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ABSTRACT

The recognition of emotions plays an important role in our
daily life and is essential for social communication. Although
multiple studies have shown that body expressions can strongly
convey emotional states, emotion recognition from body mo-
tion patterns has received less attention than the use of facial
expressions. In this paper, we propose a self-organizing neu-
ral architecture that can effectively recognize affective states
from full-body motion patterns. To evaluate our system, we
designed and collected a data corpus named the Body Ex-
pressions of Emotion (BEE) dataset using a depth sensor in
a human-robot interaction scenario. For our recordings, nine-
teen participants were asked to perform six different emotions:
anger, fear, happiness, neutral, sadness, and surprise. In order
to compare our system with human-like performance, we con-
ducted an additional experiment by asking fifteen annotators
to label depth map video sequences as one of the six emo-
tion classes. The labeling results from human annotators were
compared to the results predicted by our system. Experimental
results showed that the recognition accuracy of the system was
competitive with human performance when exposed to body
motion patterns from the same dataset.
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INTRODUCTION

The ability to understand people’s emotions plays a central
role in human social interaction and behavior [23][24]. In
the human-robot interaction (HRI) domain, research towards
perceiving human emotions has recently received considerable
attention supported by the fact that emotional intelligence en-
hances the quality of communication, interaction and social
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relations between people [12]. Therefore, the task of emo-
tion recognition plays a key role in improving the interaction
between humans and robots in domestic environments [9]. Ar-
tificial intelligent systems recognizing emotions and making
use of affective information may significantly improve the
overall HRI experience, e.g., by triggering pro-active robot
behavior as a response to the user’s emotional state.

Emotion recognition from body motion has received less at-
tention in the scientific community compared to recognizing
emotions from facial expressions and speech analysis. The
main reason is that emotions are difficult to recognize from
complex body-motion patterns. Another challenge is that peo-
ple’s reaction to the same emotional situation may differ since
people can express different emotions based on their cultural
background or habits [14], which makes it more difficult for
emotions to be recognized from bodily expressions. For ex-
ample, some people can react impetuously or run amok when
they see a mouse, while some may stand still and cover their
face with their hands. While facial expressions may more eas-
ily convey emotional information, it is often the case in HRI
scenarios that a person is not facing the sensor or standing far
away from the camera, i.e. facial features would be difficult to
compute due to strongly degraded spatial resolution. There-
fore, there is a motivation to develop an artificial system that
can efficiently recognize emotions from body motion patterns.

In this paper, we propose a neural network architecture to
recognize a set of emotional states from body motion pat-
terns. The learning architecture consists of a hierarchy of
self-organizing networks that learn the spatio-temporal struc-
ture of the input. In order to evaluate our system, we collected
a corpus named the Body Expressions of Emotion (BEE), with
nineteen participants performing six different emotional states:
anger, fear, happiness, neutral, sadness, and surprise. The
dataset was collected in an HRI scenario consisting of a hu-
manoid robot Nao extended with a depth sensor to extract 3D
body skeleton information in real time. In order to compare the
performance of our system to human observers, we performed
an additional study in which raters that did not take part in
the data collection phase had to label depth map sequences
as one of the six possible emotions. Our experimental results
show that our system successfully learns to classify a set of
training emotions from the dataset and that its performance is
very competitive with respect to human observers.
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In the following sections, we introduce the related work for
emotion recognition using different cues such as facial fea-
tures, speech, and body motion patterns. Then, we describe
our neural network approach along with the details of the data
collection and the evaluation of our system with respect to
human observers. We conclude with a set of possible research
directions to extend our current approach to a more natural
HRI experience, e.g. by using multi-modal information.

RELATED WORK

The way one perceives people’s emotions varies from one per-
son to another, depending on many aspects such as personal
background, belief, culture and tradition [7]. However, there
are well-known human expressions that we agree on. Charles
Darwin was the first one back in 1872 to categorize differ-
ent facial expressions and body postures into emotions [6]
which are known now as the basic affective states: anger, fear,
happiness, sadness, and surprise.

In visual perception, it is argued that face expressions and
body motion patterns complement each other [10]. The way
our bodies move is thought be a reflection of our inner feel-
ings and emotional states [3]. For instance, when people are
angry, they might walk fast or perform aggressive gestures
with their bodies. Recently, advances in computer vision and
machine learning have effectively recognized faces, voices,
objects, images, as well as emotions from facial and vocal
expressions. However, the recognition of emotions from body
expressions has received less attention. A possible issue is
the conflict of views on how body motion patterns convey
affective information.

