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RESUMEN 

 

 

En esta tesis se propone un método para desarrollar el ciclo de caminata de un robot. 

El robot usado para este propósito es el robot NAO, el cual es desarrollado por 
ALDEBARAN ROBOTICS. Este robot fue seleccionado no solo debido al número de 
grados de libertad que posee, sino que también, debido a la interfaz que tiene en Python 
que es de fácil manejo. 

La técnica elegida para esta tesis, es un algoritmo de la familia de los de aprendizaje 
automático, se trata de Aprendizaje Reforzado, esto complementado con el uso de redes 
neuronales artificiales. El software usado es Python con ayuda de la librería Keras que 
a su vez está montado en Theano. 

El producto final es un algoritmo que le permite al robot aprender posturas 
(configuraciones específicas de las articulaciones) usando únicamente módulos 
simples de movimiento y a través de la combinación de estas posturas, lograr que el 
robot camine. 
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ABSTRACT 

 

 

In this Thesis a method for developing a gait cycle in a robot is proposed. 

The robot used for this purpose is the NAO which is developed by ALDEBARAN 
ROBOTICS, it was selected not only because the number of DoF (Degrees of Freedom), 
but also because its friendly interface on Python. 

The technique used in this thesis is a machine learning algorithm, Reinforcement 
Learning, complemented with the use of Artificial Neural Networks. The software used 
was Keras backend with Theano on Python. 

The final product is an algorithm that allows a robot to learn poses (single 
configurations of its joints) using simple module of movement and to learn to walk 
finding the combination of these poses. 
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1 INTRODUCTION 
 

Biped robots are designed with a physical structure that tries to emulate a human being, 
this with the purpose of providing versatility in terms of movement, in such a way that 
these robots can move through irregular terrains and are better adapted than wheel 
robots (Shirashaka, Machida, & Igarashi, 2006). 

This kind of robots are easily adapted to the human environment due their locomotion 
and we humans can adapt easily to their interaction because of their similarity in term 
of physical structure. 

Biped robots are thought to perform tasks for us, however giving to their cinematic 
complexity (more than twenty degrees of freedom) the methods to control them are 
high complex, and it is this level of complexity and their extensive potential that make 
this kind of robots a recurrent theme of study for many researchers both in the robotics 
area and the artificial intelligence area, each proposing new control methods that offer 
better velocity of displacement, better stability or the capacity of walking in different 
terrains. 

 

Figure 1-1. A human-like robot  
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1.1 General Objective 
 

Given a set of ZMP regions enable a biped robot to find a convenient gait cycle. 

 

1.2 Specific Objectives 
 

 To propose a suitable neural architecture. 
 The robot should reach a fixed distance in the shortest time. 
 To generalize the definitions of the actions, states and rewards  
 To generate walks showing a stable behavior. 
 The robot should not fall down until it reaches its goal (a given distance). 

 

 

1.3 Motivation 
 

In the literature is possible to find a huge amount of articles related with the biped 
robots control, many of which propose highly complex techniques achieving good 
performance. (Ill-Woo, Jung-Yup, & Jungho, 2006) (Qiang, Kazuhito, & Shuuji, 2001) 
(Soon Beng Tay, 2009) 

Only a small amount of these published articles are those that use machine learning 
algorithms, such as reinforcement learning (RL), to achieve the control of the gait cycle 
of a biped robot even when in my personal opinion we can achieve good result with this 
approach. (Veloso & Meriçli, 2010) (Jing-Ling, Yu-Jen, & Kao-Shing, 2016) 

Because of the above, the goal of this work is to develop a learning system that allows a 
biped robot to perform the walking cycle with a performance at least as good as the 
conventional current methods.  
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1.4 Justification 
 

Conventional control methods of the biped robots involve many parameters such as the 
length of the robot, its weight, the speed at which the engines respond, its center of 
mass or its center of gravity, etc. That is, the design of a control strategy that is specific 
for a robot, with particular parameters of that robot, whereby the strategy that 
originally designed for a robot X will work in a robot Y if and only if the parameters of 
the robot Y are the same or at least similar to the ones in X; however if the parameters 
of robot Y are different, the control strategy that was used in the robot X will not be 
applicable to the robot Y and a new control has to be designed, this time considering 
only robot Y. 

We are talking about strategies that even when they work they are not versatile and 
trying to generalize them becomes a very complicated task. 

Having said this, the effort to develop a control strategy that is versatile enough to be 
applicable in different robots without any substantial modification on its structure, 
makes sense and is precisely on that opportunity niche that our proposal is idea born; 
the idea of using self-learning algorithms to overcome such limitations. 

In this work we opt for the reinforced learning method because the way it works is very 
similar to the way humans learn, that is, through trial and error. 

If we are designing robots with a physical structure similar to us seems prudent to 
design mechanisms that allow a robot to learn in the same way we humans learn. 
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1.5 Novelty 
 

In this thesis we are seeking to deal with the control of a robot gait cycle in a different 
way; even when it is true that there are several written works that have used 
Reinforcement Learning (RL) algorithms to solve the gait control problem, our proposal 
is different in that we start  from a collection of configurations of the robot joints 
(poses), and then we ask the agent to find a sequence of poses that let it reach the 
longest distance in the shortest time, of course taking care every at every moment of 
not falling down. 

So we basically focus on measuring the distance that the robot traveled, while other 
works pay more attention in completing a cycle, often determined by the ZMP (Zero 
Moment Point). They achieve its objective, but they do it very slow. (Jing-Ling, Yu-Jen, 
& Kao-Shing, 2016) 

 

1.6 Relevance 
 

At the time one wants to solve a problem that has already been studied for a long time, 
one seeks to face it in a different way, as the saying goes, “if you want a different result,     
you have to try a different approach”, so when changing the classical approach and 
using reinforcement learning algorithms combined with artificial neural networks, 
besides establishing the action available for the robot as poses, we aim to get at least 
the same performance than the classical approach and a better result of the current 
works where reinforcement learning is used, better results in terms of speed 
displacement, with the extra benefit that the same learning structure designed for a 
robot X will be applicable to a robot Y or Z. 

 

1.7 Initial Conditions 
 

The algorithm will be tested in a NAO robot simulated in Webots. 

The code is run in python with the library keras. 

 Every test will have the same conditions: 
 The floor is flat. 
 The distance between the robot and the wall is 130 cm 
 Starts from a “home position”, StandInit pose 
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1.8 Proposed Solution 
 

We propose a learning framework divided by levels, from the base level, first level, 
through the third level. Each of the levels is formed by modules of knowledge, the 
module of the base level are given by us, however we expect the modules in the upper 
levels are learned by the system itself. The tool to achieve it is the use of reinforcement 
learning, for instance if we ask the system to learn some module of the second level, our 
system will use the modules of the previous level and a given reward to complete the 
module. 

Based on this framework in order the robot to walk we are going to ask the system to 
learn the first level modules, that are called poses, these poses are based on ZMP 
criterion in such a way that our framework will have twelve different poses based on 
ZMP, once we have the poses our system will combine them in different orders until the 
robot will be able to walk.  

As it was said the communication between the levels is through reinforcement learning, 
so we expect to maximize a given reward that in the case of the poses is a location of the 
ZMP and in the case of walking is the distance.  

We expect after many tries and errors, falls and uprisings the robot will find a way to 
cover the larger distance in the lesser time. 

 

 

1.9 Thesis Organization 
 

In the chapter of the state of the art you will find a compilation of some recent works 
about the control of a biped robot, it is divided in three subchapter each one 
corresponding to one different approach, classical, ZMP and alternative approaches. 

In the next chapter theoretical framework, you will find a few backup concepts. The 
concept of a bipedal robot and its different kind of walking, the concept of the gait cycle 
as well as the phases and events of the cycle. You can also find the notion of 
reinforcement learning and specifically q-learning. Some information about the neural 
networks and at the end of the chapter the combination of both q-learning and artificial 
neural networks. 
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Once we know the recent works in the area and we understand the concepts involved 
in the problem we can propose a work methodology, that is why in the next chapter 
methodology we expose our vison of solving the problem of the gait cycle of a robot (but 
not restricted only for that problem), how the different knowledge modules are 
designed and the learned in the leaning framework, and the most important how these 
modules will lead the robot to achieve a complete gait cycle. 

Later on in the chapter of experimentation, we will show the results of the methodology 
applied in a virtual robot, you can find the results, after training the algorithm, of both 
the first level and the second to finally compare the results to measure the performance 
of our algorithm. 

In the conclusion and future work you can find a summary of the results and a prospect 
of the paths that can be followed from this work. 

At the end of the thesis you will find all of the references and a small appendix of some 
technical issues of the NAO robot. 
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2 STATE OF THE ART 
 

In this section we will present a brief summary of the latest works in the bipedal robot 
gait cycle research in order to have a better understanding of the problem and to 
emphasize the fact that the problem has been addressed in many different ways. 

 

2.1 Classical Approaches 
 

Early biped walking of robots involved static walking with a very low walking speed. 
(Jung-Yup, Ill-Woo, & Jun-Ho, 2007) The step time was over 10 seconds per step and 
the balance control strategy was performed through the use of COG (Center Of Gravity). 
Here the projected point of COG onto the ground always falls within the supporting 
polygon that is made by two feet. During the static walking, the robot can stop the 
walking motion any time without falling down. The disadvantage of static walking is 
that the motion is too slow and wide for shifting the COG. 

Below, there are some recent works solving the problem of biped walking based on 
classical approaches. 

The paper “Walking Control Algorithm of Biped Humanoid Robot on Uneven and 
Inclined Floor” (Jung-Yup, Ill-Woo, & Jun-Ho, 2007) describes a walking control 
algorithm for biped humanoid robots that considers an uneven and inclined floor. Some 
online controllers worked well for a slightly uneven and inclined floor, but the robot 
immediately fell down when the floor inclinations exceeded a certain threshold. Hence, 
six online controllers (upright pose controller, landing angular momentum controller, 
landing shock absorber, landing timing controller, landing position controller, and 
vibration reduction controller) were developed, designed through simple mathematical 
models and experiments, and then suitable activation periods were planned in a 
walking cycle. Each online controller has a clear objective and the controllers are 
decoupled from each other. To validate the performance of the online controllers, 
walking experiments on an uneven and inclined aluminum plate were performed.  



8 
 

 

Figure 2-1. forward walking of KHR-2 on uneven room floor. (Jung-Yup, Ill-Woo, & Jun-Ho, 2007) 

“Planning Walking Patterns for a Biped Robot” (Qiang, Kazuhito, & Shuuji, 2001) 
describes a proposed method for planning walking patterns, which includes the ground 
conditions, dynamic stability constraint, and relationship between walking patterns 
and actuator specifications. They generate Hip and foot trajectories and based on the 
computation of the Zero Moment Point they select the most stable trajectory. As a result 
of this approach, the system can adjust to the ground condition by adjusting the values 
of foot parameters. The system was validated using a dynamic simulator and a real 
robot. 

 

Figure 2-2. Planning Walking Patterns for a Biped Robot results. (Qiang, Kazuhito, & Shuuji, 2001) 
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In “Online Free Walking Trajectory Generation for Biped” (Ill-Woo, Jung-Yup, & Jungho, 
2006) an online gait trajectory generation method is proposed. The gait trajectory has 
continuity, smoothness in variable period and stride to realize the various bipedal 
walking gaits. The method is proven by simulation and experiment. 

 

2.2 Alternative Approaches 
 

In this section we will present some recent works solving the problem of biped walking 
based on alternative approaches. 

In the paper “Programmable Central Pattern Generators: an application to biped 
locomotion control” (Righetti & Jan Ijspeert, 2006) given a sample trajectory they use 
several coupled generic Central Pattern Generators (CPG) to control a bipedal robot. 
They use one CPG for each Degree of Freedom.  They show that starting from a sample 
trajectory a controller can be build that modulates the speed of locomotion and the step 
length of a robot. 

 

Figure 2-3. Structure of the CPG for the humanoid robot. (Righetti & Jan Ijspeert, 2006) 

 

 

 



10 
 

“Simplified Walking: A New Way to Generate Flexible Biped Patterns” (Veloso, Jinsu, & 
Xiaoping, 2009) In this paper the authors introduce the concept of simplified walking 
to describe the complete biped motions with the unit of a walking step, The 
performance of this work is exceptional they designed several motions including 
forward, sideways walking, turning and so on. 

 

Figure 2-4. Steps connection. (Veloso, Jinsu, & Xiaoping, 2009) 

 

On “Aprendizaje automático de modos de caminar para un robot humanoide” (M. Cañas, 
M. Rivas, & González, 2009), a Central Pattern Generator is used to model the gait of the 
robot. To achieve it, a quality function combines diverse parameters in order to allow 
the robot to search for an optimal gait. At the end the robot can walk quickly and with 
stability. 

 

Figure 2-5. Gait evaluator based on simulation. (M. Cañas, M. Rivas, & González, 2009) 
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On “Biped Walk Learning on Nao through Playback and Real-time Corrective 
Demonstration” (Veloso & Meriçli, 2010) they record a complete gait cycle from a given 
walk algorithm. Once they have it they reproduced in a cycle loop, they make real-time 
corrections with human feedback. 

 

 

Figure 2-6. Real-time Correction. (Veloso & Meriçli, 2010) 

In “The Study on the Learning of Walking Gaits for Biped Robots” (Kao-Shing, Keng-Hao, 
& Jia-Yan, The Study on the Learning of Walking Gaits for Biped Robots, 2013) a robot 
learns how to walk without prior knowledge of explicit dynamics model. Initially they 
have a large collection of poses, but with the use of reinforcement learning the authors 
can reduce the number of poses available, so the robot can walk. All of the poses are 
previously defined, counting more than 50 and none of them make the robot falls.  

