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ABSTRACT 

Road accidents pose a significant threat to human life, causing numerous injuries, fatalities, 

and economic damage worldwide. Recently, there has been growing interest in leveraging 

Artificial Intelligence (AI) to create systems that can predict vehicle crashes. This thesis 

focuses on vehicle crash prediction and aims to develop a solution using pre-trained 

Convolutional Neural Networks (CNN) and transformer networks to mitigate the occurrence 

of such accidents. By leveraging advanced deep learning techniques, this research addresses 

the limitations of traditional crash analysis methods. The objectives of this study involve 

critically reviewing the evolution of vehicle crash prediction systems, studying modern 

technologies employed in vehicle crash prediction, designing and implementing a crash 

prediction system using pre-trained CNN and transformer networks, and evaluating the 

solution's effectiveness. The motivation behind this research stems from the urgency to reduce 

the growing frequency of vehicle crashes and their associated consequences. Current 

approaches to road safety primarily rely on reactive measures, prompting the need for 

proactive strategies to prevent accidents. The Car Learning to Act (CARLA) simulator was 

used for data gathering, in that an ego-vehicle attached to RGB and RGB-Depth cameras were 

used. Ego-vehicle traveled through a simulated environment with different weather conditions 

and maps and captured a sequence of RGB and RGB-Depth (RGB-D) images in safe and 

unsafe scenarios. To extract features from RGB and RGB-D images pre-trained CNN were 

utilized. Four pre-trained CNNs were used for feature extraction. With those extracted 

features, a transformer network was employed to train a model. After model training and 

testing, it was observed that the transformer model trained with VGG16-based feature 

extraction performs better than other methods. This research can be implemented in the real 

world with real-time predictions and addresses the shortcomings of visual-based systems. 

Ultimately, it aims to improve road safety by enabling proactive crash prevention and 

minimizing the human and economic costs associated with accidents. 

Keywords: CNN, Transformer Network, CARLA, Feature Extraction 
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CHAPTER 1 

INTRODUCTION 

1.1 Prolegomena  

In recent years, road accidents have emerged as a major contributor to injuries, 

fatalities, and property damage worldwide. According to the  World Health 

Organization (WHO) around 1.35 million individuals annually lose their lives to 

automobile accidents. Furthermore, motor vehicle accidents are the foremost 

underlying cause of mortality among children and young adults aged 5-29 years [1]. 

In Sri Lanka, available statistics show that there are, on average 38,000 road traffic 

crashes each year. These incidents result in approximately 3,000 fatalities and 8,000 

serious injuries [2]. In the modern world, people are more attracted to buying more 

and more vehicles for personal use, leading to higher traffic-related accidents. 

According to the U.S. Department of Transportation, 228,687 driving licenses were 

issued in 2020, an increase from the 190,625 licenses issued in 2010 [3]. In Sri Lanka, 

the economic cost of road accidents is estimated to exceed Rs 10,000 million annually, 

constituting approximately 1% of the country's Gross Domestic Product (GDP) [4]. 

Apart from causing damage to living persons, road accidents are also responsible for 

damage to property and infrastructure. The current trend among motor vehicle 

manufacturers is making vehicles fully autonomous. Autonomous vehicles have the 

potential to dramatically reduce traffic accidents by removing the human factor in 

traffic accidents. However, Autonomous Vehicles are still not able to prevent traffic 

accidents entirely. The California Department of Motor Vehicles reported 129 traffic 

accidents involving autonomous vehicles [5]. In this thesis, we consider this issue and 

find a solution that can be implemented to mitigate accidents. A CNN is a specific form 

of deep learning method that specializes in tasks related to image recognition and 

classification. A key advantage of a CNN is its ability to simultaneously learn feature 

extraction layers and the classification layer, resulting in a model output that is highly 

structured and strongly reliant on the extracted features [6]. Transformer networks 

have transformed Natural Language Processing (NLP) tasks with the introduction of 

the self-attention mechanism, significantly enhancing their capabilities [7]. This 

mechanism allows the network to obtain global interdependencies and effectively 

process sequences of data, making transformers suitable for analyzing sequential data 
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like image sequences. The integration of CNN  and transformer networks in vehicle 

crash prediction systems holds great potential for improving prediction accuracy and 

timeliness. By leveraging CNN's ability to extract features from images without 

requiring manual feature engineering or domain knowledge and the sequence 

modeling capabilities of transformer networks, it becomes possible to detect specific 

patterns and features in image sequences that may indicate a potential vehicle crash. 

This allows for proactive measures to be taken, such as issuing warnings to drivers or 

triggering automatic safety mechanisms. In this thesis, we aim to explore and develop 

a vehicle crash prediction system utilizing pre-trained CNN and transformer networks. 

The primary objective is to design a system that can effectively analyze a sequence of 

multimodal images captured within a vehicle and provide a binary classification of 

whether the oncoming situation is safe or unsafe. By accurately predicting potential 

crashes in real-time, this system has the capacity to improve road safety and prevent 

accidents significantly. The rest of this chapter is organized to present the following: 

Objectives, background and motivation, problem in brief, CrashGuard solution, 

resource requirements, and structure of the thesis.  

1.2 Objectives 

The objectives for creating a Vehicle Crash Prediction can be summarized as follows: 

• Critical review of the evolution of vehicle crash prediction systems 

• In-depth study of technologies used in modern vehicle crash prediction systems 

• Design and implement vehicle crash prediction systems with pre-trained CNN and 

transformer network 

• Evaluate the solution using proper evaluation metrics 
 

1.3 Background and Motivation 

The motivation behind this research stems from the urgency to reduce the alarming 

rate of vehicle crashes and their associated consequences. Traditional crash analysis 

methods often lack the ability to capture complex relationships and dynamic patterns 

present in crash data. This thesis seeks to utilize AI and Machine Learning (ML) to 

overcome these limitations and provide a deeper, more accurate insight into the factors 

that contribute to crashes. The predictive capabilities of the proposed system can 



 

 

3 

 

empower policymakers, traffic authorities, and drivers to take proactive measures to 

avoid vehicle crashes. The current approach to road safety primarily relies on reactive 

measures, such as emergency response systems and post-crash investigations. While 

these measures are essential, they are insufficient in preventing crashes proactively. 

By utilizing AI techniques, this research aims to shift the paradigm from reactive to 

proactive strategies, enabling crash prediction in advance.  

Current AI-based vehicle crash prediction systems utilize various AI technologies, 

including Artificial Neural Networks (ANN), Support Vector Machine (SVM), 

Decision Trees, Fuzzy Logic and Genetic Algorithms [8]. One research suggests that 

the ensemble of neural networks called Crash Prediction Network (CPN) can 

effectively  monitor vehicular safety [9]. In that network makes use of vision (only 

RGB cameras) as input to predict the crash, another vision-based vehicle crash 

prediction is proposed, utilizing RetinaNet for detection, Kernelized Correlation filter 

for tracking, and Gaussian distribution approximation for trajectory prediction [10]. 

When considering Deep Learning techniques, like Long Short-Term Memory (LSTM) 

and Gated Recurrent Units (GRU) are effective for accident detection using 

spatiotemporal sequential data [11]. Furthermore, Real-time traffic, weather, and 

congestion status data can be used with LSTM models along with the Synthetic 

Minority Oversampling Technique (SMOTE) for balancing imbalanced datasets. 

Other than predicting vehicle crashes, A hybrid K-means, and Random Forest (RF) 

method is proposed for predicting road accident severity, showing improved 

performance over traditional methods like SVM or K-Nearest Neighbours (KNN) [12]. 

1.4 Problem in Brief 

Annually, a number of people face vehicle-related accidents and succumb due to 

injuries or suffer permanent disability and incur huge costs to GDP. This kind of 

accident can occur in both conventional vehicles, where human factors are involved, 

and in autonomous vehicles. There is more research done on ML classification using 

historical data but less on real-time prediction. There are visual-based real-time crash 

prediction systems, but visual data used to train those models contain more accidents 

that happened outside the driving vehicles recorded with dashboard cameras without 

vehicle involvement or using traffic cameras. These systems do not give a warning to 

the driver behind the wheel. The proposed method is to address these shortcomings. 
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1.5 CrashGuard Solution for Vehicle Crash Prediction  

This proposal introduces CrashGuard, an innovative vehicle crash prediction system 

that leverages the capabilities of a pre-trained CNN and transformer network. With the 

continuous advancements in deep learning, novel neural network architectures have 

emerged, offering powerful solutions to address complex challenges. The primary 

objective of this system is to leverage the unique strengths of both the pre-trained CNN 

and transformer networks, enabling accurate predictions in the context of vehicle 

crashes. To evaluate and validate the effectiveness of CrashGuard, extensive data 

gathering is conducted using the CARLA simulator. The input data, consisting of a 

sequence of multimodal images (RGB and RGB-Depth), is subjected to preprocessing 

before inputting into a pre-trained CNN. This network effectively extracts the spatial 

information from the input sequence of multimodal images and generates an encoding 

representing the relevant features. Subsequently, the output encoding from the pre-

trained CNN is fed into the transformer network, which incorporates the temporal 

features of the data. By considering spatial and temporal information, the transformer 

network produces a binary classification output, indicating whether the provided input 

sequence of multimodal images corresponds to a safe or unsafe driving scenario by 

combining the strengths of the CNN  and transformer network. 

1.6 Resource Requirements 

The following equipment, resources and software will be utilized in the project: 

• CARLA simulator 

• Unreal Engine 

• Computer with at least 6 GB NVIDIA GPU and 16 GB RAM. 

• Python 3.7+ 

• CARLA, TensorFlow python libraries  

1.7 Structure of the Thesis 

Our thesis on vehicle crash prediction using a transformer network is structured into 

eight chapters. Subsequent chapters will explore the assessment of vehicle crash 

prediction systems, covering aspects such as technology, methodology, design, 

execution, evaluation, conclusions, and future work. 
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1.8 Summary  

This thesis presented a novel system to identify potential vehicle crashes and give early 

warning using a pre-trained CNN and transformer network. Here, pre-trained CNN is 

used for feature extraction of RGB and RGB-D images, and those collected features 

were used to train the transformer model. Data gathering for the proposed solution is 

done using the CARLA simulator. This solution will overcome some of the drawbacks 

of prevailing vehicle crash prediction methods. 
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CHAPTER 2 

EVOLUTION OF VEHICLE CRASH PREDICTION SYSTEMS  

 

2.1 Introduction 

        

In Chapter 1, we have presented the overall picture of this thesis, covering the research 

problem and the essentials of the solution. This chapter gives a comprehensive 

literature review in the area of vehicle crash prediction systems. The literature review 

has been structured to cover the gestation of vehicle crash prediction systems, their 

major developments, and future directions. Here we also summarized the research 

challenges in vehicle crash prediction systems and defined our research problem.  

