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the algorithm. The proposed methodology contrasts previous approaches by using a single 
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current heading when oriented towards the highest reward area. The results demonstrated 
consistent gradient following behavior for phototaxis with only a single sensor in both simulated 
and experimental environments. 
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different parameter combinations, and experimenting with the usage of multiple agents or 
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1 Introduction 

In the modern world, robots are becoming an increasingly visible part of everyday life. 

Whether it is food-delivery bots going door-to-door, or self-driving cars taking over the 

streets, the change in the direction of robotics is clearly underway. The usage of robots 

that are capable of automatic operation, known as mobile robots [1], is a constantly 

increasing area of interest for many sectors in the field of technology. The ways in which 

autonomy is achieved, and the methods for robot control include many different 

possibilities and has a constant need for innovation to create better and more advanced 

systems. Autonomous robots have numerous applications including, but not limited to, 

assistive robots in environments with human interaction [2], construction [3], and 

exploration tasks such as rescuing operations or patrolling [4]. What most of the tasks 

have in common is the need for robots to have knowledge of the environment and the 

ability to independently move and navigate within it while maintaining safety and 

fulfilling its objectives [4]. 

Some common methods to achieve autonomous robot control include Machine 

Learning methods like Supervised Learning, where training data is used to teach correct 

labels and classes, Reinforcement Learning (RL), where reward systems are used for 

learning, and Unsupervised Learning, where training data is used but it is unlabeled and 

finding the correlation is the algorithms job [5]. Other methods include more classical 

control strategies like Model Predictive Control (MPC), where a mathematical model is 

used to predict future behaviour, while working under physical and safety constraints 

incorporated into the optimization [6], and reactive control methods, where actions are 

based on current sensor data and the robot’s reflexes to progress step by step towards 

its target [7]. Challenges in autonomous control include dynamic environments, where 

the robot has to work with unpredictable circumstances, limitations in its sensing 

abilities, and constraints in computing and processing. Even though classical control 

methods provide uncertainty handling via tools such as probabilistic filters, learning-

based methods can offer advantages in real-time handling of dynamic environments [8], 

which motivated the usage of them in this thesis in the form of reinforcement learning. 
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Gradient following behaviour to seek a source has many practical applications where 

the goal is to find a zone of interest automatically. These include inspection tasks like 

gas leakage [9] or identifying odor sources indoors [10], search and rescue operations 

[11] where unsafe environments require robots for seeking, and environmental 

monitoring [12] where sources represent anomalies or pollutants. This thesis addresses 

the gradient following behaviour by contributing a Q-learning framework working under 

minimal sensing constraints, which demonstrates the usage of a single sensor in a 

source seeking application. 

To work with Reinforcement Learning, the goal of this thesis is to create a framework 

where a reinforcement learning algorithm is used to achieve gradient-following 

behaviour. A gradient in the context of this thesis is the spread of the reward that the RL 

algorithm is receiving. The gradient is created by a source, which in the case of 

phototaxis will be a light source. An efficient algorithm will learn to move towards the 

center of the reward source as that has the highest concentration of reward. The 

framework uses only the minimal information it is given and does not have any prior 

knowledge about the reward source position, or the robot’s own position within the 

world. After reaching the goal, the robot’s ability to demonstrate retention of its position 

is also considered, as it provides further information regarding the framework’s 

robustness. Different variations are compared as the effect that slight changes in 

reward shaping makes should be determined in order to create the most robust 

algorithm. By developing this framework, the thesis aims to demonstrate a simpler 

solution to achieving phototaxis behaviour, relying only on minimal information and 

hardware. To test the algorithm in this thesis, experiments were conducted in both 

simulated and experimental environments to examine the sim-to-real problems which 

may occur, including the physical constraints when compared to a perfect simulated 

environment. This was done to determine usability in more unpredictable and noisy 

environments. 

The usage of a learning-based framework opens opportunities for further development 

in uncertain and changing environments, as the system is not tied to explicit model 

usage. By lowering the computational complexity and the need for sensors, using RL 

becomes more accessible to a wider range of robots. This also creates openings for 
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more diverse applications within the real-world, as simpler setups can be considered as 

use cases while still maintaining robustness of the framework. 

1.1 Research objectives and contribution 

The objective of this thesis is to explore the area of autonomous exploration by using 

learning-based methods, more specifically to answer the following research questions: 

• RQ1: Can a mobile robot achieve gradient following with minimal information? 

• RQ2:  How do reward design choices affect the robustness and navigation 

performance of the algorithm? 

By answering these research questions, the thesis contributes to RL discussion by 

demonstrating that navigation is possible while only using a singular sensor and a four-

state space. This contrasts with RL approaches which often require multiple sensors 

with more advanced information like LiDARs and have the need for sensor fusion which 

makes the algorithms computationally expensive. The robot’s movement will be only 

directed via switching between two phases, either being passive where the robot 

focuses on finding new headings, and active where the robot moves towards its current 

heading. By implementing the algorithm in an experimental environment, the algorithm 

is validated further and tested against uncertainty. The system is represented in four 

states which come from the active/passive phases of the robot and the 

increase/decrease of the reward. This is sufficient for the task as knowing the change in 

reward is all that is needed to determine whether the movement is towards the reward 

source, and the phases provide the necessary actions that are available. Although this 

simplification does create some information loss when considering aspects such as the 

distance to the source or coordinates, the simplicity of the Q-table results in a lower 

computational load which is relevant when the aim is to work with minimal sensing and 

it creates good opportunities for usage on embedded hardware. 

1.2 Structure 

The structure of this thesis is organized in the following way. The background and theory 

sections are covered in Chapter 2, which gives a general overview of the state of the art 
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in the areas of taxis movement, minimal sensing, learning-based control of robots, and 

reinforcement learning in robotics. The chapter provides the necessary theoretical 

information to understand the working principles involved, and the areas taken into 

consideration when developing the approach of this thesis. After providing sufficient 

background information, the physical system used in this thesis is described in Chapter 

3. The chapter provides the required information for recreating the used setup, and the 

necessities involved within in it. 

Chapter 4 goes through the actual framework used as methodology in this thesis. The 

chapter shows the structure of the algorithm and explains the components it is based 

on. After this the results of the simulated and experimental versions are shown and 

analysed in Chapter 5, which shows comparison and deployment of the algorithm 

moving from simulation to reality. Conclusions of the thesis and potential future 

directions are covered in Chapter 6, which summarizes the contributions of this thesis. 
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2 Background and Literature Review 

Taxis is a well-known phenomenon especially in biology. It has also been translated into 

robotics in some cases. In this chapter, some sources of inspiration are delved into and 

closely related areas in robotics are also covered, including learning-based systems, 

minimal sensing and reinforcement learning. By doing this literature review on the topic, 

a better understanding of the state of art is achieved which helps in deepening the 

understanding of this thesis. 

2.1 Taxis in biology and robotics 

The term taxis means an organism’s movement directed by the effects of an external 

stimulus. In nature this can be seen as an animal’s movement towards zones of interest 

for example warmth or food sources. Examples of different variations of taxis include 

chemotaxis the movement towards a chemical source, phonotaxis the movement 

towards sound signals, and phototaxis the movement towards light sources. More 

specifically, positive taxis refers to movement towards a source, and negative taxis 

away from it. Taxis behaviour is useful as it can be used by animals to help in actions 

such as foraging and navigation. However, the behaviour is not fixed and is often 

transformed by the experiences animals have from performing different tasks. For 

example, in a study about honeybees their role in a colony had an impact on how the 

bees reacted to taxis. Nurse bees that spent a large amount of time inside were found to 

be less reactive to light stimuli when compared to foraging bees working outside. [13], 

[14]  

Chemotaxis is often researched as a part of cells and their working principles. One 

particular study focused on the determining factors of cell behaviour during 

chemotaxis, and whether spatial or temporal sensing would be used. Temporal sensing 

refers to using information from two different time points during a cell’s movement, 

whereas spatial sensing refers to the cell using different parts of its surface 

simultaneously to determine the change in its gradient. The study made important 

findings in identifying key factors of the cell behaviour. One of these was the ratio 

between the cell’s speed and its diameter, for which a higher ratio seemed to make 
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temporal sensing more common. Some features were also listed as temporal sensing 

being more robust when affected by noise. This was explained by the average taken 

during it when compared to the spatial sensing approach which uses the difference. [15] 

The examples of these sensing types is relevant to the study, as they are important 

elements of gradient sensing which is very much at the core of every type of taxis 

application.  

During the chemotaxis movement, the cells often use a strategy known as run-and-

tumble. Cells that have been noted to use this strategy include bacteria, primordial 

germ cells, and immune cells. It is a known phenomenon which resembles a biased 

random walk at its core. When using run and tumble, the cells also use temporal 

sensing to determine whether they are moving in the right direction. The working 

principle of run and tumble is simple and can be explained as the two phases it has. 

When in run mode, the concentration of the attractant is measured and if rising the 

direction is kept the same. Cells also have the ability to adapt to the higher 

concentrations it encounters, by doing which it recalibrates its sensors avoiding over 

saturating inputs. The tumbling phase is activated in cases where the concentration 

starts to decrease. When tumbling, the cell starts to move in reverse which causes a 

small tumbling effect, after which the cell starts moving in a new random direction. [16] 

In this thesis the idea of run and tumble is used in the context of using different phases 

for movement where there are practically both run and tumble states. This is discussed 

in detail later in the thesis. 

Applying the working principles of taxis to robotics is by no means a new concept. A 

study done by Rañó [13] developed a version of this where taxis was used for the 

creation of  a control scheme of a non-holonomic dual-drive robot which follows 

standard differential-drive system equations. In their study the taxis was modelled after 

a scalar function where the maximum spot or the source, was placed in the origin of the 

workspace. For the setup the dual-drive robot was equipped with two sensors, where 

each sensor was connected to one motor respectively. This was done to emulate 

bilateral symmetry and to have sensors directed towards the direction of the robot. 

Having one sensor per motor creates a simple working principle where the connections 

were decreasing, so that a higher sensor reading corresponded to a lower turning rate 
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for the wheel connected to that sensor. This allows easy directional manipulation 

directing the robot towards the higher reward. On top of this as the reward got larger, the 

turning rates of both wheels were lowered so that the robot would slow down the closer 

to the origin it got. The resulting model worked with any starting pose and was able to 

always drive the robot to the maximum of the stimulus. The tests were only performed 

via simulation, and no physical implementation of the controller was developed. The 

provided study is an example of the most straightforward version of a taxis robot, known 

as the Braitenberg vehicle. 

