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Transferring the simulation model to the real world is a big challenge, since the simulation 

work and real-world implementation are not matched to gather usually, and it is happening 

due to some inaccuracies and neglection of some important parameters in the real and 

simulation model. Therefore, finding a suitable method to transfer the simulation model to 

practical work is necessary. 

 

This dissertation work, concerned with finding a method to transfer artificial intelligence-

based control from the simulation to the real world. The simulation model in this work is a 

four-legged robot and this robot is the physical version of the Ant benchmark of the OpenAI 

gym library. Firstly, this robot was trained in the MuJoCo environment and then trained in 

the real world, finally, both results of simulation and practical implementation were 

compared together to find the optimal method. 
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SYMBOLS AND ABBREVIATIONS 

 

Roman characters   

a,𝑎𝑡 action 

𝑎0 first action 

Q action-value function 

R reward function 

R(τ) reward function over the trajectory 

𝑟𝑡  reward at time t 

s,𝑠𝑡,𝑠′ state 

𝑠0 first state  

𝑠𝑡+1 state at time t+1     

T  final time step of an episode [s]   

V  state-value function  

  

Greek characters 

γ discount factor 

µ deterministic policy  

π stochastic policy 

𝜋∗ optimal stochastic policy  

τ trajectory 

 

Abbreviations 

MPC Model-predictive control 



MuJoCo Multi-Joint dynamics with Contact 

PID Proportional-Integral-Derivative 

RL Reinforcement Learning  
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1. Introduction 

In recent years, the study on legged robots increased dramatically due to the capabilities of 

these robots to perform tasks in difficult environments in comparison with conventional 

wheeled robots. All kinds of these robots have efforts to imitate human or animal locomotion 

behavior as much as possible. There can be found several main groups for walking robots 

that divide them according to the number of legs such as biped robots which are imitating 

humans and bird’s locomotion, and the other group is quadruped robots like reptiles and 

mammals. (De Santos, Garcia & Estremera 2006, p. 14.) Figure 1.1 shown the Boston 

Dynamics quadruped robot. 

 

 

Figure 1.1. Boston Dynamics quadruped robot (Guizzo 2019). 

 

The first walking mechanism made by a simple four-bar mechanism in 1870 by Russian 

mathematician P. L. Chebyshev, and with the help of machinery development in 1893 the 

first patents of the legged system submitted in the US patents office. Due to the complexity 

of the walking robots, their development is in unsuitable condition since they not only have 

complex mechanisms but also, they need advanced control algorithms. (De Santos et al. 

2006, p. 16.) 
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Walking robots can be employed in any kind of environment, and they move faster than 

wheeled robots through the rough terrains and pass the obstacles very easily, besides they 

can jump and climb the stair and have the best efficiency in the normal surfaces. In contrast, 

this kind of robot has some disadvantages such as the high cost, difficulty in their control, 

and electronic system, and these aspects avoid them to widely used in the industry. (Bräunl 

2018, p. 165.) These days, it is possible to find many applications for walking robots such 

as construction, forestry, and agriculture tasks due to their ability to work in complex 

environments, also it is worth mentioning that walking robots utilizing in the land, planetary 

exploration, and military transport. (De Santos et al. 2006, p. 24.) 

 

Locomotion can extend the human and animal learning and helps them to increase their 

knowledge about how to make decisions in different kinds of situations, furthermore, 

researchers believe that mobility would make intelligent behaviours, for instance, we need 

to think that what kind of movements can help us to navigate through the irregular terrains. 

Hence, many artificial intelligence researchers are interested to implement their methods and 

theories on legged robots. (De Santos et al. 2006, p. 27.) Figure 1.2 illustrated one of the 

famous biped robots.  

 

 

Figure 1.2. Boston Dynamics Atlas robot (Ngowi 2021). 

 

The external disturbance and uncertain parameters have a dramatic effect on the robot's 

control since walking robots are highly non-linear systems. Furthermore, the navigation of 
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these robots on four legs can assume a dynamic system with holonomic constraints and this 

aspect makes a very complicated control system. This kind of robot has sparse control 

literature such as robust control, and fuzzy control. (Li, Wen 2017, p. 947.) Besides, the PID 

controller and neural networks and combination of them in recent years attracted many 

researchers' attention to utilizing them in control of walking robots. (Mandava, Vundavilli 

2019, p. 3407.) 

 

In addition to the conventional method, there can be some machine learning methods such 

as reinforcement learning which is widely used to control robots recently. The success of 

machine learning in 2000 promoted the utilization of AI in vision, speech recognition, and 

robotics. Furthermore, the advent of AI in the industries caused many successful projects 

and increased the production rate and quality. Worthwhile achievements such as search 

engines like Google, and online shops such as Alibaba, the Amazon, and social networks 

such as Facebook are some unexpected results of AI. (Plaat 2020, p. 13.) 

 

The important application of artificial intelligence is machine learning that helps the system 

to learn and experience automatically. Machine learning is based on a computational 

learning approach and helps computers to use data and improve their knowledge in the 

learning process. (Expert.ai 2017.) In some machine learning methods such as reinforcement 

learning, the environment and agent are the simulation models, and the agent used the 

environment to learn without any predefined data set. In this case, the agent can perform 

some action according to the action vector and achieving some awards from the reward 

function. (Kurinov, Orzechowski, Hämäläinen & Mikkola 2020.) 

 

As it is mentioned the agent and the environment are the simulation models. In many cases, 

the result of the simulation does not match when it is transferred to the real. Plenty of 

methods can be found to generating reinforcement learning policy in the simulation 

environment, but the difference between the results of the simulation and the real world is 

the main challenge since the algorithms which are work perfectly in the simulation provide 

insufficient accuracy in the real world, and they do not imitate the simulation exactly. 

(Christiano, Shah, Mordatch, Schneider, Blackwell, Tobin, Abbeel & Zaremba 2016.) 
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1.2 Research objective and questions 

The purpose of this study is to find an optimal method to transfer artificial intelligence-based 

control from simulation to the real world, to match the trained agent in the simulation 

environment to real agents as much as possible. The primary goal is to compare the artificial 

intelligence methods such as reinforcement learning algorithms to find an optimal solution. 

In other to achieve of the goal of this study, the following research questions must be 

considered: 

• What are the advantages and disadvantages of artificial intelligence-based control 

methods? 

• What is the optimal solution for matching simulation work with the real robot 

behaviour? 

The total overview of this dissertation work is provided in Figure 1.3. 

 

 

Figure 1.3. The total overview of this dissertation work. 

 

To answer these questions, it is necessary to study the different algorithms of the artificial 

intelligence methods to find the optimal algorithm, then these algorithms will be 

implemented in the MuJoCo which is an advanced physic simulation to simulate the 

behaviour of the robot in the simulated environment, and finally, it will be applied on the 

RealAnt robot platform from Ote Robotics. The way of assessment of this study is to observe 

the behaviours of the robot in the real world and comparison it to the simulation. 

 

The optimal 

AI-based 

control Method 
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2. Methods 

The first part of this chapter is the literature review of the machine learning methods and 

then focused on reinforcement learning as the selected method for this study and represents 

the elements of reinforcement learning implementation and some basic knowledge of the 

conventional control and application of them in the four-legged robot. 

 

2.1 Literature review 

Learning and problem solving are the main topics of artificial intelligence which are the sub-

branch of cognitive science. Concerning the human intellect and the methodology of human 

learning, classical philosophers were the first person who introduced modern artificial 

intelligence. With the help of the invention of the first computer in the 1940s, research on 

mathematical reasoning increased dramatically, and the advent of computers stimulates 

scientists to start their research and discussion around the creating of the electronic brain. 

This interesting idea faced with many encouragements and finally in the summer of 1956 at 

Dartmouth College, New Hampshire the modern field of AI research was founded. (Plaat 

2020, p. 22.) 

