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“By far, the greatest danger of Artificial Intelligence is 

that people conclude too early that they understand it” 
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ABSTRACT 

The main objective of this Master’s Thesis is the model development of a lower body 

humanoid robot based on Pneumatic Artificial Muscles (PAM) actuators and its control 

in balance and walking activities using reinforcement learning. This project has been 

developed with the collaboration of the Department of Robotics at Luleå Tekniska 

Universitet in Sweden. 

The humanoid structure that is modelled, is inspired on an endoskeleton dimensions of 

an adult human. The movement generation of the robot is based on a muscle-tendon 

approach, which will provide to this model 10 degrees of freedom, 5 for each leg from 

the hip to the ankle. Each degree of freedom is associated with a pair of muscles, which 

act in an antagonistic way providing bidirectional motion. The provided degrees of 

freedom are: 

• 2 degrees of freedom associated with the hip: 

▪ Flexion/Extension 

▪ Abduction/Adduction 

• 1 degrees of freedom associated with the knee: 

▪ Flexion/Extension 

• 2 degrees of freedom associated with the ankle: 

▪ Dorsiflexion/Plantar flexion 

▪ Eversion/Inversion 

 

Conceptual design of the humanoid robotic lower limb (a) and PMA based movements 

possibilities (b) [13] 
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During the development of the project, the work has been organized into three different 

sections. The first task has been the lower limb humanoid robot model construction using 

the Simscape toolbox in Simulink. Once the model was built, the next step has been to 

provide it of actuators. For this purpose, a pneumatic artificial muscle model has been 

implemented using Matlab and Simulink. Finally, the last task has been the application 

of deep reinforcement learning in Matlab, in order to try to control the robot in motion 

tasks. 

 

Humanoid lower limb model construction 

The humanoid lower limb model has been implemented in Simulink using the Simscape 

Multibody toolbox. The robot has been provided of 10 degrees of freedom which allow 

the movements described previously. 

The body properties of the robot have been programmed following anthropometric 

measurements of an adult human. The program, just by providing the height and weight 

of the desired humanoid robot, calculates the segment lengths of the leg parts, its 

weights and other physical properties as for example the centres of mases. The aim of 

this part has been to design a model which is easily adjustable for testing, while keeping 

the closest similarity to a real human body. 

An overall view of the Simulink model is presented in the image below. On the one hand, 

the subsystem of the muscles, which will be described later, is presented. On the other 

hand, it is shown the blocks which include the model of both legs, the torso and the 

ground. 

 

 Overall view of the Simulink model of the lower limb humanoid robot  
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Pneumatic artificial muscles model implementation 

In the conceptual design showed, Festo DMSP-20-260N-AM-CM Fluidic Muscles are 

used in order to provide motion to the lower limb of the robot. These muscles have 20mm 

internal nominal diameter and 260 mm nominal length. 

Due to the non-linear nature and time-varying parameters cause difficulties in modeling 

the PAM, static models are insufficient for real time control applications. For this reason, 

it has been implemented a dynamic model of the muscles using Matlab and Simulink. 

The PAM is modelled as three parallel elements, which consist of a contractile element, 

a spring element and a damping element. 

 

Three parallel elements model of PAM [31] 

The differential equation that describes the overall system is: 

𝑀�̈� + 𝐷�̇� + 𝑆𝑥 = 𝐹𝑐𝑒 − 𝐹𝐿 

where 𝑥 ∈  ℜ  is the displacement of the PMA, M is the mass of the muscle, 𝐷 is the 

damping coefficient, 𝑆 is the spring constant, 𝐹𝑐𝑒 is the force exerted by the muscle and 

𝐹𝐿 , due to the antagonistic configuration of the muscles, correspond to the force exerted 

by the second muscle. One first approximation has been to disregard the inertial term, 

so the system becomes a first-order system: 

𝐷�̇� + 𝑆𝑥 = 𝐹𝑐𝑒 − 𝐹𝐿 

The contractile force 𝐹𝑐𝑒 has been approximated using numerical methods, concretely 

with a fifth-order polynomial function of two variables 𝐹(𝑥, 𝑃), where 𝐹 is the force exerted 

by the PAM, 𝑥 is the percentage of contraction of the muscle, which is related with the 

displacement described before through the nominal length of the muscle, and 𝑃 is the 

pressure applied to the muscle. 

For generating the data needed to fit the model it has been used the Festo Simulation 

Software. This simulator provides the required forced for a desired stroke and pressure. 

In order to obtain a considerable amount of data to fit the model, the simulation software 

has been run for pressures from 0 to 8 bar with 0.5 bar interval and from -7.8 mm of 

stroke to the stroke value which makes the force equal to 0, for all the different pressures 

simulated. The resultant model is: 
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𝐹(𝑥, 𝑃) = −0.002697 − 93.8𝑥 + 2.917𝑃 + 13.05𝑥2 − 0.04264𝑥𝑃 − 0.001793𝑃2 − 0.9395𝑥3

− 0.001597𝑥2𝑃 − 0.0001142𝑥𝑃2 + 4.694 · 10−6𝑃3 + 0.03335𝑥4 + 6.106

· 10−6𝑥3𝑃 + 2.699 · 10−6𝑥2𝑃2 + 1.25 · 10−7𝑥𝑃3 − 5.675 · 10−9𝑃4

− 0.0004611𝑥5 + 9.334 · 10−7𝑥4𝑃 − 1.221 · 10−8𝑥3𝑃2 − 1.463 · 10−9𝑥2𝑃3

− 4.929 · 10−11𝑥𝑃4 + 2.492 · 10−12𝑃5 

 

𝐹(𝑥, 𝑃) polynomial model 

Regarding the spring coefficient 𝑆, which is dependent on the operating pressure, it has 

been introduced in the model through a piecewise function with ranges of 1 bar from 0 

to 8 bar. The values have been obtained by running exhaustive iteration of the muscle 

model until good performance in both inflation and deflation operation was obtained. 

Regarding the damper coefficient, it has been assumed a time constant 𝜏 of the system 

of 0.3s, so it is calculated using the estimated spring coefficient: 

𝐷 =  𝜏 · 𝑆 = 0.3 · 𝑆 

Finally, it has been necessary to model the proportional pressure regulator that 

accompany the Festo muscles. Concretely, it has been modeled the regulator VPPM-

8L-L-1-G14-0L10H-V1N-S1, which provides an output pressure range from 0.1 to 10 bar 

with an input voltage range from 0 to 10 V. 

In the figure below it is presented the Simulink model of a pair of muscles in antagonistic 

set-up that has been created in this project. It includes the pressure regulators, the static 

force provided by the 𝐹(𝑥, 𝑃) polynomial model described previously and the spring and 

damping subsystem which is connected in parallel with the contractile force. Besides, it 

is shown in detail the spring and damping subsystem of one the muscles, which governs 

the dynamics of the system described previously. 
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 PAMs model in antagonistic configuration 

 

Spring and damping subsystem 

 

To demonstrate the operation of the model, in the figure below it is shown the response 

of the system caused by a step change in the input pressure. With an initial pressure of 

1.764 bar, it has been introduced a step of 1 bar in both muscles of the antagonistic set-

up, positive for one of them and negative for the other. It can be observed in the response 

that the first muscle is contracted from a 14.06% of contraction to a 20.22%. On the other 

hand, the muscles with the negative step of pressure is extended, moving from 14.06% 

of contraction to a 3.44% 
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Response of the PAM contraction after step change in the pressure value 

 

Deep reinforcement learning application 

Reinforcement learning is an area of machine learning concerned with how software 

agents ought to take actions in an environment in order to maximize a cumulative reward. 

In the figure below it is shown a global sight of the reinforcement learning model used in 

this project. 

 Reinforcement learning model 

On the right side, the environment constitutes the world where the actions are applied. 

Each action applied to the environment is associated with one state. In this project the 

environment is the lower limb model of the robot together with the PAM actuators. On 

the left side, the agent is the element which takes the actions. In this project it has been 

chosen an actor-critic agent model, concretely the DDPG algorithm. This model is 

composed of two neural networks, the first one, called actor, receives the state 

observations as inputs and returns actions as output. The second neural network is the 

critic, which goal is to estimate the value of the state of the environment based on the 

actions taken by the actor and to use this information to update the weights of both neural 

networks looking for the actor to learn the right actions. The element that indicates 

whether the action taken is good or not, is the reward function, which needs to be 

oriented to obtain a concrete objective during the training. In this project, the final target 
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is to provide the lower limb robot the ability of balancing and walking, so the reward 

function is oriented to fulfil this goal: 

𝑟 = 𝑘𝑉𝑥 · 𝑉𝑥 − 𝑘𝑦 · 𝑦2 − 𝑘𝑧 · 𝑧2 − 𝑘𝑣 ∑ 𝑉𝑖
2 + 𝑇

10

𝑖=1

 

This reward function, on the one hand, rewards the movement towards the desired 

direction and the time that the robot is walking. On the other hand, it penalizes the uneven 

use of the muscles and the deviation in the 𝑦 and 𝑧 directions, which avoid breaking the 

straight movement and falling or moving forward by jumping. 

Finally, regarding the observations, the model has 43 parameters that are fed back to 

the agent. Concretely, the state observations are the position, the orientation, the linear 

velocity and the angular velocity of the torso; the orientation and the angular velocity of 

each one of the 10 joints of the model; the normal forces measured in the feet and finally 

the actions taken by the actor in the previous time step. 

The training of the policy has been conducted combining Matlab and Simulink. One 

important aspect to highlight is the extremely high computational cost of training policies 

using deep reinforcement learning, which involves that the trainings can last even various 

days. For this project it has been used a computer with high computational capabilities, 

which allow to parallelize the training in 8 cores. In the figure below it is shown one of 

the trainings that have been carried out. It can be observed how the algorithm converges 

with an average reward value per episode around 127. However, in some of the best 

episodes, the agent reaches a reward higher than 400. These agents whose reward 

reaches a previously defined threshold value are automatically saved for testing after the 

training. 

 

Reinforcement learning training  

The results obtained are promising with regard to the balancing and forward movement 

of the robotic lower limb actuated by PAMs. In the next figure it can be observed four 

trained agents, which achieve to move the robot a distance between 7 and 11 metres in 

the forward direction without falling or exceeding the limitation of 0.5 metres in the lateral 

direction. Besides, it is also included in another image the behaviour of the pressure 
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input to the muscles provided by the actor, which control the left hip in the trained model. 

These muscles pressure variations cause the muscle length variations that produce the 

desired movement of the joints of the robot. However, regarding the smoothness of the 

movement in relation with the walking of a real human, although the results obtained are 

quite good, they still have room for improvement. The non-linear properties of the PAM 

models make very difficult to find a policy that can imitate a real human walking 

behaviour, so at this point, the project is still open to future improvements that can be 

implemented in future projects. 

 

Trajectory of trained agents 

 

Left hip muscles pressures of a trained model 
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Within these possible improvements, several lines of action have been recommended 

for the continuity of the project. In the design of the robotic body, it is proposed the 

addition of a new passive joint for the toes, which would increase the similarity of the 

model to a real human body. Regarding the PAM model, on the one hand, the evaluation 

of geometric models for the contractile force is proposed. On the other hand, an 

experimental method is proposed for estimating the spring and damping coefficients of 

the PAM model. With this, it would be possible to incorporate into the model the different 

behaviour that the muscles have when they inflate and deflate due to the hysteresis they 

suffer when they are deformed. Finally, in relation to the reinforcement learning, the test 

of the TD3 algorithm is proposed, which is an extension of the DDPG algorithm used, to 

which, among other improvements, adds a second neural network. 

 

 

Keywords: lower limb humanoid robot model, Simscape, Simulink, Matlab, pneumatic 

artificial muscles, model fitting, contractile force, spring, damper, deep reinforcement 

learning, neural networks, reward function, actor, critic, training. 
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RESUMEN 

El objetivo principal de este Trabajo Final de Máster es el desarrollo del modelo de los 

miembros inferiores de un robot humanoide actuado por músculos neumáticos y su 

control en tareas de equilibrio y desplazamiento utilizando aprendizaje por refuerzo. El 

proyecto ha sido desarrollado con la colaboración del Departamento de Robótica de la 

Universidad Técnica de Luleå, en Suecia. 

El cuerpo humanoide que se modela está inspirado en las dimensiones de un 

endoesqueleto de un humano adulto. La generación de movimiento del robot está 

basada en una interacción músculo-tendón, la cual provee al modelo de 10 grados de 

libertad, 5 para cada pierna desde la cadera hasta el tobillo. Cada grado de libertad está 

asociado a una pareja de músculos que actúan en posición antagonista, proporcionando 

movimiento bidireccional. Los grados de libertad permitidos en cada pierna son: 

• 2 grados de libertad asociados a la cadera: 

▪ Flexión/Extensión 

▪ Abducción/Adducción 

• 1 grado de libertad asociado a la rodilla: 

▪ Flexión/Extensión 

• 2 grados de libertad asociados al tobillo: 

▪ Dorsiflexión/ Flexión plantar 

▪ Eversión/Inversión 

 

Diseño conceptual de los miembros inferiores del robot humanoide (a) y las 

posibilidades de movimiento de los músculos neumáticos (b) [13] 

 

Durante el desarrollo del proyecto, el trabajo se ha organizado en tres secciones 

diferentes. La primera tarea ha sido la construcción del modelo de los miembros 

inferiores del robot humanoide usando el paquete Simscape en Simulink. Una vez el 

modelo fue construido, el siguiente paso fue proveerlo de actuadores. Para este 
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propósito se ha implementado un modelo de músculos neumáticos utilizando Matlab y 

Simulink. Finalmente, la última tarea ha sido la aplicación de aprendizaje profundo por 

refuerzo en Matlab con el objetivo de tratar de controlar el robot al moverse. 