Body expressions in terms of posture and motion patterns have
played an important role in understanding emotions. A study
by Coulson [5] showed the influence of body posture on con-
veying emotions through systematic analysis of static images.
The experiments were conducted with observers having to
classify images of body postures into emotions. Among oth-
ers, the observers associated head inclination with sadness and
elbow flexion with anger. Thus, the movements of head, chest,
elbow and shoulder represent significant features of bodily
emotions. Body motion patterns may be thought of as gestures
or full-body movements that require a change of posture or
body weight distribution. It has been shown that movement
kinematics (e.g. velocity and acceleration) represent signif-
icant features when it comes to recognizing emotions from
body patterns [25][26]. Similarly, temporal features in terms
of body motion resulted in higher recognition rates than postu-
ral features alone [21]. Therefore, in our proposed approach
we use both pose and motion features.

The goal of affective computing is to enable systems to rec-
ognize and express emotions in a human-like manner [23].
Emotion recognition has contributed to achieve more natu-
ral interaction between humans and robots. For instance, a
socially-assistive robot may be able to strengthen its rela-
tionship with an elderly person if it can understand whether
that person is bored, angry or upset. In this context, a vast
amount of research has been conducted in affective states
recognition in the context of HRI scenarios, e.g., using facial
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expressions [1][13][2], speech detection [17] or a combination
of these cues [1][2].

Body expressions are thought to be more about the quantity
of the emotion but not the quality since they provide informa-
tion about the intensity of a specific emotion [8]. However,
the problem of recognizing emotions from body motion has
received significantly fewer attention [11][27][22]. A reason
for this could be the fact that body emotion recognition tasks
involve a higher degree of complexity and subtleties charac-
terizing affective body expressions may be hard to extrapolate
with an artificial processing system.

Kleinsmith et al. [11] showed significant results in addressing
emotion recognition tasks from body postures. Their sys-
tem based on categorizing and learning module (CALM) [16]
was tested on 212 postures across 9 emotional states (angry,
confused, fear, happy, interest, relaxed, sad, startled, and sur-
prised). The experimental results have shown 70% of overall
accuracy of affective postures. Schindler et al. [27] presented
an image-based classification system for recognizing emotion
from images of body postures. The overall recognition ac-
curacy of his system resulted in 80% for six basic emotions.
Although these systems show a high recognition rate, they are
limited to postural emotions, which are not sufficient for a
real-time interactive situation between humans and robots in a
domestic environment. Piana et al. [22] developed a real-time
emotional recognition system using postural, kinematic, and
geometrical features which were extracted from sequences of
3D skeletons videos. They considered features from gestures
of the following body joints: head, shoulders, elbows, hands,
and torso. Their system reached an overall recognition rate of
61.3%. On the one hand, Kleinsmith et al. [11] and Schindler
et al. [27] showed promising results but they were only fo-
cused on postural features of the body. On the other hand,
Piana et al. [22] took body motion patterns into account but
they did not consider full-body movements.

OUR APPROACH

We propose a neural network architecture for learning emo-
tions from body motion patterns captured with a depth sensor.
The overall view of the architecture is shown in Fig. 1, con-
sists of a hierarchy of self-organizing networks for learning
sequences of 3D body joint features. In the first layer, two
Grow When Required (GWR) networks [15], G* and G,
learn a dictionary of prototype samples of pose and motion
features respectively. In the second layer, a recurrent variant of
the GWR [20], G/, is used to learn prototype sequences and as-
sociate symbolic labels to unsupervised visual representations
of emotions for the purpose of classification.

It is to be pointed out that the focus of our study is on in-
vestigating whether body expressions from depth map videos
sequences convey adequate affective information for the task
of emotion recognition, rather than comparing different neu-
ral network architectures for processing spatio-temporal data.
(For an exhaustive comparison of recurrent GWR networks
with state-of-the-art classification methods, we refer the reader
to Parisi and Wermter [20].) As an advantage with respect
to other well-studied methods for processing spatio-temporal
data, this approach allows us to develop a learning architecture
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that can be trained incrementally (no re-training is needed for
learning new samples or classes).

Hierarchical Learning

The use of a hierarchy of GWR networks for learning actions
from body motion patterns was proposed by Parisi et al. [19].
The separate processing of pose and motion features and their
subsequent integration has been shown to improve the topo-
logical formation of visual representations in a hierarchical
learning scheme. However, this model learns sequences by
concatenating neural activations from previous layers, which
leads to an increasing dimensionality of the neural weights
along the hierarchy. This may be an issue for high-dimensional
input, e.g. the processing of sequences of body joints from 3D
skeleton information. Therefore, we extended this model with
a recurrent variant of the GWR, the Gamma-GWR [20], that
equips each neuron in the network with a temporal context.

