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Abstract 
 

Autonomous Driving is a lively research area in Artificial Intelligence that aims to automatize 

procedures for self-driving vehicles. Machine Learning has overcome human performance in 

some simulators with the development of techniques like Deep Reinforcement Learning and 

Convolutional Neural Networks, as they have been applied with great success to a variety of 

applications, such as video games. The objective of this work is to demonstrate established Deep 

Learning techniques used in videogame simulators to show proficiency in Autonomous Driving. 

In this research, concepts of Autonomous Driving, Video Games and Deep Learning are 

presented. For that, a simulator is used to enable the use of Machine Learning. Also, a technique 

related to Deep Learning is evaluated and chosen for the demonstration of conduct vehicles 

automation in the videogame simulator. Variables related to the agent and the environment 

(such as distance, steer variation, among others) are taken into consideration. 
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1. Introduction 
Urban locations offer a variety of issues even for the most experienced drivers, and a good 

approach to mitigating the risks is for humans to train their abilities in simulation software 

(Păvăloiu et al, 2018) (Tobin et al, 2017). However, this approach is being replaced by 

“automated digital drivers” which use ML techniques to learn how to drive safely in those 

environments (Maurer et al, 2016) (Memon et al, 2016). On the other hand, driving is a skill very 

difficult to measure. The answer for “how good is a driver” is inside a grey area and setting 

metrics to monitor the driver’s behaviour is something challenging, as to choose the right 

parameters for the algorithm to learn from it (Talpaert et al, 2019). For deploying a project of 

this nature successfully, the solution needs to provide not only the drivers' functionalities but 

must have to be very secure for the world. With that, safety is considered a challenging feature 

for DL projects in autonomous driving (Grigorescu et al, 2020). Fortunately, the testing phase for 

such systems can be done in a non-real scenario, such as video games, preventing any real fatal 

casualties and reducing costs (Bratosin et al, 2019) (Almasi et al, 2020) (Tobin et al, 2017). 

While video games can be popular and can offer a great amount of data on human-computer 

interaction, ML algorithms can improve video games about their content and their user 

experience (Yannakakis and Togelius, 2018). As DL is already largely used by a considerable 

amount of scene perception devices in autonomous vehicles (Grigorescu et al, 2020), it can be 

an interesting option to apply the same for autonomous agents in a simulation.  

1.1. Deep Learning 
Deep Learning (also known as Deep Machine Learning) is a subset of ML techniques based on 

algorithms that attempt to model high-level abstractions of data using multiple layers of activity 

vectors as representations, composed of many linear and non-linear transformations (Bengio et 

al, 2021). It also can be defined as a technique that computes a large configuration of learned 

functions and/ or concepts for which standard techniques of ML are not addressed (Goodfellow 

et al, 2016). 

It was developed by studies showing how the human brain computes data, having the 

assumption that each brain layer is learning the features at larger levels of abstraction (Babiker 

et al, 2019). Some people claim that the first ANN to be trained in this method was designed by 

Alexey Ivakhnenko in the 1960s with the study of the Group Method of Data Handling 

(Schmidhuber, 2014). 

Some of the purposes of DL lies in the objective of understanding the data correctly and to 

enables machines to acquire knowledge in a given algorithm with multiple steps (Goodfellow et 

al, 2016). 



DL has many inclinations and a variety of methods have been tried which have yet to be 

successful. However, it has become the main enabler for Visual Object Recognition, Robotics, 

Autonomous Driving and Natural Language Interpreters (Grigorescu et al, 2020). Some of the 

most successful DL methods involve ANN. 

1.1.1. Artificial Neural Networks 
An Artificial Neural Network (or Neural Network only) is a computational model motivated by 

an animal's central nervous system (in particular the human brain) which is capable of 

performing ML operations as well as pattern recognition, mimicking the human brain behaviour, 

which means gathering new knowledge, making mistakes, and finding out new information. 

They are inspired by the 1959 biological model proposed by David H. Hubel and Torsten Wiesel 

who discovered 2 types of cells in the primary visual cortex: simple (to trigger determined 

features of visual inputs) and complex (which exhibited less spatial variance than the simple 

ones) (Haykin, 2009). This discovery motivated some modern NN designs ahead (Schmidhuber, 

2014). 

The ANN is composed of neurons (also called nodes, or processing units), synaptic weights (also 

known as interneuron connection strengths), and the propagation function. The artificial 

neurons are inspired by the biological neurons, which receive one or more inputs and deliver 

one or more outputs. The synaptic weights are used to store the learned knowledge. The 

propagation function is used to bring the inputs through the neurons. It is composed of the 

weighted addition of the input values and the bias. The difference from a linear regression model 

is the activation function, which supplies the non-linearity to the ANN, enabling complex 

operations with the data (an ANN without it is essentially a linear regression model only). Also 

referred to as the squashing function, the activation function is used to restrict the proportions 

of the neuron’s output (Haykin, 2009). The neuron performs the weighted sums calculations 

while the activation function decides if a neuron triggers or not. Types of activation functions 

are discussed later in this research. 

Architecture 

Neural architectures are typically grouped in components called layers, with neurons on a given 

layer to be connected to other neurons in the following layer (Goodfellow et al, 2016). Similar 

behaviour is noted in the neurons from a given layer. The arrangement of neurons in the layers 

and the connection pattern between them define the ANN architecture, and the number of 

neurons in each layer is a significant item in the same (Idrissi et al, 2016). 

There are 3 types of layers: input, hidden and output. The input layer is where values are given 

to the ANN. The hidden layers (also known as intermediate layers) are the place where most of 



the processing is performed, through weighted inputs and produce an output through an 

activation function. Finally, the output layer is where the outcome is presented (Haykin, 2009).  

If the ANN has no hidden layers, it means it has only the input layer and the output layer, and 

the value is projected only one way, from the input nodes to the output nodes (also known as 

computation nodes), it is called Single-Layer Feedforward Networks. If a similar ANN has one or 

more hidden layers, it can be called Deep Neural Network, or Multilayer Feedforward Network, 

Deep Feedforward Network or even Multilayer Perceptron (which is also known as a calculation 

function delineated to a given set of input values to output values). Finally, a Recurrent Neural 

Network has one or more feedback loops whose feature is not present in the other 2 

architectures (Goodfellow et al, 2016), (Haykin, 2009). 

  

Figure 1: Multilayer Feedforward Network Simplified Diagram 

Learning Process 

The ANN learns from its iteration with the environment, through a procedure called learning 

algorithm, which are training rules where the weights of their synapses are adjusted on the 

received values to achieve a goal. This activity is called the learning process, and can be classified 

into the following (Haykin, 2009): 

• Supervised Learning: when an external agent (such as an instructor) is used to teach the 

network the desired outcome to the input pattern. 

• Unsupervised Learning: when no external agent is indicating the desired outcome to 

input patterns. 

• Reinforcement Learning: when an external critic evaluates the outcome provided by the 

network. 

The learning rate η(n) manages the magnitude to change the model on regards the calculated 

error in every iteration n, when the weights are updated (Haykin, 2009). Smaller learning rates 



cause the training process to be longer while a higher value can incur a rise in the average loss 

(Bengio, 2012). 