The Braitenberg vehicles have one or more sensors with wheels independent from one 

another. The sensors are directly connected to the motors individually, manipulating 

their actions and the robot’s movement. The sensors can either be connected 

ipsilaterally or contralaterally, and the actuation either slows them down or speeds 

them up. This creates a very simple intelligence version for the robot, which is capable 

of tracking sources and moving towards them. [17] Although the Braitenberg vehicles 

are easy to use and quick to set up, they are not quite as advanced as other methods, as 

they are only following the circuit they have been provided. When applying to real world 

robotics, it is important to consider the uncertainties that come with real hardware and 

environments. When compared to a learning-based algorithm, the Braitenberg vehicle 

falls short in areas where for instance a weaker motor or changing environment is 

involved, as the hardwired connections in a Braitenberg vehicle do not allow any 

feedback system to compensate for changes in the system. In a learning-based system 

the robot is taught to understand the rewards and the goals, which gives it more 

adaptability when in comparison. 

Most importantly in the context of this thesis, the concept of phototaxis has its own 

implementations in both nature and robotics. In nature, phototaxis is an important 

aspect of many microorganisms that they use for autonomous navigation tasks. 

Different organisms use different strategies for this behaviour, including intensity-based 

tumbling or more complex internal reorientation mechanisms using internal feedback 

loops to direct their movement. The working principles creating the behaviour need an 

element motivating the orientation of the organisms. Only altering the velocity 

depending on brightness will not direct the organism towards the gradient source, but it 
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needs something more to give it determination. [18] Organisms can orientate 

themselves towards a light source by using aligning torques [18], and in robotics the 

behaviour can be achieved by using learning-based approaches, which is the focus of 

this thesis. Applying phototaxis to robotics has been investigated both experimentally 

with a singular mobile robot to harness natural light indoors for recharging [19], and 

numerically with a virtual robot swarm to perform negative phototaxis and move the 

whole swarm away from a light source [20]. Out of these two case studies, the first one 

is in closer relation to what this thesis is attempting to achieve, and inspecting its 

capabilities and working principles serves as a good comparison and helps understand 

areas of innovation. 

The phototaxis robot created by Vaussard et al. [19] used four photodiodes to perform 

spatial sensing and guided the robot by using a simple P controller to continuously 

reorientate the robot towards the strongest signal measured by the diodes. The robot 

was equipped with a solar panel on top of it, and the purpose of the study was to allow 

the robot to perform self-charging indoors by navigating to spots of sunlight. After arrival 

the robot would rotate the solar panel precisely for optimal charging. The study 

achieved high efficiency raising the battery percentage, and that 16 hours of recharging 

allowed one hour of movement. In regard to phototaxis, two parts of the setup are the 

most relevant to this thesis. The method for determining the gradient, and the 

reorientation of the robot towards areas which increase the received values. These can 

be generalized to spatial sensing and manual reorientation based on the data from 

multiple sensors.  

2.2 Minimal sensing in robotics 

In robotics, a lot of the core mechanism in autonomy comes from two parts of the 

robots, sensors and actuators. The selection of these can be detrimental to the 

capabilities of the robot and change its properties noticeably. In minimal sensing the 

information availability is limited purposefully to the minimal amount required by an 

application. In the most extreme scenario, this means using a singular sensor. Minimal 

sensing has both pros and cons, which are important to acknowledge and understand 

before considering its implementation.  
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Some of the pros attached to minimal sensing have been noted to be the following: 

• Simpler, more straightforward setup, which is a good quality when considering 

using multiple robots at once as the setup becomes easier to implement [21].  

• Reduced costs as less material is needed, although having minimal sensing can 

also mean using a more expensive and advanced singular sensor instead of 

multiple simpler ones [22], [23]. 

• A simpler sensing architecture has been noted to be less susceptible to failure, 

and it has good grounds for scaling up to a collaborative robot team [22]. 

• They are also robust against sensing uncertainty as no communication and data 

comparison between different sensors is needed [22]. 

On the other hand, minimal sensing inherently brings some downsides as well which 

include some of the following: 

• Having less sensors inherently lowers the capabilities of the robot and the 

information it gets. This can be seen as fundamental limitations in performance 

when compared to using more sensors [24]. An example of this that can be 

pointed to is the lack of knowledge in global turning direction [22]. 

• Using minimal sensing can lead to greater efforts in the designing process, so 

that the capability of sensing is enough [25]. 

• Also the dexterity of a robot can take a hit, as having minimal sensing often 

involves focusing on a single optimized feature [25]. 

Minimal sensing leads to the incomplete knowledge of the surrounding environment. 

This partial observability leads to the difference between the observed environment and 

what really exists. In minimal sensing the partial observability is created on purpose 

with the intention of reducing the need for multiple sensors. In partially observed 

environments a robot’s movement and decision making has to rely on some history of 

its previous actions, so a memory needs to be maintained. This can complicate 

planning and learning, as exploration, learning, and memory reasoning has to all be 
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done simultaneously by the robot. Also, it may lead to extensive sampling to gather 

enough information for the right actions. This makes controlling more difficult as the 

latent state is not visible, and the robot does not know its exact conditions. The 

observed information can also be mapped as one-to-many, where two conditions of the 

robot might actually be the same in reality. [26], [27] Control in partially observed 

environments needs to account for the limited information that is available. Using 

methods such as reinforcement learning has good potential in these environments as 

they are made to work with noisier and incomplete information [28].  

Minimal sensing has been used in robotics for a variety of different applications. A great 

example is the creation of a twining robot arm investigated by Naselli et al. [25]. The 

purpose of the study was to mimic the functionality of a climbing plant species. The 

design of the robot arm involved taking advantage of embodied intelligence by using 

changes within the arm’s structure which reduced the need for sensors. This was 

inspired by biology where often structures have varying flexibility in their body, being 

stiffer at the bottom gives them the support and flexibility at the tip allows them to still 

control objects. The arm used a single air-pressure sensor and based on the changes in 

thickness along the arm it was able to twine around supports. This reduced the need for 

multiple sensors, demonstrating the capabilities of using embodied intelligence as a 

design strategy in minimal sensing. Minimal sensing has also been applied in other 

instances to robotic applications. Examples include gas leak searching swarm of 

drones equipped with four single-beam range sensors [29], mapping and localization of 

vacuum cleaners equipped with only infrared and ultrasonic sensors [30], and cluster 

formation of drone swarm with the smallest possible sensing range of 2 units and 

inability to communicate with each other [31]. The examples show good design 

strategies for implementing minimal sensing into applications. 

Design strategy is an important aspect of any creative task and to understand them in 

more detail, the reasoning for the chosen designs should be discussed. In all of these 

studies the limitations came mostly from hardware restrictions or informational 

constraints. The nano-drones used for gas leak search all had very strict payload 

restrictions, weighing only around 50 grams by themselves. Thus, a heavy camera setup 

was not an option, and lighter noisier sensors had to be used. The study demonstrates 
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exploiting swarm redundancy as a design strategy which increases tolerance to sensor 

uncertainties. [29] The localization and mapping of vacuum robots used a fundamental 

assumption that the environments were rectilinear. It was also restricted by the 

expenses as the robot vacuums were intended for commercial purposes, so only low-

cost sensors were used. By using environmental assumptions as design strategy, the 

inputs could be simplified and localization was achieved. [30] The self-organizing 

swarm of drones was a simulation-based experiment where 2 sensing units had no 

physical sensor connection. Still the acknowledgment of this study is important as it 

highlights how the usage of rules for local interaction as a strategy can overcome the 

minimal sensing capabilities to achieve uniform global actions. [31] The examples 

presented here are all examples of how minimal sensing can be implemented by 

designing systems and strategies that consider the lack of knowledge received via 

sensory inputs.  

Although increasing sensory input offers a variety of different applications that take 

advantage of the information, using minimal sensing is still an important section of 

robotics which should be considered. Using minimal sensing has its limitations 

including incomplete information, dexterity of a robot, and greater design efforts, which 

highlights the motivation to create learning-based controllers for robots under these 

constraints. 

2.3 Learning-based control of robots 

Controlling robots in uncertain environments requires capabilities of adaptability and 

adjustability. Information received from traditional sensors such as ultrasonic or laser 

sensors can often be insufficient, which creates limitations where the working 

environment has to remain unchanged [32]. Traditional methods often rely on defined 

models which creates limitations in their capabilities, including difficulties in 

adaptability to the environment. The limitations for classical control methods of robots 

include the lack of robustness caused by uncertainties, tuning complexity, and the need 

for accurate system modelling. In recent years the transition to learning-based control 

frameworks has been notable and has given a new direction for robot control. 

Conventional linear methods work well in stable working conditions, which is often not 
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the case in robotics. Although adaptive control methods designed for uncertain 

environments exist, the usage of learning-based approaches is a suitable solution for 

them offering more flexibility. Newer robots are often more complex requiring 

connected algorithms and introduce nonlinear systems with uncertain environments, 

which creates the motivation to use learning-based controllers. [33]  

To accomplish learning outcomes, two known methods are introduced. Both model-

based and model-free learning are methods suitable for predicting a robot’s actions and 

adjusting based on relevant information. In the model-based method, a representation 

of the working environment is created, which can then be used for calculations to make 

a prediction of future values. In model-free learning the working principle is quite the 

opposite where cached information of the environment is collected and valued. Model-

based algorithms generally speaking direct actions towards a certain goal, having their 

environmental representations work as an internal map. In contrast to this, model-free 

algorithms create rules on what actions to take based on the collected information, and 

work while being detached from possible outcomes. Computationally speaking model-

based strategies are statistically efficient when doing prediction, although they can be 

somewhat computationally demanding. Large calculations are often needed when 

evaluating all possible future choices since it includes a far-reaching tree of options. On 

the other hand, the predictions are often accurate. Model-free strategies have to make 

the predictions based on previously encountered values and are not easily adaptable to 

internal state and environmental changes as they have to experience the change for a 

long enough time for it to have an effect. Learning is not as statistically efficient as 

calculations are not as complex either, and the accuracy depends highly on the 

estimations made by the system as it needs time to learn. [34], [35] 

When considering learning-based control, it is important to understand and 

acknowledge some of the core categories involved in it to help distinguish them and to 

evaluate which one to use. One of these categories is supervised learning, which is 

based on using learning sets to map inputs to outputs [36]. Another category is adaptive 

control where the parameters of the controller are updated continuously to optimize the 

controller in a changing environment. It does not need prior information and can 

perform parameter estimation in real-time for unknown parameters. [37] In addition 
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there is also imitation learning, where mapping of observations and actions is learned 

from existing demonstrations. The potential of imitation learning is in the idea of 

reducing design problems and reward shaping to just giving demonstrations as material. 

[38] Intelligent control is a fundamental category of control where different artificial 

intelligence methods are used to achieve tasks with complex goals, which includes 

fuzzy logic and neural networks [39]. Finally, one of the most prominent categories in 

learning is reinforcement learning which is also the core strategy of this thesis. 

Reinforcement learning will be discussed separately later in this thesis, as it shall be 

delved into in more detail compared to the other learning strategies. 

When using learning strategies, there are different options for how the different 

components of the system are integrated into the model. These learning architectures 

give different approaches for handling sensors, control models and learning systems. 

End-to-end architecture takes multiple sub-components and turns them into a singular 

learning task. Contrary to a modular pipeline, this means that for example to move a 

robot, the framework maps all received sensory data directly into control commands. 

This gives the robot good adaptability and requires less rule shaping for the movement. 