The learning is carried out as follows. First, the sequence of
input vectors is pre-processed in order to separate the pose
and motion features. Motion features are obtained by comput-
ing the difference between two consecutive frames containing
pose features. Then, the two resulting datasets are sent sequen-
tially to the GWR networks, namely G” and GM in the first
layer. These networks are time-independent, i.e. prototype
neurons learn exclusively spatial properties of the input by pro-
cessing one frame at the time. After this training phase, neural
activation trajectories from these two networks are concate-
nated as pose-motion neurons and fed into the third network,
G', which learns the latent spatio-temporal structure of its
input. This last network is also equipped with an associative
mechanism to attach sample labels to the neurons.

The GWR [15] is a growing self-organizing network that learns
the prototype neural weights from a multi-dimensional input
distribution. It consists of a set of neurons with their asso-
ciated weight vectors, and edges that create links between
neurons. For an input vector X(¢), its best-matching neuron wy,
is computed as the neural weight that minimizes the distance
to the input, such that:

b = argmin|[x(r) — w;, €]
JEA

where A is the set of neurons in the network. Each neuron is
equipped with a firing counter 1 that considers the number of
times that the neuron has fired. A new neuron is added if the
activity of the network computed as a = exp —||x(r) — wp || is
smaller than a given activation threshold a7 and if the firing
counter of wy, is smaller than a firing threshold fr. This mech-
anism yields the creation of neurons only after the existing
ones have been sufficiently trained. The neural weights and
the connectivity patterns are developed following competitive
Hebbian learning, thus the formation of the maps preserves
the topological properties of the input. At each iteration, the
neural weights are updated according to:

Aw; = & - 1; - (x(1) — W), 2)

where ¢&; is a constant learning rate and the index i indicates
the best-matching neuron b and its topological neighbors. The
GWR has several advantages with respect to other well-known
self-organization models as well as other models of growing
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self-organization. First, the network has the ability to add
new neurons to the network whenever the current input is
not sufficiently matched by the existing neurons. Second,
the network learns incrementally with a fixed learning rate,
which is suitable for learning dynamic input distributions.
However, the standard GWR does not account for the learning
of temporal input relationships.

The Gamma-GWR [20] extends the GWR with temporal con-
text. In order to take the latent spatio-temporal structure of
the input, the best-matching neuron is computed as a linear
combination of the current input and K temporal context de-
scriptors:

b = argmin{d,}, 3)

K
di = oy [x(t) —wil>+ Y o [|Ck() — K2, @)
k=1

Culr) = B-wy1)+(1-B) -y, 5)

foreach k =1,...,K, where a;, 8 € (0;1) are constant values
that modulate the influence of the current input and the past
activations and b(r — 1) is the index of the best-matching neu-
ron at ¢ — 1. The training is carried out by adapting the weight
and the context vectors of the best-matching neurons and its
neighbors towards the current input according to:

(6)

Ack = g1+ (Ci(t) — cf), (7

where ¢; is the learning rate that modulates neural update.
The network activation in the Gamma-GWR is given by a; =
exp(—dp) with dj, as defined in Eq. 4. In this network, we
set K = 9 so that it takes into consideration the last 10 input
frames, i.e. the current input plus 9 previous neural activations.
The training parameters are discussed in the following section.

Aw; =& -1;- (x(t) —w;),

Classification

The aim of the classification process is to predict the emotion
class of unseen data samples after the training phase. In our
case, the labels are represented by the six emotion classes.
The learning process of the Gamma-GWR is unsupervised,
i.e. sample labels are not used for the formation of visual
representations. Therefore, we associate symbolic labels with
neural weights during the learning process in G/ as proposed
in [20]. After the training phase, it is expected that each
neuron in G/ is attached to the label that better represents the
activation of that neuron according to labels of the training set.

During the prediction phase, unlabeled novel samples are
processed by the hierarchical architecture, yielding patterns of
neural weight activations. For 10 processed input frames, one
best-matching neuron in G/ will activate according to Eq. 3,
so that the predicted label consists of the label attached to that
neuron.

EXPERIMENTAL RESULTS

We now describe the Body Expressions of Emotion (BEE)
dataset, the labeling process, and the evaluation of emotion
recognition of our system with respect to human performance.
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Figure 1. Our neural learning architecture with a hierarchy of self-organizing networks. The first layer processes separately pose and motion features
from individual frames, whereas in the second layer a recurrent network learns the spatio-temporal structure of the joint pose-motion representations.

