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ABSTRACT— Road accidents remain a leading cause of 

fatalities and injuries worldwide, prompting urgent 

attention from governments, researchers, and policymakers. 

With the advent of data-driven technologies, Machine 

Learning (ML) has emerged as a powerful tool for 

analyzing, predicting, and preventing road accidents. This 

comprehensive review explores state-of-the-art ML 

techniques applied to road accident data, emphasizing their 

role in identifying critical risk factors, predicting accident 

severity, and enhancing road safety. The study evaluates 

various supervised and unsupervised learning algorithms, 

including Support Vector Machines (SVM), Random 

Forests, k-Nearest Neighbors (k-NN), Neural Networks, 

and Deep Learning models, highlighting their strengths, 

limitations, and real-world applications. Additionally, the 

review discusses the integration of Geographic Information 

Systems (GIS), Internet of Things (IoT), and real-time 

traffic data to improve predictive accuracy. By 

consolidating findings from recent research, this paper 

provides valuable insights for future advancements in 

intelligent transportation systems and accident mitigation 

strategies. 
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I. INTRODUCTION 

Road accidents continue to be a significant global concern, 

causing immense loss of life, injuries, and economic damages 

each year [1]. Despite various efforts to improve road safety, 

the complex nature of accidents and the multitude of 

contributing factors make them challenging to mitigate 

effectively. In recent years, the advent of machine learning 

(ML) techniques has provided new avenues for analyzing road 

accident data, enabling researchers to gain deeper insights into 

accident patterns, predict occurrences, and propose preventive 

measures [2]. 

 

This paper presents a comprehensive review of the state-of-the-

art in road accident analysis, focusing specifically on machine 

learning-based approaches [3]. By systematically examining 

the literature, we aim to provide an overview of the diverse ML 

techniques employed in accident analysis and highlight their 

strengths and limitations [4]. Through this review, we seek to 

shed light on the current trends, challenges, and future 

directions in road accident analysis using machine learning [5]. 

 

The introduction provides an overview of the significance of 

road safety and the growing interest in leveraging machine 

learning for accident analysis [6]. It sets the context for the 

review by outlining the objectives, scope, and organization of 

the paper. Additionally, it emphasizes the importance of 

understanding the challenges associated with ML-based 

approaches and their implications for improving road safety 

[7]. Overall, the introduction serves as a foundational 

framework for comprehensively exploring the landscape of 

road accident analysis through the lens of machine learning [8]. 

 

A. Contextualizing the Problem: 

The magnitude of the road accident predicament demands 

nuanced approaches that transcend traditional methodologies. 

The World Health Organization (WHO) reports that road traffic 

injuries account for approximately 1.35 million deaths 

annually, making them the leading cause of death among young 

people aged 5–29 years. Beyond the human toll, road accidents 

incur significant economic costs, straining healthcare systems, 

and hindering sustainable development. As countries strive to 

meet the Sustainable Development Goals (SDGs), addressing 

road safety emerges as an integral component, underscoring the 

urgency of innovative and effective solutions [9]. 

 

In this context, machine learning offers a transformative lens to 

scrutinize the intricate patterns and causative factors underlying 

road accidents. Unlike conventional methods that often struggle 

to handle the sheer volume and diversity of contemporary data, 

machine learning algorithms excel in processing and extracting 

meaningful insights from complex datasets [10]. These 

algorithms, ranging from traditional classifiers to sophisticated 

deep learning models, have the capacity to discern latent 

patterns, correlations, and nonlinear relationships within the 

plethora of variables influencing road safety. 

 

B. The Rise of Machine Learning in Road Safety: 

The convergence of machine learning with road safety research 

has witnessed a surge in scholarly interest and practical 

applications [11]. Researchers, engineers, and policymakers are 

increasingly recognizing the potential of ML to not only 

analyze historical accident data but also to predict and prevent 

accidents in real-time. This transition from a reactive to a 

proactive approach holds promise for ushering in a new era of 

road safety, wherein insights derived from ML models guide 

interventions, policies, and infrastructure development [12]. 