 

The study of AI had fall and Ascent during the last decades, and then in the 1990s, the 

achievements such as deep learning, Deep Blue, and Watson, predicted the future of the AI 

that we are enjoying it in these years. The success of machine learning in 2000 promoted the 

utilization of AI in vision, speech recognition, and robotics. Furthermore, the advent of AI 

in the industries caused many successful projects and increased the production rate and 

quality. Worthwhile achievements such as search engines like Google, and online shops such 

as Alibaba, the Amazon, and social networks such as Facebook are some unexpected results 

of AI. (Plaat 2020, p. 23.) 
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The machine learning methods divided into three main categories which are: (Sutton, Barto 

2018, p. 2.) 

• Supervised machine learning algorithms: 

In this algorithm, all the training data sets are labelled by the external 

supervisor, and this supervisor has enough knowledge about these data sets. 

The aim of these algorithms is to train the system in the generalized form to 

respond logically while it is facing with untrained data set. 

• Unsupervised machine learning algorithms: 

These algorithms are used for unlabelled data to find the hidden structure in 

this kind of data set. 

• Reinforcement learning algorithms: 

Some researchers believed that reinforcement learning is unsupervised 

learning, it is worth mentioning that reinforcement learning acts based on the 

reward and penalty signal instead of trying to find the hidden structure in data 

set. This method is a suitable solution for a complicated and stochastic 

environment and the agent is in interaction with the environment to maximize 

the reward signal. 

In these years, machine learning methods have an important role in the industry and other 

parts of human life. 

 

2.2 Reinforcement learning  

The first thing that comes to mind about human learning is that we are in the interaction with 

the environment, and we can learn from it by exploring and exploiting, then the environment 

has an important role in our learning system. The exploring and exploitation in the 

environment in the combination with practicing will reveal some cause-and-effect 

connection, thus we can learn about the actions that can assist us to achieve our goals. For 

instance, during car driving we have a set of actions that is our behaviours to control the car, 

in addition, we are aware of the reactions of our behaviours through the driving tutorial 

course, therefore if we practice controlling the car in the desired direction, we are able to 

achieve our goals. Thus, learning through interaction is the main concept of machine learning 
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algorithms, and reinforcement learning comes from the computational approach which is 

asserted on learning through interaction. (Sutton, Barto 2018, p. 1.) 

 

Reinforcement learning focuses on teaching agents through trial and error, in this method 

the agent must take actions that maximize the reward signal that is come through the 

environment. Reinforcement learning can be formalized with the help of Markov decision 

processes, the main aspect in this process is that the agent must be in the interaction with the 

environment to achieve the learning goals, it is important that the agent sense the states of 

the environment and take some action in the way of goals achievement. On the other hand, 

the Markov decision process, has an effort to apply the sense, action, and goals in the 

simplest form without compromising any of them. (Sutton, Barto 2018, p. 2.) 

 

2.3 Reinforcement learning elements 

The reinforcement learning system in any condition consists of four main parts which are a 

policy, a reward signal, a value function, and a modelled environment (Sutton, Barto 2018, 

p. 6). Figure 2.1 depicted the main components of the reinforcement learning method.  

 

 

Figure 2.1. The reinforcement learning elements. 

 

The agent can be a robot that interacts with the environment, and it flows policy which is the 

role that helps the agent to decide and take an action at a specific time. In general, the policy 
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can be stochastic and designate the probabilities of the actions. The goals of reinforcement 

learning can be illustrating by the rewards signal in each learning episode, and the 

environment will send a signal to the agent according to the applied action, and the agent 

must have the effort to maximize the accumulated reward signal. (Sutton, Barto 2018, p. 6.) 

 

A value function means that when an agent is in the specific state what will be the possible 

future rewards if the agent starts from a specific state, it is clear from this definition that the 

reward will release by the environment while the value function must be estimated and re-

estimated by the observation in the whole agent learning process, and without rewards we 

don’t have any value function, on the other hand, the whole purpose of reinforcement 

learning is to find an efficient value function. The final element of reinforcement learning is 

the model of the environment, which simulates all the environment behaviours, this 

simulated environment helps to predict the result of the system before the real-world 

implementation. The reinforcement learning methods that are utilizing models and plans are 

called model-based methods and the other methods which are applying the trial-and-error 

process are called model-free methods.  (Sutton, Barto 2018, p. 6-7.)  

 

It is important to note that, in reinforcement learning, the environment and agent are the 

simulation models, and the agent used the environment to learn without any predefined data 

set. In this case, the agent can perform some action according to the action vector and achieve 

some awards from the reward function. (Kurinov et al. 2020.)  

 

2.4 Reinforcement learning implementation 

In reinforcement learning, we have the agent and environment as the important parts of the 

learning circle. In all steps of the learning process, the agent will interact with the 

environment to see the observation of the state which is located in the world, and 

accordingly, the agent will decide to take an action. The result of this sequence is a change 

in the environment and the agent receives a reward signal from the environment. The goals 

are to maximize the accumulated reward signal which is famous as a return signal and all 
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effort at reinforcement learning is concerned about this return function. In order to 

implement the RL we need to consider the following items: (Achiam 2020, p. 32.) 

 

• States and observations 

• Action spaces 

• Policies 

• Trajectories 

• Different return formulations 

• The RL optimization problems 

• Value functions 

 

All the information about the world exists in the state (s) and the observation (o) is also a 

special description of the state. In deep reinforcement learning the state and observation can 

be presented with the help of a higher-order tensor, matrix, or real-valued vector. It is 

important to note that the environment is fully observed if the agent can see all the states of 

the environment, and it is partially observed if the agent can observe a few states of the 

environment. (Achiam 2020, p. 32.) 

 

Action space is the possible actions on the environment. We have discrete action spaces 

when we are faced with an environment with a limited number of actions, and we have 

continuous action spaces in the other environments. The Atari and a robot in a field are 

examples of discrete and continuous environments respectively. The agent will make 

decisions according to the role, which is known as policy, on the other hand, the policy is 

the brain of the agent. The policy can be divided into two main groups that are deterministic 

(μ), and stochastic (π) policies. In deep RL we are faced with some policies which are 

followed a set of parameters, this case of policies is called parameterized policies, and they 

are denoted by ∅ or θ. (Achiam 2020, p. 33.) 

 

 𝑎𝑡 = 𝜇(𝑠𝑡)       Deterministic policy                                                   (1) 
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 𝑎𝑡~𝜋(. |𝑠𝑡)      Stochastic policy                                                         (2) 

 

Equations 1 and 2 demonstrated the relations between the policy and action (a) and state (s), 

where 𝑎𝑡 is the action, and 𝑠𝑡 is the state at time t, and µ and π are deterministic and stochastic 

policies respectively. 

 

The sequence of states and actions on the environment are called Trajectory (τ) and denoted 

as follows: 

 

𝜏 = (𝑠0, 𝑎0, 𝑠1, 𝑎1 … 𝑠𝑛, 𝑎𝑛)                                                                 (3) 

 

where the 𝑠0, 𝑎0 are the first state and action of the world respectively. The state transition 

is very important in the trajectory, and it is illustrated the adventure with the state at time 

𝑡, 𝑠𝑡, and state at 𝑡 + 1, 𝑠𝑡+1. The state transition depends on the recent action, 𝑎𝑡, and can 

be stochastic or deterministic as follows: 

 

𝑠𝑡+1~𝑃(. |𝑠𝑡, 𝑎𝑡)          Stochastic state transition                               (4) 

𝑠𝑡+1 = 𝑓(. |𝑠𝑡, 𝑎𝑡)        Deterministic state transition                         (5) 

 

where 𝑠𝑡 is the state at time t, and 𝑠𝑡+1 is the state at time 𝑡 + 1, and 𝑎𝑡 is the recent action 

or action at time t, also, it is important to note that, trajectories are commonly called rollouts 

or episodes in most RL cases. (Achiam 2020, p. 35.) 

 

The reward function has an important role in RL, and it depends on the current state and 

action which is taken for this state and the further state of the world.  