 

 

  

Figure 2-7. Pose Reduction Results. (Kao-Shing, Keng-Hao, & Jia-Yan, The Study 
on the Learning of Walking Gaits for Biped Robots, 2013) 
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2.3 Zero Moment Point Approaches 
 

In general, the walking control strategies using the ZMP can be divided into two 
approaches.  

First, the robot can be modeled by considering many point masses, the locations of the 
point masses and the mass moments of inertia of the linkages. The walking pattern is 
then calculated by solving ZMP dynamics derived from the robot model with a desired 
ZMP trajectory. During walking, sensory feedback is used to control the robot.  

In the second approach, the robot is modeled by a simple mathematical model such as 
an inverted pendulum system, and then the walking pattern is designed based on the 
limited information of a simple model and experimental hand tuning. During walking, 
many kinds of online controllers are activated to compensate the walking motion 
through the use of various sensory feedback data including the ZMP.  

The first approach can derive a precise walking pattern that satisfies the desired ZMP 
trajectory, but it is hard to generate the walking pattern in real-time due to the large 
calculation burden. Further, if the mathematical model is different from the real robot, 
the performance is diminished. On the contrary, the second approach can easily 
generate the walking pattern online. However, many kinds of online controllers are 
needed to compensate the walking pattern in real-time, because the prescribed walking 
pattern cannot satisfy the desired ZMP trajectory. In addition, this method depends 
strongly on the sensory feedback, and hence the walking ability is limited to the sensor’s 
performance and requires considerable experimental hand tuning. (Jung-Yup, Ill-Woo, 
& Jun-Ho, 2007) 

 

Figure 2-8. ZMP concept 
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Below, there are some recent works solving the problem of biped walking based on 
ZMP approaches. 

In the paper “Omnidirectional Walking Using ZMP and Preview Control for the NAO 
Humanoid Robot” (Strom, Slavov, & Chown, 2010) the authors design an 
omnidirectional ZMP-based engine to control a NAO robot, they use an inverted 
pendulum model, to generate, with a preview controller, dynamically balanced center 
of mass trajectories. The importance of this work lies in the implementation on a NAO 
robot, the authors explain that even when ZPM, omnidirectional walking and preview 
control have been explored extensively in many articles they do not provide detailed 
working of the walk engine, the results are often based on simulated experiments. 

 

Figure 2-9. various coordinate frames in single support mode. (Strom, Slavov, & Chown, 2010) 

In the paper “Zero-Moment Point on a Bipedal Robot under Bio-Inspired Walking 
Control” (Van der Noot & Barrera, 2014) the authors compute the Zero-Moment Point 
on a robot walking with a human-like gait obtained from a bio-inspired controller. They 
design a 2D and a 3D walking gait showing better performance on 2D as an extra 
addition the computation time reached in this work is around 0.0014ms. 

 

Figure 2-10. ZMP location between single support phase and double support phase. (Dekker, 2009) 
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In the paper “Biped Balance Control by Reinforcement Learning” (Kao-Shing, Jin-Ling, 
& Jhe-Syun, 2016) the authors present a method for the biped walking using 
reinforcement learning, this method uses the motion of the robot arms and leg to shift 
the ZMP on the soles of the robot, the algorithm is implemented in both a simulated 
robot and a real robot. 

 

Figure 2-11. Simulation Environment. (Kao-Shing, Jin-Ling, & Jhe-Syun, 2016) 

The paper “Gait Balance and Acceleration of a Biped Robot Based on q-learning” (Jin-
Ling, Kao-Shing, Wei-Cheng, & Yu-Jen, 2016) is basically an improvement of the above 
work, with the difference that it converges faster because the action space is smaller: 
they reduce from 24 actions to 16 actions. Other than that, the results are almost the 
same.  

 

 

Figure 2-12. "Gait Balance and Acceleration of a Biped Robot" Action State. (Jin-Ling, Kao-Shing, Wei-Cheng, & Yu-Jen, 
Gait Balance and Acceleration of a Biped Robot, 2016) 
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3 THEORETICAL FRAMEWORK 
 

In this chapter we will present relevant information about the biped robots such as the 
concept of the biped robots, the definition and the importance of the bipedal locomotion 
as well as the different types of walking, such as static and dynamic walking and the 
definition and relevance of the Zero Moment Point. 

We also show the concept of the gait cycle, its phases (double support and single 
support) and its events.  

Besides in this section you will find the concept of artificial neural networks, starting 
from the single-input neuron until the multi-layer perceptron. Later on there is an 
explanation of the concept of reinforcement learning, with a special attention on Q-
Learning.  

We will finish this chapter with the concept of deep-reinforcement learning. 

For the thesis we will use artificial neural networks combined with reinforcement 
learning. This combination is used in (Mnih, Kavukcuoglu, Silver, & Graves, 2013) 
where they use a convolutional neural network combined with q-learning and they call 
it deep-reinforcement learning. Nevertheless, here we will use a Multi-Layer 
Perceptron (MLP) instead of .the convolutional neural network but as well as them, we 
will combine it with q-learning.  
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3.1 Biped Robots 
In general, a bipedal locomotion system consists of several members that are 
interconnected with actuated joints. In essence, a man-made walking robot is nothing 
more than a robotic manipulator with a detachable and moving base. 

1 

 

 

Design of bipedal robots has been largely influenced by the most sophisticated and 
versatile biped known to man, the man himself. Therefore, most of the 
models/machines developed bear a strong resemblance to the human body. Almost any 
model or machine can be characterized as having two lower limbs that are connected 
through a central member. 

Although the complexity of the system depends on the number of degrees of freedom, 
the existence of feet structures, upper limbs, etc. It is widely known that even extremely 
simple unactuated systems can generate ambulatory motion. (Hurmuzlu, Génot, & 
Brogliato, 2004) 

 

 

 

                                                           
1 Retrieve from https://www.honda.mx/asimo/ 

Figure 3-1. ASIMO Honda Robot  
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3.2 Bipedal Locomotion 
 

Bipedal locomotion refers to walking on two legs in an upright position, and the ability 
to do that is a trait that scholars use to identify just how human a particular hominin is. 
Our ancestor primates lived in trees and rarely set foot on ground; our ancestor 
hominins moved out of those trees and lived primarily in the savannas. The ability to 
walk upright is thought to be an evolutionary step forward, if you will, and one of the 
hallmarks of being human. 

In order to understand the mechanical bipedal robots mechanics design, is necessary 
first to understand the biped walking process or biped locomotion. This area has been 
studied for a long time, but it is only in the past years, thanks to the fast development 
of computers, that real robots started to walk on two legs. Since then the problem has 
been tackled from different directions. 

2 

Figure 3-2. Asimo demonstrates Bipedal Locomotion 

First, there were robots that used static walking. The control architecture had to make 
sure that the projection of the center of gravity on the ground was always inside the 
foot support area. This approach was abandoned because only slow walking speeds 
could be achieved, and only on flat surfaces. 

Then dynamics walking robots appeared. The center of gravity (or center of mass) can 
be outside of the support area, but the zero momentum point (ZMP), which is the point 
where the total angular momentum is zero, cannot. Dynamic walkers can achieve faster 

                                                           
2 Retrieve from https://www.honda.mx/asimo/ 



18 
 

walking speeds, running, star climbing, execution of successive flips, and even walking 
with no actuators. (Zaldìvar, Rojas, & Cuevas, 2005). 

The problem of providing a bipedal robot with a reliable gait is far from trivial. Thus, 
most work on bipedal robots to date has been focused on locomotion. In general, the 
motion is divided into a single-support phase (with one foot on the ground) and a 
double-support phase. In ordinary human gait, the length of the double-support phase 
lasts for approximately 20% of the step cycle. Simulations are commonly used in 
bipedal robotics in order to test different walking algorithms, and to reduce the risk of 
making costly mistakes in the hardware implementation of a robot. (Wahde & 
Pettersson, 2002) 

 

Figure 3-3. Biped Robot Representation 

 

3.2.1 Static Walking 
 

Locomotion techniques can be divided into two main categories: static and dynamic. 

Robots that use static movement are always balanced; that is, their center of gravity is 
always within their ground contact base. While this technique has been successfully 
used to create many robots (included wheeled ones), it is more akin to wheeled 
movement than true dynamic walking and as such, retains fewer of the advantages. 
While more adept at traversing uneven terrain than most wheeled robots, robots that 
use static walking are very inefficient as power is put into every movement. However, 
robots that use static walking are much easier to control than their dynamic 
counterparts and thus often more viable. 

Static walking assumes that the robot is statically stable. This means that, at any time, 
if all motion is stopped the robot will stay indefinitely in a stable position. It is necessary 
that the projection of the robot’s center of gravity must be contained within the foot 
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support area. The support area is either the feet surface in case of one supporting leg 
or the minimum convex area containing both foot surfaces in case both feet are on the 
ground. These are referred to as single and double support phases, respectively. Also, 
walking speed must be low so that inertial forces are negligible. (Zaldìvar, Rojas, & 
Cuevas, 2005) 

 

 

Figure 3-4. Static Walking (Zaldìvar, Rojas, & Cuevas, 2005) 

This kind of walking requires large feet, strong ankle joints and can achieve only slow 
walking speeds. It has been abandoned by most researchers for dynamic walking, which 
provides more realistic and agile movements. 

 

3.2.2 Dynamic Walking 
 

Dynamic walking is characterized by the robot is not always in balance. Many robots 
that use dynamic walking are continually “falling” and thus much more energy-efficient. 
Dynamic walking requires much more complex control systems in order to not fall. 
Robots utilizing dynamic walking cannot use the same motions at different speeds to 
attain different speeds of movement, but must use entirely different motions at 
different speeds. However, dynamic walking can achieve many more advantages over 
wheeled locomotion. Dynamic walking is found very abundantly in nature.  
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Figure 3-5. Dynamic walking model (Dekker, 2009) 

Biped dynamic walking allows the center of gravity to be outside the support region for 
limited amounts of time. There is no absolute criterion that determines whether 
dynamic walking is stable or not. Indeed a walker can be designed to recover from 
different kinds of instabilities. However, if the robot has active ankle joints and always 
keeps at least one foot flat on the ground then the Zero Momentum Point (ZMP) can be 
used as a stability criterion. 

 

Figure 3-6. Dynamic walking / ZMP (Dekker, 2009) 

The ZMP is the point where the robot’s total moment at the ground is zero. As long the 
ZMP is inside the support region the walking is considered dynamically stable because 
is the only case where the foot can control the robot’s posture. The notion of support 
area does not exist for robots that do not continuously keep at least one foot on the 
ground or that do not have active ankle joints (walking on stilts), therefore the notion 
of support area does not exist, therefore the ZMP criterion cannot applied.  

Dynamic walking is achieved by ensuring that the robot is always rotating around a 
point in the support region. If the robot rotates around a point outside the support 
region then this means that the supporting foot will tend to get off the ground or get 
presses against the ground. Both cases lead to instability. To draw an analogy with static 
walking, if all motion is stopped then the robot will tend to rotate around the ZMP. 
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3.2.3 Zero Moment Point 
 

For biped locomotion, the “Zero-Moment Point” is one of the most used and famous 
terms. It is widely known by the acronym ZMP. Originally, it was defined as follows: 

As the load has the same sign all over the surface, it can be reduced to the resultant force 
FP, the point of attack of which will be in the boundaries of the foot. Let the point on the 
surface of the foot, where the resultant FP passed, be denoted as the Zero-Moment Point.  
 

To clarify this statement, consider a rigid foot with a flat sole which is fully contacting 
and supported by the floor. For simplicity, the influence of the biped is replaced with 
the force FA and the moment MA acting on a point A on the floor. The gravitational 
acceleration is g, acting in the negative z direction. To keep the whole biped in balance: 
in point P the reaction force (equation 3-1) and the moment (equation 3-2) are acting. 

 

    Equation 3.1 

   Equation 3.2 

 

The horizontal reaction force (FPX, FPY) is the friction force that is compensating for the 
horizontal components of force FA. The vertical component of the reaction moment, 
being MPZ, is balancing the vertical component of moment MA and the moment induced 
by the force FA. Assuming there is no slip, the static friction is represented with (FPX, 
FPY) and MPZ. 

Before deriving the equilibrium equations, i.e. the static balance equations, a few 
remarks about the point P. First of all: to compensate for the horizontal components of 
MA, being (MAX, MAY), the point P is shifted in such a way that FPZ is fully compensating 
for them (obviously, with the “arm” (equation 3-3), lying on the floor plane). This 
implies that the horizontal components of MP are reduced to zero. 

    Equation 3.3 
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Hence:  

    Equation 3.4 

 

This equality led to the natural choice of the term Zero-Moment Point. Or in other 
words, all the time the reaction of the ground due to the foot resting on it can be reduced 
to the force FP and vertical component of the moment MPZ; the point P at which the 
reaction force is acting represents ZMP 

 

 

Figure 3-7. Forces and Moments acting on a rigid foot with a flat sole. (Dekker, 2009) 

Secondly, in case the SP is not large enough to include the point P, the force FP will act 
on the foot’s edge and the uncompensated part of MA and FA will result in a rotation 
about that edge which can result in overturning, i.e. falling of the system (biped). With 
this information, the static equilibrium equations can be stated as the conservation of 
forces and of moments around the origin: 

 

FP + FA = 0     Equation 3.5 

pOP * FP + MA + pOA * FA = 0   Equation 3.6 
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The terms pOP and pOA are the vectors from the base-frame-origin OXYZ to respectively 
points P and A. If the base-frame-origin is placed on the XY-plane, provides: 

 

(pOP * FP)XY + (MA)XY + (pOA * FA)XY = 0 Equation 3.7 

 

With the previous equation the position of the ZMP can be computed. However, the 
resulting position of the ZMP does not give an answer to the question: “For the given 
motion the mechanism is in dynamic equilibrium?” The answer to this question is simple: 
When the computed point P, being ZMP, is within the Support Polygon, the mechanism 
is in dynamic equilibrium. This leads to the following criterion: 
(Dekker, 2009) 

 

ZMP Criterion 

In order to achieve a dynamically stable gait, the ZMP should be within the 
support polygon, at every time instance. 
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3.3 Gait Cycle 
 

The act of walking has two basic requisites: 

1. Periodic movement of each foot from one position of support to the next 
2. Sufficient ground reaction forces, applied through the feet, to support the body 

These two elements are necessary for any form of bipedal walking to occur, no matter 
how distorted the pattern may be by underlying pathology. This periodic leg movement 
is the essence of the cyclic nature of human gait. 