2.2 Gestation of vehicle crash prediction systems 

 

Vehicle crash prediction is an essential part of road safety that enables predicting 

oncoming accidents and gives warnings to evade them. Initially, early warning systems 

to avoid collisions were made up with basically radar technology.  The first 

documented passenger automobile equipped with a smart Collision Warning System 

was the Cadillac Cyclone XP-74, developed by General Motors in 1959 [13]. The use 

of radar-like technology alone is not intelligent decision-making, so it has its own 

pitfalls, which may lead to catastrophic outcomes. Some of the issues are limited 

perception of Non-Metallic objects, sensitivity to environmental conditions, radar 

signals that can be susceptible to interference, and higher cost for implementation. 

Dominique et al. [14] discuss the Generalized Estimating Equation procedure in 

developing Accident Prediction Models (APMs) for network safety at four-legged 

signalized intersections. APMs are utilized to estimate the expected frequency of 

accidents across various entities, such as intersections and road sections. These 

estimations play a crucial role in identifying potential areas for safety interventions 

and evaluating the effectiveness of implemented treatments. Overall, this method is 

used as a statistical analysis model, not an intelligence system, compared with modern 

machine learning techniques. During the early stages of development, it has been 

observed that the majority of vehicle crash prediction systems lacked the integration 

of intelligent decision-making components. The earliest adaptation of a neural network 
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for autonomous driving is known as the Autonomous Land Vehicle in a Neural 

Network (ALVINN) [15]. ALVINN utilizes images from a camera and data from a 

laser range finder as inputs to determine the optimal direction for a vehicle to follow 

the road. It employs a three-layer backpropagation network tailored specifically for 

road-following tasks. 

2.3 Major developments in vehicle crash prediction systems  

AI technologies play a vital role in predicting vehicle accidents based on vehicle and 

driving features. Some of the AI techniques used for crash prediction include Neural 

Networks, SVM, Decision Trees, Fuzzy Logic, and Genetic Algorithms  [8]. The paper 

[9] addresses the issue of safety concerns surrounding autonomous vehicles and 

proposes a CPN as a potential solution. The goal of the text is to propose a solution for 

improving safety in autonomous vehicles by using an ensemble of neural networks 

called CPN to supervise decision-making modules. Experiments were carried out 

using the CARLA 0.9.6 simulator, with an emphasis on preventing locally avoidable 

catastrophes. Both models, Simple CPN and Spatio-Temporal (ST-CPN), were further 

extended for additional experiments involving uncertainty by implementing Monte 

Carlo Dropout. Researchers were able to find that an ensemble of neural networks 

called CPN can be used to monitor various aspects of vehicular safety. Further 

Bayesian deep learning can be used to combat over-fitting issues but is difficult to 

train. The issue of predicting accidents in dashcam videos was explored in the paper 

[16]. The objective of the paper is to propose a method that utilizes a Dynamic-Spatial-

Attention Recurrent Neural Network (DSA-RNN) to predict road vehicle accidents in 

dashcam videos. The outcome of the research is cutting-edge object detector, full-

frame, and object-based appearance/motion features are incorporated into the model, 

and the proposed method surpasses other baseline models that do not incorporate 

attention mechanisms or RNN on challenging datasets with 80% recall at an average 

time-to-event of 1.8559 seconds before it occurs with 56.14% precision. This research 

has implications for improving vehicle safety by developing AI agents that can drive 

safely alongside human drivers while scaling up their learning process through 

observing corner cases at scale using dashboard cameras (dashcams). The goal of the 

paper [11], is to discuss the use of deep learning techniques for accident detection in 

Chicago using spatiotemporal sequential data. Here, researchers have proposed a wide 
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range of techniques to detect the occurrence and estimate the duration of accidents. 

Researchers have found that deep learning techniques like LSTM and GRUs are 

effective for predicting accidents using time series data. Furthermore, real-time traffic, 

weather, and congestion status data can be used with LSTM models along with 

SMOTE technique for balancing imbalanced datasets. When comparing LSTM and 

GRU, the GRU model achieved slightly better results than the LSTM model. It was 

demonstrated that accessing real-time data combined with advanced modeling can 

help accurately detect traffic incidents such as car crashes, which will lead to safer 

roads. The objective is to design and construct a vehicle collision detection system by 

utilizing a combined deep learning model that utilizes various types of data from 

dashboard cameras. [17]. The field of study addressed in this text is vehicle accident 

detection systems, which are becoming increasingly vital in response to the rising 

number of motor vehicle accidents. Vehicle collision detection has achieved new 

standards with the use of ensemble deep learning models that incorporate multimodal 

inputs, surpassing the performance of existing models. The study demonstrated that 

auditory characteristics and spectrogram images are more crucial for identifying 

automobile collisions compared to visual data captured by dashboard cameras. 

Therefore, combining both video and audio data significantly enhances performance 

compared to using only one type of data. A proposed vision-based vehicle crash 

prediction pipeline is outlined in [10]; it uses RetinaNet for detection, a Kernelized 

Correlation filter for tracking, and a Gaussian distribution approximation for trajectory 

prediction. The paper presents a framework aimed at predicting the trajectory of 

vehicles by detecting and tracking them on roads using CCTV frames. Vehicle 

detection is executed with high accuracy using the RetinaNet algorithm. A 

probabilistic algorithm is used to forecast the vehicles' trajectories, enhancing the 

detection and prediction of vehicle crashes. Yassin et al. [12] proposed a hybrid K-

means and RF approach for predicting road accident severity. K-Means clustering was 

used to categorize the road accident dataset by similarity, and RF was applied to 

classify the data into different severity labels. These hybrid approaches have 

demonstrated improved prediction performance compared to traditional methods such 

as SVM or KNN, especially when handling large datasets. Zhao et al. [18] proposed a 

traffic accident prediction algorithm that leverages CNN and utilizes data collected 

from a Vehicular Ad-hoc Network (VANET). There, CNNs were used for feature 

extraction, with various convolutional kernels responsible for extracting different 
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features. It was discovered that using Rectified Linear Unit (ReLU) as the activation 

function can mitigate the problem of gradient disappearance and offers advantages 

over the Sigmoid function in terms of computational cost and processing speed.  

2.4 Attention-based autonomous driving 

RNN, with specialized architectures like LSTM [19] and GRU [20] have demonstrated 

themselves as advanced methodologies for tackling challenges in sequence modeling 

and transduction. These architectures exhibit outstanding performance in applications 

like language modeling and machine translation, demonstrating their efficacy in 

capturing long-range dependencies and effectively processing sequential data. The 

"Attention is All You Need" paper introduces the Transformer model architecture, 

which discards recurrence and relies solely on an attention mechanism to capture 

global interdependence between input and output. This transformer model is able to 

address the limitation in RNN. In the paper [21] introduces an attention-based 

hierarchical deep reinforcement learning approach for modeling lane change behaviors 

in autonomous driving. They incorporated temporal and spatial attention mechanisms 

into the deep reinforcement learning architecture, which improved the vehicle's ability 

to focus on nearby vehicles, resulting in smoother and more efficient lane change 

behavior.  

2.5 Use of RGB and RGB Depth Camera 

To address the limitations of relying on single-modal data inputs, employing a 

multimodal approach has emerged as a solution in ML research [17], [22], [23], [24]. 

Using only RGB information for object recognition has several drawbacks in real-

world applications. This occurs because the process of transforming a 3D environment 

into 2D images inevitably leads to a loss of information [23]. RGB Depth (RGB-D) 

images record Red, Green, Blue, and Depth data, offering per-pixel depth information 

that aligns with the matching image pixels. This alignment improves the accuracy and 

density of the data.  

Geo et al [23], in their paper, describe techniques that can be used to fuse RGB and 

RGB-D images. There are two main fusion strategies: early-level fusion and late-level 

fusion. In the early-level fusion approach, features from RGB and RGB -Depth data 
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are extracted using two separate CNNs and then fused early in the process. This fusion 

is performed to enhance the depth of comprehension of the acquired information, 

meeting the requirements for more complex analysis. Late-level fusion is a method 

that combines the outputs of many classifiers, each trained on separate modalities, in 

order to improve the accuracy and dependability of object identification. SanchezRiera 

et al. [25] argued that in the context of RGB-D based hand gestures and object 

recognition, early fusion showed better performance than late fusion. 

2.6 Future Directions of The Vehicle Crash Prediction Systems 

All the techniques used to predict vehicle crash predictions have their own pros and 

cons, which leads to some future developments. Future research will need to 

concentrate on bridging the gap between 2D image data and 3D data like Light 

Detection and Ranging (LiDAR) to enhance the accuracy and robustness of systems 

that rely on both data types [26].  According to paper [9], some of the future 

developments are longer history duration and expanding the CPN model to support 

additional sensory data as input and beyond only ‘safe’ and ‘unsafe’ labels to add more 

granularity. Furthermore, the ensemble networks can be expanded beyond sensory 

inputs to incorporate geographical region data or specific rules. The accuracy of the 

prediction can be improved using data from cellphones’ GPS and accelerometer data, 

as suggested in [11].  

2.7 Summary of Challenges in the Vehicle Crash Prediction Systems 

Predicting vehicle crashes poses significant challenges due to the intricate nature of 

traffic systems and the multitude of factors that can influence accidents. In this section, 

we are discussing certain challenges faced when creating a vehicle crash prediction 

system. One of the challenges is data quality and preprocessing; the accuracy of 

accident prediction models is highly dependent on the data's quality. It's essential to 

make sure the data is clean and devoid of missing or noisy entries, as these can 

significantly impact the performance of the models. To enhance data quality, 

preprocessing techniques are employed, such as filling in missing data with the mean 

for numerical variables and the mode for categorical variables. These techniques are 

crucial for enhancing the reliability of the data used in crash prediction. Further 

inaccurate or incomplete crash records can affect both injury severity analysis and 
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crash frequency models [27]. Another one is model selection and complexity. The 

process of selecting an appropriate prediction model and determining the optimal level 

of complexity is a challenging task. In crash prediction, researchers have investigated 

various ML and deep learning algorithms such as RF, SVM. It's important to recognize 

that there is no one-size-fits-all approach, and researchers need to carefully evaluate 

their specific data and problem to choose the most appropriate model. Another 

identified challenge is feature selection, which is one of the most important steps in 

building an accurate machine-learning model. Identifying the most key features for 

crash prediction is essential for building an accurate model. Researchers have used 

various feature selection techniques, including clustering algorithms like K-means, to 

extract hidden information from road accident data and create new features [12]. 