[40] On the other hand since everything is directly turned to a singular task, end-to-end 

systems inherently create a black-box effect where the reasoning is not clear for the 

action. A modular learning architecture decomposes a complex task to smaller portions 

that are handled by neural modules. They can work by either being trained on different 

sections of the same problem, or a set is trained on the same problem combining their 

estimations. A modular architecture allows easier interpretability, but training these 

chained modules globally can be challenging at times.[41] In addition to using learning 

architectures directly, often learning-based systems are combined with classical 

controllers to create a learning-assisted control scheme. An example of this is to use 

Model Predictive Control and reinforcement learning together. The goal of which is to 

capitalize on both of their strengths. With this a smoother and more efficient algorithm 

can be developed, although it can be slightly difficult to train. [42] 

Learning-based control methods of robots have plenty of positive properties, but it is 

also important to make notice of the limitations that come with it. When using adaptive 

control, the system is always sensitive to any delays happening within the computation 
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or actuation which is a real concern especially if heavier adaptation is needed. On top of 

this, highly dynamic environments can cause modelling complexity and reduce 

robustness. [37] Imitation learning has its own issues as well. This includes potential 

issues with matching the learners’ abilities to that of the teacher, in addition to this 

kinematic replication can be challenging as the learner only sees the effect of actions 

that are taken. Lastly, since the learner is observing the teacher there are inherent 

challenges with noise in readings [38]. 

After reviewing different aspects of learning-based control techniques, it becomes 

easier to choose different learning architectures and modelling options. In this thesis 

the learning algorithm has simple control objectives but understanding how different 

areas change the used learning techniques makes the choices more justified. 

2.4 Reinforcement Learning in Robotics 

Situational choice making is crucial in robot control and is at its best when doing it 

maximizes the possible reward for the robot. For this a great method to achieve results 

and improve performance is using reinforcement learning. In reinforcement learning the 

robot is not told which actions are going to be right, but instead it learns them by 

comparison of the different actions and their respective rewards over time. This allows 

the robot to develop more so on its own compared to other methods such as supervised 

and unsupervised learning. [43] 

A system for reinforcement learning is composed of four main elements, including its 

working policy, the received reward signal, the used value function and the 

environment’s model, although the model is not mandatory. At the core of the system is 

the used policy, which by itself already explains the behaviour of the model. It can be 

more or less mathematically complex, but as a generalization it maps what actions are 

the most desirable when in certain states of the perceived environment. In RL, states 

represent the possible scenarios the learning agent can be in, and the actions are the 

possible responses the agent can take to affect its environment. The reward function 

defines the model’s goal as the system receives reward values from the environment 

which it aims to maximise or minimize over the course of its runtime. The reward is the 

main component affecting the changes in policy, where receiving low rewards will cause 
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the change of the policy in the future when faced with the same situation. Whereas the 

reward function is the immediate information, the value function represents a longer 

scope where the system considers what is desirable over time. In a reinforcement 

learning model this means understanding which states are desirable. Even if the 

immediate reward would be low, the value function might still prioritize certain states if 

the common consequence of them is other states with high rewards. Although 

important as well, the value function is second in line when compared to the reward 

signal. The value depends on the reward, and its purpose is to maximize the received 

reward in the end. Still the general purpose of these models is to maximize the value, 

since it brings the most reward in the long run. This can be challenging as unlike rewards 

the value is not received directly from the environment but must be estimated and 

calculated over time. The last category, the environment model, is a sometimes-used 

element of RL systems. It replicates the environment which can then be used for 

planning and for predicting following states. It is not used in all RL systems and divides 

the systems into different categories of either model-based methods where it is present 

or model-free which work without it. [43] 

Incorporating RL into robotics has been relevant in recent years and this includes land-, 

air-, and water robotics. Reinforcement learning does not rely on using a known a model 

for its dynamics, but instead gathering information from the environment and learning 

based on that [44]. The learning is achieved by trial and error, which makes it 

appropriate for solving challenging tasks, and self-learning requirements. RL is a 

subsection of machine learning where the environment is used as the source of 

information in regard to collecting a cumulative reward and maximizing it [45].  

In reinforcement learning the system uses a type of action space to meet the goals and 

requirements in an allowed way within its constraints. A common way to categorize 

these spaces is into three categories: the Discrete Action Space, the Continuous Action 

Space, and a Discrete-Continuous Hybrid action space. In a discrete action space, the 

actions can easily be counted as they are simple commands and choices. Meanwhile in 

the continuous action space the choices are described within a range for example a 

degree of movement within a range. The last version combines the two where actions 

are chosen discretely, but the parameters for them are continuously specified. [46] 
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The reinforcement learning policy can be either On-policy or Off-policy. Differences 

between these two come from how they update their parameters and thus affect the 

robot’s movement. The concept behind on-policy algorithms is the evaluation of the 

policy used to control the robot, whereas off-policy algorithms use one policy to collect 

information in order to improve their target policy. [47] The differentiation between on- 

and off-policies is closely tied to the trade-offs that need to be made when focusing on 

either exploration or exploitation. The trade-off between the two comes from the need to 

discover new areas and options ensuring the robot is finding the best choices globally. 

To achieve this, the system has to decide between taking new unexplored steps and 

using what it already knows from experience. By doing this the evaluation of finding 

something potentially better and using the currently best options is done. A common 

way of solving this dilemma is by using off-policy learning where exploration noise is 

added to the policy, which can then be independently evaluated. [48] On-policy learning 

has its own challenges when addressing the dilemma, as the learning and exploration 

cannot be separated from one another. As a result of this the balance between 

exploration and exploitation must be found within a single process. This is factored in as 

an exploration cost within the on-policy learning algorithm, and the algorithm will often 

learn to avoid danger to explore parts. [49] 

In different applications, different algorithmic solutions of reinforcement learning have 

been used. These algorithms have some differences, and they include some of the 

following. The SARSA algorithm uses an eligibility trace for the learning of the system 

which allows it to learn the sequence the actions are taken in. The algorithm is on-policy 

which refers to it using the actual positions of the system to update the learning. Being 

on-policy, the behaviour of the system changes as time goes on. It has some challenges 

including the analyzation of the bias created by unidentified samples and the dynamic 

policy changing. [50] The Deterministic Policy Gradient (DPG), is another algorithm 

using actor-critic methods where the systems states are mapped to the action 

continuously. A policy gradient has a parameter vector which is used to determine a 

selected action in a current state, and it is represented by the action-value function’s 

gradient. An advantage of using a DPG when compared to stochastic examples is not 

needing to integrate over the action space, which makes it need less samples, 
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especially in larger action spaces. [45], [51] Finally an important solution commonly 

used is Q-learning. The core of Q-learning is learning the values of actions so that the 

optimal actions can be taken [43], which will be reviewed more later as one of the core 

components of this thesis. 

The usage of deep neural networks within RL is known as Deep Reinforcement Learning 

(DRL), where deep learning and reinforcement learning are combined. The combination 

of deep neural networks and reinforcement learning allows the mapping of more 

complex and high dimensional inputs like camera images to direct actuation. The neural 

networks act as approximators for either value functions and policies or one of them, 

which are then used to find the actions which bring maximum reward. This makes the 

framework good for robotics, although it does have its own setbacks including issues in 

sampling and crossing the reality gap. DRL has multiple areas of application with 

promising results including robotics. In robotics DRL has been tested on some of the 

following areas: locomotion, drone racing and -acrobatics, navigation and road 

following, industrial assembly, and multiagent co-operation. [52], [53], [54]  

To better comprehend the applications of RL in robotics, some examples are 

considered. This includes exploration tasks [55], object picking tasks, manufacturing 

and vision based controlling [45]. To deepen the understanding of the applications, a 

single example is analysed in more detail. A study done by Zheng et al. [56] explored the 

possibilities of improving RL capabilities when working with tasks involving multiple 

stages. The purpose was to combat challenges involving local maximums and 

unnecessary exploration by adaptation based on three states of up-stage, stuck and 

ahead. Based on different states the exploration rate is changed to either lock in a 

successful strategy, escape stalling, or refine working strategies. The RL algorithm was 

a Markov Decision Process where states, actions, likelihood of changing states after an 

action, reward function and the importance of future rewards shape the framework and 

operate with the goal of maximising the received reward. To help with progressing, the 

researchers made the reward do a high jump in value when successfully completing 

phases in its tasks. The provided formulation was tested in a simulated environment to 

complete tasks of placing an object inside of a drawer and retrieving an object from a 

closed box. The study was able to produce efficiency in samples one-third to one-fifth of 
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that what was needed normally, while also working with an over 40% higher success 

rate in randomly generated environments. The method also had better stability where 

the learning did not get stuck on local maximums. Acknowledging this study 

demonstrates how RL can be used in robotics to achieve higher efficiency, and to help 

with performing tasks within robotics. 

The usage of reinforcement learning brings some inherent problems with it. One of 

these challenges is crossing what is known the reality gap and moving from simulated 

versions to real-life experiments. The gap is caused by differences in how the real 

environment and equipment is represented within the simulations, which in the worst 

case can lead to failing controllers on real robots. To test the reality gap, training and 

verification is first done in simulation, after which real deployment is tested and the 

reward difference between them is identified as the reality gap. The reason sim-to-real 

pipelines are often used in reinforcement learning come from the nature of training and 

learning. Running simulators to train controllers reduces safety risks that arise from 

training trial and error on physical robots, and it is also faster. After the controller has 

been tested and validated, the sim-to-real transfer pipeline is done. For representing the 

robot and the environment, a less detailed version of them is usually preferred. This is 

done to address the computational cost that comes with highly realistic and accurate 

simulation environments. However, this can often cause clear issues when transferring 

to the real world. Some methods have been introduced to help developers in bridging 

this gap. These include Adversarial Reinforcement Learning (ARL), Domain 

Randomization (DR), and Transfer Learning (TL) as examples. In ARL the system has a 

protagonist and an antagonist framework where the antagonist is trying to minimize the 

protagonist’s reward. This trains the algorithm to work under uncertainties. In DR some 

parameters of the environment are randomized with the goal of losing minimal 

performance and to maximize the reward. TL is more traditional in a sense as it is used 

by doing generalization between tasks in the simulated and real world. [57], [58]  

Some other challenges related to reinforcement learning in robotics have been noted to 

be learning from a limited number of samples, explaining policies and actions, and 

formulating reward functions. These are only a few of the challenges related to RL and 

its practical applications and addressing them is important in robotic control. [59] When 
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applying to real-world scenarios, shortcomings can arise from aspects such as low-

frequency control. Controlling robots is often restricted by the hardware available and 

the sensing abilities of the used sensors. This can restrict the robot’s movement 

frequency, limiting the capabilities of reinforcement learning as it often needs a high-

frequency input to compensate for estimation errors. [60] 
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3 System Description and Problem Formulation  

In order to execute the desired goals and make testing as easy as possible, the system 

used in this thesis was created separately and set up for running the algorithms. In this 

chapter, the different aspects of the system are described and introduced.  