 

Figure 3-8. A rotation wheel demonstrates the cyclic nature of forward progression. (Vaughan, Davis, & O'Connor, 
1999) 

Figure 3-8 illustrates the movement of a wheel from left to right. In the position at which 
we first see the wheel, the highlighted spoke points vertically down. (The wheel is not 
stationary here; a snapshot has been taken as the spoke passes through the vertical 
position.) By convention, the beginning of the cycle is referred to as 0%. As the wheel 
continues to move from left to right, the highlighted spoke rotates in a clockwise 
direction. At 20% it has rotated through 72° (20% x 360°), and for each additional 20%, 
it advances another 72°. When the spoke returns to its original position (pointing 
vertically downward), the cycle is complete (this is indicated by 100%). 

This analogy of a wheel can be applied to human gait. When we think of someone 
walking, we picture a cyclic pattern of movement that is repeated over and over, step 
after step. Descriptions of walking are normally confined to a single cycle, with the 
assumption that successive cycles are all about the same. Although this assumption is 
not strictly true, it is a reasonable approximation for most people. Figure below 
illustrates a single cycle for a normal 8 year-old boy. Note that by convention, the cycle 
begins when one of the feet (in this case the right foot) makes contact with the ground. 
(Vaughan, Davis, & O'Connor, 1999) 
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Figure 3-9. The normal gait cycle of an 8-year old boy. (Vaughan, Davis, & O'Connor, 1999) 

 

3.3.1 Gait Phases 
 

There are two main phases in the gait cycle: During stance phase, the foot is on the 
ground, whereas in swing phase that same foot is no longer in contact with the ground 
and the leg is swinging through in preparation for the next foot strike. 

The stance phase may be subdivided into three separate phases: 

1. First double support, when both feet are in contact with the ground 
2. Single limb stance, when the left foot is swinging through and only the right foot 

is in ground contact 
3. Second double support, when both feet are again in ground contact 

Note that though the nomenclature in Figure 3-9 refers to the right side of the body, the 
same terminology would be applied to the left side, which for a normal person is half a 
cycle behind (or ahead of) the right side. Thus, first double support for the right side is 
second double support for the left side, and vice versa. In normal gait there is a natural 
symmetry between the left and right sides. Notice the symmetry in the gait of the 
normal subject between right and left sides in the stance (62%) and swing (38%) 
phases. 

 

Figure 3-10. The time spent on each limb during the gait cycle (Vaughan, Davis, & O'Connor, 1999) 
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3.3.2 Gait Cycle Events 
 

Traditionally the gait cycle has been divided into eight events or periods, five during 
stance phase and three during swing. The names of these events are self-descriptive 
and are based on the movement of the foot. 

In the traditional nomenclature, the stance phase events are as follows: 

1. Heel strike initiates the gait cycle and represents the point at which the body’s 
center of gravity is at its lowest position. 

2. Foot-flat is the time when the plantar surface of the foot touches the ground. 
3. Midstance occurs when the swinging (contralateral) foot passes the stance foot 

and the body’s center of gravity is at its highest position. 
4. Heel-off occurs as the heel loses contact with the ground and pushoff is initiated 

via the triceps surae muscles, which plantar flex the ankle. 
5. Toe-off terminates the stance phase as the foot leaves the ground. 

The swing phase events are as follows: 

6. Acceleration begins as soon as the foot leaves the ground and the subject 
activates the hip flexor muscles to accelerate the leg forward. 

7. Midswing occurs when the foot passes directly beneath the body, coincidental 
with midstance for the other foot. 

8. Deceleration describes the action of the muscles as they slow the leg and stabilize 
the foot in preparation for the next heel strike. (Vaughan, Davis, & O'Connor, 
1999) 

 

Figure 3-11.  Eight main gait cycle events. (Vaughan, Davis, & O'Connor, 1999) 
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3.4 Artificial Neural Networks 
 

Computer scientists have long been inspired by the human brain. In 1943, Warren S. 
McCulloch, a neuroscientist, and Walter Pitts, a logician, developed the first conceptual 
model of an artificial neural network. In their paper, "A logical calculus of the ideas 
imminent in nervous activity” (McCulloch & Pitts, 1943), they describe the concept of a 
neuron, a single cell living in a network of cells that receives inputs, processes those 
inputs, and generates an output. 

Their work, and the work of many scientists and researchers that followed, was not 
meant to accurately describe how the biological brain works. Rather, an artificial neural 
network (which we will now simply refer to as a “neural network”) was designed as a 
computational model based on the brain to solve certain kinds of problems. 

A neural network is a “connectionist” computational system. The computational 
systems we write are procedural; a program starts at the first line of code, executes it, 
and goes on to the next, following instructions in a linear fashion. A true neural network 
does not follow a linear path. Rather, information is processed collectively, in parallel 
throughout a network of nodes (the nodes, in this case, being neurons). 

One of the key elements of a neural network is its ability to learn. A neural network is 
not just a complex system, but a complex adaptive system, meaning it can change its 
internal structure based on the information flowing through it. Typically, this is 
achieved through the adjusting of weights. In the diagram above, each line represents a 
connection between two neurons and indicates the pathway for the flow of information. 
Each connection has a weight, a number that controls the signal between the two 
neurons. If the network generates a “good” output, there is no need to adjust the 
weights. However, if the network generates a “poor” output—an error, so to speak—
then the system adapts, altering the weights in order to improve subsequent results. 
(Shiffman, 2012) 

 

3.4.1 Single-Input Neuron 
 

A single-input neuron is shown below. The scalar input p is multiplied by the scalar 
weight to form wp one of the terms that is sent to the soma. The other input 1, is 
multiplied by a bias b and then passed to the soma. The soma output n often referred to 
as the net input, goes into a transfer function, which produces the scalar neuron output 
a (Some authors use the term “activation function” rather than transfer function and 
“offset” rather than bias.) 
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Figure 3-12. Single-Input Neuron. (Hagan, Demuth, Beale, & De Jesus, 2014) 

The neuron output is calculated as  

    Equation 3.8 

The actual output depends on the particular transfer function that is chosen. The bias 
is much like a weight, except that it has a constant input of 1. Note that w and b are both 
adjustable scalar parameters of the neuron. Typically the transfer function is chosen by 
the designer and then the parameters w and b will be adjusted by some learning rule so 
that the neuron input/output relationship meets some specific goal. 

 

3.4.2 Transfer Functions 
 

The transfer function may be a linear or a nonlinear function of n. A particular transfer 
function is chosen to satisfy some specification of the problem that the neuron is 
attempting to solve. 

The hard limit transfer function, sets the output of the neuron to 0 if the function 
argument is less than 0, or 1 if its argument is greater than or equal to 0. We will use 
this function to create neurons that classify inputs into two distinct categories. 

In table 3-1 the transfer functions are shown. 
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Table 3-1. Transfer Function. (Hagan, Demuth, Beale, & De Jesus, 2014) 
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3.4.3 Multi-Layer Perceptron 
 

Now consider a network with several layers. Each layer has its own weight matrix W, 
its own bias vector b, a net input vector n and an output vector a. We will use 
superscripts to identify the layers. Specifically, we append the number of the layer as a 
superscript to the names for each of these variables. Thus, the weight matrix for the first 
layer is written as W1, and the weight matrix for the second layer is written as W2. This 
notation is used in the three-layer network shown in Figure 3-15. 

 

Figure 3-13. Three-Layer Network. (Hagan, Demuth, Beale, & De Jesus, 2014) 

As shown, there are R inputs, S1 neurons in the first layer, S2 neurons in the second 
layer, etc. As noted, different layers can have different numbers of neurons. 

The outputs of layers one and two are the inputs for layers two and three. Thus layer 2 
can be viewed as a one-layer network with R = S1 inputs, S = S2 neurons, and an S2 x S1 
weight matrix W2. The input to layer 2 is a1, and the output is a2. 

A layer whose output is the network output is called an output layer. The other layers 
are called hidden layers. The network shown above has an output layer (layer 3) and 
two hidden layers (layers 1 and 2). 

Multilayer networks are more powerful than single-layer networks. For instance, a two-
layer network having a sigmoid first layer and a linear second layer can be trained to 
approximate most functions arbitrarily well. Single-layer networks cannot do this. 

At this point, the number of choices to be made in specifying a network may look 
overwhelming, so let us consider this topic. First, recall that the number of inputs to the 
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network and the number of outputs from the network are defined by external problem 
specifications.  

So if there are four external variables to be used as inputs, there are four inputs to the 
network. Similarly, if there are will be seven outputs from the network, there must be 
seven neurons in the output layer. Finally, the desired characteristics of the output 
signal also help to select the transfer function for the output layer. If an output is to be 
either -1 or 1 then a symmetrical hard limit transfer function should be used. Thus, the 
architecture of a single-layer network is almost completely determined by problem 
specifications, including the specific number of inputs and outputs and the particular 
output signal characteristic. (Hagan, Demuth, Beale, & De Jesus, 2014) 

 

3.4.4 Learning Strategies 
 

There are several strategies for learning. 

Supervised Learning —Essentially, a strategy that involves a teacher that is smarter 
than the network itself. For example, let us take the facial recognition example. The 
teacher shows the network a bunch of faces, and the teacher already knows the name 
associated with each face. The network makes its guesses, then the teacher provides 
the network with the answers. The network can then compare its answers to the known 
“correct” ones and make adjustments according to its errors. Our first neural network 
in the next section will follow this model. 

Unsupervised Learning —Required when there is not an example data set with 
known answers. Imagine searching for a hidden pattern in a data set. An application of 
this is clustering, i.e. dividing a set of elements into groups according to some unknown 
pattern. We won’t be looking at any examples of unsupervised learning in this chapter, 
as this strategy is less relevant for our examples. 

Reinforcement Learning —A strategy built on observation. Think of a little mouse 
running through a maze. If it turns left, it gets a piece of cheese; if it turns right, it 
receives a little shock. Presumably, the mouse will learn over time to turn left. Its neural 
network makes a decision with an outcome (turn left or right) and observes its 
environment (yum or ouch). If the observation is negative, the network can adjust its 
weights in order to make a different decision the next time. Reinforcement learning is 
common in robotics. At time t, the robot performs a task and observes the results. 
(Shiffman, 2012) 
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3.5 Reinforcement Learning 
 

Reinforcement learning is the acquisition of knowledge of what to do (how to map 
situations to actions) so as to maximize a numerical reward signal. The learner is not 
told which actions to take, as in most forms of machine learning, but instead must 
discover which actions yield the most reward by trying them. In the most interesting 
and challenging cases, actions may affect not only the immediate reward but also the 
next situation and, through that, all subsequent rewards.  

These two characteristics (trial-and-error search and delayed reward) are the two most 
important distinguishing features of reinforcement learning. 

Reinforcement learning is different from supervised learning, the kind of learning 
studied in most current research in machine learning, statistical pattern recognition, 
and artificial neural networks. Supervised learning is learning from examples provided 
by a knowledgeable external supervisor. This is an important kind of learning, but alone 
it is not adequate for learning from interaction. In interactive problems it is often 
impractical to obtain examples of desired behavior that are both correct and 
representative of all the situations in which the agent has to act. In uncharted territory 
(where one would expect learning to be most beneficial) an agent must be able to learn 
from its own experience. 

 

Figure 3-14. The agent-environment interaction in reinforcement learning. (S. Sutton & G. Barto, 2012) 

The reinforcement learning problem is meant to be a straightforward framing of the 
problem of learning from interaction to achieve a goal. The learner and decision-maker 
is called the agent. The thing it interacts with, comprising everything outside the agent, 
is called the environment. These interact continually, the agent selecting actions and 
the environment responding to those actions and presenting new situations to the 
agent. The environment also gives rise to rewards, special numerical values that the 
agent tries to maximize over time. A complete specification of an environment defines 
a task, one instance of the reinforcement learning problem. (S. Sutton & G. Barto, 2012) 
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3.5.1 Q-Learning 
 

Q-learning, like virtually all RL methods, is one type of algorithm used to calculate state-
action values. It falls under the class of temporal difference (TD) algorithms, which 
suggests that time differences between actions taken and rewards received are 
involved. One of the most important breakthroughs in reinforcement learning was the 
development of an off-policy TD control algorithm known as q-learning. (S. Sutton & G. 
Barto, 2012) 

The problem model consists of an agent, states S and a set of actions per state A. By 
performing an action a ∈ A, the agent can move from state to state. Executing an action 
in a specific state provides the agent with a reward (a numerical score). The goal of the 
agent is to maximize its total reward. It does this by learning which action is optimal for 
each state. The action that is optimal for each state is the action that has the highest 
long-term reward. This reward is a weighted sum of the expected values of the rewards 
of all future steps starting from the current state, where the weight for a step from a 
state ∆t steps into the future is calculated as Υ∆t. Here, Υ is a number between 0 and 1 
(0 ≤ Υ ≤ 1) called the discount factor and trades off the importance of sooner versus 
later rewards. Υ may also be interpreted as the likelihood to succeed (or survive) at 
every step ∆t. 

The algorithm therefore has a function that calculates the quantity of a state-action 
combination: 

𝐐 ∶ 𝐒 × 𝐀 → 𝐑    Equation 3.9 

 

Before learning has started, Q returns an (arbitrary) fixed value, chosen by the designer. 
Then, each time the agent selects an action, and observes a reward and a new state that 
may depend on both the previous state and the selected action, Q is updated. The core 
of the algorithm is a simple value iteration update. It assumes the old value and makes 
a correction based on the new information. 

