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Abstract

Mobile robot navigation in an unknown environment is an important issue in autonomous

robotics. Current approaches to solve the navigation problem, such as roadmap, cell decom-

position and potential field, assume complete knowledge about the navigation environment.

However, complete knowledge about the environment can be hardly obtained in practical ap-

plications where obstacles locations and surface friction properties are unknown. On the other

hand, navigation in an unknown environment can be phrased as a reinforcement learning (RL)

problem, because it is only possible to discover the optimal navigation plan through trial-and-

error interaction with the environment. The goal of this project is to control a skid-steering

mobile robot to navigate in an unknown environment with obstacles and a slippery floor using

reinforcement learning techniques. The main task studied is the navigation to a goal location

in the shortest time while avoiding obstacles and overcoming the skidding effects.

The standard (model-free) Q-learning algorithm is widely used to discover optimal trajecto-

ries in unknown navigation environments. However, it converges to these trajectories with

undesirably-slow rates. The Dyan-Q approach extends the Q-learning with online-constructed

models about the environment properties (obstacles, slippage, etc.) resulting in a model-based

Q-learning platform. In this thesis, we examine using a multinomial probabilistic model to de-

scribe the state transition probabilities of the system dynamics. Moreover, two ideas to improve

the learning performance of the Dyna-Q approach are suggested. The first is to prioritize the

simulated learning experiences to be around the shortest discovered navigation trajectories

between the initial and the target states. The second is to learn a parametric kinematic model

for the robot motion that can be used to simulate the motion characteristics of the robot in

unvisited locations.

It was shown that utilizing the models to simulate learning experiences makes the robot more

robust to stochastic effects caused by skidding. The experimental results proved that the

model-based RL algorithms converge faster to sub-optimal policies with higher success rates

than the model-free Q-learning. Therefore, model-based algorithms have a better long-term

performance in terms of less divergences from the discovered sub-optimal trajectories.
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Figure 1.2: Reinforcement learning decision making diagram for robots control.

The most common-used reinforcement learning algorithm in the literature to solve au-

tonomous navigation is Q-learning [11]. The Q-learning optimal value function is defined as

Q∗(s, a) = E [R(s, a)+γmaxa′Q∗(s′, a′)] (1.1)

This represents the expected value of the reward for taking action a from state s, ending in

state s′, and acting optimally from then on. The parameter γ is known as the discount factor,

and measures how much attention is paid to future rewards. Once we have the optimal Q-

function for each state-action pair Q∗(s, a), it is easy to deduce the optimal policy, π∗(s), by

simply selecting the action with the largest state-action pair value,

π∗(s) = ar g maxaQ(s, a) (1.2)

If the system is fully described by a set of finite states, the Q-function is typically stored in a ta-

ble, indexed by the state-action pair. It is initialized by arbitrary values and iteratively updated

to approximate the optimal Q-function based on the observation of the world. Every time that

the robot takes an action, an experience tuble, (st ,at ,rt+1,st+1), is generated. The Q-function

table for state s and action a is then updated as follows

Q(st , at ) ← (1−α)Q(st , at )+α(rt+1 +γmaxa′Q∗(s′, a′)) (1.3)

Under some reasonable conditions [26], this is guaranteed to converge to the optimal Q-

function, Q∗(s, a). Q-learning is known as o f f − poli c y RL algorithm. This means that the

distribution from which the training samples are generated has no effect on the policy learned.

1.3 Problem statement

This research project aims to develop a RL-based navigation system to enhance the naviga-

tion capabilities of skid-steering-mobile robots (SSMRs). These capabilities are quantified

by the robot ability to discover navigation trajectories to move to a target location in mini-

mum time avoiding obstacles and slippery areas. This will be achieved by overcoming the

main challenges that are usually faced when formalizing a robotic navigation problem as a

reinforcement-learning problem, namely [12]:

• Curse of dimensionality: states and actions for most robots are inherently continuous.

However, RL algorithms are designed for discrete-time events which necessitates dis-

cretizing states and actions spaces. Generally, discretizing n-dimensional state-space

M. Alhawary University of Twente
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with m levels will result in mn different unique states. This exponential growth in the

number of states leads to very slow convergence rates of the RL algorithm. It is possi-

ble to discretize the 2D space of the motion to obtain a grid world representation of the

map. However, in case of SSMRs with non-holonomic constraints, it is not possible to

simply move in the lateral directions. Therefore, the action space is usually discretized

with four actions (move-forward, move-backward, turn-left, and turn-right). These ac-

tions are orientation-dependant necessitating including the robot orientation as a state

[3]. Including the orientation as an internal state increases the dimension of the system

so that the expected convergence time increases significantly.

• Curse of real-world samples: learning from interaction with the real environment is ex-

pensive in terms of time, human supervision and finance as explained in [12]. It is es-

sential to create efficient RL algorithms that can learn from a small number of trials with

the physical environment instead of limiting the memory consumption or the computa-

tional complexity.

• Curse of under-modelling and model uncertainty: One way to decrease the need to real-

world interaction is to depend on accurate simulation models. However, small model er-

rors due to under-modelling may cause the behaviour of the simulated robot to diverge

from the real-world system. In SSMRs, sliding is an inherent motion property resulting in

high levels of stochasticity in the robot model. Such property results in difficulties in ac-

curately modelling the navigation environment due to the nonlinear stochastic slippage

properties.

• Curse of goal specification: The goal of RL algorithms is to maximize the accumulated

long-term reward. Although specifying the reward is simpler than detailing the behaviour

itself, in practice, it is challenging to define a good reward function for the robot task.

Since traditional binary rewards used in classical RL algorithms barely succeeds in prac-

tical robotic applications, a reward can be fully specified in terms of features of the space

in which the RL algorithm operates, a problem which is known as reward shaping.

1.4 Literature review

This section presents how the reinforcement learning paradigm has been combined in naviga-

tion systems in the previous research. Based on the analysis of the previous research, the aims

and the objectives of this research projects will be motivated.

1.4.1 State space representations

The representation of system states determines the dimensional properties of the system which

have huge impacts on the speed of convergence of the RL algorithm. In [3], the pose states of

the mobile robot [x, y,θ] were discretized with 15 quantization levels each. This results in a total

system with 13500 state-action pairs. The experiment carried out took 15000 iterations for the

algorithm to converge to the optimal policy given that the work-space dimensions are 1x1.2m.

This relatively slow convergence rate has motivated representing continuous state spaces. This

is achieved by extending the traditional Q-learning algorithm by a state-value approximation

function. In the traditional Q-learning, the value of each state-action pair is tabularly repre-

sented. However, value function approximators aim to learn a parametric function that can

map each state-action pair to its optimal value. There are several possible representations for

these parametric functions. In [17],[34],[30] where intensive sensor data are processed, the fol-

lowing neural networks structures were utilized as value function approximators:

• Continuous state-space clustering: this approach has been presented in [17] to solve

the structure credit assignment problem in the representation of the navigation environ-

ment. This problem states that if the state space is highly discretized, the same credit

Robotics and Mechatronics M. Alhawary
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have noted the method by Environment Exploration Method (EEM). The navigation system

has two basic modules: avoidance behaviour and goal-seeking behaviour. The avoidance be-

haviour and the goal-seeking behaviour are fuzzy engines that map the sensor readings to a

fuzzy output which is the optimal action. The fuzzy rules are built using reinforcement learn-

ing rather than supervised learning which requires less evaluation data.

In [35], they propose a navigator which consists of three components: obstacle avoidance,

move-to-goal and a fuzzy behaviour supervisor. The obstacle avoidance components receives

sensory data that are fuzzified then the rules are learned through RL. After constructing fuzzy

rules, the decisions are made to generate the output actions. The same principle applies for

the move-to-goal component. The fuzzy behaviour supervisor module receives the output of

the other two components and generates an appropriate action. The result of the algorithm

showed that this method produced higher performance and did not suffer from local minima.

However, both methods are applicable only to static environments and cannot be utilized for

dynamic ones.

An other hybrid approach is presented in [10]. This approach introduces an enhanced dynamic

self-generated fuzzy Q-learning approach (EDSGFQL) for automatically-generated fuzzy infer-

ence systems (FISs). The structure identification and the parameter estimations for the FISs

are obtained using reinforcement learning. The Q-learning is used to cluster the input space

to generate the FISs. Also, RL is used to adjust and omit fuzzy rules dynamically. EDSGFQL

was used for a navigation task for a Khepera mobile robot. The simulations showed that the

robot has succeeded in wall following and obstacles avoidance tasks for static environments.

Another hybrid learning method that uses a fuzzy inference system structured based on the

generalized dynamic fuzzy neural network algorithm was proposed by [9]. Supervised learning

is applied for the neuro-fuzzy controller and a reinforcement-learning actor-critic method is

used so that the system can re-adapt to a new environment without human interventions. The

reinforcement learning is used to tune the parameters of the fuzzy rules. The simulations have

proven the system ability to solve the obstacles avoidance problem in a static environment.

Neural Q-leaning

As presented in the previous subsection, representing a continuous state space requires mod-

ifying the standard Q-learning algorithm to include a value function approximator. In the

context of autonomous navigation, neural networks have been used as efficient function ap-

proximators. There are three neural network structures that have been used with Q-learning

to achieve autonomous navigation which are presented in 1.4.1. The first method (state-space

clustering) presented in [17] has a better convergence rate than the regular neural Q-learning

method. In this approach, discrete Q-learning is used in stead of continuous Q-learning. The

learning is based on clustering input data into similar and dissimilar groups. The method uses

a discrete representation for the action space. The clustering algorithm performs faster than

other neural Q-learning methods but it is only applicable to static environments [11].

The probabilistic roadmap method (PRM) has been combined with the Q-learning to im-

plement a hybrid approach for the robot navigation in [21]. The PRM method is based on

connecting the start location of the robot to the target location by drawing random nodes in an

assumed obstacles-free space. The Q-learning is used when an obstacle blocks a pre-planned

trajectory to determine the best action to be taken to avoid the obstacle. The performance of

the method is degraded for dynamic navigation environments.

1.4.3 Reward shaping

The are several ways to shape the reward function to solve the navigation problem. These ways

are listed below:

Robotics and Mechatronics M. Alhawary
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• Binary reward: This is a very simple strategy. It gives 1 reward on reaching the goal

and zero otherwise. This strategy is commonly-used in classical reinforcement learn-

ing problems that do not include a dynamical behaviour. Adopting this method makes

the convergence rate very slow specially in highly-dimensional state spaces where the

probability of finding the goal is significantly small [26].

• Sparse reward: It is similar to the binary reward. In addition, it adds negative reward on

hitting the obstacles and zero otherwise. This approach to shape the reward function has

been used intensively in the literature ([25], [26] and [3]).

• Potential-based reward: this idea has been introduced in [20]. It aims to find a trans-

formation to the sparse reward function that incorporates knowledge about the naviga-

tion environment in the design of the reward function. The approach assigns a potential

value φ(s) to each cell in the navigation grid. This potential is determined based on the

distance between the cell and the goal and the distance between the cell and known ob-

stacles. The transformation applied to the sparse reward will be R ′ = R +F where

F (s, a, s′) = γφ(s′)−φ(s) (1.12)

1.4.4 Conclusion

From the previous review it can be seen that there is a trend among the researchers to adopt

the continuous neural Q-learning to solve the navigation problem. On the other hand, they did

not address the potentials of including environment models together with the reinforcement

learning to accelerate the learning process. This approach is known as model-based reinforce-

ment learning or indirect reinforcement learning. The idea has been introduced in [4], [27] and

[23] where several model-based Q-learning algorithms like dyna-Q and prioritized-sweeping

were elaborated. Although they provide great potentials in speeding up the convergence rate

of the Q-learing, they have not been used intensively in the RL-based autonomous navigation.

Similarly, models for robot motions are not commonly utilized to plan motion trajectories to-

gether with the reinforcement learning. Moreover, the problem of slippery surfaces and sliding

motion of SSMRs are not addressed in the literature. These reasons motivate directing the re-

search of this project to the area of integrating models with standard Q-learning. We suggest

learning several models online (an environment model, a robot model and a slippage model).

These models are used to extend the standard Q-learning algorithm to achieve (sub)optimal

motion trajectories.

1.5 Project aims and objectives

The common trend in the current research is to combine standard Q-learning algorithm with

neural networks to accelerate the learning process (Neural Q-leaning). On the other hand, the

model-based reinforcement learning is proven to accelerate the convergence rate more than

the standard Q-learning [4]. The aim of this project is to explore the potentials of the model-

based reinforcement leaning for autonomous navigation tasks in unknown stochastic environ-

ments. This is obtained by modifying the standard Q-learning algorithm by extending it with

online learned models of the robot motion and the navigation environment (obstacles loca-

tions and slippage properties). The aim of the project can be accomplished through exploring

the following research objectives:

• How to model the transition of the robot states in the environment stochastically?

• How to model the motion of the SSMR robot to integrate it with the Q-learning algorithm?

• What is the effect of discretization level of the action and the state spaces on the learning

speed and the optimality of the learned trajectories?

M. Alhawary University of Twente
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• What is the effect of including models with the standard Q-learning on the performance

of the reinforcement-learning system?

Motivated solutions are validation by designing a RL-based navigation system for a small SSMR

so that it can explore optimal trajectories to given targets in an unknown environments.

This report shows the research work aimed to achieve these research objectives and is orga-

nized as follows:

Chapter 2 summarizes the theories involved in the design of the RL-based navigation systems.

It elaborates more on the standard Q-learning algorithm and how to modify it to implement

a model-based reinforcement learning through the Dyna-Q algorithm. Then, it introduces

multinomial probabilistic models which will be used to model the transition of discrete system

states based on data gathered from the environment. Finally, it introduces the kinematic

model of SSMR and Bayesian ridge regression algorithm used to estimate the SSMR kinematic

model using the data gathered from the robot and the environment.

Chapter 3 shows how the navigation problem can be formulated as a reinforcement learning

problem to be solved using a model-based Q-learning algorithm. Firstly, it explains require-

ments on the system representation necessary to use the Q-learning algorithm. Then, it dis-

cusses selecting the parameters of the Q-learning algorithm in the context of the autonomous

navigation. After that, it analyzes the nature of motion of Skid-Steering-Mobile-Robots elabo-

rating the requirements needed to model their motion. Finally, it shows the set-up built to run

the real experiments and the limitations it introduces to the system performance.

Chapter 4 proposes a design structure of a reinforcement-learning-based navigation system.

The learning system is designed based on the Dyna-Q platform modified by creating a multi-

nomial probabilistic model to describe the dynamics. The algorithm is enhanced by creating

an online-structured Bayesian regression model to learn the kinematic model of the mobile

robot. Finally, the architecture of the software used to run the set-up in real-time is presented.

Chapter 5 provides a detailed analysis of the obtained results of the simulation and the real-

time experiments.

Robotics and Mechatronics M. Alhawary
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2 Background

2.1 Q-learning algorithm

2.1.1 Finite Markov decision process

The solution of reinforcement learning problem is framed by modelling the control process as

a finite Markov decision process (MDP) [28]. In a MDP, the controller is called the agent and

everything outside the agent is called the environment. The agent at state St can interact with

the environment (figure 2.1) by applying an action At and the consequence of this interaction

is receiving a numerical reward Rt+1 (a scalar value needed to be maximized by the agent over

time) and the agent moves to a new state St+1.

Figure 2.1: The agent-environment interaction in a Markov decision process [28].

In a finite MPD, there are two random variables R and S with a well-defined discrete probability

distribution that depends only on the current state s and the applied action a. So for all next

state s′ ∈ S, r ∈ R and a ∈ A(s) it applies:

p(s′,r |s, a) = Pr [St = s′,Rt = r |St−1 = s, At−1 = a] (2.1)

∑

s′∈S

∑

r∈R

p(s′,r |s, a) = 1 (2.2)

The probabilities p completely characterize the environment’s dynamics. If it is sufficient to

know the current state st and the current action at to determine the probability of the next

state st+1 and the next reward rt+1 then the system is said to have the Markov property.

The expected rewards for state-action-next state pairs as a three-argument function r : S × A×

S →ℜ,

r (s, a, s′) = E [Rt |St−1 = s, At−1 = a,St = s′] (2.3)

The agent’s goal is to maximize the total amount of this expected reward received from the

environment. This means maximizing not the immediate reward, but the cumulative reward in

the long run. If the sequence of rewards received after time step t denoted Rt+1,Rt+2,Rt+3, ...,

then maximizing the value of this sequence is denoted by maximizing the exptected return,

where the return Gt :

Gt = Rt+1 +Rt+2 +Rt+3 + ....+RT (2.4)

where T is a final time step. If the task representing the agent interaction with the environment

can be naturally broken into sequences that end with a specific terminal state S+, then this

task is called an episodic task. In episodic tasks, the agent’s state is reset to a starting state after

reaching the terminal state. The time of termination T is a random variable that normally varies

between episodes. It is also possible to discount future rewards to be maximized by introducing

the discount rate parameter γ where 0 ≤ γ ≤ 1. Thus, the goal is to maximize the discounted

return:

Gt = Rt+1 +γRt+2 +γ2Rt+3 + .... =
∞
∑

k=0

γk Rt+k+1 (2.5)
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2.1.2 Policies and value functions

Reinforcement learning algorithms involve estimating value functions. They are functions of

states (or of state-action pairs) that estimate how good for the agent to be in that state in terms

of maximizing the future reward. Since the rewards to be received in the future depends on

the actions taken, value functions for system states depend on the strategy adopted to select

actions which are called policies. A policy π defines a probability distribution of selecting an

action a at each state s (π(a|s)) for each a ∈ A(s) and s ∈ S. The value function of a state s under

a policy π, is the expected return starting from s following π:

vπ(s) = Eπ[Gt |St = s] = Eπ[
∞
∑

k=0

γk Rt+k+1|St = s] (2.6)

Similarly, the action-value function of action a in state s under policy π is defined:

qπ(s, a) = Eπ[Gt |St = s, At = a] = Eπ[
∞
∑

k=0

γk Rt+k+1|St = s, At = a] (2.7)

The reinforcement learning problem is solved by finding the policy that maximizes the reward

over the long run. A policy π′ is said to be better a policy π (π′ >π) if and only if vπ′(s) > vπ(s)

for all s ∈ S. There is always at least one policy that is better than or equal other policies which

is the optimal policy. Optimal policies share the same optimal action-value function, denoted

by q∗:

q∗(s, a) = max|πqπ(s, a) (2.8)

This optimal action-value function gives the expected return of taking an action a in state s

following the optimal policy:

q∗(s, a) = E [Rt+1 +γv∗(St+1)|St = s, At = a] (2.9)

2.1.3 Off-policy Q-learning

The Bellman optimality equation states that the value of a state under an optimal policy must

equal the expected return of the best action at that state:

v∗(s) = max|a
∑

s′,r

p(s′,r |s, a)[r +γv∗(s′)] (2.10)

This last equation represents the Bellman optimality equation for v∗. The Bellman optimality

equation for q∗ is

q∗(s, a) = max|a
∑

s′,r

p(s′,r |s, a)[r +γmax|a′q∗(s′, a′)] (2.11)

For finite MDPs, the Bellman optimality equation for vπ has a unique solution independent of

the policy. The Bellman optimality equations for an n states system is a system of n equations

in n unknowns. If the dynamics p of the environment are known, then it is possible to solve for

v∗ by solving systems of non-linear equations and consequently solving a related set of equa-

tions for q∗. If the dynamics of the environment are unknown, it is still possible to estimate the

optimal action value functions q∗ through the experience by interacting with the environment

and updating a numerical back-up equation for each state-action pair value Q(s, a).

Q-learning algorithm (figure 2.2) is a powerful tool for estimating the optimal action value func-

tions q∗ of a stochastic Markovian system with unknown dynamics. It uses the following back-

up updating rule:

Q(St , At ) ←Q(St , At )+α[Rt+1 +γmax|aQ(St+1, a)−Q(St , At )] (2.12)

Robotics and Mechatronics M. Alhawary
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Where 0 < α ≤ 1 parameter is called the learning rate. Under the usual stochastic approxima-

tion conditions, Q-learning algorithm converges with probability 1 to q∗ if all the state-action

pairs are visited and updated. Thus, the policy to be followed during the exploration phase of

the environment is not the learned optimal policy (greedy) policy. In stead, actions are selected

randomly with a probability ε at each state to enhance exploring new state-action pairs. This

exploration policy is called the ε−g r eed y policy. Since the learned policy through the back-up

updating rule π∗ is different from the policy followed during the learning process, Q-learned

is called an off-policy reinforcement learning algorithm. In this case, the learned action value

function Q, directly approximate q∗ independent of the policy being followed.

Figure 2.2: Q-learning algorithm for approximating q∗ [28].

2.2 Dyna-Q algorithm

Q-learning algorithm is a model-free reinforcement learning algorithm since it depends only

on learning to update action value functions for each state-action pair. On the other hand,

model-based reinforcement learning algorithms depend on planning using a model of the en-

vironment structured online during learning [28]. A model of the environment allows the agent

to make predictions about the next states and the next rewards. If the system is stochastic, en-

vironment models produce a description of all possibilities with their probabilities leading to

probabilistic distribution models.

Models can be used to simulate experiences. Given a starting state and action, a distribution

model generates all probabilities of possible transitions. Similar to model-free methods, simu-

lated experiences generated by the distribution model are used for the estimation of the value

functions using the same back-up update equations [28]. If the standard Q-learning algorithm

is used with data generated by a distribution model, the model-based algorithm converges un-

der the same conditions that the one-step Q-learning converges for the real environment.
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Figure 2.3: The general Dyna-Q architecture [28].

If planning is done online while interacting with the environment, collected data representing

state transitions are used to modify the model and consequently affect the planning. Dyna-Q

architecture, shown in figure 2.3, is a platform proposed in [27] that integrates model-learning,

planning and value functions updating. After each interaction with the environment, the ex-

perience (St , At → Rt+1,St+1) is used for the planning update (figure 2.3). Moreover, it is stored

in a look-up table that maps each (St , At ) to equivalent (Rt+1,St+1). This model learning based

assumes that the model is deterministic. During planning, the Q-planning algorithm randomly

samples only from state-action pairs that have been experienced before and stored in the ta-

ble. The data stored in the table-based model are used to simulate hypothetical experiences

that can directly update the Q-values of state-action pairs just as if they really happened. The

agent performs N hypothetical experiences after each real-world interaction with the environ-

ment. The same back-up update rule is used both for learning from the real experience and for

planning from simulated experiences.

Figure 2.4: The tabular Dyna-Q algorithm [28].

Figure 2.4 shows a pseudo-code of the general Dyna-Q algorithm that assumes a deterministic

environment. Integrating planning with learning accelerates the convergence to the optimal

q∗ significantly. Because any change in the q-value of a state-action pair is going to propagate

to values of other pairs through hypothetical experiences. On the other hand, when a new

information is gained, the model is updated and the planning will decide different ways of

behaving based on the updated model.
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2.3 Prioritized Sweeping

The Dyna-Q algorithm presented in the previous chapter selects state-action pairs to simulate

hypothetical experiences uniformly from the stored experience. The hypothetical experiences

can be more efficient if the simulated updates are focused on particular state-action pairs. The

prioritized sweeping algorithms focuses on state-action pairs whose values have changed re-

cently. If the values of these pairs have changed, then the values of the predecessor states may

change accordingly. Then, actions leading into them needed to be updated, and then their pre-

decessor states may have changed. Thus, the algorithm works backward from arbitrary states

that have changed their values, either performing updates or ending the propagation. This idea

is called backward focusing of planning computations.

