvisations,
where participants may be listening, speaking or doing neither. To
this end, we have examined interpretable features describing of a
person's body language, and speech information. These descriptions
complement existing literature, e.g., [22,25,28,29], in capturing a
wide range of full body gestures and emphasizing the interactive
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aspects of body language in dyadic emotional interactions. We propose a statistical mapping approach to automatically track emotional
trends based on body language and speech. Our approach outperforms
other examined methods, such as LSTM regression [13], and produces
smooth emotional curve estimates. Also, the simple baseline represents
an interesting, unsupervised alternative, that is worth further investigation. Our results show promising performance for tracking trends of activation and dominance, and also suggest that body language conveys
rich activation and dominance related information. For activation trend
tracking our correlation-based performance is comparable to human
performance. Finally, analysis of our body language features offers quantitative insights on the relations between an underlying emotional state
and the displayed bodily behavior in the context of dyadic interaction.
This enables us to draw connections with psychological observations regarding body language and emotion.
However, valence trend tracking remains problematic, which might
indicate that our features are not adequately reﬂective of valence.
Existing literature indicates that body posture is a better indicator of activation, although the importance of the valence dimension should not
be dismissed [25]. Possibly higher-level body features are required to
discern valence; we have not incorporated audio–visual cues at the session level, such as the amount and length of pauses, percentage of time
that an actor performs an action, turn-taking patterns etc. Such higherlevel cues may be informative of valence and dominance, and their
investigation is a promising future research direction. Also note that
we do not consider facial expressions, which are known to be reﬂective
of valence [53,11].
Other open questions pertain to our performance metrics; while
correlation metrics and RMS errors describe different aspects of tracking performance and are currently used for evaluating systems that
produce continuous estimates [13,12], we may need to ﬁnd more accurate measures to describe the performance of such systems. Additionally, normalizing for subject-dependent emotional variability in
expressive body language is an interesting research direction that
could potentially bring signiﬁcant improvement. A further goal is to
extend this work towards examining the produced emotional curves
to detect regions of emotional saliency, and study the actual events
that occur in such regions. Such vocal, bodily or interaction-based
events could give us insights of what constitutes the emotional content of an interaction.
Appendix A. Top ranked body language features for
emotion discrimination
In Tables A.5–A.7 we present the top ranked 25 body language
features for activation, valence and dominance, according to the Fvalue
criterion. Detailed results of the mRMRC criterion are omitted for lack
of space, however we include the mRMRC-based rank next to each
feature (notice the overlap between the features of the two criteria
for activation and dominance, although not for valence). Each feature
value represents a meaningful body posture. For performing statistical tests, we quantize each attribute value into 3 classes using the
k-means algorithm, and collect the feature instances that correspond
to the high and low classes, over the total database. For each feature,
we perform a t-test to compare the mean feature value between low
and high emotional attribute classes. We also include a description of
the corresponding difference in body language that each feature value
represents, always comparing high (or positive) versus low (or
negative) attribute values. For example, the ﬁrst line (feature of
rank 1) of Table A.5 can be interpreted as ‘more leaning towards the
interlocutor when subject is characterized by high activation vs no
leaning when subject is characterized by low activation’. All feature
mean differences are statistically signiﬁcant, although in some cases
mean differences are so small that do not correspond to a recognizable difference in body language (e.g., see feat. 8 at Table A.5, or
feat. 3 at Table A.7).
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Table A.5
Statistical analysis of the top 25 activation features, according to the Fvalue criterion (each feature's rank according to the mRMRC criterion is included in the second column). The feature
descriptions under the statistical tests column are describing high activation behavior compared to low activation behavior of a subject A. The statistical test performed is difference
of means of the feature values between high and low activation classes (t-test).
Activation: comparison of high vs low activation classes