 

Construcción del modelo de los miembros inferiores del robot humanoide 

El modelo de los miembros inferiores del robot humanoide ha sido implementado en 

Simulink utilizando el paquete Simscape. El robot ha sido dotado de 10 grados de 

libertad, los cuales le permiten ejecutar los movimientos descritos previamente. 

Las propiedades del cuerpo del robot han sido programadas siguiendo medidas 

antropométricas de un humano adulto. El programa, con tan solo introducir la altura y el 

peso del robot humanoide deseado, calcula la longitud de los segmentos de las piernas, 

sus pesos y otras propiedades físicas como por ejemplo los centros de masas. El 

objetivo de esta parte ha sido diseñar un modelo fácilmente ajustable para hacer 

pruebas, mientras se mantiene la mayor similitud posible a un cuerpo humano real. 

En la siguiente imagen se presenta una vista general del modelo de Simulink. Por un 

lado, se observa el subsistema de los músculos que se describirá mas adelante. Por 

otro lado, se muestra los bloques que incluyen el modelo de ambas piernas, el torso y 

el suelo. 

 

 

 Vista general del modelo de Simulink de los miembros inferiores 
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Implementación del modelo de los músculos neumáticos 

En el diseño conceptual mostrado se utilizan músculos neumáticos modelo Festo 

DMSP-20-260N-AM-CM para proveer de movimiento a los miembros inferiores del 

robot. Estos músculos tienen un diámetro nominal interno de 20mm y una longitud 

nominal de 260mm. 

La no linealidad y la variación con el tiempo de algunos parámetros causa dificultades 

en el modelado de los músculos neumáticos, haciendo que los modelos estáticos sean 

insuficientes en aplicaciones que requieran control en tiempo real. Por esta razón se ha 

implementado un modelo dinámico de los músculos utilizando Matlab y Simulink. El 

músculo neumático es modelado mediante tres elementos en paralelo: un elemento 

contráctil, un resorte y un amortiguador. 

 

Modelo de músculo neumático mediante tres elementos en serie [31] 

La ecuación diferencial que describe el sistema es: 

𝑀�̈� + 𝐷�̇� + 𝑆𝑥 = 𝐹𝑐𝑒 − 𝐹𝐿 

donde 𝑥 ∈  ℜ  es el desplazamiento del músculo neumático, M es la masa del músculo, 

𝐷 es el coeficiente de amortiguamiento, 𝑆 es la constante del muelle, 𝐹𝑐𝑒 es la fuerza 

ejercida por el músculo y 𝐹𝐿 , debido a la configuración antagonista para los músculos, 

corresponde a la fuerza ejercida por el segundo músculo. Una primera aproximación ha 

sido despreciar el término inercial, consiguiendo de esta forma un sistema de primer 

orden:  

𝐷�̇� + 𝑆𝑥 = 𝐹𝑐𝑒 − 𝐹𝐿 

La fuerza contráctil 𝐹𝑐𝑒 ha sido aproximada utilizando métodos numéricos, 

concretamente un polinomio de quinto orden de dos variables 𝐹(𝑥, 𝑃), donde 𝐹 es la 

fuerza ejercida por el músculo,  𝑥 es el porcentaje de contracción del músculo, el cual 

está relacionado con el desplazamiento descrito previamente a través de la longitud 

nominal del músculo, y 𝑃 es la presión aplicada al músculo. 

Para generar los datos necesarios para ajustar el modelo se ha utilizado el software de 

simulación de Festo. Este simulador proporciona la fuerza requerida para una 

determinada contracción y presión. Con el objetivo de conseguir una gran cantidad de 

datos, se ha simulado el programa para presiones de 0 a 8 bar con intervalos de 0.5 bar 

y de -7.8mm de desplazamiento hasta el desplazamiento el cual provoca una fuerza 

ejercida igual a 0, para cada una de las presiones simuladas. El modelo resultante es: 
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𝐹(𝑥, 𝑃) = −0.002697 − 93.8𝑥 + 2.917𝑃 + 13.05𝑥2 − 0.04264𝑥𝑃 − 0.001793𝑃2 − 0.9395𝑥3

− 0.001597𝑥2𝑃 − 0.0001142𝑥𝑃2 + 4.694 · 10−6𝑃3 + 0.03335𝑥4 + 6.106

· 10−6𝑥3𝑃 + 2.699 · 10−6𝑥2𝑃2 + 1.25 · 10−7𝑥𝑃3 − 5.675 · 10−9𝑃4

− 0.0004611𝑥5 + 9.334 · 10−7𝑥4𝑃 − 1.221 · 10−8𝑥3𝑃2 − 1.463 · 10−9𝑥2𝑃3

− 4.929 · 10−11𝑥𝑃4 + 2.492 · 10−12𝑃5 

 

Modelo polinómico 𝐹(𝑥, 𝑃)  

En relación con el coeficiente del muelle 𝑆, el cual depende de la presión de operación, 

se ha introducido en el modelo una función a trozos con rangos de 1 bar desde 0 a 8 

bar. Los valores han sido obtenidos mediante ejecución iterativa del modelo hasta que 

se ha conseguido buen comportamiento tanto en el inflado como en el desinflado del 

modelo del músculo. 

Respecto al coeficiente de amortiguamiento, se ha asumido una constante de tiempo 

para el sistema de 0.3 segundos, por lo que se calcula utilizando el coeficiente estimado 

para el muelle: 

𝐷 =  𝜏 · 𝑆 = 0.3 · 𝑆 

Por último, se ha modelado también el regulador proporcional de presión que acompaña 

a los músculos Festo. Concretamente se ha modelado el regulador modelo VPPM-8L-

L-1-G14-0L10H-V1N-S1, el cual proporciona una presión de salida entre de 0.1 a 10 bar 

con una tensión de entrada de 0 a 10 V. 

En la imagen siguiente se presenta el modelo de Simulink de una pareja de músculos 

en configuración antagonista que ha sido creado para este proyecto. Incluye los 

reguladores de presión, la fuerza estática proporcionada por el modelo polinómico 

𝐹(𝑥, 𝑃) descrito anteriormente y el subsistema con el resorte y el amortiguador 

conectado en paralelo a la fuerza contráctil. Además, se muestra en detalle el 

subsistema con el resorte y el amortiguador de uno los músculos, el cual rige la dinámica 

del sistema descrito anteriormente. 
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Modelo de los músculos neumáticos en configuración antagonista 

 

Subsistema con el resorte y amortiguador 

 

Para demostrar el funcionamiento del sistema, en la siguiente figura se muestra la 

respuesta del sistema causada por un escalón en la presión de entrada. Con una presión 

inicial de 1.764 bar, se ha introducido un escalón de 1 bar en ambos músculos, positivo 

para uno de ellos y negativo para el otro. Se puede observar en la respuesta que el 

primer musculo se contrae, pasando de un 14.06% de contracción a un 20.22%. Por 

otro lado, el músculo al cual se le disminuye la presión se estira, pasando de un 14.06% 

de contracción a un 3.44% 
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Respuesta de los músculos neumáticos ante escalón en la presión 

 

Aplicación de aprendizaje profundo por refuerzo 

El aprendizaje por refuerzo es un área del aprendizaje automático cuyo objetivo es 

determinar qué acciones debe escoger un agente de software en un entorno específico 

con el fin de maximizar una recompensa acumulada. 

En la siguiente figura se muestra una visión global del modelo de aprendizaje por 

refuerzo utilizado en el proyecto. 

 Modelo de aprendizaje por refuerzo 

 

En el lado derecho, el entorno constituye el elemento sobre el que se aplican las 

acciones. Cada acción aplicada sobre el entorno está asociada a un estado de este. En 

este proyecto el entorno está constituido por el modelo de los miembros inferiores del 

robot junto con los músculos neumáticos. En el lado izquierdo, el agente es el elemento 

que toma las acciones. En este proyecto se ha elegido un modelo actor-crítico, 

concretamente el algoritmo DDPG, el cual está compuesto de dos redes neuronales. La 

primera, conocida como actor, recibe las observaciones como entrada y devuelve 

acciones como salida. La segunda red neuronal se conoce como crítico y su objetivo es 

estimar el valor de los estados del entorno basándose en las acciones tomadas por el 

actor y usar esta información para actualizar los pesos de ambas redes neuronales con 
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el objetivo de que el actor aprenda las acciones correctas. El elemento que indica si una 

acción tomada es buena o no es la función de recompensa, la cual debe estar orientada 

a obtener un objetivo concreto durante el entrenamiento. En este proyecto, el objetivo 

es proporcionar equilibrio y la capacidad de caminar al robot, por lo que la función de 

recompensa está enfocada a cumplir este objetivo: 

𝑟 = 𝑘𝑉𝑥 · 𝑉𝑥 − 𝑘𝑦 · 𝑦2 − 𝑘𝑧 · 𝑧2 − 𝑘𝑣 ∑ 𝑉𝑖
2 + 𝑇

10

𝑖=1

 

Esta función de recompensa, por un lado, premia el movimiento hacia la dirección 

deseada y el tiempo que el robot permanece caminando. Por otro lado, penaliza el uso 

desigual de los músculos y la desviación en las direcciones 𝑦 y 𝑧, lo cual evita que se 

desvíe del movimiento en línea recta, que se caiga o que se mueva hacia adelante 

saltando. 

Por último, en cuanto a las observaciones, el modelo cuenta con 43 parámetros que son 

realimentados al agente. Concretamente, las observaciones son la posición, la 

orientación, la velocidad lineal y angular del torso; la orientación y la velocidad angular 

de cada una de las 10 juntas del modelo; las fuerzas normales medidas en los pies y 

finalmente las últimas acciones tomadas por el actor. 

El entrenamiento de la política se ha llevado a cabo combinando Matlab y Simulink. Un 

aspecto importante que se debe destacar es el enorme gasto computacional que supone 

entrenar políticas usando aprendizaje profundo por refuerzo, lo cual puede conllevar 

entrenamientos que duren incluso varios días. Para este proyecto se ha utilizado un 

ordenador con altas capacidades de computación, permitiendo paralelizar el 

entrenamiento en 8 núcleos. En la figura siguiente se muestra uno de los entrenamientos 

realizados. Se puede observar como el algoritmo converge con un valor de recompensa 

medio en torno a 127. Sin embargo, en algunos de los mejores episodios, el agente llega 

a alcanzar recompensas mayores que 400. Estos agentes cuya recompense alcanza un 

valor definido previamente al entrenamiento, son guardados automáticamente para su 

prueba después del entrenamiento. 

 

Entrenamiento mediante aprendizaje por refuerzo 
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Los resultados obtenidos son prometedores en cuanto al equilibrio y el movimiento hacia 

delante del robot actuado por los músculos neumáticos. En la siguiente figura se 

observan cuatro agentes entrenados que consiguen moverse una distancia entre 7 y 11 

metros en dirección recta sin caerse o exceder los 0.5 metros de desviación lateral. 

Además, también se incluye en otra imagen el comportamiento de la presión de entrada 

de los músculos proporcionada por el actor, la cual controla la cadera izquierda del 

modelo entrenado. Estas variaciones de presión en los músculos provocan la variación 

de longitud del músculo que produce el movimiento deseado en las articulaciones del 

robot.Sin embargo, en cuanto a la suavidad del movimiento en relación con la forma de 

andar de un humano real, aunque los resultados obtenidos son bastante buenos, 

todavía tienen margen de mejora. Las propiedades no lineales de los músculos 

neumáticos hacen muy difícil encontrar una política que pueda imitar el comportamiento 

de un humano real al caminar, por lo que, en este punto, el proyecto se encuentra abierto 

a mejoras que se puedan implementar en proyectos futuros. 

 

 

Trayectoria de los agentes entrenados 
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Presiones en los músculos de la cadera izquierda en un modelo entrenado 

  

Dentro de estas posibles mejoras se han recomendado varias líneas de actuación para 

la continuidad del proyecto. En el diseño del cuerpo robótico se propone la adición de 

una nueva articulación pasiva para los dedos de los pies, lo cual aumentaría la similitud 

del modelo con un cuerpo humano real. En cuanto al modelo de los músculos 

neumáticos se propone por un lado la evaluación de modelos geométricos para la fuerza 

contráctil. Por otro lado, se propone un método experimental para la estimación de los 

coeficientes del resorte y del amortiguador del modelo del músculo neumático. Con ello 

se conseguiría incorporar al modelo el diferente comportamiento que tienen los 

músculos al inflarse y desinflarse debido a la histéresis que sufren al deformarse. Por 

último, en relación con el aprendizaje por refuerzo se propone la prueba del algoritmo 

TD3, el cual es una extensión del algoritmo DDPG usado, al cual, entre otras mejoras, 

se le añade una segunda red neuronal crítica. 
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1. INTRODUCTION 

Endowing robots with humanoid abilities to perform motor skills in a smooth and natural 

way is one the important goals of robotics. A promising manner to achieve this is by 

creating robots that can learn new skills by themselves, like humans do. 

Currently, there are three well-established type of approaches for teaching new skill to 

robots [1]: direct programming, imitation learning and reinforcement learning, which are 

all used and have its own advantages and disadvantages. Although all share the same 

goal, which is to provide the robots of the ability to learn, improve, adapt and reproduce 

tasks with dynamically changing constraints, the approaches differ significantly from one 

another.  