3.1 Mobile robot platform 

For the phototaxis setup, a mobile robot was needed. The robot is used as a base for 

movement, sensors and communication. After considerations, iRobot’s Create3 was 

chosen as the base robot. Choosing the Create3 allowed the usage of pre-existing 

knowledge on motor control, which made the setting up easier. The robot was equipped 

with reflective markers to enable the usage of a Motion Capture (MoCap) system. It was 

purely used for plotting of the robot’s paths, and not for the control in any way. A 

TSL2591 digital light sensor was attached to the Create3 via a Jetson NX Orin board, 

which was added to the robot. The Create3 does also have its own sensors for hazard 

detection, which were used as an emergency recognition software. By doing this the 

robot was made to back away after hitting objects, but this was done only as an 

emergency addition as the testing field is kept empty during experimentations so ideally 

the hazard detection should not be activated during the experiments. 

The features of the Create3 are very suitable for the task at hand, and the simulation of 

the robot was also straightforward. The Create3 is a differential drive robot, giving it 

ability to move forward, backwards, and rotate. To move the robot around, it takes in 

velocity commands, more specifically in the form of ROS2 topic /cmd_vel. Within the 

topic, linear and angular velocity commands are sent which in turn are translated to the 

robots forward/backward and rotational movement. In simulation, it is useful that the 

robot has built-in wheel encoders which enable the robots odometry estimation based 

on its wheels.  

As a differential drive robot, the Create3 follows well researched kinematic models that 

have been tested on similar robots in the past. Both wheels are revolving around the 

same centre axis, which give the robot a clear centre point. In this setup, changing the 

speeds of the left and right wheels will create either linear or rotational movement 
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respectively. The kinematic model used for a differential drive robot to command 

forward/backward and rotational velocity is defined as follows:  

 𝑣 = 𝑟 (
𝜔𝑅+𝜔𝐿

2
) (1) 

 𝜔 = 𝑟 (
𝜔𝑅−𝜔𝐿

𝐿
) (2) 

Where 𝑣 is the overall linear velocity, 𝜔 is the overall angular velocity, 𝜔𝑅 and 𝜔𝐿 are the 

left and right wheel angular velocities, 𝑟 is the radius of the robots’ wheels and 𝐿 is the 

distance between the wheel centres. The kinematic model is adopted from other 

studies implementing the same equation for their differential drive robots. [61], [62] 

Using this model and the cmd_vel topic, the Create3 moves in the following way. When 

an action is decided upon, the cmd_vel topic receives a new geometry_msgs/Twist 

message. The Twist message sends the linear and angular velocity in a format where 

both are represented by the commanded x, y, and z values respectively. As the Create3 

is a non-holonomic robot, only the values for linear x (𝑣) and angular z (𝜔) velocities are 

used. Linear y and z cannot be used as the robot cannot move sideways or change its 

height, and angular x and y are ignored as the robot cannot roll or pitch.  

To connect the ROS2 message to the kinematic model, the robot uses inverse 

kinematics to translate linear and angular velocity to right and left wheel velocities. By 

inspecting the Equations (1) and (2), the velocities 𝜔𝑅 and 𝜔𝐿 can be represented as: 

 𝜔𝐿 =
1

𝑟
(𝑣 −

𝜔𝐿

2
) (3) 

 𝜔𝑅 =
1

𝑟
(𝑣 +

𝜔𝐿

2
), (4) 

which is what the robot uses for its movement based on the sent messages. Since the 

kinematic model is a commonly used one, any robot following the same kinematics and 

controls could be used instead which is good for the expandability of the setup.  

For the Create3, a pre-existing simulated ROS2 package is available, which was used in 

the simulated version of the setup. It creates all the same topics and same properties of 

the robot directly, which gives the best starting point for setting up the environment. 

Being nearly a circle with a radius of around 15 cm and having very straight forward 



29 

control mechanisms, the robot was a good fit for the setup. The Jetson NX Orin board 

was added to the robot as an additional processing unit. The purpose the board serves 

is the integration of the light sensor into the setup. The board was powered via the 

Create3’s internal battery, and for communication it was set to use a matching ROS 

domain id. The connection was handled via a local Wi-Fi connection. Being a powerful 

board, in the future the Jetson NX Orin can support further expansions in addition to the 

one sensor that is currently used. The simulation is an idealized version of the Create3 

where no noise, wheel slip, or other factors are considered. This creates a small gap 

between how the real-world is represented and what the simulation is, which is 

something that is kept in mind during the implementation. Outside of that, the 

simulated Create3 still follows the same kinematic models and uses the same ROS 

topics, which makes working between simulation and reality easier. 

The systems architecture has three parts: the Create3, the Jetson NX Orin, and a laptop 

running Ubuntu 22.04. The laptop acts as a main workstation for the architecture, where 

the Q-learning algorithms and velocity commands are sent directly from it over the 

ROS2 network. All the data from the Create3 and the Jetson board is received via ROS2, 

and the information is used directly that way. The Create3 works as the systems 

actuator, demonstrating the movement and learning based on the algorithms running 

on the laptop. The Jetson board connects the sensor to the system and publishes its 

received data. The reason that the algorithms are being run on the laptop comes down 

to increasing computational efficiency, and also ease of use since checking logs, 

plotting and debugging is more straightforward on a local computer rather than a 

remote access one. To help with visualization the system architecture is shown in figure 

1. 
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Figure 1: The system diagram 

3.2 Sensor configuration and implementation 

The robot uses a TSL2591 digital sensor which is connected to the Jetson board via an 

i2c connection. It produces lux readings which are used directly to translate the 

brightness of the robot’s current position to a reward reading that is used within the 

learning algorithm. No smoothing or filtering is considered in the current setup. The 

decision to exclude smoothing and filtering of the sensor readings was made for two 

reasons. First, by using raw values of the sensor, the testing is done in a worst-case 

scenario. If working under these conditions, it makes it easier to claim robustness of the 

algorithm. Second, filtering would introduce a tuneable variable that has the potential to 

compensate for issues within the algorithm itself. By not filtering the value, the focus is 

kept on the used Q-learning algorithm, and the performance is not dependant on the 

filtering variables. 

after some considerations. By not filtering the sensor readings the algorithm is forced to 

work under suboptimal conditions, which demonstrates the robustness of the 
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algorithm. By running the algorithm while using raw readings instead, the most amount 

of uncertainty is provided to the algorithm, and it is challenged more.  

Different placements of the sensor were considered when creating the setup. The 

difference between having the light sensor place either in front, at the back, on the 

sides, or in the middle means a difference in what each movement will represent to the 

robot. Determining the appropriate sensor placement is discussed later in this thesis as 

results are created and different options are evaluated in more detail. 

3.3 Experimental and Simulated environment 

The experiments were done in a laboratory environment, with uniform lighting, even 

ground, and no obstacles. Here the robot has the least restrictions in its movement, and 

the experiments can focus on demonstrating the algorithm itself. 

For the simulations, two slightly different environments are created where the reward 

gradient models differ slightly. In one version the light intensity readings of the physical 

light source were used to create a version of a simulated light source, and in the other a 

Gaussian bell curve function was used to simulate the reward source. This creates two 

environments where one is ideal and optimized, whereas the other is closer to reality 

and creates a slightly different gradient to traverse. 

The ideal reward function follows a standard 2D Gaussian bell which has a defined 

center point. The formula for the reward function is constructed of three different parts: 

noise, orientation factor, and the spatial decay. The orientation factor alters the reward 

function to consider the orientation of the robot when calculating the reward. The 

orientation factor is defined in Eq. 5 as: 

 𝑓(𝜙) = {
1.0                                                 𝑖𝑓 𝑜𝑟𝑖𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑖𝑠 𝑛𝑜𝑡 𝑒𝑛𝑎𝑏𝑙𝑒𝑑

max(0.1, 𝑐𝑜𝑠(𝜙 − 𝜃(𝑥, 𝑦)))   𝑖𝑓 𝑜𝑟𝑖𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑖𝑠 𝑒𝑛𝑎𝑏𝑙𝑒𝑑       
, (5) 

Where 𝜃(𝑥, 𝑦) = atan2(𝑦𝑐 − 𝑦, 𝑥𝑐 − 𝑥) is the bearing from the heading to the target 

center and 𝑥𝑐 and 𝑦𝑐  are the coordinates of the reward source. The noise can be 

expressed as: 

 𝑛 = 𝜎 ∙ 𝜉, (6) 
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Where 𝜎 is the standard deviation of the noise and 𝜉~𝒩(0,1). And the complete 

equation for the reward is shown in Eq. 7. 

 𝐶(𝑥, 𝑦, 𝜙) = 𝑓(𝜙) ∙ (𝐿0 + σξ) ∙ exp(−λ[(x − xc)
2 + (𝑦 − 𝑦𝑐)

2]), (7) 

Where exp(−λ[(x − xc)2 + (𝑦 − 𝑦𝑐)2]) is the spatial decay, 𝜆 is the spatial decay 

coefficient and 𝐿0 is maximum reward available. For the runs within this thesis, the 

function was used with the following numerical values: 𝐿0 = 40, 𝑥𝑐 = 3.5, 𝑦𝑐 = 3.5, 𝜎 =

0.1, 𝜆 = −0.5, and the noise variance is 𝜎2 = 0.01 

The second simulated environment was constructed based on actual light intensity 

readings within the experimental arena. To do this, the light sensor was moved in 

straight lines across the light gradient, collecting information on the intensity values 

along the way. These values were then used as pairs of distance and reward, which were 

used to fit a cubic spline through them.  

As the light intensity values only reached a certain point in the arena, a large range of 

values in the simulation would be zero. For simulation purposes it is more useful to have 

some extension to the gradient as the purpose of this thesis is the realisation and 

demonstration of a gradient following algorithm, and exploring areas outside of the 

gradient is not within the scope. To tackle this, the simulated light source was given an 

extension in the form of a similar Gaussian curve that was used in the optimal reward 

function setup. This method enabled the robot to receive reward readings from further 

away, and the algorithm to have more valuable information to work with. The physical 

properties of the light source determine how reward is distributed across the 

workspace, and to visualize it better the comparison of the reward gradients can be 

seen in figure 2. In Fig. 2 the simulated light source’s gradient curve is plotted with the 

optimal Gaussian reward function. For the Gaussian reward function, the best and 

worst cases are plotted since orientation acts as a factor for the received reward at 

each coordinate, and the band between the best and worst possible rewards is shown. 
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Figure 2 Comparison of reward gradients 

As can be seen from Fig. 2, the reward gradients are somewhat similar when 

considering the best case for the Gaussian reward. One of the biggest differences 

between them is seen when comparing the peak value, as the experimentally measured 

gradient is not as smooth which is expected. 