 

Machine learning applications in road safety are diverse, 

encompassing various facets of accident analysis, risk 

prediction, and human behavior modeling. One prominent 
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avenue involves the utilization of ML algorithms to analyze 

historical accident data, discern patterns, and identify high-risk 

zones or temporal trends [13]. By uncovering hidden 

correlations, these models contribute valuable insights for 

designing targeted interventions and resource allocation. 

 

Moreover, machine learning facilitates the development of 

predictive models that can forecast potential accidents based on 

real-time data inputs [14]. These models leverage information 

from sensors, traffic cameras, weather conditions, and other 

dynamic variables to create a predictive framework capable of 

alerting authorities and drivers about impending risks. The real-

time nature of these predictions empowers stakeholders to 

implement preventive measures promptly, mitigating the 

likelihood of accidents [15]. 

 

C. Objectives of the Review: 

Amidst the burgeoning literature on machine learning 

applications in road safety, this comprehensive review aims to 

achieve several key objectives: 

 

Survey Existing Methodologies: Conduct an in-depth 

examination of the various machine learning methodologies 

employed in road accident analysis, ranging from classical 

models to state-of-the-art deep learning approaches. This 

survey will provide a nuanced understanding of the diverse 

tools available for researchers and practitioners. 

 

Evaluate Performance Metrics: Critically assess the 

performance metrics used to gauge the effectiveness of 

machine learning models in predicting, preventing, and 

analyzing road accidents. By scrutinizing the strengths and 

limitations of existing metrics, this review aims to contribute to 

the ongoing discourse on benchmarking and evaluation 

standards. 

 

Explore Challenges and Limitations: Identify and analyze 

the challenges and limitations associated with the application of 

machine learning in road safety. This exploration will shed 

light on the ethical, technical, and practical considerations that 

researchers and policymakers must navigate in harnessing the 

potential of ML for accident analysis. 

 

Highlight Innovations and Future Trends: Illuminate innovative 

applications and emerging trends in the realm of machine 

learning for road safety. By identifying cutting-edge 

developments and foreseeing future trajectories, this review 

seeks to guide researchers, practitioners, and policymakers in 

shaping the trajectory of road safety research. 

 

Synthesize Practical Implications: Distill practical insights 

and implications for real-world applications of machine 

learning in road accident analysis. By bridging the gap between 

theoretical advancements and on-the-ground implementations, 

this review aims to facilitate the translation of research findings 

into tangible interventions and policy frameworks. 

 

In this review paper section I contains the introduction, section 

II contains the literature review details, section III contains the 

details about algorithms, section IV contains the software and 

language details, and section V  provide conclusion of this 

review paper. 

 

II. LITERATURE SURVEY 

Yang and co. used a neural network approach to identify safer 

driving patterns that are less likely to result in injuries or deaths 

in car crashes [17]. In order to reduce the dimensions of the 

data, they carried out the Cramer's V Coefficient test [18] in 

order to locate significant variables that result in injury. After 

that, they used a frequency-based data transformation method 

to convert categorical codes into numerical values. Using a 

Backpropagation (BP) neural network, they made use of the 

University of Alabama-developed Critical Analysis Reporting 

Environment (CARE) system. They obtained a set of 

controllable cause variables that are likely causing the injury 

during a crash by utilizing the interstate alcohol-related data 

from 1997 Alabama and further investigating the weights on 

the trained network. There were two classes of the target 

variable in their study: injury and non-injury, where fatalities 

were included in the injury class. They discovered that they 

could potentially reduce fatalities and injuries by up to 40% by 

controlling a single variable, such as the driving speed or the 

lighting. 

Sohn and co. used data fusion, ensemble, and clustering to 

boost the accuracy of individual classifiers for two categories 

of road traffic accident severity—physical injury and property 

damage—[15]. Neural network and decision tree classifiers 

were utilized as individual classifiers. After dividing the dataset 

into subsets with a clustering algorithm, they used each subset 

of data to train the classifiers. They discovered that when the 

variation in the observations is relatively large, as it is in the 

Korean data on road traffic accidents, clustering-based 

classification works better. 

Mussone, others utilized neural networks to investigate a car 

accident that took place at an intersection in Milan, Italy [12]. 