Regarding reinforcement learning, which is the approach that concern this project, it can 

be defined as the process of learning from trial-and-error by exploring the environment 

and the robot’s own body [2]. The goal in the reinforcement learning is specified by the 

reward function which acts as positive reinforcement or negative punishment depending 

on the performance of the robot with respect to the desired goal. 

However, the application of teaching approaches is one of the latest issues to face when 

creating a robot. Firstly, it is needed to define how the robot is going to be. This definition 

will be crucial to ensure that the robot will be able to perform the desired task. One of the 

first decisions should be for example to define which will be the layout of the robot that 

is going to be built, because although the final goal could be to implement a complete 

humanoid robotic body, the design strategy can go through designing its different parts 

separately before joining them. 

Besides, another wide range of decision must be taken when designing a robot such as 

for example the desired degrees of freedom, the dimension and physical properties of 

its components, the kind of actuators, the range of actuation to provide the desired 

movement, etc. Most of these aspects do not have an only solution and here is where 

the possibility of simulation becomes important to determine the solution which will 

provide the best behavior according to the desired goals.  

In particular for this project, the goal has been to design a model of a 10 degrees of 

freedom lower limb humanoid robot propelled by pneumatic artificial muscles and control 

its movement by learning algorithms such as reinforcement learning to produce natural, 

smooth and accurate balancing and walking task. The aim has been to achieve through 

simulation the most realistic parameters related to the lower limb movement in order to 

be able to apply them in future projects on a real humanoid robotic lower limb. 
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2. STATE OF THE ART 

Bipedal robot is one of the most attractive robot types given its similarity to the locomotion 

of human beings and its wide range of possible applications such as for example, human 

rehabilitation, entertainment, or factory labors. 

 [3], [4] and [5] shows the large research that has been done during the past few years, 

attempting to improve the design of humanoid robots and produce outcomes with motion 

capabilities inspired by the smoothness, accuracy and compliance that characterize the 

human lower-limb motion. The goal of providing the most realistic biomimetic attributes 

to these robots has focus the research on the materials in structures and actuators. A 

characteristic example of biomimetic actuation has been the Pneumatic Artificial Muscle 

(PAM) actuator, which meets the need for safety, simplicity, and lightness that human-

robot interaction requires and justifies its expanding utilization in medical and bio-robotic 

applications.  

In the past twenty years, a small number of PAM actuated leg setups have been 

proposed. [6] presents a robotic leg design with the ability to perform one DoF motion in 

the hip and knee, with antagonistic pairs of PAMs connected through tendons on the 

target joints, while keeping the ankle joint passive. [7] incorporated pleated-type PAMs 

in antagonistic configuration to replicate the sagittal motions of the hip, knee and ankle 

joints. Following the design techniques used in [6] and [7], [8], [9] and [10] developed 

lower-limb humanoids for postural analysis and control. 

The most recent efforts, accomplished in [11] and [12], includes the development and 

control of a robotic knee-ankle setup, which permit ankle movements in both sagittal and 

coronal planes by incorporating PAMs actuators in a synergistic fashion. 

In [13], which inspires the design for this project, the proposed design utilizes four PAMs 

for reproducing the two DoF movement capabilities of the human ankle. To this purpose, 

the synergistic nature of the human lower leg muscles is simplified to two antagonistic 

pairs of PAMs in cross-formation, thus providing the structural ability of independent 

control of motions in the sagittal and coronal plane.  

Regarding reinforcement learning, it is becoming more and more important in robot 

control due to the capacity of iteratively searching optimal behaviors by interacting the 

environment without knowledge of the model. The current reinforcement learning 

algorithms are divided in two groups: policy search and value function approach. The 

policy search approach, which appear in [14], [15] and [16], explicitly designs a control 

policy for continuous actions and improves its performance gradually. The value function 

approach, typically Q-learning [17] and SARSA [18], attempts to learn a complete optimal 

value function which defines the optimal policy for discrete actions. 

Regarding the application of reinforcement learning to the PAMs, it becomes difficult 

using discrete control action due to the high system dimensionality and the non-linearities 

from both pressure dynamics and mechanical structure. In [19], a new value-function 

based reinforcement learning algorithm, Local Update Dynamic Policy Programming 

(LUDPP) was proposed to work in high dimensional state-action space with much 

reduced computational complexity. It was successfully applied to one finger reaching 

task of the shadow dexterous hand [20]. 
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3. OBJECTIVES 

The main objective of this project is to develop the model of a Pneumatic Artificial 

Muscles (PAM) based humanoid robot’s lower body and control its movement using 

reinforcement learning algorithms to produce natural, smooth and accurate balancing 

and walking task. The aim is to achieve through simulation the most realistic parameters 

related to the lower limb movement in order to be able to apply them in future projects 

like the real humanoid robotic leg which is under development in the robotics laboratory 

at Luleå Tekniska Universitet. 

However, to achieve the main objective of the project it has been necessary to fulfill some 

intermediate goals, which are enumerated below: 

• Get used to Simscape toolbox for Matlab, understanding how to create and 

simulate a physical model. 

 

• Acquire knowledge of the theoretical basis of PAM, understanding the 

importance of developing a dynamic model and the simplifications used in its 

implementation. 

 

• Acquire knowledge of the theoretical basis of reinforcement learning, 

understanding the importance of its different components and kind of algorithms 

for the training goal. 

 

• Construction of the robot body model in Simulink keeping in mind the 

anthropometry relationships of the different parts of a human body. 

 

• Implementation of a static model of PAM in Simulink based on Festo fluidic 

muscles. 

 

• Implementation of a dynamic model of PAM in Simulink based on Festo fluidic 

muscles. 

 

• Adaptation of a reinforcement learning model developed by MathWorks to suit 

the specification of the project model. 

 

• Implementation of a script for running exhausting iteration of the model which 

allows to tweak and try different parameters values in a trained model. 
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4. METHODOLOGY 

Regarding the methodology utilized in this project, the work can be divided in five stages 

that have been addressed sequentially: 

1. Study stage: In this first stage the knowledge needed to deal with the project has 

been acquired via reading research articles and realization of tutorials with the 

software used. On the one hand, the lecture of research articles has covered a 

wide range of themes such as biomechanics for robotic applications, PAM 

actuators, reinforcement learning algorithms, etc. On the other hand, the main 

goal of the tutorials has been to understand the functioning of the Simscape and 

Reinforcement Learning toolboxes that have been used during the project. 
 

2. Construction of the humanoid lower limb model: At this stage, the skeleton of the 

lower limb has been modeled in Simulink using the Simscape toolbox. The design 

follows anthropometry characteristics of the real human body suggested in [21]. 

All the properties of the segments which form the lower limb such as length, 

weight, position of the center of mass and moments of inertia are defined in 

function of the desired height and weight for the full robot body, so changes can 

be easily implemented for future modifications in the model. 
 

 

3. Design of a dynamic model for the PAM actuators: After the body implementation, 

the next step has been to model the actuators that permit the movement of the 

lower limb components. For this goal, a dynamic model of pneumatic artificial 

muscles in antagonistic positioning has been implemented. 
 

4. Design of the reinforcement learning model to train the robot: Once the physical 

components of the lower limb have been implemented, the next step has been to 

implement the reinforcement learning algorithm which allow to train the agent that 

will control the body movements. For this purpose, an actor-critic based algorithm 

has been used. 
 

5. Realization of simulations: With the goal of achieving walking task numerous 

simulations have been performed. By analyzing the performance of the obtained 

agent, changes have been introduced in both the reward function and the 

reinforcement learning parameters in order to achieve better results. 
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5. PHYSICAL EQUIPMENT 

5.1. Humanoid Robotic Lower Limb 
 

In this section it will be described the real humanoid robotic lower limb which will be 

modeled during the project. 

The humanoid structure which will be modeled in this project consists of a humanoid 

robotic lower limb based on pneumatic muscle actuators (PMAs) [13]. The conceptual 

design is composed by a 3D printed structure which allows fast and low-cost prototyping 

modifications. With this design the adjustment of some properties such as center of mass 

(CoM) and the possibility of incorporating electronics inside are made possible. Besides, 

it allows the possibility of incorporating tougher materials such as carbon fiber. 

The design, which is shown in Figure 5.1 is inspired on an endoskeleton dimensions of 

an adult human. The movement generation of the robot is based on a muscle-tendon 

approach, which will provide to this model 10 degrees of freedom (DoF), 5 DoF for each 

complete leg from the hip to the ankle. 

 

Figure 5.1: Conceptual Humanoid Robotic Lower Limb [13] 

The provided DoF are described in the following points: 

• Hip with 2 DoF: 

▪ Flexion/Extension 

▪ Abduction/Adduction 

• Knee with 1 DoF: 

▪ Flexion/Extension 

• Ankle with 2 DoF: 

▪ Dorsiflexion/Plantar Flexion 

▪ Eversion/Inversion 
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In the Figure 5.2 it is shown the conceptual humanoid robotic lower limb with its 

components (a) and highlighting the PMA pairs which produce each respective 

movement (b). 

 

Figure 5.2: Conceptual design of the humanoid robotic lower limb (a) and PMA based 
movements possibilities (b) [13] 

 

Although the whole design is still conceptual, the robotics team at Luleå Tekniska 

Universitet (LTU) has already developed a real prototype for the humanoid robotic leg 

(HURL) which comprises from the knee (not included) to the foot and is shown in Figure 

5.3 in an assembled view and in Figure 5.4 in an exploded view. 
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Figure 5.3: Assembled view of the HURL [13] 

 

 

Figure 5.4: Exploded view of the HURL [13] 
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6. SOFTWARE  

For the execution of this project, in addition to the office automation program Microsoft 

Word, Matlab software have been used. The toolboxes utilized in Matlab will be 

described below: 

6.1. Matlab 

Matlab is a mathematical software tool that offers a development environment integrated 

with its own programming language known as M language. This software  is used since 

its functionalities include big amount of data manipulation, data representation, 

implementation of algorithms and the possibility of extending the software using 

toolboxes. In addition to these characteristics, another important factor to use this 

software is the previous knowledge of the student since it has been used in different 

previous courses. 

The version used has been Matlab R2019b with a student license. The software is 

available on the official MathWorks website [22]. In the Figure 6.1 the user interface of 

Matlab is shown: 

 

Figure 6.1: Matlab R2019b 

6.1.1. Simscape multibody toolbox 

Simscape multibody is a Matlab toolbox which is integrated into Simulink and provides a 

multibody simulation environment for 3D mechanical systems such as robots, 

construction equipment, vehicle suspensions and aircraft landing gear. Model multibody 

systems can be developed using blocks representing bodies, joints, forces, constraints, 

and sensors. The software formulates and solves the equations of motion of the 

complete mechanical system. Besides, it allows the importation of CAD assemblies, 

including physical properties and 3D geometry, providing to the user the 3D animation 

to visualize the system dynamics. 
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Simscape Multibody allows to parameterize the models using Matlab variables and 

expressions and provides the possibility of developing control systems using other 

Simulink components. The software is available on the official MathWorks website [23]. 

In the Figure 6.2, simscape multibody environment is shown: 

 

Figure 6.2: Simscape multibody example 

6.1.2. Reinforcement learning toolbox 

Reinforcement learning Toolbox is a Matlab/Simulink software package which provides 

functions and blocks for training policies using reinforcement learning algorithms such 

as Deep Q-learning (DQN), Actor-Critic (A2C) or Deep Deterministic Policy Gradient 

(DDPG). The policies cited can be used to implement controllers and decision-making 

algorithms for complex systems such as robots and autonomous systems. This toolbox 

allows the user to evaluate algorithms into Matlab or Simulink models, experiment with 

hyperparameters settings and monitor the training progress. Besides, it allows to import 

existing policies from deep learning frameworks such as TensorFlow, Keras and 

PyTorch. The software is available on the official MathWorks website [24]. In the Figure 

6.3 an example of the reinforcement learning toolbox is shown: 
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Figure 6.3: Reinforcement Learning example  

6.1.3. Deep learning toolbox 

Deep learning toolbox provides a framework for designing and implementing deep neural 

networks with algorithms, pretrained models and apps. It includes the deep network 

designer app which allows to design, analyze and train networks graphically. The 

software is available on the official MathWorks website [25]. In the Figure 6.4 an example 

of the deep network designer app is shown: 

 

Figure 6.4: Deep network designer app  
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6.1.4. Parallel computing toolbox 

Parallel computing toolbox permit to solve computationally and data-intensive problems 

using multicore processors, GPUs and computer clusters. The toolbox allows to use the 

full processing power of multicore desktops by executing applications on Matlab 

computational engines called workers, which run locally. The software is available on the 

official MathWorks website [26].  

6.1.5. Curve fitting toolbox 

Curve fitting toolbox provides an app and functions for fitting curves and surfaces to data. 

It allows to conduct regression analysis using the library of linear and nonlinear models 

provided or by specifying custom equations. The software is available on the official 

MathWorks website [27]. In the Figure 6.5 an example of the app for curve fitting is 

shown: 

 

Figure 6.5: Curve fitting app 
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7. THEORETICAL ASPECTS 

7.1. Pneumatic Artificial Muscles 

PAMs are contractile and linear motion engines operated by gas pressure. They are 

composed by a flexible reinforced closed membrane attached at both ends to fittings 

along which mechanical power is transferred to a load. As the membrane is inflated or 

gas is sucked out of it, it bulges outward or is squeezed. Together with this radial 

expansion or contraction, the membrane contracts axially and therefore it exerts a pulling 

force on its load. Hence, the force and motion generated by this type of actuator are 

linear and unidirectional. Typically, PAM’s energy source is air, which is either forced into 

it or extracted out of it. By this way, the actuator is powered by the pressure difference 

of the inside gas and the surrounding external pressure. 