 

Figure 2: Block Diagram of Supervised Learning (Haykin, 2009) 

One of the objectives of the learning process is to reduce error. NNs learn through optimization 

of their weights (and biases) (Parr and Howard, 2018). For training a DNN it is necessary to select 

the optimizer and the cost function (also known as loss function, or error function). Optimizer is 

the algorithm that, given a set of parameters, returns a value by minimizing (or maximizing) 

some function ƒ(x) by changing x. The optimizer function tries to minimize or maximize is known 

as the objective function or criterion (meaning that it is searching for a solution having the 

lowest or highest score respectively). It is called the cost function the objective function for 

minimizing operations. The cost function returns an outcome showing how well the ANN models 

the data. Higher values from the cost function mean that the algorithm is not adherent to the 

objective (Hennig and Kutlukaya, 2007). As it is the function for measuring the accuracy on the 

performance error of an ANN, they are similar to the ones used in other parametric models (such 

as linear models), as they define a distribution p(y|x; θ) (Goodfellow et al, 2016). Types of cost 

function and optimizer algorithm are discussed later in this research. 

An accepted technique for training ANNs is backpropagation. It was introduced in 1985 by 

Hinton, Rumelhart, and Williams and has 2 phases (Haykin, 2009): 

• Forward propagation: the weights are set, and the input values are passed on through 

the network until they reach the output nodes. Modifications are restricted to the 

activation possibilities and nodes outputs. 



• Backward propagation: an error signal is created by comparing the output with the 

expected value. Then, the error signal is passed on through the network, but in the 

inverse direction, in which several changes are made on the weights. 

 

Figure 3: Directions of 2 basic signal flows in a DNN: forward propagation of function signals and backpropagation 
of error signals (Haykin, 2009) 

This backward flow of the error information allows for efficient computation of the gradient at 

each layer. Calculating an analytical expression for the gradient is straightforward, but 

numerically evaluating such an expression can be computationally expensive, in special for the 

hidden layers (Goodfellow et al, 2016). 

Finally, overfitting (or overtraining) is when a model has a good performance for the training 

data but a poor performance in the test/ unknown data. When it happens, the ANN is not able 

to discover patterns on both input and output standards (Haykin, 2009). There are a few ways 

to handle overfitting, from modifying some of the hyperparameters or applying some 

techniques such as early stopping (decide how long to train for a piece of information on a given 

hyperparameter by monitoring the out-of-sample error on the training process) (Bengio, 2012). 

Hyperparameter 

In ML, hyperparameters are settings to manage the actions of the ANN algorithm (Goodfellow 

et al, 2016). There are several hyperparameters needed to be specified such as: 

• The number of input values. 

• The number of output values. 

• The number of hidden layers. 

• The number of neurons in a given hidden layer. 

• The optimizer algorithm. 

• The activation function of a given hidden layer or output layer. 



• The learning rate. 

If the number of hyperparameters in a model is fixed or variable, it indicates the same as 

parametric or non-parametric respectively (Hennig and Kutlukaya, 2007), (Goodfellow et al, 

2016). 

While some hyperparameter’s values can be known in advance, empirical tests must be 

performed for others, as several attempts may be necessary to reach the optimum. 

1.2. Video Games 
Video Game is an electronic game made mainly for entertainment purposes in which the player 

interacts through peripherals connected to the machine, such as controls (joysticks) and/ or 

other devices (e.g.: keyboard, mouse) with images displayed on a video screen (normally a 

television, a built-in screen from a handheld device or a computer monitor). There are many 

genres of videogames: first-person shooters (FPS), real-time strategy (RTS), racing simulators, 

role-playing games (RPG), and card games are just some examples. 

There are few discussions on when video games first came, but some authors like Wolf and 

Crookall point out it was in the 1950s when the video gaming age began (Wilkinson, 2016).  

Some video games provide a realistic experience for gamers but are difficult to be used for 

anything other than entertainment as it would require some illegal methods to achieve the game 

resources (Rong et al, 2020). To sort out this situation, some games provide their development 

platform, while others are designed to that end, such as the Serious Games. 

Serious Games 

Serious Games are video games and simulation approaches and/ or technologies whose primary 

purpose is not the entertainment itself, which might have different applications, such as 

marketing, education, training, among others (Wilkinson, 2016). Moreover, the user’s 

experience in the Serious Games can enhance their knowledge on a given area, which might 

change the player’s views and behaviour on the same (Vidakis et al, 2019). Data is generated 

during the gameplay and can be captured by an API which is a connection software to act as an 

intermediary that enables two or more applications to communicate between them. These 

software components are very useful for many use cases, such as deploying ML models into an 

agent inside a game as the API can control the variables of the environment simulation (Rong et 

al, 2020). 

1.2.1. Driving Simulator 
Driving simulators are electronic applications used for many purposes such as entertainment 

and training. The goal is to place the player in a virtual environment that replaces reality. Earlier 

than the video games age, acquiring knowledge-based simulation was a mandatory feature 

given the scenario of real-life problems, and the rules in the simulator can mirror reality in many 



aspects (Wilkinson, 2016). As the car simulation software is oriented by the interactions of 

human players, it tends to be more focused on educational aspects, such as respecting road 

rules, avoiding accidents, and others (Bratosin et al, 2019), but there are many examples of 

entertainment options of that genre. Unlike the GTA video game (where human players must 

perform actions against the law, and the goal is not to be caught by the police) (Encyclopaedia 

Britannica, 2017), driving simulators main purpose in most cases is to create an awareness 

culture for the players to follow codes of good conduct for drivers. 

Decoding Autonomous Driving problems was in place earlier than ML techniques became 

popular (Wang et al, 2018). To have an experience more faithful to reality, an important role is 

played by ML algorithms in the simulation (Bratosin et al, 2019). 

1.3. Author’s Purpose 
Helping people to improve their lives is a very noble task. Automatizing vehicle driving (or at 

least contributing in some way to this end) is something that should be a primary goal for 

mankind. Not just figuring out which technique or algorithm is the best or the most accurate 

one but making those new features available to most people as well. 

Also, bringing machine learning knowledge to the games’ universe can prospect future 

developers, as many young people can be inspired by a project like this one. Some game 

platforms have most of their users and developers under the age of 18, and a project inside their 

world might inspire a new generation of gamers and scientists. 

Finally, it is very gratifying to be able to work on a project that unifies ML, video games and 

autonomous vehicle driving. 

1.4. Research Question 
The main question of this research is: How does the application of DL in games improve 

autonomous driving? 

1.5. Aim & Objective 
The present work suggests the application of DL techniques to show the proficiency of an 

autonomous vehicle driver (agent) in a video game simulation (environment). With that, the 

work aims to address how the algorithm can learn from interaction with the platform. The goal 

is not necessarily making the driver be a faster one, but to demonstrate the ability to conduct a 

vehicle with aptitude, which means avoiding obstacles like sidewalks and making curves 

accurately. 

The objectives are the following: 

• Explore techniques of DL related to autonomous driving. 

• Decide on a suitable technique to query on this work. 



• Perform experiments to demonstrate the vehicle conduct with the aptitude to avoid 

obstacles. 

• Validate and test the accuracy of the developed model. 

1.6. Road Map 
The strategic plan for the research project is the following: 

• Introduction: includes the background, Deep Learning, Video Games, Author’s Purpose, 

Research Question and Aim & Objective sections. 

• Literature Review: a study comparing related work on the topic of this dissertation. 