 

𝑟𝑡 = 𝑅(𝑠𝑡, 𝑎𝑡, 𝑠𝑡+1)                                                                          (6) 
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Equation 6 represented the mathematical definition of the reward function, where the 𝑟𝑡 is 

the reward at time t, and 𝑅 is the reward function. The aim of the RL is to maximize the 

reward function over the trajectory which is donated by 𝑅(𝜏), This return function can be 

the sum of the reward over the trajectory which is called finite-horizon without discounted 

return or can be the sum of reward with a discount factor which is reduced the effect of the 

future rewards and it is called infinite-horizon discounted return. (Achiam 2020, p. 36.) 

 

𝑅(𝜏) = ∑ 𝑟𝑡
𝑇
𝑡=0         Finite - horizon undiscounted return              (7) 

𝑅(𝜏) = ∑ 𝛾𝑡𝑟𝑡 ∞
𝑡=0    Infinite – horizon discounted return               (8) 

 

Equations (7), (8) are represented these return functions, where 𝑅(𝜏) is the reward function 

over a trajectory, and 𝛾 is a discount factor 𝛾 ∈ (0,1), and 𝑟𝑡 is reward at time t, and T is the 

final time step of an episode. To focus on the return function, we should consider the 

probability distribution over trajectories. (Achiam 2020, p. 36.) 

 

𝑃(𝜏|𝜋) = 𝑆0 ∏ 𝑃(𝑠𝑡+1|𝑠𝑡, 𝑎𝑡)𝜋(𝑎𝑡|𝑠𝑡)𝑇−1
𝑡=0                                    (9) 

𝐽(𝜋) = ∫ 𝑃(𝜏|𝜋)𝑅(𝜏) = 𝐸𝜏~𝜋[𝑅(𝜏)]
.

𝑇
                                         (10) 

 

Whereas the policy and state transition are stochastic then the distributions of probability 

over the trajectories will represent by equation (9), and the expected return 𝐽(𝜋) follows the 

equation (10), where 𝑃(𝜏|𝜋) is the probability distribution over the trajectory τ with the 

specific policy π, and 𝑆0 is the starting state distribution, and 𝑃(𝑠𝑡+1|𝑠𝑡, 𝑎𝑡) is the probability 

of transition to state 𝑠𝑡+1 , from state 𝑠𝑡 while take action 𝑎𝑡, and 𝐽(𝜋) is the expected return 

upon of stochastic policy 𝜋, and T is the final time step of an episode. Therefore, the main 

RL optimization problems can be donated as follows: 

 

𝜋∗ = arg 𝑚𝑎𝑥𝜋𝐽(𝜋)                                                                     (11) 
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where, the 𝜋∗ is the optimal policy. (Achiam 2020, p. 36-37.) 

 

The last Item of the RL implementation is value functions. As is mentioned earlier value 

function means that when an agent is in a specific state what will be the expected future 

rewards if the agent starts from the current specific state. In RL we have four value functions: 

(Achiam 2020, p. 37-38.) 

1- The on-policy value function, that is represents the expected return if we start from 

the state (s), and our action (a) follows the policy 𝜋 exactly. This value function, is 

denoted by 𝑉𝜋(𝑠), and it is demonstrated as follows: 

 

𝑉𝜋(𝑠) = 𝐸𝜏~𝜋[𝑅(𝜏)|𝑠0 = 𝑠]                                                          (12) 

 

      where the 𝑉𝜋(𝑠) is the on-policy value function, and R(τ) is the reward function over 

a trajectory, and 𝑠0, 𝑠 are the first state and the other state respectively. 

 

2- The on-policy action-value function, that presents the expected return if we start from 

the state (s) and follow arbitrary action (a) (it does not come through the main policy), 

and then act according to the policy forever. This value function, is denoted by 

𝑄𝜋(𝑠, 𝑎), and defined as follows: 

 

𝑄𝜋(𝑠, 𝑎) = 𝐸𝜏~𝜋[𝑅(𝜏)|𝑠0 = 𝑠, 𝑎0 = 𝑎]                                    (13) 

 

      where the 𝑠0, 𝑎0 are the first state and action respectively, and 𝑠 is a state and 𝑎 is an 

action, and 𝜋 is the policy. 
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3- The optimal value function, which represents the expected return if we start from the 

state (s), and our action (a) follows the optimal policy. This value function denotes 

by 𝑉∗(𝑠), and it is represented as follows: 

 

𝑉∗(𝑠) = 𝑚𝑎𝑥𝜋𝐸𝜏~𝜋[𝑅(𝜏)|𝑠0 = 𝑠]                                           (14) 

 

4- The optimal action-value function, which is represents the expected return if we start 

from the state (𝑠) and follow arbitrary action (a) (it does not come through the main 

policy), and then act according to the optimal policy forever. This value function 

denotes by 𝑄∗(𝑠, 𝑎), and it is illustrated as: 

 

𝑄∗(𝑠, 𝑎) = 𝑚𝑎𝑥𝜋𝐸𝜏~𝜋[𝑅(𝜏)|𝑠0 = 𝑠, 𝑎0 = 𝑎]                       (15) 

 

Accordingly, it is possible to find a relation between the optimal Q-function (𝑄∗) and optimal 

action (𝑎∗) as follows: 

 

𝑎∗(𝑠) = 𝑎𝑟𝑔𝑚𝑎𝑥𝑎𝑄∗(𝑠, 𝑎)                                                  (16) 

 

It is important to note that, perhaps we can find several actions (𝑎) which are maximized the 

value function 𝑄∗(𝑠, 𝑎), thus all those are optimal actions, but we always have an optimal 

policy. (Achiam 2020, p. 38.) 

 

2.4.1 Bellman equations and advantages functions 

Four value functions in the previous section follow the Bellman equations, suppose that now 

you are at the starting point, the value of this point will be the expected reward that you get 
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from this point plus the value of the next point that you will go after. These equations for the 

on-policy value function are as follows:  

 

𝑉𝜋(𝑠) = 𝐸𝑎~𝜋
𝑠′~𝑃

[𝑟(𝑠, 𝑎) + 𝛾𝑉𝜋(𝑠′)]                                        (17) 

𝑄𝜋(𝑠, 𝑎) = 𝐸𝑆′~𝑃[𝑟(𝑠, 𝑎) + 𝛾𝐸𝑎′~𝜋[𝑄𝜋(𝑠′, 𝑎′)]]                  (18) 

 

where 𝑎~𝜋 is abbreviate of 𝑎~𝜋(. |𝑠), and 𝑎′~𝜋 is abbreviate of 𝑎′~𝜋(. |𝑠′), also 𝑠′~𝑃 is 

shorthand form of 𝑠′~𝑃(. |𝑠, 𝑎), and 𝑠′, 𝑎′ are the next state, and next action respectively, 

and 𝑉𝜋(𝑠) is the on-policy value function, and 𝑄𝜋(𝑠, 𝑎) is the on-policy action-value 

function, and 𝛾 is a discount factor 𝛾 ∈ (0,1), and 𝑟(𝑠, 𝑎) is a reward upon the state (𝑠) and 

action (𝑎). Therefore, the Bellman equations for the optimal value functions are as follows: 

 

𝑉∗(𝑠) = 𝑚𝑎𝑥𝑎𝐸𝑠′~𝑃[𝑟(𝑠, 𝑎) + 𝛾𝑉∗(𝑠′)]                              (19) 

𝑄∗(𝑠, 𝑎) = 𝐸𝑆′~𝑃[𝑟(𝑠, 𝑎) + 𝛾𝑚𝑎𝑥𝑎′𝑄∗(𝑠′, 𝑎′)]                    (20) 

 

where 𝑉∗(𝑠) is the optimal value function, and 𝑉∗(𝑠′) is the optimal value faction for next 

state (𝑠′), and 𝑄∗(𝑠, 𝑎) is the optimal action-value function. (Achiam 2020, p. 38.) 