To see how the device operates, two basic experiments can be considered [28]. In both 

cases the PAM is fixed at one end and has a mass hanging from the other. In the first 

experiment the mass is kept constant and the operating pressure is variated. In the 

second one, the pressure value is kept constant while the mass is modified. From the 

first experiment, which configuration is shown in the Figure 7.1, two conclusions are 

extracted: the PAM shortens by increasing its enclosed volume and it will contract 

against a constant load if the pneumatic pressure is increased. 

 

Figure 7.1: PAM operation at constant load [28] 

 

From the second experiment, which layout is shown in the Figure 7.2, another two 

conclusion are extracted: a PAM will shorten at a constant pressure if its load is 

decreased and its contraction has an upper limit at which it develops no force and its 

enclosed volume is maximal. Besides, considering both experiment it can also be 

concluded that for each pair of pressure and load, a PAM has an equilibrium length. 
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Figure 7.2: PAM operation at constant pressure [28] 

The equilibrium length of a PAM at static conditions will be function of the external load, 

the pressure level and the relationship between volume and length change of the muscle. 

Assuming quasi-static conditions the static force exerted by the PAM can be expressed 

as: 

𝐹 =  −𝑝 
𝑑𝑉

𝑑𝑙
 

However, the developed force will have a lower value due to membrane deformation. 

Regarding the application of PAMs for motion generation, one typically approach is using 

an antagonistic set-up. Since PAMs are contractile devices and can generate motion in 

only one direction, two actuators need to be coupled in order to generate a bidirectional 

motion, one for each direction. As one of them moves the load, the other one will act as 

a brake to stop the load at its desired position. To move the load in the opposite direction, 

the muscles change function. This antagonistic coupling, as it can be observed in the 

Figure 7.3, can be used for either linear or rotational motion: 

 

Figure 7.3: PAMs in antagonistic set-up [28] 

Due to the generated force of each muscle is proportional to the applied pressure, the 

equilibrium position will be determined by the pressure of the two muscles. 
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7.2. Reinforcement Learning 

Reinforcement learning (RL) is an area of machine learning, which alongside supervised 

and unsupervised learning, constitute the three basic paradigms of Machine Learning 

(ML). RL is related with how the software agents should take actions in an environment 

to maximize some cumulative reward. 

The environment is typically stated in form of Markov Decision Process (MDP) (described 

in Section 7.3) which allows the utilization of dynamic programming techniques. One of 

the main differences with supervised methods is that while in supervised methods there 

are pairs with input and outputs with desired values, in RL the agent interact with the 

environment in discrete steps, receiving a reward for every observation which informs 

the agent of how good or bad was taken the action. The key idea behind RL is described 

if Figure 7.4: 

 

 

Figure 7.4: Basic RL Flow chart 

The basic concepts are [29]: 

• Agent: The agent is the element which takes the actions. For example, the 

software programs that make intelligent decisions. 

• Action: It is the set of all possible values that the agent can provide. 

• Environment: It is the world where actions are applied, and which responds to the 

agent. The environment takes as input the action taken by the agent and it returns 

as output the agent’s reward and its next state. 

• State: It is a concrete and immediate situation in which the agent finds itself. It is 

used as feedback to the agent. 

• Reward: It is the feedback which is used for measuring the success or failure of 

an agent’s action in each state. 

• Policy: It is the strategy that the agent employs to determine the next action based 

on the current state. It maps state to the actions that promise the highest reward. 

In Figure 7.4, the subscripts t and t+1 denote the time steps of two different states. RL 

judges actions by the results they produce. As it is goal oriented, the aim is to learn 

sequences of actions that will lead an agent to achieve its goal, which means to maximize 

its objective function. The procedure is as follows: At each time t, the agent receives an 

observation which usually includes the reward 𝑅𝑡. Then, it chooses an action 𝐴𝑡 from the 

set of available actions which is sent to the environment. In this point, the environment 

moves to a new state 𝑆𝑡+1 and the reward 𝑅𝑡+1 associated with the transition (𝑆𝑡, 𝐴𝑡, 

𝑆𝑡+1) is determined. The final goal is to collect as much as reward as possible. 
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7.3. Markov Decision Process 

Previously to define Markov Decision Process (MDP) it is needed to stablish a series of 

definitions [29]: 

• Transition: It is the movement from one state to another. 

• Transition Probability: It is the probability that the agent moves from one state 

to another. 

• Markov Property: 

𝑃[𝑆𝑡+1  | 𝑆𝑡] = 𝑃[𝑆𝑡+1  | 𝑆1, … , 𝑆𝑡] 

 

This equation means that the transition from state 𝑆𝑡 to 𝑆𝑡+1 is independent of the 

past. 

• State Transition Probability: Defines the probability of the transition from state 

𝑆𝑡 to 𝑆𝑡+1 . It is defined as: 

𝑃𝑠𝑠
′ = 𝑃[𝑆𝑡+1 = 𝑠′ | 𝑆𝑡 = 𝑠] 

 

Which can be reformulated into a State Transition probability matrix: 

 

𝑃 =  [

𝑝11 ⋯ 𝑝1𝑛

⋮ ⋱ ⋮
𝑝𝑛1 ⋯ 𝑝𝑛𝑛

] 

 

Where each row in the matrix represents the probability of moving from the 

original state to any successor state. The sum of each row is equal to 1. 

 

• Markov Process: It is a set of states with the Markov Property. The dynamics of 

the environment can be defined using the states and the Transition Probability 

matrix. Figure 7.5 is introduced as an example:  

 

Figure 7.5: Example of Markov Process 

 

Looking at Figure 7.5, the edges of the tree denote transition probability. For 

example, assume that Sit down is the current state. According to the probability 

distribution there is a 0.3 chance of keeping in that state, a 0.5 chance to change 

to state Walk and a 0.2 chance to change to state Run. 

• Rewards and returns: They are the numerical values that the agent receives on 

performing some action at some state in the environment. It can be positive or 
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negative depending the actions of the agent. The idea in RL is to maximize the 

cumulative reward (all the rewards the agent receives from the environment) 

instead of the immediate reward which consists of the reward that the agent 

receives from the current state. The total sum of the reward that the agent 

receives from environment is called returns. Returns can be defined as: 

𝐺𝑡 =  𝑅𝑡+1 + 𝑅𝑡+2 + ⋯ + 𝑅𝑇 

 

Where 𝑅𝑡+1 is the reward received from the agent at time step 𝑡 = 0 while 

performing an action 𝐴 to move from one state to another. In the same way, 𝑅𝑡+1 

is related to the time step 𝑡 = 1 and 𝑅𝑇 to the final time step. 

• Episodic and Continuous Tasks: The first ones are tasks which have a terminal 

state while the others do not have any terminal state. For episodic tasks, each 

period since the start until the end constitute an episodic. 

For episodic tasks the calculation of the return is immediate but for continuous 

tasks which never end, it is needed to introduce a new factor: the discount factor. 

• Discount Factor (γ): It determines the importance which is given to the 

immediate reward and future rewards. It has a value between 0 and 1 and it is 

used to avoid infinity as a reward in the continuous tasks. Values close to 0 implies 

that more importance is given to immediate reward while values next to 1 means 

thar more importance is given to future rewards. In practice in order to learn, the 

optimal values for discount factor varies from 0.2 to 0.8 and will depend on the 

task that we want to train the agent for. 

Therefore, the return can be defined as: 

𝐺𝑡 =  𝑅𝑡+1 + γ 𝑅𝑡+2 + γ2𝑅𝑡+3 + ⋯ =  ∑ γ𝑘𝑅𝑡+𝑘+1

∞

𝑘=0

      (1) 

• Markov Reward Process (MRP): They are the Markov chains with values of 

judgement. A value is obtained from every state the agent is in. It can be defined 

as: 

𝑅𝑠 = 𝐸[𝑆𝑡+1  | 𝑆𝑡 ] 

 

This equation measures how much reward 𝑅𝑠 is obtained from a particular state 

𝑆𝑡. With this, the immediate reward from a particular state in which our agent is 

in is obtained. 

MRP can be defined as (𝑆, 𝑃, 𝑅, γ) where 𝑆 is the set of states, 𝑃 is the Transition 

Probability Matrix, 𝑅 is the Reward function and γ is the discount factor. 

• Policy Function and Value Function: The value function determines how good 

is for the agent to be in a particular state. A policy defines which actions to 

perform in a particular state. 

A policy can be defined as: 

𝜋(𝑎│𝑠) = 𝑃[𝐴𝑡 = 𝑎 |  𝑆𝑡 = 𝑠] 

 

It defines a probability distribution over actions (𝑎 ∈ 𝐴) for each state (𝑠 ∈ 𝑆). If 

one agent at time  𝑡 follows a policy 𝜋 , then 𝜋(𝑎│𝑠) is the probability that the 

agent takes an action 𝑎 at a particular state 𝑠 . In RL the experience of the agent 

determines the change in policy. 
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𝑣𝜋(𝑠) is the expected return starting from 𝑠 and following a policy 𝜋 for the next 

states until the final state. This function which is also called state-value function 

can be defined for all 𝑠 ∈ 𝑆 as: 

𝑣𝜋 =  𝐸𝜋 [𝐺𝑡   |  𝑆𝑡 = 𝑠] = 𝐸𝜋[∑ γ𝑘𝑅𝑡+𝑘+1| 𝑆𝑡 = 𝑠]

∞

𝑘=0

 

 

The equation provides the expected returns starting from the state 𝑠 and going 

to the next states with the policy 𝜋. In this point it is important to highlight that the 

returns obtained are stochastic whereas the value of the state is not stochastic. 

It is the expectation of returns from start state 𝑠 and thereafter, to any other state. 

Besides, the value of the terminal state in case of existing is zero. 

•  Bellman Equation for Value Function: Bellman Equation allows to find optimal 

policies and value function. As policy changes with the experience, there will be 

different value function according to different policies. The optimal value function 

is the one which provides maximum value in comparison with all the other value 

functions. Bellman equation can be defined as: 

𝑣(𝑠) = 𝐸[ 𝑅𝑡+1 + 𝛾𝑣𝑆𝑡+1|𝑆𝑡 = 𝑠] 

This implies that value function can be divided into two parts: the immediate 

reward and the discounted value of successor states. For example, in the case 

of a robot which moves from state 𝑠 to state 𝑠′, Bellman Equation would define 

how good was for the robot to be in state 𝑠 as the sum of the reward given by 

leaving the state 𝑠 and the value of the second state 𝑠′. 

Taking into account all the definitions, Markov Decision Process (MDP) can be 

defined as a MRP but with the presence of an agent that make decisions or take 

actions. It is a tuple of (𝑆, 𝐴, 𝑃, 𝑅, γ) where 𝑆 is a set of states, 𝐴 is the set of actions 

that the agent can take, 𝑃 is the transition probability matrix, 𝑅 is the reward 

accumulated by actions that have been taken by the agent and γ is the discount 

factor. Taking this new factor into account, both transition probability matrix and reward 

function can be redefined respectively as: 

𝑃𝑠𝑠′
𝑎 = 𝑃[𝑆𝑡+1 = 𝑠′| 𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎] 

𝑅𝑠
𝑎 = 𝐸[𝑅𝑡+1|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎] 

This means that the reward function is dependent on the action taken by the 

agent. 

Finally, it will be defined how good is to take a particular action, following a policy 

𝜋 from state 𝑠. For that, the state-action value function is introduced 

• State-action value function or Q-function: This function determines how good 

it is for the agent to take an action 𝑎 in a state 𝑠 with a policy 𝜋. Mathematically, 

the Q-function is expressed as: 

𝑞𝜋 = 𝐸𝜋[𝐺𝑡  | 𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎] = 𝐸𝜋[∑ γ𝑘𝑅𝑡+𝑘+1| 𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎]

∞

𝑘=0
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8. HUMANOID ROBOTIC LOWER LIMB MODEL 

The lower limb for the humanoid robot which is going to be modeled in this project is 

described in Section 5 of this report. To undertake this task Matlab and Simulink Robotics 

Arena: Walking Robot model will be used as the base for modeling the desired lower 

limb. Therefore, the idea is to follow the structure showed in that model while adapting it 

to fulfill the desired specifications defined in Section 5. As it has been mentioned in 

Section 6, for this task it will be used Simscape, Simscape Multibody and Simscape 

Electrical toolboxes of Matlab. 

8.1. Model construction 

To accomplish the robotic structure construction, it has been used Simscape and 

Simscape Multibody toolboxes. In Figure 8.1 it is shown a first view of the whole model: 

 

Figure 8.1: Structure construction of the lower limb 

First, on the left side, it is located the subsystem which englobes the model for the PAM 

actuators, which will be deeply described in the Section 8.3. 