• Methodology: describe the methods used to evaluate and select the DL technique and 

the variables, and describe the features deployed to build the simulator. 

• Implementation: investigation of the parameters and the analysis of the results. 

• Discussion: evaluation of the findings, the conclusion of the project and some 

information of scope and limitations. Also, present proposals for future work. 

 

  



2. Literature Review 
This chapter provides an overview of current knowledge in DL techniques applied to 

autonomous driving using videogame simulation, enabling recognizing relevant methods, 

theories, and issues in the existing studies. It focuses on previous research identified by the 

author to address the project question. At the end of this section, the studies are analysed, 

explaining the advantages and limitations of their techniques. 

2.1. Related Work 
El Sallab et al (2017) presented a framework with the use of DRL techniques for self-driving 

vehicles, as it has advantages among other learning approaches in ML due to the solid 

interactions with the simulation domain. The authors deployed an RNN in TORCS (an open-

source 3D car simulator video game which is developed in C/ C++) to address the POMDP 

scenario, and a CNN to process images important to the driving operation, with the module 

Simulated Car Racing to control the variables related to the vehicle. They concluded that the 

model had a quicker and better execution by removing the replay memory trick feature in the 

DQN (for discrete actions), but hard-coding the car actions would make some bad performance 

in the curves, which did not happen with Deep Deterministic Actor-Critic (for continuous 

actions). In the end, they noticed that both approaches were trying to stay in their lane and 

keeping some speed even with a decreasing supervision level rate which started with a value of 

0.5. 

Martinez II et al (2017) research from Princeton University used the well-known GTA V video 

game as the virtual environment to train a CNN for processing images and calculating the 

distance between the vehicle and other objects, allowing the algorithm to take proper actions. 

To do that, the authors used the AlexNet architecture with Keras and TensorFlow as the backend 

of the model with the Rage Plugin Hook mod to allow the setup of the simulations once the 

application was not made for scientific purposes. They also used the MSE as the cost function to 

evaluate the performance of the variables, in special the ones linked with lane markings 

distances. After running the model for more than 36 hours in a machine equipped with a 12GB 

Nvidia Tesla K40 GPU, the authors concluded that GTA V enabled the proper use of DL 

techniques for autonomous driving study despite the limitations of the video game. 

Similar work has been done by Chaudhari et al (2018) who also deployed a CNN in the GTA V 

video game. Having a machine equipped with a 16 GB DDR4 RAM and a 6GB Nvidia GeForce GTX 

1060 GPU, the authors used around 100 Gigabytes of driving data from the simulation into the 

Inception V3 model from Keras module in python, and they used DeepGTAV mod to deal with 

the characteristics of the video game environment. For the DNN configuration, the authors 

deployed a Stochastic Gradient Descent optimizer with Nesterov Momentum, and each epoch 



took more than 1 hour to finish. At their conclusions, they found that the reason the results 

were good was related to balancing the data and they recommended using LIDAR and RADAR 

data to improve the model. Also, they noticed that the learning rate was a key factor for the 

training phase which the optimized value being 0.001. 

In another research with CNN using AlexNet architecture in the GTA V, Kim et al (2019) set up a 

model using Python Image Library with a Windows API to sort out issues with regards to the 

response time. Unlikely the studies from Martinez II et al (2017) and Chaudhari et al (2018), the 

authors deployed an extra step, testing the trained model in the real world with a Raspberry Pie 

control-based toy car. In their remarks, they concluded that this model learned how to drive in 

both the video game and in the real simulation observing multiple conditions such as day and 

night, but also had many issues dealing with training data due to the variety of available vehicles. 

Cao et al (2020) offered to combine RL and IL into Hierarchical Reinforcement and Imitation 

Learning (H-REIL) to handle situations where near-accident driving is frequent by evaluating 

distinct driving behaviours. The IL piece would understand the low-level policies as each of them 

refers to a different driving mode (timid and aggressive), and the RL part, modelled as a POMDP, 

would learn the high-level policy related to the main decisions. To simulate all the proposed 

scenarios (5 in total), the authors built an environment with the agent (ego car) and a rogue 

vehicle (ado car) in 2 different car driving simulators: CARLA (a well-known open-source 3D 

software designed for research in self-driving vehicles) developed by Dosovitskiy et al (2017), 

and CARLO (a 2D autonomous driving application developed by the researchers in python which 

controls physics made for low budget environments). For both simulators, they used car location 

and velocity as the main inputs for the DNN like a RADAR suggested by Chaudhari et al (2018), 

and throttle/ brake and steering for the main outputs. However, they also used front-view 

images as input with Proximal Policy Optimization for the CARLA simulator, setting up then a 

CNN for it. For testing purposes, the researcher team assembled both a single IL and H-REIL 

models to try both driving modes. At their interpretations, the authors mentioned that H-REIL 

performed better in both applications compared to tests with single IL, swapping between timid 

and aggressive behaviours for specific situations. 

Moving away from imaging processing and the CNN approach, Fathi and Izadi (2020) proposed 

a DNN trained with variables such as speed and distances from obstacles, similar as used by Cao 

et al (2020) in their CARLO simulator. The car had 5 sensors: in the front, on each side (left and 

right) and another 2 between each side and the front (front & left and front & right). The last 2 

sensors were only applied later in their research when they realized that the 3 other sensors 

only were not good enough to provide data for driving properly. For training the DNN, the 

authors used backpropagation with Mean Square Error as the cost function and Leaky ReLU as 



the activation function, deploying a risk value formula in the sensor variables for calculating how 

likely the car would crash with an obstacle. In the simulation environment, they employed 

pathfinding and waypoint navigation in Unity with the Physics package, which enabled ray 

casting to be used in the sensors for training purposes. The authors concluded that the curves 

in the racing circuit played an important role to enforce diversification in the training data and 

that the training agent should drive with less error as possible to ensure the correct learning 

procedure would be propagated into the test scenario. 

Having employed TORCS with the Epic controller, Albelihi (2014) developed the Gazelle, an 

adaptive algorithm for racing simulation to boost the response against rival cars and to improve 

the overall performance in the track. Two approaches were adopted in the project: the 

procedural method, which is made by simple coding to perform driving actions, and a DNN 

model. Alike Cao et al (2020) and Fathi and Izadi (2020), distances from objects were also used 

as inputs for both proposals, but angles of the road direction to verify the last state and the 

current state were added, which the steering direction as the output. The DNN was configured 

with 2 hidden layers, Tanh as the activation function and the backpropagation for learning 

intention. After tests in 3 different race circuits, the authors concluded that despite the 

procedural method taking less time to complete the laps compared to the ML approach, the 

DNN achieved the goal to outperform the EPIC driver. 

Later, Vrajitoru (2018) used the inputs from Albelihi (2014) to deploy a DNN for improving the 

pathfinding algorithm of the self-driving car in TORCS. The author addressed Meep and Gazelle 

driver modules for the experiment and mapped the curvature of the tracks using the distance 

inputs from the car. For the study, three DNNs with backpropagation were set up: the first one 

had only the curvature as the input with 1 hidden layer of 3 neurons; the second network had 

also the curvature as the input and two hidden layers of 5 and 3 neurons respectively; the last 

DNN setup had the same setup of the second one with an additional input of the track edge 

distance. All three were tested in 4 racetracks of the simulation with cross-validation, and the 

best performance observed was from the DNN with a single input and two hidden layers after a 

cautious selection of parameters. 

