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Abstract

Humanoid robots are anthropomorphic mechanical structures that aim to mimic human ca-
pabilities and perform human-like tasks. Walking is one of the most important features of these
machines since it allows them to move on irregular ground, climb stairs or step over obstacles.

The control of the humanoid walking movement is, however, a challenging task due to the
many degrees-of-freedom and highly unstable dynamics. Currently, the most used solution for
gait generation is based on the stability criteria known as Zero-Moment Point. Nevertheless, this
method requires the complex robot dynamics to be modelled, generates non-optimal patterns and
is not adaptable to highly dynamic environments.

For this reason new control techniques based on Central Pattern Generators (CPG) are being
proposed. Using this method, no dynamic analysis is required, no trajectory is generated before
hand and the robot is fully controlled by the limit cycle behavior of the neural oscillator. When
implementing CPG systems architecture factors such as the oscillators mathematical model and
the coupling typology have to be considered. So far no analysis was done to compare the perfor-
mance of different non-linear oscillator models and there is no widely accepted architecture for
this specific purpose.

In this work a simulated humanoid model is created using the SimTwo and Webots simulation
environments. Using these simulators a simple trajectory-based gait is implemented and optimized
using a genetic algorithm. This method shows that the two robots are capable of performing a
walking motion.

Using the hip signals from the trajectory-based gait, an experimental comparison between the
Van der Pol, Rayleigh, Duffing and Matsuoka oscillators performance is done. The best results
were obtained by using the Matsuoka oscillator, which demonstrates that this is the most con-
venient model for this task. Connecting this oscillator model in a chain architecture, a genetic
algorithm optimization is executed to determine the parameters for performing a walking mo-
tion. The final optimization was innefective and due to the convergence to a movement that did
not correspond to a walking motion. To overcome this problem a supervised learning method,
using the trajecory-based signals as reference, is used to entrain the Matsuoka oscillators. The ob-
tained parameters are used to generate control signals that can effectively produce forward walking
movement.

The results obtained in this work demonstrate the feasibility of using CPG-based techniques
to perform biped locomotion. Nonetheless, the generated walk still shows some shortcomings and
further improvements need to be done. A number of shortcoming were also found in the SimTwo
simulator, which demonstratates that some of its functionalities, such as colision detection and
friction models, still need to be refined.
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Resumo

Robds humanoides sdo estrutrutas antopomorficas cujo objectivo € reproduzir capacidades
humanas e executar tarefas humanas. Caminhar é uma das propriedades mais importantes deste
tipo de mecanismos, dado que lhes permite movimentarem-se em superficies irregulares, subir ou
descer escadas e ultrapassar vérios obsticulos.

O controlo deste tipo de movimento €, no entanto, uma tarefa complexa devido aos muitos
graus de liberdade e dinimica inerentemente instével. Actualmente, a solu¢ido mais utilizada para
gerar caminhadas € baseada no critério de estabilidade designado por Zero-Moment Point. No en-
tanto, este método requer que a dindmica do robd seja modelada, apresenta resultados ineficientes
e ndo € facilmente adaptdvel a ambientes dindmicos.

Por este motivo, novas técnicas de controlo baseadas em Central Pattern Generators (CPG)
tém sido propostas. Utilizando estes métodos, ndo s@o necessdrias andlises da dindmica, nenhuma
trajectdria € gerada antecipadamente e o movimento do robo € totalmente controlado pelo ciclo
limite do oscilador. Quando se implementam sistemas baseados em CPG, factores como o modelo
matematico dos osciladores e a topologia dos acoplamentos tém que ser considerados. Até 4 data
nenhuma anélise comparativa entre os varios modelos de osciladores foi feita e ndo existe uma
arquitectura bem definida para este tipo de tarefa.

Neste trabalho um humanoide simulado em SimTwo e Webots foi utilizado para testar os algo-
ritmos implementados. Numa primeira aproximagao, uma caminhada baseada em trajectdrias pre-
definidas foi implementada e optimizada utilizando um algoritmo genético. Este método demon-
stra que ambos os robds sdo capazes de efectuar caminhadas.

Utilizando os sinais de controlo da anca obtidos a partir do método anterior, realizou-se uma
comparacdo experimental entre os osciladores Van der Pol, Rayleigh, Duffing e Matsuoka. Os
melhores resultados foram obtidos pelo oscilador Matsuoka o que demonstra que este modelo é o
mais conviniente para este tipo de tarefa. Uma arquitectura baseada em CPG, utilizando o modelo
de Matsuoka para gerar os sinais de controlo, foi implementada e um algoritmo genético utilizado
para determinar os paramétros necessarios para gerar a caminhada. A optimizagao resultou numa
convergéncia para um movimento errado, revelando-se este método ineficiente. Para ultrapassar
esta limitagdo, um método de aproximacdo 4s formas de onda anteriormente obtidas foi imple-
mentado para determinar os paramétros do oscilador. Utilizando estes paramétros foi possivel
criar sinais que geram um movimento de caminhar.

Os resultados obtidos neste trabalho demonstram que € possivel utilizar técnicas baseadas em
CPG para realizar movimentos de caminhada. No entanto, as trajectdrias geradas demonstram
ainda alguns problema e, como tal, algumas melhorias sdo necessarias até este ser um método efi-
caz. O simulador SimTwo apresenta também limitacdes em algumas funcionalidades, nomeada-
mente na deteccdo de colisdes e nos modelos de friccdo que t€m que ser corrigidas.
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Chapter 1

Introduction

Humanoid robots are anthropomorphic mechanical structures that aim to mimic human capa-
bilities and perform human-like tasks. Several areas of study are in focus in humanoid robots, such
as object recognition, artificial intelligence, man-machine interaction and locomotion planning and
control.

The main motivation for the use of this type of robot is their suitability for performing tasks in a
typical “human environment”, due to their capability to perform not only human-like manipulation
but also human-like locomotion [1]. Therefore, the goal of the studies in this area is to achieve
human dexterity, efficiency, stability, effectiveness and flexibility [2].

Walking is a particularly important feature of these machines, since it allows them to move
on uneven ground or step over obstacles, with the advantage that feet usually provide a lot more
friction with the surface when compared to a wheel. Furthermore wheeled robots are in general
limited to horizontal movements, while a machine with legs can climb a ladder or use steps to
travel up- or downwards [3].

This area has witnessed solid advances from the single leg hopping mechanism and quadrupeds
introduced in 1986 [4] to the current commercial humanoid robots with the ability to walk and
interact with the surrounding environment and even with people. Some of the most remarkable
examples are Sony’s QRIO, Honda’s ASIMO and Fujitsu’s HOAP-2, shown in Figure 1.1.

The control of the humanoid walking movement is a challenging task due to the many degrees-
of-freedom and the nonlinear and hard to stabilize dynamics [2] and a reliable, flexible and widely
accepted solution to solve this problem is still to be found.

Currently, the most used solution for gait generation is based on the stability criteria known
as Zero-Moment Point. Nevertheless, this method requires the complex robot dynamics to be
modeled and the generated patterns are non-optimal and not easily adaptable to highly dynamic
environments [8]. For this reason new control techniques based on Central Pattern Generators
(CPG) are being proposed.

CPG are constituted by coupled non-linear oscillators that can be used to generate robust and
highly adaptable gaits. For the design of these systems factors such as architecture, oscillator

mathematical model, coupling typology and the choice between torque and position control have
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(b)

Figure 1.1: Humanoid robots (a) Sony’s QRIO (Source:[5]) (b) Honda’s ASIMO (Source:[6]) and
(c) Fujitsu’s HOAP-2 (Source:[7])

to be considered. All these design considerations are strongly interconnected and each of them
has a strong impact in the gait generation performance.

Some oscillator models and architectures were proposed but, so far, no comparative work
was done as to determine which model presents the best performance for this specific task. This
is of the uttermost importance since the selection of a convenient oscillator is critical for the
development of the more advanced locomotion capabilities of the humanoid robot.

With this in mind, the main objective of this work is to simulate different walking algorithms
for humanoid robots. The focal point is on the use of the recently proposed architectures and
control methods based on Central Pattern Generators. The specific objectives are: a) compare the
performance of the different non-linear oscillator models and b) demonstrate the gait generation
capabilities of the selected CPG oscillator and architecture.

To achieve the proposed objectives the first task for this project is to create a suitable test envi-
ronment for the gait generation algorithms. Due to the high complexity and cost of real humanoid
robots, two dynamics simulation environments based on a realistic physics engine are used. One
of the used simulators is SimTwo [9], which is currently being developed at FEUP. The other is
the commercial simulator Webots that is the basis for the humanoid simulation competition Ro-
bostadium. The use of these two simulators makes it possible to compare, validate and suggest
improvements for SimTwo.

After implementing the simulation environments, a simple trajectory-based gait generation
method is used to demonstrate the robot locomotion capabilities and generate reference trajecto-
ries. Using the reference signals a comparison between the studied non-linear oscillators is done,
to determine which model can better approximate the reference signals.

The most suitable oscillator model is then implemented in a chain architecture and used to
generate forward walking gaits for the humanoid robot. This demonstrates the possibility of doing
sucessful locomotion control using a CPG.

According to the proposed objectives and methodology, this thesis is organized as follows:

Chapter 2 presents a review of the work currently done using Central Pattern Generators for hu-
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manoid robot locomotion; The theoretical background for the used simulation environments, op-
timization methods and low-level motor control is given in Chapter 3; the implemented humanoid
model and simulation results are detailed in Chapter 4; the conclusion and open topics for fu-
ture work are stated in Chapter 5; The SimTwo humanoid model implementation, the non-linear
oscillators source code and the NAO DC motors datasheet are shown in Appendices A, B and
C, respectively. Also, a CD containing all the relevant source-code, datasheets and an electronic

version of this thesis is enclosed.
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Chapter 2

Central Pattern Generators: a review

Biped locomotion is one of the major topics in the design and development of humanoid robots
and has been the focus of several studies and research, from a variety of viewpoints, over the last
decades. The objective of these methods is to generate a stable gait over a complete walking cycle
[10]. The gait generation techniques can be broadly divided in four main categories: passive-
dynamic, trajectory-based and central pattern generators [11].