Figure 2.5: The tabular prioritized sweeping algorithm [28].

It is convenient to prioritize the updates based on the change of the state-action pairs values

and perform them in order of priority. The planning algorithm performs this idea is called

prioritized sweeping. The state-action pairs are stored in a priority queue being updated based

on the change of each state-action pair value prioritized by the amount of the change. When

the top of the queue is updated, the effect on each predecessor pair is computed. If the effect

generates a pair value greater than a threshold, the pair is inserted in the queue with a new

priority. In this way, the effects of changes are efficiently propagated until stillness. The full

algorithm is explained in figure 2.5.

2.4 Multinomial probabilistic models

The general Dyna-Q algorithm presented in the previous section assumes a deterministic envi-

ronment. However, in the context of autonomous navigation for SSMRs, sliding is an inherent

system property that leads to stochastic dynamics. Thus, the learned model should be proba-

bilistic. The basic idea to learn a probabilistic model is that not predicting a deterministic next

state and a deterministic reward, but a probability distribution over next states and next re-

wards [27]. For discrete finite MDPs, it is possible to represent the state transition probabilities

p(s′,r |s, a) using multinomial distributions [14].

If the result of a stochastic process can be described by a discrete variable that take one of pos-

sible K exclusive states, it is convenient to represent this variable with a 1-of-K scheme [7]. The

variable is represented by a K-dimensional vector x in which one of the elements xk is 1 and
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the remaining elements are 0. Such vectors satisfy
∑K

k=1
xk = 1. If the probability of xk = 1 is

denoted by the parameter µk , then the distribution of x:

p(x|µ) =
K
∏

k=1

µ
xk

k
(2.13)

where µ= (µ1, ..,µK )T such that µk ≥ 0 and
∑

k µk = 1. Now consider a data set D of N indepen-

dent observations x1, .., xN . The corresponding likelihood function takes the form:

p(D|µ) =
N
∏

n=1

K
∏

k=1

µ
xnk

k
=

K
∏

k=1

µ
(
∑

n xnk )

k
=

K
∏

k=1

µ
mk

k
(2.14)

mk =
∑

n xnk represents the number of observations of xk = 1. Given the data set D it is required

to solve for µ. This solution is achieved by finding µ that maximizes the likelihood function.

Maximizing the likelihood is achieved by maximizing its logarithmic function ln[p(D|µ)] ac-

counting for the constraint
∑

k µk = 1. This can be achieved by using a Lagrangian multiplier λ:

K
∑

k=1

mk l n(µk )+λ
K
∑

k=1

µk −1 (2.15)

By setting the derivative of the previous equation with respect to µk to zero, the solution for µk

is:

µk =−mk /λ (2.16)

To solve for the Lagrangian multiplierλ,(2.16) is substituted into the constraint
∑

k µk = 1. Thus,

the maximization of the likelihood is given in the form:

µML
k =

mk

N
(2.17)

which is the fraction of the N observations whose xk = 1. The multinomial distribution is a

joint distribution of the quantities m1, ...,mk given the parameter µ on the total number of N

observations. It takes the form:

Mul t (m1, ..,mK |µ, N ) =
N !

m1!m2!..mK !

K
∏

k=1

µ
mk

k
(2.18)

The normalization coefficient is the number of ways to partition N objects into K groups of

size m1, ..,mK . These variables mk are subject to the constraint:

K
∑

k=1

mk = N (2.19)

2.5 Skid-Steering-Mobile-Robots kinematic model

The previous section shows how it is possible to build probabilistic models for the next states

and rewards for each state action pair (s, a) given the experience data set (D = (s′1,r1)..(s′N ,rN )).

This means that it is only possible to simulate hypothetical experiences for already-visited

state-action pairs (s, a). If it is required to predict probability distributions for the next states

and rewards for action-action pairs that have not been visited before, an accurate model for

the robot motion must be developed. This model is also necessary for simulating the designed

reinforcement learning algorithms before validating them in real-time.

In [13], a kinematic model for SSMRs is presented. This kinematic model can be developed by

analyzing the robot free body diagram shown in figure 5.2 .
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Figure 2.6: SSMR free body diagram [13].

Suppose that the robot linear velocity vector expressed in the robot reference frame (l ) is v =

[vx vy 0]T and the angular velocity vector is Ω = [0 0 ω]T . If q = [X Y θ]T represents the robot

COM position X and Y and orientation θ expressed with respect to the inertial frame (g ), then

q̇ = [Ẋ Ẏ θ̇]T represents the vector of the generalized velocities. From figure 2.6, the Ẋ and Ẏ are

related to vx and vy by:

[

Ẋ

Ẏ

]

=

[

cos(θ) −si n(θ)

si n(θ) cos(θ)

][

vx

vy

]

(2.20)

Because of the planner motion, the relation ω= θ̇ is valid.

Figure 2.7: Velocities of one wheel [13].

Suppose that the i -th wheel rotates with an angular velocity ωi (t ), where i = 1,2,3,4 which are

the control inputs. Assume that the point of contact between the wheel and the surface is Pi

(figure 2.7), unlike most common wheeled robots, the lateral slip velocity vi y is non-zero. This

is because the lateral skidding is necessary when the SSMR changes orientation. Therefore, this
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component vi y is only zero if the robot moves in a straight line. On the other hand, for simpli-

fication, the longitudinal slip can be neglected so that the following relation can be developed.

vi x = riωi (2.21)

where vi x is the longitudinal component of the total wheel velocity vi of the i -th wheel ex-

pressed in the robot reference frame. ri denotes the effective rolling radius of the i -th wheel.

Figure 2.8: Wheel velocities [13].

To develop a kinematic model, the robot body rotation with respect to an instantaneous centre

of rotation point IC R is defined through the radius vector di = [di x di y ]T and dC = [dC x dC y ]T .

Consequently, based on the geometry of figure 2.8 , it holds that:

||vi ||

||di ||
=

||v ||

||dC ||
= |ω| (2.22)

Or,
vi x

−di y
=

vx

−dC y
=

vi y

di x
=

vy

dC x
==ω (2.23)

By defining the ICR coordinates in the robot reference frame as

IC R = (xIC R , yIC R ) = (−dC x ,−dC y ) (2.24)

Then,
vx

yIC R
=

vy

xIC R
=ω (2.25)

From figure 2.8, the coordinated of vectors di satisfy the following relationships:

d1y = d2y = dC y + c (2.26)

d3y = d4y = dC y − c (2.27)

d1x = d4x = dC x −a (2.28)

d2x = d3x = dC x +b (2.29)
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where a, b and c are positive kinematic parameters of the robot (figure 2.6). After combining

equation 2.23 with equations ( 2.26, 2.27, 2.28 and 2.29), the following relationships can be

obtained:

vL = v1x = v2x (2.30)

vR = v3x = v4x (2.31)

vF = v2y = v3y (2.32)

vB = v1y = v4y (2.33)

where vL and vR represent the longitudinal coordinates of the left and right wheel velocities,

vF and vB are the lateral coordinates of the front and rear wheels velocities. Accordingly, the

wheel velocities are related to the robot velocities by the following equation:











vL

vR

vF

vB











=











1 −c

1 c

0 −xIC R +b

0 −xIC R −a











[

vx

ω

]

(2.34)

Assuming that the effective rolling radius is ri = r for each wheel, then, the following approx-

imated relations between the angular wheel velocities and the robot velocities can be devel-

oped:

[

vx

ω

]

= r

[ ωL+ωR

2
−ωL+ωR

2c

]

(2.35)

The accuracy of the previous equation depends on the longitudinal slip and can be valid if this

longitudinal slip is not dominant. Finally, to complete the kinematic model, the lateral velocity

vy is constrained by the rotation of the robot and can be expressed by the following equation:

vy +xIC R θ̇ = 0 (2.36)

This last equation is not integrable. It describes a nonholonomic constraint that can be written

in the form:

[−si n(θ)cos(θ)xI RC ][Ẋ Ẏ θ̇]T
= A(q)q̇ = 0 (2.37)

The position xIC R has a critical influence on the stability of the mobile robot [2]. If the origin

of the robot reference frame is placed in the middle of the distance between the front and the

rear axles, the value of xIC R is bounded by the following relationship [2]:

xIC R ∈ [−a,b] (2.38)

2.6 Multi-output Bayesian regression

It is very difficult to predict the exact motion of SSMRs depending on the kinematic model

described in the previous section. The reasons for that are this model assumes a pure slip-free

rolling in the longitudinal direction which limits the capabilities of the model to predict vx and

ω of the robot practically. It is possible to increase the model accuracy by an online learning

of the kinematic parameters r and c of equation 3.7 [13]. Moreover, the only possible way to

predict the vy component constrained by the non-holonomic constraint (equation 3.8) is to

experimentally learn a parametric representation of the parameter xIC R as a function of the

robot speed and location [33]. This introduces a multi-output regression problem that aims
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to learn the robot kinematic parameters (r , c and xI RC ) of the SSMR by observing and fitting

data representing wheel speeds [ωLωR ]T and robot speed [vxωvy ]T . For such multi-output

regression problems the training data set of N instances takes the following form [6]:

D = (x(1), y (1)), ..., (x(N ), y (N )) (2.39)

Where the input feature vector is x(l ) = (x(l )
1 ..x(l )

m ) and the output vector is y (l ) = (y (l )
1 ..y (l )

d
). The

task is to learn a multi-output regression model from D to a function h that assigns to each

instance l targed values Ω:

h : ΩX1
× ...×ΩXM

→ΩY1
× ...×ΩYd

x = (x1, ..., xm) 7−→ y = (y1, ..., yd )

If the output vector contains elements that represents independent variables, it is possible to

adopt the single-target (ST) method, where a multi-output model with a an output vector of

length d is decomposed into d single-target models. Each model is trained based on a trans-

formed data set: Di = (x(1), y (1)
i

), ...., (x(N ), y (N )
i

), i ∈ 1, ..,d to predict the value of a single-target

variable Yi .

Since the multi-output problem has been transformed into several single-target problems,

any of-the-shelf single-target regression algorithm can be used [6]. The Bayesian regression

method is introduced [7]. The Bayesian method treats the fitting problem from a probabilistic

perspective. Given a data set of N input values x = (x1, ..., xN )T and their corresponding target

values t = (t1, ..., tN )T , it is possible to express uncertainty over the value of the target variable

using a probability distribution. The mean value of this probability distribution is the paramet-

ric polynomial function of the input vector y(x, w):

y(x, w) = w0 +w1x +w2x2
+ ..+wM xM

=

M
∑

j=0

w j x j (2.40)

Therefore, it is possible to represent the uncertainty over this mean by a precision parameter β

which is the inverse variance of the distribution. This distribution is assumed to be Gaussian

and can be represented by:

p(t |x, w,β) =N (t |y(x, w),β−1) (2.41)

The aim is to determine the values of the unknown parameters w and β given the training data

x,t by maximizing the likelihood. If the data are drawn independently from the distribution,

then the likelihood function is given by

p(t |x, w,β) =
N
∏

n=1

N (t |y(x, w),β−1) (2.42)

To maximize a likelihood function, it is convenient to maximize its logarithm which can be

expressed by

lnp(t |x, w,β) =−
β

2

N
∑

n=1

y(xn , w)− tn
2
+

N

2
l nβ−

N

2
l n(2π) (2.43)

To solve for the parameter vector w that maximizes the likelihood (wML), the last two terms

are omitted since they don’t depend on w . Thus, to maximize the first term is equivalent to

minimizing its negative which is minimizing the sum-of-squares error function.

E(w) =
1

2

N
∑

n=1

y(xn , w − tn)2 (2.44)
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Similarly maximizing with respect to β gives:

1

βML
=

1

N

N
∑

n=1

y(xn , wML − tn) (2.45)

Having determined the parameters wML and βML , it is possible to make a probabilistic predic-

tion for a new input x that gives a distribution over t not just a point estimate:

p(t |x, wML ,βML) =N (t |y(x, wML),β−1
ML) (2.46)

To create a fully Bayesian-based regression model, it is necessary to introduce prior distribu-

tion over the parameters w that will be influenced by the likelihood of the training data x, t to

give an adjusted posterior distribution over w . First of all, it is possible to assume a Gaussian

distribution as a prior distribution for the parameters w :

p(w |α) =N (w |0,α−1I ) =
α

2π

(M+1)/2)
exp−

α

2
wT w (2.47)

where α is the precision of the distribution, and M +1 is the total number of elements of vec-

tor w . Accoring to the Bayes’ theorom, the posterior distribution for w is proportional to the

product of the prior distribution and the likelihood function:

p(w |x, t ,α,β) ∝ p(t , x, w,β)p(w |α) (2.48)

To determine w , it is required to maximize the posterior distribution. By taking its negative of

its logarithm, it is possible to maximize the posterior distribution by minimizing the following

function:
β

2

N
∑

n=1

y(xn , w − tn)2
+
α

2
wT w (2.49)

This means that including a prior distribution allows minimizing the values of the parameter

vector w to prevent over-fitting which can be controlled by the precision parameter α.
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The Q-learning algorithm is widely used in the literature to search for optimal autonomous

navigation paths. The power of such an algorithm lies in its ability to estimate a unique solution

for the optimal action-value function q∗ even if the environment dynamics are unknown and

stochastic. This chapter shows how the navigation problem can be formulated as a reinforce-

ment learning problem that can be solved using the model-based Q-learning algorithm. Firstly,

it explains requirements of system representation which are necessary to use the Q-learning

algorithm. Then, it analyzes the parameters of the Q-learning algorithm and the Dyna-Q algo-

rithm showing how they influence the optimality and the speed of convergence of the naviga-

tion problem. Finally, it analyzes the nature of motions of Skid-Steering-Mobile-Robots show-

ing the stochasticity it introduces to the system dynamics and elaborates on the requirements

needed to model their motion.

3.1 System representation

In the context of the reinforcement learning problem, the system should be fully described by

three concepts: the state, the action and the reward. These concepts have been fully defined

in section 2.1. The navigation system representation is guided by the requirements imposed

by the Q-learning algorithm on its states, actions and rewards representations to guarantee the

convergence to (sub)optimal policies.

3.1.1 States representation requirements

The standard Q-learning algorithm is guaranteed to converge to an optimal policy for a finite

episodic Markovian decision process. To satisfy this convergence condition the following con-

siderations are taken into account:

Figure 3.1: A grid-world map representation [24].

• Finite representation: this means that the set of states to describe the system must be

represented in a discrete form. The navigation environment is assumed to contain static

objects. Consequently, actions applied by the robot on the environment do not change

the environment’s properties but change only the pose of the robot in the navigation en-

vironment. Therefore, it is sufficient to consider the position of the robot inside the envi-

ronment as the system states. Usually, for an autonomous navigation problem, the map

is discretized into a set of squares along the x and y axis leading to a formulation of a grid-

world problem [12] as shown in figure 3.1. However, for Skid-Steering-Mobile-Robots

(SSMRs), the evolution of the system states is orientation-dependant (section 2.5). This

means that it is necessary to include the orientation of the robot θ with respect to an in-
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ertial frame to achieve a minimal representation for the system. This orientation state

must also be discretized.

• Episodic representation: to make the navigation process episodic, at least one of the

system states has to be defined as a terminal state sT [28]. It is convenient to assign the

target location where the robot should navigate to as a system’s terminal state. If the

robot successfully reaches this goal location, it should receive a maximum reward rT to

increase the system desirability to move to this terminal state. In order to start another

training episode, the robot should be reset to a starting state which is different from the

terminal state (section 2.1).

• Markovian representation: a Markovian system only requires knowledge about its cur-

rent state s ∈ S and its dynamics (state transition probabilities) to predict all possible

future states p(s′|s, a)∀s, s′ ∈ S given the action a ∈ A(s). This means that the past trajec-

tories of system states don’t influence the future states probabilities. One of the possible

reasons for the system to be non-Markovian is low discretization levels.

Figure 3.2: Actual and predicted locations for one directional motion in low discrete levels.

Figure 3.2 shows how low discretization levels lead to violating the Markov property. As-

sume that the robot can move only a long one direction with the shown discretization

levels. The transition probability after applying a move-forward action is given by a Gaus-

sian distribution shown in the figure 3.2. After applying the action, the robot is predicted

to move from s1 to s2 with probability Ps1
≈ 1 or it can remain in state s1 with probability

Ps2
= 1−Ps1

≈ 0. Assume that the latter case happened (Axis t1). Thus, after the motion

the observed state is s1 and from the observer point of view the robot has not executed

any movement. Thus, the prediction for the following state at time t ′1 will remain the

same as time t0 with a probability Ps1
to move to s2 and a probability Ps2

to remain in s1.

This prediction diverges from the reality shown in Axis t1 where the real probabilities are

Ps3
> 0.5 to move to s3 and Ps2

= 1−Ps3
< 0.5 to remain in s2. Now after executing the

forward action the robot moves to state s3 (Axis t2). This transition is observed and the

robot is at s3 from the observer prospective. Now, the prediction of the following state

given at axis t ′2 is more accurate and similar to the real distribution given by axis t2. The

reason for that is the ability of the model to predict a distribution over the following state

depends on the quantization error e. In the case when the error is large (e1 in axis t1) the

model prediction is less accurate than when the error is small (e2 in axis t2). Therefore,

since low discretization levels increase the possibility to have high quantization errors,

it lowers the system’s Markovian properties. This is because it is not sufficient to know

the system dynamics (state transition probabilities) to predict the future states, in addi-

tion, it is needed to know the quantization errors. For the navigation problem, this can

be avoided by having sufficiently high discretization levels. This helps to avoid problems

M. Alhawary University of Twente



CHAPTER 3. PROBLEM ANALYSIS 23

associated with the non-Markovian behaviour such as mis-classifying free and obstacle

states as elaborated in figure 3.3.

Figure 3.3: (a) Low discretization levels lead to assigning ortientation level O6 as a free state if path P2 is

executed instead of path P1 even if it is an obstacle state. (b) This misclassification does not occur if the

orientation level is highly discretized

3.1.2 Actions representation requirements

Another necessary condition for the Q-learning algorithm convergence is that every state s in

the state space S has to be visited [28]. In practice, sub-optimal solutions can be discovered

even if the whole state space is not fully spanned. However, it is necessary to guarantee that the

actions defined over each state will enable exploring paths between the initial and the target

states. This can only be guaranteed if each state (s ∈ S) is reachable from at least one different

state (s′ ∈ S) by at least one action a in the action space defined over s′ (a ∈ A(s′)). This condi-

tion can be satisfied by analyzing how the velocity states of the robot change due to the wheel

velocities (section 2.5). This relation is given by:

[

vx

ω

]

= r

[ ωL+ωR

2
−ωL+ωR

2c

]

(3.1)

and:

vy +xIC R θ̇ = 0 (3.2)

Where [vx ω vy ]T is the COM robot velocity vector expressed in the robot local frame (figure

2.6). This means that in order for all the states [vx ω vy ]T to evolve, at least one of the applied

actions should have wheels velocities (ωL and ωR ) with different values. This is sufficiently

obtained if the action space is chosen to be (forward, backward, left and right) defined over

every discrete state of the state space. The conditions on the wheels velocities that should be

applied for each action can be described as follows:

• Forward: ωL = ωR > 0

• Backward: ωL = ωR < 0

• Left: ωL <0 and ωR >0 and |ωL | = |ωR |
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• Right: ωL >0 and ωR <0 and |ωL | = |ωR |

3.1.3 Reward functions representations:

The Q-learning algorithm converges to an optimal policy that maximizes rewards given by the

environment on the long-term. Reward functions should be designed to achieve the required

goal of the control problem. In classical reinforcement learning algorithms, the agent receives

a reward of value 1 if the task is fully accomplished correctly and 0 otherwise. This reward

shaping idea is called binary reward. However, it is not efficient to depend on such an idea

for navigation problems because if the state space is significantly large, the chance of finding

the reward is very small [26]. Therefore, there is a need to depend on dynamic reward functions

where the reward given changes with the state transitions even if the task is not fully completed.

For the navigation problem, a dense reward function can be defined based on the distance be-

tween the mobile robot, the obstacles and the target locations . The main disadvantage of such

method is that dense reward functions can cause local minima problems [26]. On the other

hand, it is sufficient to evaluate the mobile robot behaviour even if the task is not completed

by giving -1 for hitting an obstacle or moving on a sliding area, 1 for reaching the goal and 0

otherwise. This shaping idea is known as sparse reward [26]. The sparse reward shaping has

been proven to be sufficient to guarantee convergence of the Q-learning algorithm when used

for several autonomous navigation tasks [11]. Finally, in [4], the idea of the reward function

transformation has been suggested to accelerate the convergence of the Q-learning algorithm.

This idea has been first introduced in [20]. The idea aims to find a transformation to the sparse

reward function that incorporates knowledge about the navigation environment in the design

of the reward function. The approach assigns a potential value φ(s) to each cell in the naviga-

tion grid. This potential is determined based on the Manhattan distance between the cell and

the goal and the Manhattan distance between the cell and known obstacles. The transforma-

tion applied to the sparse reward will be R ′ = R +F where R is the sparse reward value and F is

calculated by the potential difference:

F (s, a, s′) = γφ(s′)−φ(s) (3.3)

This reward shaping idea is called potential-based reward and it is very interesting option be-

cause it incorporates knowledge about the navigation problem inside the reward function de-

sign. The only disadvantage is that the potential function for each state must be recalculated

for each state every time the navigation map is updated increasing the computational time of

the solution.

Figure 3.4: Q-learning algorithm for approximating q∗ [28].
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these paths. If one of these paths intersects with an obstacle, the negative reward from the en-

vironment will cause the action-value function of these actions to decrease, and consequently,

diverging from these paths. In order to determine which actions should be given higher initial

values at each state, figure 3.6 is analyzed.

Figure 3.6: The preference is given to a specific action depending on the orientation of the robot

The target orientation θt is defined by the angle between the horizontal x and the line drawn

between the robot COM and the target. If the robot orientation is the same as θt , the optimal

action to be taken is the move-forward action. On the other hand, if the robot orientation is on

the left of this line (θl > θt ), taking a turn-right action will adjust the robot orientation to align

with the line. Similarly, if the robot orientation is on the right of this line (θr < θt ) the optimal

action to be taken is the turn-left action. The assignment of biased initial values can be done

by the following pseudo-code:

Result: Biased initial q0

Initialize xt ar g et ;

Initialize yt ar g et ;

for every (x,y,θ) state do

θt ar g et = t an−1(yt ar g et − y/xt ar g et −x) ;

e = θt ar g et −θ ;

if e == 0 then

q0[(x, y,θ),F ] >> 0;

end

if e < 0 then

q0[(x, y,θ),L] >> 0;

end

if e > 0 then

q0[(x, y,θ),R] >> 0;

end

end

Algorithm 1: Assigning biased q0 for actions at each state (x, y,θ).