2.2. Literature Review Summary 
Having the mentioned studies analysed, it is clear that there are plenty of options to train an 

autonomous driving agent, from simple ANNs with no hidden layers to more complex CNNs.  

They can be summarized into the following table:  



Author Driving Simulator ML Technique 

Cao et al (2020)  CARLA  DNN and CNN 

Cao et al (2020)  CARLO  DNN 

Martinez II et al (2017)  GTA V CNN 

Chaudhari et al (2018) GTA V CNN 

Kim et al (2019) GTA V H-REIL with CNN 

El Sallab et al (2017)    TORCS  DQN with CNN 

Albelihi (2014)  TORCS  DNN 

Vrajitoru (2018) TORCS  DNN 

Fathi and Izadi (2020) Unity DNN 
Table 1: Summary of Related Work 

It is comprehensible that using CNN to process images is a best practice of ML in autonomous 

driving as it enables the car to “see” the environment and act just like a human driver (or even 

better). However, it is recommended to use robust hardware with dedicated GPU in this 

approach as it deals with a heavy process of video/ images. On the other hand, using a pure DNN 

algorithm can have a lot of limitations since the car is not recognizing an image but, instead, it 

is just receiving inputs like the distance of some sort of things (such as buildings, fences, road 

lanes, etc.). Nevertheless, it can be deployed in almost any machine nowadays as this method 

doesn’t require a very fancy device. For this research, any of them is sufficient since both 

techniques can make the autonomous driving agent learn how to conduct a vehicle. Finally, the 

2 mentioned approaches related to RL (DQN and H-REIL) are way more complex than the 

previously explained techniques and might not be available in some applications (requiring 

external customised libraries). 

  



3. Methodology 
In this section, the methods used to do the research are discussed. It clarifies the steps taken to 

achieve the results, providing the details on the path to reach outcomes related to the research 

question. Some of the procedures were inspired by the studies discussed in the previous section. 

Methodology is a set of methods used to collect and evaluate data throughout the research 

process. Its purpose is to provide researchers with how to check the credibility, validity, and 

reliability of a chosen approach. 

The research method is through the following steps: 

1. Select and evaluate a driving simulation video game that enables the deployment of 

Machine Learning algorithms. Licensing/ costs, coding language, and how user-friendly 

the application is being taken into consideration. Computational limitations such as 

hardware and environment are considered as well. 

2. Review and select an adequate approach of the DL techniques to apply to the use case 

among the most current and accurate ones. The technique must be available in the 

simulation software through its native components or external module/ API. Also, it 

must be related to some work already mentioned in the Literature Review section. 

Techniques not suitable for the software are discarded, and if no DL techniques could 

be used in the driving simulation video game, the same is discarded and another 

evaluation in the previous step is required. 

3. Review variables and information. Once available, the information of the simulation 

software is evaluated on regards the feasibility to perform tasks related to the selected 

DL technique. Methods on how to obtain the information are taken into consideration 

as well. 

4. Setup and train the algorithm for being able to correct conduct vehicles in the selected 

video game simulator. In this step, a policy is defined to train the AI agent. After the 

training process, the DL algorithm tries to learn the driving process and apply the same 

to the environment. This process might be repeated several times to refine the 

outcome. 

5. Analyse the results. With the outcome presented by the actions of the AI agent, data is 

analysed, and a conclusion is made whether the algorithm achieved the proposed goals 

of the present work or not. 

The first 4 steps are described in this section while the last one is informed in future sections. 

The following picture draws the processes of the simulation: 



 

Figure 4: Basic Flow Diagram of the Processes 



3.1. Environment Evaluation 
To evaluate the suitability of video game simulators using DL techniques, a few items have to be 

taken into consideration. Having hardware as a possible limitation (the currently available 

machine for the research does not have a dedicated GPU), there is a tendency to avoid 

approaches involving imaging processing like the ones using CNN. Therefore, video game 

simulators requiring a dedicated GPU are discarded. 

Also, environments whose coding language is not very user friendly (such as C/C++) are less 

preferable from the ones using Python or Lua, as these 2 programming languages are used by 

the industry nowadays with vast DL resources. 

Another feature that was evaluated is realism. Physics and car mobility must be considered as, 

in the end, the most fidelity to the real world prevails. 

Finally, the software costs are taken into balance having in mind that free software is preferable 

to paid options. 

For the evaluation process, the following video game simulators were listed: 

• CARLA (CARLA Team, 2017): a free drive simulator that was made to enable the 

manufacturing process of self-driving car systems. It has few features to enhance 

realism in its environment (such as the Traffic scenarios simulation), and it requires a 

minimum of 6 GB GPU. The development language is Python. 

• CARLO (Biyik, 2019): inspired in CARLA but designed for machines with less hardware 

power, this 2D open-source car driving simulator does not require a dedicated GPU and 

was made in Python. It does not provide much realism, but it is way simpler to use 

compared to more robust environments. 

• GTA V (Rockstar Games, 2013): one of the most successful videogames of all time, this 

realistic and proprietary software requires 1 GB GPU. To use it as a driving simulator, a 

modification (mod) written in Python or C++, must be present additionally. 

• Roblox (Roblox Corporation, 2006): another case of success in the video game industry, 

this free-to-play simulation does not require a dedicated GPU. It uses the Lua language 

for development and has some physics concepts in its environment. 

• TORCS (Wymann, 2001): an open-source car simulator software which an enlightened 

physical model. It does not require a dedicated GPU and uses C/C++ as a scripting 

language. 

• Unity (Unity Technologies, 2005): A partially-free game engine with a very robust physics 

module. Although it does not require a GPU it is highly recommended to use one. The 

environment uses the C# language. 



Driving Simulator Free to Use? Language Environment Needs GPU? 

CARLA  Yes Python Realistic Yes 

CARLO  Yes Python Non-realistic No 

GTA V No Python Realistic Yes 

Roblox Yes Lua Realistic No 

TORCS  Yes C/ C++ Realistic No 

Unity Yes C# Realistic No 
Table 2: Simulators Comparison 

Having the features compared among the simulators, Roblox was selected as it is the best fit 

according to the criteria. Developed by David Baszucki as free software, it can be used as a 

learning platform (Wardhana, 2021), it is a promising environment for the metaverse (Clark, 

2021), and has a realistic physics engine requiring low-budget computer power. Also, it has a 

front-end development engine (Roblox Studio) that uses Lua, a friendly script language 

widespread among the industry. 

For this research, the simulation is intended to be realistic in terms of vehicle dynamics and 

physics. For that, CARLO is not suitable once it is the only 2D environment among all others listed 

above, although it is very friendly and easy to use. 

CARLA and the GTA V demand a dedicated GPU, which is not available in the machine used in 

this research. Both of them require a very robust computer and one is not at disposal. 

GTA V is also a paid solution with a non-friendly interface as a mod API must be in place to 

manipulate the game variables, making it less preferable than the others 

Finally, TORCS and Unity use C/C++ and C# in their front-end environments respectively, which 

makes the development tasks a bit harder compared to other script languages like Lua or 

Python. 