 

𝑸(𝑺 , 𝒂 ) ← 𝑸(𝑺 , 𝒂 )  + 𝜶 ∗  𝒓 + 𝜸 ∗ max
𝒂

𝑸(𝑺 , 𝒂) − 𝑸(𝑺 , 𝒂 )         Equation 3.10 

 

Where rt+1 is the reward observed after performing at in st, and where αt is the learning 
rate (0 < α ≤ 1). 
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An episode of the algorithm ends when state St+1 is a final state. However, q-learning 
can also learn in non-episodic tasks. If the discount factor is lower than 1, the action 
values are finite even if the problem can contain infinite loops. 

Note that for all final states Sf, Q(Sf, a) is never updated but is set to the reward value r. 
In most cases, Q(Sf, a) can be taken to be equal to zero.3 

The learned action-value function, Q, directly approximates Q*, the optimal action-
value function, independent of the policy being followed. This dramatically simplifies 
the analysis of the algorithm. This dramatically simplifies the analysis of the algorithm 
and enabled early convergence proofs. The policy still has an effect in that it determines 
which state-action pairs are visited and updated. However, all that is required for 
correct convergence is that all pairs continue to be updated, this is a minimal 
requirement in the sense that any method guaranteed to find optimal behavior in the 
general case must require it. Under this assumption and a variant of the usual stochastic 
approximation conditions on the sequence of step-size parameters, Q has been shown 
to converge with probability 1 to Q*. (S. Sutton & G. Barto, 2012) 

 

3.5.2 Variables of the algorithm 
 

The learning rate or step size determines to what extent the newly acquired 
information will override the old information. A factor of 0 will make the agent not learn 
anything, while a factor of 1 would make the agent consider only the most recent 
information. In fully deterministic environments, a learning rate of α=1 is optimal. 
When the problem is stochastic, the algorithm still converges under some technical 
conditions on the learning rate that require it to decrease to zero. In practice, often a 
constant learning rate is used, such as α=0.1. 

The discount factor Υ determines the importance of future rewards. A factor of 0 will 
make the agent "myopic" (or short-sighted) by only considering current rewards, while 
a factor approaching 1 will make it strive for a long-term high reward. If the discount 
factor meets or exceeds 1, the action values may diverge. For Υ =1, without a terminal 
state, or if the agent never reaches one, all environment histories will be infinitely long, 
and utilities with additive, undiscounted rewards will generally be infinite. Even with a 
discount factor only slightly lower than 1, the q-function learning leads to propagation 
of errors and instabilities when the value function is approximated with an artificial 
neural network. In that case, it is known that starting with a lower discount factor and 
increasing it towards its final value yields accelerated learning. 

  

                                                           
3 Retrieved from https://en.wikipedia.org/wiki/Q-learning 
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3.6 Deep Reinforcement Learning 
 

Recent breakthroughs in computer vision and speech recognition have relied on 
efficiently training deep neural networks on very large training sets. The most 
successful approaches are trained directly from the raw inputs, using lightweight 
updates based on stochastic gradient descent. By feeding sufficient data into deep 
neural networks, it is often possible to learn better representations than handcrafted 
features. 

We obtain deep reinforcement learning (deep RL) methods when we use deep neural 
networks to approximate any of the following component of reinforcement learning: 
value function, V (s; θ) or Q(s, a; θ) or simply Q, policy π(a|s; θ), and model (state 
transition and reward). Here, the parameters θ are the weights in deep neural 
networks. When we use ”shallow” models, like linear function, decision trees, tile 
coding and so on as the function approximation, we obtain ”shallow” RL, and the 
parameters θ are the weight parameters in these models. Note, a shallow model, e.g., 
decision trees, may be non-linear. The distinct difference between deep RL and 
”shallow” RL is what function approximation is used. (Li, 2017) 

We usually utilize stochastic gradient descent to update weight parameters in deep RL. 
When off-policy, function approximation, in particular, non-linear function 
approximation, and bootstrapping are combined together, instability and divergence 
may occur (Tsitsiklis & Van Roy, 1997). However, recent work like Deep Q-Network 
(Mnih, Kavukcuoglu, Silver, & Graves, 2013) and AlphaGo (Silver, Huang, & MAddison, 
2016) stabilized the learning and achieved outstanding results. 

The integration of reinforcement learning and neural networks dated back to 1990s 
(Tesauro, 1995). Tesauro’s TD-Gammon architecture provides a starting point for such 
an approach. This architecture updates the parameters of a network that estimates the 
value function, directly from on-policy samples of experience, st; at; rt; st+1; at+1, drawn 
from the algorithm’s interactions with the environment (or by self-play, in the case of 
backgammon). Since this approach was able to outperform the best human 
backgammon players 20 years ago, it is natural to wonder whether two decades of 
hardware improvements, coupled with modern deep neural network architectures and 
scalable RL algorithms might produce significant progress. (Mnih, Kavukcuoglu, Silver, 
& Graves, 2013) 



36 
 

4 

Figure 3-15 Schematic illustration of the convolutional neural network.  

(Mnih, Kavukcuoglu, Silver, & Graves, 2013) Introduced Deep Q-Network (DQN) and 
ignited the field of deep RL. Before DQN, it is well known that RL is unstable or even 
divergent when action-value Q function is approximated with a nonlinear function like 
neural networks. DQN made several important contributions: 

1. Stabilize the training of Q action value function approximation with deep neural 
networks (CNN) using experience replay (Lin, 1992) and target network. 

2. Designing an end-to-end RL approach, with only the pixels and the game score 
as inputs, so that only minimal domain knowledge is required. 

3. Training a flexible network with the same algorithm, network architecture and 
hyperparameters to perform well on many different tasks, i.e., 49 Atari games, 
and outperforming previous algorithms and performing comparably to a human 
professional tester. 

There are several possible ways of parameterizing Q using a neural network. Since 
Q maps history-action pairs to scalar estimates of their q-value, the history and the 
action have been used as inputs to the neural network. The main drawback of this 
type of architecture is that a separate forward pass is required to compute the q-
value of each action, resulting in a cost that scales linearly with the number of 
actions. (Mnih, Kavukcuoglu, Silver, & Graves, 2013) Instead use an architecture in 
which there is a separate output unit for each possible action, and only the state 
representation is an input to the neural network. The outputs correspond to the 
predicted q-values of the individual action for the input state. The main advantage 
of this type of architecture is the ability to compute q-values for all possible actions 
in a given state with only a single forward pass through the network.  

                                                           
4 Retrieved from https://www.nature.com/nature/journal/v518/n7540/full/nature14236.html 
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3.6.1 Experience Replay 
 

Reinforcement learning is a trial-and-error method, and thus may result in undesirable 
damages to the learning agent in a hostile environment. The faster the agent learns, the 
less damage the agent is likely to suffer. Generally speaking, temporal difference 
learning is a slow process for temporal credit assignment, especially when credits must 
be propagated through a long action sequence. An experience is a quadruple, (st, a, st+1, 
r), meaning that the execution of an action a in a state st results in a new state st+1 and 
reinforcement r. A lesson is a temporal sequence of experiences starting from an initial 
state to a final state, where the goal may or may not be achieved. (Lin, 1992) 

In the article of DeepMind (Mnih, Kavukcuoglu, Silver, & Graves, 2013), the authors use 
a technique to let the algorithm to converge, experience replay. How it works? During 
the run of the algorithm all the experiences < st, a, r, st+1 > are stored in a replay memory. 
When training the network, random mini batches from the replay memory are used 
instead of the most recent transition.  

By experience replay, the learning agent simply remembers its past experiences and 
repeatedly presents the experiences to its learning algorithm as if the agent 
experienced again and again what it had experienced before. This breaks the similarity 
of subsequent training samples, which otherwise might drive the network into a local 
minimum. Also experience replay makes the training task more similar to usual 
supervised learning, which simplifies debugging and testing the algorithm. One could 
actually collect all those experiences from human gameplay and then train network on 
these5. 

 

  

                                                           
5 Retrieved from https://www.nervanasys.com/demystifying-deep-reinforcement-learning/ 



38 
 

4 METHODOLOGY 
 

On this chapter you will find our proposal of solution, starting with the general vision 
because, even when the thesis is focus in solving the problem of the walking of a biped 
robot, it is based in a greater vision. 

You will also find a section where we will delimit our approach. Later on we will show 
the definition of the base level modules, which are the modules that interact with the 
robot increasing or decreasing a specific joint in a small amount, and how they are 
learned by the robot. 

Afterwards there will be the definition of the second level modules, which are the poses, 
and the way they are learned by the robot. In both cases, first and second level modules, 
there is a proposal of the size of the Q-Network so the activation function of each of the 
layers.  

 

4.1 General Vision 
 

As we have seen in the state of the art, there are plenty of written work about the biped 
robot control; It is very important to come up with a better strategy to overcome this 
problem, since it is a hard task to try to manage complex kinematics such this as having 
more than 20 grades of freedom in this kind of robots. 

In some areas of computer science such as structured programming or structures 
analysis, it is necessary to use what is called Decomposition. Decomposition means 
breaking a complex problem or system into parts that are easier to conceive, 
understand, program, and maintain6. In other words divide a large problem into many 
smaller ones. 

                                                           
6 Retrieved from https://en.wikipedia.org/wiki/Decomposition_(computer_science) 
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Figure 4-1. Decomposition representation. 7 

 

4.1.1 Decomposition Framework 
 

Thinking in decomposition and the complexity of the biped robots, we would like to 
state our vision how a robot can learn complex behavior, which involves learning in a 
multiple-level system. A framework conformed by different levels; base level, first level, 
second level and third level. 

A framework where in the lowest level resides the direct interaction with the angles of 
all the joints of the robot; in the upper level we will have specific configuration of the 
joint to conform a pose; followed in the next upper level for simple activities; in the 
upmost level we will have more complex activities (tasks). In this framework each level 
uses the knowledge of the previous level to build a new knowledge level. 

 

                                                           
7 Retrieved from https://en.wikipedia.org/wiki/Decomposition_(computer_science) 
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Figure 4-2. Learning activities for robots using a Decomposition Framework 



41 
 

 

Next, we will provide details on each level of the decomposition framework. 

 

4.1.2 Joint Angle (Base level) 
A joint angle is a change in the angle of a particular joint, for instance the robot elbow 
grade is 30° calling an elbow extension will change from 30° to 25°, in other words 
calling a joint angle module will interact directly with the increase or decrease of the 
angle of a joint. 

This level is the base of the decomposition framework and it is directly defined for us. 

4.1.3 Pose (First Level) 
A pose is a specific configuration of the robot joints in an instant t, a list that contains 
the information about the position of the whole body of the robot. For instance a pose 
can be like written as: 

Pose = [Left-Shoulder, Left-Elbow, Left-Hand,  

    Right-Shoulder, Right-Elbow, Right-Hand,  

    Left-Hip, Left-Knee, Left-Ankle,  

    Right-Hip, Right-Knee, Right-Ankle] 

This pose definition has twelve different values that has to be filled, for example we can 
have a pose with the next values: 

Pose1 = [10°, 30°, 0°, 

     20°, 50°, 0°, 

     0°, 25°, 10°, 

     0°, 5°, 2°] 

As can be seen in the pose1 the left elbow of the robot has a value of 30°, its left hip a 
value of 0° and so on. 

This level of the decomposition framework is learned using the information that the 
previous level provides. For example imagine that we want to reach the values of the 
pose1, but we have the follow configuration  

[6°, 30°, 0°, 20°, 50°, 0°, 0°, 25°, 10°, 0°, 5°, 2°] 

if we pay attention we realize that the only joint different is the left shoulder that has 
6° instead of 10°, so we need to change it, to do so we have to call a module from the 
lower level, let say that we have left-shoulder extension which every time is called 
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increases the value of the left shoulder in 1°, it is clear that we have to call it 4 times to 
reach the desired position. 

4.1.4 Activity (Second Level) 
 

An activity is a combination of poses that correspond to a specific action. For instance 
an activity can be a movement of a robot such as the NAO’s hello gesture, let suppose 
that our system has already learned four different poses; placing them in a determined 
order will let the robot to achieve the ‘hello’ gesture. 

That is the essence of this level, the idea (as in all the levels) is to use the previous 
knowledge, the poses, to complete an activity, to achieve it, the system has to combine 
in different orders the available poses until it reaches its goal.  

Some examples of activities that can be completed with poses are: 

Walking forward, walking backward, sitting down, standing up, turning left, turning 
right, taking an object, etc. 

 

Figure 4-3. Nao Hello Gesture decomposition 

 

4.1.5 Task (Third Level) 
 

A task is a combination of activities, keeping on in the same line, the idea is to use the 
previous knowledge to achieve more complex tasks. The previous level is about 
learning activities, so now we need to learn how to combine these activities to complete 
more difficult assignments.  

An example of a task can be “serve a drink”, if in the previous level the system had 
learned the activities “rotate hand”, “taking an object”, “open a bottle”, “pour the 
content”, we expect that in this level the robot is able to achieve tasks by combining in 
a specific way. Note that this level is mentioned only as part of a general proposal of a 
decomposition schema. For the scope of this work, tasks will not be covered. 



43 
 

8 

Figure 4-4. ASIMO taking a bottle  

9 

Figure 4-5. ASIMO opening a bottle 

10 

Figure 4-6. ASIMO pouring a liquid 

                                                           
8  Retrieved from http://reekoscience.com/science-news/technology-science-news/asimo-honda-robot-has-
learned-some-new-tricks 
9  Retrieved from http://reekoscience.com/science-news/technology-science-news/asimo-honda-robot-has-
learned-some-new-tricks 
10  Retrieved from http://reekoscience.com/science-news/technology-science-news/asimo-honda-robot-
has-learned-some-new-tricks 
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4.2 Delimitation 
 

Due the available time it is not possible to experiment the whole learning framework 
proposed before, therefore the scope of this work will reside in learning an action using 
previous learned poses.  