Adopting this approach to initialize q0 values has been proven to be powerful in finding paths

that lead to the target location in the exploration phase.
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3.2.2 Learning rate α selection

The learning rate α is used to give a desired weight to the recent reward R over the past re-

wards represented in the previous action-value Q(S, A) while updating it, as shown in figure

3.4. This learning rate takes a values between 0 and 1 (α ∈ [0,1]) such that the larger the value,

the more the weight given to the recent expected return (R +γmax|a[Q(s′, a′)]) over the pre-

vious Q(S, A) and vice versa. In the case where the stochastic process is non-stationary, the

environment supplies a variable reward r (t ) to the learning agent if the same action a is ap-

plied at the same state s. This means that this reward changes with time and the learner has

to track its change. To achieve that, the most recent received reward must have higher weight

over previous rewards, so the learning rate must take a high value (≈ 1). In the context of the

navigation problem where the environment is static, the stochastic process can be considered

stationary. However, in the beginning of the learning process, since the algorithm starts from

arbitrary initial values q0, the received rewards must have high weights over q0. Therefore, in

the beginning of the learning process, the learning rate α is set to a huge value. Then, if the

learning agent starts reaching an approximate optimal action-values q∗, the learning rate α

can be adjusted to a lower value to filter the effect of faulty rewards. In the autonomous navi-

gation problem, faulty rewards can occur due to mis-classifying free and obstacle states or due

to skidding effects. Thus, the idea of decreasing the learning rate α with time can limit these

effects on the optimal action-values q∗. Algorithm 2 shows how to adjust the value of α when

the action-values Q(S, A) getting close their optimal values. This is detected if the change in

their values after the numerical update δ is less than a threshold θ for each (S, A) pair.

Result: Adjusted learning rate α

Initialize α ;

Initialize θ ;

Initialize δ ;

Initialize di scount_ f actor ;

while True do

δ = min ( Q(S, A)−Q(S, A)pr ev ,δ );

if δ < θ then

α∗= di scount_ f actor ;

end

end

Algorithm 2: Assigning biased q0 for actions at each state (x, y,θ).

3.2.3 Discount rate γ selection

The discount rate γ gives a desired weight between the effect of the current reward R and the

effect of future rewards encoded in the value of the next state V (S′) = max|aQ(S′, a) on the

update of the current action-value Q(S, A) as shown in figure 3.4. This parameter can be set be-

tween 0 and 1 (γ ∈ [0,1]). Since the target of the reinforcement leaning problem is to maximize

long-term rewards, this parameter is usually set to a high value to encourage moving to states

with higher optimal values V ∗(s′). For the purpose of accelerating the learning in navigation

problems, this parameter must be set to a huge value (≈ 1), specially in the case of sparse re-

ward shaping where all free states give a 0 reward (R = 0). In this case, the learner can depend

more on the value of the next state V (S′) = max|aQ(S′, a) to update the value of Q(S, A) because

a zero reward will not cause any update to its value.

3.2.4 Exploration factor ε selection

The Q-learning algorithm can only converge if every state-action pair is visited at least once

during the learning process. Therefore, the exploration is an inherent requirement for any re-

inforcement learning algorithm. At each state, selecting the most optimal action according to
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the current q-values is denoted by exploitation and this exploitation policy is called the greedy

policy π∗(s). On the other hand, it is required to visit new state-action pairs in the state-action

spaces, by selecting actions randomly with probability ε resulting in adopting the ε-greedy pol-

icy. For navigation tasks in an unknown environment, the exploration factor ε must have high

value in the beginning of the learning process for the following two reasons:

• It helps to discover various parts of the state space till finding states that supply the (pos-

itive) reward.

• It helps to build a more accurate model for the state transition probabilities of the system

needed to implement a model based Q-learning (section 2.2).

Since the navigation environment is assumed to be static, it is advisable to decease the explo-

ration rate with time after the action-value functions are getting close to their optimal values

q ∗ (s, a). This can be done by multiplying the exploration factor ε by a discount factor. This re-

duction happens after each episode termination or after discovering a shorter navigation path

to the target location as shown in algorithm 3 in section 4.1.2. This approach is denoted by

discounted ε-greedy. Finally, in the literature several approaches are described to optimize or

to direct the exploration some of which are described in the subsections below.

Softmax action selection

One drawback of the ε-greedy method is that it explores equally among all actions[28]. The

softmax method varies the action probabilities as a graded function of estimated value. The

greedy-action will be given highest probability, but all others are ranked and weighted accord-

ing to their Q-value. One of these softmax action selection rules uses a Gibbs, or Boltzmann,

distribution. It assigns to each action a a probability according to the following rule

P (α) =
eQ(α)/τ

∑

eQ(b)/τ
(3.4)

where τ is a positive parameter called the temperature and b denotes each non-greedy action.

High temperatures cause the actions to be nearly equi-probable. Low temperatures cause a

great difference in selection probability of actions according to their Q-values.

Directed exploration method

This method aims to direct the exploration towards more interesting areas in the state-action

space instead of treating all non-greedy actions equally [4]. An exploration bonus is added to

the Q-values to reflect the added value of selecting this action for the sake of exploration. Thus

the Q-value for each state-action pair is modified to be

Q+(s, a) =Q(s, a)+η
√

m(s, a)/n(s, a) (3.5)

where η is a constant, m(s, a) is the number of time steps since action a was last tried in

s. n(s, a) is the total number of trying a in s. Then, this modified Q-value is substituted in

Boltzmann distribution (3.4) to assign probabilities of selecting each action. Such a method

is proven to be beneficial while depending on model-based Q-learning [4]. Otherwise, model-

based Q-learning algorithms converge to sub-optimal policies. For this reason, it seems to be a

promising exploration strategy for the navigation problem.

3.3 Dyna-Q-based navigation

Q-learning algorithm is a model-free reinforcement learning algorithm since it depends only

on the learning to update action value functions for each state-action pair. On the other hand,

model-based reinforcement learning algorithms depend on planning using a model of the en-

vironment structured online during learning [28]. A model of the environment allows the agent
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significantly large as in autonomous navigation problems. In order to show the potentials of

the Dyna-Q algorithm, it has been simulated for the grid-world problem as shown in figure 3.8.

Unlike the standard Q-learning that takes about 80 episodes to converge, it converges really

fast in 7 episodes. The results of applying it to real navigation tasks are discussed in chapter 5.

3.3.1 Necessary adjustments to the navigation problem

The general Dyna-Q algorithm presented in [27] assumes a deterministic dynamical environ-

ment. However, in the context of autonomous navigation for SSMRs, sliding is an inherent

system property that leads to stochastic dynamics. Thus, it is required for the learned model

to be probabilistic. The basic idea is to learn a model that does not predict a deterministic

next state and a deterministic reward, but a probability distribution over next states and next

rewards [27]. For discrete finite MDPs, it is possible to represent the state transition probabili-

ties p(s′,r |s, a) using multinomial distributions [14]. The design of the algorithm to learn these

multinomial distributions is presented in section 4.1.2. However, it should be noted that the

online-constructed models can never represent the navigation environment identically espe-

cially if a limited number of samples have been observed. When the model is inaccurate, the

planning process will compute sub-optimal policies [28]. Using these multinomial models, it is

only possible to simulate hypothetical experiences for already-visited state-action pairs (s, a).

If it is required to predict probability distributions for the next states and rewards for state-

action pairs that have not been visited before, an accurate model for the robot motion must

be developed. Possibilities to construct this motion model for SSMRs depend on their motion

characteristics that will be analyzed in the following section.

3.4 Motion analysis of Skid-Steering-Mobile-Robots

Figure 3.9: SSMR free body diagram [13].

The kinematic model for SSMRs has been explained in section 2.5. The generalized velocity

(figure 3.9) equation can be described by:





Ẋ

Ẏ

θ̇



=





cos(θ) −si n(θ) 0

si n(θ) cos(θ) 0

0 0 1









vx

vy

ω



 (3.6)
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The vector [vx vyω] represents the car velocity in its local reference frame. This velocity vector

is related to the wheels angular velocity by the following equation:

[

vx

ω

]

= r

[ ωL+ωR

2
−ωL+ωR

2c

]

(3.7)

and vy is constrained by the rotation of the robot and can be expressed by the following equa-

tion:

vy +xIC R θ̇ = 0 (3.8)

Figure 3.10: Velocities of one wheel [13].

The model represented by equation 3.7 assumes that the longitudinal slip is not dominant in

the robot motion. This assumption is no longer valid if the robot is navigating above slippery

surfaces. To understand the effect of the slippage on the wheels motion, figure 3.10 is analyzed.

The velocity of the wheel in the longitudinal direction vi x depends only on the rotation of the

wheel ωi in case of a pure rolling. However, if the wheel slides, the term longitudinal wheel slip

λi is defined to fully describe the wheels motion in the longitudinal direction [18]:

λi =
vi x − rωi

vi x
(3.9)

This longitudinal wheel slip depends on the normal force acting on the wheel, the road surface

conditions and tire characteristics [19]. In [1], the relation between the longitudinal wheel slip

and the friction coefficient is analyzed.
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Figure 3.11: Longitudinal slip as a function of friction coefficient [1].

Figure 3.11 shows how the longitudinal slip varies with the friction coefficient.

For navigating over slippery planar surfaces, this longitudinal slip depends on the discretized

(x, y) state of the robot location. In order to build an accurate model for the robot motion the

longitudinal slip should be learned online and it should be location-dependant.

On the other hand, it is possible to increase the model accuracy and to account for the slippage

effects by online learning of the kinematic parameters r and c of equation 3.7 [13]. Moreover,

the only possible way to predict the vy component constrained by the non-holonomic con-

straint (equation 3.8) is to experimentally learn a parametric representation of the parameter

xIC R as a function of the robot speed and location [33]. This introduces a multi-output regres-

sion problem that aims to learn the robot kinematic parameters (r , c and xI RC ) of the SSMR

by observing and fitting data representing the wheel speeds [ωLωR ]T and the robot speeds

[vx ω vy ]T . To simplify the problem, r and c parameters are learned independently from xIC R .

For the learned r and c parameters the input feature vector is x(l ) = (ω(l )
L

ω(l )
R

) and the output

vector is y (l ) = (v (l )
x ω(l )). This definition matches the kinematic equation 3.7 and defines a

multi-output regression problem. On the other hand, for the learned parameter xIC R the input

feature is x(l ) = ω(l ) and the output is y (l ) = v (l )
y . This fits with the non-holonomic constraint

equation 3.8 and defines a single target regression problem. According to [6], since the two

elements of the output vector of the first regression problem (y (l ) = (v (l )
x ω(l ))) represent two

independent variables, it is possible to decompose the problem into two separate regression

problems each solves for 1 element of the output vector. Therefore, it is possible to learn r and

c independently by defining two independent output vectors y (l )
1 = v (l )

x and y (l )
2 = ω(l ) for the

input feature vector x(l ) = (ω(l )
L

ω(l )
R

) . Since the multi-output problem has been transformed

into three single-target problems, one of-the-shelf single-target regression algorithm can be

used [6]. To account for the noise in the collected features and outputs data, a Bayesian ridge

regression algorithm is used to learn the kinematic model of the robot experimentally [7].
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This chapter proposes a design structure of a reinforcement-learning-based navigation system

guided by the analysis introduced in chapter 3. The algorithm is designed based on the Dyna-

Q platform which is modified by creating a multinomial probabilistic model to describe the

dynamics of the system in the form of learned state transition probabilities. The algorithm is

enhanced by creating an online-structured Bayesian regression model to learn the kinematic

model of the mobile robot and use it to estimate the robot motion for newly-visited states.

These models are used to simulate hypothetical experiences which is assumed to accelerate the

convergence of the Q-learning algorithm. Finally, an idea to prioritize the simulated experience

around the shortest path experienced by the robot is discussed.

4.1 Dyna-Q platform design

4.1.1 The boundary between the agent and the environment

It is essential to clarify the boundaries between the agent and the environment in order to fully

determine the system observable states. The agent’s internal states represent the pose [x y θ]

of the COM of the mobile robot. These states are fully observable to the agent by a ceiling

camera as explained in section 5.2.3. The state transitions of the robot is modeled as an MDP

as was explained in section 3.1.1. The environment represents all the interacting components

that cause the state of the COM of the robot to change. This includes the wheels dynamics,

the surface friction properties and the distributed obstacles in the navigation environment.

The properties of the environment are assumed static because the friction properties and the

obstacles locations are assumed unchanging during the training period. Therefore, applied

action changes only the pose of the robot which is only considered as the system state. The

state observer algorithm (section 5.2.3) stores the current and the previous pose state of the

mobile robot and calculates the reward accordingly. Thus, the rewards are not given from the

environment directly but they are computed inside the algorithm and they are supplied to the

agent consequently. More elaborations on how the rewards are computed are explained in

section 4.1.3.

Figure 4.1: Interacting components of the reinforcement learning navigation system.

The structure of the Dyna-Q platform designed in Python-based IDE is shown in figure 4.1.

Figure 4.1 shows an abstract representation of the interacting components of the reinforcement

learning algorithm based on a Dyna-Q platform.
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• The reinforcement-learning agent: this component stores the data related to the action-

value functions for each state-action pair Q(S, A). These action-values are updated based

on the standard Q-learning back-up update rule explained in section 2.1.3 while training

the agent in simulations or in real-time experiments. The agent needs to be initialized

with the parameters needed to implement the Q-learning algorithm guided by the se-

lection rules presented in section 3.2. By analyzing the action-values q stored, an explo-

ration or an exploitation policy is followed to apply an action to the environment.

• The environment: this component represents the physical properties of the navigation

environment that interacts with the reinforcement-learning agent. In simulation, as will

be explained in this section, it represents a simulated behaviour of a SSMR navigating

in a slippery environment with obstacles. If the learning agent applies an action on the

environment, the action will cause the change of the SSMR states. The agent receives

as feedback the new states and a scalar reward value. This reward value characterizes

the desirability of the applied actions in terms of reaching the goal, hitting an obstacle,

or moving on a slippery area. The selection of the reward values are guided by rules

presented in section 3.1.3. In real-time, this component represents data obtained from

the real-robot to represent its state and data sent to it to execute the actions. This will be

explained in details in section 5.2.3

• The environment model: this component is created by storing all the navigation experi-

ences (s, a) → (s′,r ) to build a distribution model for the system dynamics p(s′,r )|(s, a).

Since the state-action spaces are discrete, this distribution model is constructed to be a

multinomial probabilistic model (section 2.4) and will be used to simulate hypothetical

motion experiences that can directly update the action-values q for every state-action

pair.

• The robot model: this component represents an area-dependant learned kinematic

model of the SSMR. This model is constructed online by gathering data representing the

wheel velocities [ωL ωR ] and the robot velocities [vx vy ω] and using a Bayesian regres-

sion model to fit these data (section 4.2). This model is used while creating hypothetical

experiences to predict future states and rewards for state-action pairs that have not been

experienced before and are not stored in the environment model. The model assumes

an obstacles-free environment while making predictions.

4.1.2 Platform realization

The interacting components are realized through python classes. In this section the structure

of the three main classes necessary for the Dyna-Q algorithm (QLearn class, env class and

world_model class) are presented. The last component (robot_model) which is an extension

to the main algorithm is introduced in section 4.2. In this section, an abstracted representation

for these classes is shown to explain how their data are structured and their methods function-

ality.

The reinforcement-learning agent

The agent contains the parameters needed to implement the Q-learning algorithm (α,γ and ε)

and it has a dictionary q that maps every state-action pair to its action value. The main two

functions of the agent are:
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• Actions selection policy: It is possible to select an action to be applied on the environ-

ment based on a desired policy π. This policy is chosen to be an ε− g r eed y policy to

ensure sufficient exploration of the state space.

Result: ε− g r eed y action

Initialize r and ∈ [0,1] ;

if r and > ε then

action = ar g max|a{q(s, a)} ∀a ;

else

greedy_action =ar g max|a{q(s, a)} ∀a ;

action = ar g max|a{q(s, a)} ∀a 6= g r eed y_acti on ;

end

Algorithm 3: Selecting an action based on an ε− g r eed y policy.

The policy is shown by algorithm 3. A random variable is selected between 0 and 1

(r and ∈ [0,1]). The action with the highest value is selected if (r and > ε). Otherwise, the

action with the second highest value is selected. This exploration strategy is called soft-

max action selection (section 3.2). The QLearn class applies this function by the method

chooseAction().

• Action-values backup: the aim of the algorithm is to converge to the optimal action-

values for every state-action pair q∗(S, A). This is achieved by doing a numerical backup

update for the value Q(St , At ) of each (St , At ) after receiving a reward Rt+1 and moving to

a new state St+1 according to the following rule:

Q(St , At ) ←Q(St , At )+α[Rt+1 +γmax|aQ(St+1, a)−Q(St , At )] (4.1)

It is also possible to store the rewards received for n interaction steps and use weighted

sum of them to do the backup of the state-action pair in the beginning of these n steps

(St−n+1, At−n+1). This weighted sum is called the discounter return and is defined by [28]:

Gt :t+n = Rt+1 +γRt+2 + ...+γn−1Rt+n +γnQt+n−1(St+n , At+n),n ≥ 1,0 ≤ t (4.2)

Following this definition the updating rule is:

Q(St−n+1, At−n+1) ←Q(St−n+1, At−n+1)+α[Gt :t+n −Q(St−n+1, At−n+1)] (4.3)

This idea is called n-step bootstrapping and it is desirable for systems where it is

needed to wait for a significant length of steps to receive a recognizable change in

the given reward. This is useful for navigation problems if the orientation level is

highly-discretized. The QLearn class applies this backup function by the method

learn(state_prev,action,state,reward).

The environment

The environment can be fully characterized by the physical properties of the SSMR, slippage

coefficients at each state and the obstacles configurations. The env class is developed to rep-

resent the environment interacting with the agent. The structure of this class for the real-time

experiments is presented in section 5.2.3. In simulation, this class is formed by two classes.

The SSMR class (section 5.4) is used to represent the motion properties of the robot and slip-

page properties at every positional state (x, y). In order to simulate different obstacles config-

urations, the library gym-pathfinding developed by [31] is used. The library enables creating

discrete navigation environments with obstacles at different configurations 4.2.
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Multinomial probabilistic world model

Creating an online model of the environment dynamics is the core-stone of the model-based

reinforcement learning. This model can be used to simulate hypothetical training experiences

and update the action-values q as if they have occurred in reality. Therefore, any change in

the q-value of a state-action pair is going to propagate to values of other pairs through hypo-

thetical experiences. This helps accelerating the convergence of the algorithm significantly.

The basic idea to create this model is to build a look-up table that maps each state-action

pair (s, a) to a next state and a reward (s′,r ). This idea ((s, a) → (s′,r )) is valid while dealing

with deterministic processes. If the process is stochastic, the model should represent a proba-

bility distribution over the next states and rewards p(s′,r )|(s, a), which is called a distribution

model [28]. In the case where the output of the stochastic process is discrete, the probabilistic

models that can describe the process are multinomial distribution models [7]. In the con-

text of the navigation problem, applying a distinct action Ad at a particular state Si can be

treated as an independent stochastic event that can yield a sequence of discrete K observa-

tions {(S′
j

1,R1), (S′
j

2,R2), ..., (S′
j

K ,RK )}. Note that the elements of each yield (S j ,R) are depen-

dent. Therefore the mapping is modified to:

(Si , Ad ) → {(S′
j

1,R1), (S′
j

2,R2), ..., (S′
j

K ,RK )},d ∈ {1,2,3,4}, i 6= j ∈ {1, ...,n ×m ×o} (4.4)

where d is the number of possible actions at each state i and n ×m × o represents the total

number of discrete states when the discretization levels of the x, y and θ states are n,m and o

respectively. The aim of such mapping is to build a probability for observing a particular yield

(S′
j
,R) given (Si , Ad ). Assume that this yield has been observed m times out of K observation.

Therefore,

p(S′
j ,R)|(Si , Ad ) =µ j =

m

K
(4.5)

Result: world_model

Initialize world_model table with (St , At ) key ;

for every (St , At ) do

Initialize St+1 [(St , At )]array ;

Initialize Rt+1[(St , At )] array ;

Initialize prob table with (St+1,Rt+1) as a key ;

end

for every (St , At ) → (S j ,R j ) do

Add S j to St+1[(St , At )] ;

Add R j to Rt+1[(St , At )] ;

Initialize m = length ([ S = S j for S in St+1[(St , At )] ] ) ;

Update prob[(S j ,R j )] = m/length(St+1[(St , At )]) ;

end

Algorithm 6: World model updating algorithm.

The bias of this model depends only on the noise in the observations so it can be assumed to be

unbiased if sufficiently large K observations are captured (K →∞). This implies that the influ-

ence of the model on updating action-values q improves with time while training. In python,

this world model class is created with a python dictionary to map every state and action to all

the observed next states and next rewards. The class has a method update_world_model() (al-

gorithm 6) that is called after each real interaction to store the experience. It also contains a

method hypothetical_experience(N) (algorithm 7) that implements N hypothetical q updates
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once being called. For these hypothetical experiences, the nexts states and next rewards are

chosen based on their probabilities of occurrence calculated by equation 4.5.

Result: N simulated q updates

for N times do

Randomly select (St , At ) from world_model ;

Select random i in range [0, length St+1[(St , At )]] ;

Calculate S′ = St+1[(St , At )][i ] ;

Calculate R ′ = Rt+1[(St , At )][i ] ;

Update Q(St , At ) ←Q(St , At )+α[R ′+γmax|aQ(S′, a)−Q(St , At ) ;

end

Algorithm 7: Hypothetical experience algorithm.

4.1.3 Dyna-Q algorithm

Based on the components and the algorithms explained in the previous section, the Dyna-Q

training algorithm is presented. In the beginning, some considerations regarding state space

discretization options and the reward shaping are discussed.

State-space discretization

The fineness of the discretization levels has a great impact on the quality of the Dyna-Q learn-

ing algorithm. From one side, having very fine discrete levels makes the convergence rate of the

algorithm very slow. This is for two reasons; the first one is the probability of finding states that

gives a positive reward significantly decreases. Secondly, it requires a huge number of state

transitions to span the whole state space which is needed to guarantee convergence. On the

other hand, if the state space is coarsely-discretized, the process tends to be non-Markovian

based on the analysis provided in 3.1.1. This is undesirable because the Q-learning algorithm

is reliable only for (partial) Markovian stochastic processes. Therefore, finding the most suit-

able state-space discretization levels is a challenge that depends on properties of the navigation

problems such as the map area, the robot size and obstacles sizes and shapes. For the purpose

of carrying out reinforcement-learning training experiments, the discretization levels are con-

sidered essential design parameters.

Reward shaping

Rewards are given to the agent to evaluate its behaviour based on algorithm 4. The previous

state of the agent is compared with its new state and the environment returns a scalar reward

based on the change of its state. If the state does not change after applying the action, this is

an indication for hitting an obstacle, so a reward -1 is returned. On the other hand, if the new

state is the target location, it is an indication that the task has been completed successfully,

so a reward 1 is sent to the agent. Otherwise, the reward can be a function of the previous

and current states. For example, if the Euclidean distance between the new and current state is

significantly small which indicates slipping, a negative reward can be sent to the agent. Besides,

the idea of assigning a potential to its discrete cell and using the change in potential to give

rewards to the agent has been discussed in section 3.1.3. The approach assigns a potential

value φ(s) to each cell in the navigation grid. The potential is determined based on the distance

between the cell and the goal and the distance between the cell and known obstacles. The

transformation applied to the sparse reward will be R ′ = R +F where R is the sparse reward

value and F is calculated by the potential difference:

F (s, a, s′) = γφ(s′)−φ(s) (4.6)

This reward shaping idea is called potential-based reward and it is very attracting option be-

cause it incorporates knowledge about the navigation problem inside the reward function de-

sign. The only disadvantage is that the potential function for each state must be recalculated
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for each state every time the navigation map is updated increasing the computational time of

the solution. Therefore, the idea will be compared to the traditional sparse reward shaping and

if there are no significant improvements, the sparse reward shaping will be used to avoid the

computational time cost of the potential-based reward shaping.