Even though the second simulated reward shape was constructed based off of 

experimental measurements, the curve is not exactly identical to what is actually used 

in the experimental setup. Ideally the gradient of the light source would be perfectly 

symmetrical, but due to restrictions in setup construction the actual light gradient is 

more elliptical in shape. This is due to the placement of the light source which required 

the light to be directed in an angle as it was connected to the corner of the arena, and 

that way the gradient would reach further out. 
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4 Learning-Based Phototaxis Methodology 

The next step in the process was the development of the reinforcement learning 

framework used for the phototaxis experiments. The choices made and details about 

the algorithm are reviewed in the following chapters, which gives clarity on the 

methodology used within this thesis. 

4.1 Reinforcement Learning Framework 

The goal of the RL framework proposed in this thesis is gradient climbing to find a 

reward source, where the reward values come from a reward function in simulation and 

from sensor readings in the physical setup. In both versions, the reward values have the 

same role within the RL algorithm. The agent of the algorithm is either the simulated or 

physical mobile robot which is performing the task directed by the framework. When 

implemented correctly, the RL framework learns to choose states between active and 

passive based on the reward it is receiving, directing the robot towards its goal. The 

decisions made in this task are based on the previous ones to help the agent maximize 

the rewards and optimize performance, which makes it a sequential decision-making 

process [63]. 

The RL framework has no additional knowledge about its global position, and it only 

directly interacts with its environment which is either a light field or a testing arena. Only 

a singular sensor is used, so the framework works under partial observability created by 

the minimal sensing choices made. Using minimal sensing creates uncertainties as only 

the singular reward values are used to make all the decisions, which the framework has 

to account for by balancing the trade-offs in exploration and exploitation when selecting 

actions. 

The approach chosen for the RL framework is Q-learning as the system is model-free 

with a discrete action space, which fits the approach as Q-learning is also suitable for 

the minimal sensing constraints presented within the system. The action space of the 

system consists of discrete commands where the system either forces a phase switch 

or uses natural switching between the active and passive states. The usage of 

sequential decisions with clear states and received rewards leads to the framework 
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translating well into a Markov Decision Process. Further details involving the framework 

are presented below in regard to the Markov Decision Process and Q-learning aspects. 

4.2 Markov Decision Process Formulation 

The Markov Decision Process (MDP) is a mathematical framework used in the modelling 

of decision-making where uncertainty and randomness is considered. In this framework 

only the current state and action of the system matter. In its simplest form, the MDP 

works as a discrete time step process known as Discrete Time Markov Decision Process 

(DTMDP). This version works in the following way: the system is being observed at 

different time steps, where a state is observed for the system. After this, an action is 

chosen for the system from a set of actions. Following that, a reward is given to the 

system, and a state transfer is performed at the next time step with a defined probability 

for transition. The DTMDP can be represented as: 

 {𝑆, 𝐴(𝑖), 𝑝𝑖𝑗(𝑎), 𝑟(𝑖, 𝑎), 𝑉}, 

where 𝑆 is the state space, 𝑖 is the state, 𝑎 is the action, 𝐴(𝑖) is the set of actions, 𝑝𝑖𝑗(𝑎) 

is the transition probability, 𝑟(𝑖, 𝑎) is the reward, and V is a defined objective. [64] 

For the formulation of the setup, reinforcement learning was used via action- and state 

spaces. In the action space of the algorithm, the controller makes a choice between 

binary actions 𝑎𝑡 ∈ {0,1} during usage where: 

𝑎𝑡 = 1 is a forced switch where 𝑓𝑡 is set to 1 − 𝑓𝑡 and vice-versa 

𝑎𝑡 = 0 has no forced switching and allows the default Markov switching to take place 

Even when 𝑎𝑡 = 0, switching may still occur on the phases based on the two-state 

Markov switching, where: 

 Pr(𝑓 = 0 | 𝑓 = 1) = 𝛼      Pr(𝑓 = 1 | 𝑓 = 0) = β, (8) 

which is only applied at decisions. 
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Based on the phases and a binary valued indicator for improvement of the algorithm, 

the state space is represented in a 4-state space where 𝑟 and 𝑠 represent the state 

space as: 

 𝑟↑ = 𝕀[𝐶𝑡 > 𝐶𝑡−Δt],      𝑠𝑡 ∈ {0,1,2,3} ≡ (𝑓𝑡, 𝑟𝑡
↑) (9) 

Which creates the state space: 

 𝑠𝑡 =

{
 
 

 
 
0   𝑓

𝑡
= 0, 𝑟𝑡

↑ = 0

 1   𝑓
𝑡
= 0, 𝑟𝑡

↑ = 1

2   𝑓
𝑡
= 1, 𝑟𝑡

↑ = 0

3   𝑓
𝑡
= 1, 𝑟𝑡

↑ = 1

 (10) 

The state space translates to four settings where the robot is either: 

• Passive and not improving 

• Passive and improving 

• Active and not improving 

• Active and improving 

Being either in the passive or active phase, the robot is either passively reorientating to 

find a heading with better rewards or actively executing with more confidence towards 

its current heading. This results in the movement resembling a run-and-tumble type 

movement where the passive phase gives the robot a higher possibility to collect 

information regarding its surroundings. 

The reward of the framework is tracked from a gradient which constructs of coordinates 

and headings in simulation and direct sensor readings in the experimental setup. Based 

on the values received, the change is shown as 𝐶𝑡 and 𝐶𝑡−Δ. Used in 𝑟𝑡↑ = 𝕀[𝐶𝑡 > 𝐶𝑡−Δ], 

the scalar reward is set by using the following formulas depending on the phase of the 

algorithm: 

Passive phase (𝑓𝑡 = 0):  

 𝑅𝑡 = {
0       𝑖𝑓 𝐶𝑡 > 𝐶𝑡−Δ   
−2     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒          

 (11) 
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Active phase (𝑓𝑡 = 1), uses a memory variable: 

 𝑅𝑡 =
𝑅𝑜𝑙𝑑
2

 (12) 

The value of 𝑅𝑜𝑙𝑑 is updated in the passive phase which results in bad outcomes 

lowering its value, carrying the effects to future decisions. When then changing to the 

active phase, the reward is carried over, when it is constantly halved. By doing this the 

reward encourages the active movement that the system has and teaches it to move 

actively towards the reward source. This was chosen as if instead a fresh start was 

taken every time for the reward, it could lead to more second guessing as the system 

has nothing to carry over its previous movements. 

4.3 Q-learning Algorithm 

Q-learning is one of the earlier inventions in RL. It is an off-policy temporal difference 

algorithm, where the optimal value for action is received from a learned action-value. In 

this off-policy temporal difference algorithm, a learned action-value function is used to 

receive the optimal value. In Q-learning the simplicity of updating the algorithm was a 

big achievement, and it showed convergence evidence early on. All that was needed 

from the learning algorithm for correct convergence was the updating of all pairs 

continuously. When using Q-learning, a negative reward of -1 is given when completing 

desired advancements, and a higher negative value when something unwanted and 

penalty-inducing is done. To better understand Q-learning, it is relevant to address the 

epsilon-greedy method. The epsilon-greedy method is a strategy used in reinforcement 

learning, where most of the time the best-known strategy will be taken while 

occasionally still trying random options as well. This creates a great balance between 

exploration of new information and exploitation of what is already known to be good. 

When using epsilon-greedy methods, the value of epsilon represents the percentage of 

time that a random action will be taken. Thus, the higher the value of epsilon, the more 

random the actions are going to be. [43] 

The learning algorithm used in this thesis is also based on an epsilon-greedy Q-learning 

method. In the used algorithm the actions were selected using the following 

formulation: 
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 𝑎𝑡 = {
Uniform{0,1}                    with probability ϵ,        
argmax𝑎∈{0,1}𝑄(𝑠𝑡, 𝑎)     with probability 1 − ϵ.

  (13) 

The value of epsilon was of great consideration for the phototaxis algorithm, and after 

considerations, a few options for epsilon value usage were created. It is important to 

note that the epsilon-greedy method does have its downsides as well. One noted flaw 

comes from the guaranteed randomness of the method, which inherently will create the 

real possibility of sometimes picking the wrong choice even when the robot has learned 

a lot and is already picking the right choices [43]. The first suggested option is the usage 

of a static epsilon value, to guarantee a static version of the exploration/exploitation 

program. The second solution is using a slowly decaying epsilon value, so that when 

looking for the source, as time went on and expectedly the robot would find the source, 

the epsilon would start to go down, and random actions would not be taken as much. 

The third option is the usage of two modes, stay and explore, where based on the 

current reading of the robot’s light sensor the epsilon value would be higher or lower. 

Keeping a higher epsilon value with lower light readings was considered as then the 

exploration would be based on the reward that the robot is getting. Out of these the first 

option was chosen as the main objective of this thesis is the realisation of the RL 

algorithm. It was decided that altering parameters during the run would potentially 

mask any flaws within the algorithm and manually fix issues, so a static value made 

more sense. By using a static epsilon value throughout the experiments, the exploration 

rate stays the same, and the behaviour can explicitly be tied to the Q-learning algorithm. 

The Q-learning was managed via an action-value function which was initialized to zeros 

𝑄(𝑠, 𝑎) ∈ ℝ4×2. During operation the updates were done after readings from the light 

sensor were received as rewards 𝑅𝑡 and the next updated state was received as 𝑠𝑡+1: 

 𝑄(𝑠𝑡, 𝑎𝑡) ← 𝑄(𝑠𝑡, 𝑎𝑡) + 𝛼𝑞𝑡 (𝑅𝑡 + 𝛾max
𝑎′

𝑄(𝑠𝑡+1, 𝑎
′) − 𝑄(𝑠𝑡, 𝑎𝑡)), (14) 

Where the learning rate and the discount factor of the equation are 𝛼𝑞𝑡 and 𝛾 

respectively. 

To better understand the step-by-step process of the algorithm, a flowchart can be seen 

in figure 3 which illustrates the process in low-level detail. 
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Figure 3: The step-by-step process of the learning algorithm 

4.4 Control Policy and Implementation 

To implement the algorithm with an experimental mobile robot, a flaw in the system 

needs to be addressed. Since the heading changes affecting the robot are completely 

random, nothing will create a significant pull towards the gradient in the experimental 

setup. The reward structure in the simulations uses the robot’s current heading and 

calculates part of the reward based on the orientation of the robot in relation to the goal 
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coordinate. This behaviour is not possible to implement in an experimental setup with 

an actual light source as the reward. The robot receives only a reward reading of the 

light intensity, and no additional information about its coordinates, or the light source’s 

position. When following only a singular light source reading, some considerations 

should be addressed. This includes situations where the same value can represent 

different points within the workspace where different actions should be taken. The 

convergence of the system is not guaranteed as it needs a sufficient gradient to follow, 

and the robot works based on the available states and the received reward it has. As 

discovered before the movement for phototaxis needs motivation to drive its orientation 

[18], and this needs to be addressed for the experimental setup. To address this 

difference in the reward structure, the embedded intelligence created by sensor 

placement is tested. By placing the sensor in the front section of the robot, the 

assumption is that a reorientation will change the reward value similarly to the 

simulated perfect gaussian curve reward structure. This creates enough information for 

the robot to learn when staying active and following its heading is beneficial and the 

gradient climbing behaviour is achieved. 