3.2. Deep Learning Technique Review  
In the Literature Review section, a few ML techniques were reviewed on regards autonomous 

driving applications. They are the following: 

• CNN: The most common DL method to deal with image processing. This technique uses 

a filter (convolution kernels) to read the inputs, providing an aggregated interpretation 

of the same. 

• DNN: The traditional algorithm for DL, is widespread through most simulation software. 

• DQN: A method mixing RL with DL, where the algorithm uses a NN instead of using a Q-

table, mapping the NN input states to pairs like the action and the Q-value. 

• H-REIL: A technique to combine both IL (a method that tries to replicate human 

behaviour in a given task) with RL (a method that rewards desired behaviours and 

punishes undesired ones). 



As the scope of this research is about DL techniques, H-REIL is discarded as it does not relate 

directly to that. Also, it is way more complex and Roblox does not have any native or external 

libraries about it. 

CNN is recommended to be used with images and it is a popular approach as demonstrated in 

the Literature Review section. However, most applications employing it require a dedicated GPU 

which is not available. Therefore, this method is not considered in this project. 

DQN is a bit complex for deployment and Roblox does not have any references or native libraries 

related to DQN. At the beginning of this research, no reference could be found directly to RL 

techniques in this software. For that reason, the DQN approach is discarded. 

Finally, Roblox does not have any native module for DL techniques. But a developer called 

Kironte (2020) built an entire NN library for Roblox, enabling the use of DNN in its IDE without 

any external components, making development tasks less complex. Also, the documentation 

website was made in a user-friendly way, allowing a more autonomous interaction with the tool 

rather than having to rely on external support. With these considerations, the DNN approach 

was selected as the DL technique for training the autonomous driving agent in the simulation. 

3.3. Variables Review 
Having in mind that DNN was selected to be deployed in the Roblox environment, an approach 

with the application getting sensor data from a vehicle and feeding it into a DNN with 

backpropagation for learning purposes is preferable. For that, the environment needs to provide 

data related to the car’s sensor like a RADAR (a device that uses radio waves to measure 

distances between objects). In Roblox, it is possible to calculate the distance of objects with the 

Raycast function. Therefore, a method similar to Fathi and Izadi (2020) can be observed as this 

function can get distances from the sides, front, and diagonals (between front and sides). 

 

Figure 5: Vectors of the 5 Raycasting on the RADAR simulation from the vehicle displayed in neon white 



The 5 distances can be calculated from the car through an object or place. For this project, the 

Sidewalk was the place to get the distance with. Therefore, the following inputs are considered: 

• Distance between the car and the nearest sidewalk tagged by the left ray. 

• Distance between the car and the nearest sidewalk tagged by the left-front ray. 

• Distance between the car and the nearest sidewalk tagged by the front ray. 

• Distance between the car and the nearest sidewalk tagged by the right-front ray. 

• Distance between the car and the nearest sidewalk tagged by the right ray. 

3.4. Environment Setup 
To build the environment, Roblox Studio (Roblox Corporation, 2006) was used as the IDE to 

develop the script and the virtual places.  

The algorithm consists in applying an ego car with a set of pre-stabilised values to train a DNN 

via backpropagation. Those values are based on the values collected by the Raycasting function 

which returns the distance between two objects or places. A script was built to make decisions 

using the normalized values from each distance as parameters. At the end of the process, it 

returns a value between -1 and 1 to be used to steer the vehicle to one of the sides (or to not 

steer at all) based on the distances from the sidewalks. 

The car population defines how many cars’ attempts the simulation run for both train and test 

sets, and the train/ test split value balance the population in each of them. The total cars used 

for training is called epochs (Goodfellow et al, 2016). After the epochs’ number is reached, the 

DNN starts to calculate the values based on the inputs from the distances and takes into 

consideration the learning phase using the backpropagation. 

The code also checks if the vehicle hit a sidewalk. In an event of the car collides with the sidewalk, 

it is destroyed, and another one is created until the count reaches the car population value. 

Every time a vehicle is destroyed, the script displays a message with the information for the 

given car such as the car number, how many seconds the car was alive, the distance travelled, 

and the aggregated cost value of all iterations of the given car. 

Each epoch has a limit of max iterations. When this limit is reached, the vehicle is destroyed as 

well. Each iteration might take 70 milliseconds approximately, and its counter is restarted every 

time a vehicle is created. Whenever it happens, the system displays a message informing that 

the max iterations were reached. 

The car speed is controlled by the variation of the throttle. Whenever the vehicle is close to a 

sidewalk in the front, the throttle decrease until each reaches the minimum throttle value or 

once the car is not close to a sidewalk in its front. Also, the script tries to reach the velocity goal 

set by decreasing and increasing the throttle. 

Applying the Roblox NN Library (Kironte, 2020), a DNN has the following parameters: 



• inputNamesArray: An array with the name of all input nodes. 

• numberOfLayers: number of hidden layers in the NN. 

• numberOfNodesPerLayer: Number of nodes in the hidden layers 

• outputNamesArray: An array with the names of all input nodes. 

• customSettings: a dictionary with the following parameters: 

• Optimizer: the chosen optimizer algorithm for the DNN. 

• HiddenActivationName: Activation function for the hidden layers. 

• OutputActivationName: Activation function for the output layer. 

• LearningRate: The value of the learning rate. 

The following constants were used, and their value can be changed for tunning purposes: 

• Car population: number of cars to run. 

• Max iteration: number of maximum iterations before a car is to be destroyed. 

• Train test split: the percentage of the overall population for the test set. 

• Velocity goal: the ideal speed in Km/h while not in a curve. 

• Max velocity: the maximum speed that can be attained by the vehicle. 

• Velocity at curve: the ideal speed at which the car makes the turn. 

• Initial throttle: the direction of movement to control the car acceleration. 

• Initial torque: how fast the car can reach the maximum speed. 

All the code was developed in a single script with some functions to deal with each part of the 

program. The following functions have been developed by the author of this research: 

• NormalizeNum: return a normalized number divided by 100. This function was used to 

normalize values such as distance between objects and the vehicle. 

• StartCar: initiate the car with the initial parameters (torque, steer, speed, among 

others). It does not return values. 

• UpdateCar: update the values of a car. This function is used by the algorithm to update 

the steering value of a car. Also, it controls the speed of the car by changing the throttle, 

decreasing the same while it is closed to a front obstacle, and according to the values of 

minimum and maximum throttle. It does not return values. 

• RadarEmulation: return a value for the distance between a car part and the sidewalk. If 

the function does not find a sidewalk, it returns a null (nil) value. 

• GetRadarDistances: return an array with the normalized values for the distance of the 3 

inputs: front, front-right and front-left. The format of the outcome of this function 

corresponds to the input of the DNN input parameters and is also used as input for the 

training function. 



• CheckCar: verify if a car exists. If not, it clones a car for the model in the storage and 

reset or increment some global variables. It returns the cloned car (or the existing car if 

it already exists). 

• TrainPolicy: check the distances from the inputs and make a decision to turn right, go 

straight or turn left. It returns a value between -1 and 1, which are to steer the car to 

the right or left, respectively. 

Two circuits were created: track 01 (a rectangular one) and track 02 (an “M” circuit). The circuits 

have been developed in the Roblox Studio IDE as well, in the graphical interface. Both circuits 

correspond to a raceway with concrete grey sidewalks on each side and a black carriageway 

among them. 