4.1.4 Orientation-based rewards

The potential-based reward shaping function introduced in section 4.1.3 assigns rewards to the

robot by analyzing only its discrete position (x, y). As explained in figure 4.3, the reward is -1

around obstacles, 1 at the target. Otherwise, the reward will be calculated using the Manhattan

distance between the discrete cell and the target defined as follows:

dM AN = |xt ar g et −x|+ |yt ar g et − y | (4.7)

Thus, the reward becomes r = 1
d 2

M AN

which is defined to be position-based reward. It is possi-

ble to include the orientation in the calculation of the reward shaping function. The criterion

will be that orientations which point towards free areas are better than orientations that point

towards obstacles. Therefore, it is needed to predict the effect of applying a front action on the

current orientation to determine whether it will lead to an obstacle or not (figure 4.3). Accord-

ingly, the orientation-based reward can be calculated by the following equation:

ro =

o+i
∑

o−i

rp (s′|(s, a = F )) (4.8)

The reward ro at a specific orientation o depends on the sum of position-based rewards rp of

the next state if a forward action is applied at this orientation o and for preceding and following

i orientations. As shown in figure 4.3, orientations that point towards obstacles have more neg-

ative position rewards sum than orientations that point to free areas. Since the idea depends

on the next states if a forward action is applied, it will consequently depend on the model cre-

ated to predict the next states. Therefore, this idea will be applied only to model-based RL

algorithms (the smart planning prioritized Dyna-Q and the extended Dyna-Q algorithms). The

standard Q-learning algorithm uses only the position-based reward function.

Figure 4.3: The position-based reward is given for each discrete cell. The robot location is the green cell

whose position reward is 0.6. However, different robot orientations have different orientation-based re-

wards which depend on executing a forward action. For example, the up orientation has an orientation

reward (rup =−1−1−1+0.8+0.7 =−1.5). On the other hand, the down orientation has an orientation

reward (rdown =−1−1−1−1+0.5 =−3.5). Therefore, the robot state whose orientation points up has a

larger value.
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Result: Approximately optimal q∗

Initialize α, θα, γ, ε , θε and Q0 (section 3.2) ;

for N episodes do

Reset the environment and get St = Si (algorithm 5) ;

if ε> θε then

ε *= discount factor ;

end

if α> θα then

α *= discount factor ;

end

for M trials do

Select A for St based on an ε− g r eed y policy π (algorithm 3) ;

Apply a step on the environment using A and Observe St+1 , Rt+1 (algorithm 4) ;

Update world model (algorithm 6) ;

Update Q(St , At ) ←Q(St , At )+α[Rt+1 +γmax|aQ(St+1, a)−Q(St , At )] ;

Execute N hypothetical experiences (algorithm 7) ;

if Not Terminal then

St = St+1 ;

else

break ;

end

end

end

Algorithm 8: The Dyna-Q learning algorithm.

Dyna-Q training loop

The reinforcement learning training algorithm is structured based on the previous algorithms

as shown in algorithm 8. The algorithm implements N training episodes where N should be

adjusted based on the dimension of the state space to guarantee having sufficient training that

allows the convergence to q∗. For each episode, the agent applies M actions on the environ-

ment based on the ε− g r eed y policy and updates the action-values Q(St , At ) for each state-

action pair. The episode terminates if the target location is reached or after M trails to optimize

the computational time of the algorithm. When the episode terminates, the environment is

reset and the agent starts a new episode from Si .

4.2 Learning SSMRs kinematic model

The probabilistic model used in the previously introduced Dyna-Q platforms provides proba-

bility distributions over next states and rewards for already visited states (p(St+1,Rt+1)|(St , At )).

By obtaining a generic model that can predict the robot behaviour at any admissible state, it is

possible to execute hypothetical experiences at any location of the map to update the action-

values q much faster. For SSMRs, it is possible to learn the kinematic model of the robot model

online to improve its predictability [13][33]. This section introduces the algorithm used to learn

the kinematic model of the SSMR slip-dependant kinematic model discussed in section 5.1.1.

This model maps the wheel velocities of the mobile robot [ωL ωR ]T and the evolution of the

robot velocities expressed in a local frame [vx vy ω]T (figure 1.4.1) by the following equation:





vx

vy

ω



=







r (1−λL )
2

r (1−λR )
2

X IC R r (1−λL )
2c

−X IC R r (1−λR )
2c

−r (1−λL )
2c

r (1−λR )
2c







[

ωL

ωR

]

(4.9)
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The kinematic parameters that need to be learned are the longitudinal slip coefficients at each

wheel λl , λR , the effective wheel radius r and the instantaneous centre of rotation X IC R . The

longitudinal slip coefficients (λl , λR ) and the effective wheel radius r relates the output vec-

tor [vx ω]T to the input vector [ωL ωR ]T at each state. Similarly, the instantaneous centre of

rotation X IC R relates the output vy to the input ω. The analysis that has been introduced in

section 3.4 recommends dividing this multi-output regression problem between [vx vy ω]T

and [ωL ωR ]T to the following independent single-target regression problems :

• h1 : ΩωL ×ΩωR →Ωvx ,x = (ωL ,ωR ) 7−→ y = vx

• h2 : ΩωL ×ΩωR →Ωω,x = (ωL ,ωR ) 7−→ y =ω

• h3 : Ωθ̇→Ωvy ,x = θ̇ 7−→ y = vy

To solve these three problems, data representing the inputs and the outputs are collected from

the environment at each discrete x − y state. Thus, the collected data sets have the following

form:

DAi
= {(x(1), y (1)), .., (x(N ), y (N ))} (4.10)

Where Ai represents the area where the data D have been collected (figure 4.4), x(l ) =

(ω(l )
L

,ω(l )
R

, θ̇) represents the input feature instance l and y (l ) = (vx ,ω, vy ) represents the output

feature instance l . Accordingly, three regression models [h1 h2 h3]Ai
should be learned for each

Ai discrete grid. The models are created to fit the data using a suitable regression method. The

Bayesian ridge regression is capable of build strong regression models that are robust to noisy

data sets. Characteristics of the Bayesian regression method have been presented in section

2.6. It is possible to create Bayesian ridge regression model in a Python-based environment

using sci-kit library [22].

A look-up table with an entry key of the discrete grid coordinate Ai is created and the data cap-

tured at each grid are stored accordingly. After each step, the data captured are divided into

two subsets. One set is used to train the model and the other is used to validate the model

through calculating the coefficient of determination R2 of the prediction. The coefficient of

determination is defined by:

R2
= 1−

Sr es

Stot
(4.11)

Where Sr es is the residual sum of squares of each prediction error ei ):

Sr es =
∑

i

(yi − ti )2
=

∑

i

e2
i (4.12)

And Stot is called the total sum of squares and it is proportional to variance in the data and is

defined by:

Stot =
∑

i

(yi − ȳ), ȳ =
1

n

n
∑

i=1

yi (4.13)

The coefficient of determination R2 can be used to assess the model predictability [22]. The

best possible score is 1 and a model that always predicts the expected value of y regardless of

the input features would get an R2 worst score of 0.
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Figure 4.4: Dividing the map into a set of areas Ai different from the discrete levels of the state space.

The power of these models is that they can be created with respect to grids Ai with coarser

discretization levels than the discrete levels of the state-space. For example, as shown in (figure

4.4), the navigation map can be divided into a number of areas Ai and models created at each

area can be used to predict the robot motion in states enclosed by it. Therefore, a look-up table

is created to map each state St to the area that includes it Ai .

Result: N simulated q updates

Initialize δR2 ;

for N times do

Randomly select (St , At ) ;

if (St , At ) in world_model then

Select random i in range [0, length St+1[(St , At )]] ;

Calculate S′ = St+1[(St , At )][i ] ;

Calculate R ′ = Rt+1[(St , At )][i ] ;

Update Q(St , At ) ←Q(St , At )+α[R ′+γmax|aQ(S′, a)−Q(St , At ) ;

else

Look-Up Ai that includes St ;

Calculate R2
Ai

;

if R2
Ai

> δR2 then

Predict St+1 using [h1h2h3]Ai
;

Predict Rt+1 using (St ,St+1) (algorithm 4 ) ;

Update Q(St , At ) ←Q(St , At )+α[Rt+1 +γmax|aQ(St+1, a)−Q(St , At ) ;

end

end

end

Algorithm 9: Hypothetical experience algorithm.

The created robot motion model can be integrated into the architecture of the learning sys-

tem as shown in figure 4.1 extending the world probabilistic model. Therefore, the algorithm

7 is modified to make predictions using the robot model for state-action pairs that have not

been visited before (algorithm 9). If the state-action pair (St , At ) has not been visited and is

not stored in the world model loop-up table, it is possible to use the robot motion model to

predict (St+1,Rt+1) for this pair. The algorithm finds which area Ai includes St and makes the

(St+1,Rt+1) prediction only if the coefficient of determination of the model is larger than a de-

fined threshold δR2 .

4.3 Smart planning

While simulating hypothetical experiences, state-action pair are selected randomly. It is possi-

ble to prioritize this selection for state-action pairs whose action-values change more rapidly
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in the real experience updating. This idea is called prioritized sweeping (PS) (section 2.5) and

has been argued by [4] to optimize the usage of computational resources for more interesting

state-action pairs. Another similar idea that has been proved to accelerate the convergence to

a (sub-optimal) path is to keep track of the shortest trajectory taken to reach the goal and prior-

itize the hypothetical experiences around it. This makes the reward propagates from the target

state to all the states around the trajectory which makes the action-values of state-action pairs

over this trajectory converge much faster.

Figure 4.5: The red trajectory represents the shortest discovered path between the green and the blue

cells. By simulating the transitions along the red trajectory after the reward is received, the effect of the

reward propagates along the trajectory and to other state-action pairs that lead to it.

The idea is illustrated by figure 4.5. The algorithm stores all the paths taken to reach the goal

during the exploration phase. Once a shorter path is experienced, a hypothetical experience is

simulated along all the state-action pairs among it starting from the last state that received the

positive reward. This makes the effect of the positive reward propagate all over the state-action

pairs on the trajectory. In the following episodes, the agent is more likely to take optimal greedy

actions to keep itself around that trajectory whose state-action pairs have the highest values.

After that, when the hypothetical updates are done randomly, other state-action pairs values

that lead to this trajectory are also updated. Therefore, the agent will have a tendency to take

greedy actions to move towards the shortest discovered path. This idea is significantly powerful

in improving the learning performance as will be discussed in chapter 6.
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5 Experimental Design

This chapter shows the simulation and the real-time platforms designed to validate the pro-

posed algorithms presented in chapter 4. It is required to determine whether adopting

model-based reinforcement-learning approaches improves the learning performance of Skid-

Steering-Mobile-Robots in unknown environments. In the literature, reinforcement learning

algorithms are compared based on the following performance measures:

• The cumulative reward: It is defined by the sum of scalar rewards harvested over a train-

ing episode. It provides a quantitative measure to the quality of the robot trajectory all

over the episode. If the movement trajectory avoids obstacles and reaches the goal in

minimum steps, the effect of the positive reward received when reaching the target dom-

inates the rewards sum. In contrast, if the major portions of the trajectory surround ob-

stacles or slippery areas, the negative rewards received will dominate the sum. The ideal

behaviour of the cumulative rewards during the training is explained by figure 5.1.a.

Figure 5.1: (a) The ideal cumulative rewards behaviour. They increase during the training and saturate

when the optimal policy is reached. (b) The ideal number of actions/episode behaviour. They decrease

during the training and saturate when the optimal policy is reached.

• The number of actions per episode: The length of a trajectory is characterized by the

number of actions executed between the initial and the target state. In initial training

episodes, the exploration phase dominates. Therefore, the number of actions taken to

reach the goal is large. Once the action-values start to converge, the exploitation phase

follows the learned optimal policy and the number of steps taken to reach the goal de-

creases. The ideal behaviour of the episode length during the training is explained by

figure 5.1.b.

• The convergence speed: It is characterized by the number of episodes required to con-

verge to an approximate optimal policy. Thus, it is usually desirable to minimize such a

number to achieve high efficiency. The convergence is detected if the minimum change

for each updated action-value q is less than a threshold θc .

• The success rate: The training episode terminates if the goal is reached or if the number

of actions exceeds a predefined trials number (tr i al smax ). In the long-term behaviour,

each episode always terminates when the goal is reached since the number of actions

to reach the goal by the optimal policy is less than tr i al smax . However, it is possible to

evaluate algorithms behaviours in the exploitation phase by comparing the number of
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successful episodes that have terminated by reaching the goal (Ns) to the total number

of training episodes after the convergence (Ntot al ). Accordingly, the term success rate SR

is defined for every algorithm:

SRNtot al
=

Ns

Ntot al
(5.1)

The designed experiments are aimed to provide an appropriate platform to compare between

designed RL algorithms according to the previously mentioned performance measures. The

first section of this chapter shows how a simulation platform has been structured to validate

the designed algorithms in a Python-based environment. Then, it shows the properties of the

experiments implemented using simulations whose results will be explained in chapter 6. The

second section shows how a real-time experimental set-up has been designed to carry out real-

time RL experiments. It explains the requirements needed for the set-up motivating its hard-

ware and software structures. Then, it explained the properties of the RL experiments to be

implemented in real-time whose results are explained in chapter 6.

5.1 Experiments in simulation

It is required to provide a simulation model for the motion of SSMRs that can be used to val-

idate the designed reinforcement-learning algorithms before implementing the real-time ex-

periments. The reason for that is that the time needed to validate reinforcement-learning al-

gorithms in reality is undesirably-long [12]. Therefore, by having a sufficiently-abstract model

that can simulate the robot motion, it is possible to design and test reinforcement learning

algorithms much faster.

Figure 5.2: SSMR free body diagram [13].

5.1.1 Slip-dependant kinematic model

In the literature, the kinematic and the dynamic models for four-wheels SSMRs are provided

for the purpose of trajectory tracking control. To use such models, the following assumptions

are considered [18]:

1. The robot centre of mass coincides with its body geometric center.

2. The contact between the ground and the wheels is reduced to a point contact.

3. The rolling resistance force of the wheels are negligible.

4. Each side’s two wheels has the same rotating speed.
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5. The normal forces applied to the robot from the ground are equally distributed among

the four wheels.

6. The robot motion is on a flat surfaces and the four wheels are always in contact with the

ground surface.

Under these assumptions, the relation between the wheels velocity vector [ωLωR ]T and the

generalized velocity vector [Ẋ Ẏ θ̇] (figure 5.2) can be derived as shown in section 2.5 to be [13]:





Ẋ

Ẏ

θ̇



=





cos(θ) −si n(θ) 0

si n(θ) cos(θ) 0

0 0 1











r
2

r
2

X IC R r
2c

−X IC R r
2c

−r
2c

r
2c







[

ωL

ωR

]

(5.2)

Figure 5.3: (a) Velocities components at one wheel. (b) Resolved velocities components of the robot

body [13].

It is difficult to depend only on this model to simulate an accurate motion for SSMRs. The

drawback of this model lies in the pure rolling assumption in the longitudinal x-direction (fig-

ure 5.3.a ). In practice, sliding in longitudinal and lateral directions always occurs for several

reasons. Longitudinal sliding can occur while moving on slippery surfaces with low friction co-

efficients [2]. In addition, sliding in the lateral direction is an inherent property of the SSMRs

motion. It occurs when the robot changes orientation where reactive friction forces are usually

more dominant than inertial forces [18] and thus they influence the robot motion significantly.

This implies that the dynamic properties of SSMRs play an important role in determining the

their motions. These sliding properties have a non-linear behaviour that depends on various

factors such as shapes and materials of the wheels tires and the ground [2]. Therefore, devel-

oping a dynamic model for SSMRs has been discussed intensively in the literature. However,

these models need a lot of computational effort to calculate complex dynamics since it requires

a number of integral operations [2][33]. Thus, some trials have been discussed in the literature

to include slip coefficients in the kinematic model of SSMRs [33][18]. In the approach pre-

sented in [18], the longitudinal wheel slip λi at each wheel is defined by the ratio between the

difference of the wheel velocity and its center velocity, and the wheel velocity:

λi =
rωi − vi x

rωi
=−

∆vi x

rωi
, i = 1, ...,4 (5.3)

where r is the effective wheel radius, ωi is the angular velocity of wheel i and ∆vi x = vi x − rωi

is defined to be the longitudinal slip velocity of the i th wheel/ground contact point Pi (figure

5.3). Under assumption 4, it is valid to assume λ1 = λ2 = λL and λ3 = λ4 = λR as ω1 =ω2 =ωL
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• plot_robot(): this method can be used to plot the simulated robot location after execut-

ing actions.

• get_discretized_state(): this method returns the discrete x, y and θ pose of the robot.

Figure 5.5: (a) The slip coefficients distribution over a 200x200 grid map. (b) The robot moves faster

and almost in a straight line in the first 100 actions because the slip is small. After that, when the slip

increases the robot diverges from the straight line and moves slower.

It is possible to use this class to simulate the behaviour of the robot given a map with a desired

slip distribution. In figure 5.5.a, the slip is designed to increase with the coordinates of the x-y

discrete locations. The robot applies 200 move-forward actions. As shown in figure 5.5.b, in the

first 100 moves where the slip is small, the robot moves faster and almost in a straight line. After

that, when the slip increases the robot diverges from the straight line and moves slower.

5.1.3 Experiments properties

To validate the designed reinforcement learning algorithms in simulation, the map shown in

figure 5.6 is used. The map is created using gym-pathfinding library developed by [31]. Other

map configurations (figure 4.2) will be used to validate whether the designed algorithms are

map-invariant. The motion of the robot in the map simulates the kinematic behaviour of a

SSMR as explained in section 5.1.1.

Figure 5.6: The task is to learn an optimal trajectory to navigate from the green to the red cell.

The simulated experiments share the parameters properties defined by table 5.1. The selection

of the values of these parameters is guided by the selection criteria detailed in section 3.2. The
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Parameter Value Behaviour

Exploration factor (ε) 70% → 1% Decreases with time

Discount factor (γ) 0.9 constant

Learning rate (α) 1 → 0.9 Decreases with time

Convergence threshold (θc ) 0.001 constant

Maximum trials per episode (Mmax ) 500 → len(shortest path) Re-assignment if shorter path found

Number of episodes (N ) 2000 constant

Discretization level along x-Axis (n) 25 constant

Discretization level along y-Axis (m) 25 constant

Discretization level around θ (o) 20 constant

Table 5.1: Experiments parameters.

exploration factor ε is initialized with a high value of 70% to encourage applying exploratory

actions, then it is discounted after each episode. In order to overcome possible local minima

the exploration is not fully terminated, but the exploration factor is reduced to 1% Accord-

ingly, the agent starts to adopt a greedy policy over the action-values. The discount factor γ

is set to a huge value of 0.9 so that the learn depends on the optimal value of the next state

V (s′) = max|aQ(s′, a′) to update the action-value Q(s, a). The learning rate α is set to a huge

of 1 to eliminate the bias to the initial values Q0 by providing higher weight to the received re-

wards over the pre-assumed initial values Q0. Because the environment is assumed to be static,

it is not expected to receive a time-variant reward signal r (t ) from the same next state. There-

fore, any change in the given reward from the same next state is considered to be faulty due

to skidding and its effect on the action-value needed to be reduced. Thus, after convergence,

the learning rate α is reduced to a value of 0.9 to reduce the effect of these noisy rewards. As

detailed in section 4.1.3, the discretization levels are designed by trial-and-error based on the

learning experiment. The selected levels 25×25×20 have proven to provide a satisfactory per-

formance.

5.2 Experiments in real-time

5.2.1 Setup requirements

Figure 5.7: Four-wheel mobile robot used for the experiments.

A four-wheel Skid-Steering-Mobile robot (figure 5.7) has been built to validate the designed

algorithms. It has been designed with the following properties to enable implementing training

experiments for sufficiently-long time to guarantee convergence:

Robotics and Mechatronics M. Alhawary



50

Reinforcement-learning-based navigation for autonomous mobile robots in unknown

environments

• It has a Bluetooth module to connect to a master PC that runs the reinforcement learning

algorithm so that the robot can receive actions to be executed and send data representing

the wheels angles.

• It uses a ceiling camera (figure 5.8) as a sensor that can detect a visual pattern on the top

of the robot (figure 5.7) to fully observe the robot states [x y θ]T .

• It has a high capacity power supply to allow carrying out experiments for long time with-

out any human supervising.

• The two left motors are connected in parallel so as the two right motors to ensure identi-

cal motions assumed by the model.

• Optical encoders are connected to each motor to feedback rotating wheels angles.

Figure 5.8: A photo of the environment taken by a ceiling camera.

5.2.2 Hardware realization

The hardware has been realized using the components shown in table 5.2. The schematic de-

sign of the interacting hardware is shown in figure 5.9.

Component function Used component number

Microcontroller Arduino DUE 1

DC motor with integrated optical encoders EN-2619-SR-IE2-16 4

Bluetooth module HC-05 1

H-Bridge driver L298N 1

Camera Logitech 1080Hd 1

Power bank VOLTCRAFT 7800 mAh 1

Table 5.2: Components used to build the setup.

The reinforcement learning algorithm should be run by a master PC that sends encoded data

to the Bluetooth module HC-05 which represents the actions to be executed by the robot. The

micro-controller (Arduino DUE) decodes these data to determine which action (move-front,

move-back, turn-left or turn-right) should be applied. Accordingly, the micro-controller sends

PWM data representing desired left and right motor speeds to the H-bridge driver (L298N).

The motor driver applies the correct voltage values (VR and VL ) to the motors to execute the

required action.
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Figure 5.9: A schematic diagram of interacting hardware components.

After executing an action, the encoders send the new rotating angle of each wheel

(θF R ,θF L ,θRR ,θRL) to the micro-controller. The micro-controller calculates accordingly the

wheel speeds (ωl ,ωr ) which are sent to the PC through the Bluetooth module (HC-05). In

addition, the camera tracks the visual pattern installed on the top of the robot and sends an

image about the changing environments. These images are analyzed to extract the new mobile

robot state (x, y,θ). The design of the software that controls this hardware set-up is presented

together with relevant algorithms in section 5.2.3.

5.2.3 Software realization

This section shows the design of the software used to run and communicate between the hard-

ware components of the setup (figure 5.9). The reinforcement learning algorithm is run in a

python-based development environment. In order to communicate with the hardware of the

camera and the car, a class real_env is created. This class is composed of two main compo-

nents:

• The communication server: it is built using Python serial library. It encodes the selected

actions to be executed into letters: F,B,L,R for move-forward, move-backward, turn-left

and turn right respectively. These letters are sent to the car through the Bluetooth mod-

ule that is connected to the micro-controller. It encodes the received data to the fol-

lowing functions: moveForward(), moveBackward, moveLeft() and moveRight() to be

executed by the car. In order to synchronize the motion of the robot with the sent com-

mand data, the algorithm waits for a signal which indicates that the action is fully exe-

cuted before sending a new command to the robot (algorithm 10). On the other hand,
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the micro-controller sends the encoders reading to be processed by the reinforcement-

learning algorithm.