Dominance: Comparison of high vs low dominance classes

Fvalue (and mRMRC)
Rank Rank

Feature

Fvalue mRMRC
1

1

2

9

3
4
5

7
6
22

6

27

7

12

8

2

9
10

4
28

11

3

12

34

13

11

14

14

15

48

16

23

17

8

18

38

19

37

20
21
22
23

18
17
20
40

24

41

25

42

A's body lean towards/away from B

Table A.6
Statistical analysis of the top 25 dominance features, according to the Fvalue criterion
(each feature's rank according to the mRMRC criterion is included in the second column). The feature descriptions under the statistical tests column are describing high
dominance behavior compared to low dominance behavior of a subject A. The statistical test performed is difference of means of the feature values between high and low
dominance classes (t-test).

Description of statistical
tests results p ≈ 0

More lean towards vs no
leaning
Norm x coord of A's right hand in A's x coord higher (further
system
from body towards right,
see also Fig. 5(a))
Distance of A's left hand from A's hip Greater distance
Abs velocity of A's right arm
Higher velocity
Relative angle of A's body towards B
Body orientation more
towards B vs sideways
Norm y coord of A's left hand in A's y coord higher (further
system
from body towards front,
see also Fig. 5(a))
Distance of A's right hand from A's
Greater distance
hip
A's body leaning angle, left/right
Slightly lean right vs straight
(though angle in both cases is
close to zero)
A's body leaning angle, front/back
More lean front vs no leaning
Norm y coord of A's right hand in A's y coord higher (further
system
from body towards front,
see also Fig. 5(a))
x coord of A's center
x abs value lower (x more
towards center (0,0,0) of
the recording space)
Distance between A's right and left Hands wider apart
hand
y coord of A's center
y abs value lower (y more
towards center (0,0,0) of the
recording space)
Norm z coord of A's upper back
Higher, more upwards
posture, also indicates less
sitting
Distance between A's right hand and Smaller, more touching,
B's back
could indicate hugging
depending on the
interlocutors orientation
Norm z coord of A's left knee
Lower, may indicate
kneeling
A's head angle, up/down
More straight vs more
downwards
Angle of A's right hand with x coord Hand more in front vs
in A's system
slightly towards left (see
also Fig. 5(e))
Norm x coord of A's left hand in A's x coord lower (further
system
from body towards left, see
also Fig. 5(a))
Abs velocity of A's right foot
Velocity higher
Abs velocity of A's left foot
Velocity higher
Angle between A's hands
Hands wider apart
Distance between A's left hand and Bigger distance, hand
A's chest
further from chest
Norm z coord of A's right hand in A's Hand is higher, indicates
system
raised hand (see also
Fig. 5(a))
Norm z coord of A's left hand in A's Hand is higher, indicates
system
raised hand (see also
Fig. 5(a))

Fvalue (and mRMRC)
Rank Rank

Feature

Description of statistical tests
results p ≈ 0

Relative angle of A's body
towards/away from B
A's head angle, up/down
Norm z coord of A's center
A's body leaning angle
towards/away from B
Distance of A's left hand
from A's hip
z coord of A's right foot
Norm x coord of A's right
hand in A's system
Relative velocity of A towards/away from B
Distance of A's right hand
from A's hip
Min dist between A's left
hand and B's torso
Norm z coord of A's right
hand in A's system
Distance between A's hands
A's body leaning angle, left/
right
Norm x coord of A's left
hand in A's system
y coord of A's center

Body orientation more towards
other vs sideways
More straight vs more downwards
Higher, indicates less sitting
More lean towards vs no leaning

Fvalue mRMRC
1

7

2
3
4

1
6
3

5

13

6
7

2
17

8

12

9

24

10

48

11

38

12
13

29
10

14

28

15

5

16

36

17

14

18

45

19

5

20

21

21

37

22

15

23

11

24

16

25

9

Greater distance, hand further
away from hip
Lower
x coord higher (further from body
towards right, see also Fig. 5(a))
Move more towards vs away
Greater distance, further from hip
Smaller, indicates more touching
Hand is lower