While track 01 has 330 metres of length, track 02 has 380 metres for its full lap. For both places, 

the width of the carriageway is 10 metres, which is in the recommended range of 7 and 11 

metres by the Transport Infrastructure Ireland for urban roads (Maher, 2015). 

 

Figure 6: Track 01 (Rectangular Circuit) 



 

Figure 7: Track 02 ("M" Circuit) 

Finally, the free Sports Car model developed by Roblox was used for the vehicles. The model had 

to be modified for being able to accept commands without a passenger/ player inside of it. While 

red was the colour applied for cars in the test set, blue was the chosen one for vehicles in the 

learning phase. 

3.5. Methodology Summary 
This chapter presented the steps used to guide the project. First, the video game simulators 

were compared, evaluated and Roblox was selected as the best fit for the project. Then, the DL 

techniques used in the Literature Review section were analysed and the DNN approach was 

chosen. After that, the input variables have been verified to be applied in the selected DL 

method. Finally, it was presented how the environment is set up along with its features. 

  



4. Implementation 
In this chapter, the analysis of the parameters used in the project and the results of the learning 

attempts are demonstrated. Relevant results are reported concisely and objectively in a logical 

order with the support of tables and pictures to illustrate specific findings. As the nature of this 

work is empirical, results are informed before the discussion of their meanings. For that, it is 

important to notice that interpretations are not included in this section once they are 

demonstrated in the next chapter. 

4.1. Parameter’s Setup & Tunning 
The research was performed setting parameters for the following constants: 

• Max iteration: 10,000 

• Velocity goal: 25 

• Max velocity: 60 

• Velocity at curve: 20 

• Initial throttle: 0.25 

• Initial torque: 200,000 

 

Figure 8: Screen Capture of Roblox Studio IDE with some Parameters and their Values 

Initially, attempts with lower values for max iteration (e.g.: 5000, 3000) have been tried but the 

same have been discarded since the results were very poor. 



The DNN was set up as the following: 

• Input nodes: 3 (Left-Front distance, Front distance, and Right-Front distance). 

• Hidden layers: 2 (with different nodes in each experiment). 

• Output node: 1 (steering direction with 1 being 45° to the left, 0 being up-front, and -1 

being 45° to the right). 

• Optimizer: Momentum (a faster variation of the Stochastic Gradient Descent algorithm) 

(Goodfellow et al, 2016). 

• Activation function for the hidden layers: LeakyReLU (a refined variety of the ReLU 

algorithm which gives a resolution to the dying problem with a small positive slope for 

values lesser than zero) (Goodfellow et al, 2016). 

• Activation function for the output layer: Tanh (also known as Hyperbolic Tangent, this 

activation function assumes values from -1 to 1, which matches the range of expected 

values of the output) (Haykin, 2009). 

• Learning rate: 0.3. 

 

Figure 9: Screen Capture of Roblox Studio IDE with the DNN Parameters 

In initial attempts, the DNN was set up with 5 input nodes, but the 2 nodes from the sides (right 

and left) have been removed as they have not been used in the training algorithm. Hence, the 

input parameters used for the experiment are left-front, front and right-front. 

Approaches with other learning rates (e.g.: 0.7, 0.6, 0.1 etc.) were tested as well but the outcome 

was far from the ideal and, for that reason, they have been replaced for the 0.3 value, which 

was the value with the better results among several attempts. 

4.2. Results 
For the work of this research, the results are based on how many cars were able to complete a 

lap in the circuit. For track 01, any attempt with more than 330 metres can be considered 

successful while it is needed 380 metres for a triumphant outcome at track 02. 



Two (2) scenarios were set up for that: the first one (scenario 1) with 140 cars of the total 

population and a split for the train-test sets of 10%, and the second one (scenario 2) with 50 cars 

of the total population and a split for the train-test sets of 20%. The idea behind the scenarios 

was to have a very robust but computer resources demanding training approach (scenario 1) 

which can make the DNN have plenty of information to learn how to drive, and another one 

(scenario 2) with less population and a higher percentage for the test set, which would demand 

fewer computer resources. 

4.2.1. Scenario 1 
The first scenario of tests was made with eight (8) different attempts initially, each of them with 

different hidden layer layouts. As each of the attempts had 140 cars in total and the split for the 

train-test sets was 10%, it left the training set with 126 cars (epochs) and the test set with 14 

cars.  

Track 01 

The attempts in track 01 took an average time of 7 hours and 58 minutes to complete all the 

cars (training and test sets), and the test set results can be seen in the following tables: 

Layout 5 nodes 6 nodes 7 nodes 8 nodes 

Attempt seconds metres seconds metres seconds metres seconds metres 

1 33.92 225.58 25.38 147.61 425,82 3.314,46 49,74 321,10 

2 63.14 481.06 36.44 303.25 79,82 601,38 121,97 847,06 

3 34.38 253.89 24.95 97.92 430,19 3.460,72 26,81 163,14 

4 34.52 238.07 27.76 140.06 475,51 3.653,72 26,41 165,71 

5 44.01 313.32 17.87 116.16 29,39 201,82 20,81 105,25 

6 44.96 334.18 39.79 261.44 70,34 520,49 34,00 214,16 

7 25.19 159.97 24.87 137.48 157,62 1.229,14 36,24 229,49 

8 33.67 240.85 33.57 261.68 527,12 4.014,89 119,33 855,06 

9 37.52 264.01 30.46 133.53 155,46 1.192,24 26,06 163,53 

10 36.39 262.95 25.43 137.56 65,29 521,65 18,59 95,94 

11 37.54 266.53 20.18 136.54 110,85 854,95 27,21 165,27 

12 35.72 244.79 26.37 174.42 108,99 854,67 66,88 438,13 

13 37.95 266.84 24.06 95.54 26,40 171,23 29,82 164,56 

14 113.68 839.23 18.92 112.83 25,82 169,77 19,71 97,34 

Average 43.76 313.66 26.86 161.14 192,04 1.482,94 44,54 287,55 

Ended Laps 3 0 11 3 
Table 3: Results for the Test Set on 10% of Total Population (140 Cars) in Track 01 – Part A 

  



Layout 9 nodes 10 nodes 12 nodes 24 nodes 

Attempt seconds metres seconds metres seconds metres seconds metres 

1 24.85 139.05 18.59 94.70 22.73 139.64 12.44 52.22 

2 63.75 457.26 18.88 95.11 31.86 204.45 14.69 68.04 

3 40.62 314.60 25.55 141.75 142.90 1.099.87 12.27 53.33 

4 53.46 385.14 17.67 94.43 17.07 93.33 12.27 50.53 

5 49.70 378.55 17.98 94.51 16.85 94.48 12.70 54.11 

6 26.29 146.79 15.85 76.88 16.99 93.56 12.74 54.04 

7 21.98 138.21 17.58 94.55 51.29 333.00 12.20 58.66 

8 31.06 225.01 15.10 75.66 27.84 161.28 12.14 49.85 

9 25.62 138.55 37.88 223.24 24.44 138.11 12.98 54.21 

10 53.99 428.96 18.52 94.94 22.81 142.32 13.40 53.04 

11 34.32 214.08 18.87 95.64 28.24 181.97 13.59 52.69 

12 37.74 308.72 40.07 246.33 75.84 554.97 17.93 52.67 

13 33.58 193.24 18.49 95.41 59.00 429.82 17.47 53.38 

14 22.19 141.58 18.37 94.87 23.53 146.69 14.54 53.81 

Average 37.08 257.84 21.39 115.57 40.10 272.39 13.67 54.33 

Ended Laps 4 0 4 0 
Table 4: Results for the Test Set on 10% of Total Population (140 Cars) in Track 01 – Part B 

It is possible to notice that the attempts with 6, 10 and 24 nodes in the hidden layer performed 

worse compared to other ones. The best attempt was the one with 7 nodes which had 11 of 14 

cars completing the circuit. 