To bridge the sim-to-real gap within the thesis, this setup was also tested in simulation 

where the orientation-based reward was flagged false, and instead the reward was 

taken approximately 14 centimetres from the robots current coordinate. In theory this 

should replicate the experimental setup and make testing more robust for the 

experimental environment. 

4.5 Expected Behaviour and limitations 

The expectation is that the robot will learn and perform a successful ‘run-and-tumble’ 

type execution towards the reward source. During the execution the states defined by 

the Markov decision process will be given to the robot based on its learning via the Q-

learning based reinforcement learning algorithm. The robot will move along the gradient 

that a light source produces, ultimately converging to stay near the highest 

concentration spot of it, i.e. the brightest spot (or the goal area). It is to be expected that 

when staying around the goal area indefinitely, the robot will occasionally move out of 

the region if using a static epsilon value within the Q-learning.  
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The limitations in the experiments come from physical properties of the robot and also 

the limitations of the algorithm. On the physical side, one of the biggest limiting factors 

is the received information from the sensor. The sensors sensitivity and noise can cause 

faulty readings as the sensor gives jumpy readings even when standing still. Although 

the jumps are not massive, their effect is still relevant. Another limitation is to be 

expected from the used light source, as the stronger and easier to read the gradient is, 

the better the result will be. To help with this, the testing could potentially be done in a 

dark room. On the algorithm side, the limitations are a result of the choices made in the 

structure of the model. Having a smaller state- and action space contribute to the 

limited generalization of the information received. The usage of ROS communication 

will always produce some latency which is important to note, and in general 

commanding the robot has its own latency.  

Using a single sensor is evidently one of the largest limiting factor of the work. Having 

only one sensor, the robot cannot perform directional guidance based on sensor 

readings. Instead of this, it has to learn to guide its direction via the passive and active 

phases it has. When forcing a switch between the phases, the robot is testing new 

directions and moving without certainty. Contrary to that, the usage of natural switching 

lowers the chance that the phase will be switched. By learning when to result to natural 

switching based on the rewards that the robot is getting, the robot learns the correct 

movement that the task requires. The sensor can also have noisiness within its signal 

which makes learning harder, as by using multiple readings the value could be 

averaged, and more stable information could be received. 
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5 Results 

The results of the experiments done using the created algorithm are discussed in this 

section. The section includes the definitions for success in the experiments and what 

values are considered when evaluating the experiments. Results for both the simulated 

environment and the experimental laboratory environment are presented, to highlight 

differences in the setups. Multiple experiments were conducted in both versions to 

perform parametric evaluations and to find the best possible versions of each setup.  

5.1 Evaluation metrics 

When conducting the experimentations, specific aspects were looked at to determine 

the effectiveness of the algorithms. Some of the most important things to consider 

when evaluating the results are decided to be: 

• Type of path taken 

• Time to reach general goal area, and time to reach the exact goal 

• The behaviour at the goal area 

• Repeatability 

In the context of the evaluation metrics, the general goal area refers to the most central 

area, or approximately 1 meter, around the highest peak of the reward gradient. The type 

of path the robot takes is highly dependent on its randomness caused by the number 

generators and communication methods used. Although a certain path and behaviour is 

never guaranteed, it is still good to visually inspect how the robot gets to where it is 

going. The parameters affecting the type of path chosen are mainly the ones directly 

connected to the robots linear and angular velocities. Higher base speeds will 

inherently create longer strides as the robot has time to move more, and lower diffusion 

noise will create smaller reorientations. Even though these are very important and 

effective, possibly the most important parameter affecting the robots trajectory is the 

step decision size. Giving the robot more time before making another decision has 

direct consequences on the movements length. On top of the movement, the robots 
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time taken is also always taken to consideration. The challenge of finding the perfect 

balance between effective exploration while maintaining proper hovering over the goal 

abilities proved itself to be difficult. As important as it is for the robot to find the source 

quickly, it is also crucial to acknowledge the importance of the behaviour at the source. 

On top of staying at the source, the robot has to also be robust against unlucky 

sequences it will take. Since randomness is a part of the algorithm, and the epsilon-

greedy approach is used, the robot will inherently make insufficient decisions. During 

these it is important that the robot does not lose its track completely but instead 

manages to regroup and settle down again. 

The evaluation metrics and methods were the same for both the simulation, and the 

experimental setup. As both were implementing the same robot, and also had versions 

implementing similar reward reading gradients, the hypothesis was that the movement 

will also be very similar. 

5.2 Simulation results 

The simulations showed promising results to begin the work. The simulation uses the 

predefined ROS2 package for the Create3 developed by iRobot. The launch files from 

the package provide a fully functional simulated version of the Create3 robot, with ROS2 

topics published at launch. This launch was combined with a python code 

implementing the used reinforcement learning algorithm on the robot’s published 

topics. 

For the simulation results, a few different versions are looked at as data, in order to 

analyse the robustness of the algorithm itself. The first runs are done using an ideal 

reward function, using a gaussian curve to shape the reward gradient to make sure the 

algorithm works. After this, the second runs are done with a simulated light source 

closer to reality. The simulated light source is sending reward values as before however, 

the difference comes from the gradient it has. The gradient for the simulated light 

source was created by measuring real light intensity values of a lamp setup in the 

experimental version of the setup. By doing this, testing the algorithm becomes closer 

to reality, and the results that simulation gives are more likely to be feasible to duplicate 

in the experimental setup as well.  
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Since one of the determining factors of the Gaussian reward gradient is the orientation 

factor, the algorithm is experimented both with and without it. This is important, as 

altering between considering orientation and not fundamentally changes the behaviour 

of the algorithm. Based on the results the adaptation to an experimental environment 

will follow the same principles by using embedded intelligence. First the algorithm is 

tested with the orientation factor as true, after which test runs are done again with the 

orientation factor as false. 

The results of the first tests done with the optimal gaussian reward function are shown 

in the following graphs. For evaluation, the following aspects were graphed: 

• The trajectories of the robot and the reward area, which shows all five test runs at 

the same time and the trajectories taken. The reward source colouring is 

explained in the graph, and the gradient can visually be inspected. The 

trajectories are shown in figure 4. 

• Graphs for both x and y position of the robot over time with a dashed line showing 

the target coordinates, to better visualize the robots evolvement towards and 

around the reward area. The x and y positions are shown in figures 5 and 6, 

respectively. 

• Arrival time of robot, which shows the first time a ‘capture’ region is crossed 

which was determined to be a 1-meter radius around the reward source. The 

arrival of time is seen in figure 7. 

• The exact time the goal coordinate was crossed, where 0.1 meters was 

determined to be close enough to have crossed the goal which is seen in figure 8. 

• Retention after arrival, which shows the percentage of time the robots spends 

within the capture zone after arrival. The retention can be seen visualized in 

figure 9. 
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Five trajectories were chosen for the simulated runs of the thesis. The choices came 

down to testing different starting positions, and also different starting orientations of the 

robot. The same starting position was given to two runs from coordinate (0, 0), with 

opposite orientations (run 1 facing 0 degrees and run 2 facing 180 degrees). This tests 

the algorithms capability of recovering from worse readings early on as the first 

movement has a high chance of moving the robot in a negative reward direction. The 

other starting positions of (7, 0), (0, 7), and (7, 7) all had the same starting orientation of 

0 degrees. This way a good spread of different circumstances were tested, and the 

robustness of the algorithm could be proved. 

Figure 4 trajectories taken during five simulation runs 
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Tracking the value of the robot’s x and y coordinate gives valuable insight as an addition 

to the visual inspection of the trajectories. All of the simulations were run for 

approximately 800 seconds, or around 13 minutes. This was done to give the robots not 

only enough time to travel and find the source, but also to demonstrate the convergence 

of the movement around the reward source centre. 

Figure 5 Track of x coordinate value over time 

Figure 6 Track of y coordinate value over time 
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Figure 8 First time of goal crossing within 0.1m 

 

To help with result analysation, the arrival time, first goal crossing time, and retention 

percentage are good datapoints as they show information from the trajectories that 

might be hard to determine by visual inspection. 

Figure 7 Time of arrival for each run 

Figure 9 Retention at source after arrival 
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Inspecting the trajectories of the simulations and the bar charts of data gives two clear 

insights into the algorithm: the robot can find the centre of the reward source, and it 

also learns to remain nearby the centre. However, there are some caveats that can be 

noticed from the data graphs. The algorithm can produce very varying trajectories, 

which can occasionally lead to much slower convergence, higher exploration, and more 

time spent on suboptimal exploratory behaviour. The clearest example of this in the test 

runs is run 3 with starting coordinate (7, 0). After initially making good progress towards 

the source, it struggled to stay on the path and instead spent a lot of time exploring the 

same area which can also be seen in the time of arrival being noticeably higher than 

other runs at 310 seconds. The main culprit for this behaviour is the random 

reorientations the robot takes during the experiment. The randomness creates an 

inherent chance that continuous headings chosen are all bad and unhelpful. Although 

the algorithm is strong enough to correct those mistakes in the long run, it can create 

disruptions on the robots trajectory. Another caveat is the retention that happens close 

to the reward source centre. Even though the Q-learning teaches the robot which 

actions are favourable, the randomness creates an arrangement where bad decisions 

will always be made at some point. On top of randomness, staying near the reward 

centre creates harder readings for the Q-learning as smaller movements can create 

larger errors, as either passing the peak or looking away from it is much easier to do 

compared to being far away. This leads to deviations taken from the centre area, which 

need to be corrected by the robot. The algorithm did prove its robustness by handling 

these scenarios and still converging back towards the reward centre, and the retention 

percentage did stay high for all of the runs. Every single run was able to cross the exact 

goal coordinate with close enough distance, which shows the strongest source for the 

pull. There was still a clear worst run, being run 4 starting from coordinates (7, 7) which 

had a retention rate of 88,8% compared to other runs were the rate was < 96%. Even 

then the robot’s ending position is very near the goal coordinate, which demonstrates 

the ability to recover from bad sequences. 

To analyse the effectiveness of the learning capabilities of the algorithm, the actions the 

robot is taking were tracked. The two actions of natural and forced switching can be 

directly translated to the robots confidence in its current movement. Using action 0 and 
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resorting to natural state switching means that the robot is receiving positive feedback 

for its current actions and should continue executing in its current path, choosing action 

1 forces a state switch where the robot reorientates and explores more. To visualize this 

confidence, the heading error towards the goal coordinate is compared to the preferred 

action used. By definition, the confidence to move should be higher the smaller the 

heading error is, so the passive state should be the highest during that time period. The 

plot for this can be seen in figure 10. 

 

Figure 10 Distribution of actions chosen based on heading error 

As it can be seen from Fig. 10, there is a clear peak for the action 0 the closer to heading 

error is to 0, meanwhile higher action 1 usage is seen on the larger heading errors of the 

robot. This corresponds to the expected behaviour and indicates the robots learning 

algorithm is providing useful results, providing high confidence when oriented towards 

the goal coordinate. 