In passive-dynamic walking, the biped walks down a slope without the use of any actuator. The
mechanical parameters of the legs (e.g. length, mass, foot and shape) determine the characteristic
and stability of the generated motion [12]. This idea was first applied in [13] and was used to
develop a 2D biped with knee joints and curved feet. Even though this robot could only move
down an inclined slope, this work demonstrated that the robot physical construction can be as

important as the control system for the walking motion.

Trajectory-based methods consist of finding a set of pre-defined kinematics trajectories using
a stabilization criterion to ensure that the gait is stable. Most of the successful walking algorithms
implemented nowadays are trajectory-based and use the Zero-Moment Point (ZMP) criterion for
motion generation with off-line trajectory determination and on-line balance compensation [14].
This stability criteria was introduced by Vukobratovic and it states that ”as long as the ground
projection of the point of the resulting reaction forces, remains inside the polygon formed by the
contact point of the feet on the ground, the walking is stable* [15]. Even though this method is
effective to guarantee stability of biped locomotion it requires precise modeling of robot dynamics
and, to avoid singularities while solving the legs’ inverse kinematics, the generated patterns usually
result in a “bent-knee* posture. Moreover, due to the regular interaction between bipedal robot
and unknown environment during the entire walking cycle, the use of pre-recorded trajectories
may result in a poor walking performance [8].

The difficulties of the trajectory-based approach inspired some researchers to look into the
biomechanics of the animal and human walking. The concept of Central Pattern Generators (CPG)
originated from the neurophysiological studies of biological neural networks that produce coor-
dinated multidimensional rhythmic signals, under the control of simple input signals, which are

characteristic of the vertebrate and invertebrate animal motions [16].
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In biological systems of legged locomotion, the high-level nervous system and spinal cord
rhythmic system control the musculo-skeletal system in a hierarchical manner. The high-level
nervous system is responsible for the motion learning and adaptation, i.e. the intelligence. The
lower limbs move with a given coordinated motion under the Central Pattern Generators’ driving
[17]. Central Pattern Generators (CPG) are, in simple terms, networks of coupled non-linear
oscillators that produce coordinated control signals. These networks present several properties

that make them suitable for motion control [17]:

e They can produce periodic control signals even without any sensor or higher order inputs.

This allow a robot to move on flat terrain only using the CPG control signals [18].

e It is a distributed control system in which each CPG unit controls one joint of a robot and
the full network coordinates the complete a movement. Depending on the parameters mod-
ulation different gaits can be generated. This also allows gait transition during movement to

be performed.

e Sensorial and higher level inputs can be connected to the system, thus making the gait adapt
to the environment. Therefore, using the CPG inspired method, robots can either walk on
flat terrain with an open loop control or adaptively walk on irregular terrain with a closed

loop control [19].

Using this method, no dynamic analysis is required, no trajectory is generated before hand and
the robot is fully controlled by the limit cycle behavior of the neural oscillator. This approach was
explored not only to control bipeds [8, 20, 21, 18, 22], but also quadrupeds [23, 24], hexapods [25],
centipedes [26] and other types of bio-inspired robots [27]. Nonetheless, the relation between the
parameters and the generated outputs are difficult to determine due to the non-linear nature of the
oscilators and unpredictable and potentially unstable behaviour can occur [28].

To apply CPG models to robot motion control, three main points have to be considered [29,
28]:

1. CPG model selection. Before constructing a CPG network an appropriate CPG model,

depending on the desired type of locomotion, must be selected.

2. CPG network architecture. The number of CPG units, the type of couplings and the overall

architecture must be defined.

3. Modulating parameters. The network output signals’ characteristics and, consequently, the
generated gait, are dependent on the CPG parameters values. Therefore, these parameters

must be modulated according to the desired type of gait to be performed.

2.1 Oscillator models

Several different non-linear oscillator models have been used to implement biped locomotion,
being the most common the Matsuoka [8, 30, 20], Van der Pol [24, 31] and Rayleigh [31]. The



2.1 Oscillator models 7

Duffing oscillator model was proposed to describe nonlinear vibration modes and it has not been
used to study gait generation processes. Nonetheless it shows the same limit cycle behavior as the

previous oscillators.

2.1.1 Van der Pol oscillator

The Van der Pol oscillator is a type of relaxation oscillator originally used to describe limit
cycles in electrical circuit using vacuum tubes [28]. The differential Equation 2.1 describes the

response of this type of oscillator.
X+a(x2—p2)x+w2x:0 2.1
where:
e x, X and X describe the states of the system
e a > ( and p are the coefficients of the resistance
e w represents the oscillator input gain

The resistance is negative for a small amplitude of x, as given by x*> — p?, and is responsible
for the generation of self-sustained oscillations.

Equation 2.2 shows the oscillator including couplings and feedback signals.

n m
jé+a(x2—p2)x+2w,2xi+2wi2fi:0 (2.2)
i=0 i=0
where:
e x, X and ¥ describe the states of the system
e a > ( and p are the coefficients of the resistance
e f represents the feedback value
e w represents the connection gain

The adaption consists of including the outputs of the connected oscillator and feedback sources
affected by a gain factor in the oscillator state calculation. Figure 2.1 shows the typical response

of a Van Der Pol oscillator in the presence of a limit cycle.

2.1.2 Rayleigh oscillator

The Rayleigh oscillator is also a relaxation oscillator, very similar to the one presented by Van
der Pol, and was created to model the sound generating principles of musical instruments [28].

The key difference between these two oscillator is that when the voltage (input signal) increases,
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0 20 40 60 80 100
t

Figure 2.1: Van der Pol oscillator typical output (Source:[32])

the Van der Pol oscillator shows an increase in frequency, whereas the Rayleigh oscillator shows
an increase in amplitude. Equation 2.3 details the output behavior of this type of oscillator.
jé+a(x2—p2)x+w2x:0 (2.3)
where:
e x, X and ¥ describe the states of the system
e a > (0 and p are the coefficients of the resistance
e w represents the oscillator input gain
Both the typical response and the inclusion of feedback and coupling between different oscil-

lators is done in the same way as in the Van der Pol oscillator.

2.1.3 Duffing oscillator

From a physical point of view, the Duffing oscillator describe in Equation 2.4 can model the
one-mode vibration of a suspended elastic cable driven by a periodic forcing [33].
X4 px+ gx+ Bx* +rx> = scos (1) 2.4
where:
e p is the measure of damping
e f3 and r are nonlinearities
e ¢ is the natural frequency
e s and w represents the excitation signals’ amplitude and frequency

This oscillator present the same limit cycle properties as the previously presented oscillators,
however, due to the higher order terms it has richer dynamics. This type of response can potentially

be used to effectively model the target joint angles needed for biped locomotion. The coupling and
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feedback are included as in the Van der Pol and Rayleigh oscillator. Figure 2.2 shows an example

of the Duffing oscillator response.

Figure 2.2: Duffing oscillator output example (Source: Adapted from [33])

2.1.4 Matsuoka oscillator

The most widely used CPG for humanoid locomotion is the one presented and analyzed by

Matsuoka [34]. Equations 2.5 to 2.7 represent a neuron of a Matsuoka oscillator composed by n

elements.
dx,- =1
T—"+xi=—) aijyj+si—bf; 2.5
dt -
yi = max (0,x;) (2.6)
dt
LY =y 2.7)
where:

e x is a membrane potential of the neuron body

T, the rise time constant for a given step input

e a;; is a weight of inhibitory synaptic connection from the j —th neuron to the i — th neuron

s an impulse “rate” of the tonic or slowly varying input

b the parameter that determines the steady-state firing rate for a constant input

f is the degree of fatigue or adaption in the neuron

e y a “firing” rate or output of the neuron

T, the adaptation time constant
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The feedback is included in the same way as the oscillator coupling by adding the feedback
inputs to values multiplied by the inter-coupling a matrix.

Since the human motion is typical commanded by the response of two muscles, i.e. the exten-
sor and the flexor, the two-neuron network typically used for movement control with each of the
elements modeling the response of either muscle. This type of configuration is shown in Figure
23

Extensor noeuron

+ y=max{ul 0)

Extensor neuron es i
of the N.O.'s () >

1
*

y =max(u, 1)

Flexor neuron

of other N.O.'s

F lr'|"|'ll_:l.

Flexor nenron

Figure 2.3: Two-neuron matsuoka configuration (Source:[28])

Figure 2.4 shows the output response of a two-neuron network with 7, = 1,7, = 12,b =

2.5,6112 =ay = 1.5 and S1 =482 = 5.