• The states observer: Once the action is fully executed, the algorithm starts processing

the image captured by the camera that contains the new pose of the pattern that is at-

tached to the robot. The algorithm uses the open CV library to track the position and

the orientation of a frame attached to the visual pattern. Accordingly, the planar [x y]

location of the mobile robot and its orientation around the z-Axis (the red frame) are

extracted and discretized with the desired discretization levels.

Figure 5.10: The software architecture of the setup interacting components.

Figure 5.11: The tracked frame in the visual pattern image.

Before starting the real experiment the map is calibrated to determine the limits of the mea-

surements along the x and the y axes (xmi n , xmax , ymi n and ymax ). Accordingly, the discrete
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level of each grid can be calculated using algorithm 11. These calculated states are fed back to

the learning algorithm to close the algorithm loop.

Result: Synchronized communication between Python and Arduino Due

for every action command do

Encode the action to the equivalent letter. ;

Send data to the Bluetooth module. ;

while not isReady() do

Pass ;

end

end

Function isReady() {

Decode inputData received from the Bluetooth module. ;

if inputData == ’ready’ then

return True ;

else

return Fasle ;

end

}
Algorithm 10: Algorithm used to synchronize commands sent from the RL learner to the mo-

bile robot.

Result: x_di scr ete , y_di scr ete , θ_di scr ete

Initialize xmi n , xmax , ymi n and ymax ;

Initialize n,m and o discretization levels ;

while True do

Capture the image ;

Detect chessboard pattern ;

if pattern found then

Solve for exact x, y and θ ;

x_di scr ete = f loor ( x×n
xmax−xmi n

) ;

y_di scr ete = f loor (
y×m

ymax−ymi n
) ;

θ_di scr ete = f loor ( t an−1(si n(θ)/cos(θ))×o
2π ) ;

Return x_di scr ete , y_di scr ete , θ_di scr ete ;

end

end

Algorithm 11: Algorithm used to calculate discrete [x, y,θ] states.

5.2.4 Experiments properties

The designed algorithms will be validated in real-time through the navigation task shown in

figure 5.12. This section shows the results of adopting the prioritized Dyna-Q smart planning

algorithm. The results of using the standard Q-learning algorithm and extending the Dyna-Q

with the robot kinematic model are also discussed.
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Figure 5.12: The map used to make the real-time experiments. The star marks the target location.

Reinforcement-learning algorithm in real-time takes a significant long time. Therefore, it is not

feasible to run the experiment for too many episodes, even though, a map with small dimen-

sions (62cm x 50.5cm) is used (figure 5.12). The number of episodes to run the experiments

has been determined by trying the fastest algorithm and checking the time needed for its con-

vergence pattern to stabilize. It has been proved that 190 episodes are sufficient to converge

to a sub-optimal behaviour for the prioritized smart-planning algorithm. Therefore, other al-

gorithms are experimented for 190 episodes to compare them. Making real-time experiments

has the problem of non-stationary rewards. Non-stationary rewards are received by the robot

due to the skidding. When the robot applies the same action in the same state, it is not possible

to move to a unique next-state, but due to the skidding properties, it is probable that the robot

will visit a set of next-states. Thus, the reward given by the environment is non-stationary and

depends on which next-state the robot will move to. In order to avoid the effect of these noisy

rewards, the minimum value of the learning rate α factor is kept smaller than simulations at

0.8. The minimum exploration factor ε is also kept at a large value of 20%. This is particularly

useful in case the robot is trapped in local minima. Finally, the action space has been reduced

to only "move-forward", "turn-right" and "turn-left" movements. The reason for this is that

including the move-backward action increases the probability of getting stuck in local minima

during the training. The parameters used for real-time experiments are used in table 5.3.

Parameter Value Behaviour

Exploration factor (ε) 40% → 20% decreases with time

Discount factor (γ) 0.9 constant

Learning rate (α) 1 → 0.8 decreases with time

Convergence threshold (θc ) 0.001 constant

Max trials per episode (Mmax ) 300 → avg(episodes lengths) decreases with time

Number of episodes (N ) 190 constant

Discretization level along x-Axis (n) 20 constant

Discretization level along y-Axis (m) 20 constant

Discretization level around θ (o) 20 constant

Table 5.3: Real-time experiments parameters.
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6 Results

In this chapter, the reinforcement learning algorithms presented in chapter 4 are validated

using a Python-based environment. The algorithms are tested using the simulation model

explained in section 5.1.1. Validating the designed algorithms using simulations is desirable

before testing them on the real set-up since the real-time experiments are significantly long.

Firstly, the standard Q-learning algorithm is parameterized and simulated. Then, a Dyna-Q

algorithm which builds a probabilistic model of the system is also simulated. After that, the

algorithm is extended with the smart planning technique which was presented in section 4.3

where the shortest obtained trajectory is used to steer the simulated hypothetical experiences.

Similar algorithms are tried on the real robot in real-time training experiments. Eventually, the

kinematic model of the robot is learned online to extend the probabilistic model of the dyna-Q

algorithm and its influence on the learning behaviour is analyzed. The designed algorithms are

compared based on the performance measures explained in the beginning of chapter 5.

6.1 Simulation results

6.1.1 Standard Q-learning algorithm

The Q-learning algorithm has been simulated for 4000 episodes since 2000 episodes were not

sufficient to reach the convergence. Figure 6.1c shows the explored map with the discovered

optimal trajectory. Each cell of the map is colored with a color representing its optimal value

according to the color map shown in the figure 6.1c. The value of each discrete cell is deter-

mined based on the maximum value of each state-action pair it contains as described by the

following equation:

V (s) = ar g max|a[Q(s, a)∀a] (6.1)

Accordingly, the optimal discovered trajectory navigates along the discrete cells whose optimal

values increase (increasing in the color gradient) from the initial state to the target state. Figure

6.1a shows that the training reaches convergence after 3465 episodes.

Measure Value

The cumulative long-term reward -7

Number of action at optimal policy 17 actions

Convergence speed After 3465 episodes

Success rate 0.23275

Table 6.1: Training results for applying the standard Q-learning algorithm.

Once the optimal path is discovered, the agent adopts a greedy policy towards it. Therefore, af-

ter converging, the successful episodes increase significantly and most of the episodes have the

same number of actions, 17, which is the length of the optimal trajectory. Figure 6.1b shows the

cumulative rewards all over the training. After the convergence, there are some oscillations in

the cumulative reward graphs since the agent deviates from the optimal path in some episodes

due to the stochasticity of the environment.

The results of the standard Q-learning algorithm shows that the convergence is significantly

slow. The reason for that is the value for each state-action pair q which is only updated if the

pair is visited in a real interaction. The state-space has 12500 unique states that give 50000

state-action pairs. The average length of the training episode for the current training experi-

ment is 25 trials. Therefore, at least 2000 episode is required to guarantee that every pair has

been visited assuming that the exploration is completely unbiased (ε= 100%). However, in the

case of the ε−g r eed y policy adopted by the Q-learning algorithm, it takes more episodes than

2000 to sufficiently visit state-action pairs and achieve the convergence.
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6.1.4 Extending the Dyna-Q with a learned kinematic model

As mentioned in section 4.2, a learned kinematic model for the robot motion can be used to ex-

tend the probabilistic multinomial model used by the Dyna-Q platform. Guided by the model

structure elaborated in 4.2, the map is divided into a set of 5×5 areas ( figure 6.4) and for each

area, three Bayesian regression models are created to predict the three robot velocity compo-

nents [vx vy ω]T . The simulation has demonstrated that depending on the learned kinematic

models has significantly decreased the time needed for convergence. Without adopting any

prioritized planning, the algorithm converges to the optimal policy in 317 episodes as shown

in figure 6.5a. The reason for that can be explained by analyzing figure 6.6 that shows how fre-

quent the algorithm depends on the learned kinematic model to make predictions. The figure

shows how many predictions are made per each training episode. The algorithms learns the

kinematic models of some discrete cells in the first 9 episodes and starts making predictions

accordingly. The algorithms uses the learned kinematic model between the 9th to the 150th

episodes such that the number of predictions per episode decreases with time. After the 150th

episode, the algorithm stops depending on the learned kinematic model since most of state-

action pairs have been already visited and stored in the multinomial probabilistic model. The

predictions made using the learned kinematic model have a remarkable influence on acceler-

ating the convergence of the algorithm in 317 (figure 6.5a) episodes instead of 1768 episodes in

case of the traditional Dyna-Q ( figure 6.11a).

Figure 6.4: Dividing the map into 5×5 different areas.

Measure Value

The cumulative long-term reward -6

Number of action at optimal policy 17 actions

Convergence speed After 317 episodes

Success rate 0.55

Table 6.4: Training results for applying the extended Dyna-Q learning algorithm.
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finding the goal shifts the cumulative rewards to higher positive values. However, the influence

of unsuccessful episodes decreases the cumulative reward even in last training episodes. Figure

6.13c shows the values of the discrete states the algorithm converges to. Discrete states close to

the goal have higher values than the states close to the obstacles and states far from it. Similar to

the model-free Q-learning, the state values do not converge to constant unique values and have

some wrong values due to the effect of noisy rewards. Figure 6.13c shows one of the obtained

sub-optimal trajectories. Despite avoiding the obstacle, the robot does not follow the greedy

policy over the states values due to the continuous exploration.

Measure Value

The maximum cumulative reward 95.3

Number of action of the shortest trajectory 31 actions

Convergence speed 60 episodes

Success rate 62.3%

Table 6.7: Training results for applying the prioritized smart planning Dyna-Q algorithm.

6.2.3 Extended Dyna-Q algorithm

Three Bayesian regression models hvx
, hvy

and hω are created to represent the robot kinematic

model as detailed in section 4.2. Because the navigation surface of the experiment is homo-

geneous, its coefficient of friction is assumed to be constant. Thus, we assume it is sufficient

to learn a single kinematic model and use it to make predictions at any location in the map.

As explained in section 4.2, the coefficient of determination R2 is calculated for each learned

Bayesian regression model to evaluate their predictability. Figure 6.15 shows the coefficients

of determination for hvx
, hvy

and hω models. The coefficients are larger than 0.5 after the first

training episode. Therefore, the algorithm depends on the learned kinematic model from the

beginning of the training. Extending the Dyna-Q algorithm with a learned kinematic model for

the robot helps to improve the behaviour in initial training episodes (figure 6.14a). The rea-

son is that the algorithm learns the effect of applying each action on the velocity of the robot

and uses the learned effect to infer the influence of actions on non-visited states. Therefore,

only one training episode reaches the maximum allowable 300 trials. Similar to the prioritized

Dyna-Q, after the 60th episode, the algorithm follows an ε− g r eed y policy with a reduced ex-

ploration factor of 20%. The algorithm has some unsuccessful episodes after the 60th episodes

because of the reasons mentioned in the previous section and because the length of the trials

is reduced to the average of the episodes lengths which is 59. The effect of the unsuccessful

episodes is shown in the cumulative reward negative values along the training. Figure 6.14c

shows one of the sub-optimal trajectories found. It is sub-optimal in the sense that it is not fol-

lowing the states with higher values perfectly. Similar to the Dyna-Q algorithm, the states close

to the targets have higher values than the far ones or states around the obstacle with wrong

discontinuities.

Measure Value

The maximum cumulative reward 91.1

Number of action of the shortest trajectory 29 actions

Convergence speed 60 episodes

Success rate 60.7%

Table 6.8: Training results for applying the extended Dyna-Q algorithm.
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is expected to deviate from it influenced by the discretization errors that it accumu-

lates with time.

• Skidding effects: skidding effects dominate when the robot changes its orientation

[18]. The skidding effects introduce stochasticity to the movement of the robot in

the sense that applying the same action to the same state results in a transition to

a set of possible nonidentical next states. Therefore, the reward received from the

environment to the same state-action pair is time-variant since it depends on the

next state the robot moves to. Moreover, it is hard to assume that the stochastic dis-

tributions that guide these transitions are stationary. Therefore, the algorithm may

take a greedy action based on an optimal policy learned in a particular distribution

but it will not be greedy if this distribution varies with time. In the simulation, the

skidding effects were added to the robot kinematic model assuming the assump-

tions introduced in section 5.1.1. However, the robot can hardly maintain the ideal

behaviour expected by the assumptions.

• Local minima: Local minima are completely undesirable since they may consume

most of the trials available for each episode wasting the time resource of the learn-

ing experiment. The local minima problem arises as a consequence of coarse dis-

cretization of the state space. When the state space is coarsely discretized, applying

different actions on the same state can result in a transition to the same next-state.

Thus, the two action will share the same action-value even though they have dif-

ferent effect on the robot motion. This causes the robot to get stuck in local min-

ima. The minimum exploration factor is kept relatively large (20%) for real-time

experiments to prevent local minima. Therefore, the algorithm will always follow

an ε− g r eed y policy not a greedy one. In simulations, it was possible to simulate

relatively long episodes (2000 or 4000) and checking the greedy behaviour of the

learned policy by reducing the exploration to only 1%. However, difficult and time

consuming to run such long training experiments in real-time.

2. Model-based algorithms behaves better than the standard Q-learning for the following

reasons:

• Robustness to noisy rewards: The Dyna-Q algorithms stores all the next-states ex-

perienced by robot at a given state-action pair. It updates the q-value of the pair

based on the next-state that has the highest probability. Therefore, if the robot ex-

periences a noisy reward through a less probable next-state, the model will correct

its effect by simulation experiences using a more probable next-state. On the other

hand, the model-free Q-learning algorithm is more sensitive to noisy rewards since

their effects are not corrected until this state-action pair is revisited.

• Better long-term behaviour: After the exploration is reduced, the model-based

algorithms follow sub-optimal policies that are shorter. In addition, model-based

algorithms have been proven to have higher success rates than the standard Q-

learning algorithm.

• Shorter training time: The sub-optimal policies followed by the model-based algo-

rithms are generally shorter than the others followed by the model-free Q-learning.

This limits the time of the episodes making the training faster.

3. By changing the material of the navigation surface using a rough material, the perfor-

mance of the learning algorithm is greatly improved. By increasing the friction between

the mobile robot and the ground, the stochastic effects generated by the sliding are

sharply reduced. This reduction results in less noisy rewards and therefore, less wrong

updates in the action-values for both the model-free and the model-based algorithms.
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Therefore, by using a rougher surface, the divergence from learned sub-optimal policies

rarely occurs unlike the slippery surfaces case.

6.5 Reflection

In this section the strengths and the weaknesses of the proposed methods are analyzed based

on the obtained results. The proposed solution provides a discrete representation of state-

action spaces which has various advantages as well as some drawbacks. Representing discrete

state spaces helps to avoid wrong predictions of function approximators during extrapolations

[25]. However, it is practical to depend on the discrete representation of the state space of

relatively small size, otherwise, the convergence of the Q-learning algorithms becomes signif-

icantly small. The size of the discrete state space depends on the chosen quantization levels

to discretize each [x y θ] states. Thus, representing a low-sized state space implies choosing

low quantization levels which lead to quantization errors. This consequently leads to sub-

optimal behaviours. Similarly, representing a discrete action space introduces a constraint to

the optimality of the discovered solution. Accordingly, the discovered optimal trajectories are

all discontinues because they are defined with respect to discrete actions, therefore they can

be considered sub-optimal. It is possible to solve for smooth navigation trajectories only if the

action space is continuous [8]. If the action space is continuous, the reinforcement learning

problem can be solved using policy search methods which is different from the value-function-

based methods adopted by this thesis.

The proposed reinforcement learning solution is model-based. Constructing online mod-

els are beneficial since they allow executing hypothetical planning experiences to update the

action-values. This helps to propagate the effect of updating the value of any state-action

pair to all connected state-action pairs which accelerates the convergence of the Q-learning

algorithm. This has been validated since the model-based algorithms converged significantly

faster than model-free algorithms in both simulation and real-time. Moreover, the simulated

hypothetical experiences are simulated around the shortest discovered trajectories which was

proven to accelerate the convergence. These constructed models are probabilistic, therefore,

they simulate the transition to the most probable states learned from the experience. This

helps to relieve the effect of noisy rewards if a transition to a less probable state takes place.

Therefore, the success rates of model-based algorithms are higher than model-free algorithms

since model-based algorithms reduce the divergence from the discovered sub-optimal trajec-

tories. One drawback of these models appears if the state space is very large. Since the models

are tabular, it is less feasible to construct them for large-sized state spaces. Another drawback

is related to extending the Dyna-Q platform with the robot kinematic model. The proposed

method assumes an obstacle-free map while simulating applied actions to non-visited states.

Therefore, the predictability of the robot depends on the obstacles distributions in the map.

Although the model accounts for the stochasticity generated due to the skidding effects, it

assumes that these stochastic properties are stationary. This assumption can not be guar-

anteed, therefore, the model-based updates will be not be accurate if the stochastic effects

change with time. Moreover, implementing the reinforcement learning in real-time suffered

from local minima problems. Thus, the minimum exploration factor of the algorithms was kept

at significantly large value leading to an ε− g r eed y policies. Accordingly, the agent will keep

applying exploratory actions even after the convergence resulting in following sub-optimal

navigation paths.
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7 Conclusion

This project aimed to structure a novel model-based reinforcement learning solution to the

autonomous navigation of skid-steering mobile robots in unknown environments. The solu-

tion was based on the Dyna-Q platform and is realized by extending the standard model-free

Q-learning with two interacting models. The first model learns the state transition probabili-

ties of the robot in a given environment with unknown static obstacles, and the other model

learns a parametric kinematic model of the robot motion. It has been proven that the state

transition probabilities of the system can be modeled using a multinomial probabilistic model

that incorporates the stochastic skidding dynamics. Moreover, a parametric kinematic model

of the robot motion can be learned online using a Bayesian ridge regression approach. The

parametric kinematic model maps the applied wheels velocities to the resultant robot’s COM

velocities while taking the slippage effects into account.

The online-structured models have been used to simulate hypothetical motion experiences

to update the Q-values in the background through a process termed as planning update. The

multinomial probabilistic model has been used to simulate transitions from already-visited

states and the robot parametric kinematic model was used to infer the effect of applied ac-

tions to non-visited states. The simulated updates was powerful in propagating the effect of

any change in the action-value of any state-action pair to connecting pairs. It has also been

proved that the sequence by which these hypothetical planning simulations are organized

has significant influence on the convergence speed of the algorithm. Accordingly, executing

these simulated learning experiences was prioritized around the shortest discovered naviga-

tion trajectories between the initial and the target states. To validate such ideas, a simulation

and a real-time reinforcement-learning platforms have been designed and implemented in a

Python-based environment. The designed algorithms were compared based on three optimal-

ity criteria: the convergence speed, the optimal trajectory length and the success rate.

It has been experimentally proven that the model-based RL algorithms are more efficient

than the model-free Q-learning. In simulations, model-based algorithms can converge 16

times faster than the model-free Q-learning. It also increases the success rate of the algorithm

for up to 70%. There is no significant difference between the lengths of the optimal trajectories

for all the designed algorithms. On the other hand, validating the designed algorithms in real-

time experiments has shown that the designed algorithms converges not to a single unique

optimal trajectory but to a set of sub-optimal ones. As it has been detailed, combination effects

of discretization errors, time-variant skidding and local minima limit the convergence ability

of the algorithm to a unique optimal solution. However, model-based algorithms still have

better learning performance than the model-free Q-learning. Utilizing the models to simulate

learning experiences makes the robot more robust to noisier rewards caused by stochastic

effects. Therefore, model-based algorithms have better long-term behaviours in terms of

less divergences from sub-optimal trajectories than the model-free algorithm. Consequently,

model-based algorithms have higher success rates of 12% and shorter training episodes which

reduces the total time of the RL experiments.

The performance of all the RL algorithms was significantly improved when a rougher ma-

terial was used for the navigation surface. The real-time experiments showed that increasing

the friction between the ground and the wheels has greatly reduce the sliding stochastic effects.

Accordingly, the examined RL algorithms did not exhibit any significant divergences from the
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learned sub-optimal policies which led to increasing the success rates to double the case of

slippery surfaces.

7.1 Future research

The next step in the research should focus on representing continuous state spaces. Relying on

a continuous state space is expected to eliminate the effects introduced by discretization errors,

thus, increase the Markovian properties of the system. Instead of the tabular representation of

the action-values presented in this thesis, the continuous space representation implies using

an appropriate function approximation algorithm to learn a parametric action-value function

[28]. Neural networks have been combined effectively with Q-learning as function approxima-

tors [29] [17] [34] [30]. In addition, the stochasticity can be integrated into the learned con-

tinuous value function using Gaussian processes [14] [15]. Another important track that can

be further investigated is representing continuous action spaces. This implies that the agent

needs to select multiple actions (each wheel velocity) simultaneously [32]. Continuous para-

metric action spaces are expected to learn smoother trajectories [8]. Parametric action spaces

require solving the reinforcement learning problem using a different approach called policy

search [12]. It has been proven that policy search methods cope well with robotic problems

with high-dimensional state and action spaces[8].
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A Appendix

This appendix shows the codes used to run reinforcement learning algorithms in simulation

and in real-time.