The chosen activity is walking, it was selected because walking is a very complex 
action, as we have seen in the state of the art, and there are a lot of written works trying 
to solve this problem, so if we can achieve a good performance of this activity using the 
proposed learning framework, we would have good evidence that this proposed 
framework works. 

 

 

Figure 4-7. Walking learning framework 
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We will begin by stablishing the lower level, the joint angle modules, then we will get 
some poses that should finally allow the robot to walk. But before we describe how we 
are going to do so we need to go deep in the specifications of the robot that it is going 
to be used, the NAO Robot. 

 

 

Figure 4-8. NAO walking. 

 

For more information about the NAO robot and its specifications please got to the 
appendix A. 

 

4.3 Base Level Modules Definition 
 

In the base level we have the join angle modules, remember that these modules have to 
be defined by us because is the basis for learning in the next levels. 

For the purpose of this work we are going to consider 10 of the 24 joints. We are 
considering the joints that are implicated in walking on the sagittal plane. Each of the 
10 joints considered have 2 movements, extension and flexion. Taking this into 
account we have a total of 20 modules defined for the base level. 
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Figure 4-9. Sagital Plane. (McGinnis, 2015) 

 

Human movements are described in three dimensions based on a series of planes and 
axis. There are three planes of motion that pass through the human body. 

 

 The sagital plane 
 The frontal plane 
 The transverse (horizontal) plane 

 

The sagital plane lies vertically and divides the body into right and left parts. The frontal 
plane also lies vertically and divides the body into anterior and posterior parts. The 
transverse plane lies horizontally and divides the body into superior and inferior parts. 
(McGinnis, 2015). 
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A brief description of the 20 modules in the base level are list below: 

4.3.1 Left Shoulder Movement Modules 
 

The left shoulder pitch joint of the NAO robot goes from -119.5° to 119.5°. However we 
limit the freedom of the robot to make it goes from 70° to 110°, this with the purpose 
to reduce the complexity of our final algorithm. 

11 

Figure 4-10. Left Shoulder Pitch 

The two modules for this joint are: 

 Left shoulder extension: this module decreases in 4° the current value of the 
shoulder pitch. If the current value is 70°, calling this method does not make any 
difference. 
 

 Left shoulder flexion: this module increases in 4° the current value of the 
shoulder pitch. If the current value is 110°, calling this method does not make 
any difference. 

  

                                                           
11 Retrieved from http://doc.aldebaran.com/1-14/family/nao_h25/joints_h25.html 
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4.3.2 Left Elbow Movement Modules 
 

The left elbow roll joint of the NAO robot goes from -88.5° to -2°. However we limit the 
freedom of the robot to make it goes from -65° to -25. 

12 

Figure 4-11. Left Elbow Roll 

 

The two modules for this joint are: 

 Left elbow extension: this module increases in 4° the current value of the elbow 
roll. If the current value is -25°, calling this method does not make any difference. 
 

 Left elbow flexion: this module decreases in 4° the current value of the elbow 
roll. If the current value is -65°, calling this method does not make any difference. 

  

                                                           
12 Retrieved from http://doc.aldebaran.com/1-14/family/nao_h25/joints_h25.html 
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4.3.3 Right Shoulder Movement Modules 
 

The right shoulder pitch joint of the NAO robot goes from -119.5° to 119.5°. However 
we limit the freedom of the robot to make it goes from 70° to 110°. 

 

13 

Figure 4-12. Right Shoulder Pitch 

 

The two modules for this joint are: 

 Right shoulder extension: this module increases in 4° the current value of the 
shoulder pitch. If the current value is 110°, calling this method does not make 
any difference. 

  
 Right shoulder flexion: this module decreases in 4° the current value of the 

shoulder pitch. If the current value is 70°, calling this method does not make any 
difference. 

  

                                                           
13 Retrieved from http://doc.aldebaran.com/1-14/family/nao_h25/joints_h25.html 
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4.3.4 Right Elbow Movement Modules 
 

The right elbow roll joint of the NAO robot goes from 2° to 88.5°. However we limit the 
freedom of the robot to make it goes from 25° to 65. 

14 

Figure 4-13. Right Elbow Roll 

 

The two modules for this joint are: 

 Right elbow extension: this module decreases in 4° the current value of the 
elbow roll. If the current value is 25°, calling this method does not make any 
difference. 

  
 Right elbow flexion: this module increases in 4° the current value of the elbow 

roll. If the current value is 65°, calling this method does not make any difference. 
 
 

4.3.5 Left Hip Movement Modules 
 

The left hip pitch joint of the NAO robot goes from -88° to 27.73°. However we limit the 
freedom of the robot to make it goes from -35° to -15°. 

 

                                                           
14 Retrieved from http://doc.aldebaran.com/1-14/family/nao_h25/joints_h25.html 
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The two modules for this joint are: 

 Left hip extension: this module increases in 2° the current value of the left hip 
pitch. If the current value is -15°, calling this method does not make any 
difference. 

  
 Left hip flexion: this module decreases in 2° the current value of the left hip 

pitch. If the current value is -35°, calling this method does not make any 
difference. 
 

4.3.6 Left Knee Movement Modules 
 

The left knee pitch joint of the NAO robot goes from -5.29° to 121.04°. However we limit 
the freedom of the robot to make it goes from 45° to 65°. 

The two modules for this joint are: 

 Left knee extension: this module decreases in 2° the current value of the left 
knee pitch. If the current value is 45°, calling this method does not make any 
difference. 

  
 Left knee flexion: this module increases in 2° the current value of the left knee 

pitch. If the current value is 65°, calling this method does not make any 
difference. 
 

4.3.7 Left Ankle Movement Modules 
 

The left ankle pitch joint of the NAO robot goes from -68.15° to 52.86°. However we 
limit the freedom of the robot to make it goes from -45° to -25°. 

The two modules for this joint are: 

 Left ankle dorsiflexion: this module decreases in 2° the current value of the left 
ankle pitch. If the current value is -45°, calling this method does not make any 
difference. 

  
 Left ankle plantar flexion: this module increases in 2° the current value of the 

left ankle pitch. If the current value is -25°, calling this method does not make 
any difference. 
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15 

Figure 4-14. Left Leg Joints 

 

4.3.8 Right Hip Movement Modules 
 

The right hip pitch joint of the NAO robot goes from -88° to 27.73°. However we limit 
the freedom of the robot to make it goes from -30° to -10°. 

The two modules for this joint are: 

 Right hip extension: this module increases in 2° the current value of the right 
hip pitch. If the current value is -10°, calling this method does not make any 
difference. 

  
 Right hip flexion: this module decreases in 2° the current value of the right hip 

pitch. If the current value is -30°, calling this method does not make any 
difference. 
 

4.3.9 Right Knee Movement Modules 
 

The right knee pitch joint of the NAO robot goes from -5.29° to 121.47°. However we 
limit the freedom of the robot to make it goes from 45° to 65°. 

The two modules for this joint are: 

                                                           
15 Retrieved from http://doc.aldebaran.com/1-14/family/nao_h25/joints_h25.html 
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 Right knee extension: this module decreases in 2° the current value of the right 
knee pitch. If the current value is 45°, calling this method does not make any 
difference. 
 

 Right knee flexion: this module increases in 2° the current value of the right 
knee pitch. If the current value is 65°, calling this method does not make any 
difference. 
 

4.3.10 Right Ankle Movement Modules 
 

The right ankle pitch joint of the NAO robot goes from -67.97° to 53.40°. However we 
limit the freedom of the robot to make it goes from -45° to -25°. 

The two modules for this joint are: 

 Right ankle dorsiflexion: this module decreases in 2° the current value of the 
right ankle pitch. If the current value is -45°, calling this method does not make 
any difference. 

  
 Right ankle plantar flexion: this module increases in 2° the current value of the 

right ankle pitch. If the current value is -25°, calling this method does not make 
any difference. 

16 

Figure 4-15. Right Leg Joints 

 

                                                           
16 Retrieved from http://doc.aldebaran.com/1-14/family/nao_h25/joints_h25.html 
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4.4 First Level Modules Definition 
 

Once we have set the base knowledge methods, we are able to define the poses, the 
modules of the first level in the knowledge pyramid.  

The success of an upper level of the framework resides in the knowledge of the previous 
level. That is, in the upper level we want to complete the activity walking, thus in this 
level we need to set poses that help to achieve it. 

Just like we have seen in the state of the art, many of the works about biped walking use 
ZMP trajectories, basically what they do is to set the ZMP on one foot of the robot and 
with that coordinate, compute with inverse kinematics, the position of the angles of the 
joints. Hence, the modules of this level will be defined as configurations of the joint that 
let the robot to a specific position of the ZMP.  

First we have to discuss how we will compute the ZMP, according to (Jing-Ling, Yu-Jen, 
& Kao-Shing, 2016) the ZMP coordinates can be calculated as follows: 

 

Equation 4.1 

 Equation 4.2 

 

Where W is the width and L the length of the foot sole and f1, f2, f3 and f4 are the four 
sensors located in the sole of a robot's foot, luckily for us the NAO robot already comes 
with built-in these sensors. 

 

Figure 4-16. Force Sensors 
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4.4.1 ZMP-based Poses 
 

We are going to ask the system to learn some poses, we are going to select them based 
on the ZMP criterion, because as you can see in (Jin-Ling, Kao-Shing, Wei-Cheng, & Yu-
Jen, 2016) following a ZMP trajectory the robot can walk, having this in mind we would 
like our learning framework to learn similar poses like the one in image 4-17. 

 

Figure 4-17. ZMP trajectory (Jin-Ling, Kao-Shing, Wei-Cheng, & Yu-Jen, 2016) 

 

We are going to define 12 modules in the first level of knowledge, each of them will be 
got considering a ZMP criterion, which is following a specific position of it. The x, y 
coordinates of the ZMP of each poses from 1 to 6 are located in the sole of the right 
foot and are defined as: 

 

 

Pose 1. - The coordinates are –0.25 <= Y <= 0.25 and -0.25 <= X <= 0.25 

Pose 2. - The coordinates are 1.25 <= Y<= 1.75 and -0.25 <= X <= 0.25 

Pose 3. - The coordinates are 2.75 <= Y <= 3.25 and -0.25 <= X <= 0.25 

Pose 4. - The coordinates are 4.25 <= Y <= 4.75 and -0.25 <= X <= 0.25 

Pose 5. - The coordinates are 1.75 <= Y <= 2.25 and 0.75 <= X <= 1.25 

Pose 6. - The coordinates are 1.75 <= Y <= 2.25 and -1.25 <= X <= -0.75 
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The poses from 7 to 12 are exactly the same but the ZMP coordinate is computed using 
the force sensors in the left food instead of the right food. 

 

 

Figure 4-19. Pose 1 

 

 

Figure 4-21 Pose 3 

Figure 4-18. Pose 2 

Figure 4-20. Pose 4 
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Figure 4-23. Pose 5 

 

Figure 4-24. Poses in one foot sole 

 

4.4.2 Learning the poses 
 

We have described all the pieces that our system needs to learn the methods in this 
level, it is time to describe how the system is going to learn the poses, to do so we are 
going to use q-learning and artificial neural networks. 

As we have seen in the theoretical framework to use reinforcement learning we need 
to define, states, actions, and rewards. The use of artificial neural networks is, in some 
way, to generalize the states. That is, instead of saying “that super specific state 
corresponds to that action” we have “the state of this type correspond to that action”. 
As a small note in some works the authors refer to artificial neural networks 

Figure 4-22. Pose 6 
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combined with q-learning as Q-networks (Mnih, Kavukcuoglu, Silver, & Graves, 
2013), for simplicity we are going to adopt this concept in this thesis. 

The actions of the q-network in this level of knowledge are the methods of the previous 
level, in this case, the 20 joint angles methods defined in the previous level, for instance 
an action in this level is the left-knee extension or also the right-hip flexion. 

The state is 4-values length, it is conformed with the combination of the ZMP 
coordinates of both foots, seems pretty obvious because we want the robot to get 
precise coordinate of the ZMP. 

The reward proposed is 10 if the robot reaches the goal coordinates, it is -10 if the robot 
falls dawn and it is 0 in any other case. This with the purpose of avoiding to fall down 
giving a negative reward, remember that for q-learning the goal is to maximize the 
reward.  

 

 

Figure 4-25. Reward first level 
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4.4.3 First Level Q-Network  
 

The q-network used in this thesis is based on (Mnih, Kavukcuoglu, Silver, & Graves, 
2013), where the input of the network is the state and the output is a layer of many 
neurons, one neuron for each available action, the output gives, as a result, a q-value for 
each action, for instance if we have 4 available actions our output will be something like 
[1.52, 0.3, -0.5, 2.8], when the training is finished we choose the max value, in this 
example, we will choose the fourth action because its value is the biggest of the four. 

 

17 

Figure 4-26. DeepMind Net. 

To update the weights of the q-network we use backpropagation with the difference 
that we do not have a static target y vector, so we need to use the following equation to 
compute our target. 

 

18  Equation 4.3 

 

For every state-action pair, except when we reach a terminal state where the reward 
update is simply 𝑟 . 

 

                                                           
17 Retrieved from https://www.nervanasys.com/demystifying-deep-reinforcement-learning/ 
18 Retrieved from http://outlace.com/Reinforcement-Learning-Part-3/ 
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4.4.4 First Level Q-Network Size 
 

To finish this section the only thing left is the size of the q-network, we propose a model 
of MLP, with 4 neurons in the input layer, two hidden layer with tanh activation 
function, one with 165 neurons and the other with 120 neurons, finally an output layer 
with 20 neurons, each of them correspond to one available action. 

The input layer and the output layer are defined for the problem, we have chosen 
hyperbolic tangent as the activation functions of the hidden layers because we expect, 
in some neurons, negative values.  