The use of neural networks has also been attempted in [35, 36] but is a less common approach.
The oscillators’ mathematical equations are typically implemented in its continuous form and
numerical methods are used to compute the solutions for a given set of parameters. Another
possibility is the implementation in microcontrollers using a discretized version [37] or using
analog hardware components [25]. A comparison between Rayleigh and Van der Pol oscillators for
biped locomotion control [31] has shown the better performance of Rayleigh oscillators, however

no extensive work was done using also the Matsuoka and other oscillators.
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Figure 2.4: Matsuoka oscillator output example (Source:[34])

2.2 Architectures and parameter modulation

Currently, there are two types of CPG architectures found in literature, specifically, ring ar-
chitecture, i.e the output of each oscillator is connected to the next one, with the last oscillator
connected to the first, forming a ring or closed loop [38, 39] and chain along the legs, e.g. the the
hip connects to the knee and the knee to the ankle [8, 30], being the latter the most used in biped

locomotion. Figure 2.5 shows an example of ring and chain architectures, respectively.
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Figure 2.5: CPG control architectures (a) Ring connection (Source:[39]) and (b) Chain connection
(Source:[30])

The use of the motor dynamics as part of the Matsuoka oscillator for generation of the position
signal [41] and the introduction of virtual components between the CPG output and the motor con-
trol signal [22] have also been tried to improve the stability and reaction to external perturbation
showing promising results.

Another property very common to animals and humans being is their capability to seamlessly
change the type of gait, e.g. from walking to running. This property is also very little studied
for robotic system and the only approach followed until now is the transition between sets of
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Figure 2.6: Motorneuron control architecture (Source:[40])

pre-defined parameters [42, 24]. This approach has been successfully used perform online gait
transitions in quadrupeds but so far not in humanoids. A method to dynamically start a humanoid
walking movement by adjusting the value of only of one of the inputs in a Matsuoka oscillator was
proposed in [37].

Regardless of the CPG model or functionality that is to be implemented the main challenge is
to adjust the parameters that generate the desired output signals. Since these networks are highly
nonlinear it is usually very complicated to establish a direct relation between the the parameters
and the describing factors of the outputs such as frequency, amplitude, phase relations between the
neurons, and the overall waveform of the output signals [28]. The techniques used to determine
these parameters can be divided in two main groups, supervised and unsupervised learning [29].
In unsupervised learning an optimization algorithm is used to optimize certain motion parameters.
Most commonly found in literature is the optimization of a combination of speed and stability
[41, 23], robot posture [43] or the estimated foot position during the walking cycle [44]. This
method is not always capable of finding an adequate set of parameters to generate the desired
motion. Therefore, the evolution is sometimes done in a stepwise manner, e.g. to evolve first
to a simpler objective and then to the complete walking [41] or by including extra supporting
structures in the robot to facilitate the walking for the first generations [30]. When supervised
learning is used the desired outputs are assumed to be available, either from previous experiments
or by adaptation from human measured data [45]. In this case either genetic algorithms are used
to minimize the differences between the two data sets [45] or online entrainment algorithms are
used [46]. A method to entrain a CPG using existing data was also developed [47] but can only be

applied to a specific model.

Even though various studies have been made about CPG and their different features, several
research topics are still open in the area of humanoid locomotion. There is currently no defined

technique to select control architectures and oscillator models. It is also not clear if the CPG output
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should be directly used to control the joint angles or if this represents a higher level of control and
a layer should be included for the motor position or torque control. The inclusion of feedback
and the online gait adaptation are also still very little studied and without these tools it will not
be possible for humanoid robots to regularly operate in dynamically and highly unpredictable
environments. Another missing key research is the study of an the end-to-end architecture to
determine the relations between all the previously referred subsystems and the overall interaction

with the external environment.
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Chapter 3

Theoretical background

To provide the necessary framework for this thesis, this chapter briefly describes the theoretical
concepts. In this sense, the optimization methods are detailed in Section 3.1. The low-level closed
loop control is then presented in Section 3.2. An overview of the used simulation environments is

given in Section 3.3.

3.1 Optimization methods

A major difficulty in designing CPG networks is the parameter modulation, due to the non-
linear relation between the model parameters and the output signals. There is no well-established
design methodology for these parameters determination and the main methods used are trial-and-
error, numerical analysis and optimization algorithms [29].

Trial-and-error methods are usually inefficient and result is non-optimal solutions that are
only adaptable to very specific situations. Also, due to the difficulty in establishing relationships
between the parameters and outputs, numerical analysis methods are very difficult to use to obtain
good results. Therefore, the use of optimization algorithms is the most used solution. These
methods are also slow and can sometimes lead to sub-optimal solutions but they provide the best
method for analysis of these type of systems [28]. Two of the used methods are Hill Climbing and
Genetic Algorithms.

3.1.1 Hill climbing

The Hill Climbing algorithm is a simple local search method that is easy to implement and
performs well in several situations, achieving reasonable results. The algorithm starts by generat-
ing a random (potentially poor) solution, and iteratively making changes to the solution that lead
to better results. When the algorithm is not able to do further improvements on the solution, it
terminates. Ideally, at this point, the solution is optimal or very close to optimal, even though this
can not be guaranteed. Figure 3.1 shows an example of a suitable solution space for applying Hill

climbing.

15
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Figure 3.1: Hill climbing solution space example (Source: [33])

This algorithm can easily get stuck in local optimal solution, i.e., none of the neighbors has a
better evaluation than the current solution or in an infinite loop through neighbor solutions. Figure
3.2 shows an example of a solution space that can lead to potential problem when using Hill
Climbing. These two problems can be addressed by allowing the algorithm to occasionally accept

worst solutions and by introducing memories to remember the previously found values.

Six y)=e X ) +2e ((-1.7)" +(y-1.7)")

Figure 3.2: Hill climbing solution space example with local optimal solutions (Source: [33])

3.1.2 Genetic algorithms

A genetic algorithm (GA) is an optimization method inspired by the evolution of biological
systems and based on global search heuristics and tries to overcome some of the limitations exist-
ing in the Hill Climbing and other optimization methods.

Given an initial population of candidate solutions (called individuals, creatures, or pheno-
types), the fitness of every individual in the population is evaluated, multiple individuals are se-
lected from the current population (based on their fitness), and modified (recombined and possibly
mutated) to form a new population.

The initial population is usually generated randomly, trying to cover most of the search space.
Occasionally, the individuals are generated around areas in which the optimal solution is most
likely to be found to increase the convergence speed. The population size depends on the problem
to be solved, however, they commonly range from 5 to 20 times the number of variables to be
optimized.

The fitness function always problem dependent and is calculated for each individual to mea-
sure the quality of the represented solution. When different objectives have to be combined, the
fitness function is usually composed by a linear combination of each of them, with the weights

representing the relative importance of each to the final results.
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After evaluating an existing population, a certain number of individuals are selected based
on their fitness to be recombined and create a new population. Two of the most used selection
methods are roulette-wheel selection and tournament selection. In the roulette-wheel method each
candidate solution is attributed a selection probability based on its fitness value. A random indi-
vidual is then selected. This is analogous to a roulette in which each individual solution represent
a pocket with a size proportional to the selection probability, hence the methods’ name. In tourna-
ment selection a pre-defined number of randomly selected individuals are grouped together, being
the one with the best fitness value selected for the next generation. Both of the functions are how-
ever stochastic and designed so that less fit solutions are also chosen in order to keep the diversity
of the population and so avoid the convergence to local optimal solutions.

A new population is then created by recombining or mutating the selected individuals. The
part of the population created by recombination is determined by the crossover ratio. Several
crossover techniques exists, being the most used: one point-crossover in which a single crossover
point on both parents’ organism strings is selected; two-point crossover in which two points are
selected on the parent organism and everything between them is swapped. Figure 3.3 shows these

two crossover mechanisms.

Parents: Parents:

crossover point

O —
CIOSS0VEr points

Chilidren; Chilkdren:

(a) One-point crossover (b) Two-point crossover

Figure 3.3: Genetic algorithm crossover examples (Source: [33])

The remaing population is generated by mutation. Mutation is a process analogous to biologi-
cal mutation in which one of the elements of the individual chromosome can change according to
a given mutation probability. The purpose of mutation in GA is preserving and introducing diver-
sity. Mutation should allow the algorithm to avoid local minima by preventing the population of
chromosomes from becoming too similar to each other, thus slowing or even stopping evolution.

The newly created population is then evaluated and the algorithm iterates until a satisfactory
solution is found or a stop criteria is reached (e.g. maximum number of generations). The algo-
rithm does not guarantee that a global optimal solution has been found.

Figure 3.4 gives a general overview of the GA cycle.

3.2 Low-level control

When controlling motors, closed-loop controllers are very widely used, in order to make the
overall system response immune to the presence of uncertainty and outside disturbances (e.g.

battery voltage variations, load variations). The objective is to vary the voltage applied to the
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Figure 3.4: Genetic Algorithm cycle (Source:[48])

motor so that it moves at a specified speed or to a specific position. To accomplish this, it’s
necessary to measure the actual state of the motor and compare it with the desired state. The
difference between them is called error and is then applied to a controller which will change the
voltage applied to the motor. Figure 3.5 shows the typical closed-loop control block diagram.

Measured System
error input System output

Controller System Jor

Reference +

h 4

Measured autput

Sensor |«

Figure 3.5: Typical position closed-loop control block diagram (Source: [49])

Typically, the controller used is a P, PI or PID controller. A PID controller is constituted by
three distinct effects: Proportional, Derivative and Integral (Figure 3.6). Each of these parts has
its own effect on the behaviour of the closed loop system

The proportional effect is used to deal with the present error, being K), called the proportional
gain. The higher K, is, the faster will the system react to error, but a large value of K, can
eventually lead to system instability. The integral effect is used as a “memory” of the system.
It integrates the values of the error over time and multiplies it by an integral gain designated by
K;, thus making an average and adding it to the control quantity. This integral effect removes the
steady-state error.

The derivative effect is used as a prediction of the future state of the system. The derivative

on the current point of the system is multiplied by a constant K; designated as derivative constant
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Figure 3.6: PID control (Source: [50])

and summed to the control quantity. The derivative effect is used to make the controller respond

quicker to changes in the system. The resulting equation is, thus, (3.1) [51].