However, identifying the most relevant features for crash prediction continues to be 

challenging. Another issue is assessing the performance of crash prediction models, 

which is crucial for gauging their efficacy. Commonly used performance metrics such 

as accuracy, precision, recall, and F1-score are employed to compare different models. 

Adaptability to different datasets also remains a challenge in building models. 

Developing models that can be easily adapted to different datasets and traffic problems 

is important for the practical application of crash prediction models. Another key 

aspect of vehicle crash prediction is real-time prediction, which is also challenging. 

An essential assumption for real-time risk evaluation is that the margin of error in the 

reported crash time is minimal [28]. 

2.8 Problem Definition 

Through extensive literature review, it has been identified that a significant number of 

individuals experience vehicle-related accidents annually, resulting in injuries, 

fatalities, and permanent disabilities. These accidents also impose a substantial 

economic burden on the GDP. Notably, such accidents can occur in both conventional 

vehicles, where human factors play a role, and autonomous vehicles. While there have 

been numerous research efforts focusing on machine learning classification using 

historical data, there is a notable gap in real-time prediction capabilities. Existing real-

time crash prediction systems primarily rely on visual data, but they often include 

accidents occurring outside the vehicle, captured by dashcams or traffic cameras, 

without providing warnings to the driver behind the wheel.  
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To address these limitations, this method aims to develop a novel approach for real-

time vehicle crash prediction. The objective is to bridge the gap between historical 

data-based classification and proactive real-time prediction. By leveraging advanced 

techniques such as transformer networks, the system will enhance the accuracy and 

timeliness of crash prediction by analyzing the sequence of images captured within the 

vehicle. This method is designed to overcome the shortcomings of existing systems by 

focusing on in-vehicle data and providing real-time warnings to the driver. By 

leveraging the power of CNN and transformer networks, the system aims to capture 

complex relationships and dynamic patterns present in the image sequences, enabling 

the proactive detection of potential crash scenarios. By addressing these research gaps 

and limitations, his approach has the capacity to greatly improve the level of safety on 

roads by providing timely and accurate predictions, empowering drivers to take 

necessary precautions, and potentially preventing accidents. 

2.9 Summary 

This chapter presented our literature in the area of vehicle crash prediction by covering 

research papers with very high citation records. Here, we carried out the identification 

of vehicle crash prediction techniques, technology adopted in existing solutions, future 

developments, and challenges.  We have also defined our research problem as a real-

time crash prediction system that remains challenging. This chapter also identified 

machine learning as a potential technology for addressing this issue in vehicle crash 

prediction. In chapter 3 presents our in-depth study of ML techniques by highlighting 

their relevance for vehicle crash prediction.  
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CHAPTER 3 

TECHNOLOGY ADAPTED 

3.1 Introduction 

In this chapter, the focus is on various technologies and tools that have been utilized 

for the development of vehicle crash prediction systems. Specifically, we will 

investigate the simulator adopted for data collection, pre-trained CNN models used for 

feature extraction, the transformer model used for training and inferencing, the 

programming language, supporting Python libraries, and cloud computing used for 

training the model. Each technology was adopted based on its effectiveness, ease of 

use, and suitability to prove the hypothesis. Each technology is concisely described 

and their usage in this research.  

3.2 CARLA Simulator 

CARLA is a freely available simulator designed for research in autonomous driving. 

It is developed for enhancing autonomous driving technologies, it addresses core tasks 

like trajectory prediction, motion planning, and 3D tracking [22] [29]. Utilizing Unreal 

Engine for simulations and adhering to the OpenDRIVE standard for road and urban 

environment definitions, CARLA offers Python and C++ APIs for simulation control. 

OpenDRIVE, initiated in 2006, is a de facto standard for describing road networks, 

focusing on driving simulation applications [30]. It offers a dynamic environment and 

includes a simple interface for an agent to engage with its surroundings. Structured as 

a server-client system, CARLA's server component manages the simulation and scene 

rendering. The simulation environment includes three-dimensional (3D) 

representations of both still objects like buildings, vegetation, and traffic signs, and 

dynamic objects such as vehicles and pedestrians, supporting comprehensive 

development of urban driving systems. CARLA further provides a number of sensors 

to collect data from the environment with ego-vehicle, which refers to a vehicle that 

equipped with sensors that perceive the surrounding environment. Some of the built-

in sensors in CARLA are collision detectors, depth cameras, Global Navigation 

Satellite System (GNSS) sensors, Lane invasion detectors, LIDAR sensors, Radar 
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sensors, RGB cameras, RGB-D, etc. Out of those sensors for this research, we have 

created an ego vehicle with a collision detector, RGB camera, and RGB-D camera. 

3.2.1 Unreal Engine 

In order to run CARLA, it first needs to install Unreal Engine. Unreal Engine, 

developed by Epic Games, is a sophisticated game engine known for its powerful 

graphics rendering capabilities and extensive toolset, making it suitable for various 

applications beyond gaming, including cinematic content creation and real-time 3D 

simulations. It fulfills a key function of running the CARLA Simulator, an open-source 

autonomous driving research platform, by providing highly realistic urban 

environments, accurate physics simulation, and extensive sensor simulation 

capabilities. These features enable the detailed and realistic testing of autonomous 

driving algorithms, ensuring they can be developed, trained, and validated in a 

controlled yet complex and scalable virtual environment. Through Unreal Engine, 

CARLA offers a rich, versatile platform that bridges the gap between theoretical 

algorithms and their practical, real-world application, making a significant 

contribution to the field of autonomous driving research. 

3.2.2 Collision detector 

This sensor records an event each time its associated vehicle collides with something 

in the world. Collisions can occur with moving objects, such as pedestrians or vehicles, 

or with static objects in the environment. This sensor is useful for collecting data 

whenever a crash occurs. 

3.2.3 RGB Camera 

The "RGB" camera functions like a standard camera, capturing RGB images of the 

scene. RGB camera is one of the two sensors used for data gathering in research. An 

RGB camera sensor is used to capture sequences of images when the ego-vehicle 

drives around in simulated environments. It provides a three-channel RGB image.  
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3.2.4 RGB Depth Camera 

The camera records raw scene data, encoding the distance from each pixel to the 

camera lens in a format known as a depth buffer or z-buffer, which creates a depth map 

of the scene elements [31]. Each pixel's depth is encoded using the three channels of 

the RGB color space, with the red channel encoding the least significant byte and the 

blue channel the most significant byte. The actual distance in meters can be decoded 

from these values. 

𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =
𝑅 + 𝐺 ∗ 256 + 𝐵 ∗ 256 ∗ 256

256 ∗ 256 ∗ 256 − 1
 

 

𝑖𝑛_𝑚𝑒𝑡𝑒𝑟𝑠 = 1000 ∗ 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒 

 

3.3 Programming Language 

Python is the most popular programming language with an easier learning curve. It is 

suitable for both academic and industrial research, especially AI and ML projects. 

Python offers abundant libraries for data manipulation, scientific computing, and ML. 

It has libraries capable of handling CARLA, getting data, manipulating collected data, 

training, and evaluating processed data.   

3.3.1 CARLA Python API 

The CARLA Python API is a Python package designed for controlling and 

communicating with CARLA. This package enables users to manage the CARLA 

simulator and access simulation data via the Python API. For instance, users can 

control any actor (such as vehicles, pedestrians, and traffic lights) within the 

simulation, attach sensors to vehicles, and retrieve sensor data. 

3.3.2 TensorFlow 

TensorFlow is a freely available software library designed for efficient and powerful 

numerical calculations. The development of this technology was initially undertaken 

by researchers and engineers from the Google Brain team, which is part of Google's 

AI division. TensorFlow is particularly suited for deep learning; it allows the efficient 
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design, training, and deployment of deep neural networks that can process the image 

related data. With TensorFlow, we easily develop CNN and transformer networks and 

then train and test with data.  

3.4 Cloud Computing 

Since training data contains a large number of images, to expedite training and 

evaluation, we have used the Google Colab platform, which provides a notebook with 

Graphics Processing Units (GPU)s and Tensor Processing Units (TPU)s. For Google, 

Colab Pro Plus subscription offers powerful GPUs for a considerably low price. The 

use of GPU can greatly expedite the training of deep learning models, including 

transformers.  GPU-enabled hardware is particularly useful for handling large amounts 

of data. When it comes to RAM storage, it provides higher capacity RAM, which is 

crucial for handling large datasets. Also, Colab comes with most of the popular data 

science and machine learning libraries that have been pre-installed, including 

TensorFlow. 

3.5 CNN 

Pre-trained CNNs are utilized for extracting features from RGB and RGB-D pictures. 

Mainly, the transformer model was trained feature extracted with several pre-trained 

CNN models, which are MobileNet, VGG16, ResNet50, and DenseNet121. All models 

are based on CNN architecture. The concept of Convolutional neural networks was 

derived from the hierarchical organization of neurons seen by Hubel and Wiesel in 

1962. The theoretical notion of convolutional neural networks was initially introduced 

by LeCun [32]. In the next subsections, we will discuss CNN's architecture and 

components. The following image shows CNN's architecture. The CNN model's 

architecture is depicted in Figure 3.1. 
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Fig. 3.1: CNN Architecture [33]  

3.5.1 Convolutional Layer 

The primary goal of this layer is to identify and recognize features such as edges, 

textures, and complex patterns within the images. This layer applies filters (kernels) to 

the input image through a mathematical operation called convolution. The filter moves 

over the picture in both vertical and horizontal directions, computing the dot product 

between the filter and small sections of the input image [34]. This procedure produces 

a feature map that emphasizes the existence or nonexistence of specific characteristics 

at various positions in the image. Filters are learnable matrices that capture features 

(e.g., vertical edges, horizontal edges). The number of pixels by which the filter travels 

can be adjusted across the image with a stride parameter. A smaller stride means the 

filter moves in smaller steps, producing a large feature map.  Using padding, we can 

add zeros around the input image so the convolution operation can be applied at the 

borders, allowing the output features map to maintain a desired size. 

 

Fig. 3.2: Example of Convolution Operation [34] 
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3.5.2 Pooling Layer 

To decrease the dimensions of the input volume for the next convolutional layer, CNN 

uses a pooling layer. It helps to reduce the number of parameters and computation in 

the network. This layer employs a process of aggregating the outputs of neuron clusters 

from one layer into a single neuron in the subsequent layer, resulting in a reduction in 

the size of the feature maps. Max Pooling and Average Pooling are the most often used 

approaches. 

 

Fig. 3.3: Example of Max Pooling and Average Pooling [34] 

3.5.3 ReLU Activation Function 

The purpose of utilizing the ReLU is to inject non-linearity into the network. Since 

images and real-world data exhibit non-linear patterns, it is necessary to employ a non-

linear function in order to effectively understand and represent these non-linear 

relationships. The ReLU function sets all negative pixel values in the feature map to 

zero. This function is 𝑓(𝑥) = max(0, 𝑥), which is computationally efficient and allows 

the network to converge faster. 

