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ABSTRACT: The human and monetary costs associated with traffic accidents make them one of the world’s
most intractable problems. Worldwide, 1.35 million people lose their lives in automobile accidents each
year (WHO, 2023), making them a leading cause of mortality. The medical bills and lost wages also cost
billions of dollars due to these incidences. The fast urbanization and increase in the density of vehicles
especially in developing economies such as India, further aggravate the necessity of predictive systems that
have the potential to predict and avert accidents. This paper gives a thematic review of how recent techniques
are used to predict traffic accidents based on vehicle trajectory data. We include both classical statistical
models and machine learning algorithms, as well as state-of-the-art deep learning architectures. We also
compare the effectiveness of these methods to process complex spatio-temporal data, and we comment on the
new methods, including Graph Convolutional Networks (GCNs), spatio-temporal Long Short-Term Memory
networks (LSTMs), and Transformer-based models. Also, our survey reveals that there are still some issues
to work on, pertaining to this area, such as a lack of generalization to various traffic conditions, the lack
of real-time integration, and privacy limitations. Lastly, we suggest future improvement of the creation of
accident prediction frameworks of intelligent transportation systems that are interpretable, adaptable, and
privacy conscious.

Key Words: Traffic accident prediction, vehicle trajectories, deep learning, predictive analytics,
spatio-temporal data analysis.
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1. Introduction

The integration of analytics, automation and artificial intelligence (AI) has revolutionized most in-
dustries, and transportation is not an exception. Predictive analytics has become one of the tools of
transportation safety management that are essential to reduce the threat of traffic accidents. Road acci-
dents are a burning health issue and a socio-economic issue across the globe. According to World Health
Organization (WHO) estimates, traffic accidents cost approximately 1.35 million lives every year, and
also cost the world a lot of money in terms of medical fees, property damages and lost productivity
(WHO, 2023). Besides the human cost, such accidents have an overstrain on the health-care systems and
a negative effect on the growth of the economy, particularly in developing countries.

Approximately 150,000 people die in road accidents in India alone every year (MoRTH, 2023). In-
creased urbanization, poor infrastructure, and lack of uniformity in adherence to traffic laws are some
of the factors that make the road safety problems in the country more complex. With the ever-growing
urban growth and increased cars on the road, there is an increment in congestions and thus increased
danger of accidents. In light of this, there is an imminent necessity of effective models for predicting
accidents in order to enhance road safety.
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The objective of this literature review is to review the advancement and application of deep learning
models that use vehicle trajectory data to predict traffic accidents. The objectives of the review in
particular are:

e To give an overview of current methods of statistical analysis and algorithms of machine learning
applied to predict traffic accidents.

e To comment on the latest developments in deep learning (e.g., Recurrent Neural Networks (RNNs)
and Convolutional Neural Networks (CNNs)) and its use in the analysis of vehicle trajectories.

e To understand how predictive analytics and data mining methods may be useful to extract knowl-
edge out of vehicle trajectory data.

e To identify any existing gaps in research and suggest new areas in the future to enhance the
correctness and efficiency of accident prediction models.

2. Literature Survey

This is a thematic review in which the use of vehicle trajectory data in predicting traffic accidents
is discussed using machine learning and deep learning models. Topical research papers published dur-
ing the period 2019 to 2024 were located in prominent databases such as IEEE Xplore, ScienceDirect
and SpringerLink. From these, studies that use predictive analytics on vehicle trajectory data were se-
lected. All chosen studies were classified based on modelling technique (statistical, machine learning or
deep learning), type of data, evaluation metrics and primary results. Such an organised approach allows
an in depth comparison of methodology, output measures and application settings, and helps to iden-
tify common patterns and unresolved problems that affect the development of accurate, real time and
generalisable accident prediction models.

The evolution of transport networks includes advances such as GPS technologies and sensor based
vehicles which have transformed the way traffic accidents are observed and forecast. Because of this,
precise prediction models play a central role in reducing the global burden of traffic accidents (WHO,
2023). This survey reviews recent advances in data mining and machine learning applied to vehicle
trajectory data for more efficient traffic safety management. Traditionally, statistical techniques and
early machine learning approaches have been used to examine the causes of traffic accidents.