/e(’C)dT +17p dil(tt)

de(t)
dt

ult) = K[e(t)—l-;}

= Kye(t) +K; / e(1)dT+ Ky 3.1)

This is the implementation of the PID controller in an analog/continuous way. But if a mi-
crocontroller is being used, it’s necessary to implement it in a discrete/digital way using the Z-
Transform domain instead of the S-Transform domain. Two possibilities are: to design the whole
controller using digital control theory, or to try to discretize the analogical controller [52]. Follow-
ing the second choice, the discretization can be done for small sampling times 7. The derivative
term, then, can be replaced by a first-order difference expression and the integral term, by a sum.
Since the integral term should be a form a sum of all past errors, the error should be stored in every
sampling time. The discrete recursive PID controller algorithm, derived from (3.1), becomes (3.2)
[51].

u(k) =K |e(k) + == Ze(i)+—(e(k)—e(k— 1)) (3.2)

3.3 Simulation environment

To test and analyze the behavior and performance of the implemented gait generation algo-
rithms two dynamics simulation environments were used. The use of simulation environments for
development and test in robotics provides has many benefits over the use of real robots. The main

advantages of simulations are [11, 53, 28]:
e Easy to develop and test new robot models;

e Possibility to easily add, remove, and test different components;
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e Eagy testing of new algorithms;
e [ess development and testing time;
o All tests can be done without damaging the real robot;

e No human intervention is needed to reinitalize test, which is particularly important for opti-

mization algorithms that require several runs;
e Physical measures can be easily done

e On reliable and realistic simulation environments, the obtained results can be directly or

very easily applied to the real robots;
e Control over the simulation time
e [ ess expensive than real robots

SimTwo [9] is a realistic simulation framework based on the Open Dynamics Engine (ODE)
library [54] which provides the low-level dynamic realism by numerically simulating each body
“mechanics” based on its physical properties. The simulator models the electrical actuators as DC
motors driving hinge, universal or slider joints. Non-linear effects such as saturation, current limit
and static and dynamic frictions are also taken into account, as well as user-defined gearboxes and
controllers (e.g. PID-position or space-state). An Extensible Markup Language (XML) is used to
define the simulator robots and environment.

Webots physical engine is also based on ODE, however it does not simulate the real behavior
of DC motors. Each joint has instead a maximum force that can be applied, which corresponds
to an ideal DC motor model without any non-linearity. A Virtual Reality Modelling Language
(VRML) is used to define the simulated world and an advanced graphics engine is used to render
realistic surfaces over the physics engine bounding boxes. Table 3.1 shows a comparison between

the main features of the two softwares.

Table 3.1: SimTwo and Webots feature comparison

Feature SimTwo Webots
Physics Engine ODE ODE
Actuators Simulated DC motors with gear- | Maximum joint force
box and non-linearities effects
Sensors Infrared distance sensor Gyroscope, pressure sensor and
accelerometer
Real-time Yes, with the possibility of a | User-selectable
fixed time acceleration
Graphics Simple, only ODE shapes shown | Possibility of including 3D mod-
els of the real-robot
Scene definition XML-type language VRML-type language




Chapter 4
Simulation results and analysis

This chapter constitutes the core of the developped work, detailing the simulation model im-
plementation and the obtained results and their analysis. In Section 4.1 the design and implemen-
tation of the simulated humanoid model is presented. Section 4.2 shows the results obtained when
applying a trajectory-based method for gait generation. The results obtained with the CPG-based
method are illustrated in Section 4.3. A comparison between the two simulation environments and

the different walking generation methods is done in Sections 4.4 and 4.5, respectively.

4.1 Humanoid model

To obtain reliable results that can be implemented in a physical system in the future, the
model is built based on Aldebaran’s NAO [55] humanoid, shown in figure 4.1. This is also the
current standard platform used in the Robocup competition, which allows the obtained results to

be compared and validated against work done by other researchers.
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Figure 4.1: Aldebaran’s NAO (Source: [55])
The NAO SimTwo model used for this project is based on the RoboStadium robot included in

the Webots simulator. Only minimal adjustments, in terms of parts and joint positions were done,

thus allowing comparisons between the two simulators. The robot has been decomposed in 12

21



22 Simulation results and analysis

cuboids whose equivalent sizes and masses are detailed in Table 4.1. These parts are connected

using the joint configuration depicted in Figure 4.2.

Table 4.1: NAO model body parts

Part ID Size Position Mass
Trunk (0.1,0.1,0.18) (0,0,0) 1.217
Left thigh (0.08,0.07,0.14) (—0.05,0.0,—0.150) | 0.513
Left shank (0.08,0.07,0.12) (—0.05,0.0,—0.280) | 0.423
Left foot (0.085,0.148,0.04) | (—0.053,0.02,—0.330) | 0.128
Left arm (0.05,0.05,0.08) (—0.1,0.0,0.05) 0.153
Left forearm (0.05,0.05,0.08) (—0.1,0.0,—0.01) 0.077
Head (0.065,0.065,0.065) (0.0,0.0,0.13) 0.2
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Figure 4.2: NAO’s joint configuration (Source: [56])

The 45° degrees joint-configuration that provides the yaw movement of the leg can not be
conveniently simulated in SimTwo, therefore it was removed. This is not an important issue since
this joint is not used for either forward or backward motion. Also, as the objective of this project
regards only walking, the arms were simplified to contain only the shoulder and elbow pitch joints.
These simplifications contribute to an improvement in the simulation performance due to the de-
crease in degrees-of-freedom of the structure, without significantly affecting the properties under
study. For SimTwo to accurately simulate the actuator and gearbox effects, the DC motor charac-
teristics were implemented using the parameters as detailed in Table 4.2. The DC motors parame-
ters correspond to the real motors used in the NAO robots as described by the manufacturer [57].
The final joint and axis configuration is shown in Table 4.3.

Figure 4.3 shows the NAO model both in SimTwo and Webots.
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Table 4.2: NAO motor parameters

M1 M2
Resistance () R, =6.44 R; =6.44
Inductance (mH) Li=03¢3 | ;=033
Torque constant (Nm/A) | K; =21.3¢7> | K; =21.3¢~>
Max. voltage (V) Vinax = 18 Vinax = 18
Max. current (A) LInax = 0.598 | Iax = 0.598

Table 4.3: NAO model joints

Part ID Position Joint type | Motor type | Gear ratio
Left hip pitch . 130.85
Left hip roll (—0.05,0,—0.115) | Universal 2013
Left knee pitch (—0.05,0,—0.190) Hinge M1 130.85
Left ankle pitch . 130.85
T oft ankio roll (—0.05,0,—0.290) | Universal 2013
Left shoulder pitch | (—0.1,0,0.085) Hinge M2 150.85
Left elbow pitch (—0.1,0,0.025) Hinge 150.85

The high-level controller is implemented in Matlab for both simulators. For Webots the Matlab
language is integrated in the simulation environment and a complete API is available. In SimTwo,
Matlab comunicates with the simulator via UDP. Figures 4.4 and 4.5 illustrate the system archi-
tecture for SimTwo and Webots, respectively.

The SimTwo approach has the advantage of being much more flexible since it allows any pro-
gram that provides a UDP connection to control the simulator either from local or remote locations.
However, synchronization problems between the controller and the simulator can appear. The We-
bots architecture is less flexible but it provides a more direct integration of the controller with the
simulation which can be beneficially, especially when running a big number of simulations, as is

the case using genetic algorithms.

4.2 Trajectory-based gait

To validate the models implemented in SimTwo and Webots a simple trajectory-based gait
generation is implemented. This method consists in creating a control signal by interpolating
between ten predefined points over a full walking cycle. These points are determined for the
left leg using a genetic algorithm optimization. It is known from existing data that, to perform a

forward walk movement, the right and left leg signals are identical for roll joints and 90° out of

T All figures and tables are the author’s own work
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Figure 4.4: SimTwo control architecture

phase for pitch joints [45]. Therefore, this simplification is used to reduce the parameter search
space and increase the convergence speed.

Since this method only describes the control signals when the robot is already in motion, a
state-machine to do the movement initialization was implemented. During the initialization state
all the robot joints are moved to the start position. The initialization time and position are also

search parameters on the genetic algorithm. Figure 4.6 illustrates the implemented state-machine.
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Figure 4.6: Gait generation state-machine

The fitness function used to evaluate the walking performance tries to maximize the robot
standing time and forward walking distance, as well as minimize the lateral deviations from the
straight walk. This function is represented in Equation 4.1. Note that all the genetic algorithms

used in this work minimize the value of the fitness function.

Fitness:—4><t—df+2||ds|| 4.1

where ¢ represents the total standing time, d; represent the total forward distance and d the
total lateral distance. The last variable was included to guarantee that the walk performed by the
robot follows, as much as possible, a straight line.

A genetic algorithm with a population of 1500, roulette selection, crossover ratio of 0.7 and
a mutation probability of 0.05 was executed. In both cases the algorithm converged to a walking
motion in 45 generations. Figures 4.7 and 4.8 show the best walk performed by the humanoid in

SimTwo and Webots?, respectively. The best fitness value evolution is illustrated in Figure 4.9.

4.3 Central Pattern Generator based gait

4.3.1 Architecture and oscillator model selection

To generate coordinated signals that allow the humanoid robot to perform locomotion the CPG
have to be interconnected to allow the phase and amplitude adjustment needed to generate conve-
nient gaits. The architecture developed in this work is based on the typical chain configuration.