Then, on the right of the muscles model, appear the subsystems which englobe the 

models for the structure of the two legs. The detailed subsystem for the right leg is shown 

in the Figures 8.2 and 8.3: 
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Figure 8.2: Model for the right leg (Part 1/2) 

 

Figure 8.3: Model for the right leg (Part 2/2) 

On the left part, the leg block contains the foot and contact subsystem, which is 

represented in the Figure 8.4. It has 4 Spatial Contact Force blocks, 4 Solid blocks with 

spherical geometry and the Solid block for the foot. This configuration is used as a 

simplification to simulate the contact between the ground and the foot of the robot. It is 

important to highlight that the greater number of Spatial Contact Force blocks you add 

to model the contact, the heavier it is the simulation. The Figure 8.5 shows the 

representation of spheres in the foot of the robot. 
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Figure 8.4: Foot and contact subsystem 

 

Figure 8.5: Model Contact Forces with the ground  

In order to configure Spatial Contact Force some properties such as normal force and 

frictional force must be configured. Within normal force, stiffness and damping 

parameters must be defined. Stiffness is the extent to which an object resists deformation 

in response to an applied force and its units in the International System are N/m. The 

value of this parameter is approximated by dividing the weight of the robot body (N) by 

the desired overlap between the foot and the ground (m). On the other hand, the damping 

parameter is defined to oppose the relative motion between two interacting surfaces. For 

simulation, a value that usually works well is to use one order of magnitude less that the 

used for the stiffness. Within frictional force, a static friction coefficient, a dynamic friction 

coefficient and a critical velocity need to be defined. The static friction coefficient will 
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depend of the materials in contact. For the dynamic friction coefficient, it is used a value 

lower than the static coefficient. The critical velocity will work as a threshold in order to 

determine whether the static or dynamic friction parameters must be used. 

Looking at Figure 8.2 and 8.3, on the right part of the foot Solid block, it can be seen 

some Rigid Transforms and Solid blocks that are used to locate, orientate and represent 

all the components of the leg. As each leg has 5 DoF, 5 Revolute Joints blocks are used. 

Revolute Joints blocks provide one rotational degree of freedom. To configure this block, 

it is needed to set some parameters such as the joint damping coefficient for the energy 

dissipation and the actuation type. Regarding the actuation type in Revolute Joints 

blocks, there are two configuration modes. One option is to provide torque as input to 

the joint and the motion is automatically computed, and the other option is to provide the 

motion and have the torque automatically computed. Besides, Revolute Joints blocks 

also permit to sense some values such as position or velocity. In the Table 8.1 it is 

associated each degree of freedom of the joints with the desired movement of the leg. 

Joint name Rotation Angle Associated Movement 

Ankle Roll Joint Roll Eversion / Inversion 

Ankle Pitch Joint Pitch Dorsiflexion / Plantar Flexion 

Knee Joint Pitch Flexion / Extension 

Hip Roll Joint Roll Abduction / Adduction 

Hip Pitch Joint Pitch Flexion / Extension 

Table 8.1: Joint name and associated movement of the leg 

Next to the subsystems of the legs, appear the world and ground subsystem, whose 

content is shown in the Figure 8.6: 

 

Figure 8.6: World and ground subsystem 

The three blocks of the left, going from the top to the bottom are the Solver Configuration, 

which is needed for defining the setting in the simulations; the Wold Frame, which work 

as a ground for all frame networks  in a mechanical model and the Mechanism 

Configuration, which allows to set mechanical and simulation parameters and apply to 

the whole machine as for example the gravity in the model. 

On the right of these three blocks, it can be seen some Rigid Transform, which define a 

3D rigid transformation between two frames. Regarding the transformation, in this block 
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it can be specified a rotation, a translation or a combination of both. The port B of the 

block represent the base and the port F the follower. The transformation represents the 

follower frame origin and axis orientation in the base frame. 

On the right of the Rigid Transform block, there is a Solid block, which represents the 

ground, which is supporting the robot. Solid blocks represent a combination of geometry, 

inertia, mass, a graphic component, and rigidly attached frames into a single unit. The 

port R represents the reference frame associated with the geometry. Concretely, this 

block represents  

Next to the world and ground subsystem, there is a 6-DOF joint block which represents 

a 6 DoF joint between two frames. In this case, the joint is connected to another Solid 

block which represent the torso for the model. Hence, this joint will provide the torso 

unconstrained 3D translation and rotation. This block is needed to guarantee the 

movement of the ensemble. In addition, two more Rigid Transform block are used to 

connect the hip with the torso. 

The Transform Sensor block located in the lower part permit to measure the 3D time-

varying transformation and its derivative between two frames. Therefore, using this block 

it will be possible to measure rotation, angular velocity, angular acceleration, translation, 

velocity, and acceleration between two frames. 

8.2. Model Parameters 

In this Section it will be defined all the parameters that have been used for the definition 

of the model such as dimensions, weights and every specific coefficient needed to 

configure each block. These parameters are based on proportional dimensions for a 

human body of mass 𝑀 and height 𝐻 [21]. In this report, calculation is specified for 𝑀 =

80𝑘𝑔 and 𝐻 = 1.80𝑚. Taking in consideration the proportions used in the calculation, 

that weight of the full body will lead in a 25.76𝑘𝑔 for both legs, since the hips to the feet. 

Note that these values are only utilized as a starting point to design the model and can 

be modified by the user once the model is working to obtain results with different 

parameters. The advantage of this configuration is that human-body anthropometry 

relationships are kept while varying only two parameters, the total weight, and the height 

of the humanoid robot. The mentioned calculation is exposed below, and a summary of 

the parameters is shown in the Table 8.2:  

• Foot: 

o Geometry:  

             𝑓𝑜𝑜𝑡𝑥 = 0.152 · 𝐻 = 0.2736𝑚 

𝑓𝑜𝑜𝑡𝑦 = 0.055 · 𝐻 = 0.099𝑚 

𝑓𝑜𝑜𝑡𝑧 = 0.039 · 𝐻 = 0.0702𝑚 
o Mass: 

𝑓𝑜𝑜𝑡𝑚𝑎𝑠𝑠 = 0.0145 · 𝑀 = 1.16 𝑘𝑔 
o Center of mass (local frame): 

𝑓𝑜𝑜𝑡𝑐𝑜𝑚 = (0, −
𝑓𝑜𝑜𝑡𝑧

2
, 0)  𝑚 
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o Radius of gyration of the center of mass: 

𝑥𝑜𝑓𝑓𝑠𝑒𝑡 =  −0.0569𝑚 (global frame) 

𝑓𝑜𝑜𝑡𝑟𝑜 = √𝑥𝑜𝑓𝑓𝑠𝑒𝑡
2 + (

𝑓𝑜𝑜𝑡𝑧

2
)

2

= 0.0668𝑚 

 

o Inertia:  

𝑓𝑜𝑜𝑡𝐼0 = 𝑓𝑜𝑜𝑡𝑚𝑎𝑠𝑠 ∗ 𝑓𝑜𝑜𝑡𝑟𝑜
2 = 0.00517 𝑘𝑔 · 𝑚2  

• Lower leg: 

o Geometry: 

𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔_𝑥 = 0.0444 · 𝐻 = 0.08𝑚 

𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔_𝑦 = 0.0444𝐻 = 0.08𝑚 

𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔𝑙𝑒𝑛𝑔𝑡ℎ = 0.285 · 𝐻 − 𝑓𝑜𝑜𝑡𝑧  = 0.4428𝑚 

o Mass: 

𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔𝑚𝑎𝑠𝑠 = 0.0465 · 𝑀 = 3.72 𝑘𝑔 
o Center of mass (local frame): 

𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔𝑐𝑜𝑚 = (0, 0, 0.567 · 𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔𝑙𝑒𝑛𝑔𝑡ℎ −
𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔𝑙𝑒𝑛𝑔𝑡ℎ

2
) ; 

𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔𝑐𝑜𝑚 = (0, 0, 0.03) 𝑚 

 
o Radius of gyration of the center of mass: 

𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔𝑟𝑜 = 0.302 · 𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔𝑙𝑒𝑛𝑔𝑡ℎ = 0.1337𝑚 

o Inertia:  

𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔𝐼0 = 𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔𝑚𝑎𝑠𝑠 ∗ 𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔𝑟𝑜
2 = 0.0664 𝑘𝑔 · 𝑚2  

 

• Upper leg: 

o Geometry: 

𝑢𝑝𝑝𝑒𝑟𝐿𝑒𝑔𝑥 = 0.0666 · 𝐻 = 0.12𝑚 

𝑢𝑝𝑝𝑒𝑟𝐿𝑒𝑔_𝑦 = 0.0833𝐻 = 0.15𝑚 

𝑢𝑝𝑝𝑒𝑟𝐿𝑒𝑔𝑙𝑒𝑛𝑔𝑡ℎ = 0.530 · 𝐻 − 𝑙𝑜𝑤𝑒𝑟𝐿𝑒𝑔𝑙𝑒𝑛𝑔𝑡ℎ − 𝑓𝑜𝑜𝑡_𝑧 = 0.441𝑚 

o Mass: 

𝑢𝑝𝑝𝑒𝑟𝐿𝑒𝑔𝑚𝑎𝑠𝑠 = 0.1 · 𝑀 = 8 𝑘𝑔 
o Center of mass (local frame): 

𝑢𝑝𝑝𝑒𝑟𝐿𝑒𝑔𝑐𝑜𝑚 = (0, 0, 0.567 · 𝑢𝑝𝑝𝑒𝑟𝐿𝑒𝑔𝑙𝑒𝑛𝑔𝑡ℎ −
𝑢𝑝𝑝𝑒𝑟𝐿𝑒𝑔𝑙𝑒𝑛𝑔𝑡ℎ

2
) ; 

𝑢𝑝𝑝𝑒𝑟𝐿𝑒𝑔𝑐𝑜𝑚 = (0, 0, 0.02955) 𝑚 

 
o Radius of gyration of the center of mass: 

𝑢𝑝𝑝𝑒𝑟𝐿𝑒𝑔𝑟𝑜 = 0.323 · 𝑢𝑝𝑝𝑒𝑟𝐿𝑒𝑔𝑙𝑒𝑛𝑔𝑡ℎ = 0.142𝑚 

o Inertia:  

𝑢𝑝𝑝𝑒𝑟𝐿𝑒𝑔𝐼0 = 𝑢𝑝𝑝𝑒𝑟𝐿𝑒𝑔𝑚𝑎𝑠𝑠 ∗ 𝑢𝑝𝑝𝑒𝑟𝐿𝑒𝑔𝑟𝑜
2 = 0.161 𝑘𝑔 · 𝑚2  
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Foot 

Parameter Value 
foot_x (𝑚) 0.2736 
foot_y (𝑚) 0.099 
foot_z (𝑚) 0.0702 
Foot_offset(m) [-0.0569 0 0] 
foot_mass (kg) 1.16 
foot_com (m) [0 -0.0351 0] 
foot_ro (m) 0.0668 
foot_I0 (Kg·m2) 0.0052 

Lower leg 

Parameter Value 
lowerLeg_x (𝑚) 0.0799 
lowerLeg_y (𝑚) 0.0799 
lowerLeg _length (𝑚) 0.4428 
lowerLeg_mass (kg) 3.72 
lowerLeg_com (m) [0 0 0. 0297] 
lowerLeg_ro (m) 0.1337 
lowerLeg_I0 (Kg·m2) 0.0665 

Upper leg 

Parameter Value 
upperLeg _x (𝑚) 0.1499 
upperLeg _y (𝑚) 0.1199 
upperLeg _length (𝑚) 0.4410 
upperLeg_mass (kg) 8 
upperLeg_com (m) [0 0 0.0295] 
upperLeg_ro (m) 0.1424 
upperLeg_I0 (Kg·m2) 0.1623 

Spatial contact force 

Parameter Value 
contact_stiffness (N/m) 3.0928e+5 
contact_damping (N·s/m) 3.0928e+4 
mu_s (coefficient of static friction) 0.5 
mu_k (coefficient of dynamic friction) 0.6 
mu_vth (critical velocity) (m/s) 0.10 

Joints 

Parameter Value 
joint_stiffness (N·m/rad) 0 
joint_damping(N·s/m·rad) 1 
joint_limit_stiffness (N·m/rad) 10000 
joint_limit_damping (N·s/m·rad) 10 

Table 8.2: Summary of the parameters of the model 

Besides, regarding the joint angle limits, in the Table 8.3 it is compared the angle limit of 

the model with the real ones of a human body [30]. Note that the specified limit is respect 

the initial position defined for the joints and the numbers shown are for the left leg. 
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Ankle joints Model limits (deg) Human body limits (deg) 

Roll angle [-25, 35] ~ [-25,35] 

Pitch angle [-45, 45] ~ [-40,20] 

Knee joint Model limits (deg) Human body limits (deg) 

Pitch angle [0, 90] ~ [0, 150] 

Hip joints Model limits (deg) Human body limits (deg) 

Roll angle [-22.5, 11.25] [-40, 0] 

Pitch angle [-45, 45] [-30, 110] 

Table 8.3: Joint angle limits for the left leg 

 

8.3. Antagonistic PAM actuators 

Following [13], Festo DMSP-20-260N-AM-CM Fluidic Muscles are going to be used in 

order to provide motion to the lower limb of the robot. These muscles have 20mm internal 

nominal diameter and 260 mm nominal length. 