A.1 Simulation codes

A.1.1 SSMR class
� �

1 c l a s s Robot ( object ) :

2 """ Defines basic mobile robot properties """

3 def _ _ i n i t _ _ ( s e l f ) :

4 s e l f . pos_x = 0.0

5 s e l f . pos_y = 0.0

6 s e l f . theta = 0.0

7 s e l f . plot = False

8 s e l f . _delta = 0.01 #sample time

9

10 # Movement

11 def step ( s e l f ) :

12 """ updates the x , y and angle """

13

14

15 s e l f . deltax ( )

16 s e l f . deltay ( )

17 s e l f . deltaTheta ( )

18 def move( s e l f , seconds ) :

19 """ Moves the robot for an ’ s ’ amount of seconds """

20 for i in range ( i n t ( seconds/ s e l f . _delta ) ) :

21 s e l f . step ( )

22 i f i % 3 == 0 and s e l f . plot : # plot path every 3 steps

23 s e l f . plot_xya ( )

24

25 # Printing−and−pl ott ing :

26 def print_xya ( s e l f ) :

27 """ prints the x , y position and angle """

28 print ( "x = " + s t r ( s e l f . pos_x ) +" "+ "y = " + s t r ( s e l f . pos_y ) )

29 print ( "a = " + s t r ( s e l f . theta ) )

30

31 def plot_robot ( s e l f ) :

32 """ plots a representation of the robot """

33 p l t . arrow ( s e l f . pos_x , s e l f . pos_y , 0.001

34 * cos ( s e l f . theta ) , 0.001 * sin ( s e l f . theta ) ,

35 head_width= s e l f . length , head_length= s e l f . length ,

36 fc = ’ k ’ , ec= ’ k ’ )

37

38 def plot_xya ( s e l f ) :

39 """ plots a dot in the position of the robot """

40 p l t . s c a t t e r ( s e l f . pos_x , s e l f . pos_y , c= ’ r ’ , edgecolors= ’ r ’ )

41

42

43

44 c l a s s SSMRobot( Robot ) :

45 """ Defines a SSMR drive robot """

46

47 def _ _ i n i t _ _ ( s e l f ) :

48 Robot . _ _ i n i t _ _ ( s e l f )

49 # geometric parameters

50

51 s e l f . r = 0.0225

52 s e l f . c = 0.06
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53 s e l f . a = 0.05

54 s e l f . b = 0.05

55 s e l f . Xicr = 0.05

56 s e l f . length = 0.1

57

58 # s t a t e s

59 s e l f . omega = 0

60 s e l f . vx = 0

61 s e l f . vy = 0

62

63

64

65 s e l f . omega_r = 0.0

66 s e l f . omega_l = 0.0

67

68 #noise

69 s e l f . noise_co = { }

70 s e l f . Xices = { }

71 s e l f . shape_slippage ( )

72

73

74 def deltax ( s e l f ) :

75 # calculate vx and vy

76 s e l f . omega = s e l f . r * ( s e l f . omega_r−s e l f . omega_l ) /(2* s e l f . c )

77 s e l f . vx = s e l f . r * ( s e l f . omega_r+ s e l f . omega_l ) /2

78 s e l f . vy = −s e l f . Xicr * s e l f . omega

79 # calculate X_dot

80 X_dot = cos ( s e l f . theta ) * s e l f . vx − sin ( s e l f . theta ) * s e l f . vy

81 s e l f . pos_x += s e l f . _delta * X_dot

82

83 i f s e l f . pos_x > 0 . 6 2 :

84 s e l f . pos_x = 0.62

85 e l i f s e l f . pos_x < 0 :

86 s e l f . pos_x = 0

87

88

89

90 def deltay ( s e l f ) :

91 # calculate vx and vy

92 s e l f . omega = s e l f . r * ( s e l f . omega_r−s e l f . omega_l ) /(2* s e l f . c )

93 s e l f . vx = s e l f . r * ( s e l f . omega_r+ s e l f . omega_l ) /2

94 s e l f . vy = −s e l f . Xicr * s e l f . omega

95 # calculate Y_dot

96 Y_dot = sin ( s e l f . theta ) * s e l f . vx + cos ( s e l f . theta ) * s e l f . vy

97 s e l f . pos_y += s e l f . _delta * Y_dot

98

99 i f s e l f . pos_y > 0 . 5 0 5 :

100 s e l f . pos_y = 0.505

101 e l i f s e l f . pos_y < 0 :

102 s e l f . pos_y = 0

103

104

105 def deltaTheta ( s e l f ) :

106 # calculate omega

107 s e l f . omega = s e l f . r * ( s e l f . omega_r−s e l f . omega_l ) /(2* s e l f . c )

108 s e l f . theta += s e l f . _delta * s e l f . omega

109

110 def re set ( s e l f , player ) :

111 # given 3mx3m arena d i s c r e t i z e d to 25x25

112

113 s e l f . pos_x = player [0]*0 .62/24 # di screte l e v e l 5

114 s e l f . pos_y = player [1]*0.505/24 # di screte l e v e l 5

115 s e l f . theta = 0

Robotics and Mechatronics M. Alhawary



80

Reinforcement-learning-based navigation for autonomous mobile robots in unknown

environments

116 #

117

118

119 def optimal_action ( s e l f , action ) :

120

121 s e l f . action = action

122

123

124

125 def take_step ( s e l f ) :

126 s e l f . eta = s e l f . noise_co [ s e l f . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ]

127 i f s e l f . action ==0 :

128 s e l f . omega_l = 1.7 +random . uniform(− s e l f . eta , 0 ) # Add noise in the

omegas ! !

129 s e l f . omega_r = 1.7 +random . uniform(− s e l f . eta , 0 )

130 e l i f s e l f . action ==1 :

131 s e l f . omega_l = −1.7+random . uniform ( 0 , s e l f . eta )

132 s e l f . omega_r = −1.7+random . uniform ( 0 , s e l f . eta )

133 e l i f s e l f . action ==2 : # l e f t

134 s e l f . omega_l = −1.7+random . uniform ( 0 , s e l f . eta )

135 s e l f . omega_r = 1.7+ random . uniform(− s e l f . eta , 0 )

136 else : # r i g h t

137 s e l f . omega_l = 1.7+ random . uniform(− s e l f . eta , 0 )

138 s e l f . omega_r = −1.7+random . uniform ( 0 , s e l f . eta )

139 s e l f .move( s e l f . _delta )

140

141 def g e t _ d i s c r e t i z e d _ s t a t e ( s e l f ) :

142 x_discrete = f l o o r ( ( ( s e l f . pos_x ) /0.62) *24)

143 y_discrete = f l o o r ( ( ( s e l f . pos_y ) /0.505) *24)

144 theta_discrete = np . arctan2 (np . sin ( s e l f . theta ) , np . cos ( s e l f . theta ) )

145 # print ( theta_discrete *180/np . pi )

146 theta_discrete = f l o o r ( theta_discrete /(2*np . pi ) *20)

147

148 # theta_discrete = 0

149

150 # print ( ( s e l f . action , s e l f . get_IF_veloci ty ( ) ) )

151 # print ( x_discrete , y_discrete , theta_discrete )

152

153 return ( x_discrete , y_discrete , theta_discrete )

154

155

156 def g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( s e l f ) :

157 x_discrete = f l o o r ( ( ( s e l f . pos_x ) /0.62) *6)

158 y_discrete = f l o o r ( ( ( s e l f . pos_y ) /0.505) *6)

159 theta_discrete = np . arctan2 (np . sin ( s e l f . theta ) , np . cos ( s e l f . theta ) )

160 # print ( theta_discrete *180/np . pi )

161 theta_discrete = f l o o r ( theta_discrete /(2*np . pi ) *20)

162

163 return ( x_discrete , y_discrete , theta_discrete )

164

165

166 def shape_slippage ( s e l f ) :

167

168 for x_state in range (−40 ,40) :

169 for y_state in range (−40 ,40) :

170 i f y_state < 11:

171 s e l f . noise_co [ ( x_state , y_state ) ] = fabs ( x_state /1000) + fabs (

y_state /1000)

172 else :

173 s e l f . noise_co [ ( x_state , y_state ) ] = fabs ( x_state /1000) + fabs (

y_state /1000)

174 s e l f . Xices [ ( x_state , y_state ) ] = random . uniform ( −0.05 ,0.05)

175
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176

177

178 def a s s i g n _ d i s c r e t i z e d _ s t a t e ( s e l f , x , y ) :

179 s e l f . pos_x= ( ( x ) /24) *0.62

180 s e l f . pos_y= ( ( y ) /24) *0.505
� �

A.1.2 simulation environment
� �

1

2 c l a s s PathFindingGame_kinematic ( PathFindingGame ) :

3 """

4 A PathFinding games

5 s t a t e :

6 0 = nothing

7 1 = wall

8 2 = player

9 3 = goal

10 """

11

12 def _ _ i n i t _ _ ( s e l f , l i n e s =15 , columns=15 , * , grid_type=" free " ) :

13 super ( PathFindingGame_kinematic , s e l f ) . _ _ i n i t _ _ ( l ines , columns , grid_type=

grid_type )

14 s e l f . robot = SSMRobot ( )

15 s e l f . robot . _delta = 0.1

16 s e l f . sdds = { }

17 s e l f . obstacles = [ ]

18

19 def re set ( s e l f ) :

20

21 s e l f . terminal = False

22

23 s e l f . grid , s e l f . player , s e l f . t a r g e t = generate_grid (

24 s e l f . shape ,

25 grid_type= s e l f . grid_type ,

26 generation_seed= s e l f . generation_seed ,

27 spawn_seed= s e l f . spawn_seed

28 )

29

30 s e l f . robot . reset ( s e l f . player )

31 s e l f . orientation = 0

32 return s e l f . ge t_ s ta te ( ) , s e l f . robot

33

34 def ge t_ s ta te ( s e l f ) :

35 """ return a (n , n) grid """

36 s t a t e = np . array ( s e l f . grid , copy=True )

37 s t a t e [ s e l f . player [ 0 ] , s e l f . player [ 1 ] ] = 2

38 s t a t e [ s e l f . t a r g e t [ 0 ] , s e l f . t a r g e t [ 1 ] ] = 3

39 return s t a t e

40

41 def get_sdds ( s e l f ) :

42 return s e l f . sdds

43

44 def step ( s e l f , a ) :

45

46 i f s e l f . terminal :

47 return s e l f . step_return (10)

48

49 a s s e r t 0 <= a and a < 4

50

51 s e l f . robot . optimal_action ( a )

52 for i in range (0 ,10) :

53 s e l f . robot . take_step ( )

54 next_i , next_j , s e l f . orientation = s e l f . robot . g e t _ d i s c r e t i z e d _ s t a t e ( )
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55 i f i s_obstacle ( s e l f . grid , next_i , next_j ) :

56 break

57 s e l f . gather_data ( )

58 # s e l f . update_robot_model ( )

59 # print ( s e l f . robot . get_IF _v eloci ty ( ) )

60

61 next_i , next_j , s e l f . orientation = s e l f . robot . g e t _ d i s c r e t i z e d _ s t a t e ( )

62

63 # print ( s e l f . robot . g e t _ d i s c r e t i z e d _ s t a t e ( ) )

64

65 # print ( next_i , next_j )

66 i f i s _ l e g a l ( s e l f . grid , next_i , next_j ) :

67 s e l f . player = ( next_i , next_j )

68

69 i f i s_obstacle ( s e l f . grid , next_i , next_j ) :

70 s e l f . robot . a s s i g n _ d i s c r e t i z e d _ s t a t e ( s e l f . player [ 0 ] , s e l f . player [ 1 ] )

71 i f ( next_i , next_j ) in s e l f . obstacles :

72 s e l f . obstacles . append ( ( next_i , next_j ) )

73 return s e l f . step_return (−10)

74 s e l f . obstacles . append ( ( next_i , next_j ) )

75 return s e l f . step_return (−10) # correct i s −5

76

77 i f s e l f . player == s e l f . t a r g e t :

78 s e l f . terminal = True

79 return s e l f . step_return (10) # correct i s 10

80

81

82

83 return s e l f . step_return(−1−10* s e l f . sdds [ s e l f . robot .

g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ " var " ] ) # correct i s −1

84

85 def step_return ( s e l f , reward ) :

86

87 return s e l f . ge t_ s ta te ( ) , s e l f . orientation , reward , s e l f . terminal , s e l f . sdds ,

s e l f . robot

88

89 def gather_data ( s e l f ) :

90 mobile_robot = s e l f . robot

91 i f mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] not in s e l f . sdds .

keys ( ) :

92 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] =

{ }

93 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

omega_l" ] = [ ]

94 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

omega_r" ] = [ ]

95 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

v_x " ] = [ ]

96 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

v_y" ] = [ ]

97 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

omega" ] = [ ]

98 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

forward_omegas" ] = [ ]

99 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

var " ] = 0

100 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

vx_model_score" ] = [ ]

101 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

vy_model_score" ] = [ ]

102 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

omega_model_score" ] = [ ]
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103 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

omega_l" ] . append( mobile_robot . omega_l )

104 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

omega_r" ] . append( mobile_robot . omega_r )

105 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

v_x " ] . append( mobile_robot . vx )

106 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

v_y" ] . append( mobile_robot . vy )

107 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

omega" ] . append( mobile_robot . omega)

108 else :

109 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

omega_l" ] . append( mobile_robot . omega_l )

110 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

omega_r" ] . append( mobile_robot . omega_r )

111 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

v_x " ] . append( mobile_robot . vx )

112 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

v_y" ] . append( mobile_robot . vy )

113 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] ] [ "

omega" ] . append( mobile_robot . omega)

114 i f mobile_robot . action == 0 :

115 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ]

] [ "forward_omegas" ] . append( mobile_robot . omega_l )

116 s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ]

] [ " var " ] = np . var ( s e l f . sdds [ mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( )

[ 0 : 2 ] ] [ "forward_omegas" ] )

117

118 def update_robot_model ( s e l f ) :

119

120 for key in s e l f . sdds . keys ( ) :

121 X_data = np . array ( [ s e l f . sdds [ key ] [ "omega_l" ] , s e l f . sdds [ key ] [ "

omega_r" ] ] ) . transpose ( )

122 Vx_data = np . array ( [ s e l f . sdds [ key ] [ " v_x " ] ] ) . transpose ( ) . ravel ( )

123 Vy_data = np . array ( [ s e l f . sdds [ key ] [ "v_y" ] ] ) . transpose ( ) . ravel ( )

124 Omega_data = np . array ( [ s e l f . sdds [ key ] [ "omega" ] ] ) . transpose ( ) . ravel

( )

125 X_train = X_data

126 y_train = Vx_data

127

128 c l f _ v x = BayesianRidge ( compute_score=True )

129 c l f _ v x . f i t ( X_train , y_train )

130

131 y_train = Omega_data

132

133

134 clf_omega = BayesianRidge ( compute_score=True )

135 clf_omega . f i t ( X_train , y_train )

136

137

138 X_train = Omega_data . reshape (−1 ,1)

139 y_train = Vy_data

140

141 c l f _ v y = BayesianRidge ( )

142 c l f _ v y . f i t ( X_train , y_train )

143

144

145 s e l f . sdds [ key ] [ "vx_model" ] = c l f _ v x

146 s e l f . sdds [ key ] [ "vy_model" ] = c l f _ v y

147 s e l f . sdds [ key ] [ "omega_model" ] = clf_omega
� �

A.1.3 Q-learn Class
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� �

1

2 c l a s s QLearn :

3 def _ _ i n i t _ _ ( s e l f , actions , epsilon , alpha , gamma) :

4 s e l f . q = { }

5 s e l f . epsilon = epsilon # exploration constant

6 s e l f . alpha = alpha # discount constant

7 s e l f .gamma = gamma # discount f a c t o r

8 s e l f . actions = actions

9 s e l f . v = np . zeros ( ( 2 5 , 2 5 ) )−30

10

11 def getQ ( s e l f , state , action ) :

12 return s e l f . q . get ( ( state , action ) , 0 . 0 )

13

14 def learnQ ( s e l f , state , action , reward , value ) :

15 ’ ’ ’

16 Q−learning :

17 Q( s , a ) += alpha * ( reward ( s , a ) + max(Q( s ’ ) − Q( s , a ) )

18 ’ ’ ’

19 oldv = s e l f . q . get ( ( state , action ) , None)

20 i f oldv i s None :

21 s e l f . q [ ( state , action ) ] = reward

22 else :

23 s e l f . q [ ( state , action ) ] = oldv + s e l f . alpha * ( value − oldv )

24

25 def chooseAction ( s e l f , state , return_q=False ) :

26 q = [ s e l f . getQ ( state , a ) for a in s e l f . actions ]

27 maxQ = max(q)

28 i = s t a t e [ 0 ] [ 0 ]

29 j = s t a t e [ 0 ] [ 1 ]

30 s e l f . v[25− i , j ] = maxQ

31

32 i f random . random ( ) < s e l f . epsilon :

33 minQ = min(q) ; mag = max( abs (minQ) , abs (maxQ) )

34 # add random values to a l l the actions , r e cal cu l ate maxQ

35 q = [ q [ i ] + random . random ( ) * mag − . 5 * mag for i in range ( len ( s e l f .

actions ) ) ]

36 maxQ = max(q)

37

38 count = q . count (maxQ)

39 # In case there ’ re several state−action max values

40 # we s e l e c t a random one among them

41 i f count > 1 :

42 best = [ i for i in range ( len ( s e l f . actions ) ) i f q [ i ] == maxQ]

43 i = random . choice ( best )

44 else :

45 i = q . index (maxQ)

46

47 action = s e l f . actions [ i ]

48 i f return_q : # i f they want i t , give i t !

49 return action , q

50 return action

51

52 def learn ( s e l f , state1 , action1 , reward , state2 ) :

53 maxqnew = max( [ s e l f . getQ ( state2 , a ) for a in s e l f . actions ] )

54 s e l f . learnQ ( state1 , action1 , reward , reward + s e l f .gamma*maxqnew)
� �

A.1.4 Reinforcement-learning training
� �

1

2

3 def update_world_model ( state_prev , state , reward , action ) :

4 i f ( state_prev , action ) in comparator :
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5 comparator [ ( state_prev , action ) ] [ " actual " ] = s t a t e

6 i f ( state_prev , action ) in world_model . keys ( ) :

7

8 world_model [ ( state_prev , action ) ] [ ’ next_state ’ ] . append( s t a t e )

9 world_model [ ( state_prev , action ) ] [ ’ reward ’ ] . append( reward )

10 world_model [ ( state_prev , action ) ] [ ’ d i s t r i b u t i o n ’ ] [ s t a t e ] = { }

11 world_model [ ( state_prev , action ) ] [ ’ d i s t r i b u t i o n ’ ] [ s t a t e ] [ ’ reward ’ ]= reward

12 for state_ in world_model [ ( state_prev , action ) ] [ ’ next_state ’ ] :

13 world_model [ ( state_prev , action ) ] [ ’ d i s t r i b u t i o n ’ ] [ s tate_ ] [ ’ prob ’ ]=

world_model [ ( state_prev , action ) ] [ ’ next_state ’ ] . count ( state_ ) / len ( world_model [ (

state_prev , action ) ] [ ’ next_state ’ ] )

14 # print ( world_model [ ( state_prev , action ) ] )

15 else :

16 world_model [ ( state_prev , action ) ] = { }

17 world_model [ ( state_prev , action ) ] [ ’ next_state ’ ] = [ ]

18 world_model [ ( state_prev , action ) ] [ ’ next_state ’ ] . append( s t a t e )

19 world_model [ ( state_prev , action ) ] [ ’ reward ’ ] = [ ]

20 world_model [ ( state_prev , action ) ] [ ’ reward ’ ] . append( reward )

21 world_model [ ( state_prev , action ) ] [ ’ d i s t r i b u t i o n ’ ] = { }

22 world_model [ ( state_prev , action ) ] [ ’ d i s t r i b u t i o n ’ ] [ s t a t e ] = { }

23 world_model [ ( state_prev , action ) ] [ ’ d i s t r i b u t i o n ’ ] [ s t a t e ] [ ’ reward ’ ]= reward

24 world_model [ ( state_prev , action ) ] [ ’ d i s t r i b u t i o n ’ ] [ s t a t e ] [ ’ prob ’ ]=1

25

26

27 def hypothetical_experience ( k ) :

28 keys = l i s t ( world_model . keys ( ) )

29 state_prev = (random . choice ( keys ) ) [ 0 ]

30 for i in range ( 0 , k+1) :

31 state_prev = (random . choice ( keys ) ) [ 0 ]

32 action = qlearn . chooseAction ( state_prev )

33 i f ( state_prev , action ) in world_model . keys ( ) :

34 index = random . choice ( range ( 0 , len ( world_model . get ( ( state_prev , action ) ) [

’ reward ’ ] ) ) )

35 reward = world_model . get ( ( state_prev , action ) ) [ ’ reward ’ ] [ index ]

36 s t a t e = world_model . get ( ( state_prev , action ) ) [ ’ next_state ’ ] [ index ]

37 qlearn . learn ( state_prev , action , reward , s t a t e )

38 else :

39 i f episode > 1 :

40 i f get_area ( estimate_pose ( state_prev ) [ 0 ] , estimate_pose ( state_prev )

[ 1 ] ) in sdds . keys ( ) :

41 i f "vy_model" in sdds [ get_area ( estimate_pose ( state_prev ) [ 0 ] ,

estimate_pose ( state_prev ) [ 1 ] ) ] . keys ( ) :

42 s t a t e , reward = predict ( state_prev , action )

43 qlearn . learn ( state_prev , action , reward , s t a t e )

44 predictions_checked [ episode ]+= 1

45

46 print ( "kinematic_model" )

47 else :

48 state_prev = (random . choice ( keys ) ) [ 0 ]

49

50

51

52

53 def predict ( state_prev , action ) :

54 i f action ==0 :

55 omega_l = 1.7 +random . uniform(−sdds [ get_area ( estimate_pose ( state_prev )

[ 0 ] , estimate_pose ( state_prev ) [ 1 ] ) ] [ " var " ] , 0 ) # Add noise in the omegas ! !

56 omega_r = 1.7 +random . uniform(−sdds [ get_area ( estimate_pose ( state_prev )

[ 0 ] , estimate_pose ( state_prev ) [ 1 ] ) ] [ " var " ] , 0 )

57 e l i f action ==1 :

58 omega_l = −1.7+random . uniform ( 0 , sdds [ get_area ( estimate_pose ( state_prev )

[ 0 ] , estimate_pose ( state_prev ) [ 1 ] ) ] [ " var " ] )
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59 omega_r = −1.7+random . uniform ( 0 , sdds [ get_area ( estimate_pose ( state_prev )

[ 0 ] , estimate_pose ( state_prev ) [ 1 ] ) ] [ " var " ] )

60 e l i f action ==2 : # l e f t

61 omega_l = −1.7+random . uniform ( 0 , sdds [ get_area ( estimate_pose ( state_prev )

[ 0 ] , estimate_pose ( state_prev ) [ 1 ] ) ] [ " var " ] )

62 omega_r = 1.7+ random . uniform(−sdds [ get_area ( estimate_pose ( state_prev )

[ 0 ] , estimate_pose ( state_prev ) [ 1 ] ) ] [ " var " ] , 0 )

63 else : # r i g h t

64 omega_l = 1.7+ random . uniform(−sdds [ get_area ( estimate_pose ( state_prev )

[ 0 ] , estimate_pose ( state_prev ) [ 1 ] ) ] [ " var " ] , 0 )

65 omega_r = −1.7+random . uniform ( 0 , sdds [ get_area ( estimate_pose ( state_prev )

[ 0 ] , estimate_pose ( state_prev ) [ 1 ] ) ] [ " var " ] )

66 state_predicted= predict_robot_discrete_loc ( state_prev , omega_r , omega_l

, 0 . 1 )

67 comparator [ ( state_prev , action ) ] = { }

68 comparator [ ( state_prev , action ) ] [ " predicted " ] = state_predicted

69 s t a t e = ( ( state_predicted [ 0 ] , state_predicted [ 1 ] ) , state_predicted [ 2 ] )

70 i f s t a t e [ 0 ] in obstacles or s t a t e [0][0] >24 or s t a t e [0] [0] <0 or s t a t e

[0][1] >24 or s t a t e [0] [1] <0 :

71 reward = −5

72 else :

73 reward = 0

74 return ( state , reward )

75

76

77 def descretize ( cont_state ) :

78 x_discrete = f l o o r ( ( ( cont_state [ 0 ] ) /0 .62) *24)

79 y_discrete = f l o o r ( ( ( cont_state [ 1 ] ) /0.505) *24)

80 theta_discrete = np . arctan2 (np . sin ( cont_state [ 2 ] ) , np . cos ( cont_state [ 2 ] ) )

81 theta_discrete = f l o o r ( theta_discrete /(2*np . pi ) *10)

82 return ( x_discrete , y_discrete , theta_discrete )

83

84 def get_area ( x , y ) :

85 x_discrete = f l o o r ( ( ( x ) /0 .62) *6)

86 y_discrete = f l o o r ( ( ( y ) /0.505) *6)

87

88 return ( x_discrete , y_discrete )

89

90 score = { }

91

92 def predict_robot_discrete_loc ( state , omega_r , omega_l , _delta ) :

93 ( x , y , theta ) = estimate_pose ( s t a t e )

94 area = get_area ( x , y )

95 i f area in sdds . keys ( ) :

96 vx = sdds [ area ] [ ’ vx_model ’ ] . predict (np . array ( [ omega_l , omega_r ] ) . reshape ( 1 ,

−1) )

97 omega = sdds [ area ] [ ’omega_model ’ ] . predict (np . array ( [ omega_l , omega_r ] ) .

reshape ( 1 , −1) )

98 vy= sdds [ area ] [ ’ vy_model ’ ] . predict (np . array ( [ omega ] ) )

99

100 i f np . isnan ( vy ) . any ( ) :