 

Figure 10: Training Car in Track 01 

  



Track 02 

For track 02, a decision was made to only replicate hidden layer layouts with at least 1 successful 

outcome in track 01. With that, attempts with no cars completing laps in track 01 (6, 10 and 24 

nodes) have not been tested. This decision was due to the complexity of the track 02 circuit for 

the DNN to handle, which is higher than the one of track 01. 

The test set results took a total time of 6 hours and 7 minutes to complete all the cars and can 

be seen in the below tables: 

Layout 5 nodes 7 nodes 8 nodes 

Attempt seconds metres seconds metres seconds metres 

1 35.51 229.77 25.61 97.21 12.88 70.31 

2 37.37 230.38 39.69 230.82 11.31 59.98 

3 29.18 175.88 31.27 230.77 12.50 70.53 

4 35.91 229.09 27.84 163.37 15.32 70.60 

5 35.41 229.63 31.89 149.93 80.39 454.20 

6 35.79 222.27 22.46 145.48 13.59 68.73 

7 36.55 222.24 32.19 238.26 27.64 146.71 

8 35.84 225.29 39.07 234.72 12.53 50.00 

9 36.41 229.78 34.20 167.47 12.64 71.71 

10 28.65 175.95 33.04 226.22 12.02 67.39 

11 35.57 222.78 32.36 230.89 11.27 54.19 

12 37.76 229.93 109.79 653.31 27.56 165.08 

13 36.75 222.09 30.81 165.54 13.76 50.72 

14 26.80 163.31 34.84 231.10 11.25 49.20 

Average 34.54 214.89 37.50 226.08 19.62 103.53 

Ended Laps 0 1 1 
Table 5: Results for the Test Set on 10% of Total Population (140 Cars) in Track 02 – Part A 

  



Layout 9 nodes 12 nodes 

Attempt seconds metres seconds metres 

1 25.27 67.57 10.31 13.58 

2 60.22 366.93 9.07 11.97 

3 18.96 74.34 9.79 12.42 

4 21.19 94.37 9.38 20.96 

5 19.27 94.88 7.67 21.93 

6 13.55 73.41 7.80 22.05 

7 12.44 72.53 7.72 22.00 

8 14.90 96.52 7.01 20.71 

9 13.79 76.69 7.99 27.31 

10 18.89 72.72 9.03 24.73 

11 65.77 366.89 9.74 13.81 

12 12.57 73.45 11.70 24.26 

13 18.92 96.49 9.21 11.61 

14 20.09 95.93 8.59 13.01 

Average 23.99 123.05 8.93 18.60 

Ended Laps 0 0 
Table 6: Results for the Test Set on 10% of Total Population (140 Cars) in Track 02 – Part B 

Despite the results are not good as the ones observed for track 01, it is possible to notice that 

some cars completed the lap in the attempts with 7 and 8 nodes. 

4.2.2. Scenario 2 
The second scenario of tests was made with the same eight (8) attempts as well, each of them 

with 50 cars, and the split for the train-test sets was 20% (instead of 10% only in the previous 

scenario). With that, the training set had a population of 40 cars while the test set had 10 cars. 

Track 01 

In this scenario, the attempts took an average time of 1 hour and 27 minutes to complete all the 

cars in track 01, and the test set results can be seen in the below tables: 

Layout 5 nodes 6 nodes 7 nodes 8 nodes 

Attempt seconds metres seconds metres seconds metres seconds metres 

1 75.17 446.93 121.31 600.32 358.76 2.412.86 20.25 68.65 

2 28.12 115.45 34.14 93.55 210.60 1.585.28 19.40 70.93 

3 12.85 19.31 80.10 600.40 147.05 1.167.33 13.90 74.93 

4 23.25 113.67 35.58 183.88 107.76 831.66 12.01 69.13 

5 64.31 397.69 75.82 498.73 39.13 202.17 219.30 1.736.73 

6 21.38 71.04 106.44 854.97 114.01 757.55 12.07 67.70 

7 14.84 51.95 32.36 163.64 82.96 519.85 14.61 63.35 

8 11.36 52.9 122.61 935.20 33.28 202.10 20.84 75.73 

9 8.83 35.32 183.20 1.517.25 175.38 1.253.89 19.61 69.13 

10 36.29 221.08 24.62 171.17 100.16 427.16 20.23 70.19 

Average 29.64 152.53 81.62 561.91 136.91 935.99 37.22 236.65 

Ended Laps 2 6 8 1 
Table 7: Results for the Test Set on 20% of Total Population (50 Cars) in Track 01 – Part A 



Layout 9 nodes 10 nodes 12 nodes 24 nodes 

Attempt seconds metres seconds metres seconds metres seconds metres 

1 27.40 190.72 26.19 109.76 6.97 8.53 16.27 67.81 

2 28.61 160.68 25.54 110.65 5.04 11.47 19.91 67.34 

3 41.00 247.26 35.70 297.94 5.09 12.24 18.05 67.14 

4 20.74 138.83 35.80 116.91 4.94 11.39 12.18 68.47 

5 92.16 718.37 29.12 127.51 4.92 11.30 12.05 67.08 

6 32.98 163.54 36.13 300.07 4.91 10.28 12.41 67.79 

7 21.63 106.41 28.75 126.25 5.15 12.57 18.85 68.27 

8 70.94 506.88 40.17 132.92 5.39 12.83 18.15 66.56 

9 31.11 207.28 27.04 188.49 5.39 12.45 14.24 66.58 

10 24.07 138.74 33.76 215.21 5.05 11.64 11.93 66.02 

Average 39.06 257.87 31.82 172.57 5.29 11.47 15.40 67.31 

Ended Laps 2 0 0 0 
Table 8: Results for the Test Set on 20% of Total Population (50 Cars) in Track 01 – Part B 

It is possible to notice that the attempts with 10, 12 and 24 nodes in the hidden layer performed 

worse compared to the attempts with fewer nodes. Similar to scenario 1, the attempt with 7 

nodes was the best one, when 8 of its 10 cars finished the lap. 

Track 02 

The same decision applied previously to exclude attempts with no cars completing laps in track 

01 was applied for track 02 in this scenario. With that, attempts with 10, 12 and 24 nodes have 

not been replicated in track 02.  