Even when the size of the architecture can be different we expect that using the 
proposal size the system would converge. If it is the case the proposal is no efficient 
enough we can change the number of neurons in the hidden layer or even add more 
hidden layers. 
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Figure 4-27. First Level Q-Network 
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4.5 Second Level Module Definition 
 

Once we have the poses, the modules of the first level, we are able to obtain the next 
level method (action), remember that for this work, the action to learn is walking. 

In the previous level we used Q-Networks to learn the poses, so in this level we are 
going to repeat the technique in order to have a uniform way of learning in each level. 
The goal is to find a combination of poses that allow the robot to walk without falling 
down and as fast as possible 

The Q-Network in this level is slightly different from the one defined before, below 
there is a redefinition of the action, state and reward. 

 

4.5.1 Actions of the second level 
 

The actions available for this network are the modules learned in the previous level, 
the poses, each of the poses learned before are options to accomplish our goal in this 
level.  

If we look the state of the art we can see that in some works the authors set a ZMP 
trajectory, and according to that, they compute the angles of each joint (Jin-Ling, Kao-
Shing, Wei-Cheng, & Yu-Jen, 2016). The system has already learned the angles that let 
to that position, so the problem is reduced to find which poses and what order those 
poses are in to let the robot to walk. 

 

4.5.2 State of the second level 
 

In reinforcement learning it is fundamental to define the state, If the state that we define 
does not provide enough information about the environment our algorithm will not 
converge to a good solution. That is why we are going to consider as much information 
as we can. 

The state is conformed by the real value of the joints in both legs of the robot, 
considering the hip, the knee and the ankle. All these values will tell us the current 
position of the robot. 
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19 

Figure 4-28. NAO Joints  

Furthermore we need the information about the distance, this is important because our 
system needs the notion of displacement, to get this information we are going to use 
the ultrasonic sensor of the NAO robot. 

20 

Figure 4-29. NAO Ultrasonic Sensors 

Finally, in order to reduce the time of convergence of the algorithm we are going to 
restrict the walking only in straight way; that is, if the robot deviates to the left or to the 
right in more than 10° the robot will be punished expecting the robot not to do the 
movement that led it in that angle again. 

                                                           
19 Retrieved from http://doc.aldebaran.com/2-1/family/nao_dcm/actuator_sensor_names.html 
20 Retrieved from http://doc.aldebaran.com/2-1/family/robots/sonar_robot.html 
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4.5.3 Reward of the second level 
 

The reward is set in such a way that the robot is able to walk. It seems obvious that the 
distance covered is a very important factor if we want the system to have sense of 
displacement. For that reason the positive reward will be obtained considering the 
information of the ultrasonic sensor of the NAO.  

Even when there are other techniques to measure the displacement of a robot, like 
using a GPS or recording a video from the initial position to the end position, we decided 
to use the ultrasonic sensor for simplicity. Using these sensor implies not to add any 
other hardware to the robot, what makes easier to focus in the algorithm instead of the 
hardware. However taking this decision brings some complications. For example, the 
robot needs an obstacle in front of it to be able to measure the distance. Additionally 
the obstacle must be in a correct angle, otherwise the measure of the sensor will be 
wrong. In future work it would be great to change the way we measure the distance to 
improve our system. 

So if the robot advances 8 cm. it will receive a reward of 10. 

If the robot falls down or if the robot deviates from the straight path it will receive a -
10 reward, we are penalizing this because we do not want the robot to fall down, the q-
learning framework tries to maximize the reward. If the reward is negative, the system 
will try to avoid any path that led to this negative reward. In any other case the reward 
is 0. 

 

 

Figure 4-30. Reward of the Second Level 
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4.5.4 Second Level Q-Network 
 

The proposed Q-Network in this level is composed of one input layer with 11 neurons, 
where 8 of them are taken from the joint of the robot. 

1) Left hip pitch 

2) Left knee pitch 

3) Left ankle pitch 

4) Left ankle roll 

5) Right hip pitch 

6) Right knee pitch 

7) Right ankle pitch 

8) Right ankle roll 

Notice that in the state we are only considering both legs of the robot, four values for 
each one, this is again, to reduce the complexity. After some experiments we realized 
that this information is enough to make the algorithm converge. 

Two of the neurons belong to the ultrasonic sensors and the left one is the indicator of 
the deviation of the robot. If the robot deviates in an angle of more than 10 degrees to 
the left or to the right, this indicator value is -1, otherwise the indicator gives a value of 
+1. 

The proposed net has two hidden layers, the first one has 150 neurons and the 
activation function is hyperbolic tangent (tanh), in the second hidden layer there are 
120 neurons with the same activation function tanh. 

Finally an output layer of 12 neurons with the activation function RELU (Rectifier 
Linear), each of the neurons correspond to one action. In this level the actions available 
are the poses that were learned before, remember in the first layer the system learned 
12 poses, so these are the available actions for this level. 

This proposal architecture is based on experimentation, we think that with this number 
of neurons and with this number of hidden layer the q-network will converge. 
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Figure 4-31. Second Level Q-Network  
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5 EXPERIMENTATION 
 

This chapter begins with a brief overview of the simulation software and its capacities 
to further explain the algorithm in detail, we make a stop to explain our fall module to 
detect if a robot fell or not. 

Afterwards, we show the 12 resulting poses after the training, each of them expressed 
in a table with the value in grades of all the joints, attached with an image of the 
corresponding pose. 

To finish with this chapter we show the results of training the robot to walk, we 
compare the speed reached with the speed of the NAO in-build walking controller. 
Besides we show the results of training changing a parameter called action time and 
how it has repercussions in the performance of the system. 

 

5.1 Simulation Software 
 

It is time to put into practice the methodology previously established. To do so, we 
will use the simulator called Webots. 

Webots is a development environment used to model, program and simulate mobile 
robots. With Webots the user can design complex robotic setups, with one or several, 
similar or different robots, in a shared environment. The properties of each object, such 
as shape, color, texture, mass, friction, etc., are chosen by the user. A large choice of 
simulated sensors and actuators is available to equip each robot. (Michel, 2004) 

Webots allows us to launch a simulated NAO moving in a virtual world21, this simulator 
is the perfect choice for us, because in this simulator we can read all the sensors of the 
robot, the force sensors to compute the ZMP, the joints sensors that give us the real 
value of the joints, the ultrasonic sensor we need to measure the distance covered, etc. 

                                                           
21 Retrieved from http://doc.aldebaran.com/1-14/software/webots/webots_index.html 
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Figure 5-1. Webots for NAO 

Furthermore, we can test the algorithm. The simulator allows the interface with C, C++ 
and Python. In the environment we can add multiple obstacles and we can even access 
the cameras of the NAO. 
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5.2 Q-Network Algorithm 
 

To communicate with the NAO robot we need to use the NAOqi Framework. 

NAOqi is the name of the main software that runs on the robot and controls it. The 
NAOqi Framework is the programming framework used to program NAO. It answers to 
common robotics needs including: parallelism, resources, synchronization, events. This 
framework allows homogeneous communication between different modules (motion, 
audio, video), homogeneous programming and homogeneous information sharing.22. 
The framework allows to use C, C++, Python and even Matlab. 

 

Figure 5-2. NAOqi 

5.2.1 Programming Environment 
 

The whole program is written in Python 2.7 with a Python API developed by Aldebaran 
robotics to communicate with the NAOqi framework. 

We are designing and training the artificial neural networks with the Python library 
Keras. Keras is a high-level neural networks API, written in Python and capable of 
running on top of either TensorFlow or Theano. It was developed with a focus on 
enabling fast experimentation23. 

                                                           
22 Retrieved from http://doc.aldebaran.com/1-14/dev/naoqi/index.html#naoqi-framework-overview 
23 Retrieved from https://keras.io/ 
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The library contains numerous implementations of commonly used neural network 
building blocks such as layers, objectives, activation functions, optimizers, and a lot of 
tools to make working with image and text data easier.  

 

Figure 5-3. Computing Time using CPU 

We are using Keras backend with Theano to take advantage of the GPU of the NVIDIA 
Geforce GTX 580; otherwise we would not be able to compute the results fast enough. 
The motors of the Nao last 0.1 seconds to complete a movement instruction, while 
computing the update of a Q-Network using the CPU approximately 2 seconds. It is 
pretty obvious that this is not fast enough. Fortunately, using the GPU we can compute 
the network update in around 0.002 seconds.  

 

Figure 5-4. Computing Time using GPU  
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5.2.2 Fall module 
 

A key element in the algorithm is the capacity to detect the falling of a robot with the 
fall module, this fall module is a pre-trained MLP that allows to identify if the robot has 
fallen or not, even when the NAO robot comes with a in-built module of this type, the 
answer is very slow, as it provides an answer in 3 seconds but we need it in less than 
0.2 seconds. This is why we had to develop a new fall module. 

To develop this module, we acquired data from the simulation and store in a dataset of 
790 values, we used that data previously labeled to train a MLP with an input layer of 
ten neurons; from these ten neurons, eight belong to the force sensors in the soles of 
the feet, and the other two belong to the inertial unit of the NAO robot. This inertial unit 
tells us the torso angle of the robot with respect to the ground; it is computed using the 
accelerometer and the gyrometer of the NAO. 

 

 

Figure 5-5. Nao Inertial Unit 

 

The fall-module MLP has two hidden layers, one with twelve neurons with the relu 
activation function, and other with eight neurons with sigmoid activation function. To 
finish with an output layer with only one neuron, which outputs 0 if the robot fell down 
or 1 if it did not. This architecture is based on experimentation, after trying different 
architectures this was the best one. 
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Figure 5-6. Fall Module MLP 
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5.2.3 Algorithm description 
 

First we need to load the fall module to detect if the robot has fallen. Every time the 
simulated robot falls down we need to restore the simulation manually, because the 
simulated robot cannot rise by itself, for this reason we cannot train the Q-Network in 
one run; nevertheless, we need to keep training the net just after the last run. For this 
reason we need to save the network model at the end of each run and to load it at the 
beginning of each new run.  

We have to initialize the NAO proxys, the motion proxy that allows to send signals to 
the NAO motors, the posture proxy that allows to set the robot in a “home position”, 
sonar proxy which tell us the information of the ultrasonic sensors and the memory 
proxy to access the data recorded such the angle of the joints. After that, the robot 
requires to be activated. We can do so setting the stiffness of the body in 1 with the next 
instruction: motion.setStiffnesses ("Body", 1.0) 

We initialize the number of epochs in 50. Notice that we need many more iterations, 
however due the fact that when the robot falls down it cannot always stand up by itself, 
the simulation has to be restored manually. For instance imagine we set the number of 
epochs in 2000 and the robot falls down in the second iteration, then we will have to 
wait until the iteration 2000th to restore the simulation, which will take considerably 
much more time. 

 

Figure 5-7. NAO trying to stand up and failing 



74 
 

Afterward, we initialize gamma to 0.9, which means we are taking in consideration the 
experience. Remember that the closer gamma to zero, the less we take in consideration 
the experience of the previous trials.  

In the article of DeepMind (Mnih, Kavukcuoglu, Silver, & Graves, 2013) as we have seen 
in the previous chapter, the authors use a technique to let the algorithm to converge, 
experience replay. How it works? During the run of the algorithm all the experiences 
< st, a, r, st+1 > are stored in a replay memory. When training the network, random mini 
batches from the replay memory are used instead of the most recent transition. Before 
the training we need to define a variable for this purpose replay as an empty list, but 
remember we are running the algorithm multiple times, so in our case it is not an empty 
list is the list previously filled in a previous run, replay = lastreplay. 

We open a loop from i =0 until i = epochs, set the robot in the “home position” which is 
the NAO posture “StandInit”, then we read sonars with the memory proxy and store it 
in sonar, we read the state, remember that the state in the first level will be a vector of 
4 values while in the second level is a vector of 11 values.  

Now we open a while loop with the condition that the NAO has not reach a terminal 
state. A terminal state is when the robot falls down or when reach the goal; that is, in 
the first level locate the ZMP in a specific interval, and in the second level to cover a 
distance of 8 cm. 

Later we run the Q-Network forward and store the result in qval, qval is a vector. For 
example [1.2, -0.36, 2.2, 0.0]. The actiont+1 will be the action 3 because the third value is 
the greatest, however, we want to explore more options in order to not fall in a local 
minimum, so with a probability of epsilon we will choose between the max action or a 
random action, this epsilon will gradually decrease in such a way that after many 
iterations will become 0. 

Now we apply the actiont+1 and observe the reward and the new state, the values of the 
reward were described in the previous chapter. At this point we have [state, action, 
reward, new state]. We have to store this tuple in replay and repeat the process until 
the length of replay is the same as buffer; we set buffer as 60. Once the buffer is filled 
we get a mini batch which is a random sample of length 30 from the replay array. 

Thereafter we loop over each element of the mini batch. Each element is a list of 4 values 
that we use to set [old state, action, reward2, new state2], then we run forward our Q-
Network using as input the old state and store the result in old qval, we select the 
greatest value of old qval and save the index of it in maxQ, Later on, we define a vector 
X with the same values of old state, and a vector Y with the same values of old qval. 

At this point we need to check if the reward2 belongs to a terminal state, if it is the 
variable update is equal to the value of the reward2, if not, update = (reward2 + (gamma 
* maxQ)). This variable update is the rule to compute the update of the neural network. 
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The value of the variable update has to replace the value in the Y vector in the position 
of index, for instance suppose we have a Y = [1.2, -0.36, 2.2, 0.0], index=3 and update=10, 
the result after replacing is Y = [1.2, -0.36, 10, 0.0], this will be the target for the Q-
Network, we have to do this for all the elements in the minibatch. Once we finish the 
loop we use all the Y and X vector to train the Q-Network using backpropagation. 

 

Figure 5-8. Q-Network Algorithm 
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5.3 Learning the poses 
 

During the first level of training the results we get are the configurations of the joints 
that we defined as poses. The results are expressed in tables that show the value of the 
degrees of each joints. 