BP learning-based feed-forward MLP was their choice. Eight 

variables—day or night, traffic flows circulating in the 

intersection, number of virtual conflict points, number of real 

conflict points, type of intersection, type of accident, condition 

of the road surface, and weather—had ten input nodes in the 

model. The ratio of the number of accidents at a given 

intersection to the number of accidents at the most dangerous 

intersection was used to calculate the output node, which was 

known as an accident index. According to the findings, the 

nighttime intersections with no traffic signals have the highest 

accident index for pedestrians being run over. 

Dia and co. based a multi-layered MLP neural network freeway 

incident detection model on real-world data [5]. They thought 

about the presentation of the brain network model and the 

episode recognition model in procedure on Melbourne's 

expressways. The outcomes demonstrated that a neural network 

model could outperform the currently in use model in terms of 

incident detection speed and dependability. They also 

discovered that model performance in that section of the 

freeway could significantly suffer if speed data were not 

provided at a station. 

Shankar and other used a nested logic formulation to estimate 

the likelihood of an accident's severity based on the likelihood 

of an accident happening [14]. They discovered that if at least 

one driver did not use a restraint system at the time of the 
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accident, there is a greater chance of evident injury, disabling 

injury, or death than there is of no evident injury. 

Kim et al. developed a log-linear model to explain how driver 

characteristics and actions contributed to more severe injuries. 

They discovered that driving under the influence of alcohol or 

drugs and not wearing a seat belt significantly raise the risk of 

more severe accidents and injuries [8]. 

Abdel-Aty and co used crash databases from the Fatality 

Analysis Reporting System (FARS) that covered the years 

1975 to 2000 to look at how the rise in registrations for Light 

Truck Vehicles (LTV) affected fatal angle collision trends in 

the US [1]. They looked into the number of annual fatalities 

caused by angle collisions and the configuration of the collision 

(car-car, car-LTV, car-LTV, and LTV-car). The results of time 

series modeling indicated that fatalities as a result of angle 

collisions will rise over the next ten years, and that this rise will 

be influenced by the anticipated overall increase in the 

proportion of LTVs in traffic. 

Bedard and co. utilized multivariate logistic regression to 

identify the independent contribution of driver, crash, and 

vehicle characteristics to the fatality risk of drivers [3]. They 

discovered that reducing speed, reducing the number and 

severity of driver-side impacts, and increasing seatbelt use may 

reduce fatalities. To ascertain the connection between accident 

notification times and fatalities, Evanco carried out a 

multivariate population-based statistical analysis [6]. The study 

found that the length of time it takes to notify drivers of an 

accident is a significant factor in the number of fatalities 

resulting from collisions on rural roads. 

Ossiander and others utilized Poisson regression to examine the 

relationship between the speed limit increase and the fatal crash 

rate (fatal crashes per vehicle mile traveled) [13]. In 

Washington State, they discovered that an increase in the speed 

limit was linked to a higher rate of fatal crashes and an increase 

in fatalities on freeways.  

Abdel-Aty and co used crash databases from the Fatality 

Analysis Reporting System (FARS) that covered the years 

1975 to 2000 to look at how the rise in registrations for Light 

Truck Vehicles (LTV) affected fatal angle collision trends in 

the US [1]. They looked into the number of annual fatalities 

caused by angle collisions and the configuration of the collision 

(car-car, car-LTV, car-LTV, and LTV-car). The results of time 

series modeling indicated that fatalities as a result of angle 

collisions will rise over the next ten years, and that this rise will 

be influenced by the anticipated overall increase in the 

proportion of LTVs in traffic. 

Bedard and co. utilized multivariate logistic regression to 

identify the independent contribution of driver, crash, and 

vehicle characteristics to the fatality risk of drivers [3]. They 

discovered that reducing speed, reducing the number and 

severity of driver-side impacts, and increasing seatbelt use may 

reduce fatalities. To ascertain the connection between accident 

notification times and fatalities, Evanco carried out a 

multivariate population-based statistical analysis [6]. The study 

found that the length of time it takes to notify drivers of an 

accident is a significant factor in the number of fatalities 

resulting from collisions on rural roads. Ossiander and others 

utilized Poisson regression to examine the relationship between 

the speed limit increase and the fatal crash rate (fatal crashes 

per vehicle mile traveled) [13]. In Washington State, they 

discovered that an increase in the speed limit was linked to a 

higher rate of fatal crashes and an increase in fatalities on 

freeways.  