BEE Dataset

We collected a data corpus consisting of six affective states:
anger, fear, happiness, neutral, sadness, and surprise. Nine-
teen participants took part in the data recordings (fourteen
male, five female, age ranging from 21 to 33). The participants
were students at the University of Hamburg, Germany and all
of them declared not to have suffered any physical injury re-
sulting in motor impairments. Participants came from nine
different countries, resulting in multiple ways of expressing
body emotions according to different cultural backgrounds.

The HRI set-up consisted of two humanoid robots Nao stand-
ing on a table. One of the robots had a depth sensor Asus Xtion
mounted on top to capture depth map video sequences (Fig.2).
Experiments started with participants facing this Nao at a dis-
tance of 3.5 meters. A second Nao was placed on the side and
used only for the purpose of interaction so that the person will
be captured from both a frontal and a side view. The sensor
captured the participant while walking from the front, the back,
as well as the side. First, emotionally neutral body motion
was recorded to serve as a baseline. Then, the six emotions
were recorded using different scenarios. In order to trigger
spontaneous behavior during their performance, participants
were described a brief scenario to take inspiration from. For
instance, in the case of Fear participants were told: "Someone
has just broken into your apartment and you are very scared.
Walk slowly towards the robot so that no one will hear you
and ask him to call the police." Each participant performed
the same emotion five times, for a total of 30 sequences per
participant (570 in total).

The use of a depth sensor has two main advantages: i) the
detection of body motion is robust to light changes and ii) it
allows to estimate a 3D skeleton model in real time for the
subsequent processing of body motion patterns (see Fig. 3).
From the depth map videos, we extracted the 3D skeleton
information using OpenNI/NITE ! and pre-processed 11 body
joints of interest: head, neck, torso, left shoulder, right shoul-
der, left elbow, right elbow, left hand, right hand, left hip, and
right hip. These joints were selected based on their influence
in conveying emotions from body motion [5]. Body joints
were captured using the absolute coordinates with respect to

1 OpenNI/NITE: https://structure.io/openni
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Figure 2. The data collection set-up with a humanoid robot Nao and a
depth sensor.

the sensor’s position. In order to yield invariance to transla-
tion, we post-processed all the joints using the coordinates of
the torso as the reference point. Videos were captured with
a 640 x 480 image resolution at 30 frames per second. To
reduce noise, we computed the median every 3 frames, thus
resulting in body motion sequences at 10 frames per second.

Neural Network Training

To evaluate the classification accuracy of our system, we
trained on 60% of the video sequences and tested on the re-
maining 40%. We empirically defined a set of neural network
parameters that yielded the best classification accuracy. For
the three networks G*, GM, and G' we used the training pa-
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Figure 3. : A side view (right) and a frontal view (left) of the detected
skeleton with eleven body joints.

Parameter Value

Insertion threshold a7 =0.9

Firing threshold fr=0.1

Learning rates &g =0.1,& =10.001
Training epochs 350

Table 1. Training parameters for the hierarchical neural architecture.

rameters listed in Table 1. Additional GWR parameters were
set according to recommended values in the literature [15].

For the recurrent network G/, we set K = 9 (ie.
each neuron is activated by a sequence of 10 frames),
B = 0.7, and an activation leaky integrator o; =
[0.3,0.2,0.1,0.08,0.06,0.05,0.04,0.03,0.02,0.01]. It has
been shown that 8 € [0.6,0.7] and decreasing values of o
yield minimal temporal quantization error [18]. After the
training, these parameters resulted in networks having the
following number of neurons G© = 6990, G¥ = 3316, and
G' =3878.

Evaluation

After the training session, the overall accuracy of the proposed
Gamma-GWR model on the BEE dataset is 88.8%. The aver-
age classification accuracy, precision, recall, and f-score are
shown in Fig. 4. We also report a confusion matrix (Fig. 5).
To be pointed out is that the correct classification of emotions
is subject to a number of factors which go beyond the proper-
ties of the neural network mechanism used to predict emotion
classes from unseen samples. In fact, the neural network ar-
chitecture learns the latent spatial and temporal structure of
the dataset, and misclassification may be due to the fact that
the body motion patterns are complex and vary significantly
from subject to subject.
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Figure 4. Average classification accuracy, precision, recall, and f-score
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Figure 5. The confusion matrix for the proposed Gamma-GWR model
on the BEE dataset.

In order to qualitatively evaluate the accuracy of our model,
we compared our system with human performance. For this
purpose, we conducted an additional study in which we asked
a number of people that did not take part in the data collection
to label depth map video sequences as one of the six emotion
classes. Fifteen raters took part in this data labeling study
(thirteen male and two female, age ranging from 21 to 37).
The participants were asked to watch depth map sequences
on a desktop monitor and label each sequence according to
the six possible emotion classes. For each participant, each
emotion was displayed five times.