 

Fig. 3.4: Activation Function ReLU [35] 
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3.5.4 Fully Connected Layer 

To categorize the picture into labels based on the detected high-level features from the 

convolutional and pooling layers, a fully connected layer is employed. The neurons in 

a completely connected layer establish connections with all the activations in the 

previous layer, as is the case in conventional neural networks. Their outputs are 

determined by the process of matrix multiplication, which is then adjusted by a bias 

offset. These outputs are then utilized to categorize pictures into different groups, 

depending on the distinctive characteristics identified by the convolutional layers. 

3.5.5 SoftMax Activation Function 

In order to allocate decimal probabilities to each class in a multi-class issue, where the 

sum of the probabilities should be 1, a SoftMax activation function is employed. The 

SoftMax activation function is used in the output layer of the network to standardize 

the output into a probability distribution across the expected output classes. SoftMax 

function denoted as,   

𝜎(𝑧𝑖) =
ⅇ𝑧𝑖

∑ ⅇ
𝑧𝑗

𝑘

𝑗=1

 . 

 

Fig. 3.5: Activation Function SoftMax [35] 

3.6 Pre-trained CNN Models for Feature Extraction 

We utilized four pre-trained CNN models, namely VGG16, MobileNet, ResNet50, and 

DenseNet121, to extract features from both images captured in RGB and RGB-D 

format. Each selection was made based on criteria such as model size, accuracy, and 

inference speed. Training a CNN from the beginning necessitates substantial computer 

resources and effort. However, utilizing pre-trained models can conserve both. Another 
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benefit of utilizing pre-trained models is their exposure to a wide range of pictures, 

enabling them to be flexible and adaptive across different domains. 

3.6.1 VGG16 

VGG16 is a CNN architecture developed by the Visual Geometry Group at the 

University of Oxford [32]. It is highly accurate, with a top-1 accuracy of 71.30% and 

a top-5 accuracy of 90.1% [36]. The VGG16 architecture is renowned for its 

straightforwardness and efficiency, and it has been extensively employed for many 

computer vision applications, particularly for picture categorization.  

VGG16 is distinguished by its profound construction, including 16 layers of weights, 

which serves as the foundation for its model name. To obtain depth, the model utilizes 

a technique called stacking, which involves using many convolutional layers with tiny 

3x3 filters and max-pooling layers. The VGG16 model employs convolutional layers 

that utilize compact 3x3 convolutional filters with a stride of 1. The VGG16 

architecture incorporates max-pooling layers that utilize a 2x2 window and a stride of 

two. The ReLU activation function is applied to each layer of the network following 

both the convolutional and fully connected layers. After the convolutional layers, there 

are three completely linked layers. The last layers are comprised of 1000 completely 

linked neurons. The model was trained using the ImageNet dataset, which consists of 

1000 classes. The last layer is provided with a SoftMax activation function, which is 

frequently used in classification tasks. It transforms the network's unprocessed output 

into scores that represent probabilities. 

The model was trained using RGB photos of a fixed size of 224 by 224 pixels. The 

batch size is configured as 256, while the momentum is set as 0.9. The initial learning 

rate was set at 10-2 and subsequently reduced by a factor of 10 until the accuracy of 

the validation set ceased to improve. The following Fig. 3.6 depicts the architectural 

design of the VGG16 model. 
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Fig. 3.6: Architecture of VGG16 [37] 

3.6.2 MobileNet 

MobileNet is a type of CNN structure designed primarily for mobile and embedded 

vision jobs. MobileNet is characterized by its compact model size and exceptional 

inference speed, making it the smallest model accessible with the fastest performance 

on both CPU (22.6ms) and GPU (3.4ms) [36]. The model has commendable precision, 

with a top-1 accuracy of 70.4% and a top-5 accuracy of 89.5%, considering its model 

size. These characteristics render this model appropriate for devices with limited 

resources or applications that require real-time processing. 

MobileNet presents an efficient design that employs depth-wise separable 

convolutions to minimize the computational burden and model size while still 

achieving competitive performance [38]. This method breaks down regular 

convolutions into depth-wise and pointwise convolutions, resulting in a substantial 

decrease in the number of parameters and computational resources needed. This 

approach divides the convolution process into two components: a depth-wise 

convolution that applies one filter for each input channel and a pointwise convolution 

that merges the output channels from the depth-wise convolution. As a consequence, 

there is a significant decrease in the computational complexity and size of the model. 

MobileNet, like other CNN systems, utilizes pooling layers. MobileNet commonly 

employs the ReLU, and it uses the activation function to incorporate non-linearity. 

MobileNet generally incorporates a fully connected layer that is followed by a 

SoftMax activation function for the purpose of classification jobs. 
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MobileNet can handle variable input sizes, but common dimensions include 128x128, 

160x160, 192x192, and 224x224 pixels for different versions and applications. 

MobileNet training adapts to its efficient architecture, utilizing techniques such as 

batch normalization and dropout to prevent overfitting. The training process is 

optimized to work with lower precision to increase efficiency further. Fig. 3.7 shows 

the architecture of MobileNet.  

 

Fig. 3.7: Architecture of MobileNet [39] 

3.6.3 ResNet50 

The Residual Network 50 is a convolutional neural network model that was proposed 

in reference [32]. The ResNet50 design is distinguished by its use of residual learning, 

which aims to enable the training of far deeper networks by solving the issue of 

disappearing gradients. Despite its relatively tiny model size of 528MB, this model 

has commendable accuracy with a top-1 accuracy of 74.9% and a top-5 accuracy of 

92.1% [36]. ResNet50 is a neural network model with a complex structure consisting 

of 50 levels. These layers include convolutional layers, identity shortcut connections, 

and fully connected layers. The fundamental concept of ResNet50 is the use of residual 

blocks. Every block is equipped with a bypass link that allows for the omission of one 

or more layers. The shortcut links achieve identity mapping. ResNet50 employs a 7x7 

convolutional layer at the start, succeeded by 1x1, 3x3, and 1x1 convolutions in its 

residual blocks. The 1x1 layers have the task of decreasing and then raising (restoring) 

dimensions, while the 3x3 layer serves as the constriction point. The first 7x7 

convolutional layer is followed by an initial max pooling operation. Before the final 

fully linked layer, average pooling is implemented. The network utilizes the ReLU 

activation function consistently. The last layer of the network utilizes a SoftMax 
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activation function to convert the network's output into probability scores for the 

classification job. Fig. 3.8 depicts the architectural structure of ResNet50. 

 

 

Fig. 3.8: Architecture of ResNet50 [40] 

3.6.4 DenseNet121 

DenseNet121 is a unique convolutional neural network (CNN) architecture that was 

first shown in [41]. The DenseNet121 model has a top-1 accuracy of 75% and a top-5 

accuracy of 92.3% [36].Thanks to its extensive connection, it exhibits efficient 

memory utilization. DenseNet121 employs a novel kind of connection where each 

layer is interconnected with to every other layer in a feed-forward fashion. This 

architecture was specifically developed to mitigate the vanishing gradient problem. 

The model consists of 121 weight layers. The architecture of the system is structured 

in a way that consists of closely linked blocks. These blocks are divided by transition 

layers that carry out convolution and pooling operations to decrease the dimensionality 

of the feature maps. Each dense block has layers that follow a certain sequence: batch 

normalization, ReLU activation function, 1x1 convolution for reducing feature map 

dimensionality, another batch normalization, ReLU, and ultimately a 3x3 convolution. 

The arrangement is commonly referred to as the BN-ReLU-Conv (Bottleneck Layer) 
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setup. The transition layers that separate the dense blocks consist of convolutional 

layers followed by 2x2 average pooling layers. The network employs the Rectified 

Linear Unit (ReLU) activation function. The architecture of DenseNet121 is illustrated 

in Fig. 3.9. 

 

Fig. 3.9: Architecture of DenseNet121 [41] 

3.7 Transformer Network 

Transformer networks, initially shown in the influential publication [42], have 

significantly transformed the domain of NLP. The Transformer architecture consists of 

an encoder and a decoder network. The encoder is positioned on the left side of the 

Fig. 3.10, whilst the decoder is placed on the right side on the figure. 

 

Fig. 3.10: Transformer Model Architecture [43] 

The self-attention mechanism is at the heart of the transformer design, allowing the 

model to assign varying degrees of priority to different portions of the incoming data. 

The transformer method enables the recording of intricate dependencies and linkages 

within the data, irrespective of their spatial separation in the input sequence. 

Transformers, unlike RNN and LSTM, do not analyze data in a sequential manner, 
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which leads to a notable enhancement in parallelization. We shall explain the 

operational mechanism of a transformer in the following sub-sections. 

3.7.1 Encoder Block Input 

The input to the encoder block is a sequence of embedding; in our case, it is the RGB 

and RGB-D image features extracted through pretrained CNN, or if it is an NLP task, 

it will be word token embeddings.  

 
 

Fig. 3.11: Input Embedding for Each Image 

3.7.2 Creating Positional Encoding 

Positional encoding involves creating a vector through a specific function that varies 

according to a condition. For example, for odd-numbered input embedding, a cosine 

function is used to produce the positional encoding vector, and for even-numbered 

input embedding, a sine function is applied to generate the positional encoding vector. 

This method ensures each position in the input sequence has a unique, conditionally 

generated vector, enabling the model’s ability to understand sequence order. Following 

are the sine and cosine functions used to calculate positional embedding. 

𝑃𝐸(𝑝𝑜𝑠,2𝑖) = sin⁡(
𝑝𝑜𝑠

10000
2𝑖
𝑑

) 

𝑃𝐸(𝑝𝑜𝑠,2𝑖+1) = cos⁡(
𝑝𝑜𝑠

10000
2𝑖
𝑑

) 
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Here, 𝑝𝑜𝑠 is the position in the sequence, ranging from 0 to the sequence length, 𝑖 

represents the dimension within the positional encoding vector. The variable 𝑑 

represents the dimensionality of the model's embedding. In the next step, previously 

created positional encoding vectors will be added to the input vector.  

 

Fig. 3.12: Combining Input with Positional Encoding 

3.7.3 Multi-Head Attention Module 

In the previous sub-section, we learned how to create positional input embedding by 

merging input embedding with positional encoding. This embedding produces a set of 

three vectors, Query (Q), Key (K), and Value (V), for every word or picture in our 

case. The positional input embedding is sent via a linear neural layer to minimize its 

dimensionality, as seen in the image below. 

 

Fig. 3.13: Creating, Q,K and V 
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The encoder’s multi-headed attention utilizes a particular type of attention mechanism 

known as self-attention. This approach enables the models to create an association 

between each word/image in the input and the other word/image. 