101 vy = −omega*0.5

102

103 for i in range (0 ,10) :

104 X_dot = cos ( theta ) * vx − sin ( theta ) * vy

105 x += _delta * X_dot

106 Y_dot = sin ( theta ) * vx + cos ( theta ) * vy

107 y += _delta * Y_dot

108 theta += _delta * omega

109 return descretize ( ( x [ 0 ] , y [ 0 ] , theta [ 0 ] ) )

110

111 def update_robot_model ( ) :

112 for key in sdds . keys ( ) :
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113 X_data = np . array ( [ sdds [ key ] [ "omega_l" ] , sdds [ key ] [ "omega_r" ] ] ) .

transpose ( )

114 Vx_data = np . array ( [ sdds [ key ] [ " v_x " ] ] ) . transpose ( ) . ravel ( )

115 Vy_data = np . array ( [ sdds [ key ] [ "v_y" ] ] ) . transpose ( ) . ravel ( )

116 Omega_data = np . array ( [ sdds [ key ] [ "omega" ] ] ) . transpose ( ) . ravel ( )

117

118 X_train , X_test , y_train , y _ t e s t = t r a i n _ t e s t _ s p l i t ( X_data , Vx_data ,

t e s t _ s i z e =0.7)

119 c l f _ v x = BayesianRidge ( compute_score=True )

120 c l f _ v x . f i t ( X_train , y_train )

121 sdds [ key ] [ "vx_model_score" ] . append( c l f _ v x . score ( X_test , y _ t e s t ) )

122

123 X_train , X_test , y_train , y _ t e s t = t r a i n _ t e s t _ s p l i t ( X_data , Omega_data ,

t e s t _ s i z e =0.7)

124 clf_omega = BayesianRidge ( compute_score=True )

125 clf_omega . f i t ( X_train , y_train )

126 sdds [ key ] [ "omega_model_score" ] . append( clf_omega . score ( X_test , y _ t e s t ) )

127

128

129

130 X_train , X_test , y_train , y _ t e s t = t r a i n _ t e s t _ s p l i t ( Omega_data . reshape

(−1 ,1) , Vy_data , t e s t _ s i z e =0.7)

131

132 X_train = Omega_data . reshape (−1 ,1)

133 y_train = Vy_data

134

135 c l f _ v y = BayesianRidge ( compute_score=True )

136 c l f _ v y . f i t ( X_train , y_train )

137 sdds [ key ] [ "vy_model_score" ] . append( c l f _ v y . score (np . nan_to_num( X_test ) ,np .

nan_to_num( y _ t e s t ) ) )

138

139

140 sdds [ key ] [ "vx_model" ] = c l f _ v x

141 sdds [ key ] [ "vy_model" ] = c l f _ v y

142 sdds [ key ] [ "omega_model" ] = clf_omega

143

144

145 def estimate_pose ( d i s c r e t e _ s t a t e ) :

146 pos_x= ( d i s c r e t e _ s t a t e [ 0 ] [ 0 ] / 2 4 ) *0.62

147 pos_y= ( d i s c r e t e _ s t a t e [ 0 ] [ 1 ] / 2 4 ) *0.505

148 theta= ( d i s c r e t e _ s t a t e [ 1 ] / 1 0 ) *2*np . pi

149 return ( pos_x , pos_y , theta )

150

151 def predict_robot_loc ( mobile_robot ) :

152 i f mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] in sdds . keys ( ) :

153 s t a t e = mobile_robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ]

154 omega_l = mobile_robot . omega_l

155 omega_r = mobile_robot . omega_r

156 vx = sdds [ s t a t e ] [ ’ vx_model ’ ] . predict (np . array ( [ omega_l , omega_r ] ) . reshape ( 1 ,

−1) )

157 omega = sdds [ s t a t e ] [ ’omega_model ’ ] . predict (np . array ( [ omega_l , omega_r ] ) .

reshape ( 1 , −1) )

158 vy= sdds [ s t a t e ] [ ’ vy_model ’ ] . predict (np . array ( [ omega ] ) )

159 x = mobile_robot . pos_x

160 y = mobile_robot . pos_y

161 theta = mobile_robot . theta

162

163 for i in range (0 ,10) :

164 X_dot = cos ( theta ) * vx − sin ( theta ) * vy

165 x += mobile_robot . _delta * X_dot

166 Y_dot = sin ( theta ) * vx + cos ( theta ) * vy

167 y += mobile_robot . _delta * Y_dot

168 theta += mobile_robot . _delta * omega
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169

170 return ( x [ 0 ] , y [ 0 ] , theta [ 0 ] )

171

172

173

174 def trajectory_packup ( ) :

175

176

177 for pair in best_experience :

178 state_prev = pair [ 0 ]

179 action = pair [ 1 ]

180 reward= pair [ 2 ]

181 s t a t e = pair [ 3 ]

182 qlearn . learn ( state_prev , action , reward , s t a t e )

183

184

185 env . seed ( 1 )

186

187 qlearn = QLearn ( actions=range ( 4 ) , alpha=1 , gamma = 0.9 , epsilon = 0 . 9 )

188

189 i n i t i a l _ e p s i l o n = qlearn . epsilon

190 epsilon_discount = 0.99

191 convergence_list = [ ]

192

193 world_model = { }

194 sdds = { }

195 best_experience = [ ]

196 comparator = { }

197 obstacles = [ ]

198

199 state_predicted = None

200 max_trials = 500

201

202 success_rate = 0

203

204 predicted = [ ]

205 actual = [ ]

206 cum_reward = [ ]

207 q = [ ]

208 f a i l u r e _ l i s t = [ ]

209 done = True

210 predictions_checked = { }

211

212

213 for episode in range (200) :

214

215 i f not done :

216 f a i l u r e _ l i s t . append ( ( episode , t r i a l s ) )

217

218 done= False

219 i f episode >0:

220 convergence_list . append( t r i a l s )

221 cum_reward . append( reward_sum )

222 update_robot_model ( )

223 # plot_prediction ( episode )

224 t r i a l s = 0

225 observation , robot = env . rese t ( )

226

227 i f qlearn . epsilon >0.01:

228 #qlearn . epsilon *= epsilon_discount

229 pass

230

231
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232 state_prev = ge t _ st ate ( observation , done)

233 state_prev= ( state_prev , 0 )

234 experience = [ ]

235 x_actual = [ ]

236 y_actual = [ ]

237 theta_actual = [ ]

238

239 x_predicted = [ ]

240 y_predicted = [ ]

241 theta_predicted = [ ]

242

243

244 predictions_checked [ episode ] = 0

245

246 reward_sum = 0

247

248

249

250

251 i f not len ( best_experience ) ==0:

252 max_trials = len ( best_experience )

253 pass

254

255

256

257

258

259

260

261 for timestep in range ( max_trials +1) :

262 t r i a l s +=1

263

264

265 # r e a l experience

266 action = qlearn . chooseAction ( state_prev )

267

268

269

270 i f not len ( convergence_list ) ==0:

271 i f robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( ) [ 0 : 2 ] in sdds . keys ( ) :

272 i f "vx_model" in sdds [ robot . g e t _ d i s c r e t i z e d _ s t a t e _ l a r g e _ l e v e l ( )

[ 0 : 2 ] ] . keys ( ) :

273 state_predicted= predict_robot_loc ( robot )

274 x_predicted . append( state_predicted [ 0 ] )

275 y_predicted . append( state_predicted [ 1 ] )

276 theta_predicted . append( state_predicted [ 2 ] )

277

278 observation , orientation , reward , done , sdds , robot = env . step ( action )

279 reward_sum+= reward

280

281

282 s t a t e = ge t _s ta te ( observation , done)

283 s t a t e = ( state , orientation )

284 experience . append ( ( state_prev , action , reward , s t a t e ) )

285

286 i f reward == −10 or reward == −30:

287 obstacles . append( s t a t e [ 0 ] )

288

289 i f not state_predicted == None :

290 x_actual . append( robot . pos_x )

291 y_actual . append( robot . pos_y )

292 theta_actual . append( robot . theta )

293
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294 qlearn . learn ( state_prev , action , reward , s t a t e )

295

296 # hypothetical experience

297

298 i f qlearn . epsilon > 0 . 2 :

299 update_world_model ( state_prev , state , reward , action )

300 hypothetical_experience (10)

301

302 i f t r i a l s +1 == max_trials :

303 i f qlearn . epsilon >0.01:

304 qlearn . epsilon = 0.99* qlearn . epsilon

305

306

307

308 i f not (done) :

309 state_prev= s t a t e

310 else :

311

312

313 plot_v ( qlearn . v , episode )

314 print ( "Episode : " , episode , " " , " Epsilone : " , qlearn . epsilon , " T r i a l s : " ,

t r i a l s )

315 success_rate +=1

316 i f len ( convergence_list ) == 0 :

317 convergence_list . append( t r i a l s )

318 best_experience = experience

319 else :

320 i f t r i a l s < min( convergence_list ) :

321 best_experience = experience

322 best_experience . reverse ( )

323 i f qlearn . epsilon >0.01:

324 qlearn . epsilon = 0.99* qlearn . epsilon

325 qlearn . learn ( state_prev , action , reward , s t a t e )

326

327 # print ( qlearn . q [ pair ] )

328 print ( len ( best_experience ) )

329

330

331 break
� �

A.1.5 Plotting codes
� �

1

2

3 def plot_v ( v , episode ) :

4 pyplot . f i g u r e ( )

5 cmap2 = mpl . colors . LinearSegmentedColormap . from_l ist ( ’my_colormap ’ ,

6 [ ’ blue ’ , ’ red ’ ] ,

7 256)

8 img2 = pyplot . imshow( v , interpolat ion= ’ nearest ’ ,

9 cmap = cmap2,

10 origin= ’ lower ’ )

11 x= [ ]

12 y= [ ]

13 experience . pop( 0 )

14 for movement in experience :

15

16 s t a t e = movement [ 0 ] [ 0 ]

17 x . append(25− s t a t e [ 0 ] )

18 y . append( s t a t e [ 1 ] )

19

20

21 pyplot . plot ( y , x , ’ko− ’ )
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22

23 pyplot . colorbar ( img2 ,cmap=cmap2)

24 pyplot . show ( )

25

26 s c r i p t _ d i r = os . path . dirname ( _ _ f i l e _ _ )

27 r e s u l t s _ d i r = os . path . join ( s c r i p t _ d i r , ’ learnedmap_stochastic_model / ’ )

28

29 pyplot . s a v e f i g ( r e s u l t s _ d i r + ’ value ’+ ’ _ ’+ s t r ( episode +1)+ ’ . png ’ , dpi=None,

facecolor= ’w’ , edgecolor= ’w’ ,

30 orientation= ’ p o r t r a i t ’ , papertype=None, format=None,

31 transparent=False , bbox_inches=None, pad_inches =0.1 ,

32 frameon=None)

33 pyplot . close ( )
� �

A.2 Real-time codes

A.2.1 Arduino code
� �

1

2 // 11 , 12 and 39 , 40

3

4 #define enA 6

5 #define in1A 22

6 #define in2A 26

7 #define enB 4

8 #define in1B 34

9 #define in2B 30

10

11

12 long count_r = 0 ;

13 long angle_r = 0 ;

14 v o l a t i l e i n t A_r , B_r ;

15 byte state_r , statep_r ;

16

17 long count_l = 0 ;

18 long angle_l = 0 ;

19 v o l a t i l e i n t A_l , B_l ;

20 byte s t a t e _ l , s t a t e p _ l ;

21

22

23 char command;

24

25 void setup ( ) {

26 // put your setup code here , to run once :

27 pinMode(enA , OUTPUT) ;

28 pinMode( in1A , OUTPUT) ;

29 pinMode( in2A , OUTPUT) ;

30

31 pinMode(enB , OUTPUT) ;

32 pinMode( in1B , OUTPUT) ;

33 pinMode( in2B , OUTPUT) ;

34

35

36 pinMode( 2 , INPUT) ;

37 pinMode( 3 , INPUT) ;

38 pinMode(18 , INPUT_PULLUP) ;

39 pinMode(19 , INPUT_PULLUP) ;

40

41 attachInterrupt ( digitalPinToInterrupt (18) , Achange_r ,CHANGE) ; / / interrupt pins are

declared here

42 attachInterrupt ( digitalPinToInterrupt (19) , Bchange_r ,CHANGE) ;

43 attachInterrupt ( digitalPinToInterrupt ( 2 ) , Achange_l ,CHANGE) ; / / interrupt pins are

declared here
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44 attachInterrupt ( digitalPinToInterrupt ( 3 ) , Bchange_l ,CHANGE) ;

45

46 S e r i a l . begin (115200) ; / / for debugging

47

48 S e r i a l 3 . begin (9600) ; / / I n i t i a l i z e communications with the bluetooth module

49 S e r i a l 3 . pr int ln ( " Ready ! ! ! " ) ; / / Send something to j u s t s t a r t comms. This w i l l never

be seen .

50

51

52 }

53

54 void loop ( ) {

55 // put your main code here , to run repeatedly :

56

57 angle_r = count_r * 0.0493827;// . count to angle conversion

58 angle_l = count_l * 0.0493827;// . count to angle conversion

59

60 i f ( S e r i a l 3 . a v a i l a bl e ( ) ) // I f there are any bytes then deal with them

61 {

62

63 command = S e r i a l 3 . read ( ) ;

64 S e r i a l . pr int ln (command) ;

65 S e r i a l 3 . pr int ln ( 0 ) ;

66

67 i f (command == ’F ’ ) {

68 moveForward ( ) ;

69 }

70 i f (command == ’B ’ ) {

71 moveBackward ( ) ;

72 }

73 i f (command == ’L ’ ) {

74 moveLeft ( ) ;

75 }

76 i f (command == ’R ’ ) {

77 moveRight ( ) ;

78 }

79

80 // S e r i a l 3 . pr int ln ( " Angle_r : " +Str ing ( angle_r ) + " Angle_l : "+ Str ing ( angle_l )

) ;

81 S e r i a l 3 . pr int ln ( 1 ) ;

82 }

83

84

85

86 brake ( ) ;

87

88

89

90 }

91

92

93 void brake ( ) {

94

95 d i g i t a l W r i t e ( in1A , LOW) ;

96 d i g i t a l W r i t e ( in2A , LOW) ;

97

98

99 d i g i t a l W r i t e ( in1B , LOW) ;

100 d i g i t a l W r i t e ( in2B , LOW) ;

101

102 delay (70) ;

103

104 }
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105

106

107 void moveLeft ( ) {

108

109 d i g i t a l W r i t e ( in1A , LOW) ;

110 d i g i t a l W r i t e ( in2A , HIGH) ;

111 analogWrite (enA , 200) ; // Send PWM signal to L298N Enable pin

112

113

114 d i g i t a l W r i t e ( in1B , LOW) ;

115 d i g i t a l W r i t e ( in2B , HIGH) ;

116 analogWrite (enB , 200) ; // Send PWM signal to L298N Enable pin

117

118 delay (500) ;

119 }

120

121

122 void moveRight ( ) {

123

124 d i g i t a l W r i t e ( in1A , HIGH) ;

125 d i g i t a l W r i t e ( in2A , LOW) ;

126 analogWrite (enA , 200) ; // Send PWM signal to L298N Enable pin

127

128

129 d i g i t a l W r i t e ( in1B , HIGH) ;

130 d i g i t a l W r i t e ( in2B , LOW) ;

131 analogWrite (enB , 200) ; // Send PWM signal to L298N Enable pin

132

133 delay (500) ;

134

135 }

136

137 void moveForward ( ) {

138

139 d i g i t a l W r i t e ( in1A , HIGH) ;

140 d i g i t a l W r i t e ( in2A , LOW) ;

141 analogWrite (enA , 200) ; // Send PWM signal to L298N Enable pin

142

143

144 d i g i t a l W r i t e ( in1B , LOW) ;

145 d i g i t a l W r i t e ( in2B , HIGH) ;

146 analogWrite (enB , 200) ; // Send PWM signal to L298N Enable pin

147

148 delay (500) ;

149

150 }

151

152 void moveBackward ( ) {

153

154 d i g i t a l W r i t e ( in1A , LOW) ;

155 d i g i t a l W r i t e ( in2A , HIGH) ;

156 analogWrite (enA , 200) ; // Send PWM signal to L298N Enable pin

157

158

159 d i g i t a l W r i t e ( in1B , HIGH) ;

160 d i g i t a l W r i t e ( in2B , LOW) ;

161 analogWrite (enB , 200) ; // Send PWM signal to L298N Enable pin

162

163 delay (500) ;

164

165 }

166

167 void Achange_r ( )
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168 {

169 A_r = digitalRead (18) ;

170 B_r = digitalRead (19) ;

171

172 i f ( ( A_r==HIGH)&&(B_r==HIGH) ) s t a t e _ r = 1 ; / / switch . . . case method used here

173 i f ( ( A_r==HIGH)&&(B_r==LOW) ) s t a t e _ r = 2 ;

174 i f ( ( A_r==LOW)&&(B_r==LOW) ) s t a t e _ r = 3 ;

175 i f ( ( A_r==LOW)&&(B_r==HIGH) ) s t a t e _ r = 4 ;

176 switch ( s t a t e _ r )

177 {

178 case 1 :

179 {

180 i f ( statep_r == 2) count_r ++;

181 i f ( statep_r == 4) count_r−−;

182 break ;

183 }

184 case 2 :

185 {

186 i f ( statep_r == 1) count_r−−;

187 i f ( statep_r == 3) count_r ++;

188 break ;

189 }

190 case 3 :

191 {

192 i f ( statep_r == 2) count_r −−;

193 i f ( statep_r == 4) count_r ++;

194 break ;

195 }

196 default :

197 {

198 i f ( statep_r == 1) count_r ++;

199 i f ( statep_r == 3) count_r−−;

200 }

201 }

202 statep_r = s t a t e _ r ;

203 }

204

205 void Bchange_r ( )

206 {

207 A_r = digitalRead (18) ;

208 B_r = digitalRead (19) ;

209

210 i f ( ( A_r==HIGH)&&(B_r==HIGH) ) s t a t e _ r = 1 ;

211 i f ( ( A_r==HIGH)&&(B_r==LOW) ) s t a t e _ r = 2 ;

212 i f ( ( A_r==LOW)&&(B_r==LOW) ) s t a t e _ r = 3 ;

213 i f ( ( A_r==LOW)&&(B_r==HIGH) ) s t a t e _ r = 4 ;

214 switch ( s t a t e _ r )

215 {

216 case 1 :

217 {

218 i f ( statep_r == 2) count_r ++;

219 i f ( statep_r == 4) count_r−−;

220 break ;

221 }

222 case 2 :

223 {

224 i f ( statep_r == 1) count_r−−;

225 i f ( statep_r == 3) count_r ++;

226 break ;

227 }

228 case 3 :

229 {

230 i f ( statep_r == 2) count_r −−;
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231 i f ( statep_r == 4) count_r ++;

232 break ;

233 }

234 default :

235 {

236 i f ( statep_r == 1) count_r ++;

237 i f ( statep_r == 3) count_r−−;

238 }

239 }

240 statep_r = s t a t e _ r ;

241 }

242

243

244 void Achange_l ( )

245 {

246 A_l = digitalRead ( 2 ) ;

247 B_l = digitalRead ( 3 ) ;

248

249 i f ( ( A_l==HIGH)&&(B_l==HIGH) ) s t a t e _ l = 1 ; / / switch . . . case method used here

250 i f ( ( A_l==HIGH)&&(B_l==LOW) ) s t a t e _ l = 2 ;

251 i f ( ( A_l==LOW)&&(B_l==LOW) ) s t a t e _ l = 3 ;

252 i f ( ( A_l==LOW)&&(B_l==HIGH) ) s t a t e _ l = 4 ;

253 switch ( s t a t e _ l )

254 {

255 case 1 :

256 {

257 i f ( s t a t e p _ l == 2) count_r ++;

258 i f ( s t a t e p _ l == 4) count_l−−;

259 break ;

260 }

261 case 2 :

262 {

263 i f ( s t a t e p _ l == 1) count_l−−;

264 i f ( s t a t e p _ l == 3) count_l ++;

265 break ;

266 }

267 case 3 :

268 {

269 i f ( s t a t e p _ l == 2) count_l −−;

270 i f ( s t a t e p _ l == 4) count_l ++;

271 break ;

272 }

273 default :

274 {

275 i f ( s t a t e p _ l == 1) count_l ++;

276 i f ( s t a t e p _ l == 3) count_l−−;

277 }

278 }

279 s t a t e p _ l = s t a t e _ l ;

280 }

281

282 void Bchange_l ( )

283 {

284 A_l = digitalRead ( 2 ) ;

285 B_l = digitalRead ( 3 ) ;

286

287 i f ( ( A_l==HIGH)&&(B_l==HIGH) ) s t a t e _ l = 1 ;

288 i f ( ( A_l==HIGH)&&(B_l==LOW) ) s t a t e _ l = 2 ;

289 i f ( ( A_l==LOW)&&(B_l==LOW) ) s t a t e _ l = 3 ;

290 i f ( ( A_l==LOW)&&(B_l==HIGH) ) s t a t e _ l = 4 ;

291 switch ( s t a t e _ l )

292 {

293 case 1 :
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294 {

295 i f ( s t a t e p _ l == 2) count_l ++;

296 i f ( s t a t e p _ l == 4) count_l−−;

297 break ;

298 }

299 case 2 :

300 {

301 i f ( s t a t e p _ l == 1) count_l−−;

302 i f ( s t a t e p _ l == 3) count_l ++;

303 break ;

304 }

305 case 3 :

306 {

307 i f ( s t a t e p _ l == 2) count_l −−;

308 i f ( s t a t e p _ l == 4) count_l ++;

309 break ;

310 }

311 default :

312 {

313 i f ( s t a t e p _ l == 1) count_l ++;

314 i f ( s t a t e p _ l == 3) count_l−−;

315 }

316 }

317 s t a t e p _ l = s t a t e _ l ;

318 }
� �

A.2.2 Camera Calibration
� �

1

2 import numpy as np

3 import cv2

4 import glob

5

6 # termination c r i t e r i a

7 c r i t e r i a = ( cv2 . TERM_CRITERIA_EPS + cv2 . TERM_CRITERIA_MAX_ITER, 30 , 0.001)

8

9 # prepare object points , l i k e ( 0 , 0 , 0 ) , ( 1 , 0 , 0 ) , ( 2 , 0 , 0 ) . . . . , ( 6 , 5 , 0 )

10 objp = np . zeros ( ( 4 * 5 , 3 ) , np . f l o a t 3 2 )

11 objp [ : , : 2 ] = np . mgrid [ 0 : 5 , 0 : 4 ] . T . reshape (−1 ,2)

12

13 # Arrays to store object points and image points from a l l the images .

14 objpoints = [ ] # 3d point in r e a l world space

15 imgpoints = [ ] # 2d points in image plane .