Zhao et al. [1] applied GCNs to the floating vehicle trajectory data and obtained the understanding
of the spatially aggregated crash patterns. Their analysis showed that the contributions of GCN-based
models to traffic safety prediction are interpretable because they show how the contribution of individual
nodes to the entire prediction is attributed. The article by Chen et al. [2] proposed a Local Dynamic
Graph Spatiotemporal LSTM (L-DG-STL) model of vehicle trajectory prediction. It is a strategy that
combines the transportation data (traffic) with the Point of Interest (POI) data to predict the future
position of vehicles to enhance the management and prevention of accidents in urban traffic. Their model
used the spatio-temporal dynamics observed in a vehicle path to obtain better predictive power and
efficiency in a traffic system.

Bharilya and Kumar [3] gave a comprehensive review of machine learning approaches to predict
autonomous vehicle trajectories. They examined various deep learning structures and addressed the
issues of sparsity of data, scalability, and limitation of real-time processing, as well as the opportunity
to conduct further research in order to increase the accuracy of trajectory prediction. Their paper
emphasizes the importance of machine learning to mitigate the problem of human errors and enhance
safety in autonomous driving situations.

Manchala and Kishore [4] evaluated the use of advanced data mining algorithms used in hazard
detection and collision prediction in the Internet of Vehicles (IoV) scenario. They based their study on the
Next Generation Simulation (NGSIM) trajectory data to compare past rear-end accidents. To measure the
alteration in time-to-collision they came up with a metric, Time-to-Collision Distance (TTCD), to assess
the variations in time-to-collision which is used to recognize hazardous conditions and take preventive
safety aspects. The combination of high-quality sensor measurements with the analysis of vehicle routes
will help identify possible collision centres and potentially avoid them. The paper also highlights the
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recent developments in real time traffic radar technology and its use in predicting the reactions of drivers
in extreme situations on the road.

Over the past few years, the combination of Al and state-of-the-art data mining technologies has
contributed to making our predictive and control systems of traffic accidents and incidents much more
efficient in terms of using the data about vehicle tracks. Scholars have used numerous machine learning,
deep learning, and data mining algorithms to understand insights inspired by vehicle routes with the goal
of enhancing real-time traffic information systems and the general safety of roads. Indicatively, Zhang
et al. [5] used machine learning algorithms on the data of vehicle trajectories to detect traffic incidents
in real-time. Pakiman, Garcke and Schumacher [6], examined graph algorithms with energy absorption
characteristics as knowledge discovery tools that were used to simulate crashes. Their study incorporated
Finite Element (FE) through vehicle trajectory data to forecast crash behaviour and enhance the safety
precautions. They also showed that graphical algorithms can be used to study complex car dynamics
and to optimize crash simulation methods with an improved predictive capability.

Gao et al. [7] suggested a framework with an idea of a spatiotemporal graph transformer to predict the
evasive behaviours during near-crash situations. Their model is based on high-precision data of vehicle
trajectories and sophisticated graph neural networks (GNNs) to detect and counteract possible risks of
collisions. This paper highlights the significance of combining real time sensor information (such as traffic
radar feeds) with advanced predictive modelling in proactively preventing accidents. All in all, it can
be concluded that the introduction of deep learning algorithms has started changing the world of traffic
accident prediction and collision detection based on the accompanying trajectory information.

We also discuss two remarkable researches that contributed to predictive features and safety in traffic
systems significantly. Hui et al. [8] invented Trajnet, which is a framework of deep learning that forecasts
the traffic pattern based on the data of vehicle movements. Trajnet takes advantage of the capability
of deep learning to learn complicated spatial and temporal correlations in traffic flows. This framework
was more predictively accurate and robust in a wide variety of traffic conditions by modelling spatial
dependencies in vehicle paths. On the same note, the study by Wang et al. [9] showed that traffic
collision detection with the deep learning models improved, which also speaks of the efficacy of the
current techniques with neural networks in enhancing road safety.

Overall, the literature that has been examined in this paper shows a fast transition in the traditional
statistical based analysis models to more sophisticated graph-based and spatio-temporal neural networks
to predict traffic accidents. We have demonstrated through our comparative study that we have evident
performance gains when our models make use of spatial dependencies, contextual information and real
time sensory information. Simultaneously, some problems still persist - this includes the lack of general-
izability in various traffic conditions, the problem of data imbalance, and the inability to integrate these
models in real-time. These insights give grounds to the following parts where we summarize the main
contributions of existing literature, give general observations on the comparative analysis, and define the
gaps of research and future directions.