The next step is to test the algorithm, but this time without the orientation factor, letting 

the algorithm work its way towards the source purely based on its position in relation to 

the reward source. The same four starting coordinates are used for the runs, and the 

same information is plotted to allow direct comparisons between the two versions as all 

of the tests were run for the same amount of approximately 800 seconds or 13 minutes. 

The trajectories of these runs can be seen in figure 11. 
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Figure 11 Trajectories of robots when orientation set to false 

When compared to previous results, a difference can be noted as some of the runs end 

outside of the capture zone, and the runs do not seem as condensed as before. This 

alone begins to show the difference between using the orientation factor, but further 

analysis shall be conducted. The x and y coordinates of the robots over time can be 

seen in figures 12 and 13 respectively and as expected, the variations outside of the goal 

line in both is clear. 

 

Figure 12 Position X when orientation false 
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Figure 13 Position Y when orientation false 

The trend of the runs can be analysed from these graphs alone as the robot always gets 

close to the source but does not stick too close to the actual goal line in either x or y 

plots. Using the same bar charts as before for the arrival time, time of first crossing and 

retention after arrival give the exact information needed to weigh the importance of the 

orientation factor. The plots for which can be seen in figures 14, 15 and 16 respectively. 

 

Figure 14 Arrival time when orientation false 

 

 

Figure 15 Time of first crossing when orientation false 
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Figure 16 Retention after arrival when orientation false 

 

Here it can be noted that not using the orientation factor has some noticeable 

limitations within the experiments. The arrival time is somewhat similar to the previous 

set of runs, where the first set of runs had a 207s mean ± 66.3s and the new runs have a 

269s mean ± 155.3s, but the difference in first crossing and retention makes a clearer 

distinction between the two methods. This also shows the higher variance that can be 

noticed in the second set of runs. Not only were two of the crossing times a lot larger 

than any from the previous runs, run 3 with a start at (7, 7) never even crossed the goal 

coordinate and only got to 0.13 meters at the closest. In addition to this, the retention 

after arrival went to as low as 30%, which is drastically worse than the original runs. 

Interestingly enough, run 4 with a start (7, 0) performed exceptionally well in terms of 

reaching the capture area and crossing the goal coordinate. However, even that run 

lacked the retention after arrival. The actions chosen compared to the heading error of 

the robot is visualized again in figure 17 to realise how factoring in orientation affects the 

learning capabilities of the algorithm. 
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Figure 17 Distribution of actions over heading errors when orientation not considered 

This time the distribution of actions over heading errors is not as distinct as when the 

orientation is considered. The performed runs were capable of having some general 

movement towards the goal coordinate which can also be seen in the action graph 

where the highest percentage of action 0 is seen when the heading error is the smallest. 

However, the main difference can be seen when looking at the general distribution 

which shows a much flatter curve with higher percentages of action 0 on a wider spread 

than before. Even though the performance was worse, even with the orientation off it 

can be noticed that the learning algorithm is functioning during the process. 

Based on the two sets of experiments, it was concluded that the orientation should be 

taken into consideration when using the algorithm. The next step is to use this 

information to create a simulated version of the actual environment, via the simulated 

light source defined before. Since the orientation factor is now included, it has to be 

adapted into the simulated reward gradient which can only be received as pure 

positional values. To implement the orientation factor, embedded intelligence was used 

by placing the sensor in front of the robot. This way reorientations alter the received 

reward value, where orientating away from the source gives a lower value than before. In 

simulation this was done by taking the reward value of the simulated light source 
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approximately 14 cm in front of the robot, as that is close to the radius of the Create3 

robot. 

Multiple runs were performed to test the robustness of the setup, and once again 

important information is plotted for better visualization and analysation. The trajectories 

for the simulated light source experiments can be seen in figure 18. 

 

Figure 18 Trajectories of the runs with simulated light source 

 

Using the described methodology to run simulated light source experiments more 

similar to the actual experimental setup show good trajectories converging towards the 

reward source. Further analysis can be done by inspecting plots showing similar 

information as before where the evolvement of x and y coordinates over time, time of 

arrival in the capture area and first crossing of goal coordinate, and retention 

percentage are shown. These can be seen in the following figures 19, 20, 21, 22, and 23. 
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Figure 19 Evolvement of X over time with simulated light 

 

 

Figure 20 Evolvement of Y over time with simulated light 

 

All of the trajectories converged to close proximity of the goal coordinates which is seen 

more clearly in the x and y plots over time All of the runs were not exactly as long, with 

some being around 500 seconds, but that was determined to be acceptable as the 

algorithm had already undergone multiple tests where robustness had been checked. 

The convergence was also strong enough that the runs were determined to be running 

well. The deviance from the goal coordinates is not large enough to raise questions 

about the algorithms performance, and the results are accepted. 
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Figure 21 Time of arrival in capture zone with simulated light 

 

Figure 22 Time of first goal crossing with simulated light 

 

 

Figure 23 Retention of runs within the capture zone with simulated light 

 

The effectiveness of the trajectories becomes clearer as the time plots shown above are 

analysed. Arriving at the capture zone and crossing the exact goal coordinates provided 

were both achieved well and in good time. In addition to this, the retention percentage 

after arrival showed good values for all of the runs. The most notable jump in time taken 

was run 3 with start (7, 7) which was 100 seconds slower than the next slowest run. On 

the other hand, that particular run had the single highest retention rate at 100%, and the 

starting point was also the furthest out of all the experiments. Finally, the action 

distribution was once again plotted and can be seen in figure 24. This time since the 

orientation is no longer considered in any way when calculating the reward, the heading 
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error was tracked as a separate variable giving no additional information for the robot 

about its movement. 

 

Figure 21 Distribution of actions over heading error using the simulated light source 

Looking at the shape of the action distribution, it can be analysed that the action 0 is 

again chosen with the highest percentage when the heading error is close to zero, and 

that action 1 is preferred with higher heading errors. The graph shows a well distributed 

curve which further confirms the feasibility of the physical setup and the 

experimentations were concluded to be a success and solid proof of the algorithms 

capabilities. 

As the simulations conducted showed good behaviour for the algorithm, the next step is 

to implement the simulated light source version to a laboratory experimental 

environment. By doing this, the algorithm feasibility can be tested, and actual usage is 

demonstrated. Since the simulated light source setup was made to be as close to reality 

as possible, the assumption is that crossing the sim-to-real gap should be easier when 

compared to directly changing from the perfect Gaussian reward function model to a 

real robot. 

5.3 Experimentation results 

The tests for the phototaxis were done in a drone arena of a laboratory. The arena is 6m 

x 6m x 4m in size, which is very suitable for the Create3. The arena is empty when used, 
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so that no obstacle avoidance needs to be considered for now, as it is outside the scope 

of this thesis. Pictures of the experimental arena and robot can be seen below in figures 

25 and 26 respectively. 

            

 

 

 

Figure 26 The experimental environment where robot is performing phototaxis 

A factor to be considered within the experimental results is the angle of the light source. 

As discussed before, the light had to be directed in an angle to cover a larger area of the 

(b)  Top view of robot (a)  side view of robot 

Figure 25 Pictures of experimental robot setup 
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arena as there was no current way of placing the source directly on top of the arena, as 

can better be seen in the photo. This provides a reward gradient where one side has a 

smoother gradient, and moving away from the steeper side causes a more abrupt drop 

in lux readings. This was not considered a major issue as the algorithm’s core 

functionality of following the gradient could still be tested. Even when crossing out of 

the steep side of the reward center, the algorithm would still receive accurate 

information about the reward going down. The magnitude of the drop is not as important 

as only the current and previous value are constantly compared. However, since 

travelling back towards the light source from the steeper side has a larger change in 

gradient it can create challenges for the algorithm as the robot receives a less 

informative gradient when compared to the smoother side. 

Since there is no longer a precise goal coordinate, tracking the efficiency and successes 

of the algorithm were changed slightly. The highest lux reading available was tested 

before running the algorithm to determine the setups desired goal. Even though the 

reward gradient’s shape is not symmetrical like in the simulation, the retention and 

crossing of exact goal was kept the same by tracking the radius around the highest light 

reading. This can lead to slight inaccuracies caused by the steep drop discussed before, 

but since the robot’s goal is to arrive and revolve around this goal destination, a circular 

capture zone was deemed fitting. The retention was tracked in similar fashion to before 

where after crossing the capture radius for the first time the percentage of time spent 

inside the area is tracked. The chosen capture radius is again 1.0 meters, and the exact 

crossing radius is 0.1 meters as keeping the ranges the same makes the experimental 

runs directly comparable to the simulated runs before. 

The trajectories, x and y positions over time and arrival times were all tracked in the 

same way as was in the simulations. Different starting positions and orientations were 

used to test the robustness of the algorithm, and its functionality on an experimental 

setup. Since the light source was angled and shining directionally from one corner to the 

other, the reward gradient was the cleanest and clearest in that same direction. In the 

trajectories plot seen in figure x, this can be visualized as the light shining from 

coordinate (6, 6) towards the coordinate (0, 6). The main affects this has is where the 

tests are done from. Since the purpose is to demonstrate the gradient-following 
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abilities, the starting positions were chosen closer to the path the light source was 

creating. Hence why no tests were started from position (0, 0) for example, the gradient 

just is not visible enough there because of the light source. 

A few test runs are presented as a proof-of-concept to examine the usability of the 

algorithm in an experimental environment. By doing multiple runs, the robustness is 

tested and the behaviour is confirmed. The trajectories of the test runs can be seen in 

figure 27 

 

Figure 27 Trajectories of the experimental runs 

The trajectories show how different runs starting from slightly different positions all 

found their way to the light source in the end. Visually speaking the trajectories are all 

very different as some take much larger detours and others traverse more directly to the 

source. All executed trajectories successfully reached their objective, as they all 
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converged to the desired position when evaluated over the full runtime. Compared to 

before the gradient is not coloured in on the trajectory map, as the exact gradient 

cannot be mapped as a uniform circle. The difference in gradient discussed before is 

also a contributor to why some runs required more exploration before finding an 

adequate direction. The progress is again slightly easier to visualize when looking at the 

position graphs of x and y in figures 28 and 29 respectively. 

 

Figure 28 Position x of runs over time 

 

Figure 29 Position y over time 

The experimental test runs were not exactly as long as the simulated runs. The cutoff is 

earlier at around 700 seconds (compared to the previous 800 seconds), where some 

runs were finished even earlier than that. This is partially due to the used gradient which 

is smaller than the practically infinite simulated reward gradient. Caused by this, the 

distance that needs to be travelled within the runs also become shorter. 
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The evolution of both x and y coordinates in all of the runs resolves close to the goal 

coordinates. The runs are not staying as close to the goal coordinates when compared 

to the simulations which is something that was expected. The change of gradient and 

physical inconsistencies were thought to be the main culprits. A clearer picture of the 

runs is painted by analysing the arrival times within the capture and exact radiuses, and 

the retention of the runs. The arrival time in the capture radius and the first exact goal 

crossing can be seen in figures 30 and 31 respectively, while the retention percentage 

after arrival can be seen in figure 32. 