The PAM is an actuator characterized by a decrease in the actuating length when 

pressurized. Its non-linear nature and time-varying parameters cause difficulties in 

modeling their characteristics and makes insufficient the static models for real time 

control applications. In this project, the approach proposed in [31] and [32] have been 

followed. For modeling the viscoelastic resistance that PAM experiences during the 

expansion, a spring and damping elements have been used. Therefore, the PAM is being 

considered as a parallel model that consists of a contractile element 𝐹𝑐𝑒 , a spring 

element 𝑆 and a damping element 𝐷. The model is proposed for a PAM placed on vertical 

position with one end fixed and an external load 𝐹𝐿 attached to the other end. Due to the 

antagonistic configuration of PAM used in this project, 𝐹𝐿 will be replaced by the force 

exerted by the second muscle in the antagonistic configuration. This model configuration 

is shown in Figure 8.7: 

 

Figure 8.7: Three parallel elements model of PAM [31] 

 

The differential equation that describes the overall system is the following: 

𝑀�̈� + 𝐷�̇� + 𝑆𝑥 = 𝐹𝑐𝑒 − 𝐹𝐿 

where 𝑥 ∈  ℜ is the displacement of the PMA, M is the mass of the muscle, 𝐷 is the 

damping coefficient, 𝑆 is the spring constant, 𝐹𝑐𝑒 is the force exerted by the muscle and 

𝐹𝐿 correspond to the external force applied to the muscle described previously.  
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For estimating the contractile force 𝐹𝑐𝑒, according to [33], the non-linear static 

characteristics of McKibben PAM can be approximated using numerical methods. Owing 

to the best approximation results that provide in the article, the approximation has been 

done using a polynomial function. The goal is to obtain a 𝐹(𝑥, 𝑃) polynomial function 

where 𝐹 is the force provided by the PAM, 𝑥 is the percentage of contraction of the 

muscle and 𝑃 is the pressure applied to the muscle. Note that for constructing this model, 

𝑥 has been considered as the percentage of contraction with respect to the 260mm of 

nominal length and not as the displacement. 

The first step has been to obtain the data needed to fit the model. For this purpose, Festo 

Simulation Software has been used [34]. By selecting the dimensions of the actuator, 

the desired stroke and the pressure, the simulation software provides the force required 

by the PAM to contract. In the Figure 8.8 an example of this simulation software is shown: 

 

Figure 8.8: Festo Simulating Software 

In order to obtain a great amount of data to fit the model, the simulation has been run for 

pressures from 0 to 8 bar with intervals of 0.5 bar and from -7.8 mm of stroke, which 

corresponds with a -3% of contraction, to the stroke value which makes the force equal 

to 0 for the different pressures utilized. 

The next step has been to fit the data obtained into a fifth-order polynomial function of 

two variables, 𝐹(𝑥, 𝑃). The polynomial function has the following expression: 

𝐹(𝑥, 𝑃) = 𝑝00 + 𝑝10 · 𝑥 + 𝑝01 · 𝑃 + 𝑝20 · 𝑥2 + 𝑝11 · 𝑥 · 𝑃 + 𝑝02 · 𝑃2 + 𝑝30 · 𝑥3 + 𝑝21 · 𝑥2 · 𝑃

+ 𝑝12 · 𝑥 · 𝑃2 + 𝑝03 · 𝑃3 + 𝑝40 · 𝑥4 + 𝑝31 · 𝑥3 · 𝑃 + 𝑝22 · 𝑥2 · 𝑃2 + 𝑝13 · 𝑥 · 𝑃3

+ 𝑝04 · 𝑃4 + 𝑝50 · 𝑥5 + 𝑝41 · 𝑥4 · 𝑃 + 𝑝32 · 𝑥3 · 𝑃2 + 𝑝23 · 𝑥2 · 𝑃3 + 𝑝14 · 𝑥

· 𝑃4 + 𝑝05 · 𝑃5 

The value of all the coefficients have been determined using Matlab Curve Fitting 

Toolbox and they are shown in the Table 8.4. For this purpose, it has been used the least 

absolute residuals (LAR) method. 
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Coefficient Value Coefficient Value 

𝑝00 -0.002697 𝑝31 6.106e-06 

𝑝10 -93.8 𝑝22 2.699e-06 

𝑝01 2.917 𝑝13 1.25e-07 

𝑝20 13.05 𝑝04 -5.675e-09 

𝑝11 -0.04264 𝑝50 -0.0004611 

𝑝02 -0.001793 𝑝41 9.334e-07 

𝑝30 -0.9395 𝑝32 -1.221e-08 

𝑝21 -0.001597 𝑝23 -1.463e-09 

𝑝12 -0.0001142 𝑝14 -4.929e-11 

𝑝03 4.694e-06 𝑝05 2.492e-12 

𝑝40 0.03335   

Table 8.4: Value of coefficients for 𝐹(𝑥, 𝑃) polynomial function 

In the Figure 8.9 is represented the 𝐹(𝑥, 𝑃) polynomial equation obtained before. In 

addition, in the Table 8.5, is shown the goodness of fit of the model. 

 

Figure 8.9: 𝐹(𝑥, 𝑃) polynomial model 

 

Parameter Value 

SSE 25266 

R-square 0.9999 

Adj R-square 0.9999 

RMSE 5.8751 

Table 8.5: Goodness of fit of the polynomial 𝐹(𝑥, 𝑃) model 
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Furthermore, in the Figure 8.10 are shown the obtained relationship between force and 

contraction percentage for different pressures. This figure has been implemented in 

Matlab by setting the pressure in the 𝐹(𝑥, 𝑃) obtained previously. 

 

Figure 8.10: Force-contraction relations for different pressures 

Regarding 𝐷 and 𝑆 coefficients, as it is indicated in [35], at steady state both damping 

and spring coefficients are polynomial expressions of pressure 𝑃 and can be formulated 

as: 

𝐷(𝑃) =  ∑ 𝑑𝑖𝑃𝑖

𝑛

𝑖=0

 

𝑆(𝑃) =  ∑ 𝑠𝑖𝑃𝑖

𝑛

𝑖=0

 

where 𝑖, 𝑛 ∈ ℕ+, being 𝑛 the order of the approximated polynomial and 𝑑𝑖, 𝑠𝑖 ∈ ℜ, the 

polynomial coefficients. One first approximation to estimate 𝐷 and 𝑆 coefficients that is 

considered in the article is that the inertial term 𝑀�̈� in the differential equation formulated 

before can be ignored. Thus, system becomes: 

𝐷�̇� + 𝑆𝑥 = 𝐹𝑐𝑒 − 𝐹𝐿 

This first-order system allows to obtain a rough estimation of 𝐷 and 𝑆 parameters 

following the procedure described in [31]. For this project, due to the impossibility of 

accessing to the experimental setup, the estimation for the spring and damper 

parameters has been simplified. For the spring coefficient a piecewise function has been 

created with ranges of 1 bar from 0 to 8 bar. The values have been obtained by running 
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exhaustive iteration of the muscle model until good performance in both inflation and 

deflation operation was obtained. Regarding the damper coefficient, it has been 

assumed a time constant 𝜏 of 0.3s, so it is calculated using the estimated spring 

coefficient with: 

𝜏 =  
𝐷

𝑆
= 0.3𝑠 

For this simplification is being assumed that the pressure regulator that accompany the 

muscles can provide this time constant of the displacement response for the muscles. 

On the other hand, to simulate the whole pneumatic system of the laboratory it has also 

been modeled a Festo proportional pressure regulator VPPM using Matlab. The block 

implemented in Simulink has voltage as input and provides as output the pressure for 

the muscle. The model of the real regulator is VPPM-8L-L-1-G14-0L10H-V1N-S1 and 

provides an output pressure range from 0.1 to 10 bar with an input range from 0 to 10 V. 

Finally, to compute the torque applied to each joint of the model, another Simulink block 

has been modeled. The implementation follows the conceptual overview presented in 

[13]. 

In the Figure 8.11 it is presented the Simulink model implemented for the antagonistic 

McKibben PAM. Each one of the antagonistic pair of muscles has two pressure 

regulators to provide pressure to each muscle. In the figure, the upper flow computes 

the force applied for one of the antagonistic muscles of the pair, and the lower flow 

computes the force applied by the other muscle. In this way, the input for the block 

coming from the agent is a 20𝑥1 voltage vector which is split on two 10𝑥1 vectors. The 

voltage is introduced in the proportional pressure regulators and a pressure output vector 

of 10𝑥1 dimension is obtained on each regulator. Once the pressure is determined for 

each actuator, the 𝐹(𝑥, 𝑃) model blocks allow to obtain the force applied for each muscle. 

These blocks have two input, one for the pressure coming from the regulators and 

another one for the percentage of contraction of the muscle which comes from the 

Spring/Damping blocks. Hence, two 10𝑥1 force vectors go out from the 𝐹(𝑥, 𝑃) model 

blocks and go into the torque block. In this block the torque is calculated for each joint 

based on the force of each muscle of the antagonistic pair and the radius of the pulley 

associated to the joint: 

𝑇 = (𝐹1 − 𝐹2) · 𝑟 

Finally, a 10𝑥1 torque vector is obtained. Each one of its components is the torque 

applied to one of the 10 different joints of the model. 
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Figure 8.11: Simulink dynamic model of antagonistic PAM actuators 

 

Besides, the subsystem included in the Spring/Damping blocks is presented in the 

Figure 8.12. The first block uses the pressure input to obtain the spring coefficient 

through the piecewise function previously described and the damping coefficient 

considering the assumed time constant. As an example, the block for the knee of the 

right leg is shown in Figure 8.13. This block model the following equation and allows to 

obtain 𝑥 value of the muscle. 

𝐷�̇� + 𝑆𝑥 = 𝐹𝑐𝑒 − 𝐹𝐿 

 

Finally, before the output of the Spring/Damping block, the 𝑥 value, which is in meters, 

is transformed to contraction percentage to be used in the 𝐹(𝑥, 𝑃) model blocks. 
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Figure 8.12: Spring/Damping subsystem  

 

 

Figure 8.13: Dynamic model with spring and damping coefficients 
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9. REINFORCEMENT LEARNING 

This section will describe the application of the reinforcement learning to the humanoid 

robotic model described in the previous section. The main goal of this procedure is to 

obtain a trained agent that stabilizes the humanoid lower limb model in standing and 

walking activities. 

Within this section it will be described the general model utilized for the reinforcement 

learning and each component such as the environment, the agent or the reward function 

will be addressed in depth. 

9.1. General Model 

A global sight of the reinforcement learning model used in this project is shown in Figure 

9.1: 

 

Figure 9.1: Global model for reinforcement learning application 

The model is composed of two main blocks. On the right side, the environment which in 

this case is constituted by the robotic structure defined in the previous section together 

with the PAM actuators. On the left side, the agent is composed of two main elements: 

the policy and the reinforcement learning algorithm. The policy could be defined as a 

function that provide actions base on the observation inputs. In the Section 9.3 it will be 

shown that for the policy a neural network will be used. On the other hand, the 

reinforcement learning algorithm is another neural network that allow to modify the 

weights in the neural network of the policy to achieve a trained model. This also will be 

shown in detail in Section 9.3.  

In the Figure 9.2 an overview of the Simulink model implemented for the reinforcement 

learning is presented: 
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Figure 9.2: Simulink model for reinforcement learning 

 

9.2. Environment 

The environment considered for the reinforcement learning training has been the 

humanoid robotic lower limb model, which is fully described in Section 8. 

9.3. Agent 

Before going deeper in this block, a high-level description of few agent models using 

different algorithms is given, which allows an understanding of the one chosen for this 

project. The three agent models which will be described are: agent model based on 

policy function, agent model based on value-function and agent model algorithms based 

on actor-critic [36]: 

• Policy function-based algorithms intention is to train a network which has as input 

the state observations and actions as output. This neural network is called actor 

and tells directly the agent how to act. For training the neural network there are 

different methods but one the most used is the policy gradient. Policy gradient 

methods can work with the stochastic policy, so in the output of the neural 

network there will be the probability of taking one of the possible actions instead 

of taking a deterministic action. Policy gradient takes care of the exploration 

because the algorithm injects some randomness to the probabilities. Then 

overtime, probabilities are updated in the direction that they produce the most 

reward. Thus, the workflow for this model would be first to execute the current 

policy, secondly to collect the rewards and thirdly to update the network to 

increase the probabilities of the good actions. However, this method has a great 

disadvantage which is the convergence of the reward function in a local maximum 

instead of in a global maximum. Besides, the convergence speed could be slow 

due to noisy measurements, which happen for example when it takes a lot of 

sequential actions to receive a reward and then the resulting reward has high 

variance between episodes. 

• Value-function based algorithms: This algorithm target is to allow the agent to 

collect the most reward in the fewest movements possible. The agent does not 

know anything about the environment, it just takes actions and receives state and 

reward. Value-function based algorithms takes as input the state and one 

possible action and output the value of taking that action: 
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𝑣𝑎𝑙𝑢𝑒 = 𝑓(𝑠𝑡𝑎𝑡𝑒, 𝑎𝑐𝑡𝑖𝑜𝑛) 

 

In this way the policy will check the value of every possible action and then 

choose the one with the highest value. This function is considered a critic since 

it is looking at the possible actions and criticizing the agent choices. For 

applications which have deterministic number of actions and states, the function 

can be represented in a table called Q-table, where there is a value for every 

state and action pair. 

One possibility of procedure for this method is to initialize all the values as zero 

and allow the agent to take a random action. After taking that action, the agent 

gets into a new state and receives a reward for this state from the environment. 