 

Head 
Head Pitch 0 
Head Yaw 0 

 

Left Arm Right Arm 
L Shoulder Pitch 105,2 R Shoulder Pitch 105,08 
L Shoulder Roll 15,69 R Shoulder Roll -15,31 
L Elbow Yaw -85,87 R Elbow Yaw 85,85 
L Elbow Roll -29,59 R Elbow Roll 29,72 
L Wrist Yaw 0 R Wrist Yaw 0 

 

Left Leg Right Leg 
L Hip Yaw Pitch 0 R Hip Yaw Pitch 0 
L Hip Roll 2,87 R Hip Roll 2,87 
L Hip Pitch -18,51 R Hip Pitch -18,51 
L Knee Pitch 48,04 R Knee Pitch 48,04 
L Ankle Pitch -29,53 R Ankle Pitch -29,53 
L Ankle Roll -6,33 R Ankle Roll -6,33 

Table 5-1 Angles of the Pose 1 

 

 

Figure 5-9 Pose 1 result 
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In the Appendix B we describe the results of the Q-network after the training in the first 
level. Each pose learned is described is term of angles in each joint of the NAO robot 
accompanied with an image of the pose of the robot. 

 

5.4 Learning the walking 
 

It is time to learn the activity walking, we are going to do so using the previous learned 
knowledge, the poses. How you remember, in the previous chapter we proposed to use 
Q-Networks to learn to walk, the state is defined as the combination of some of the robot 
joints, the value of the ultrasonic sensor and an additional value that tells us if the robot 
is deviating or not.  

The actions for the network are the poses, by this moment the system has already 
deduce the angle of each joints of the robot to achieve the 12 proposed poses and the 
reward is given by the distance advanced, the goal is to reach 8 centimeters. 

The Q-Network proposed in the methodology did not receive any change, remember, 
the network in this level is a 4 layer MLP, one input layer of 11 neurons, 2 hidden layers 
both with activation function hyperbolic tangent, one with 150 neurons and the other 
with 120 neurons, finally an output layer with 12 neurons, one for each pose. 

The algorithm is tested in a simulated NAO robot on the Webots simulator, having in 
mind that the motors respond is approximately in 0.08 seconds, the actions performed 
by the algorithm were set in 0.1 s. In other words, we choose an pose of the 12 available, 
then we send the signal to the motor but the result will not be reflected up to 0.08 s 
later, we have to wait this time until we can read the new state and the reward, this 
waiting time between actions are called, in this thesis, Action Time. 

 

Even when it was first thought the action time will be always 0.1 s, we realized that 
modifying this action time will have an effect in the perform of the algorithm. For this 
reason the algorithm is tested using different values of the action time (0.1s, 0.15s, 0.2s 
and 0.25s). 

The four tests were done in the same conditions, the goal distance is 8 cm, the available 
actions for the Q-Network are the same, the 12 poses, and the size of the Q-Network is 
also the same. 
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5.4.1 Testing with Action Time = 0.1 s 
 

The first test is using an action time of 0.10 s. It takes around 2500 iterations to 
converge, the poses chosen for the algorithm in this test are the next: 

Pose 10, pose 1, pose 3, pose 4, pose 7, pose 7, pose 8 and pose 12 

The robot, following this poses took 1.621 s. to reach the 8 centimeters marked as goal. 

 

Figure 5-10.  Action Time 0.1 s results 

 

5.4.2 Testing with Action Time = 0.15 s 
 

The next test is using an action time of 0.15 s. It takes around 2800 iterations to 
converge, the poses chosen for the algorithm in this test are the next: 

Pose 1, pose 3, pose 4, pose 7 and pose 12 

The robot, following this poses took 1.520 s. to reach the 8 centimeters marked as goal. 

 

Figure 5-11. Action Time 0.15 s results 
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5.4.3 Testing with Action Time = 0.2 s 
 

The next test is using an action time of 0.20 s. It takes around 2500 iterations to 
converge, the poses chosen for the algorithm in this test are the same that the test 
before: 

Pose 1, pose 3, pose 4, pose 7 and pose 12 

However in this case the robot, took 2.2 s. to reach the 8 centimeters marked as goal. 

 

Figure 5-12 Action Time 0.2 s results 

5.4.4 Testing with Action Time = 0.25 s 
 

The next test is using an action time of 0.25 s. It takes around 2600 iterations to 
converge, the poses chosen for the algorithm in this test are the next: 

Pose 1, pose 4, pose 7 and pose 12 

The robot, following this poses took 2.015 s. to reach the 8 centimeters marked as goal. 

 

Figure 5-13 Action Time 0.2 s results 
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Comparing the performance of the four tests we have that the faster one is the test done 
with the action time of 0.15s, and the slower is the one with the action time of 0.2s. 

A comparison table of the four tests is below: 

 

Q-Network Results 
Action Time Number 

of Poses 
List of Poses Distance Time Speed 

0.10 s. 8 10, 1,  3, 4, 7, 7, 8, 12 8 cm. 1.621 s. 4.93 cm/s 
0.15 s. 5 1, 3, 4, 7, 12 8 cm. 1.520 s. 5.26 cm/s 
0.20 s. 5 1, 3, 4, 7, 12 8 cm. 2.200 s. 3.63 cm/s 
0.25 s. 4 1, 4, 7, 12 8 cm. 2.015 s. 3.97 cm/s 

Table 5-2. Q-Network Results 

 

5.4.5 Comparing results 
 

The Nao robot comes with an in-build controller based on inverted pendulum to control 
the gait cycle, we can configure the speed of the NAO with this controller. Normally the 
NAO reaches a speed of 3.92 cm/s however, in fast walking mode it can reach a speed 
of 6.153 cm /s. 

 

NAO In-Build Walking Controller 
Mode Distance Time Speed 

Normal Walking 8 cm. 2.04 s. 3.92 cm/s 
Fast Walking 8 cm. 1.30 s. 6.153 cm/s 

Table 5-3. NAO in-build walking controller 

 

It is necessary to compare the speed of the NAO with the speed of the algorithm 
proposed in this thesis, this with the purpose of measure the performance of the results. 

When comparing the result of the four tests with the “normal speed” of the NAO, we 
realized that the tests with action time of .0.15 s. and 0.1 s. are faster than the normal 
speed of the robot. Furthermore the test with action time of 0.25 s. is slightly better 
than it. 

The results are encouraging because the performance is enough to be consider as a 
good performance. 
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Figure 5-14. Comparison of the Normal Walk 

Nevertheless, when comparing with the fast walking mode of the NAO, the results are 
not so good, it results that none of the four test is faster than the fast walking, the closer 
one is the test with the action time of 0.15s. That, even when it is not faster it performs, 
as a said before, good enough. 

 

Figure 5-15. Comparison of the Fast Walk  
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Another point of comparison is if the robot fall down or not, when we test the resultant 
q-networks during 5 s. none of them fell down, however, when testing the fast walking 
it results that 3 of the 10 test done with that speed, the robot fell down. 

The comparison, of stability and deviation, between the normal walking, and fast 
walking of the NAO, and the four results obtained can be analyzed in detail in the 
following video24. 

 

 

Figure 5-16. NAO fast walking fallen down 

  

                                                           
24  https://youtu.be/qVK5QTb3tRM 
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6 CONCLUSION AND FUTURE WORK 
 

In this chapter you will find a summary of the results and conclusion obtained in the 
thesis, you will find the results about stability and the capacity of not falling down. Later 
on there is an explanation of how we believe the definition of the actions, state and 
reward can be applicable to other robots. Afterwards we expose why the learning 
framework can be consider as a success. 

At the end of this chapter you will find the future work where we talk about the different 
ways in that the thesis can be followed. 

 

6.1 Stability 
 

After training the whole system, the robot is able to walk showing a stable behavior, 
which is to walk with balance as you can see in the video.25 In addition the robot does 
walk in straight line, it do not deviates. 

 

6.2 To not Fall Down 
 

The algorithm provided for the robot, allowed it to find: 

 First, a collection of twelve poses based on a ZMP criterion and 
 Second, a combination of these poses, in different action times, that allow the 

robot to reach the goal distance without falling down and without deviating. 

To not fall down is a very important part of this work and during the experimentation 
we show our approach accomplished this objective. 

 

  

                                                           
25 https://youtu.be/qVK5QTb3tRM 



84 
 

6.3 Actions, State and Reward applicable to other robots 
 

 State of the first level 

The state of the first level of the learning framework is obtained from the four force 
sensor in each foot, for that this definition of state will work for every robot that poses 
this kind of sensors. 

 State of the second level 

The state of the second level is formed with the information of the current angle of the 
joints and the value of the ultrasonic sensors of the robot. If a robot brings the 
opportunity to read the angle of its joints and there is a readable value of the sensors 
that measure the distance, then, the definition of the state in this level will be applicable 
for that robot. 

 

 Reward of the first level 

The reward of the first level is computed depending on the region where the ZMP is. So, 
for any robot that has the force sensors on its feet, we would be able to use the same 
reward definition for this level. 

 Reward of the second level 

The reward of the second level is computed using the values of the ultrasonic sensors, 
that is the measure of the distance. For that in any robot in which we can measure the 
distance we can apply the same definition of reward. 

 

 Actions available for the q-network of the first level 

On the first level, the available actions propose here are some module that interact 
directly with the current position of a joint, they increase or decrease the value of a 
joint. For that, if we can send a command to a robot that modify the position of a joint 
of that robot, then, we can use this definition of actions for that robot. 

 Actions available for the q-network of the second level 

On the second level, the action for the q-network are the poses, the poses that the 
learning framework previously learned, so if we could apply the q-network of the first 
level on a robot and it success, then that robot will be able to learn and to use the poses 
of the first level, the action were the same proposed here; of course the poses were not 
the same but the way they were learned and how they are used is the same than in this 
work. 
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6.4 Learning Framework Success 
 

At the end of this thesis we have shown that the approach proposed here actually 
works, using the same machine learning technique (q-learning) we could deduce the 
poses that conforms the first level of our hypothetical learning framework, and we 
could make the robot to walk just by combining these poses. 

We show that with this algorithm is not necessary to consider the kinematics of the 
robot, it is not necessary to compute the inverse kinematics of the joints, we just have 
to know the information of some sensors to deduce some modules that we called poses, 
to further used them in a more complex activity. The converging time of the algorithm 
in each pose and in each walking test is large, but the results are satisfying.  

It is clear that the approach is far to be excellent, even when comparing the results with 
the in-build controller of the robot shows that the performance is good, there are many 
scenes where this algorithm falls, because in this thesis we are only considering a 
specific scenario of walking, that is, walking in straight line, in flat floor. What will 
happen if we try the algorithm, as we have it right now, in a ramp, of course it will fall 
down. 

These inconsiderate stages of walking and the possibility of expanding the number of 
activities  at level two to achieve a level three task in the learning framework is what 
leads us to describe the future work. 
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6.5 Future work 
 

The possibilities for the future work are many. On one hand we can explore different 
stages of walking that is: 

 

 Walking in irregular floor. 
 Walking in ramps. 
 Omnidirectional Walking, i. e. to walk in any direction not only in straight way 

 

 

Figure 6-1 NAO in a ramp 

 

On the other hand we can keep adding activities, modules of the level two of the learning 
framework, until right now we have just one activity that is walking, but the idea is to 
learn more activities, of course we need more poses to achieve those new activity. For 
instance we can add “sit down”, “turn around” or “take an object”. 

Once our system has more activities available we can ask the system to learn a module 
of the level three, remember we defined these modules as tasks. So the next step will be 
to learn a task just by using the previous information, the activities. 

As you can see there are many things to test, a long way to go. But with work and 
dedication everything can be achieved. 
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7 Appendices 
 

7.1 Appendix A 
 

7.1.1 The NAO Robot 
 

Nao is an autonomous, programmable humanoid robot developed by Aldebaran 
Robotics, a French robotics company headquartered in Paris. The robot's development 
began with the launch of Project Nao in 2004. On 15 August 2007, Nao replaced Sony's 
robot dog Aibo as the robot used in the RoboCup Standard Platform League (SPL), an 
international robot soccer competition. The Nao was used in RoboCup 2008 and 2009, 
and the NaoV3R was chosen as the platform for the SPL at RoboCup 2010. 

The various versions of the Nao robotics platform feature either 14, 21 or 25 degrees 
of freedom (DoF). All Nao Academic versions feature an inertial measurement unit with 
accelerometer, gyrometer and four ultrasonic sensors that provide Nao with stability 
and positioning within space. The legged versions included eight force-sensing 
resistors and two bumpers. The most recent version of the robot, the 2014 Nao 
Evolution, features stronger metallic joints, improved grip and an enhanced sound 
source location system that utilizes four directional microphones.26 

 

Figure 7-1 NAO robot 27 

 

                                                           
26 Retrieved from https://www.ald.softbankrobotics.com/en/cool-robots/nao/find-out-more-about-nao 
27 Retrieved from https://www.ald.softbankrobotics.com/en/cool-robots/nao/find-out-more-about-nao 
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7.1.2 Nao Specifications 
 

The following table is a summary of the specification of the Nao Robot. 28 

 

NAO V5 
Height 58 centimeters (23 in) 
Weight 4.3 Kilograms (9.5 lb.) 
Power supply Lithium battery providing 48.6 Watt-hour 
Autonomy 90 minutes 
Degrees of Freedom (DoF) 25 
CPU Intel Atom @ 1.6 GHz 
Built-in OS NAOqi 2.0 
Compatible OS Windows, Mac OS, Linux 
Programming Languages C++ 

Python 
Java 
MATLAB 
Urbi 
C 
.Net 

Sensors Two HD Cameras 
Four microphones 
Sonar rangefinder 
Two infrared emitters and receivers 
Inertial board (accelerometer and gyroscope) 
Nine tactile sensors 
Eight pressure sensors 

Connectivity Ethernet 
Wi-Fi 

Table 7-1 NAO Specifications 

 

 

 

 

 

 

                                                           
28 Retrieved from https://en.wikipedia.org/wiki/Nao_(robot) 
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7.1.3 NAO Sonar Module 
 

NAO is equipped with two ultrasonic sensors (or sonars) which allow it to estimate the 
distance to obstacles in its environment.29 

 

Model  Specifications 

NAO V5  Frequency: 40kHz 

 Resolution: 1cm-4cm (depending on distance) 

 Detection range: 0.20 m - 0.80 m 

Under 20 cm there is no distance information, the robot only 
knows that an object is present. 