 

Fig. 3.14: Scaled dot-product (on the left). Multi-Head Attention with Simultaneous 

Levels(on the right) [20] 

The multiplication of the query (Q) matrix by transpose of the key (K) matrix plays a 

pivotal role in computing attention scores. This operation produces a score matrix, 

which indicates how much attention or focus a word/image should place on another 

word/image within the input sequence. This step is essential for enabling the model to 

dynamically adjust its focus on different parts of the sequence, thereby capturing 

complex relationships and producing context-aware representations of each word or 

image. Fig. 3.15 represents the dot product between matrices Q and KT.  

 

Fig. 3.15: The Dot Product of Q and KT 

Scaling down the score matrix in the attention mechanism is essential for stabilizing 

the gradient during training. Without scaling, the dot product tends to have a high 

magnitude. This is achieved by performing a division operation on each member of 
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the score matrix, where the divisor is the square root of the dimension of the key 

vectors, denoted as  ( √𝑑𝑘). After scaling the score matrix in the transformer encoder’s 

attention mechanism, the next step is to apply a SoftMax function to the scaled scores. 

This operation converts the scaled scores into a probability distribution, ensuring that 

all attention weights are positive and sum up to 1 for each word/image. Next, the 

attention weights are multiplied by the value (V) matrix. The multiplication of the 

attention weights and the value matrix yields the output of the attention mechanism. 

To calculate the matrix of outputs: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
)𝑉 

Rather than using a single attention mechanism with keys, values, and queries of 

dimension 𝑑𝑚𝑜𝑑ⅇ𝑙, authors [42] have discovered an advantage in transforming these 

elements ℎ times through different learned linear transformations. Each transformation 

changes the dimensionality of the queries, keys, and values to 𝑑𝑞, 𝑑𝑘⁡and 𝑑𝑣 

respectively. After transforming, the attention mechanism is applied to each set of 

transformed queries, keys, and values simultaneously, producing output that are 𝑑𝑣- 

dimensional. This approach allows the capture of different aspects of the information 

in parallel, improving the ability of the model to understand and represent the data. 

Let's say we have H heads indexed by ℎ = 1,… . , 𝐻 of the form: 

𝐻ℎ = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄ℎ, 𝐾ℎ,⁡𝑉ℎ) 

At first, the heads are merged together into a unified matrix. Subsequently, this 

outcome is subjected to a linear transformation using a matrix 𝑊(𝑜), resulting in a 

consolidated output in the specified format: 

𝑌(𝑋) = 𝐶𝑜𝑛𝑐𝑎𝑡[𝐻1, … , 𝐻𝐻]𝑊
(𝑜) 

3.7.4 Add and Normalization 

Following the completion of the self-attention mechanism, the resultant output vectors 

are amalgamated and subsequently integrated with a residual connection that stems 

from the input layer. This residual connection plays a critical role in enhancing the 

flow of gradients throughout the network, thus promoting more effective learning and 

backpropagation. By incorporating this residual link, the model effectively leverages 
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both the initial input information and the insights garnered from the self-attention 

process. After this integration, the combined output undergoes layer normalization. 

This normalization step is pivotal as it standardizes the data across the features, which 

not only stabilizes the learning process but also tends to reduce the overall training 

time slightly. This series of operations ensures that the model can adaptively refine its 

internal representations, leading to more robust and accurate learning outcomes. 

After the self-attention mechanism concludes, the outputs are processed through a 

point-wise feedforward network, which aims to cultivate a more intricate 

representation of the input data. This network is structured with two linear (dense) 

layers, which are interspaced by a non-linear activation function, typically ReLU. This 

configuration enables the model to develop a more profound comprehension of the 

interrelationships among the input elements. By integrating this layering, the model 

can enhance its ability to distinguish and interpret complex patterns and dependencies 

within the data, thereby achieving a richer and more detailed understanding. This step 

is crucial for enabling the transformer to handle various complexities and nuances in 

the dataset. 

Following the feedforward network, the output is subjected to layer normalization, a 

process that ensures consistency in the distribution of the data features across different 

instances in the batch. Concurrently, residual connections are established from the 

preceding layers to this output. These connections are pivotal as they allow the model 

to incorporate both the insights from earlier layers and the newly processed 

information from the feedforward network. This integration of residual connections 

plays a critical role in preserving the continuity of information throughout the network, 

which significantly enhances the model's ability to comprehend complex relationships 

within the input data. 
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Fig. 3.16: Final Stage of the Encoder Block 

3.7.5 Decoder Block 

A decoder block combines multiple layers to transform sequences in a context-aware 

manner, incorporating both previous outputs and encoder information. Initially, it 

employs a masked self-attention mechanism, where the mask ensures causality by 

preventing tokens from attending to subsequent tokens, thus preserving the 

autoregressive property which is essential for generating sequences. This layer 

calculates attention over the input of the decoder while guaranteeing that each location 

can only focus on the preceding places in the sequence. Subsequently, the block 

employs a cross-attention layer in which the queries (Q) are derived from the output 

of the masked self-attention, while the keys (K) and values (V) are obtained from the 

output of the encoder. This allows the decoder to selectively concentrate on pertinent 

sections of the input sequence. Residual connections and layer normalization are used 

to both attention methods. The last element is a position-wise Fully Connected Feed-

forward Neural Network (FCNN), which is used in the same manner as in an encoder. 

3.7.6 Encoder-Only Models 

In applications, transformers can be used in three architectures, which are encoder-

only, decoder-only, and encoder-decoder. For this research, we will use an encoder-

only architecture model, which is useful for tasks primarily including sequence 

classification or language understanding. This architecture primarily relies on self-

attention mechanisms, does not utilize causal masking, and employs bidirectional 

context for tokens. Bidirectional context refers to the model’s ability to consider both 
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the preceding and subsequent tokens in a sequence when understanding or processing 

any given token. 

3.8 Summary  

In this chapter, we have discussed the technology adopted for this research, including 

the CARLA simulator and its components, the main programming language and its 

libraries, basic CNN architecture, and all four pre-trained CNN models used for 

testing, and transformer architecture specially giving more attention to encoder block 

since we going to utilize in this research, which is the main training and inferencing 

model. In chapter 4, we will discuss the approach to vehicle crash prediction. 
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CHAPTER 4  

AN APPROACH TO VEHICLE CRASH PREDICTION 

4.1 Introduction 

In Chapter 3, we have justified the suitability of deep learning as the technology 

adapted for developing a vehicle crash prediction system. This chapter presents our 

deep-learning approach to a vehicle crash prediction system named CrashGuard. This 

chapter presents an approach to our solution covering our hypothesis, input, output, 

process, features, and users. Among others, the process specifically identified the task 

within CrashGuard, which provides insight into the design of the solution. 

4.2 Hypothesis 

We have hypothesized that a combination of CNN and transformer networks can 

predict vehicle crashes, providing multimodal visual input. While driving the vehicle, 

visually (RGB and RGB-D) monitor the oncoming traffic and environment and give 

early warning if the vehicle is going to crash into another vehicle or object on the road. 

The inspiration behind the development of vehicle crash prediction system stems from 

the desire to improve road safety and reduced the occurrence of accidents. Leveraging 

advancements in ML, especially in deep learning, aims to create intelligent systems 

that can accurately predict the likelihood of a crash.  

4.3 Input 

A comprehensive dataset will be collected using the CARLA simulator; data will be 

collected as a sequence of RGB and RGB-D images captured by RGB and RGB-D 

cameras fixed in the car. The Car will be driven all over the simulated environment 

provided by CARLA. Further, the environment is simulated with various weather 

conditions and different maps. Images will be captured under two categories which are 

prior to safely driven condition and prior to some crash occurred. Then, captured data 

will be preprocessed and transformed into a suitable format. Fig. 4.1 shows the sample 

of data taken out from CARLA. It contains a sequence of RGB and its respective RGB-

D images, where each sequence contains 8 images.  
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Fig. 4.1: Input Image Sequence 

4.4 Output 

Based on its analysis, the system generates a binary classification output, which 

signifies whether the observed driving scenario poses a risk of a vehicle crash or not. 

The output serves as a valuable indicator for drivers, policymakers, and traffic 

authorities, allowing them to make informed decisions and take proactive measures to 

prevent accidents. 

4.5 Process  

The process begins with captured data preprocessed and transformed into a suitable 

format. Deep learning architecture is comprised of two networks, pre-trained CNN and 

transformer. Data will first be input into a pre-trained CNN network. A pre-trained 

CNN network can extract a wide range of features from images, capturing both low-

level and high-level representations. Low-level features such as edges and contours, 

textures, and colors are extracted in the initial layers of a CNN. Specific arrangements 

of edges or textures and parts of objects are extracted as mid-level features by pre-

trained CNN. For high-level features, object detection, scene recognition, and action 

recognition can be considered. The extracted features serve as a rich, compressed 

representation of the visual information in images in the dataset.  

 

Then, the output encoding provided by the CNN network is seamlessly fed into the 

final classification stage of the transformer network. The revolutionary nature of 

transformer networks lies in their ability to effectively model and capture long-range 

dependencies, which has significantly advanced the field of NLP. In our specific 

project, we aim to leverage the power of the transformer architecture to capture not 

only temporal dependencies but also contextual information inherent in the driving 

data. By incorporating the outputs from the CNN network into the transformer 
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network, we can effectively learn and understand the intricate temporal relationships 

and patterns that play a crucial role in influencing crash occurrences. This combination 

of the CNN and transformer networks allows us to uncover hidden insights and make 

accurate predictions regarding road safety, thereby enabling us to implement proactive 

measures for accident prevention. Output will be classification whether it is safe from 

crash or not.  

4.6 Features 

Here are the primary features of this system: 

 

• Multimodal image-based detection: This system is able to analyze a sequence of 

multimodal images captured by RGB and RGB-D cameras installed in the vehicle 

and detect objects, vehicles, pedestrians, and other relevant elements in the 

surrounding environment. 

• Feature extraction module: Using pre-trained CNN to extract relevant features 

from multimodal images and reduce dimensionality while preserving critical 

information for crash prediction. 

• Temporal modeling: Transformer networks can capture the temporal relationships 

and patterns present in a succession of pictures. By considering the temporal 

information, the system can examine the changes over time in the scene and detect 

possible signs of a crash. 

• Real-time prediction: This system provides real-time predictions and warnings to 

the driver or autonomous driving system to take preventive actions. This allows 

for timely intervention and the avoidance of potential accidents.  

4.7 Users 

Vehicle manufacturers could be interested in integrating such a system into their 

vehicles as an advanced safety feature. By predicting potential crashes, they can 

develop proactive measures to enhance vehicle safety and reduce the risk of accidents. 