 

In reinforcement learning, with the help of advantage function 𝐴𝜋(𝑠, 𝑎) we are able to 

compare an action with the other one to see how much it is suitable on average. This function 

represented as follows: 

 

𝐴𝜋(𝑠, 𝑎) = 𝑄𝜋(𝑠, 𝑎) − 𝑉𝜋(𝑠)                                              (21) 
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where 𝐴𝜋(𝑠, 𝑎) is the advantages function for state (𝑠) and action (𝑎) with policy 𝜋, and 

𝑄𝜋(𝑠, 𝑎) is the on-policy action-value function, and 𝑉𝜋(𝑠) is the on-policy value function. 

(Achiam 2020, p. 39.) 

 

2.5 The reinforcement learning algorithms 

The reinforcement learning methods can be divided into two main subgroups which are 

called model-based and model-free methods. Figure 2.2 presented these methods which are 

consisting of several sub algorithms.  

 

 

Figure 2.2. Reinforcement learning algorithms (OpenAI 2018). 

 

The agent and the environment are the simulation models but, in many cases, the result of 

the simulation does not match when it is transferred from the simulation to the real world. 

Plenty of methods can be found to generate the reinforcement learning policy on the 

simulation environment, but the main challenge is the difference between the results of the 

simulation and the real world since the algorithms which are work perfectly in the simulation 

provide insufficient accuracy in the real world, and they do not imitate the simulation 

exactly. (Christiano et al. 2016.) This dissertation work focused on the Td3 and SAC 

algorithms, which are both the sub-branch of model-free reinforcement learning. 
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2.6 Reinforcement learning-based control for lagged robot 

Reinforcement learning works based on trial-and-error thus it will require time to learn and 

achieve the desired goals, in addition, reinforcement learning can control and reduce the 

noise on the system without any knowledge about the dynamic of the system. This attitude 

in learning and the control of the system can sometimes cause physical damage to the real 

robot, as an example, some DC motors such as the servo motor or hydraulic and pneumatic 

actuators that are widely used in the robotic have some constraints, and the process of 

learning in RL can damage this kind of instrument very easy. Therefore, simulation is an 

important part of reinforcement learning. (Boney, Sainio, Kaivola, Solin & Kannala 2020.)  

 

These days, legged robots are more popular since they have the suitable ability to walk 

through uneven terrain, and they can tackle and overcome obstacles on their way more 

efficiently than wheeled robots, the legged structure allows them to be more flexible in the 

complex environment. The advantages of the legged robots attract many researchers to work 

and improve different parts of these robots, and BigDog is the famous legged robot which is 

developed by Boston Dynamics. (Yue 2020, p. 109.) Figure 2.3 illustrated BigDog robot, 

which can be crawling with one leg, bending, jumping, and overcome any kind of obstacle.  

 

 

Figure 2.3. BigDog Boston Dynamic robot (WEVOLVER 2020). 
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Another famous robot in this category is the Spot robot which is less noisy, and it is using 

the battery instead of the fuel consumption. In addition, the Spot robot can move faster, and 

all the joints and actuators improved in this version. This robot is equipped with a lidar sensor 

that helps the robot to map the environment and overcome obstacles more efficiently. (Yue 

2020, p. 109.) Figure 2.4 demonstrated this robot. 

 

 

Figure 2.4. Spot robot (WIRED 2020). 

 

The Centaur robot is another important four-legged robot which the upper body of this robot 

is a humanoid robot. Figure 2.5 shown the Centaur robot. 

 

 

Figure 2.5. Centaur robot (Houser 2019). 

 

This robot has 36 degrees of freedom, and it is widely used in dangerous environments (Yue 

2020, p. 109). 



27 

 

2.7 Control methods of legged robots 

The control of the legged robots is one of the challenging topics in the robotic and this 

difficulty is due to the complex structure of a robot like this. 

 

2.7.1 Conventional controller 

The conventional control in this kind of robot usually followed the pipelined approach which 

contains many items such as a foot placement plan, trajectory optimization, position 

estimation, contact schedule, and model-predictive control (MPC) which is required strong 

knowledge about the dynamic model of the robot. Conventionally, the legged robots use the 

modular controller, for instance, a module will compute the next foot position and the next 

module compute the following foot trajectory, and finally, in the last module of the 

controller, a Proportional-Integral-Derivative (PID) controller will check the accuracy of the 

movement to make sure that the leg will follow the trajectory. (Yue 2020, p. 110.) Figure 

2.6 depicted a simple block diagram of the conventional controller.  

 

 

Figure 2.6. The block diagram of the simple conventional controller. 

 

Despite the advantages of this technique, modular control brings a lot of complexity to the 

control system and finding a suitable parameter for each controller is a difficult task. 

Furthermore, in different environments the parameters of the controller must be tuned again. 

(Yue 2020, p. 110.) 
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2.7.2 Reinforcement Learning-based Controller 

Reinforcement learning can eliminate the limitation of the conventional controller and adjust 

the controller parameters automatically. Nevertheless, due to the automatic process, which 

is happening with the help of sensor reading and other feedback systems, it is difficult to 

train the actual robot. (Yue 2020, p. 110.) Figure 2.7 demonstrated a simple block diagram 

of this controller. 

 

 

Figure 2.7. Block diagram of reinforcement learning-based Controller. 

 

Two main issues can be found for RL-based controller which contains 1) large sample size 

2) the gap between the simulation and real-world implementation. Also, reinforcement 

learning needs a large sample size to learn how to react in the environment to achieve more 

rewards, and this process can take days and months and face millions of samples. (Yue 2020, 

p. 109.) As mentioned earlier the Simulation is an important part of reinforcement learning 

especially in model-free algorithms, and in most cases, the simulated model is not matched 

to the physical model due to some factors such as lack of an accurate dynamic model of the 

system, computational problem, and wrong parameters' definition. It is worth mentioning 

that in addition to the accurate model of the actuators, the latency model of the system is 

very important. (Tan, Zhang, Coumans, Iscen, Bai, Hafner, Bohez & Vanhoucke 2018.)  
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3. Application 

This chapter will briefly speak about the tools and software which are used for this 

dissertation work. The intelligent agent in this study is a four-legged object which is called 

Ant-V2, this object is developed by the gym library. The OpenAI gym is a toolkit to develop 

and compare different reinforcement learning algorithms, in addition, it will provide access 

to standardized environments for training an agent. As mentioned, the MuJoCo environment 

was selected for this dissertation work.  

 

3.1 Intelligent agent 

The intelligent agent which is used for this dissertation work is a four-legged robot, and this 

robot is the physical version of the Ant benchmark of OpenAI gym library which is used for 

reinforcement learning research. The RealAnt robot is a quadruped robot with 8-DOF that is 

capable of learning with the help of reinforcement learning algorithms. This low-cost four-

legged robot was produced and developed by the researchers at Alto University and the Ote 

Robotics company. Figure 3.1 illustrated this quadruped robot. 

 

 

Figure 3.1. RealAnt robot from Ote Robotics Ltd (Fadelli 2020). 
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This robot is made of simple components and assemble easily. Table 1 presented the list of 

these components that are cheap and easy access. 

 

Table 1: Elements of the RealAnt robot (Boney et al. 2020). 

Component QTY 

Dynamixel AX-12A servo motor 8 

Bluetooth-serial converter HC-06 1 

OpenCM9.04-A microcontroller 1 

OpenCM9.04 accessory set 1 

Web cam (e.g., Logitech Brio 4K) 1 

LM2596 12V buck converter 1 

Low voltage buzzer 1 

 

The body of this robot contains up and down frames which are printed by the 3D printer, 

also this robot has 4 legs and each leg consist of two Dynamixel servo motor. In order to 

make rewards function, it is necessary to pay attention to the state of the ant robot which is 

implicated the 6-DOF position of the robot. (Boney et al. 2020.) 

 

3.2 Observation and action space 

The observation space of this robot can be calculated from the 6D variables, which are 

included 3D position (x, y, and z), that are measured with the help of a camera and the ArUco 

tags tracking, and 3D angles (roll 𝛼, pitch 𝛽, and yaw 𝛾) which are calculating with the help 

of joints’ servo motors. Therefore, this robot has a 29-dimensional observation space as it is 

mentioned in table 2. (Boney et al. 2020.) 
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Table 2: Observation space of the RealAnt robot (Boney et al. 2020).  