Above 80 cm the value returned is an estimation. For further 
details, read the important tips in US/Sensor (m). 

 Effective cone: 60° 

NAO V4and V3.x  Frequency: 40kHz 

 Resolution: 1cm 

 Detection range: 0.25m - 2.55m 

 Effective cone: 60° 

The detection range goes from 25 cm to 255 cm, but under 25 cm 
there is no distance information, the robot only knows that an 
object is present. 

Table 7-2. NAO Specifications 

7.1.4 NAO Sonar Location 

Position relative to the Torso frame. 30 

Sonar name X(m) Y(m) Z(m) 

US sensor 1 0.0537 -0.0341 0.0698 

US sensor 2 0.0477 -0.0416 0.0509 

Table 7-3. Ultrasonic sensors location 

  

                                                           
29 Retrieved from http://doc.aldebaran.com/2-1/family/robots/sonar_robot.html 
30 Retrieved from http://doc.aldebaran.com/2-1/family/robots/sonar_robot.html 
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7.2 Appendix B 
 

7.2.1 Pose 1 
 

Head 
Head Pitch 0 
Head Yaw 0 

 

Left Arm Right Arm 
L Shoulder Pitch 105,2 R Shoulder Pitch 105,08 
L Shoulder Roll 15,69 R Shoulder Roll -15,31 
L Elbow Yaw -85,87 R Elbow Yaw 85,85 
L Elbow Roll -29,59 R Elbow Roll 29,72 
L Wrist Yaw 0 R Wrist Yaw 0 

 

Left Leg Right Leg 
L Hip Yaw Pitch 0 R Hip Yaw Pitch 0 
L Hip Roll 2,87 R Hip Roll 2,87 
L Hip Pitch -18,51 R Hip Pitch -18,51 
L Knee Pitch 48,04 R Knee Pitch 48,04 
L Ankle Pitch -29,53 R Ankle Pitch -29,53 
L Ankle Roll -6,33 R Ankle Roll -6,33 

Table 7-4 Angles of the Pose 1 

 

 

Figure 7-2 Pose 1 result 
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7.2.2 Pose 2 
 

 

Head 
Head Pitch 0 
Head Yaw 0 

 

Left Arm Right Arm 
L Shoulder Pitch 105,26 R Shoulder Pitch 105,08 
L Shoulder Roll 15,78 R Shoulder Roll -15,19 
L Elbow Yaw -85,94 R Elbow Yaw 85,8 
L Elbow Roll -29,55 R Elbow Roll 29,72 
L Wrist Yaw 0 R Wrist Yaw 0 

 

Left Leg Right Leg 
L Hip Yaw Pitch 0 R Hip Yaw Pitch 0 
L Hip Roll 8,73 R Hip Roll 5,04 
L Hip Pitch -30,17 R Hip Pitch -17,12 
L Knee Pitch 64,58 R Knee Pitch 47,91 
L Ankle Pitch -34,4 R Ankle Pitch -30,79 
L Ankle Roll -8,73 R Ankle Roll -8,06 

Table 7-5 Angles of the pose 2 

 

 

Figure 7-3 Pose 2 result 
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7.2.3 Pose 3 
 

 

Head 
Head Pitch 0 
Head Yaw 0 

 

Left Arm Right Arm 
L Shoulder Pitch 105,26 R Shoulder Pitch 105,08 
L Shoulder Roll 15,78 R Shoulder Roll -15,19 
L Elbow Yaw -85,94 R Elbow Yaw 85,8 
L Elbow Roll -29,55 R Elbow Roll 29,72 
L Wrist Yaw 0 R Wrist Yaw 0 

 

Left Leg Right Leg 
L Hip Yaw Pitch 0 R Hip Yaw Pitch 0 
L Hip Roll 2,87 R Hip Roll 2,87 
L Hip Pitch -30,17 R Hip Pitch -17,12 
L Knee Pitch 64,58 R Knee Pitch 47,91 
L Ankle Pitch -34,4 R Ankle Pitch -30,79 
L Ankle Roll -8,73 R Ankle Roll -8,06 

Table 7-6 Angles of the pose 3 

 

 

Figure 7-4 Pose 3 result 
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7.2.4 Pose 4 
 

 

Head 
Head Pitch 0 
Head Yaw 0 

 

Left Arm Right Arm 
L Shoulder Pitch 105,26 R Shoulder Pitch 105,08 
L Shoulder Roll 15,78 R Shoulder Roll -15,19 
L Elbow Yaw -85,94 R Elbow Yaw 85,8 
L Elbow Roll -29,55 R Elbow Roll 29,72 
L Wrist Yaw 0 R Wrist Yaw 0 

 

Left Leg Right Leg 
L Hip Yaw Pitch 0 R Hip Yaw Pitch 0 
L Hip Roll 2,87 R Hip Roll 2,87 
L Hip Pitch -26,02 R Hip Pitch -12,55 
L Knee Pitch 53,46 R Knee Pitch 47,22 
L Ankle Pitch -27,44 R Ankle Pitch -34,66 
L Ankle Roll -2,31 R Ankle Roll -2,24 

Table 7-7 Angles of the pose 4 

 

 

Figure 7-5 Pose 4 result 
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7.2.5 Pose 5 
 

 

Head 
Head Pitch 0 
Head Yaw 0 

 

Left Arm Right Arm 
L Shoulder Pitch 82,86 R Shoulder Pitch 81,54 
L Shoulder Roll 17,24 R Shoulder Roll -17,21 
L Elbow Yaw -79,61 R Elbow Yaw 79,66 
L Elbow Roll -58,74 R Elbow Roll 52,8 
L Wrist Yaw 0,02 R Wrist Yaw 0,02 

 

Left Leg Right Leg 
L Hip Yaw Pitch -0,02 R Hip Yaw Pitch 0 
L Hip Roll 0 R Hip Roll 0 
L Hip Pitch -40 R Hip Pitch -25,76 
L Knee Pitch 40,79 R Knee Pitch 43,42 
L Ankle Pitch -18,06 R Ankle Pitch -23,51 
L Ankle Roll 0,01 R Ankle Roll -0,01 

Table 7-8 Angles of the pose 5 

 

 

Figure 7-6 Pose 5 result 
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7.2.6 Pose 6 
 

 

Head 
Head Pitch 0 
Head Yaw 0 

 

Left Arm Right Arm 
L Shoulder Pitch 81,86 R Shoulder Pitch 80,03 
L Shoulder Roll 17,21 R Shoulder Roll -17,21 
L Elbow Yaw -79,64 R Elbow Yaw 79,66 
L Elbow Roll -59,29 R Elbow Roll 55,61 
L Wrist Yaw 0,02 R Wrist Yaw 0,02 

 

Left Leg Right Leg 
L Hip Yaw Pitch -0,01 R Hip Yaw Pitch 0 
L Hip Roll 0 R Hip Roll 0 
L Hip Pitch -25,58 R Hip Pitch -20,98 
L Knee Pitch 44,03 R Knee Pitch 47,23 
L Ankle Pitch -25,45 R Ankle Pitch -25,67 
L Ankle Roll 0 R Ankle Roll 0 

Table 7-9 Angles of the pose 6 

 

 

Figure 7-7 Pose 6 result 
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7.2.7 Pose 7 
 

 

Head 
Head Pitch 0 
Head Yaw 0 

 

Left Arm Right Arm 
L Shoulder Pitch 103,47 R Shoulder Pitch 106,88 
L Shoulder Roll 15,52 R Shoulder Roll -15,39 
L Elbow Yaw -85,7 R Elbow Yaw 86,01 
L Elbow Roll -31,38 R Elbow Roll 27,9 
L Wrist Yaw 0 R Wrist Yaw 0 

 

Left Leg Right Leg 
L Hip Yaw Pitch 0 R Hip Yaw Pitch 0 
L Hip Roll 2,87 R Hip Roll 2,87 
L Hip Pitch -20,77 R Hip Pitch -28,52 
L Knee Pitch 49,5 R Knee Pitch 63,83 
L Ankle Pitch -28,73 R Ankle Pitch -35,31 
L Ankle Roll 1,42 R Ankle Roll 1,57 

Table 7-10 Angles of the pose 7 

 

 

Figure 7-8 Pose 7 result 
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7.2.8 Pose 8 
 

 

Head 
Head Pitch 0 
Head Yaw 0 

 

Left Arm Right Arm 
L Shoulder Pitch 92,16 R Shoulder Pitch 96,55 
L Shoulder Roll 26,89 R Shoulder Roll -24,34 
L Elbow Yaw -82,91 R Elbow Yaw 83,74 
L Elbow Roll -38,23 R Elbow Roll 63,35 
L Wrist Yaw 0,02 R Wrist Yaw 0,02 

 

Left Leg Right Leg 
L Hip Yaw Pitch 0 R Hip Yaw Pitch 0 
L Hip Roll 5 R Hip Roll 8 
L Hip Pitch -20,76 R Hip Pitch -21,77 
L Knee Pitch 53,33 R Knee Pitch 64,75 
L Ankle Pitch -34,18 R Ankle Pitch -36,68 
L Ankle Roll 0 R Ankle Roll 0 

Table 7-11 Angles of the pose 8 

 

 

Figure 7-9 Pose 8 result 
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7.2.9 Pose 9 
 

 

Head 
Head Pitch 0 
Head Yaw 0 

 

Left Arm Right Arm 
L Shoulder Pitch 78,42 R Shoulder Pitch 81,86 
L Shoulder Roll 17,17 R Shoulder Roll -17,17 
L Elbow Yaw -79,62 R Elbow Yaw 79,62 
L Elbow Roll -54,21 R Elbow Roll 57,85 
L Wrist Yaw 0,02 R Wrist Yaw 0,02 

 

Left Leg Right Leg 
L Hip Yaw Pitch -0,02 R Hip Yaw Pitch 0 
L Hip Roll 0 R Hip Roll 0 
L Hip Pitch -26,23 R Hip Pitch -27,05 
L Knee Pitch 44,82 R Knee Pitch 46,14 
L Ankle Pitch -23,21 R Ankle Pitch -23,76 
L Ankle Roll 0,01 R Ankle Roll -0,01 

Table 7-12 Angles of the pose 9 

 

 

Figure 7-10 Pose 9 result 
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7.2.10 Pose 10 
 

 

Head 
Head Pitch 0 
Head Yaw 0 

 

Left Arm Right Arm 
L Shoulder Pitch 105,2 R Shoulder Pitch 105,08 
L Shoulder Roll 15,58 R Shoulder Roll -15,4 
L Elbow Yaw -85,82 R Elbow Yaw 85,91 
L Elbow Roll -29,59 R Elbow Roll 29,72 
L Wrist Yaw 0 R Wrist Yaw 0 

 

Left Leg Right Leg 
L Hip Yaw Pitch 0 R Hip Yaw Pitch 0 
L Hip Roll 2,87 R Hip Roll 2,87 
L Hip Pitch -19,22 R Hip Pitch -19,22 
L Knee Pitch 48,48 R Knee Pitch 48,48 
L Ankle Pitch -29,26 R Ankle Pitch -29,26 
L Ankle Roll -2,87 R Ankle Roll -2,87 

Table 7-13 Angles of the pose 10 

 

 

Figure 7-11 Pose 10 result 
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7.2.11 Pose 11 
 

 

Head 
Head Pitch 0 
Head Yaw 0 

 

Left Arm Right Arm 
L Shoulder Pitch 80,24 R Shoulder Pitch 81,68 
L Shoulder Roll 17,21 R Shoulder Roll -17,21 
L Elbow Yaw -79,66 R Elbow Yaw 79,66 
L Elbow Roll -57,85 R Elbow Roll 56,73 
L Wrist Yaw 0,02 R Wrist Yaw 0,02 

 

Left Leg Right Leg 
L Hip Yaw Pitch 0 R Hip Yaw Pitch 0 
L Hip Roll 3,99 R Hip Roll 3,99 
L Hip Pitch -25,78 R Hip Pitch -37,88 
L Knee Pitch 40,11 R Knee Pitch 40,4 
L Ankle Pitch -20,05 R Ankle Pitch -0,13 
L Ankle Roll 0 R Ankle Roll 0 

Table 7-14 Angles of the pose 11 

 

 

Figure 7-12 Pose 11 result 
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7.2.12 Pose 12 
 

 

Head 
Head Pitch 0 
Head Yaw 0 

 

Left Arm Right Arm 
L Shoulder Pitch 101,19 R Shoulder Pitch 109,06 
L Shoulder Roll 15,48 R Shoulder Roll -15,1 
L Elbow Yaw -85,8 R Elbow Yaw 85,82 
L Elbow Roll -33,06 R Elbow Roll 26,32 
L Wrist Yaw 0 R Wrist Yaw 0 

 

Left Leg Right Leg 
L Hip Yaw Pitch 0 R Hip Yaw Pitch 0 
L Hip Roll 2,87 R Hip Roll 2,87 
L Hip Pitch -13,5 R Hip Pitch -26,26 
L Knee Pitch 46,65 R Knee Pitch 52,48 
L Ankle Pitch -33,15 R Ankle Pitch -26,2 
L Ankle Roll -3,07 R Ankle Roll -3,06 

Table 7-15 Angles of the pose 12 

 

 

Figure 7-13 Pose 12 result 
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