The test set results took an average time of 1 hour and 41 minutes, and can be found in the 

following tables: 

Layout 5 nodes 6 nodes 7 nodes 

Attempt seconds metres seconds metres seconds metres 

1 14.28 32.77 159.94 545.14 43.92 227.47 

2 13.06 32.51 56.08 165.27 42.35 226.14 

3 8.82 35.12 47.82 203.79 50.66 219.43 

4 12.83 70.25 56.74 162.44 35.59 222.40 

5 8.52 36.84 24.78 161.30 55.33 218.81 

6 8.52 36.21 84.52 231.35 57.75 226.80 

7 11.03 33.01 51.78 226.78 67.77 229.45 

8 11.83 32.37 52.03 163.34 38.36 200.79 

9 14.42 32.62 44.95 206.86 50.64 165.18 

10 13.23 32.74 53.37 164.05 38.11 224.19 

Average 11.65 37.44 63.20 223.03 48.05 216.07 

Ended Laps 0 1 0 
Table 9: Results for the Test Set on 20% of Total Population (50 Cars) in Track 02 – Part A 

  



Layout 8 nodes 9 nodes 

Attempt seconds metres seconds metres 

1 19.20 125.06 40.38 219.24 

2 33.93 232.07 29.20 218.15 

3 24.04 95.66 35.68 176.95 

4 36.46 229.89 23.08 121.48 

5 31.34 226.05 33.01 217.58 

6 32.23 177.89 34.88 222.05 

7 33.15 227.33 40.32 217.82 

8 20.44 139.65 33.15 218.52 

9 43.88 228.27 30.89 217.22 

10 33.53 228.21 24.92 133.72 

Average 30.82 191.01 32.55 196.27 

Ended Laps 0 0 
Table 10: Results for the Test Set on 20% of Total Population (50 Cars) in Track 02 – Part B 

It is feasible to see that the attempt with 6 nodes had a successful car, although most of the 

results in track 02 are far behind the ones in track 01. 

  

Figure 11: Testing Car in Track 02 

4.3. Implementation Summary 
This chapter presented the parameter tuning exploration and the discussion of the experiment’s 

results. First, the description and values of constants and variables used in the experiment were 

informed, explaining how the environment and the DNN were set up. Then, the test scenarios 

were described having into account the length of each circuit, and their results were exhibited 

showing the number of cars that completed laps for each attempt with distances and the time 

for the same. 



Although some insights were informed, the detailed interpretations of the results and their 

significance on the purpose of this research will be addressed in the next chapter.  



5. Discussion 
In this section, an analysis related to the meaning, importance and relevance of the results are 

presented, showing the significance of the same. Correlations, patterns, and relationships 

among the data are identified and described, and a discussion of whether the results support 

the hypotheses is presented as well. This chapter also tries to answer how the application of DL 

in games improve autonomous driving, providing arguments to the conclusion. Finally, 

recommendations for practical implementation or further research are given in the end. 

5.1. Evaluation 
The results for Scenario 1 show that most of the attempts had cars that were able to finish the 

lap successfully on track 01, with the result of 11 in 14 cars (79%) completing the circuit in the 

attempt with 7 being the best among the others. On the other hand, the performance of the 

vehicle in track 02 was not as good as the previous one, which only 1 car (7%) completing the 

circuit for attempts with 7 and 8 nodes. 

Similarly, the results for Scenario 2 demonstrate that some cars completed the lap in track 01 

for the majority of the attempts. The performance of the attempts with 7 nodes was slightly 

better than the one in the previous scenario, with 8 in 10 cars (80%) finishing the lap. But the 

results for track 02 were very poor compared with track 01 as only 1 car (10%) in the attempt 

with 6 nodes completed the circuit. 

Overall, the results show that the DNN is learning from the training set, although the accuracy 

is not very high. It is possible to notice that the number of iterations can interfere with the results 

as it seems that the scenario with less iteration had a better performance compared with the 

other one for a simple circuit (track 01). The results are dubious for a more complex circuit (track 

02) as the performance is poor for both scenarios. 

The results for track 01 in both scenarios demonstrated that the technique had a good 

performance even compared to the ones from projects using a similar technique, such as Albelihi 

(2014) and Cao et al (2020). However, if a more complex circuit is taken into consideration (like 

track 02), the outcome is behind the expected. 

It is important to mention that approaches with different parameter values (Learning Rate, 

iterations, etc.) have been tried before, but the results were not satisfactory as the ones 

presented in the above sections. 

5.2. Scope and Limitations 
Although some experiments addressed scenarios using more advanced ML techniques, such as 

DQN with CNN (El Sallab et al, 2017) and Multiagent DRL (Wong et al, 2021), the scope of this 

work is related to more traditional DL techniques like DNN.  



A computer more than 10 years old (Intel® Core™ i5-480M, with 6 GB RAM, running Windows 

10) is far from the ideal to process algorithms requiring heavy tasks. The performance of the 

computer can interfere in the video game environment causing lag (a delay between the action 

of the DNN inputs and the response of the device running the simulator) and other random 

events which might compromise the algorithm’s result.  

Although Roblox has almost 20 dedicated people in its support team, some bugs are constantly 

reported every day by users. They release updates on a timely basis, but some fixes might not 

achieve all scenarios, in special the ones not related to gameplay. Also, the NN library developed 

by Kironte (2020) is in an experimental phase when the tests of this research took place, and it 

might have improvements in the future. Finally, the server mode (that means using Roblox 

Servers’ infrastructure to run the simulation) has a timeout limit of 20 minutes, which means 

that users have to “move” their character in the simulation at least once before this time 

exceeds. 

The attempts were very time consuming and errors in the device lead to the loss of several days 

of work. Some attempts in Scenario 1 (total population of 140 cars) took more than 11 hours to 

finish and the processing task was done overnight when no person was using the device. Tries 

with larger populations had to be discarded as it would take much more time and the risk of 

crashing could lead to missing the project deadlines. 

5.3. Conclusions 
The focus of this research is to verify how the application of DL in games would improve 

autonomous driving. The simulations produced were not broad enough to show the real benefits 

or disadvantages of the application of video games in autonomous driving. Attempts with more 

cars (larger populations) running with different parameters could be done divergently. However, 

the developed algorithm demonstrated that such environments can be used to apply ML 

techniques and to train AI algorithms for self-driving vehicles. 

The DNN technique is widespread among most of the platforms, which can be seen even in 

software not related to data analytics (such as Roblox). However, it is important to notice that 

not using image detection techniques with ML (like CNN) prevent the algorithm to be the central 

component of an autonomous driving AI. On the other hand, this technique is much faster to be 

trained compared to more robust techniques such as DRL and CNN and requires fewer 

computing resources, which makes it a good option to complement existing AI algorithms. 

5.4. Future Work 
As mentioned previously, this technique can be used as a complementary module for supporting 

autonomous driving (such as parking assist, object-collision detector, among others). 



Further research using CNN (with image processing) or DRL (enabling a more autonomous 

learning AI) techniques is needed to establish a more accurate and more autonomous AI 

algorithm inside Roblox. This platform has demonstrated its capabilities as a friendly IDE for 

developers and can be used for this research. Modelling a more complex driving scenario will 

imply having more computer resources available, and Roblox servers are a good fit for that 

(except for the timeout limitation, as stated before). And with the new metaverse resources 

available in this environment, new features could be developed using ML techniques. 

Future studies should take into account the hardware (in particular if the focus is about image 

processing), timing (timely base of tests), and software limitations (knowing bugs, timeout, etc.). 

With that, a more complex scenario can be built, adding features like lane control, other car/ 

drivers, pedestrians, traffic lights, etc., which can be addressed with more computer power. 

Finally, this research has been developed in a platform where young people use for leisure 

purposes daily. The techniques adopted here can mix the joy of the ones with learning 

opportunities and could inspire a new generation of data analytics developers. 
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