Variable QYT 

x, y, and z velocity of the body 3 

z position of the body 1 

Sine and cosine of Euler angles of the body 6 

Velocity of the body Euler angles 3 

Angular positions of the joints 8 

Angular Velocities of the joints 8 

 

The action space of this robot has 8 dimensional and this space contains the angular positions 

of the joints. Furthermore, this robot has three tasks contain 1) stand/sleep 2) turn 3) walk. 

(Boney et al. 2020.) 

 

3.3 Position estimation  

The important role in many applications like autonomous robots, and unmanned vehicles is 

to estimate the pose of the robot in a different situation. The squared planar markers and 

ArUco tags are commonly used methods for estimating the pose of the robots. These 

methods allow you to estimate the position of the robot with low-cost instruments such as a 

cheap camera and paper tags. These markers consist of a black square border with a special 

identification code inside the square and a camera can be estimating the position of the robot 

with the help of the corners of a marker. In this study, the ArUco tags have been utilized to 

estimate the position of the robot. (Romero-Ramirez, Muñoz-Salinas & Medina-Carnicer 

2018, p. 38.) Figure 3.2 illustrated an ArUco code. 

 

 

Figure 3.2. ArUco tag sample (Eser 2020). 
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To train the robot in the real world, a 4k camera and adequate lights have been used to 

improve the camera capture quality, Figure 3.3 illustrated the robot while training to do 

standing task. 

 

 

Figure 3.3. The real-world training of the robot. 

 

The Logitech Brio 4K camera was used for the training process and LED lights have been 

used to improve the light of the environment. 

 

3.4 Simulation environment 

In this study, MuJoCo (Multi-Joint dynamics with Contact) selected as the simulation 

environment that is installed on Ubuntu 18.04.1, MuJoCo is a physics engine which is 

developed by Emo Todorov for Roboti LLC. The first utilization of MuJoCo was in the 

control laboratory of the University of Washington and then widely developed and used by 

other researchers. MuJoCo is suitable for model-based optimization and where accurate and 

fast simulation is needed. (Todorov 2018.) Figure 3.4 shown the environment of MuJoCo 

for a humanoid robot. 
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Figure 3.4. MuJoCo environment view (Chopra, 2018). 

 

MuJoCo has several advantages such as the dynamic model of the actuators. Furthermore, 

MuJoCo can compile C++ API code and XML model into a data structure that is suitable 

for the computational optimization. (Yue 2020, p. 113.) 
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4. Results 

The training results have been presented in this capture, and they are divided into two 

sections, the first section focused on real-world training and the second one is focused on 

the simulation training in the MuJoCo environment. In this study, the TD3 and SAC 

algorithms were utilized for training the agent in both simulation and real-world training. 

 

4.1 Results for real-world training of the Robot 

The first part of the results, focused on the training of the robot in the real world, this work 

has been taken a too long time, and it depends on several parameters such as the camera 

position and the light of the environment. These parameters will affect the camera calibration 

directly. Figure 4.1 shown the calibrated camera view. 

 

 

Figure 4.1. Calibrated camera view in real-world training. 

 

According to the previous section, this robot has a 29-dimensional observation space and it 

is possible to see the observations for each episode. The training process implemented for 

three tasks and the utilized algorithms for this section are TD3 and SAC algorithms. 
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4.1.1 The walking task with the TD3 algorithm 

The robot trained for more than 480 episodes for this task and each training episode took 

time equal to 16.23 [s]. Figure 4.2 depicted the x, y, and z positions and the corresponding 

velocities of the robot body, and these results are related to the first episode. 

 

 

Figure 4.2. The body’s positions and velocities for the walking task in episode 0 with the 

TD3 algorithm. 

 

The sine and cosine of the Euler angles and related velocities of the robot body are presented 

in Figure 4.3, these results belong to the first episode. 

 

 

Figure 4.3. The sine and cosine of Euler angles and related velocities of the body for episode 

0 with the TD3 algorithm. 
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The joints’ positions and their velocities for the walking task related to episode 0, presented 

in Figure 4.4. 

 

 

Figure 4.4. The joints’ positions and their velocities for the walking task in episode 0 with 

the TD3 algorithm. 
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As mentioned earlier the robot has been trained for 480 episodes for this task and the 

movement of the robot looks more logical in comparison to the first episode. Figure 4.5 

illustrated the positions and velocities of the body for episode 480. 

 

 

Figure 4.5. The body’s positions and velocities for the walking task in episode 480 with the 

TD3 algorithm. 

 

The sine and cosine of the Euler angles and the related velocities of the robot’s body are 

presented in Figure 4.6 these results belong to episode 480. 

 

 

Figure 4.6. The sine and cosine of Euler angles and the related velocities of the body for 

episode 480 with the TD3 algorithm. 
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In episode 480, the joint positions follow the regular pattern, and the speed of the joints 

increases dramatically. Figure 4.7 presented the joints’ positions and the velocities for this 

episode. 

 

 
 

Figure 4.7. The joints’ positions and their velocities for the walking task in episode 480 with 

the TD3 algorithm. 
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The last important result is accumulated rewards for all episodes which is shown in Figure 

4.8 This task is very time-consuming, and the returns will be improved over the time. 

 

Figure 4.8. The total reward for the walking task in all 480 episodes with the TD3 algorithm. 

 

As it is clear from the accumulated rewards which are illustrated in Figure 4.8, the reward 

increased gradually through the episodes while the robot performed logically in the real 

world. 
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4.1.2 The standing task with the TD3 algorithm 

The standing task was executed for 441 episodes and each training task took time equal to 

14.53 [s]. Figure 4.9 depicts the x, y, and z positions and their velocities for the robot’s body, 

these results are related to the first episode. 

 

 

Figure 4.9. The body’s positions and velocities for the standing task in episode 0 with the 

TD3 algorithm. 

 

The sine and cosine of the Euler angles and corresponding velocities of the robot body for 

the standing task are presented in Figure 4.10, these results have belonged to the first episode. 

 

 

Figure 4.10. The sine and cosine of Euler angles and the related velocities of the robot’s 

body for episode 0 with the TD3 algorithm. 

 



41 

 

The positions and velocities of the joints for the standing task are presented in Figure 4.11. 

In the first episode, always the robot makes some irregular movements since do not have 

enough interaction with the environment. 

 

 

Figure 4.11. The joints’ positions and their velocities for the standing task in episode 0 with 

the TD3 algorithm. 

 

As it is clear from Figure 4.11 the position of the joints does not have any special pattern 

and the robot makes some random movement in the environment. 
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After 441 episodes, the robot acting logically, and Figure 4.12 depicted the position of the 

body and corresponding velocities for the standing task. 

 

 

Figure 4.12. The body’s positions and the velocities for the standing task in episode 441 with 

the TD3 algorithm. 

 

The sine and cosine of the Euler angles and corresponding velocities of the robot’s body for 

the standing task are shown in Figure 4.13, these results are related to episode 441. 

 

 

Figure 4.13. The sine and cosine of Euler angles and the related velocities of the robot’s 

body for episode 441 with the TD3 algorithm. 
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Finally, after 441 episodes all the joints followed the regular pattern, Figure 4.14 illustrated 

the joints’ positions and velocities for this episode. 

 

 
 

Figure 4.14. The joints’ positions and their velocities for the standing task in episode 441 

with the TD3 algorithm. 

 

In comparison to Figure 4.11 which is the positions and velocities of the joints for episode 

0, the positions and velocities of the joints in Figure 4.14 presented more stability, and the 

robot act logically in the real world. 
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The last result for this task is the accumulated rewards, which are presented in Figure 4.15, 

and these rewards have been collected from all the episodes. 

 

 

Figure 4.15. The accumulated rewards for the standing task with the TD3 algorithm for all 

441 episodes. 

 

The total rewards in Figure 4.15 illustrated some strong convergence in the results and this 

task has been presented a good result on the real robot. 
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4.1.3 The turning task with the TD3 algorithm 

The turning task was executed for more than 634 episodes with the TD3 algorithm, and 

Figure 4.16 illustrated the x, y, and z positions and the corresponding velocities of the robot’s 

body for this task, these results are related to episode 0. 