16

17 images = glob . glob ( ’ calibration_images \ * . jpg ’ )

18

19 for fname in images :

20 img = cv2 . imread (fname)

21 gray = cv2 . cvtColor ( img , cv2 .COLOR_BGR2GRAY)

22

23 # Find the chess board corners

24 ret , corners = cv2 . findChessboardCorners ( gray , ( 5 , 4 ) ,None)

25

26 # I f found , add object points , image points ( a f t e r r e f i n i n g them)

27 i f r e t == True :

28

29 objpoints . append( objp )

30 corners2 = cv2 . cornerSubPix ( gray , corners , ( 1 1 , 1 1 ) ,(−1 ,−1) , c r i t e r i a )

31 imgpoints . append( corners2 )

32

33 # Draw and display the corners

34 img = cv2 . drawChessboardCorners ( img , ( 5 , 4 ) , corners2 , r e t )

35 cv2 . imshow( ’img ’ , img)

M. Alhawary University of Twente



APPENDIX A. APPENDIX 97

36 cv2 . waitKey (1000)

37 print ( " true " )

38

39

40 cv2 . destroyAllWindows ( )

41

42 ret , mtx , dist , rvecs , tvecs = cv2 . calibrateCamera ( objpoints , imgpoints , gray . shape

[ : : −1 ] ,None, None)

43

44

45

46 np . savez ( "B" , mtx=mtx , d i s t =dist , rvecs=rvecs , tvecs=tvecs )
� �
� �

1

2 c l a s s camera ( ) :

3

4 def _ _ i n i t _ _ ( s e l f , camera_ref = 1 ) :

5

6 with np . load ( ’B . npz ’ ) as X :

7 s e l f . mtx , s e l f . dist , _ , _ = [X[ i ] for i in ( ’mtx ’ , ’ d i s t ’ , ’ rvecs ’ , ’ tvecs

’ ) ]

8

9 s e l f . cap = cv2 . VideoCapture ( camera_ref )

10 s e l f . c r i t e r i a = ( cv2 . TERM_CRITERIA_EPS + cv2 . TERM_CRITERIA_MAX_ITER, 30 ,

0.001)

11 s e l f . cart_objp = np . zeros ( ( 4 * 5 , 3 ) , np . f l o a t 3 2 )

12 s e l f . cart_objp [ : , : 2 ] = np . mgrid [ 0 : 5 , 0 : 4 ] . T . reshape (−1 ,2)

13 s e l f . goal_objp = np . zeros ( ( 6 * 9 , 3 ) , np . f l o a t 3 2 )

14 s e l f . goal_objp [ : , : 2 ] = np . mgrid [ 0 : 9 , 0 : 6 ] . T . reshape (−1 ,2)

15 s e l f . ax is = np . f l o a t 3 2 ( [ [ 3 , 0 , 0 ] , [ 0 , 3 , 0 ] , [0 ,0 , −3]] ) . reshape (−1 ,3)

16 s e l f . fourcc = cv2 . VideoWriter_fourcc ( * ’XVID ’ )

17 s e l f . out = cv2 . VideoWriter ( ’ output . avi ’ , s e l f . fourcc , 20.0 , (640 ,480) )

18

19

20 def find_goal ( s e l f ) :

21 while ( True ) :

22 ret , frame = s e l f . cap . read ( )

23 gray = cv2 . cvtColor ( frame , cv2 .COLOR_BGR2GRAY)

24 ret_ , corners_ = cv2 . findChessboardCorners ( gray , ( 9 , 6 ) ,None)

25

26 i f ret_ :

27 corners= cv2 . cornerSubPix ( gray , corners_ , ( 1 1 , 1 1 ) ,(−1 ,−1) , s e l f .

c r i t e r i a )

28 _ , rvecs , tvecs , i n l i e r s = cv2 . solvePnPRansac ( s e l f . goal_objp ,

corners , s e l f . mtx , s e l f . d i s t )

29

30 return rvecs , tvecs

31

32 def observe ( s e l f ) :

33 xmin = −16

34 xmax= 15.5

35 ymin = −10.8

36 ymax = 13.6

37

38 while ( True ) :

39 ret , frame = s e l f . cap . read ( )

40

41 gray = cv2 . cvtColor ( frame , cv2 .COLOR_BGR2GRAY)

42 # a = np . double ( gray )

43 # gray = a − 10

44 # gray= np . uint8 ( gray )

45 #

46 i f r e t :

Robotics and Mechatronics M. Alhawary



98

Reinforcement-learning-based navigation for autonomous mobile robots in unknown

environments

47 frame = cv2 . f l i p ( frame , 0 )

48 s e l f . out . write ( frame )

49

50

51 # corners = [ ]

52 ret_ , corners_ = cv2 . findChessboardCorners ( gray , ( 5 , 4 ) ,None)

53 # corners . append( corners_ )

54 # corners_ = random . choice ( corners )

55 i f ret_ :

56 corners= cv2 . cornerSubPix ( gray , corners_ , ( 1 1 , 1 1 ) ,(−1 ,−1) , s e l f .

c r i t e r i a )

57 _ , rvecs , tvecs , i n l i e r s = cv2 . solvePnPRansac ( s e l f . cart_objp ,

corners , s e l f . mtx , s e l f . d i s t )

58 x = f l o o r ( tvecs [ 0 ] * 2 0 / (xmax−xmin) )

59 y = f l o o r ( tvecs [ 1 ] * 2 0 / (ymax−ymin) )

60 theta = np . arctan2 (np . sin ( rvecs [ 2 ] ) , np . cos ( rvecs [ 2 ] ) )

61 theta = f l o o r ( theta /(2*np . pi ) *20)

62

63

64

65 cv2 . imshow( ’ frame ’ , gray )

66 i f cv2 . waitKey ( 1 ) & 0xFF == ord ( ’q ’ ) :

67 break

68 return ( x , y , theta )

69

70 def get_exact_state ( s e l f ) :

71

72 while ( True ) :

73 ret , frame = s e l f . cap . read ( )

74

75 gray = cv2 . cvtColor ( frame , cv2 .COLOR_BGR2GRAY)

76

77 # corners = [ ]

78 ret_ , corners_ = cv2 . findChessboardCorners ( gray , ( 5 , 4 ) ,None)

79 # corners . append( corners_ )

80 # corners_ = random . choice ( corners )

81 i f ret_ :

82 corners= cv2 . cornerSubPix ( gray , corners_ , ( 1 1 , 1 1 ) ,(−1 ,−1) , s e l f .

c r i t e r i a )

83 _ , rvecs , tvecs , i n l i e r s = cv2 . solvePnPRansac ( s e l f . cart_objp ,

corners , s e l f . mtx , s e l f . d i s t )

84 x = tvecs [ 0 ]

85 y = tvecs [ 1 ]

86 theta = np . arctan2 (np . sin ( rvecs [ 2 ] ) , np . cos ( rvecs [ 2 ] ) )

87 return ( x , y , theta )

88

89 def conf ( s e l f ) :

90 while ( True ) :

91 ret , frame = s e l f . cap . read ( )

92 gray = cv2 . cvtColor ( frame , cv2 .COLOR_BGR2GRAY)

93 ret_ , corners_ = cv2 . findChessboardCorners ( gray , ( 5 , 4 ) ,None)

94 print ( ret_ )

95 i f ret_ :

96 corners= cv2 . cornerSubPix ( gray , corners_ , ( 1 1 , 1 1 ) ,(−1 ,−1) , s e l f .

c r i t e r i a )

97 _ , rvecs , tvecs , i n l i e r s = cv2 . solvePnPRansac ( s e l f . cart_objp ,

corners , s e l f . mtx , s e l f . d i s t )

98

99 s e l f . out . write ( gray )

100 cv2 . imshow( ’ frame ’ , gray )

101 i f cv2 . waitKey ( 1 ) & 0xFF == ord ( ’q ’ ) :

102 break

103
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104

105 return ( rvecs , tvecs )

106 #return rvecs [2]*180/np . pi

107 def measure_orientation ( s e l f ) :

108 while ( True ) :

109 ret , frame = s e l f . cap . read ( )

110 gray = cv2 . cvtColor ( frame , cv2 .COLOR_BGR2GRAY)

111 ret_ , corners_ = cv2 . findChessboardCorners ( gray , ( 5 , 4 ) ,None)

112 i f ret_ :

113 corners= cv2 . cornerSubPix ( gray , corners_ , ( 1 1 , 1 1 ) ,(−1 ,−1) , s e l f .

c r i t e r i a )

114 _ , rvecs , tvecs , i n l i e r s = cv2 . solvePnPRansac ( s e l f . cart_objp ,

corners , s e l f . mtx , s e l f . d i s t )

115 return rvecs [2]*180/np . pi

116

117

118 def release ( s e l f ) :

119 s e l f . cap . release ( )

120 s e l f . out . release ( )

121 cv2 . destroyAllWindows ( )
� �

A.2.3 Communication server class
� �

1

2 c l a s s arduino_server :

3

4 def _ _ i n i t _ _ ( s e l f ) :

5 s e l f . port = "COM6"

6 s e l f . bluetooth= s e r i a l . S e r i a l ( s e l f . port , 9600 , timeout = None )

7 s e l f . bluetooth . flushInput ( )

8

9

10

11 def close ( s e l f ) :

12 s e l f . conn . close ( )

13

14 def step ( s e l f , l e t t e r ) :

15 s e l f . bluetooth . write ( l e t t e r . encode ( ) )

16 while not s e l f . isReady ( ) :

17 pass

18 return

19

20 def isReady ( s e l f ) :

21 input_data= s e l f . bluetooth . readline ( )

22 s t r _ = input_data . decode ( encoding= ’UTF−8 ’ , errors= ’ ignore ’ )

23 i f len ( s t r _ ) ==3:

24 i f i n t ( s t r _ ) == 1 :

25 return True

26 print ( "notReady" )

27 return False
� �

A.2.4 Real environment class
� �

1

2 c l a s s real_env :

3 def _ _ i n i t _ _ ( s e l f , camera_no=1) :

4 s e l f . camera = camera ( camera_no )

5 s e l f . server = arduino_server ( )

6 s e l f . t a r g e t s = [ ]

7 s e l f . distance = 1000

8 s e l f . count = 0

9
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10

11

12 s e l f . t a r g e t = (−12 ,10)

13 for i_x in range (10) :

14 for i_y in range (10) :

15 s e l f . t a r g e t s . append ( ( s e l f . t a r g e t [0]+ i_x , s e l f . t a r g e t [1]− i_y ) )

16

17 s e l f . terminal = False

18 s e l f . done = False

19 s e l f . ge t _s ta te ( )

20 s e l f . state_prev = (−10,−10,−10)

21 s e l f . state_prev_ = (−10,−10,−10)

22

23 xmin = −16

24 xmax= 15.5

25 ymin = −10.8

26 ymax = 13.6

27

28 s e l f . x_min_discrete = f l o o r ( ( xmin+1) *20/(xmax−xmin) )

29 s e l f . y_min_discrete = f l o o r ( ( ymin+1) *20/(ymax−ymin) )

30 s e l f . x_max_discrete = f l o o r ( ( xmax−1) *20/(xmax−xmin) )

31 s e l f . y_max_discrete = f l o o r ( ( ymax−1) *20/(ymax−ymin) )

32 s e l f . obstacles = [ ]

33

34

35

36

37 def ge t_ s ta te ( s e l f ) :

38 s e l f . s t a t e = s e l f . camera . observe ( )

39 s e l f . s tate _ = ( s e l f . camera . get_exact_state ( ) [ 0 ] . item ( 0 ) ,

40 s e l f . camera . get_exact_state ( ) [ 1 ] . item ( 0 ) ,

41 s e l f . camera . get_exact_state ( ) [ 2 ] . item ( 0 ) )

42

43 def res et ( s e l f ) :

44 s e l f . terminal = False

45 s e l f . rotate_to ( 0 . 2 )

46 for i in range ( 0 , 8 ) :

47 s e l f . server . step ( "B" )

48 s e l f . rotate_to ( 0 )

49 s e l f . rotate_to (−1.5759)

50 for i in range ( 8 ) :

51 s e l f . server . step ( "B" )

52 s e l f . rotate_to (−1.5759)

53 s e l f . ge t _s ta te ( )

54

55 def rotate_to ( s e l f , theta_ref ) :

56 while True :

57 s e l f . ge t _s ta te ( )

58 theta_current = env . state_ [ 2 ]

59 print ( theta_current )

60 e_theta = theta_current − theta_ref

61 i f abs ( e_theta ) <= 0.3 :

62 return

63 e l i f e_theta < 0 :

64 s e l f . server . step ( "R" )

65 e l i f e_theta >0 :

66 s e l f . server . step ( "L" )

67

68

69 def step_return ( s e l f , reward ) :

70 s e l f . count = 0

71 return s e l f . state , reward , s e l f . terminal , " " , s e l f . prev_state_ , s e l f . s tate_

72
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73 def augment_obstacle ( s e l f , s t a t e ) :

74 x= s t a t e [ 0 ]

75 y = s t a t e [ 1 ]

76 for i_y in range (−1 ,2) :

77 for i_x in range (−1 ,2) :

78 env . obstacles . append ( ( x+i_x , y+i_y ) )

79

80

81

82 def step ( s e l f , a ) :

83 s e l f . state_prev_prev = s e l f . state_prev

84 s e l f . state_prev = s e l f . s t a t e

85 s e l f . prev_state_ = s e l f . s tate_

86

87 print ( s e l f . s t a t e )

88 i f s e l f . terminal :

89 return s e l f . step_return (10)

90

91 a s s e r t 0 <= a and a < 4

92 i f a ==0 :

93 s e l f . server . step ( "F" )

94 print ( "F" )

95 e l i f a ==1:

96 s e l f . server . step ( "R" )

97 print ( "R" )

98 e l i f a==2:

99 s e l f . server . step ( "L" )

100 print ( "L" )

101 e l i f a==3:

102 s e l f . server . step ( "B" )

103 print ( "B" )

104

105 s e l f . ge t _s ta te ( )

106

107 i f s e l f . s t a t e [ 0 : 2 ] in s e l f . t a r g e t s :

108 s e l f . terminal = True

109 return s e l f . step_return (10)

110

111 orienation_reward = calculate_orientation_reward ( s e l f . state , 2 )

112

113 i f s e l f . s t a t e [ 0 : 2 ] == s e l f . state_prev [ 0 : 2 ] :

114 s e l f . obstacles . append( s e l f . s t a t e [ 0 : 2 ] )

115

116

117

118 i f s e l f . s t a t e [ 0 ] <= s e l f . x_min_discrete or s e l f . s t a t e [ 1 ] <= s e l f .

y_min_discrete or s e l f . s t a t e [ 0 ] >= s e l f . x_max_discrete or s e l f . s t a t e [ 1 ] >=

s e l f . y_max_discrete or s e l f . s t a t e [ 0 : 2 ] in s e l f . obstacles :

119 return s e l f . step_return(−1 +orienation_reward )

120

121

122 s e l f . obstacle = False ;

123

124 return s e l f . step_return ( orienation_reward + 1/math .pow( ( abs ( s t a t e [0]−env .

t a r g e t [ 0 ] ) + abs ( s t a t e [1]−env . t a r g e t [ 1 ] ) ) , 2 ) )

125

126 def calculate_orientation_reward ( state , counter ) :

127 i f counter == 0 :

128 return 0

129 current_orienation = s t a t e [ 2 ]

130 orienation_reward = 0

131 for i in range ( current_orienation −6, current_orienation +7) :

132 state_prev = s t a t e
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133 for action in range ( 1 ) :

134 i f ( state_prev , action ) in world_model . keys ( ) :

135 index = random . choice ( range ( 0 , len ( world_model . get ( (

state_prev , action ) ) [ ’ next_state ’ ] ) ) )

136 s t a t e = world_model . get ( ( state_prev , action ) ) [ ’ next_state ’ ] [

index ]

137 reward = calculate_position_reward ( s t a t e )

138 orienation_reward += reward+calculate_orientation_reward (

state , counter−1)

139 return orienation_reward

140

141 def calculate_position_reward ( s t a t e ) :

142 i f s t a t e [ 0 : 2 ] in env . obstacles :

143 return (−1)

144 e l i f s t a t e [ 0 : 2 ] in env . t a r g e t s :

145 return (10)

146 return 1/math .pow( ( abs ( s t a t e [0]−env . t a r g e t [ 0 ] ) + abs ( s t a t e [1]−env . t a r g e t [ 1 ] ) )

, 2 )
� �

A.2.5 Reinforcement learning training
� �

1

2 def update_world_model ( state_prev , state , reward , action ) :

3 i f ( state_prev , action ) in world_model . keys ( ) :

4 world_model [ ( state_prev , action ) ] [ ’ next_state ’ ] . append( s t a t e )

5 world_model [ ( state_prev , action ) ] [ ’ reward ’ ] . append( reward )

6 world_model [ ( state_prev , action ) ] [ ’number ’ ] += 1

7 else :

8 world_model [ ( state_prev , action ) ] = { }

9 world_model [ ( state_prev , action ) ] [ ’ next_state ’ ] = [ ]

10 world_model [ ( state_prev , action ) ] [ ’ next_state ’ ] . append( s t a t e )

11 world_model [ ( state_prev , action ) ] [ ’ reward ’ ] = [ ]

12 world_model [ ( state_prev , action ) ] [ ’ reward ’ ] . append( reward )

13 world_model [ ( state_prev , action ) ] [ ’number ’ ] = 1

14

15 def hypothetical_experience ( k ) :

16 keys = l i s t ( world_model . keys ( ) )

17 for i in range ( 0 , k+1) :

18 state_prev = (random . choice ( keys ) ) [ 0 ]

19 action = qlearn . chooseAction ( state_prev )

20 i f ( state_prev , action ) in world_model . keys ( ) :

21 index = random . choice ( range ( 0 , len ( world_model . get ( ( state_prev , action ) ) [

’ reward ’ ] ) ) )

22 reward = world_model . get ( ( state_prev , action ) ) [ ’ reward ’ ] [ index ]

23 s t a t e = world_model . get ( ( state_prev , action ) ) [ ’ next_state ’ ] [ index ]

24 position_reward = calculate_position_reward ( s t a t e )

25 orientation_reward = calculate_orientation_reward ( state , 2 )

26 reward= position_reward+orientation_reward

27 qlearn . learn ( state_prev , action , reward , s t a t e )

28

29 def plan ( env ) :

30 x_target = env . t a r g e t [ 0 ]

31 y_target = env . t a r g e t [ 1 ]

32 for x_current in range (−20 ,20) :

33 for y_current in range (−20 ,20) :

34 for theta_current in range (−50 ,50) :

35 theta_ref = np . arctan2 ( ( y_target− y_current ) , −1*( x_target−

x_current ) )

36 theta_ref = f l o o r ( −1* theta_ref /(2*np . pi ) *20)

37 e_theta = theta_current − theta_ref

38

39 i f abs ( e_theta ) == 0 :

40 qlearn . q [ ( ( x_current , y_current , theta_current ) , 0 ) ]= 1
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41 # planned_action [ ( x_current , y_current , theta_current ) ] = 0

42 pass

43 e l i f e_theta < 0 :

44 qlearn . q [ ( ( x_current , y_current , theta_current ) , 1 ) ]= 1

45 # planned_action [ ( x_current , y_current , theta_current ) ] = 1

46 e l i f e_theta >0 :

47 qlearn . q [ ( ( x_current , y_current , theta_current ) , 2 ) ]= 1

48 # planned_action [ ( x_current , y_current , theta_current ) ] = 2

49

50 def trajectory_packup ( ) :

51 for pair in best_experience :

52 state_prev = pair [ 0 ]

53 action = pair [ 1 ]

54 reward= pair [ 2 ]

55 s t a t e = pair [ 3 ]

56 position_reward = calculate_position_reward ( s t a t e )

57 orientation_reward = calculate_orientation_reward ( state , 2 )

58 reward= position_reward+orientation_reward

59 qlearn . learn ( state_prev , action , reward , s t a t e )

60

61 env = real_env ( 1 )

62 qlearn = QLearn ( actions=range ( 3 ) , alpha =0.99 , gamma = 0.99 , epsilon = 0 . 4 )

63

64

65 n i t i a l _ e p s i l o n = qlearn . epsilon

66 i n i t i a l _ a l p h a = 1

67 epsilon_discount = 0.9

68 alpha_discount = 0.9

69 world_model_inverse = { }

70 n = 4

71 explore_factor = 0.001

72 action_prev = 0

73

74 world_model = { }

75 best_experience = [ ]

76 cum_reward = [ ]

77 convergence_list = [ ]

78 plan ( env )

79 t r a j e c t o r i e s = [ ]

80 done = False

81 max_trials = 300

82 env . reset ( )

83

84

85 for episode in range (190) :

86

87

88 applied_actions = { }

89 for x_current in range (−20 ,20) :

90 for y_current in range (−20 ,20) :

91 for theta_current in range (−50 ,50) :

92 applied_actions [ ( x_current , y_current , theta_current ) ]= [ ]

93

94 i f len ( best_experience ) >0:

95 max_trials = np .mean( convergence_list )

96

97 i f episode > 0 :

98 convergence_list . append( t r i a l s )

99 cum_reward . append( reward_sum )

100 t r a j e c t o r i e s . append( experience )

101

102 t r i a l s = 0

103 i f episode == 0 :
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104 env . g e t_ st at e ( )

105 else :

106 i f done :

107 env . g e t_ s tat e ( )

108 env . reset ( )

109 done= False

110 else :

111 env . g e t_ s tat e ( )

112 state_prev=env . s t a t e

113 state_prev_prev= env . state_prev

114 state_prev_ = env . state_

115

116 i f qlearn . epsilon > 0 . 3 :

117 qlearn . epsilon *= epsilon_discount

118 i f qlearn . alpha > 0.9 :

119 qlearn . alpha *= alpha_discount

120

121 experience = [ ]

122 counter = 0

123 reward_sum = 0

124

125 for i in range ( max_trials ) :

126 t r i a l s +=1

127 action = qlearn . chooseAction ( state_prev )

128 applied_actions [ state_prev ] . append( action )

129 last_two_actions = applied_actions [ state_prev ][−4:−1]

130 print ( last_two_actions )

131 i f len ( last_two_actions ) == 3 :

132 i f last_two_actions [ 1 : ] == last_two_actions [ : −1 ] :

133 rand = random . randint ( 0 , 1 )

134 i f rand == 0 :

135 env . rotate_to (−1.5759)

136 action = 0

137 else :

138 env . rotate_to ( 0 )

139 action = 0

140

141

142

143

144

145 for action_ in range ( 0 , 4 ) :

146 i f ( state_prev , action_ ) in qlearn . q . keys ( ) :

147

148 print ( s t r ( ( state_prev , action_ ) ) + " : "+ s t r ( qlearn . q [ ( state_prev ,

action_ ) ] ) )

149

150

151

152 state , reward , done , _ , state_prev_ , state_ = env . step ( action )

153 reward_sum+= reward

154 update_world_model ( state_prev , state , reward , action )

155 print ( "reward : " + s t r ( reward ) )

156

157 i f reward == −10 :

158 obstacles . append( s t a t e [ 0 : 2 ] )

159

160

161 experience . append ( ( state_prev , action , reward , s t a t e ) )

162

163 qlearn . learn ( state_prev , action , reward , s t a t e )

164

165
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166

167

168

169 # hypothetical experience

170

171 hypothetical_experience (100)

172

173

174

175

176 trajectory_packup ( )

177 print (done)

178 i f not (done) :

179 state_prev= s t a t e

180 state_prev_prev= state_prev

181 action_prev = action

182 else :

183 print ( "Episode : " , episode , " " , " Epsilone : " , qlearn . epsilon , " T r i a l s : " ,

t r i a l s )

184 i f len ( convergence_list ) == 0 :

185 best_experience = experience

186 else :

187 i f t r i a l s < min( convergence_list ) :

188 best_experience = experience

189 best_experience . reverse ( )

190

191 break

192 else :

193 continue
� �
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