 

Figure 30 Arrival time within the capture radius in the runs 

 

Figure 31 Time of crossing the exact goal radius in the runs 

 

Figure 32 Retention percentage of the runs within the capture radius 
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Two important distinctions can be made from these graphs. Every run managed to cross 

the exact radius which means that the algorithm was always able to follow the gradient 

all the way to the reward source center. The retention of the runs is above 80% for all, 

which shows that the behaviour close to the reward source center is as desired, where 

the robot stays close to the center. To confirm the learning capabilities are still working 

in the experimental setup, the action distribution over heading error can be seen in the 

following figure 33.  

 

Figure 33 Distribution of actions in relation to heading error of runs 

As can be seen the algorithm still has the highest action 0 percentage when the smallest 

heading error is calculated, which confirms that the algorithm still learns when to flip its 

states. 

Completing the runs in the experimental environment demonstrate the algorithms 

feasibility within the real-world which opens the discussion for applications in the future 

and shows the robustness of the algorithm. 

5.4 Discussion of results 

As predicted, the results for both setups looked somewhat similar. The created 

algorithm did its core function well which is to follow a reward gradient. The biggest 

issue in setting up the environment was the actual reward gradient’s visibility and 

usability. The exploration capabilities of the algorithm were limited as outside of 
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determining increase/decrease within a gradient, the algorithm does not have 

environmental information encoded within the states. While exploring, no information 

that would inform the robot of already travelled paths is stored. Despite this, while 

traversing within a gradient, the algorithm consistently produces movement towards the 

reward source center. 

This was better realised in the simulated setup using the gaussian default reward 

function, which produced evenly spread reward values across the entire workspace. In 

this version the robot was able to find its way to the centre of the reward source from 

multiple starting points and orientations consistently. 

Based on comparisons done from the results, a conclusion can be made that the 

simulation provides better results. This is something that was expected as physical 

experimentations always include physical constraints and differences. Things affecting 

the experimental runs include the battery percentage of the robot, which is constantly 

changing, communication latencies and errors that can happen when using ROS2 

nodes and topics wirelessly, and noise that can be received from anything within the 

environment that can affect sensor readings. As seen in figure 26 the experimental 

environment had the laboratory lights kept on. This was a result of testing where turning 

all ambient lights off resulted in worse readings when moving the robot along the light 

gradient. Although the sensor was working correctly and had desired qualities, 

improving the readings when working in the dark should be considered. This would 

involve tuning the sensor and interpreting its readings. 

To improve the experimental results, many changes could be implemented. This 

includes filtering out light readings and also using different light sources. As discussed 

before, the available gradient has a heavy influence on how well the algorithm runs and 

using larger more evenly spread light sources is very likely to produce better results. In 

addition to this, filtering out light readings by using methods like sliding window could 

make the information received from the light source more useful. By averaging out the 

values over x amount of time, the jitteriness caused by noise could be reduced resulting 

in more accurate readings which are more informative for the robot. Filtering out light 

values does have a downside which is the inherent latency it introduces. In a 
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consistently updating RL system, introducing latency is not ideal, but if the quality of the 

values increases enough it could be worth it. 

One of the better implications for the algorithms functionality are the plots depicting 

actions taken when compared to the heading error of the robot towards the goal. By 

showing the distribution of action choices based on the heading error, the learning 

algorithms contribution can be visualized and understood. Although a purely reactive 

algorithm could potentially achieve results in following a gradient, the plots tell us that 

the usage of a learning-based framework correctly orientates the robot to move towards 

the goal coordinate. The action plots also further confirm the significance of placing the 

sensor in front of the robot. Directional knowledge was achieved without using the 

robots positional information within the algorithm, which is crucial for the feasibility of 

the algorithm. Although the action plots show a clear pattern where staying in the same 

state is preferred when heading towards the coordinate, it can be noticed that the 

algorithm never chooses the action 100% of the time. This comes down to the inherent 

randomness of the algorithm provided by the epsilon greediness used within it. Using a 

decaying epsilon value could potentially increase the efficiency of the algorithm as 

changes would not be forced a set amount of time. 

In addition to altering the epsilon, testing should be conducted for different parameter 

combinations. Changing the values of 𝛼, 𝛽, and 𝛾 directly affects the expected 

behaviour of the algorithm. Altering the probability of state switching via 𝛼 and 𝛽 could 

result in less redundant exploring with more determined movement and different 

combinations of the parameters would result in very variable results. As it currently 

stands, the algorithm uses a low 𝛾 value which corresponds to focus on immediate 

reward. Increasing the parameters value to focus more on long-term rewards has 

potential to alter the algorithms functions significantly. 

Similar conclusions to previous studies were made as the orientation factor was 

deemed a crucial aspect of the algorithm. The robots heading needs to be controlled in 

some way, as having no direction for reorientation causes each movement to be almost 

entirely random which results in insufficient exploration. 
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The amount of experiments analysed and plotted in this chapter is not entirely 

corresponding to what was done during development. The results shown are runs that 

were done in a set environment, but plenty of testing was done with differing 

parameters, starting positions, and gradient formulations. In the experimental 

environment the runs shown here were ones that were done in one of many testing days 

where the light was angled exactly in the same way and the ambient lighting was the 

same. Because every time the setup was rebuilt there was not a 100% guarantee that 

the setup is exactly the same and so only the chosen set is presented as proof of 

concept. The testing involved more experiments where the light was placed differently, 

and the algorithm was run with slightly differing parameters. Since majority of the time 

the results were promising and the right behaviour was noticed, the chosen set of runs 

was decided to be enough to act as a proof of concept for the algorithm. The same can 

be noted about the simulations which had even more rigorous testing in different 

scenarios.  
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6 Conclusions and future work 

The work in this thesis demonstrated the usage of a Q-learning based reinforcement 

learning algorithm to perform gradient following positive phototaxis on a mobile robot 

via minimal sensing with a simple state space. The Q-learning worked by performing 

temporal sensing where reward values at different positions in space were compared. 

The demonstrations included four different scenarios where the algorithm was 

evaluated in both simulation and an experimental setup. The four different scenarios 

tested were simulated reward function with and without the consideration of the 

orientation, simulated light source and -sensor setup with values based on real-world 

data, and the physical experimental setup. 

The results of the experimentations showed that the algorithm was able to follow a 

gradient successfully and keep hovering around the light source. The findings point to 

the main culprit of success being the structure of the received signal, where stronger 

gradients resulted in more consistent results. Including the orientation factor within the 

reward structure was found to be highly important for the algorithm as it allowed the 

movement to have intention in its direction and without it, the efficiency of the algorithm 

worsened noticeably. When performing the experimentations in both simulation and 

physical setups, the behaviour was comparable and the algorithm was able to follow 

the provided light gradient in different scenarios. The best results were received via 

simulation, however implementing the algorithm in the physical setup confirmed that 

even under the environmental constraints brought by crossing the sim-to-real gap the 

behaviour is still retained which shows robustness of the algorithm. Some notable 

uncertainties affecting the experimental setup included the uneven light gradient, 

changes in battery percentages, and sensor noise, which all had their own effects on the 

experiments. 

Since the achieved behaviour was accomplished by only using minimal sensing and a 

four-state space with two movement phases, it demonstrates that even without more 

complex sensor technology like LiDARs, the proposed behaviour of gradient following 

can be accomplished by using RL as an alternative. The robustness of the thesis’ 

approach was confirmed by sim-to-real successes where the algorithm performed in 
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real-world uncertainties. The approach highlights the computational simplicity required, 

and the minimal hardware required makes the approach scalable and accessible with 

resource constrained setups.  

6.1 Future work 

The framework provided in this work has great potential when considering its future 

directions. Since the algorithm is only affected by the gradient that it is receiving, it 

creates opportunities for expanding the applications that the algorithm is used within. 

Although demonstrated in this thesis with a light source to perform phototaxis, the 

source for the gradient can be practically anything as long as a gradient exists. This 

includes other taxis tasks such as the ones discussed early in this thesis like 

thermotaxis and chemotaxis. Testing this approach is fairly straightforward as it would 

only require a new source and sensor for which the same algorithm could be used. 

To expand even further, the usage of multiple agents should be considered. By 

combining information received from multiple robots, the quality of the reward gradient 

could be increased, and the effectiveness of the algorithm could thus be enhanced. 

Combining local and global knowledge about reward areas opens the discussion for 

implementations that involve local maximums. The current implementation of the 

algorithm does not have the capabilities to know whether a reward center it finds is the 

actual goal that it is supposed to reach, since if moving away from a point starts to 

decrease the reward, the algorithm will guide the robot back towards the peak of that 

gradient. As it currently stands, the robot would have to travel far enough from the local 

maximum by pure chance where its reward reading would then start to climb again. The 

idea of using multiple agents could help combat this issue where the other agent would 

be able to confirm this information that a greater reward exists. Implementing multiple 

agents is slightly more complex as the shared reward knowledge would need to be 

implemented into the algorithm. 

In other applications, the local/global maximum problem can be shifted to the 

identification of multiple reward sources from different source types. This could either 

translate to the usage of conflicting sources, or multiple positive sources. For this, the 

rewards from different sources would have to be stored separately in some way, and in 
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the case of smaller and larger positive sources, the context would have to be 

considered. By using the context of the rewards, a smaller reward reading from a 

different source type could be deemed more valuable which would make its overall 

reward higher. By achieving this the robot would be able to navigate more efficiently and 

consider more variables when performing its exploration and source seeking. This 

approach would involve installing different sensors and using different sources, which is 

fairly straightforward to try, as then the rewards for each source could be made 

correspondingly. 

One of the natural directions that should be considered in the future is the involvement 

of deep learning techniques that were also briefly discussed in the literature review. The 

usage of deep Q-learning gives the opportunity to use more complex state 

representation instead of the four states used in this thesis, and to incorporate aspects 

such as obstacle avoidance better. [65] In this thesis the usage of deep Q-learning 

could improve the state representation providing more information to help with 

exploration abilities or sensitivity to noise. Incorporating deep learning has the potential 

to address some of the challenges related to minimal sensor information available, and 

the discussions around reward structures would still be applicable which makes it a 

natural upgrade.  

As one of the most prominent forces in technology right now, generative AI is an aspect 

that should also be considered in the context of this thesis. Although not the biggest 

limitation in this thesis, the usage of Generative AI has been noted to be a good tool for 

addressing the sim-to-real gap. This is achieved by generating environments that are 

intricate and helpful for training of better actions and strategies. Specifically in RL the 

usage of Generative models could be adapted to enhance reward structures which is 

closely related to subjects of this thesis as well. On top of this, generative models are 

noted to be applicable to data augmentation where features and data could be 

generated from limited sensor information. [66] For this thesis, the connection to 

generative AI comes from enhancing the available sensor information of the system. If 

possible, to improve reward structures, and help with experimentation by creating 

differing gradients, the testing of the algorithm could see improvements. This is also 

something to consider when working with minimal sensing and partial observability. 
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