 

 

Figure 4.16. The body’s positions and velocities for the turning task in episode 0 with the 

TD3 algorithm. 

 

The sine and cosine of the Euler angles and related velocities of the body for the turning task 

are presented in Figure 4.17, these results are related to episode 0. 

 

 

Figure 4.17. The sine and cosine of Euler angles and the related velocities of the robot’s 

body in the turning task for episode 0 with the TD3 algorithm. 
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In the first episode, the robot action was unconvincingly, and Figure 4.18 illustrated the 

joints’ positions and velocities for the first episode. 

 

 

Figure 4.18. The joints’ positions and their velocities for the turning task in episode 0 with 

the TD3 algorithm. 

 

It is clear from Figure 4.18 that all the joints demonstrated random movement without any 

special pattern. 
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The behaviour of the robot became more logical after 634 episodes and Figure 4.19 depicted 

the positions and the corresponding velocities of the robot’s body for the turning task in the 

last episodes of training. 

 

 

Figure 4.19. The body’s positions and velocities for the turning task in episode 634 with the 

TD3 algorithm. 

 

The sine and cosine of the Euler angles and body’s velocities for the turning task are 

presented in Figure 4.20, these results are related to the last episode of this task. 

 

 

Figure 4.20. The sine and cosine of Euler angles and the related velocities of the robot’s 

body in the turning task for episode 634 with the TD3 algorithm. 
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The turning task is the most difficult task for implementation and it takes much time, in 

addition after 634 episodes there is no logical movement in the joints, Figure 4.21, 

demonstrated the joints' positions and velocities for the last episode. 

 

 

Figure 4.21. The joints’ positions and velocities for the turning task in episode 634 with the 

TD3 algorithm. 

 

The joint positions have more regular behavior in comparison to the first episode, but the 

robot still needs to train for the best performance.  
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The accumulated returns for this task during the training are presented in Figure 4.22, this 

result is for all training episodes. 

 

 

Figure 4.22. Total rewards for the turning task with TD3 algorithm for all 634 episodes. 

 

The total returns show that the robot needs to be trained for more episodes since our goal is 

to maximize our reward signal as much as possible. 
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4.1.4 The walking task with the SAC algorithm 

This section will present the implementation of the SAC algorithm for all three tasks, and 

the first task is related to the walking task which is executed for 772 episodes, and Figure 

4.23 demonstrated the positions and velocities of the robot’s body for the walking task. 

 

 

Figure 4.23. The body’s positions and velocities for the walking task in episode 0 with the 

SAC algorithm. 

 

The sine and cosine of the Euler angles and robot’s body velocities for the walking task are 

illustrated in Figure 4.24, these results are for the first episode. 

 

 

Figure 4.24. The sine and cosine of Euler angles and the related velocities of the robot’s 

body in the walking task for episode 0 with the SAC algorithm. 
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In this episode, the robot has a random movement without any special pattern and Figure 

4.25 depicted the joints' positions and their velocities for the first episode. 

 

 

Figure 4.25. The joints’ positions and the velocities for the walking task in episode 0 with 

the SAC algorithm. 

 

Each episode of learning took time equal to 15.63 [s] and it is a very difficult task for real 

work implementation. 
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The robot has been trained for more than 772 episodes and Figure 4.26 depicted the positions 

and velocities of the robot’s body for the walking task. 

 

 

Figure 4.26. The positions and velocities of the robot’s body for the walking task in episode 

772 with the SAC algorithm. 

 

The sine and cosine of the Euler angles and body’s velocities for the walking task are 

depicted in Figure 4.27, these results belong to episode 772. 

 

 

Figure 4.27. The sine and cosine of Euler angles and the related velocities of the robot’s 

body in the walking task for episode 772 with the SAC algorithm.  
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After 772 episodes, the robot’s action was near to the walking task pattern, and Figure 4.28 

presented the positions and velocities of the joints for this task. 

 

 

Figure 4.28. The joints’ positions and velocities for the walking task in episode 772 with the 

SAC algorithm. 

 

The walking task is a difficult task for the robot, and it will require more time to receive the 

best result. 
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The last result for this task is the accumulated returns, Figure 4.29 presented returns for this 

task over the whole episodes range. 

 

 

Figure 4.29. Returns for the walking task with the SAC algorithm for all 772 episodes. 

 

In comparison to the TD3 algorithm for the same task, we have less return and TD3 depicted 

a better result for this task. 
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4.1.5 The standing task with the SAC algorithm 

The standing task was executed for more than 650 episodes and Figure 4.30 presented the 

positions and velocities of the body for episode 0 of the training process. 

 

 

Figure 4.30. The positions and velocities of the robot’s body for the standing task in episode 

0 with the SAC algorithm. 

 

The sine and cosine of the Euler angles and body’s velocities for the standing task are 

demonstrated in Figure 4.31, these results are related to episode 0. 

 

 

Figure 4.31.  The sine and cosine of Euler angles and the related velocities of the robot’s 

body in the standing task for episode 0 with the SAC algorithm. 
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The positions and related velocities of the joints are present in Figure 4.32 for the standing 

task with the SAC algorithm in episode 0. 

 

 

Figure 4.32. The joints’ positions and velocities for the standing task in episode 0 with the 

SAC algorithm. 

 

As well as the other tasks, the robot acts irregularly in the first episodes and there is no sign 

of a special pattern in the robot's movement. 
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The robot has been trained for more than 650 episodes, and it was able to do this task 

perfectly. Figure 4.33 depicted the positions and velocities of the body in episode 650. 

 

 

Figure 4.33. The positions and velocities of the robot’s body for the standing task in episode 

650 with the SAC algorithm. 

 

The sine and cosine of the Euler angles and body velocities for the standing task are 

illustrated in Figure 4.34, these results are related to episode 650. 

 

 

Figure 4.34. The sine and cosine of Euler angles and the related velocities of the robot’s 

body in the standing task for episode 650 with the SAC algorithm. 



58 

 

After 650 episodes, the robot stands perfectly, and Figure 4.35 illustrated all the positions 

and velocities of the joints. 

 

 

Figure 4.35. The joints’ positions and velocities for the standing task in episode 650 with the 

SAC algorithm. 

 

As it is clear from Figure 4.35, all the joints follow the special pattern and the robot act 

perfectly in the real world. 
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The total return for this task over the episodes is depicted in Figure 4.36. 

 

 

Figure 4.36. Returns for the standing task with the SAC algorithm for 650 episodes. 

 

In comparison to the TD3 algorithm, the speed of convergence is very low in the SAC 

algorithm. 
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4.1.6 The turning task with the SAC algorithm 

The turning task happened for 1051 episodes with the SAC algorithm and Figure 4.37 

presented the positions and velocities of the robot body for episode 1051. 

 

 

Figure 4.37. The positions and velocities of the robot’s body for the turning task in episode 

1051 with the SAC algorithm. 

 

The sine and cosine of the Euler angles and body’s velocities for the turning task are 

illustrated in Figure 4.38, these results are related to episode 1051. 

 

 

Figure 4.38. The sine and cosine of the Euler angles and their velocities for the turning task 

with the SAC algorithm in episode 1051. 
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After 1051 episodes, the behavior of the robot was still irregular and needs more training. 

Figure 4.39 presented the joints' positions and their velocities for episode 1051. 

 

 

Figure 4.39. The positions and velocities of the joints for the turning task with the SAC 

algorithm in episode 1050. 
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After training for more than 1050 episodes the robots act irregularly, and in comparison to 

the TD3 algorithm we have low-quality results for this task. The total return for this task is 

presented in Figure 4.40, these returns are collected from all episodes. 

 

 

Figure 4.40. The rewards for the turning task with the SAC algorithm for 1050 episodes. 