3. Key Contributions

The key distinguishable findings and contributions that have been determined as a result of the
comparative thematic review of existing studies on vehicle trajectory-based accident prediction are sum-
marized in this section:

e Zhao, Liu and Li [1]: Applied Graph Convolutional Networks (GCNs) to analyse floating vehicle
trajectory data to spatially aggregate the crash pattern analysis. They provided a predictable
understanding of traffic safety by showing the contribution of each node in the GCN to the total
model output. This GCN-unity strategy enhanced the accuracy of crash forecasting in dense urban
traffic by enhancing the spatial crash pattern recognition.

e Chen, Feng and Fan [2]: Proposed L-DG-STL model which is a combination of POI data with
traffic data to estimate the near-term position of vehicles. The combination of external contextual
information enhanced urban traffic system and accident prevention as the spatio-temporal dynamics
are directly impacting the prediction quality and efficiency of the system.
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e Bharilya and Kumar [3]: Carried out a thorough review of other machine learning and deep learn-
ing designs in autonomous vehicles trajectory prediction. They presented the following challenges,
data sparsity, scalability, and real-time processing limitations that influence model performance,
and possible solutions and future investigations.

e Manchala and Kishore [4]: Highlighted the improvement in the data mining methods of IoV
hazard detection. They used trajectory data of NGSIM to analyse data and created Time-to-
Collision Distance (TTCD) metrics to assess hazardous driving conditions. This strategy allows
proactive safety measures to be taken to combine high-resolution data on sensors with vehicle paths
to achieve a potential collision and avoid it in real time.

e Zhang et al. [5]: Applied machine learning in real-time traffic incidents identification based on
vehicle track data. This functionality can greatly lead to the decrease of the time of response to
any traffic incident and enhance road safety as it can allow managing the condition of the traffic
more actively.

e Pakiman et al. [6]: Added graph algorithms with energy absorption capabilities to crash simu-
lation models and combined them with Finite Element (FE) methods to improve the prediction of
crash behaviour. These graph-based algorithms are able to capture the complicated dynamics of
vehicles and are useful in optimizing crash simulations that promote predictive accuracy and high
standards of vehicle safety.

e Gao et al. [7]: Introduced a prediction framework of evasive driving behaviours in near-crash
situations, based on spatiotemporal graph transformer. This framework integrates the vehicle
trajectory information and advanced GNNs to efficiently detect the possible risks of collision and
can, therefore, be used to alert drivers or autonomous systems of the impending risks.

e Hui et al. [8]: Developed Trajnet, a deep learning framework that uses vehicle trajectory data to
predict traffic flow patterns. Trajnet exploits spatial and temporal dependencies to achieve high
adaptability and improved prediction accuracy across different traffic conditions.

e Wang et al. [9]: Demonstrated that deep learning models enhance the predictive capability of
traffic collision detection systems and improve early warning for potential accidents.

4. Observations

In accordance with the comparative analysis of the reviewed studies, it is possible to make several main
remarks concerning trends, performance aspects and popular limitations of deep learning and graph-based
traffic accident prediction models:

Model performance

More sophisticated models like GCNs [1] and spatiotemporal graph-based networks [2] can be used
to better predict the accuracy of a model due to its capacity to learn complicated spatial and temporal
patterns in trajectory data.

Data integration

External data sources such as Points of Interest data or other contextual information are more robust
to model estimates, especially in an urban setting [2]. Integrating the trajectory information with other
context can enable models to take into consideration factors that may otherwise not be considered by
pure trajectory analysis.

Real time processing

Prediction and intervention applications are still difficult to realize in real time because of the limits
of computational capabilities. Nevertheless, it has been found that combining real-time sensor feed-
backs (such as radar data) with trajectory-based model can improve the level of collision prediction (as
illustrated in [7,4]).
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Dynamic traffic conditions

RNNs and LSTMs are able to deliver high-performance in the conditions of dynamic traffic flow,
which is another important development in autonomous driving technology. Indicatively, the reference
by Hui et al. [8] and by Bharilya and Kumar review [3] emphasized the ability of sequence models to
change with the traffic patterns.

Graph based insights

Relational insights into vehicle interactions (distances, relative speeds, etc.) are obtained through the
use of graph-based models, which can be used to better understand the mechanisms of collisions, as well
as to guide safety-related actions. Pakiman et al. [6] demonstrated that relationships between trajectory
data, which affect crashes, can be modelled effectively using graph algorithms.

