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Abstract. The current availability of the humanoid robots opens up a wide
range of applications, for instance, in the domain of hospitality the humanoids
can be programmed to behave autonomous ways to provide help to people. The
aspect of the humanoids and the humanness of interaction are key components
of success. We developed a system to endow the humanoid robot Pepper, from
SoftBank Robotics, with the capability of both: identify the emotion state of the
humans and exhibiting emotional states via gestures and postures generated
using a DCGAN model to learn from the human body language and to create
originals body expressions to exhibit like-human movements.
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1 Introduction

The advances in the robotics have allowed that it be part of many areas of the human
develop, even outside of the manufacture and industrial environment [1], constituting
new concepts like social and cognitive robotics, which looking for the development of
autonomous devices which can be companions to the human beings [2]. For this
reason, the development of the humanoid robots destined to be assistance of sick and
elderly people, to increase the interest of learning in the education, and serve as hostess
in hotels, malls, airports, restaurants etc. [3] have opened the door to new research
fields that include form the design until the develop of interaction tools with the
humans.

Within the framework of the research project titled “DESARROLLO DE UN SIS-
TEMA DE INTERACCION HUMANO-HUMANOIDE A TRAVÉS DEL RECONOCI-
MIENTO Y APRENDIZAJE DEL LENGUAJE CORPORAL” [4], which objective was
to develop a system with solutions to endow the humanoid robot Pepper, of SoftBank
Robotics, with capabilities to: first, identify the mood of the human beings decoding
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their body language through the implementation of neural network that classify the
body posture (expressed with the orientation of the body’s joints gotten used the sensor
Kinect V2, and saved in a Euler angles format) in six states: Happy, Sad, Angry,
Reflexive, Surprised and a Normal state used to classify all different body gestures that
could express an human being and don’t belong to one of the another five categories.

Second, to perform speech recognition using algorithms based in neural networks;
the system generates answers in natural language (verbal answers) coherent with the
mood or the speech detected; complementing to the verbal answers is execute a motion
sequences on the robot to express non-verbal messages exhibiting emotional states that
can be interpreted by the humans beings with a psychological meaning. The Fig. 1
shows the flowchart of the system.

This paper is based in the implementation of a Deep Convolutional Generative
Adversarial Network (DCGAN) model generating body gestures through the huma-
noid Pepper can express emotional states complementing the verbal answers in
response to the mood detected or the current speech with the persons. The Sect. 2
explains the theoretical concepts of the GAN model, in the Sect. 3 is showed the
methodology used to create the database and the Sect. 5 shows the DC-GAN network
designed. The results are showed in the Sect. 5 and finally are described some con-
clusions of the work proposed in the Sect. 6.

2 Background

The Generative Adversarial Network (GAN) is a relatively new architecture of the
neural networks developed by Ian Goodfellow and his coworkers of the University of
Montreal in 2014 [5]. The GAN model attends to the non-supervised learning problem,
in which the algorithm learns of its mistakes and tries not to reproduce them in the
future, implementing two neural networks known as Generator and Discriminator; the
both compete and collaborate each other to learn how perform their tasks.

Fig. 1. Flowchart of the system proposed in [4].
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The GAN model can be explained how the case of a counterfeiter (Generative
Network) and a policeman (Discriminative network). The counterfeiter creates and
shows to the policeman “fake money” (the data); the policeman gives to the coun-
terfeiter a feedback saying if the money is real or not. Now, the counterfeiter elaborates
new fake data using the information gotten by the policeman, and shows the new fake
data to him, the cycle continue until the policeman is cheated by the counterfeiter with
a fake data very similar to the real [6].

The train process of the GAN model is performed through a iterative methodology
which starts creating fake data using the Generative network, then is trained the Dis-
criminative network using the real data and the fake data created previously; finally is
trained the Generative network using the Adversarial model which is the Generative
network chained with the Discriminative network, in this step the weights of the
Discriminative network don’t be modified with the intention that the network can
determined if the data is real or not. The Fig. 2 shows the train process described.