 

All results of this section depicted that the TD3 has better results in comparison to the SAC 

algorithm, and it can be a good solution to transfer artificial intelligence-based control from 

simulation to the real world. 
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4.2 Results of Robot training in the simulation environment 

The training of the robot in the simulation environment focused on the TD3, and SAC 

algorithms. The agent trained in the MuJoCo environment for different tasks about 1000 

episodes and these tasks are similar to the real-world implementation. Figure 4.41 depicted 

the RealAnt robot in the MuJoCo environment.  

 

 

Figure 4.41. The model of the robot in the MuJoCo environment. 

 

The training time for each task is more than three hours, and the simulation work utilized 

the XML file of the robot that is contained the model of the robot, this model has the same 

dimensions as the real robot. It is important to note that number of observations on the 

simulation work in comparison to the real-world training is different, and it is reduced from 

174 observations to 29 observations on the real-world implementation. Therefore, this 

section will be focused on these 29 observation spaces. 
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4.2.1 Simulation results for the walking task with the TD3 algorithm 

In this section, the robot has been trained for the walking task with the TD3 algorithm about 

1000 episodes. Figure 4.42 depicted the x, y, and z velocities and the height of the robot’s 

torso for the last episode of training. 

 

 

Figure 4.42. The x, y, and z velocities, and the height of the Robot's body for the walking 

task with the TD3 algorithm refer to the last episode of training. 

 

The sine and cosine of the Euler angles of the body and related velocities for the walking 

task are illustrated in Figure 4.43, these results belonged to the last episode of training. 

 

 

Figure 4.43. The sine and cosine of the Euler angles and velocities of them for the walking 

task with the TD3 algorithm for the last episode of training. 



65 

 

Figure 4.44 illustrates the joints’ positions and their velocities for the walking task with the 

TD3 algorithm in the final training episode. 

 

 

Figure 4.44. The angular positions and velocities of the joints for the walking task with the 

TD3 algorithm in the last training episode. 

 

The walking task is a difficult task for the robot, and it requires more training episodes to 

achieve suitable results, but Figure 4.44 demonstrated an especial pattern for several joints’ 

positions and velocities in the last training episode. 



66 

 

The last result is the accumulated rewards, Figure 4.45 shows the rewards for the walking 

task with the TD3 algorithm in the range of all training episodes. 

 

 

Figure 4.45. The accumulated rewards for the walking task with the TD3 algorithm for all 

episodes. 

 

As it is illustrated in Figure 4.45 the rewards increased by the training and it is possible to 

improve that by extra training episodes. 
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4.2.2 Simulation results for the standing task with the TD3 algorithm 

The standing task has been selected as the next task in the simulation training and it happened 

in 1000 episodes. Figure 4.46 presented the x, y, and z velocities and height of the robot’s 

body for the last episode of training. 

 

 

Figure 4.46. The x, y, and z velocities, and the height of the Robot's body for the last episode 

of training with the standing task and the TD3 algorithm. 

 

The sine and cosine of the Euler angles and their corresponding velocities for the robot’s 

torso are illustrated in Figure 4.47, these results are for the standing task and presented the 

last episode of training. 

 

 

Figure 4.47. The sine and cosine of the Euler angles and their velocities for the last episode 

of training in the standing task with TD3 algorithm. 
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The standing task has been executed properly in the simulation and real-world 

implementation. Figure 4.48 presented the positions and velocities of the robot's joints in the 

last episode of training. 

 

 

Figure 4.48. The angular positions and velocities of the joints for the standing task with the 

TD3 algorithm in the last episode. 

 

As it is obvious from Figure 4.48, all the joints followed a special pattern in the last episode, 

and the standing task happened properly. 
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The last result for this task refers to the accumulated rewards. Figure 4.49 presented this 

result over the 1000 episodes. 

 

 

Figure 4.49. The total rewards for the standing task with the TD3 algorithm over 1000 

episodes. 

 

The robot can achieve more rewards with more training, and it is worth mentioning that the 

standing task is the easiest task for implementation. 
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4.2.3 Simulation results for the turning task with the TD3 algorithm 

The turning task is another difficult task, and Figure 4.50 demonstrated the x, y, and z 

velocities and the height of the robot’s torso in the last training episode. 

 

 

Figure 4.50. The x, y, and z velocities, and the height of the Robot's body for the turning task 

with the TD3 algorithm. 

 

The sine and cosine of the Euler angles and their velocities for the robot’s body are presented 

in Figure 4.51, these results referred to the last episode of training. 

 

 

Figure 4.51. The sine and cosine of the Euler angles and their velocities for the last episode 

of the turning task with the TD3 algorithm. 
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The positions and velocities of the robot’s joints for this task are presented in Figure 4.52, 

these results depicted the last episode of training. 

 

 

Figure 4.52.  The angular positions and velocities of the joints for the turning task with the 

TD3 algorithm. 

 

According to Figure 4.52, several joints of the robot imitate a regular pattern and it means 

that learning happened for this task. 
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The overall rewards for this task are illustrated in Figure 4.53, this result is extracted through 

all the episodes. 

 

 

Figure 4.53. Total rewards for the turning task with the TD3 algorithm. 

 

The total reward for this task is very lower than the other two tasks and the increase in the 

number of episodes can improve the results. 
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4.2.4 Simulation results for the walking task with the SAC algorithm 

The walking task is also implemented with the SAC algorithm and Figure 4.54 provides the 

x, y, and z velocities and the height of the robot’s body for the walking task with the SAC 

algorithm. These results belong to the last episode of the training process. 

 

 

Figure 4.54. The x, y, and z velocities, and the height of the Robot's body for the last episode 

of training with the walking task and the SAC algorithm. 

 

The sine and cosine of the Euler angles and their velocities for the robot’s torso are depicted 

in Figure 4.55, these results support the last episode of training. 

 

 

Figure 4.55. The sine and cosine of the Euler angles and their velocities for the last episode 

of the walking task with the SAC algorithm. 
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The angular positions and velocities of each joint of the robot are presented in Figure 4.56, 

these results belong to the last episode of the training.  

 

 

Figure 4.56. The angular positions and velocities of the joints for the walking task with the 

SAC algorithm in the last episod of training. 

 

According to Figure 4.56, it is possible to extract a special pattern for the joints’ positions 

and their velocities in the last episodes of the training process. 
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The total rewards for this task are presented in Figure 4.57 and these results covered the 

rewards of all the episodes. 

 

 

Figure 4.57. Total rewards for the walking task with the SAC algorithm in the range of 1000 

episodes. 

 

Given Figures 4.45, and 4.57 are the rewards of the TD3 and SAC algorithm for the walking 

task respectively. From these Figures, it can be extracted that the TD3 algorithm provided 

more rewards for this task, and Figure 4.58 presents a pie chart of average rewards for the 

comparison of these two algorithms. 

 

 

Figure 4.58. The distribution of the average rewards for the TD3 and SAC algorithms in the 

walking task. 

 

The walking task is a difficult task for the robot, and it is clear from Figure 4.58 that the TD3 

algorithm has a better result for this task. 
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4.2.5 Simulation results for the standing task with the SAC algorithm 

As it is mentioned, the standing task is a favourite task for the robot in both simulation and 

real-world implementation. Figure 4.59 depicted the x, y, and z velocities and height of the 

robot’s torso for the last episode of training. 

 

 

Figure 4.59. The x, y, and z velocities, and the height of the Robot's body for the last episode 

of training with the standing task and the SAC algorithm. 

 

The sine and cosine of the Euler angles and their corresponding velocities for the robot’s 

body are presented in Figure 4.60, these results are for the last episode of training. 

 

 

Figure 4.60. The sine and cosine of the Euler angles and their velocities for the last episode 

of the standing task with the SAC algorithm. 
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The joints’ positions and their velocities are presented in Figure 4.61, these results referred 

to the last episode of the training. 

 

 

Figure 4.61. The angular positions and the velocities of the joints for the standing task with 

the SAC algorithms in the last episode. 

 

According to Figures 4.61 and 4.48, both TD3 and the SAC algorithms presented satisfying 

results for this task. 
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The rewards of each training episode are collected in Figure 4.62 and these rewards are over 

the range of training episodes. 