Subsequently, this will help drivers drive carefully with an added early warning 

system. 
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4.8 Summary  

This chapter discusses the methodology for designing a car collision prediction system 

utilizing pre-trained CNN and transformer networks. We have addressed the 

hypothesis, input, output, method, features, and users. We have identified four primary 

tasks specifically data collection, data pre-processing, feature extraction, and model 

training and forecasting. The next chapter provides a description of the CrashGuard, 

with specific reference to the process specified in this section. 
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CHAPTER 5 

DESIGN OF CRASHGUARD 

5.1 Introduction 

This chapter will provide an explanation of the vehicle crash prediction design. The 

goal of this system is to develop an advanced vehicle crash prediction model using a 

combination of pre-trained CNN and Transformer networks. By analyzing a sequence 

of images captured by dashcam videos, the system aims to accurately predict potential 

crash events, enabling proactive measures to enhance road safety. 

5.2 Top-level Architecture 

Data collection is done using the CARLA simulator, where RGB and RGB-D cameras 

are attached to the ego-vehicle and drive around the city to capture safe and unsafe 

situations. Then, captured images will be resized, normalized, and augmented to 

enhance the model’s generalization capabilities. Preprocessed data is subsequently 

divided into training and testing sets. Then, the training set is used to train the pre-

trained CNN and transformer network. Pre-trained CNN for feature extraction and 

transformer network for training and classification. Classification is binary whether it 

is safe or unsafe. Fig. 5.1 shows the top-level architecture diagram of the design.  

 

Fig. 5.1: Top-level Architecture of the Design 

5.3 Data Collection From CARLA 

In order to gather a diverse and comprehensive dataset for training the transformer 

model, a simulation environment was meticulously created CARLA simulator. This 

virtual setting featured a fleet of 100 autonomous vehicles, ensuring a wide array of 

vehicles to be captured by the model and their driving behaviors and scenarios. To 
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make the environment more challenging, another 20 pedestrians were integrated into 

the simulation. This enhances the realism and complexity of the traffic conditions that 

are captured by RGB and RGB-D cameras.  

This simulation did not just focus on one default map, a total of four maps were 

selected, which are provided by CARLA. The range of maps represents different urban 

layouts and road networks, each with its unique challenges. Fig. 5.2 represents the 

different maps used in simulations.  

 

Fig. 5.2: Different Maps 

To ensure the model’s robustness in varied operational conditions, different weather 

conditions were created in addition to different maps. This includes changes in 

lighting, precipitation, and fog density, among other atmospheric conditions. To 

change the weather conditions, CARLA's already built-in presets, such as wet, cloudy 

sunset, hard rainy noon and hard rainy sunset were used. Fig. 5.3 depicts those weather 

conditions.  

 

Fig. 5.3: Different Weather Conditions 
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From each scenario, safe and unsafe 8000 sequences were captured, for a total of 

16000 sequences. One sequence consists of RGB and RGB-D images, and each format 

contains 8 images. During data collection, we collected 15 images per sequence and 

later reduced to 8 by removing 7 images at the end; this reduction is intended to 

enhance the model's ability to predict an impending collision before it occurs. Of these, 

11200 were reserved for training, and the remaining 4800 sequences were used for 

testing. When separating data for training and testing, it was done without any class 

imbalance and distributed different maps and weather conditions with balance, and 

when labeling, the safe class was labeled as 0 and the unsafe class was labeled as 1. 

5.4 Data Pre-Processing 

Collected RGB and RGB-D images cannot be directly input into a pre-trained CNN 

model; before that, we need to do some pre-processing. First, images must be read 

with the Python “cv2” library and then converted into RGB format because “cv2” will 

read images in BGR format by default. As the next step, again using the “cv2” library, 

the image is resized into a 224 x 224 dimension. Resizing is necessary because it is a 

requirement of the architecture of the pre-trained CNN model. Resizing also gives 

some added benefits, such as training on a smaller, uniform image size, which can lead 

to faster computations and less memory usage during training. After resizing, we get 

an array of 224 x 224 x 3; 3 is the number of channels in the image. That array needs 

to be normalized before feeding into pre-trained CNN by dividing it 255; this will 

make values in the array between 0 and 1. The benefits of doing so are neural networks 

often perform better and cover faster when the input features are scaled to a smaller 

consistent range, it gives uniformity in Pixel Values, and during backpropagation, 

having smaller normalized values helps in maintaining a more stable gradient flow. 

5.5 Feature Extraction with Pre-Trained Network 

To extract features, RGB and RGB-D were separately fed into pre-trained CNN 

models, and the extracted features were then concatenated. This technique is 

concatenated fusion, which comes under early-level fusion [23], and Fig. 5.3 shows 

the diagram of it. For pre-trained models, we have used VGG16, MobileNet, 

ResNet50, and DenseNet121. The output dimension depends on the selected pre-
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trained model. Table 5.1 represents the number of features extracted for each pre-

trained CNN model.  

 

Fig. 5.4: Feature Extraction and Concatenation 

TABLE 5.1: CNN MODELS AND NO OF EXTRACTED FEATURES 

CNN Model No of Extracted 

Features 

Concatenated Features 

VGG 16 512 1024 

MobileNet 1024 2048 

ResNet50 2048 4096 

DenseNet121 1024 2048 

 

Once the features from each pair of RGB and RGB-D images in one sequence are 

concatenated, these features are assembled into an array with the shape of 8 x [output 

dimension] of the model; for example, in VGG16 model array shape is 8 x 1024. This 

results in a structured form where each row in the array corresponds to the feature 

vector one RGB/RGB-D image pair ready for subsequent processing steps. In this 

array, rows represent RGB/RGB-D image pairs, and columns represent concatenated 

features.  Finally, we create four arrays, features for training and testing, and their 

corresponding labels. As final arrays (for VGG16), we get (11200 x 8 x 1024) (11200,) 

size for train feature input and labels, and (4800 x 8 x 1024) (4800,) for testing feature 

input and labels.  

5.6 Training Model with Transformer 

In our research, we will use only the encoder block of the transformer network since 

it is a classification task given a sequence of inputs. Our training input feature array 
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and label array will be fed in. In modeling the temporal dependencies among the 

extracted features from an image sequence, a transformer architecture can be highly 

effective. This architecture utilizes self-attention mechanisms between different 

frames in the sequence. Unlike traditional models that may only capture local 

interactions, self-attention allows the model to weigh the importance of all frames, 

regardless of their position in the sequence. Additionally, positional encoding is 

integrated into the transformer network to encode the temporal order of the images. 

After coding the transformer architecture with Keras Fig. 5.4 shows the transformer 

architecture used in our model training. 

 
Fig. 5.5: Encoder Block of the Transformer [43] 
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5.7 Evaluation 

Once the model has been trained, it is necessary to assess its performance. We have 

maintained a distinct dataset that was not utilized throughout the training phase. To 

assess the success of our model, we may include quantitative indicators such as 

accuracy, F1-score, precision, and recall. And also Training Vs. Validation Loss and 

Accuracy graphs and confusion metrics are used for evaluation. Additionally, we will 

compare our findings with existing research that shares the same purpose but employs 

different methodologies.  

5.8 Summary  

In this chapter, we discussed the high-level architecture of the proposed solution, 

which includes main processes such as feature extraction with a pre-trained CNN 

network, training with a transformer network, and additionally evaluation. In the next 

chapter, we describe the implementation of the proposed solution. 
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CHAPTER 6 

IMPLEMENTATION OF CRASHGUARD 

6.1 Introduction 

This chapter will focus on the practical implementation of the suggested approach for 

predicting automobile crashes. The procedure we outlined in the approach chapter 

allows for the implementation to be divided into primary portions. The practical 

execution of our project consisted of five main steps: data collecting, data 

preprocessing, feature extraction, training using a transformer network and evaluation.  

6.2 Installing CARLA Simulator 

As we explained earlier, the data needed for this research is collected through the 

CARLA simulator. We need to begin by setting up the necessary development 

environment to install the CARLA simulator. First, we need to download and install 

Visual Studio 2019 and ensure to include the necessary workloads for game 

development with C++, which are critical for Unreal Engine integration. After Visual 

Studio is set up, download and install Unreal Engine, selecting a version that is 

compatible with CARLA. If these prerequisites are in order, we can then install the 

CARLA simulator. This is done by cloning the CARLA repository from GitHub and 

then building the simulator using Unreal Engine. The build process compiles the 

CARLA source code and integrates it with Unreal Engine. Once compiled, we can 

launch CARLA from within the Unreal Engine environment. To communicate with 

CARLA, we need to install the Python Carla package.  

6.2 Data Collection 

Data collection was completely conducted through the CARLA simulator with the help 

of the Python CARLA API library. Data collection was carried out on two scenarios: 

ego-vehicle drive in the environment without any collision and ego-vehicle met with 

a collision with objects in the environment.  

Appendix - A shows the script used for importing necessary Python libraries, setting 

up basic configuration and connecting with the CARLA simulator. We need to import 

mainly the Carla library to connect with the CARLA server and the numpy and cv2 
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libraries for image manipulation. As basic configuration, we are providing capturing 

image width and height (640 x 480), RGB and RGB-D image saving folders, sequence 

length (15), and the number of autonomous vehicles (100) and pedestrians (20) needed 

to create within the simulated environment. Then, we create the Carla client object and 

the Carla blueprint library, which is used to create objects in the CARLA simulator. 

The part of the script created for data collections (see Appendix – B), where we defined 

the “CarlaSession” python class with several methods under that. As the first method, 

we have created “add_vehicles”, which is used to populate simulation environments 

with autonomous vehicles as per the number of vehicles we defined in Appendix - A. 

To create more dynamic weather conditions and add pedestrians to simulation we are 

using “add_pedestraians” methods (see Appendix – C).  

In order to collect data from the simulated environment we need to spawn ego-vehicle 

and attach RGB, RGB-D camera sensors and a collision sensor.  Appendix - D shows 

the script used for that. In this script, the “Mustang” car is created as an ego-vehicle 

and spawned in a random location on the map. We have also given some attributes to 

RGB and RGB-D cameras, such as image size in width and height, shutter speed (200) 

and field of view (100). 

Our spawned ego vehicle will drive autonomously through the simulated environment, 

following the guidelines set by the simulator. To trigger a crash, the “get_directions” 

method is scripted, see Appendix - E. This method adjusts the ego vehicle's speed and 

trajectory, creating specific collision scenarios. 

To initiate the “CarlaSession” class, the “start_new_seq” method is explicitly defined. 