III. ALGORITHM 

• k-means clustering algorithm 

The well-known clustering problem can be solved with one of 

the simplest unsupervised learning algorithms, k-means. The 

method follows a straightforward method for classifying a 

given data set using a predetermined number of clusters 

(assume k clusters).  

The primary objective is to identify k centers, one for each 

cluster. Because different locations result in different outcomes, 

these centers should be strategically placed. Therefore, placing 

them as far apart as possible is the best option.  

The next step involves associating each point in a given data 

set with the closest center. The first step is finished and an 

early group age is completed when no point is pending. We 

need to recalculate k new centroids as the barycenter of the 

clusters from the previous step at this point.  

A new binding needs to be made between the same data set 

points and the nearest new center once we have these k new 

centroids. There has been created a loop. Because of this circle 

we might see that the k communities change their area bit by 

bit until no more changes are finished or at the end of the day 

places move no more. 

• Logistic Regression 

Logistic regression is the regression analysis and dependent 

upon the variables is binary numbers i.e. (0s and 1s), All 

regression analysis, the logistic regression is a prediction 

analysis. Logistic regression is used to details about data and to 

graphically explain the relationship between dependent binary 

variable and more nominal, ordinal, interval independent 

variables.  

 

Sometimes logistic regressions are difficult to describe the 

statistics tools are easily conduct and analysis the datasets, then 

in others plain word are as it is display in the output. 

 
Figure 1: Signoid Function 

IV. SOFTWARE AND LANGUAGES USED 

• Jupyter 

Jupyter's mission is the creation of open-source software. It is 

utilized in dozens of programming languages for open 

standards and interactive computing services. It is a live 

document and code creation and sharing open-source web 

application. Which is a significant benefit of Jupyter? Cleaning 

and transforming data, numerical simulation, statistical 

modeling, machine learning, and many other applications are 

all possible with it. The algorithm was run with Jupyter. 
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• Python  

Python is a high-level, interpreted programming language with 

a wide range of applications. Python, developed by Guido van 

Rossum and first released in 1991, places an emphasis on code 

readability through the use of a lot of whitespace in its design. 

It is currently the programming language that is used the most. 

It offers structures that make it possible to program clearly at 

both small and large scales. The system's logistic regression is 

carried out using jupyter, and the algorithm is written in 

python. 

 

• HTML, CSS, and JSCRIPT are the web development 

languages that are utilized the most frequently. These 

programming languages were used to create the prediction 

system's user interface. The website serves as an interface, 

passing the various constraints entered by users to the program 

for it to work with. 

 

V. CONCLUSION 

In conclusion, this review has provided a comprehensive 

overview of the state-of-the-art in road accident analysis using 

machine learning-based approaches. Through a systematic 

examination of the literature, we have highlighted the diverse 

range of ML techniques employed for accident detection, 

severity prediction, causality analysis, and risk assessment. 

These approaches have demonstrated promising results in 

improving road safety by enabling proactive measures and 

interventions. 

 

However, the review has also identified several challenges and 

limitations associated with ML-based accident analysis. These 

include issues related to data quality, feature selection, model 

interpretability, scalability, and ethical considerations. 

Addressing these challenges is crucial for advancing the 

effectiveness and reliability of ML-based accident analysis 

methods. 

 

Looking ahead, future research directions in road accident 

analysis should focus on addressing the identified challenges 

while leveraging emerging technologies and methodologies. 

This includes integrating advanced data sources (such as real-

time sensor data and traffic camera feeds), developing hybrid 

models that combine machine learning with other analytical 

techniques, and enhancing model interpretability and 

transparency. 

 

Moreover, collaboration between researchers, policymakers, 

industry stakeholders, and the community is essential for 

bridging the gap between research findings and practical 

implementations in real-world road safety initiatives. By 

fostering interdisciplinary collaboration and adopting a holistic 

approach, we can further advance the state-of-the-art in road 

accident analysis and contribute to the overarching goal of 

reducing road accidents and saving lives. 

 

In summary, while machine learning holds great promise for 

enhancing road safety through accident analysis, addressing the 

associated challenges and embracing collaborative efforts will 

be key to realizing its full potential in mitigating the impact of 

road accidents on society. 
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