 

 

Figure 4.62. The total rewards for the standing task with the SAC algorithm. 

 

With respect to Figures 4.62 and 4.49 that are total rewards for the standing task with the 

SAC and TD3 algorithms respectively, it is obvious that the TD3 has a good result for the 

standing task. Figure 4.63 provided a pie chart of average rewards for the comparison of 

these two algorithms. 

 

 

Figure 4.63. The distribution of average rewards for the TD3 and SAC algorithms for the 

standing task. 

 

Among the other three tasks, the standing task is a simple task and the robot can learn it very 

faster than the other tasks. 
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4.2.6 Simulation results for the turning task with the SAC algorithm 

The last task with the SAC algorithm has belonged to the turning task. Figure 4.64 presented 

the x, y, and z velocities and height of the robot’s torso for the last episode of training. 

 

 

Figure 4.64. The x, y, and z velocities, and the height of the Robot's body for the last episode 

of training with the turning task and the SAC algorithm. 

 

The sine and cosine of the Euler angles and their velocities for the robot’s body are presented 

in Figure 4.65, these results are for the last episode of training. 

 

 

Figure 4.65. The sine and cosine of the Euler angles and related velocities for the last episode 

of the turning task with the SAC algorithm. 
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The joints’ positions and their related velocities are illustrated in Figure 4.66 these results 

are referred to the last episode of training. 

 

 

Figure 4.66. The angular positions and velocities of the joints for the turning task with the 

SAC algorithm in the last episode of training. 

 

In Figure 4.66, It is obvious that all the joints of the robot find a special pattern, and it is 

possible to improve this pattern by increasing the number of training episodes. 
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The last result for this task is the total rewards that are collected from all the episodes during 

the training process. Figure 4.67 demonstrated this result. 

 

 

Figure 4.67. Total rewards for the turning task with the SAC algorithm. 

 

In this task, both the TD3 and SAC algorithms do not have any valuable results, and it seems 

that the SAC algorithm has more accumulated rewards for this task in the range of training 

episodes. Figure 4.68 provided a pie chart to compare the average rewards of the TD3 and 

SAC algorithms that are given in Figures 4.53, and 4.67 respectively. 

 

 

Figure 4.68. The distribution of average rewards for the TD3 and SAC algorithms for the 

turning task. 

 

Walking and turning are two difficult tasks for the robot to learn. Obviously, it requires more 

episodes for learning these tasks. Perhaps, in the long term, the results of the TD3 will be 

better than the SAC as it is proved in the other tasks. 
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4.3 The comparison between the results of simulation and real-world 

implementation 

This section will compare the results of the real-world and simulation implementation for all 

three tasks to find the optimal algorithm that is helping to match the behaviours of the agent 

in simulation work with the corresponding real-world implementation. Figure 4.69 depicted 

the overall view of this section. 

 

 

Figure 4.69. The overview of the steps for results comparison between the simulation work 

and real-world implementation. 

 

To do this comparison, the agent has been trained in MuJoCo and real-world environments. 

Then, the results of the last episode of each training task in both environments have been 

compared to gather to find the best algorithm between the TD3 and SAC algorithms. It is 

important to note that these results focused on the joints’ positions and their related velocities 

for all the tasks. 
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4.3.1 The comparison between the results of the simulation and real-world 

implementation for the walking task with TD3 algorithm 

The last training episode for the walking task in the real-world implementation with the TD3 

algorithm is 480, and Figure 4.70 presented the joints' positions and their related velocities 

for episode 480 in both simulation and real-world implementation. 

 

 

Figure 4.70. The comparison of the joints' positions and their velocities in the simulation and 

real-world implementation for the walking task with the TD3 algorithm in episode 480. 



84 

 

4.3.2 The comparison between the results of the simulation and real-world 

implementation for the walking task with SAC algorithm 

In the real-world execution, the last episode of training for this task with the SAC algorithm 

is 772, Figure 4.71 illustrated both results of real-world and simulation work for this episode. 

 

 

Figure 4.71. The joins' positions and velocities in the simulation and real-world 

implementation of the walking task with the SAC algorithm in episode 772. 
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4.3.3 The comparison between the results of the simulation and real-world 

implementation for the standing task with TD3 algorithm 

The last episode of the standing task in the real-world implementation is 441, and Figure 

4.72 compared the positions and velocities of the joints for both real-world and simulation 

Implementation of the standing task with TD3 algorithm in episode 441. 

 

 

Figure 4.72. The comparison of the joints' positions and velocities in the simulation and real-

world implementation for the standing task with the TD3 algorithm in episode 441. 
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4.3.4 The comparison between the results of the simulation and real-world 

implementation for the standing task with SAC algorithm 

The final episode of the standing task in the real-world execution with the SAC algorithm is 

650 Figure 4.73 depicted this episode with the corresponding episode in the simulation work. 

 

 

Figure 4.73. The joins' positions and their corresponding velocities in the simulation and 

real-world implementation for the standing task with the SAC algorithm in episode 650. 
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4.3.5 The comparison between the results of the simulation and real-world 

implementation for the turning task with TD3 algorithm  

The last episode of the turning task in the real-world implementation is 634, and Figure 4.74 

compared the positions and velocities of the joints for both real-world and simulation 

execution of episode 634. 

 

 

Figure 4.74. The joins' positions and their velocities in the simulation and real-world 

implementation for the turning task with the TD3 algorithm in episode 634. 
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4.3.6 The comparison between the results of the simulation and real-world 

implementation for the turning task with SAC algorithm 

The last episode of real-world training and the corresponding one in the simulation work for 

the turning task with the SAC algorithm results are depicted in Figure 4.75 for episode 1051. 

 

 

Figure 4.75. The joins' positions and their corresponding velocities in the simulation and 

real-world implementation for the turning task with the SAC algorithm in episode 1051. 
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Firstly, the results of this section have been proved that the TD3 algorithm can be a good 

selection for transferring artificial intelligence-based control from the simulation to the real 

world. Secondly and more importantly though the latency and mismatching between the 

simulation work and real-world implementation results can be due to the inaccuracy in the 

model of the robot in both environments. Therefore, it is possible to have different results in 

both environments. 

 

The inaccuracy in the model can happen due to the neglecting of several parameters such as 

friction and instability in the joints and some error in the servo motors. Furthermore, the 

position of the camera and the lights of the environment can affect the real-world 

implementation directly. Besides, in the simulation environment we neglected some forces 

that are exerted on the robot when it is in the training process. These forces can be a penalty, 

friction, and other forces that exist in the constraints. 
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5. Conclusion 

Finding an optimal method to transfer the AI-based control from simulation to the real world 

is a big challenge due to some latency and inaccuracy of the model in simulation and the 

real-world execution. Therefore, it will be commonplace to see some differences between 

the simulation and real-world implementation. According to this study, one of the 

disadvantages of the RL control algorithms in comparison to the conventional methods such 

as PID controller is that the conventional method has more reliability to implement in the 

real world. 

 

Inevitably, the implementation of artificial intelligence methods such as RL is not easy in 

the real world, and it is required some safety actions to execute these algorithms. Without a 

safety system, the real system will be damaged and faced with terrible problems. 

Furthermore, the learning process of the agent takes too much time, so it means that it is 

overwhelming to achieve the fast convergence in the results and finding a solution for that 

is the future work requirement.  

 

In comparison to the other machine learning methods such as supervised and unsupervised 

machine learning, reinforcement learning is easy to use since this kind of learning does not 

need any set of labelled or unlabelled data to train, and this is a big advantage of 

reinforcement learning. On the other hand, in reinforcement learning instead of a set of data 

the agent will learn through the interaction with the environment and all effort is to maximize 

the reward signal. 

 

In this study, two algorithms of model-free reinforcement learning algorithms contain TD3 

and SAC were implemented, and the TD3 algorithm presented the fast convergence in both 

simulation and real-world implementation in comparison to the SAC algorithm. Thus, the 

TD3 algorithm can be an optimal algorithm to transfer AI-based control from simulation to 

the real world. 
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