The connections between hip, knee and ankle groups are uni-directional, whereas the connections

2 All the videos can be accessed on http: //paginas.fe.up.pt/~ee09010


http://paginas.fe.up.pt/~ee09010

26 Simulation results and analysis

@ SimTwea - v01.3.3.6 [NAD] (48.2 FPS) - Script fumring (=[BT &

@ SimaTwa - v0.9.3.6 [NAD] (54.8 FIS) - Serpt Ausring == ®

@ SiriTua - w1026 MAD] (S2.8 FIS) - Sevipt Puaning lolEn ®

Figure 4.7: SimTwo trajectory-based gait

between joints of the same group, e.g. hip roll and hip pitch, are bi-directional. Figure 4.10 shows
the disposition and connection of the different neurons.

Independently of the selected architecture an oscillator model has to be used to generate the
target signals for the joint angles. Since, currently, there is no consistent work that compares the
efficiency of each non-linear oscillator, the first step is to do a comparison between all the models

proposed in section 2.1.

To perform this comparison, the hip control signals obtained for the trajectory-based gait are
used as a reference. A genetic algorithm is used to minimize the difference between the CPG

outputs and the reference signals. The difference is calculated as the square root of the sum of the
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Figure 4.8: Webots trajectory-based gait

difference’s square, as shown in Equation 4.2.

n
Fitness = | Y (X — X;)’ 4.2)
i=1
where 7 is the total number of points, X is the CPG output and X is the reference signal. All
the reference signals were normalized, as to be centered around O and have an amplitude between

-1 and 1. This should improve the optimization performance and guarantee unbiased results for
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Figure 4.9: Trajectory-based gait fitness evolution

all the joints [45].

The results obtained from the approximation using Van der Pol, Rayleigh, Matsuoka and Duft-

ing oscillators are presented in Table 4.4. The genetic algorithm was executed with populations

of 15 times the number of search parameters, roulette selection, crossover ratio of 0.65 and a

mutation probability of 0.05. All the optimization were done for 50 generations.

Table 4.4: Nonlinear oscillators performance comparison

Oscillator type | Nr. parameters | Best approximation
Ven der Pol 28 27.25
Rayleigh 28 26.32
Matsuoka 76 18.06
Duffing 44 19.42
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Figure 4.10: Central Pattern Generator architecture

From the obtained results it can be concluded that the Matsuoka oscillator is the one that can

better approximate the reference signal.

4.3.2 Humanoid gait generation

Using the CPG architecture and model selected in the previous subsection, a genetic algorithm
with the same fitness function and characteristics as the one shown in Equation 4.1 was used to
determine the CPG parameters for forward walking motion. In this case there are a total of 650
parameters to be searched, therefore an initial population of 2500 individuals was used. Since
each optimization can take several days to conclude, this method is only implemented in Webots.
The resulting walk after 50 generations can be seen in Figure 4.11.

Analyzing the obtained results it can be observed that the algorithm converged to a type of
motion that does not correspond to a walk, regardless of the fact that the final fitness value is equal
to the best value obtained in the interpolation-based gait. This is a common problem inherent to
genetic algorithms in which the results converge to optimal solutions that don’t correspond to the
expected output. In a first approach, penalty factors were included to prevent convergence to static
gaits or constant outputs from the CPG. Nonetheless, no improvement in the obtained results was

observed.
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Figure 4.11: Webots CPG-based gait after total optimization

To address this problem a supervised learning mechanism, using the trajectory-based gait con-
trol signals as reference, was implemented. To increase the convergence speed of the genetic
algorithm the approximations are done step-wise, starting by the hip and followed by the knee
and ankle control signals. The approximations are done in a step-wise manner, starting by the
hip joints, followed by the knee and ankle joints. This reduces the search-space of each opti-
mization, thus improving the obtained results. Figures 4.12 to 4.14 show the final results of the
approximation.

Using the entrained oscillator, a walking motion was generated as shown in Figure 4.15.

4.4 Simulation environments comparison

To compare the performances of each simulator, the developed trajectory-based gaits are used.
The comparison is done in terms of maximum speed achieved by the robot, repeatability of the
performed gait and total optimization time of the genetic algorithm. Table 4.5 presents the results
of these metrics for both simulation environments. Figures 4.16 to 4.18 show the joint control
signals for each simulator, when performing the best gait.

Comparing the obtained results, notorious differences between the resulting gaits in each sim-

ulation environment can be observed. Various reasons can explain these difference:
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Figure 4.12: Hip control signals approximation
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Figure 4.13: Knee control signals approximation

e Webots uses a simple P controller, whereas SimTwo implements a complete PID space-state

controller. This difference can results in behaviour changes when following the reference

signals;

o SimTwo implements a more realistic motor model that takes into account the non-linearities

and gearbox effects,and Webots only considers maximum speed and force of each joint
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Figure 4.14: Ankle control signals approximation

Table 4.5: Simulator environement comparison

SimTwo | Webots
Speed (m/s) 0.04 0.13
Repeatability Low High
Optimization time (hours) 36 12

e By analyzing the robot foot behavior, it is observed that the friction and collision detection
mechanism behave differently in each simulator. It is not possible to do a detailed compari-
son since a detailed description or the source-code are not available. The low-repeatability
can also be explained by these differences, since in the original ODE library the contact
point forces are calculated in a random order and this can make errors propagate differently

between simulation runs.

It is also interesting to note that the use of the “as-fast-as-possible* approach together with the

Matlab API make the Webots optimization process approximatelly 3 times faster than the same

operations with SimTwo.



4.5 Gait generation methods comparison 33

Figure 4.15: Webots CPG-based gait after approximation

Regardless of the existing differences, since no real hardware is available to make compar-
isons, it is not possible to determine which simulator has the most realistic behavior. Nevertheless,
taking into account that Webots is a commercial and widely used simulator, it should be seen as a

reliable baseline.

4.5 Gait generation methods comparison

Since the CPG-based gait was only implemented in Webots, the results obtained using this
simulator are used to evaluate the performance of each of the generated motions. The metrics used
for the comparison are the robot speed and the realism of the produced walk. The latter metric

is mostly subjective but gives an idea about the motion quality. Also, Webots includes a demo



34

Left Hip Pitch

Simulation results and analysis

Right Hip Pitch

° A —— SimTwo i \ —— SimTwo
& \ Webots 5 \\ ‘Webots
\ \:\\
0| -107\‘\
|
A5 T 7T T 1 I 5 1 i 7
U1 U VU1 |/
g N N / N N/ T - J | § ey N ‘f N
o ! 1 1 f I I ‘ 1 o | f I 1 i I i
2 .os| (\ ‘\\ﬂ /‘\ \\\\ | \ ’\“ /\\4 /\\ /\[ 4 25l I ’\ ) L l\\ ’\\ﬂ e
I W W A ’ W M W U Wolu ’ VoW [V [ W [\
30 - | / “‘\ ’ \ ’ | ! / \ / \ ’ \ 30 Lo | | / \\ ’ | | /
VOOV YA Y VoV .
s R L PRI DU S S 1 .
IR \ o vy \/ o)»
Ao i e ‘ | | iy oy VR R f I i
. 0} \\,/ \ \’/ U «f‘ | I ’v' . | I ‘ 0\,’ | \,’ I
° ° Time (s) * ® ¢ ° Time (s) s
» Left Hip Roll 0 Right Hip Roll
L =S L Co
5] | '\ ’\ " i T 15| '\ ’\ ’\ q '\ )
I - | e‘\ - A | | / -
1o} o] /| 3’\ ot | it ol L I 3"‘ . | Lo
A L O A O Y O
5*}9\;0;\“H;\;\;\f ot ‘0;0‘}'\“\\“\}\}'\1"
I WSk ol [ [ 1 Al [ 8 LA A O L
%’ 0K prdt \ N,L/ V\ pdt w\/fvlr,/ \\/VW/ \il/A/\//\\!//u,L,/ V\/V‘/\’/ ,\,lr g 0< pord \i/N L/ V\/V\\/\}var/\‘/,,r/ \i//bv,\/ \!/W,/ V\/VL/\//WV
g | , A ] / il g | , il \ ] / il
e ‘ | | | | | | forenedd 2] | o] ( | §
[l . RERlR V] e \
0 ‘ / / / ‘ ,’ / / / | ‘ 0 ‘ / / /) | ," / | | ,)
- | \ p, A ‘ J \ f - i) \ g ./ o ‘ f A
CA CoAro
A5l I | { { | | | H T M- ! f { ! If { / H
Kc v 1 ‘c ‘c || ,‘ | k/ [ ‘c [ —
| b | I / } I 1 ] I | )
2 5 10 15 2 5 10 15
Time (s) Time (s)
Figure 4.16: Hip control signals
. Left Knee Pitch . Right Knee Pitch
o iR G [ U T R S M
7op ) /"M \”N “”\A/ = i ” ”\[/ i et or H’\\”O/ | 'xﬂ/ \f\/q/ ‘\M\f \\”U “\ \ N) WEIREE
i L i WA \/U\/ ‘/\»L/ \(\/u ‘ i Ll \/\»” L VUL ’/\’ \/\f\
sl LUV Y YT Y VT Y 1A AT R TR T A T AR LR TR
/. | [ | B A /.
AR T N N A
=5 “ ! ! I { i I | sof | { i | Y \ { ! \
g g1
o e . w40 il
< | z |/
300 / 4 300 / 4
/
|
20 ({wﬁwﬁwﬁ—v T | 20 r‘;ﬁwﬁwﬁ“ B s |
4 |
10} 10
|
0 ‘ i 0 ‘ j
(] ] 10 15 '] 5 10 15

Time (s)

Time (s)

Figure 4.17: Knee control signals

with the standard NAO forward walking motion, which is used as the comparison reference point.
Table 4.6 shows the results of the different gait types.