The GAN model can be applied to different neural models, one of them is the
DCGAN (see Fig. 3) which takes like input one hundred random numbers with a
uniform distribution to draw an image using deconvolutional layers, and then extract

Fig. 2. Train process of the GAN model.
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features of this images using convolutional and fully connect layers which are com-
ponents of the Convolutional Networks [6].

3 Data Collection and Creating the Database

Was necessary to create three databases sets to develop the system proposed, one of
them used to perform a speech recognition feature with the possible conversations that
could take place between the humans and the robot Pepper based in the interaction with
personal assistance systems like “Siri” and “Cortana”. Also was developed a software
tool which, using the sensor Kinect V2 of Microsoft and applying Skeleton Tracking
allowed to create two databases sets used to train the features of the emotions recog-
nition and to generate body gestures, used to train the DCGAN model, composed by
angular values that describe the orientations of the body joints.

3.1 Data Collection Process: Skeleton Tracking

The Skeleton Tracking is an algorithm that can identify gestures and/or body postures
[7]. The sensor Kinect V2, can detect the head, neck, elbows, wrists and hands; also,
the spin and hips, knees, ankles and feet. See Fig. 4.

Fig. 3. DCGAN model [6].

Fig. 4. Body joints detected using skeleton tracking [7].
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The process to get the interest data start catching a new color frame in which is
looking for one or more bodies, then is selected the nearest body to the sensor to
compute the spatial position and the orientation of each body joint saving this infor-
mation. The process is described with the flowchart of the Fig. 5.

The body detected is represented using the spatial position of each joint, drawing
likes (bones) between two contiguous joints. The bones can be green if the joints have
been correctly detected or red if one of the haven’t been, see Fig. 6.

3.2 Creating Database

Was developed a software tool using python with the wrappers PyQt, pygame and
pykinect V2 among others, which were created 32 motion sequences (body gestures)
using the Kinect V2 sensor to record and save for a few seconds the Euler angles [Roll,
Pitch, Yaw] of the body joints while a human is performing a body gestures, the Fig. 7
shows some of the body gestures expressed by the author and reproduced by the robot

Fig. 5. Skeleton tracking flowchart.

Fig. 6. Skeleton tracking representation. (Color figure online)
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(a) (b)

Fig. 7. (a) Body gesture expressing a regard. (b) Body gesture expressing a victory shout
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Pepper (in mirror mode reference to the human expressions) using the simulator
developed in the software Choregraphe designed by SoftBank Robotics to program
behaviors on the robot.

The total of angles saved to each motion sequence corresponds to a matrix 40
arrays which get each one has 16 angles, the following Table 1 shows the angles
tracked, these angles are corresponding to the Pepper’s degrees of freedom. The data
saved contains negative and positive values normalized into a distribution between
[−1.0, 1.0].

4 Generation of Body Gestures Implementing the DCGAN
Model

Was implemented a DCGAN model (see Fig. 8), due to the structure of the data is
similar to a gray image, using the advantages of the convolutional layers was easier
extract features of the fake and real data to perform the creation of new data similar to
the real. The idea to create new motion sequences had as objectives to increase the
database of body gestures with the intention to express originality and sensation of
spontaneous behavior by the robot performing movements with the same psychological
meaning but different in their execution while the interaction with the humans.

Table 1. Joins angles to control the robot Pepper.

Joint Roll Pitch Yaw

Head X ¼ 0
R & L Shoulders X X
R & L Elbow X X
R & L Wrist X
R & L Hand Close (1.0)/Open (0.0)
Hip X X

Fig. 8. DCGAN model structure.
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4.1 Generative Neural Network

This network synthesizes the fake motion sequences (new body gestures), starting from
a 100-dimensional noise with a uniform distribution between [–1.0, 1.0] using the
deconvolutional layers. The network designed has four layers and the output, uses a
kernel of 4 � 4, the dimension of the data is increased in a factor of two using up-
sampling to get better the tuning of the data; with the same factor is decreased the
quantity of kernels used, the Fig. 9 shows how is synthesizing the data by the network.
Between each layer is used the batch normalization to stabilized the learning, the
activation function used is Hyperbolic Tangent (tanh) due to the need to have positives
and negatives data.