Once instantiation of this class, this method is invoked to generate an ego-vehicle 

equipped with sensors. Additionally, two helper methods are implemented to facilitate 

the saving of RGB and RGB-D images. The implementation details for these methods 

are depicted in Appendix - F 

6.3 Data Pre-processing 

The images must undergo preprocessing before using a pre-trained CNN for feature 

extraction. Initially, the images are loaded using the “cv2” library in Python, which 

reads them in BGR format by default. These images need to be converted to RGB 
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format for compatibility with the CNN. Subsequently, the images are resized to 

dimensions of 224x224 pixels, which are the accepted dimensions of the CNN model. 

The final step involves normalizing the image arrays. The Python script for these 

preprocessing steps is illustrated in Appendix - G. 

6.4 Feature Extraction and Concatenation 

The feature extraction process from RGB and RGB-D images was conducted through 

pre-trained CNN models. We can import the necessary pre-trained models easily using 

“Keras” Python library. There is a function defined to return an instance of the pre-

trained model. For the implementation of the VGG16 model, see Appendix - H. 

The "create_model" function was used to develop a script that extracts features from 

RGB and RGB-D photos. These features are then combined and returned as a feature 

rray, see Appendix - I. 

6.5 Data Training Using Transformer Network 

The inclusion of positional embedding within the transformer encoder block is 

essential for the functioning of the transformer model. It enables the model to capture 

the token order in sequences, enhancing its capacity to comprehend temporal or 

sequential links in the data. The inputs consist of the sequence length, which is 8 in 

our example, and the dimension of the array, which varies based on the pre-trained 

CNN model. The code for positional embedding may be seen in Appendix - J. 

Our transformer model only utilizes the encoder block since it is only going to predict 

binarily classified features; for that, the script in Appendix - K is used to create an 

encoder block. The inputs for that are the dimension of extracted features, the size of 

the inner layer within the transformer encoder and the number of attention heads.  

In addition, we have developed utility functions, as seen in Appendix - L, specifically 

for the purpose of training. There exists a method to compile the model with the 

following values: The model uses a dropout value of 0.5, the output activation function 

is SoftMax, the optimizer is Adam, and the loss function is sparse categorical cross-

entropy. When invoking the "run_experiment" function, we provide the batch size as 

a hyperparameter. 



 

 

45 

 

6.6 Creating Demo Video 

For creating a demo video of how the system works, a helper function was written, see 

Appendix - M. Here, we can input the sequence of RGB and RGB-D and the images 

captured by the ego-vehicle while driving around in the environment. The function 

will use 8 images from both modal and do feature extraction with another function, 

and predict the situation with the provided extracted features. The function will also 

create a video using only RGB images and annotate the videos according to the 

prediction given by the model.  

6.7 Summary  

In this chapter, we have discussed how to implement our research, starting with 

installing the CARLA simulator in our system. After running the simulator, we need 

to collect data for that “CarlaSession” class, which was implemented with several 

methods. These methods helped to capture data in both safe and unsafe situations. 

Captured data cannot be fed directly into the transformer network; we need to perform 

some pre-processing. For that, a separate Python script was developed, which includes 

converting images in RGB format and normalizing. The next step for training the 

transformer model was built mainly using the Keras library. Since we need binary 

classification after feeding the sequence of data, only an encoder block was developed. 

Apart from the main transformer model, a couple of utility functions were developed 

to compile and run the model. In the next chapter, the evaluation of the transformer 

model with different pre-trained CNN models and their accuracy will be discussed.  
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CHAPTER 7 

EVALUATION OF CRASHGUARD 

7.1 Introduction 

The purpose of this assessment chapter is to determine the precision of the model that 

was trained using a transformer network for predicting car crashes. The model utilizes 

characteristics that were retrieved using several pre-trained CNN models. The tests 

were conducted on the test dataset, comprising 4,800 sequences. The main goal of this 

model is to utilize the spatial characteristics of individual frames and the temporal 

connections within a sequence in order to attain high predicted accuracy. This chapter 

presents the approaches used to assess the success of our strategy and examines the 

findings gained from these methods. 

 7.2 Transformer Setup 

The training configuration for the transformer model intended to handle sequences of 

pictures comprises many essential elements and parameters that are crucial for 

maximizing its performance. The architecture of our approach includes 10 multi-head 

attention layers. This arrangement enables the model to attend to information at several 

points in the input sequences concurrently. This is especially advantageous for 

comprehending the intricate spatial-temporal connection in image data.  

The training of this model was conducted with a batch size of 16. This particular size 

achieves a good trade-off between computational efficiency and model performance. 

It ensures that there is enough data for each iteration without using excessive memory. 

The training was scheduled to run for 100 epochs. In order to mitigate overfitting and 

enhance the model's ability to perform well on new, unknown data, early stopping was 

incorporated into the training process. The early stopping mechanism was set with a 

patience of 20 epochs. This implies that the training process would stop if there is no 

improvement in the validation loss over a continuous period of 20 epochs. A dropout 

rate of 0.5 was implemented during the training phase. Dropout is a regularization 

method employed to mitigate overfitting by randomly deactivating a portion of the 

neurons to zero during the training process. Within this configuration, a random 

selection of half of the units is eliminated after each training cycle. 
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The Adam optimizer was chosen due to its adjustable learning rate capabilities, which 

enhance its efficiency in converging inside intricate landscapes commonly 

encountered in deep-learning models that process high-dimensional input, such as 

photographs. The utilized loss function was sparse categorical cross-entropy. Table 7.1 

presents a concise overview of the parameters included in the transformer model. 

TABLE 7.1: SUMMARY OF TRANSFORMER PARAMETERS 

Parameter Value 

Number of multi-head attention 10 

Batch size 16 

Epochs 100 

Early stopping True (Patience 20) 

Optimizer Adam 

Loss function Sparse categorical cross-entropy 

Dropout 0.5 

 

7.3 Classification Metrics 

Comprehending the concepts of accuracy, precision, recall, and F1-score is of utmost 

importance since these metrics are extensively employed for evaluating the 

performance of classification models. We have employed all the specified models to 

assess the performance of our trained model. 

7.3.1 Precision  

Precision quantifies the degree of correctness in optimistic predictions. Formally, it is 

defined as the quotient of the number of correctly anticipated positive outcomes 

divided by the total number of expected positive outcomes. Mathematically, precision 

is measured: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = ⁡
𝑇𝑟𝑢𝑒⁡𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒⁡𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒⁡𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 

Precision answers the question, “Of all the instances classified as positive, how many 

are actually positives ?”. It quantifies the level of accuracy attained in making 
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optimistic predictions. Accuracy is especially crucial in scenarios where the 

occurrence of False Positives is of greater significance than that of False Negatives. 

For instance, in the context of email spam detection, a high precision indicates that a 

smaller number of non-spam emails are mistakenly identified as spam, thereby 

preventing inconvenience to consumers. 

7.3.2 Recall 

Recall, or sensitivity, quantifies the model's capacity to identify all pertinent instances. 

The term refers to the ratio of true positives to the sum of true positives and false 

negatives. In terms of mathematics: 

𝑅𝑒𝑐𝑎𝑙𝑙⁡ = ⁡
𝑇𝑟𝑢𝑒⁡𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒⁡𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒⁡𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 

Recall addresses the question, “Of all the actual positives, how many were correctly 

identified? It focuses on the completeness of the positive predictions. Recall is critical 

in our research because missing a positive case (Unsafe situation) could be fatal, high 

recall ensures that most positive cases are caught. 

7.3.3 F1-Score 

The F1-score is the harmonic mean of precision and recall. This means it is a balance 

between precision and recall. It is defined as: 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒⁡ = ⁡2⁡ × ⁡
𝑃𝑟𝑒𝑐𝑖𝑠𝑜𝑛⁡ × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

The F1-score conveys the balance between precision and recall. It is particularly useful 

when we need a single metric to compare models where the trade-offs between 

precision and recall need to be balanced. 

7.4 Evaluation of Feature Extraction Methods 

This section investigates the comparative analysis of different feature extraction 

techniques employed within our transformer-based model framework to assess their 

impact on performance. Specifically, we have utilized four distinct pre-trained CNNs, 

VGG16, MobileNet, ResNet50, and DenseNet121, as the feature extractors. Each of 
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these CNN architectures offers unique characteristics and capabilities in terms of 

parameter efficiency, depth, and architectural innovations, which are hypothesized to 

influence the overall effectiveness of the transformer model in processing image 

sequences. This evaluation aims to uncover which pre-trained CNN architecture best 

matches the transformer network, enhancing its ability to capture and utilize the 

temporal and spatial dependencies inherent in the image data. By systematically testing 

each pre-trained CNN, we provide insights into how different feature representations 

affect the learning dynamics and predictive accuracy of the model, thereby guiding 

future model optimization and application strategies. 

7.4.1 Transformer Network with VGG16 

Both training and validation accuracy remain relatively high and close together 

through the training process, left graph of Fig. 7.1. This suggests that the model 

generalizes well and is learning features that are relevant to unseen data. The slight 

fluctuations in validation accuracy could be due to the complexity of the model, the 

nature of the dataset.  

When comparing the training loss and validation loss, it is regularly observed that the 

training loss is generally smaller than the validation loss. The graph shows some 

volatility in validation loss, which could be common in smaller datasets or with certain 

optimization algorithms. The overall trend, however, does not indicate overfitting 

since validation loss does not increase as the training progresses. 

 
 

Fig. 7.1: Accuracy and Loss Graphs for Training vs Validation for VGG16 Based 

Feature Extraction 
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We got testing accuracy and an F1-score of 0.95, which is quite high, indicating that 

the model performed well on the task. The recall is 0.98 is especially good, meaning 

that the model is able to identify 98% of relevant instances. The precision of our model 

is 0.92, indicating a good level of accuracy in correctly predicting positive classes. The 

confusion matrix for the model trained with VGG16-based feature extraction is shown 

in Fig. 7.2. 

 

Fig. 7.2: Model Confusion Matrix for VGG16 Based Feature Extraction 

7.4.2 Transformer Network with MobileNet 

Training and validation accuracy are quite close throughout the training process, with 

validation accuracy tracking slightly below training accuracy, which is expected (left 

graph of Fig. 7.3). There’s a slight downward trend in validation accuracy toward the 

end of the epochs, which might be a sign of beginning overfitting, which was avoided 

due to early stopping or could be due to the variability of the validation set.  

The training loss exhibits a consistent and gradual decline, indicating that the model is 

acquiring knowledge effectively. The validation loss exhibits variations, characterized 

by significant spikes, suggesting that the model has difficulties in generalizing to the 

validation set at certain instances. However, since the last value is lower, the model 

may not be overfitting (right graph of Fig. 7.3). The gap between training and 

validation loss is small towards the end, suggesting a decent generalization. 
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Fig. 7.3: Accuracy and Loss Graphs for Training vs Validation for MobileNet Based 

Feature Extraction 

We got an accuracy of 0.92 and an F1-score of 0.92, which are strong indicators of a 

high-performing model. For precision, we go 0.88, which is slightly lower compared 

to the other metrics, that indicates that when the trained model predicts a positive 

result, it is correct 88% of the time. The most valuable metric in our research, recall, 

got 0.97, which is excellent, indicating the model is identifying the relevant instances 

almost all the time. Fig. 7.4 shows the confusion matrix for the transformer model 

trained  with MobileNet based feature extraction. 