Since a supervised entrainment method was used to determine the CPG parameters that gen-
erate the gait, both the trajectory-based walk and CPG-based walk present very similar perfor-

mances. They both allow the robot to move at approximately 0.14m/s, which is a very good
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Figure 4.18: Ankle control signals
Table 4.6: Gait performance comparison
Trajectory-based | CPG-based | Standard NAO
Speed (m/s) 0.14 0.14 0.16
Realistic Yes No Yes

approximation to the standard 0.16m/s, of the standard walk. Nevertheless, the CPG-based walk

shows a less realistic behavior when compared to the other implementation. This can be explained

4.14.

by the lower dynamics of the oscillator control signals, which can be observed in Figures 4.12 to
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Chapter 5

Conclusion

A NAO humanoid simulation model was successfully designed and implemented in the SimTwo
and Webots simulation environments. Using a simple trajectory-based gait generation algorithm
the humanoid walking motion was successfully performed.

Using the trajectory-based hip control signals as reference, a comparison between the Van
der Pol, Rayleigh, Duffing and Matsuoka oscillator models was performed to identify the most
convenient model to be used in the Central Pattern Generator. The comparison results show that
the Matsuoka oscillator yields the best results.

Building a Central Pattern Generator using a chain architecture and the Matsuoka oscillator it
was not possible to generate a walking motion using an unsupervised learning method based on
a genetic algorithm. Even though the optimization converged to good fitness values, the resulting
motion did not correspond to the expected gait. To overcome this problem a supervised learning
mechanism, using the signals from the trajectory-based method as reference, was used to deter-
mine the correct Matsuoka oscillator parameters. With the approximated oscillator output it was
possible to generate a forward walking motion without any further adaption.

From the results it can be concluded that improvements should be done in the SimTwo test
environment. The ideal solution is to implement a model of a robot that is physically available
and fine tune the dynamics simulation and DC motor behavior. Major improvements to the very
limited friction and collision detection mechanisms of ODE should also be done. This is a very
important first step, since a reliable and fully functional testing environment is of the uttermost
importance to ensure that all the obtained results are reliable.

It can also be concluded that the direct use of the CPG output to control the joint position
is a feasible solution for biped gait generation. Nevertheless, the implemented walk seems a bit
unrealistic and would, most likely, not work in the real robot. In this case two approaches should
be followed: improve the optimization method to be able to generate a walking motion without
any reference trajectory; and to analyse the proposed motor-neuron mechanisms and perform a
comparative analysis between this and the current technique. If the inclusion of the extra control
layer provides the necessary dynamics to control the robot it could be a more suitable method for

gait generation. Figure 5.1 shows a high-level overview of the overall locomotion system when
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motor-neurons are used.

Higher-level Sensorial information
central nervous <
system
Locomotion
A 4
Lower-level central Network of Muscular activity
nervous systemm N motoneurons | M  (neuro-musculo- >
(CPG) skeletal system) )
EIlVH‘OIlIilOIlt

Sensorial information

Figure 5.1: Humanoid locomotion overview (Source: [28])

When a stable open loop walk in a static environment is in place, the inclusion of feedback
and dynamic gait transitions should be investigated. To evaluate the quality of the final generated
gait, tests measuring the adaption to different slopes and ground types, the tolerance to external
perturbations and the capability of gait transitions should be done. This is indispensable for the
robot to operate conveniently in dynamic environments. Once all these methods have been studied
and applied to simulation, work should be done in order to implement them in a real humanoid

robot.



Appendix A

SimTwo humanoid model

This appendix contains the NAO humanoid model as described in the SimTwo XML model.

<?xml version="1.0" 7>
<robot>
<kind value="NAO"/>

<solids >

<cuboid >
<ID value="torso"/>
<pos x="0" y="0" z="0"/>
<size x="0.1" y="0.1" z="0.18"/>
<mass value="1.2171"/>
<desc Pt="Tronco"/>
<desc Eng="Torso"/>

</cuboid >

<cuboid >
<ID value="leftThigh"/>
<pos x="-0.05" y="0.0" z="-0.150"/>
<size x="0.08" y="0.07" z="0.14"/>
<mass value="0.513"/>
<desc Pt="CoxaEsq"/>
<desc Eng="LeftThigh"/>

</cuboid >

<cuboid >
<ID value="rightThigh"/>
<pos x="0.05" y="0.0" z="-0.150"/>
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<size x="0.08" y="0.07" z="0.14"/>
<mass value="0.513"/>
<desc Pt="CoxaDir"/>
<desc Eng="RightThigh"/>
</cuboid >
<cuboid >
<ID value="leftShank"/>
<pos x="—-0.05" y="0.0" z="-0.255"/>
<size x="0.08" y="0.07" z="0.12"/>
<mass value="0.423"/>
<desc Pt="CanelaEsq"/>
<desc Eng="LeftShank"/>
</cuboid >
<cuboid >
<ID value="rightShank"/>
<pos x="0.05" y="0.0" z="-0.255"/>
<size x="0.08" y="0.07" z="0.12"/>

<mass value="0.423"/>
Pt="CanelaDir"/>

<desc Eng="RightShank"/>
</cuboid >

<desc

<cuboid >
<ID value="leftFoot"/>

<pos x="-0.053" y="0.02" z="-0.330"/>

<size x="0.085" y="0.148" z="0.04"/>
<mass value="0.128"/>
<desc Pt="PeEsq"/>
<desc Eng="LeftFoot"/>
</cuboid >
<cuboid >
<ID value="rightFoot"/>
<pos x="0.053" y="0.02" z="-0.330"/>
<size x="0.085" y="0.148" z="0.04"/>

<mass value="0.128"/>
Pt="PeDir"/>
<desc Eng="RightFoot"/>

<desc

SimTwo humanoid model
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</cuboid >

<cuboid >
<ID value="leftArm"/>
<pos x="—-0.1" y="0.0" z="0.05"/>
<size x="0.05" y="0.05" z="0.08"/>
<mass value="0.153"/>
<desc Pt="BracoEsq"/>
<desc Eng="LeftArm"/>

</cuboid >

<cuboid >
<ID value="rightArm"/>
<pos x="0.1" y="0.0" z="0.05"/>
<size x="0.05" y="0.05" z="0.08"/>
<mass value="0.153"/>
<desc Pt="BracoDir"/>
<desc Eng="RightArm"/>

</cuboid >

<cuboid >
<ID value="leftForearm"/>
<pos x="-0.1" y="0.0" z="-0.01"/>
<size x="0.05" y="0.05" z="0.08"/>
<mass value="0.077"/>
<desc Pt="AntebracoEsq"/>
<desc Eng="LeftForearm"/>
</cuboid >

<cuboid >
<ID value="rightForearm"/>
<pos x="0.1" y="0.0" z="-0.01"/>
<size x="0.05" y="0.05" z="0.08"/>
<mass value="0.077"/>
<desc Pt="AntebracoDir"/>
<desc Eng="RightForearm"/>
</cuboid >

<cuboid>
<ID value="head"/>
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<pos x="0.0" y="0.0" z="0.13"/>
<size x="0.065" y="0.065" z="0.065"/>
<mass value="0.1"/>
<desc Pt="Cabeca"/>
<desc Eng="Head"/>

</cuboid >

</solids >

<articulations >

<default >
<draw radius="0.005" height="0.09" rgb24="8F0000"/>
<!—— The default motors are the ones used

for the lower body —>

<motor ri="6.44" ki="21.3e—-3" 1i="0.3e—-3"
vmax="18" imax="0.598" active="1"/>
<friction bv="5e—-3" fc="1le—3" coulomblimit="1e—-3"/>
<gear ratio="130.85" />
<gear2 ratio="201.3" />
<encoder ppr="1024" mean="0" stdev="0"/>
<controller mode="state" kp="150" ki="0"
kd="0" kf="0" active="1" period="5"/>
<controller2 mode="state" kp="150" ki="0"
kd="0" kf="0" active="1" period="5"/>
<spring k="0" zeropos="0"/>

</default>

<joint >
<ID value="left_hip"/>
<pos x="-0.05" y="0.0" z="-0.115"/>
<axis x="1" y="0" z="0"/>
<axis2 x="0" y="—-1" z="0"/>
<gear ratio="130.85" />
<gear2 ratio="201.3" />
<connect Bl="torso" B2="leftThigh"/>
<limits Min="—-100" Max="25"/>
<limits2 Min="-25" Max="45"/>
<type value="Universal"/>
<desc Pt="CoxaEsq"/>
<desc Eng="LeftHip"/>
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</joint >

<joint >
<ID value="right_hip"/>
<pos x="0.05" y="0.0" z="-0.115"/>
<axis x="1" y="0" z="0"/>
<axis2 x="0" y="—-1" z="0"/>
<gear ratio="130.85" />
<gear2 ratio="201.3" />
<connect Bl="torso" B2="rightThigh"/>
<limits Min="100" Max="-25"/>
<limits2 Min="—-45" Max="25"/>
<type value="Universal"/>
<desc Pt="CoxaDir"/>
<desc Eng="RightHip"/>

</joint >

<joint >
<ID value="left_knee"/>
<pos x="-0.05" y="0.0" z="-0.190"/>
<axis x="1" y="0" z="0"/>
<gear ratio="130.85" />
<connect Bl="leftThigh" B2="leftShank"/>
<limits Min="0" Max="130"/>
<type value="Hinge"/>
<desc Pt="JoelhoEsq"/>
<desc Eng="LeftKnee"/>
</joint >