The agent uses the value of this reward to update the value of the action that 

have just taken. For doing this update it uses the Bellman equation: 

 

�̂�(𝑠, 𝑎) = 𝑄(𝑠, 𝑎) +  𝛼[ 𝑅(𝑠, 𝑎) +  𝛾 · 𝑚𝑎𝑥𝑄′(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎)] 

 

Bellman equation allow the agent to solve Q-table during time, breaking the whole 

problem into multiple simpler steps, so rather than solving the value of one state-

action pair in one step, the algorithm, through dynamic programming, will update 

the value for the state-action pair each time the state is visited. In the equation 

posted above, 𝑅(𝑠, 𝑎) represents the reward for taking and action, 𝑚𝑎𝑥𝑄′(𝑠′, 𝑎′) 

is the maximum value expected in the future, which is discounted by a factor 𝛾 

(𝛾 ∈ [ 0 , 1 ]) because the agent should not rely too much in the rewards for in the 

future. 𝑄(𝑠, 𝑎) represents the old value on the Q-table. By 𝑅(𝑠, 𝑎) +  𝛾 ·

𝑚𝑎𝑥𝑄′(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎) the error is expressed, which symbolizes how far the 

agent prediction has been. This error is multiplied by the learning rate 𝛼 and 

added to the old value 𝑄(𝑠, 𝑎) to obtain �̂�(𝑠, 𝑎), the updated value for the Q-table. 

The idea is to keep doing this procedure repeatedly until a true value of every 

state action pair is efficiently known to achieve the desired goal. 

This idea can be extended to continuous but instead of using the Q-table, it uses 

a neural network. The operation would be the same, the neural network would 

have state observations and actions as input and will return a value as output. 

However, this approach presents an important drawback which is the 

computational impossibility to deal with an infinite range of actions. 

This situation leads to merge the two describes techniques in another algorithm 

called actor-critic: 

• Actor-critic based algorithm: For this algorithm, two neural networks are used. 

First one, called actor, receives the state observations as input and returns 

actions as output. The second neural network is the critic, which goal is to 

estimate the value of the state of the environment based on the action that the 

actor took, similar than in the value-based method. The difference is that this 

structure works for continuous spaces because the critic has only to look at a 

single action, the one that returns the actor and does not have to find the best 

action by evaluating all of them.  

In this project, the agent model utilized is the actor-critic based algorithm, concretely the 

Deep Deterministic Policy Gradient (DDPG) algorithm. This model is shown in Figure 

9.3: 
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Figure 9.3: Agent model 

The model works as follows: The actor chooses an action in the same way as the policy 

function algorithm does and it is applied to the environment. The critic estimates the 

value of that action/state pair and then, uses the reward from the environment to 

determine how accurate is the value predicted. The error, which represents the 

difference between the new estimated value of the previous state and the old value of 

the previous state from the critic network, is used to update both actor and critic neural 

networks. The new estimated value is based on the receive reward and the discounted 

value of the current state. This error is used as a sense of how better or worse has been 

the action respect what the critic expected. Using this update, for example, the actor will 

increase the probability of taking a good action again in the future. Hence, summing up, 

both actor and critic are neural networks that try to learn the optimal behavior. The actor 

learns the right actions using feedback from the critic to know what action is good and 

what is not. On the other hand, the critic learns the value from the received rewards in 

order to properly criticize the actions taken by the actor. 

In the following subsection, both actor and critic neural networks implementation will be 

described depth. 

9.3.1. Actor neural network 

In this subsection, the actor neural network, inspired by [37] and used for training the 

agent will be described.  In the Figure 9.4 is shown the layout of the neural network using 

the Deep Network Designer of Matlab: 
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Figure 9.4: Actor Neural Network 

As it was described in Section 9.3, the actor neural network has as input the observation 

of the state provided by the environment while the output of the network are the actions 

given to the actuators. The neural network is composed by an imageInputLayer which is 

used to introduce the state observations into the network. This is followed by two pair of 

layers composed by fullyConectedLayer and reluLayer. Finally, there are another 

fullyConnectedLayer and a tanhLayer, which allows to bound the action values between 

the specified limits. 

The dimension of the different layers which compose the actor neural network are 

detailed in Table 9.1:  
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Actor neural network 

Layer name Input size Output size 

Observation [43 1 1] 43 

ActorFC1 43 400 

ActorRelu1 400 400 

ActorFC2 400 300 

ActorRelu2 300 300 

ActorFC3 300 10 

ActorTanh1 10 10 

Table 9.1: Size of the Actor neural network layers 

9.3.2. Critic neural network 

In this subsection, the critic neural network, inspired by [37] and used for training the 

agent will be described. In the Figure 9.5 is shown the layout of the neural network using 

the Deep Network Designer of Matlab:  

 

Figure 9.5: Critic Neural Network 
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As it was described in Section 9.3, the critic neural network has two inputs: the state 

observations coming from the environment and the actions taken by the actor neural 

network. This is represented in the previous figure with two paths with converge in a 

common path. 

The observation state path is composed by an ImageInputLayer that works as input layer 

of the neural network. The input layer if followed by a fullyConnectedLayer, a reluLayer 

and another fullyConnectedLayer. The action path is composed by an ImageInputLayer 

as input layer of the neural network and then a fullyConnectedLayer. As it can be seen 

in the Table 9.1 below, since the dimension of the observation input is larger than the 

action input, the observation path requires more hidden layers. 

Both paths converge in a common path using an additionLayer. Then finally, there are 

another reluLayer and a fullyConnectedLayer which provides the output value of the 

neural network. 

The dimension of the different layers which compose the critic neural network are 

detailed in Table 9.2: 

Observation path 

Layer name Input size Output size 

Observation [43 1 1] 43 

CriticStateFC1 43 400 

CriticStateRelu1 400 400 

CriticStateFC2 400 300 

Action path 

Layer name Input size Output size 

Action [10 1 1] 10 

CriticActionFC1 10 300 

Common path 

Layer name Input size Output size 

Add 300 + 300 300 

CriticCommonRelu1 300 300 

CriticOutput 300 1 

Table 9.2: Size of the Critic neural network layers 

9.4. Reward function 

As it has been mentioned in the previous section, the training process requires a reward 

function which tells the agent how it is doing so that it can learn from its actions. To define 

properly a reward function, it is important to consider the conditions that are important 

for the final goal of the training. In case of this project, the final target is to provide the 

lower limb robot the ability of balancing and walking, so the reward function must be 

oriented to fulfill this goal. Therefore, the reward function, inspired in [38] and utilized has 

been: 

𝑟 = 𝑘𝑉𝑥 · 𝑉𝑥 − 𝑘𝑦 · 𝑦2 − 𝑘𝑧 · 𝑧2 − 𝑘𝑣 ∑ 𝑉𝑖
2 + 𝑇

10

𝑖=1

 

First of all, it is important to highlight that conditions which are considered beneficial for 

the desired task are formulated as positive addends in the equation, while conditions that 
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are not beneficial for the desired task, are penalized in the equation with a negative sign. 

The desired task for the movement is that the robot walks in a straight line. 

The first parameter, 𝑉𝑥 represents the velocity in the direction of the desired movement. 

By rewarding the velocity in that direction two benefits are obtained: the robot will move 

in the desired direction and it will do it faster compared to if only the desired direction is 

rewarded. Therefore, in this way, the robot is rewarded for going from one point to 

another in a straight line as fast as possible. 𝑇 parameter rewards the time that the robot 

is waking, so the more time the robot is walking, the more reward it will achieve. For the 

simulation 𝑇 is formulated as: 

𝑇 = 𝑘𝑇 ·
𝑇𝑠

𝑇𝑓
 

In which 𝑇𝑠 is the agent sample time and 𝑇𝑓 is the total time of simulation. 𝑘𝑇 is a constant 

that will be quantified below with the others of the reward function. 

On the other hand, the conditions that are against the desired goal are 𝑧 and 𝑦. 𝑧 

parameter has the purpose of penalizing changes of position in z axis. The idea is to 

maintain the initial height of the robot while walking in order not to fall down and not to 

jump for progressing. 𝑦 parameter has the purpose of penalizing the diversion from the 

x axis movement direction. Besides, another term has been added to the reward function 

in order to obtain a global use of all the actuators. This means that by penalizing the 

voltage input to the muscle, the robot tends to use all its actuators to produce the 

movement instead of using only a part of its actuators. For example, it would be avoided 

that the robot moves forward using only one of its legs while the other keeps without any 

action. 

Finally, 𝑘𝑉𝑥, 𝑘𝑦, 𝑘𝑧, 𝑘𝑣, 𝑘𝑇 are constants which quantify the influence of the different 

parameters to the reward function. Values used for the constants are detailed in the 

Table 9.3:  

Constant Value 
𝑘𝑉𝑥 1 

 𝑘𝑦 4 

𝑘𝑧 60 

𝑘𝑣 0.02 

𝑘𝑇 25 

Table 9.3: Constants value for the reward function 

This reward function has been modeled in Simulink using the structure shown in the 

Figure 9.6:  
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Figure 9.6: Diagram block for the reward function 

The input variable, denoted as meas comprise position and velocity parameters such as 

the desired 𝑉𝑥, 𝑦 and 𝑧. On the other hand, prevAction contains the voltage input applied 

to the muscles in the previous action. 

9.5. Reinforcement Learning Training 

In this subsection, there will be defined the training options and parameters that the 

model needs to train the agent. First, the block Check if done that can be seen in Figure 

9.2, is used as a flag to stop the current episode of the training because one or more of 

the parameters exceed a defined threshold value. The details of this block are shown in 

the Figure 9.7:  

 

Figure 9.7: Flag to stop current episode of the training  

The input of the block are the observations of the current state. If any of the selected 

variables, which refer to the torso position and orientation, surpass the threshold value, 

the flag is activated and the training jump to the next episode. 

Regarding the muscle configuration, in order to obtain an antagonistic behavior of the 

muscle pair, the approach proposed in [13] has been followed: 

𝑉1 =  𝑉0 ± ∆𝑉 

𝑉2 =  𝑉0 ± ∆𝑉 
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𝑉1, 𝑉2 are the voltages applied to each one of the pressure regulators of the muscles, 𝑉0 

is a constant initial voltage and ∆𝑉 is the step of voltage applied to each regulator. It is 

important to remember that the input voltage is linearly related to the pressure applied to 

the muscles. 

In order to obtain the antagonistic performance, the steps of voltage must have different 

sign for both muscles. For the initial value of voltage, a value of 2.12 V has been chosen 

and the action values, which correspond to the steps of voltage, have been limited in a 

range from 0 to 0.71V. In this way, applying the linear relationship between voltage and 

pressure, the values of pressure for the muscles are limited from 1.4 to 3 bar. This 

limitation in the operation pressure has been chosen after testing the model looking for 

the best scaling of the model values to the reinforcement learning algorithm. 

Besides, in the Table 9.4 there are included the hyperparameters used for training the 

neural networks. 

Hyperparameters Value 

Discount factor 0.99 

Batch size 128 

Noise variance 0.5 

Noise variance decay rate 1e-5 

Target smooth factor 1e-3 

Actor learning rate 1e-3 

Critic learning rate 1e-4 

Max episodes 5000 

Table 9.4: Hyperparameters for the training 

One important aspect that is important to highlight regarding the training is the 

computational time. Training policies using deep reinforcement learning algorithms has 

an extremely high computational cost, which involves that the training can last even 

various days. For this project it has been used a computer with high computational 

capabilities which allow to parallelize the training in 8 cores. Besides, the reinforcement 

learning toolbox provides a visual window where the state of the training is plotted. This 

helps to early detect errors which will imply bad results and avoid having to wait days for 

training an agent that is not going to work. In the Figure 9.8 is shown an example of this 

window. 

 

Figure 9.8: Reinforcement learning episode manager 
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10. SIMULATION AND RESULTS 

10.1. Dynamic PAM model in antagonistic 

configuration 

As it has been said in section 8, the actuation of the robotic legs will be accomplished by 

PAM configured in antagonistic position. The goal of this subsection is to show the 

performance of the dynamic designed model. To carry out the tests, only a pair of 

muscles will be considered. In the Figure 10.1 it can be observed the overall model for a 

pair of muscles, composed by the pressure regulators, the static force model, and the 

spring and damper model. In the Figure 10.2 it is shown the spring and damper 

subsystem in detail and finally in the Figure 10.3 it is shown the block which governs the 

dynamic the muscle. 

 

Figure 10.1: Overall model of a pair of PAM in antagonistic configuration 

 

Figure 10.2: Spring and damper subsystem 
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Figure 10.3: Dynamic model of one PAM 

Next, there will be shown 2 figures showing 2 simulation experiments. For all of them, 

the initial conditions are with 1.764 bar for the pressure and 14.06% of contraction of the 

muscle. 

In the first simulation, shown in the Figure 10.4, it has been introduced a different step 

in the pressure value for the two muscles. For the first muscle, its pressure has been 

increased until the maximum operation pressure, while for the second muscle the initial 

pressure has been reduced in to 1 bar. The first muscle shows after the step in the 

pressure, a 28.12% of contraction while the second one decreased its contraction until 

6.28%. 

 

Figure 10.4: Response of the PAM contraction after step change in the pressure value 

In the second simulation, shown in the Figure 10.5, it has been introduced the same step 

in the pressure value of the two muscles, positive for one muscle and negative for the 

other muscle. The result is the contraction of the muscle which pressure has been 

increased and the extension of the muscle which pressure has been decreased. This 

simulation also shown the non-linearity present in the muscles. For the contracted 

muscle, with a step of 1 bar in the pressure value, the contraction percentage of the 

muscle moves from 14.06% to 20.22%, which means that the muscle has contracted a 
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6.16%. On the other hand, for the muscle which has extended, the negative step of 1 bar 

in the pressure value has caused a variation in the contraction percentage from 14.06% 

to 3.44% which means that the percentage of contraction has decreased a 10.62%. 