The data created is saved after it has been denormalized multiplying by the max-
imum value of the real data.

4.2 Discriminative Neural Network

This network is a Deep Convolutional Neural Network (DCNN) which decide if the
data is real or not. The input is a matrix of 40 � 16 (motion sequence) and the output is
determined by the Sigmoidal activation function which determine the probability of
how real or fake is the data (0.0 means completely fake and 1.0 means completely real).
This model is different to a normal DCNN because doesn’t use max-pooling, instead of
this, implement up-sampling to perform a descending sampling using the same size of
the kernel and strides that the Generator network, i.e. kernel window of 4 � 4 and
strides of 2. Is used LeakyRelu as activation function of the layers (except the output
layer) and was implemented dropout between them to prevent the overfitting. The
Fig. 10 shows the changing of the data through the network.

Fig. 9. Generative neural network.
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4.3 Generative Adversarial Model Training

The both networks, Generative and Discriminative, compose the Adversarial Model.
To guarantee the correct training of the model is necessary create a second model, the
Discriminative Model using just the Discriminative Network because is not desired
change the weights of this network during the training of the Generative network. The
bot models were trained using the Root Mean Square Backpropagation (RMSprop)
with the parameters showed in the following Table 2.

To train the model were copied the 32 original motion sequences to form a 3200
examples dataset. In each iteration were randomly selected 64 examples to try to have
different expression to tune the generative network and generate new body expressions
similar to the originals.

The Fig. 11 shows the performing of the training which can be conclude that the
Discriminative Model starts with a high accuracy classifying the data as real or fake,
but at the end of the 1000 epochs it starts to be cheated decreasing its accuracy. On the
other hand, the Adversarial Model (in which is trained the Generative Network) goes
increasing its accuracy creating data more similar to the real, and also its Loss is
decreasing while the develop of the training.

Fig. 10. Discriminative neural network.

Table 2. Training parameters of DCGAN model.

Train parameter Discriminative model Adversarial model

Learning rate 2e−4 1e−4
Decay 6e−8 3e−8
Loss function:
Binary cross entropy

H y; ŷð Þ ¼ �P

i
yi � logŷi � 1� yið Þ � log 1� ŷið Þ
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5 Results

The Fig. 12 shows a comparation of the DCGAN model’s performance, gotten in the
first epochs sequences of angles values pretty erratic but with the developing of the
training were synthesized sequences soft changes. The Fig. 13 shows some examples
of the data created by the DCGAN model during the training reproduced by the robot.

The Fig. 14 compares a motion sequences developed by the author and a created by
the DCGAN model reproduced by the robot expressing a regard using the right arm
(mirror mode) having remarkable differences like the stretching of the arm and incli-
nation of the body.

Fig. 11. DCGAN model training – Loss (on the Left) and Accuracy (on the Right).

Fig. 12. Data generated in the first epoch (on the left) and in the last epoch (on the right).
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(a)

(b)

(c)

Fig. 13. (a) Motion sequences generated in the training epoch 1. (b) Motion sequences
generated in the training epoch 700. (c) Motion sequences generated in the training epoch 1000.
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Finally, the Fig. 15 shows an example of the system using the feature of the
emotion recognition generating a response with natural language and body gestures, to
be reproduced by the robot, associated with the emotion detected, “Sad” in this case.

Fig. 14. Real motion sequence vs DCGAN motion sequence (Red frame). (Color figure online)

Fig. 15. Response to the emotion detected Sad: “Don’t be sad, cheer up”.
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6 Conclusions

The motion sequences generated by the GAN model express an equivalent meaning
than the motion sequences created by the author, increasing the database with body
gestures that have psychological meaning interpreted by the humans beings.

There are differences between the data generated compared to the real data, as was
expected and desired, creating motion sequences to give a sensation of spontaneous
responses when the robot interact whit the humans beings.
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