<joint >
<ID value="right_knee"/>
<pos x="0.05" y="0.0" z="-0.190"/>
<axis x="1" y="0" z="0"/>
<gear ratio="130.85" />
<connect Bl="rightThigh" B2="rightShank"/>
<limits Min="0" Max="130"/>
<type value="Hinge"/>
<desc Pt="JoelhoDir"/>
<desc Eng="RightKnee"/>
</joint >
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<joint >
<ID value="left_ankle"/>
<pos x="-0.05" y="0.0" z="-0.290"/>
<axis x="1" y="0" z="0"/>
<axis2 x="0" y="—-1" z="0"/>
<gear ratio="130.85" />
<gear2 ratio="201.3" />
<connect Bl="leftShank" B2="leftFoot"/>
<limits Min="—-75" Max="45"/>
<limits2 Min="-45" Max="25"/>
<type value="Universal"/>
<desc Pt="CoxaEsq"/>
<desc Eng="LeftHip"/>
</joint >

<joint >
<ID value="right_ankle"/>
<pos x="0.05" y="0.0" z="-0.290"/>
<axis x="1" y="0" z="0"/>
<axis2 x="0" y="—-1" z="0"/>
<gear ratio="130.85" />
<gear2 ratio="201.3" />
<connect Bl="rightShank" B2="rightFoot"/>
<limits Min="-75" Max="45"/>
<limits2 Min="-25" Max="45"/>
<type value="Universal"/>
<desc Pt="CoxaEsq"/>
<desc Eng="LeftHip"/>

</joint >

<joint >
<ID value="left_shoulder"/>
<pos x="-0.1" y="0.0" z="0.085"/>
<axis x="1" y="0" z="0"/>
<connect Bl="torso" B2="leftArm"/>
<limits Min="—120" Max="120"/>
<type value="Hinge"/>
<desc Pt="OmbroEsq"/>
<desc Eng="LeftShoulder"/>
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<motor ri="23.1" ki="16.6e—3"
vmax="21" imax="0.248" active="1"/>
<gear ratio="150.85"/>
<friction bv="5e—-3" fc="le—2" coulomblimit="1e—-2"/>
<encoder ppr="4096" mean="0" stdev="0"/>
<spring k="0" zeropos="0"/>
</joint >

<joint >
<ID value="right_shoulder"/>
<pos x="0.1" y="0.0" z="0.085"/>
<axis x="1" y="0" z="0"/>
<connect Bl="torso" B2="rightArm"/>
<limits Min="—120" Max="120"/>
<type value="Hinge"/>
<desc Pt="OmbroDir"/>
<desc Eng="RightShoulder"/>
<motor ri="23.1" ki="16.6e—3"
vmax="21" imax="0.248" active="1"/>
<gear ratio="150.85"/>
<friction bv="5e—-3" fc="1le—2" coulomblimit="1e—-2"/>
<encoder ppr="4096" mean="0" stdev="0"/>
<spring k="0" zeropos="0"/>
</joint >

<joint >
<ID value="left_elbow"/>
<pos x="—-0.1" y="0.0" z="0.025"/>
<axis x="1" y="0" z="0"/>
<connect Bl="leftArm" B2="leftForearm"/>
<limits Min="—-120" Max="120"/>
<type value="Hinge"/>
<desc Pt="CotoveloEsq"/>
<desc Eng="LeftElbow"/>
<motor ri="23.1" ki="16.6e—3"
vmax="21" imax="0.248" active="1"/>
<gear ratio="150.85"/>
<friction bv="5e—-3" fc="1le—2" coulomblimit="1e—-2"/>
<encoder ppr="4096" mean="0" stdev="0"/>
<spring k="0" zeropos="0"/>
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</joint >

<joint >

<ID value="right_elbow"/>

<pos x="0.1" y="0.0" z="0.025"/>
<axis x="1" y="0" z="0"/>

<connect Bl="rightArm" B2="rightForearm"/>
<limits Min="—120" Max="120"/>
<type value="Hinge"/>

<desc Pt="CotoveloDir"/>

<desc Eng="RightElbow"/>

<motor ri="23.1" ki="16.6e—3"
vmax="21" imax="0.248" active="1"/>
<gear ratio="150.85"/>

<friction bv="5e-3" fc="1le—-2" coulomblimit="1e-2"/>

<encoder ppr="4096" mean="0" stdev="0"/>
<spring k="0" zeropos="0"/>

</joint >

<joint >

<ID value="neck"/>

<pos x="0.0" y="0.0" z="0.10"/>
<axis x="0" y="0" z="1"/>
<connect Bl="torso" B2="head"/>
<limits Min="—-120" Max="120"/>
<type value="Hinge"/>

<desc Pt="Pescoco"/>

<desc Eng="Neck"/>

<motor ri="23.1" ki="16.6e—3"
vmax="21" imax="0.248" active="1"/>
<gear ratio="150.85"/>

<friction bv="5e-3" fc="1le—-2" coulomblimit="1e-2"/>

<encoder ppr="4096" mean="0" stdev="0"/>
<spring k="0" zeropos="0"/>

</joint >

</articulations >

</robot>



Appendix B

Nonlinear oscillators source code

This appendix contains the Matlab code used to implement the nonlinear oscillators.

B.1 Van der Pol oscillator

function dy = VdPOsc(t, y, params)

neuronOut = [y (1);

y(3);

y(5);

y(7);1;
neuronlnter = k*neuronOut;
9%Neuron 1
dy (1) = y(2);

dy(2) = a(l)*(p(1)*2—neuronlnter (1)*2)xy(2) —(Ww(1)*2)xy(1);

9%Neuron 3
dy(3) = y(4);
dy(4) = a(2)x(p(2)*2—neuronlnter (2)"2)xy(4) —(W(2)"2)xy(3);

9%Neuron 4
dy(5) = y(6);
dy (6) a(3)*x(p(3)*"2—neuronlnter (3)"2)*xy(6) —(W(3)"2)xy(5);

%Neuron 5
dy(7) = y(8);

47



48 Nonlinear oscillators source code

dy(8) = a(4)x(p(4)*2—neuronlnter (4)*2)xy(8) —(w(4)"2)xy(7);

B.2 Rayleigh oscillator

function dy = RayleighOsc(t, y, params)
neuronOut = [y(2);

y(4);

y(6);

y(8):1;

neuronlnter = kxneuronOut;

%Neuron 1

dy (1) = y(2);

dy(2) = a(l)x(p(1)*2—neuronlnter (1)*2)xy(2) —(w(1)*2)xy(1);
9%Neuron 3

dy (3) = y(4);

dy(4) = a(2)x(p(2)*2—neuronlnter (2)*2)xy(4) —(Ww(2)"2)xy(3);
9%Neuron 4

dy (5) = y(6);

dy(6) = a(3)*x(p(3)*2—neuronlnter (3)*2)*xy(6) —(W(3)*2)xy(5);
9%Neuron 5

dy (7) = y(8);

dy(8) = a(4)*x(p(4)*2—neuronlnter (4)"2)xy(8) —(w(4)"2)xy(7);

B.3 Matsuoka oscillator

function dy = MatsuokaOsc(t, y, params)

9%Neuron output matrix initialization
neuronOut = [max(0,y(1));

max (0,y (3));

max (0,y (5));

max (0,y (7));

max (0,y (9));



B.4 Duffing oscillator

max (0,y(11));
max(0,y(13));
max(0,y(15));];

%Neuron interconnection precalculation

neuronlnter = axneuronOut;

%Neuron 1

dy(l) = (—y(l)—neuronlnter(1)—b(1)*xy(2)+s(1))/tr (1);
dy(2) = (—y(2)+neuronOut(1l))/ta(l);

dy(3) = (—y(3)—neuronlnter(2)—b(2)xy(4)+s(2))/tr (2);
dy(4) = (—y(4)+neuronOut(2))/ta(2);

9%Neuron 2

dy(5) = (—y(5)—neuronlnter(3)—b(3)*xy(6)+s(3))/tr (3);
dy(6) = (—y(6)+neuronOut(3))/ta(3);

dy(7) = (—y(7)—neuronlnter(4)—b(4)*xy(8)+s(4))/tr (4);
dy(8) = (—y(8)+neuronOut(4))/ta(4);

9%Neuron 3

dy(9) = (—y(9)—neuronlnter(5)—b(5)*xy(10)+s(5))/tr (5);

dy(10) = (—y(10)+neuronOut(5))/ta(5);

dy(11) = (—y(l1)—neuronInter(6)—b(6)xy(12)+s(6))/tr (6);
dy(12) = (—y(12)+neuronOut(6))/ta(6);

9%Neuron 4

dy(13) = (—y(13)—neuronlnter(7)—b(7)xy(14)+s(7))/ tr (7);
dy(14) = (—y(14)+neuronOut (7))/ta(7);

dy(15) = (—y(15)—neuronInter(8)—b(8)xy(16)+s(8))/tr (8);
dy(16) = (—y(16)+neuronOut (8))/ta(8);

B.4 Duffing oscillator

function dy = DuffingOsc(t, y, params)
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50 Nonlinear oscillators source code

neuronOut = [y(1);
y(3);
y(5);
y(7):1;

neuronlnter = k * neuronOut;

%Neuron 1

dy (1) y(2);

dy (2) —p(1)*xy(2)—q(D)*y(1)=b(1)*xy(1)"2—
r(1)*xy(1)"3+s(l)xcos(w(l)xt)—neuronlnter (1)xy(3);

9%Neuron 2
dy(3) = y(4);
dy(4) = —p(2)xy(4)—q(2)*y(3)—b(2)xy(3)"2 —

r(2)xy(3)"3+s(2)xcos(w(2)xt)—neuronlnter (2)xy(1);

9%Neuron 3

dy(5) = y(6);

dy(6) = —p(3)xy(6)—q(3)*y(5)—b(3)*xy(5)"2—
r(3)xy(5)"3+s(3)*xcos(w(3)*«t)—neuronlnter (3)xy(3);