The final ground-truth label of emotion perception was given
according to the most voted emotion class by the human ob-
servers. The majority of observers agreed on the labeling
of the expressed emotion as they were intended during our
data collection. We measured the intraclass correlation coef-
ficient (ICC) [4], which indicated the inter-rater reliability of
quantitative data or the correlation between different raters
voting the same given subjects. In our case, the raters were
the fifteen participants who labeled the emotions from videos
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Figure 6. The confusion matrix for human observers on the BEE dataset.

and the subjects were the six different emotions. Since we had
consistent raters throughout the labeling process, we applied
the two-way random ICC. In this model, each subject was
assessed by a different rater with the raters being randomly
selected, assuming that both were randomly drawn from larger
populations. The following equation was used to measure the
ICC:

2
O

1CC= b
o +02

®)

where Gf indicates the variance of the trait between subjects,
O'y% is the pooled variance within subjects, with 6,3 + GVZV being
the total variance of ratings (i.e. the variance for all ratings,
regardless of whether they are for the same subject or not).

Our obtained average intraclass correlation coefficient was
96.5%, which indicates a high correlation between raters when
exposed to the same subjects. In other words, the reliability
of their observations for recognizing the six emotions is very
high. A comparison between the results obtained by our sys-
tem and the human participants is summarized in Table 2,
showing competitive results. The overall accuracy of emo-
tions recognized by human observers was 90.2% (whereas our
system showed an overall accuracy of 88.8%).

We now analyze the recognition of each emotion from both the
human and the system perspectives. In order to gain insight
into the average recognition error, we computed the percentage
error according to each emotion. Recognition errors show
that humans could not recognize surprise accurately, with
a recognition error of 73.3% compared to 26% of error in
our system. Moreover, there was also a huge difference in
recognition for the neutral state which was recognized more
accurately by humans (93%) with respect to our system (86%).
However, comparing the confusion matrix of our proposed
system (Fig. 5) and the one for the human observers (Fig. 6),
it can be seen that there is no relation in the way that the
model and humans misclassified emotions. Additionally, this
comparison is indicative and our proposed experiments are
subject to a number of limitations.
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System  Human
Accuracy 88.8% 90.2%
Precision 66.3% 70.1%
Recall 68% 70.7%
F-score 66.8% 68.9%

Table 2. A comparison of overall recognition of emotions between our
system and human performance.

First, the collected recordings were acted, which made the
expressed emotions not spontaneous and may be exaggerated
in some cases. The possible improvement could be used to
conduct recordings in a real-world domestic environment. An-
other concern was during the data labeling phase. The videos
were displayed to observers were in depth images. However,
some people found difficulties in recognizing the expressed
emotion in the videos from such images. This issue may be ad-
dressed by showing the videos as RGB images while covering
the face of the performers.

However, the use of RGB images would also compromise the
experiment since one could argue that, in this case, human
observers may use facial cues to facilitate the recognition of
emotions, while the purpose of our study was to assess the
capability of our system to recognize emotions from body
expressions only. A way to extend this experimental design is
to investigate the interplay of body and facial cues in emotion
recognition. We expect the accuracy of the system to increase
significantly if both 3D skeletons and face expressions are used
to classify emotions. In this case, the system may use either
cue if one is missing or combine them to solve ambiguities.

CONCLUSION

Atrtificial systems recognizing emotions and making use of
affective information may significantly improve the overall
HRI experience by triggering pro-active robot behavior as a
response to the user’s emotional state. The recognition of
emotional states from body motion patterns can be particularly
useful in HRI scenarios. First, body expressions may convey
an additional social cue to reinforce or complement facial ex-
pressions. Second, this approach may be preferred when the
user is not facing the sensor at an adequate distance required
to effectively process facial features. We collected a dataset
of six standard emotions and proposed a self-organizing neu-
ral architecture to learn and classify emotional states from
3D skeleton information. The obtained results show that our
system compares with human-like performance for the recog-
nition of emotions from full-body cues only.

The current study may be extended in different directions.
First, in our study we used skeleton information from depth
map video sequences, however, a self-organizing neural ap-
proach have shown state-of-the-art results for learning body
features from raw video containing body motion [20]. Second,
we could investigate the development of a multi-modal emo-
tion recognition scenario, i.e. by taking into account auditory
information that complements the use of visual cues [2]. The
integration of audio-visual stimuli for emotion recognition has
been shown to be very challenging but also strongly promising
for a more natural HRI experience.
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