Hands wider apart
More lean right (though angle in
both cases is close to zero)
x coord lower (further from body
towards left, see also Fig. 5(a))
y abs value lower (y more towards
center (0,0,0) of the recording space)
Angle of A's right hand with Hand more in front vs slightly
x coord in A's system
towards left (see also Fig. 5(e))
Relative velocity of A's right Move more towards vs away
hand towards/away from B
Norm z coord of A's left
Hand is lower
hand in A's system
A's body leaning angle,
More lean front vs slightly less lean
front/back
front
Relative velocity of A's left
Move more towards vs away
hand towards/away from B
Distance between A's right
Greater, hand further from chest
hand and A's chest
Relative velocity of A's right Move more towards vs away
foot towards/away from B
Norm z coord of A's upper
Higher, more upwards position,
back
also indicates less sitting
Relative velocity of A's left
Move more towards vs away
foot towards/away from B
x coord of A's center
x abs value higher (x further from
center (0,0,0) of the recording space)

Table A.7
Statistical analysis of the top 25 valence features, according to the Fvalue criterion (each
feature's rank according to the mRMRC criterion is included in the second column). The
feature descriptions under the statistical tests column are describing positive valence
behavior compared to negative valence behavior of a subject A. The statistical test
performed is difference of means of the feature values between positive and negative
valence classes (t-test).
Valence: Comparison of positive vs negative valence classes
Fvalue (and mRMRC)
Rank Rank

Feature

Description of stat. tests results p ≈ 0

Fvalue mRMRC
1

33

2

42

Norm z coord of A's
Higher, indicates less sitting
lower back
Abs velocity of A's right Higher velocity
arm
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Table A.7 (continued)
Valence: Comparison of positive vs negative valence classes
Fvalue (and mRMRC)
Rank Rank

Feature

Description of stat. tests results p ≈ 0

Slightly more downwards vs straight
(though the two angles are almost the
same)
Hands closer together

Fvalue mRMRC
3

15

A's head angle, up/
down

4

34

5

41

6

36

7

28

8

20

9

11

10

31

11

30

12

27

13

21

14

23

15

43

16

3

17

4

Distance between A's
hands
Distance of A's left
hand from A's hip
Distance of A's right
hand from A's hip
Norm x coord of A's left
hand in A's system
Norm z coord of A's
upper back
Relative angle of A's
face towards B
Norm x coord of A's
right hand in A's
system
Angle of A's left hand
with x coord in A's
system
Norm y coord of A's
right hand in A's
system
Abs velocity of A's right
foot
Abs velocity of A's left
foot
Distance between A's
right hand and B's hand
Norm z coord of A's left
knee
A's direction relative to B

18

29

19

19

20

24

21

12

22

37

23

38

24

30

25

1

Greater distance, further from hip
Greater distance, further from hip
x coord higher (closer to body towards
right, see also Fig. 5(a))
Lower, less upward position
Face orientation more towards other
x coord lower (closer to body towards
left, see also Fig. 5(a))
Left hand more towards front rather
than left (see also Fig. 5(e))
y coord higher (further from body
towards front)
Higher velocity
Higher velocity
Lower, indicates more touching of B's
hand
Higher, indicates less kneeling

Slightly more towards right-front of B vs
more in front
Norm y coord of A's left y coord higher (further from body
hand in A's system
towards front)
A's body leaning angle, Less leaning front vs more leaning front,
front/back
indicates less slouched posture
A's body leaning angle, More leaning towards vs less leaning
towards/away from B
towards
Relative velocity of A
More moving towards vs moving away
towards/away from B
Lower, indicates hand touching chest
Distance between A's
right hand and A's
chest
Distance between A's
Lower, indicates hand touching chest
left hand and A's chest
Hand more towards front vs towards
Angle of A's left hand
right
with x coord in A's
system
y coord of A's center
y abs value bigger (y further from center
(0,0,0) of the recording space)
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