9%Neuron 4
dy(7) = y(8);
dy(8) = —p(3)xy(8)—q(4)*xy(7)—=b(4)xy(7)"2—

r(4)xy(7)"3+s(4)xcos(w(4)xt)—neuronlnter (4)xy(1);



Appendix C

NAO DC motors datasheet

This appendix presents the datasheets of the motors used in the NAO humanoid robot.
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RE-max 17 17 mm, Graphite Brushes, 4.5 Watt

2
Terminal 2.8 x 0.4
(® Terminal) m milhs . 4 @
E
| 1= 81053
el = = (e
Sl o il
1-03 ®
<18 2,1 -02 M 1,6 x3,4 tief/deep
5 M1,6 x3,6 lief /deep 6,1 -0 <954 6.7 -08 W (L:3) 4 Nem
- My (23,2) <25 Nem
M1:1
I Stock program

[IStandard program
Special program (on request)

Motor Data
Values at nominal voltage

Order Number

1 Nominal voltage vV 3.0 4.8 9.0 120 150 21.0 240 240 30.0 36.0 48.0
2 No load speed rom 11900 10800 11300 11200 11300 11900 11600 10400 10800 11500 10100
3 No load current mA 116 654 364 271 220 166 142 124 104 931 6.0
4 Nominal speed rom 10900 8510 8190 8120 8240 8810 8570 7230 7660 8310 6790
5 Nominal torque (max. continuous torque) mNm 143 272 390 391 388 384 387 3838 384 376 3.71
6 Nominal current (max. continuous current) A 0.720 0.720 0.555 0.414 0.333 0.248 0.214 0.191 0.157 0.137 0.089
7 Stall torque mNm 182 13.1 146 145 145 151 149 131 135 139 117
8 Starting current A 770 317 195 145 117 0.909 0.771 0.604 0.517 0.472 0.262
9 Max. efficiency % 76 73 75 75 75 75 75 74 74 74 72
Characteristics
10 Terminal resistance Q 0390 152 461 830 128 231 31.1 39.7 580 762 183
11 Terminal inductance mH 0.0114 0.0349 0.114 0.206 0.314 0.558 0.759 0.956 1.38 1.75 4.04
12 Torque constant mNm/A 237 414 749 101 124 166 193 217 26.0 29.4 445
13 Speed constant rom/V 4040 2310 1270 950 769 577 494 440 367 325 214
14 Speed / torque gradient rom/mNm 665 844 785 784 795 805 797 807 818 844 883
15 Mechanical time constant ms 734 721 710 7.09 7141 712 713 716 7.14 717 7.29
16 Rotor inertia gcm? 1.05 0.816 0.864 0.864 0.854 0.844 0.854 0.848 0.834 0.811 0.788
Operating Range Comments
Thermal data . .
17 Thermal resistance housing-ambient 35K/W n [rpm] L Conhnuou; operation .
18 Thermal resistance winding-housing 12K/ W Ir} observation of above l.ISted thern}al. reSISItanlce
19 Thermal time constant winding 775 12000 (lines 17 and 1{3) the maximum permlssmle vylndlng
20 Thermal time constant motor 455 s tempetl_'atur(: g\gfl:l(l; be breafhed during continuous
21 Ambient temperature -30 ... +85°C 8000 gg?r:grlrgglzliimit ambient.
22 Max. permissible winding temperature +125°C .
. . Short term operation
o3 m:ih::rlﬁw?sl s?l?l? S(;ézzve bearings) 11900 rpm 4000 The motor maF)’/ be briefly overloaded (recurring).
24 Axial play 0.05-0.15mm
gg I\R/Iiil.aégzyload (dynamic) 0'01%;‘“ 10 20 30 40 50 M[mNm) Assigned power rating
27 Max. force for press fits (static) 35N 01 02 03 04 05 1[A]
(static, shaft supported) 280 N
28 Max. radial loading, 5 mm from flange 14N
maxon Modular System Overview on page 16 - 21
Mechanical data (ball bearings;
23 Max. permissible s(peed 9°) 11900 rpm ;I?gﬁ?r:y i Eg%opd-l? FLAlw
24 Axial play 0.05-015mm 6 050 18 Nm =7 B E‘|= 2/3 channels
25 Radial play ) 0.025 mm Page 223 Page 255
26 Max. axial load (dynqmlc) . 22N Planetary Gearhead Encoder MR
27 Max. force for press fits (static) 30N %16 mm 128 / 256 / 512 CPT.
(static, shaft supported) 280N 01-0.3Nm = | B B= 2 /3 channels ’
28 Max. radial loading, 5 mm from flange 78N Ppage 224 1 Page 256
SR =
Other specifications
29 Number of pole pairs 1 . B
30 Nur_nber of commutator segments 7 Recommended Electronics:
31 Weight of motor 269 LSC 30/2 Page 276
Values listed in the table are nominal. - Eztc;i 2 25133 -

Explanation of the figures on page 49.
Option

Ball bearings in place of sleeve bearings
Pigtails in place of terminals

136 maxon DC motor
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RE-max 24 24 mm, Graphite Brushes, 11 Watt

njEls
&8
—= _FT an | Y| ——— —
3 N7
Q
il
N
. 1-03
1,6x4,6 lief /deep
249) < <16 29 -02
Terminal 2.8 x 0.4 M (L242) <35 Nom
(® Terminal) [4]002]B] 6.5 -06 <319 16 -1
I Stock program

[IStandard program
Special program (on request)

Motor Data
Values at nominal voltage

M2 x2,9 tief /deep
My (1225) 5,5 Nem

Order Number

-0,005

@2 -0010

-002

@8 -005

42.0
8600
10.3
6920
12.0
0.270
62.0
1.34
83

31.3
1.45
46.3
206
140
5.96
4.07

M2 x4,4 tief /deep
My (24) 85 Nem

48.0 48.0 48.0
7410 5250 4730
7.60 5.15 4.59
5690 3470 2960
12.0 12.0 121
0.204 0.144 0.131
524 357 328
0.855 0.414 0.343
82 79 78
56.2 116 140
256 5.06 6.22
61.3 86.3 95.6
156 111 99.8
143 149 146
5.97 6.08 6.00
4.00 3.88 3.92

Operating Range Comments

- Continuous operation
In observation of above listed thermal resistance

1 Nominal voltage V. 90 120 150 18.0 18.0 240 24.0 36.0
2 No load speed rom 8190 7540 8290 8870 8000 9310 7540 9120
3 No load current mA 456 31.0 277 250 221 198 155 129
4 Nominal speed rom 6640 5870 6650 7240 6330 7670 5850 7450
5 Nominal torque (max. continuous torque) mNm 10.8 124 124 123 123 121 122 121
6 Nominal current (max. continuous current) A 1.08 0.853 0.752 0.666 0.598 0.516 0.421 0.335
7 Stall torque mNm 577 56.9 63.6 677 595 69.3 553 66.6
8 Starting current A 555 378 371 352 279 283 183 1.78
9 Max. efficiency % 83 83 83 84 83 84 83 84
Characteristics
10 Terminal resistance Q 162 3.18 4.05 511 644 847 131 202
11 Terminal inductance mH 0.0735 0.154 0.200 0.251 0.309 0.406 0.618 0.952
12 Torque constant mNm/A 104 151 172 192 213 244 30.1 374
13 Speed constant rom/V 919 634 557 497 448 391 317 255
14 Speed / torque gradient rom/mNm 143 134 131 132 135 135 138 138
15 Mechanical time constant ms 596 590 588 589 591 592 592 5093
16 Rotor inertia gem? 3.97 422 428 426 417 417 4141 411
Thermal data
17 Thermal resistance housing-ambient 24K/ W n [rpml
18 Thermal resistance winding-housing 51K/W 11w
19 Thermal time constant winding 8.26s 10000 m
20 Thermal time constant motor 852s  gooo
21 Ambient temperature -30 ... +85°C
22 Max. permissible winding temperature +125°C 6000
Mechanical data (sleeve bearings) Ay
23 Max. permissible speed 9800 rpm 5000
24 Axial play 0.05-0.15 mm
25 Radial play 0.012 mm
26 Max. axial load (dynamic) 1N MRS ONS ' > VRS W[ N
27 Max. force for press fits (static) 80N 0.1 0.2 0.3 0.4 1[A]
(static, shaft supported) 440N
28 Max. radial loading, 5 mm from flange 28N
Mechanical data (ball bearings;
23 Max. permissible s(peed 9°) 9800 rpm gggﬁzy i
24 Axial play 0.05-0.15mm G50 Nm = ——+
26 Max.axial load (dynarmic) P0eaan Fase 2
ax. axial loa namic .
27 Max. force for preé/s fits (static) 45N %%grrﬁgarhead
(static, shaft supported) 440N 91 -0.6Nm . m
28 Max. radial loading, 5 mm from flange 123N page 243 Ly
Other specifications
29 Number of pole pairs 1 .
30 Number of commutator segments 9
31 Weight of motor 714 LSG 30/2
Values listed in the table are nominal. - ﬁgg 5£§0/5
Explanation of the figures on page 49. EPOS 24/1
Notes

Option
Ball bearings in place of sleeve bearings
Pigtails in place of terminals

144 maxon DC motor

(lines

17 and 18) the maximum permissible winding

temperature will be reached during continuous
operation at 25°C ambient.
= Thermal limit.

Short

term operation

The motor may be briefly overloaded (recurring).

Assig

%_._

Recommended Electronics:

ned power rating

maxon Modular System Overview on page 16 - 21

Encoder MR

32 CPT,

2/ 3 channels

Page 255

Encoder MR
128/256 /512 CPT,
2/ 3 channels

Page 256

o
-

<

Page 276
276 L

277

294
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