 

Figure 10.5: Response of the PAM contraction after step change in the pressure value 

 

10.2. Open loop simulations 

In this subsection, it will be shown the robot movement capabilities on each DoF caused 

by a step change in the pressure values of the muscles. For the different movement 

possibilities, it will be shown the graphical representation of the robot model and also 

three figures plotting the step change in the pressure value, the variation in the 

contraction of the muscles and the angle transmitted to the joint. The main goal is to 

demonstrate that for the chosen dimensions for the joints and the ranges of operate 

pressure, the joints can reach its limit angles. As it has been stated in the previous 

sections, the ankles with its 2 DoF and initial conditions has four possible movements: 

dorsiflexion/plantar flexion and inversion/eversion. In the case of the knees, as they only 

move backwards and the initial conditions are with the leg fully extended, the considered 

movement has been the flexion of the knee. Finally, regarding the hips, the situation is 

like the ankles, with four possible movements: abduction/adduction and 

flexion/extension. 
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Dorsiflexion 

 

Figure 10.6: Dorsiflexion movement 

 

Figure 10.7: Plots for dorsiflexion movement 
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Plantar flexion 

 

Figure 10.8: Plantar flexion movement 

 

 

Figure 10.9: Plots for plantar flexion movement 
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Inversion 

 

Figure 10.10: Inversion movement 

 

Figure 10.11: Plots for inversion movement 
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Eversion 

 

Figure 10.12: Eversion movement 

 

Figure 10.13: Plots for eversion movement 
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Flexion of the knee 

 

Figure 10.14: Knee flexion movement 

 

Figure 10.15: Plots for knee flexion movement 
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Abduction of the hip 

 

Figure 10.16: Hip abduction movement 

 

 

Figure 10.17: Plots for hip abduction movement 
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Adduction of the hip 

 

Figure 10.18: Hip Adduction movement 

 

Figure 10.19: Plots for hip adduction movement 

 

 

 

 

 

 



Model design of a lower body humanoid robot based on PAM actuators and reinforcement learning implementation for its control 

Eduardo Reyero Ibáñez   57 

 

Flexion of the hip (forward movement) 

 

Figure 10.20: Hip flexion movement 

 

 

Figure 10.21: Plots for hip flexion movement 
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Extension of the hip (backwards movement) 

 

Figure 10.22: Hip extension movement 

 

Figure 10.23: Plots for hip extension movement 
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10.3. Reinforcement learning results 

In this subsection there will be shown the results that have been obtained as the result 

of applying reinforcement learning to the lower limb humanoid robot and the muscles. 

During the time invested in this project, a great number of simulations have been done 

in order to obtain the desired results. The Figure 10.24 shows one of the trainings that 

provided better results. This training consisted of 5000 episodes and took around 34 

hours. It can be observed how the average reward converge with the Q-value function, 

which imply that the trained policy has reached the desired goal. Concretely, in this case 

the robot kept the equilibrium while it moved forward. Regarding the hyperparameters of 

the training, in this case it was used a learning rate of 10−3 for the actor neural network 

and 10−4 for the critic neural network. Besides, every agent that reached a value of 250 

of reward in the episode, was saved for posterior testing after the training. 

 

Figure 10.24: Reinforcement learning training  

 

In the Figure 10.25 it is included the trajectory followed by four of the trained agents. The 

black line represents the path without any deviation and the red lines the deviation limits 

accepted in the movement, which correspond to 0.5 metres. These four trained agents 

achieve a forward movement of the robot in the desired direction without exceeding the 

deviation limits. While three of them reach a distance between 6 and 8 meters without 

falling, the one represented in green keeps moving forward the 10 seconds that last the 

simulation, reaching a distance of 11 metres. 
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Figure 10.25: Trajectory of trained agents 

 

Besides, from Figure 10.26 to Figure 10.31, it is included the pressure values provided 

by one of the trained policies for each pair of muscles associated to the 10 joints of the 

model. It can be observed how the algorithm tends to produce pulses in the muscle 

pressures in order to generate the movement of the different joints. The movement 

associated to these plots, produces a forward movement of the lower limb robot, imitating 

the human behaviour. 

Here it is important to highlight the difficulty of training systems with non-linear 

behaviours as the PAMs. These systems often need several days of training until 

accurate and smooth results are obtained. Even so, the results obtained in the 

simulations are quite promising and can mark a good starting point for future 

improvements, trying to improve the smoothness of the movements until it completely 

resembles the human. 
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Figure 10.26: Right ankle muscles pressures 

 

Figure 10.27: Right knee muscles pressures 
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Figure 10.28: Right hip muscles pressures 

 

Figure 10.29: Left ankle muscles pressures 
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Figure 10.30: Left knee muscles pressures 

 

Figure 10.31: Left hip muscles pressures 
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11. CONCLUSIONS 

In this section it will be exposed the conclusions obtained during the elaboration of the 

project. 

Regarding the body model construction, one of the most important and complicated 

aspects is the interaction of the robot with the floor. At this point, a balance between 

realism and computational cost has been looked for. This makes more sense even if it 

is taken into account that reinforcement learning algorithms are going to be applied, 

which are computationally expensive in themselves due to the repetitiveness in the 

execution of the model until the desired policies are achieved. For example, looking at 

the training example showed in the section 10.3, the training of the policy involved near 

to 643000 time steps and lasted 34 hours. Considering that the application of the 

reinforcement algorithms can involve computation times of even several days, it can be 

concluded that a balanced model between computational time and fidelity to reality has 

been achieved. On the other hand, a versatile and easily modifiable model has been 

achieved that maintains the similarity with a real human body, allowing to test different 

proportions by handling only two parameters: the total height and weight of the robot. 

In relation with the PAM actuators, although some simplifications have been considered 

when conducting the model, the results obtained have been the expected theoretically. 

It has been achieved the modelling of the pneumatic equipment proposed to actuate the 

movement of the robot model. It is important to highlight that real PAM stand viscoelastic 

effects that produce hysteresis phenomena, causing different behaviours in inflation and 

deflation. Due to this reason, in the section 13.2 it is proposed a new line of work that 

can be followed to improve the accuracy of the model, making it more realistic. 

With regard to the reinforcement learning application to train a policy to control the robot, 

the main objective has been to achieve a movement similar to the human way of walking. 

This implies a forward movement of the robot, maintaining the balance and trying to 

achieve the smoothest possible movement. At this point, promising results have been 

obtained, achieving to train policy capable of controlling the robot in walking activities. 

With training sessions lasting around a day and a half, an acceptable behaviour of the 

pneumatic muscles has been achieved. 

Finally, referring to the whole project, it can be considered that the main objectives have 

been fulfilled. In this project, it has been achieved a functional model that combines the 

PAM actuators with the reinforcement learning control, which will allow the researchers 

and other students at LTU to continue working on such interesting field. 
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12. IMPACTS AND RESPONSABILITY 

In this section it is included an assessment of the impacts of this project. Besides, it will 

be also included some aspects of legal, ethical and professional responsibility. 

The project arises as the result of the work of the robotics team at Luleå Tekniska 

Universitet in humanoid robots based on PAM actuators. The project involves a 

combination of two different fields such as PAM actuators and machine learning, opening 

a new line of work for future projects or improvement of the same one in the department. 

On the one hand, the body design of the humanoid  lower limb robot can be used not 

only with the control based on the policy trained with the reinforcement learning, but also 

following other lines of investigation as the one using advanced non-linear PID in [13]. 

On the other hand, the implemented PAM model can be the starting point for other project 

based on pneumatic actuators. 

Other impact of the project regarding economical and environmental aspects is that by 

simulation of the model, the necessity of building or buying the physical equipment is 

avoided until final conclusions are obtained. 

Regarding the ethical aspects, nowadays exists a widespread discussion about how the 

progresses in robotics and artificial intelligence will affect the society in the coming years. 

The rise of the automation will produce a change in the current job positions towards 

more specialised post of jobs and the necessity of a new legislation to manage these 

changes is becoming increasingly necessary. 

In personal ethical aspects, it should be noted that in order to carry out this project it has 

been needed content and knowledge published by other authors. During the preparation 

of the report, special care has been taken that any use information outside the student 

has been correctly referenced since the author’s intention has not been to present results 

of others as his own. 
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13. FUTURE LINES OF INVESTIGATION 

Due to the wide range of areas of robotics that this project cover: body design, actuator 

design and control design, there has been needed to assume simplifications for the 

model in some parts. For that reason, in this section there will be explained some future 

lines that can be followed to improve the current model. 

13.1. Body design 

One possible improvement for the robot model, following the design proposed in [13] 

would be the addition of another joint for the toe articulation. This joint, which would be 

keep passive, would provide a higher human similarity in the plantar flexion movement 

of the ankle. In the Figure 11.1 it is shown the toe joint that can be added and in the 

Figure 11.2 the plantar flexion and dorsiflexion movements that would be achieved with 

this improvement. 

 

Figure 11.1: Design specifics of the humanoid robotic leg [13] 
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Figure 11.2: Dorsiflexion and plantar flexion movement [13] 

 

Another improvement can be to import the CAD files to the Simulink model, which not 

only will improve the visual appearance of the robot, but also material or geometry 

properties, which would be more accurate in that kind of CAD designs. 

 

13.2. PAMs actuators 

Regarding the PAMs actuators the first improvement that can be done would be a more 
accurate estimation of the spring and damping coefficient, using for that a real 
experimentation set-up, following the approach showed in [31]. By this, the muscle model 
would be improved by incorporating to the muscles the different behavior that muscles 
have in inflating and deflating operation because of the hysteresis phenomena. 

On the other hand, regarding the static force model, another models such as for example 
geometrical ones, can be explored which would provide measurements more close to 
the reality that the ones provided by Festo simulator that has been used in this project.  

 

13.3. Reinforcement learning 

In relation to the reinforcement learning, two possible paths of actuation are proposed. 

First one would be keeping the actual reinforcement learning algorithm, known as DDPG 

and trying to improve the reward function. The idea would be to try to achieve a 

convergence on the training for higher values of reward which would guarantee that the 

robot is moving forward with a smoother performance of the antagonistic muscles. For 

that goal, another approach for incorporating the muscles to the reward function can be 

taken instead of the one that have been used in this project. 
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The second path of actuation proposed would be to introduce the twin-delayed deep 

deterministic policy gradient algorithm, known as TD3 instead of the DDPG algorithm. 

The TD3 algorithm is an extension of the DDPG which include some modifications to 

reduce the value function overestimation that DDPG can produce. TD3 algorithm uses 

two critic neural networks instead of one, so the TD3 agent learns two Q-values functions 

and uses the minimum value function estimate during the policy updates. Besides, it 

introduces noise to the target action, which makes the policy less likely to exploit actions 

with high Q-values estimations. 
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14. TEMPORAL PLANIFICATION 

This Project was started in February 2020 and was finalised in October 2020, although 

it will not be presented until November 2020. 

The time invested in the execution of the project is shown in the Figure 13.1. The time 

has not been distributed evenly every month. Firstly, COVID-19 pandemic caused the 

impossibility of accessing the laboratory from Mars to May, which involved working at 

home with the consequent limitation of resources. Secondly, two presentation of this 

project have been done. The first one was carried out at LTU in June, and the second 

one at UPM in November. Between each presentation the results of the project and the 

report have been tried to be improved. 

Regarding the execution of the report, the planification was stipulate in February, the 

technical parts have been written during the realization of the project and the other 

sections after finishing it. 

 

Figure 13.1: Hours division during the project 

 

In addition, in the Figure 13.2 it is shown the work-breakdown structure (WBS). Besides, 

in the Figure 13.3 and 13.4 it is shown the Gantt diagram of the project, which has been 

created using the GanttProject software. 
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Figure 13.2: Work-breakdown structure (WBS) 
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Figure 13.3: Gantt diagram (1/2) 



TEMPORAL PLANIFICATION 

76                                                Escuela Técnica Superior de Ingenieros Industriales (UPM) 
 

 

Figure 13.4: Gantt diagram (2/2)
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15. BUDGET 

In this section, concretely in the Table 15.1, it is presented an estimation of the budget 

of this Master’s Thesis. 

Within the costs, it has been included the hours of work of the student and the use of the 

computer at the laboratory during the project. Concretely, it has been applied the 

maximum linear coefficient of the table of linear amortization coefficients of the Tax 

Agency [39]. It means that the laboratory computer has a coefficient of 25% (8 years), 

which is applied for ICT equipment. Regarding the laptop used, it has not been included 

in the amortization because it exceeded the maximum period of amortization. 

Regarding the electric consumption, it has been considered only the personal laptop, 

which has an intel-i7 processor and 16GB of RAM memory. The calculation has been 

carried out using the OuterVision® Power Supply Calculator tool, which allows to 

calculate the electric consumption of a computer with the information of its components 

[40]. Considering a prize of 0.13€/kWh [41], the annual cost of the electricity reaches 

72.28€. 

 

Concept Units Unit cost Total 

Student 352h 30€/h 10560€ 

Laboratory 
computer 

200h 
12000€/8 years = 

1500€/year 
34.28€ 

Electric 
consumption 

352h 72.28€/year 2.90€ 

TOTAL 10597.18€ 

Table 15.1: Budget 
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19. ACRONYMS 

• HURL: Humanoid Robotic Leg 

 

• DoF: Degree of Freedom 

 

• PAM: Pneumatic Artificial Muscle 

 

• RL: Reinforcement Learning 

 

• ML: Machine Learning 

 

• MDP: Markov Decision Process 

 

• MRP: Markov Reward Process 

 

• DDPG: Deep Deterministic Policy Gradient 

 

• WBS: Work-Breakdown Structure 
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