 

Fig. 7.4: Model Confusion Matrix for MobileNet Based Feature Extraction 

7.4.3 Transformer Network with ResNet50 

The training accuracy is quite stable but low, around 0.5, which is the accuracy of a 

random guess in binary classification tasks. The validation accuracy is extremely 
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volatile, with perfect accuracy scores at certain epochs followed by a drop to 0. This 

pattern is not typical and suggests severe overfitting on a subset of the data or potential 

issues with the validation set or data processing (left graph of Fig. 7.5). 

The training loss decreases, which is typical and indicates learning. However, the 

validation loss exhibits high variance, with very noticeable spikes. This erratic 

behavior in validation loss could indicate a problem with the extracted features (right 

graph of Fig. 7.5).   

 
 

Fig. 7.5: Accuracy and Loss Graphs for Training vs Validation for ResNet50 Based 

Feature Extraction 

When it comes to performance metrics, we got an accuracy and precision of 0.5, which 

indicates that the model is not better than random guessing. This is not a good sign for 

model performance, and the model is only able to predict one class. A recall of 1 

suggests that the model is classifying all positive instances correctly, but given the low 

precision, it is likely also classifying many negative instances as positives, which is 

typical for models that predict only one class. An F1-score of 0.66 is not particularly 

high and suggests an imbalance between precision and recall in this case skewed 

towards recall. Fig. 7.6 shows the confusion matrix for the transformer model trained 

with features extracted from ResNet50. 
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`  

Fig. 7.6: Model Confusion Matrix for ResNet50 Based Feature Extraction 

7.4.4 Transformer Network with DenseNet121 

The training accuracy consistently exhibits a high and steady performance, indicating 

that the model has effectively acquired knowledge from the training data. The 

validation accuracy has a consistent rising trajectory, remaining in close proximity to 

the training accuracy. However, there is a noticeable decline that aligns with the sudden 

increase in validation loss, as seen in the left graph of Fig. 7.7. 

The training loss shows a general downward trend, which is good. The validation loss 

decreases overall but has a significant spike around epoch 14. This might suggest a 

batch of particularly challenging validation data or possible overfitting at that point 

(right graph of Fig. 7.7).  

 
 

Fig. 7.7: Accuracy and Loss Graphs for Training vs Validation for DenseNet121 

Based Feature Extraction 
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After evaluating the model, an accuracy of 0.93 and an F1-score of 0.93 were obtained, 

indicating that the model’s predictions are generally reliable. For precision and recall 

we got 0.91 and 0.95 respectively, which both are considerably high.  

 

Fig. 7.8: Model Confusion Matrix for DenseNet121 Based Feature Extraction 

7.5 Evaluation and Selection of Model for Crash Detection 

Out of all pre-trained CNN models used for feature extraction, VGG16 has the highest 

accuracy (0.95) and very high precision (0.92), and recall (0.98). This suggests that it 

is effective in both identifying collisions (high recall) and ensuring that detected 

collisions are likely real (high precision).   

MobileNet shows a good balance but slightly lower performance metrics compared to 

VGG16 in all aspects. While still effective, it is a more lightweight model, which could 

be beneficial if computational efficiency is a priority. 

ResNet50 shows significantly lower performance in accuracy and precision but a 

perfect recall. The high recall indicates it detects all collisions, but the low precision 

suggests many false positives. The very low accuracy hints at a potential feature 

extracted from ResNet50 that is not good enough for this task. 

DensNet121 shows good accuracy and precision, slightly lower than VGG16 but better 

than MobileNet. It has a relatively high recall, indicating it also effectively identifies 

collision scenarios. 
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TABLE 7.2: SUMMARY OF PERFORMANCE METRICS IN PERCENTAGE FOR 

EACH FEATURE EXTRACTION METHOD  

Model Test Accuracy Precision Recall F1-Score 

VGG16 95% 92% 98% 95% 

MobileNet 92% 88% 97% 92% 

RestNet50 50% 50% 100% 66% 

DenseNet121 93% 91% 95% 93% 

 

7.5.1 Consideration Beyond Raw Metrics 

• Computational Efficiency: MobileNet is designed to be more efficient than 

VGG16 and DesnseNet121, which might be beneficial in real-time applications 

where resources are constrained. 

• Model Complexity: Although VGG16 performs well, it is quite heavy in terms of 

parameters and computation. DenseNet121 also shares this trait but is more 

efficient in parameter usage due to its dense connectivity patterns. 

• Application-Specific Needs: Depending on the application, the trade-off between 

recall and precision can be critical. In our research, missing a collision scenario is 

more problematic than false positives, so a model with higher recall is preferred.  

7.5 Result Comparison with Other Research 

In [8], researchers have collected only RGB camera images from the CARLA 

simulator and trained with the ensemble of the network. They have primarily used 

Convolutional-LSTM for their architecture. As a result, their best model has an 

accuracy of 0.94, precision of 0.93, and recall of 0.9. Compared with our VGG16-

based model, our model has slightly higher accuracy (0.95) and recall (0.98). Our 

research on higher recall would be advantageous, especially in proactive crash 

avoidance systems where missing an actual scenario could have dire consequences. 

The use of RGB-D data in our research could be seen as an advantage since depth 

information can be crucial for accurately understanding scene context, which might 

explain the improved recall rate. Furthermore, the transformer attention mechanism 
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focuses on relevant parts of the sequence for prediction, potentially handling long-

range dependencies better than LSTMs. 

7.6 Summary  

In this chapter, we have discussed the transformer configuration used for model 

training, performance metrics, and evaluation of four models using all those metrics. 

Given the high accuracy, precision, recall, and F1 score, VGG16 appears to be the best 

choice for implementation based on the current performance metrics. It strikes an 

excellent balance between all metrics, suggesting that it can correctly identify most 

collision scenarios with few false positives or missed detections. However, if 

computational resources are a concern, MobileNet may be considered for its efficiency, 

though with a slight compromise on performance. In the next chapter, we will discuss 

the conclusion and future works.  

 

 

 

 

 

 

 

 

 

 

 



 

 

57 

 

CHAPTER 8 

CONCLUSION AND FURTHER WORK 

8.1 Conclusion 

This research focuses on enhancing vehicular safety through the integration of 

advanced warning systems capable of predicting imminent collision with static or 

dynamic objects in the environment. Utilizing the capabilities of the transformer 

model, originally renowned for its exceptional performance in NLP, we extended their 

application to the domain of images for real-time crash prediction. One of the primary 

objectives of this project is to augment conventional vehicles with an intelligence 

warning system. This system leverages both RGB and RGB-D cameras as input 

devices, enabling the perception of the vehicle’s surroundings through color imagery 

and depth data. By processing these inputs through the transformer model, the system 

can accurately detect potential collision scenarios and alert the driver thereby 

significantly enhancing road safety. 

The performance of the transformer model depends on the pre-trained CNN model 

used for feature extraction. This study focused on evaluating the performance of the 

transformer model based on four prominent pre-trained CNN models used for feature 

extraction: VGG16, MobileNet, ResNet50, and DenseNet121. Features extracted from 

those models were used for collision detection in a simulated autonomous driving 

environment using the CARLA simulator.  

Our findings indicate that VGG16 emerged as the effective model for this specific task. 

It demonstrated the highest accuracy and F1-score coupled with robust precision and 

recall. This performance underscores VGG16’s capability to reliably identify collision 

scenarios while maintaining a low rate of false positives, which is crucial for the 

safety-critical application of autonomous driving.  

MobileNet, while slightly inferior in terms of raw performance metrics compared to 

VGG16, offered a balance between efficiency and effectiveness, making it a potential 

candidate for scenarios where computational resources are limited. DenseNet121 also 

performed well, presenting itself as a viable alternative to VGG16 with slightly less 

effectiveness but similar strengths. ResNet50, however, showed considerable 
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limitations in this context, notably in precision and overall accuracy, which could be 

attributed to model-specific characteristics or the nature of the training data. 

8.2 Limitations 

Although the utilization of a simulated environment such as CARLA for data 

generation is beneficial, it may not encompass all the intricacies of actual driving 

circumstances. To use this in practical situations, the model must undergo training 

using a dataset that has been collected from real-world scenarios. 

The study employed four specific pre-trained CNN architectures for image feature 

extraction without modification or optimization tailored to the specific task of collision 

detection. The performance of these models might be enhanced significantly through 

customization or by employing models specifically designed for the task. 

8.3 Further work 

In this research, we tried to develop an ML model that is capable of giving warning to 

drivers about impending danger while driving, in a classification manner, safe or 

unsafe. In the real world, we can implement this using RGB and RGB-D cameras as 

the input sensor fixed on the optimal position in the vehicle and connect these inputs 

to the model running on an edge device.  

In the current implementation, features extracted separately from RGB and RGB-D 

images are concatenated to form a comprehensive feature set for collision prediction. 

While effective, this method primarily relies on simple concatenation, which may not 

fully capitalize on the potential synergies between the two types of data. For further 

work, a more sophisticated fusion method could be explored to enhance the integration 

of features derived from RGB and RGB-D inputs. 

As autonomous driving systems must be transparent and understandable, further work 

could also focus on enhancing the explainability of these models. Techniques such as 

visualizing feature maps and attention mechanisms could provide insights into model 

decisions, increasing trust and reliability. 
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APPENDICES 

Appendix – A: Script for Importing Necessary Libraries, Setting 

Basic Configuration, And Connect With Carla Simulator 

 

Appendix – B: Carlasession Class with Add_Vehicles Method 
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Appendix – C: Method to Change Weather Settings and Add 

Pedestrians 

 

Appendix – D: Method to Spawn Ego-Vehicle and Attach Sensors to 

It 
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Appendix – E: Method to Trigger Crash 

 

Appendix – F: Methods to Run Simulation and Collet RGB And 

RGB-D Images 
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Appendix – G: RGB and RGB-D Image Preprocessing 

 

Appendix – H: Importing Necessary Libraries and Defining CNN 

Model 
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Appendix – I: Script for Creating Extracted Feature Array 

 

Appendix – J: Script for Transformer Positional Embedding 
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Appendix – K: Script for Transformer Encoder 
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Appendix – L: Utility Functions for Training 
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Appendix – M: Script for Creating a Demo Video 

 

 

 

 

 