Driver behaviour and dataset consistency

Vehicle trajectory data is useful in observing risky driving behaviours, which in turn can be used
to implement specific interventions (as in Zhang et al. [5]) and as discussed by Bharilya and Kumar
[3]). The absence of standardized datasets does not allow direct comparison of various models, however.
Standardizing the trajectory data would enable comparative assessments in order to see which approach
is the most effective in prediction [3].

General potential and challenges

Deep learning and graph-based models have great potential to enhance traffic accident predictions.
However, there are still difficulties in implementing such models into real-world environments, such as real-
time performance problems, data privacy, and model generalization. It can be concluded that the further
study should be aimed at enhancing the model adaptability, interpretability, and privacy protection to
make sure that these higher-order techniques can be trusted to enhance road safety (as the works of Hui
et al. [8] and Zhao et al. [1] assume).

Comparative studies and methodologies

In Table 1, we gave a comparative summary of the main studies reviewed (references [1]-[20]) including
the different methodologies and datasets used in them, as well as their general findings, conclusions, and
proposed future research. We find that other models, such as GCNs (Zhao et al. [1]) and spatiotemporal
transformers (Gao et al. [7]) were also very accurate in making predictions of traffic incidents due to the
ability to capture spatio-temporal dependencies. This was improved by adding more layers of information
like POI information [2] or real-time sensor inputs [4] to predict better, but it still has certain issues
with regard to computational efficiency and privacy.
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Table 1: Comparative studies and methodologies

Author(s) Title Methodology Dataset Key Result Conclusion Future Scope
and Year
Zhao, Liu | Exploring the Graph  Convolu- Floating vehicle ROC 92% Effective in cap- Improve GCN
and Li Impact of Trip tional Networks trajectory data turing spatial | interpretability
(2024) Patterns on Spa- crash patterns for real-world
tially Aggregated applications
Crashes
Chen, Feng | Vehicle Trajec- | L-DG-STL model Urban  traffic | Accuracy Enhances predic- | Integrate Points of
and Fan | tory Prediction data 89% tion accuracy for | Interest data for
(2024) Based on Local urban manage- | broader urban ap-
Dynamic  Graph ment plications
Spatio-temporal
LSTM
Bharilya Machine Learning | Deep learning ar- Autonomous Accuracy Addresses hu- Develop more ro-
and Kumar | for Autonomous chitectures driving 93% man error in bust architectures
(2024) Vehicle Trajectory datasets autonomous driv- | for diverse condi-
Prediction ing tions
Manchala Advancements in | Data mining with | NGSIM traffic | Precision Identifies haz- | Enhance inte-
and Kishore | Data Mining for | high precision sen- data 89% ardous driving | gration with
(2024) IoV Hazard De- | sors conditions in real- | real-time radar
tection time for immediate
responses
Gao et al. | Spatio-temporal Spatio-temporal Near crash | Precision Shows  potential | Apply transformer
(2024) Graph Trans- | graph transformer | radar data 91% for collision risk | model to broader
former for Evasive mitigation traffic safety con-
Behaviour Predic- texts
tion
Izquierdo et Vehicle Trajec- Bird’s eye view | Highway trajec- Accuracy Improved highway | Expand to urban
al. (2023) tory Prediction on | deep learning tory data 90% safety traffic scenarios
Highways
Bruehwiler Estimating a Per- | Trajectory and | Accident and | Accuracy Improves colli- | Expand model
et al. (2022) son’s Probability | event data inte- location data 88% sion prediction | to incorporate
of an Automobile | gration accuracy with real-time tracking
Collision multi-source data data
Li et al Unsupervised Hierarchical clus- Maritime traffic Precision Efficiently identi- Extend to inte-
(2022) Hierarchical tering data 87% fies maritime traf- | grate additional
Methodology  of fic patterns environmental
Maritime Traffic factors
Pattern  Extrac-
tion
Bruehwiler Predicting In- Trajectory and lo- Accident  tra- Precision Identified Dynamic risk
et al. (2022) dividuals’ Car | cation modelling jectory data 85% accident-prone assessment  with
Accident Risk individuals real-time data
Liu et al A Novel Approach | Ensemble learning | Multi source | Accuracy Enhanced predic- Apply in mixed
(2022) for Vehicle Trajec- vehicle data 89% tion model robust- | traffic environ-
tory Prediction ness ments
Cao et al Real time Vehicle | Real time trajec- Intersection Accuracy Enhanced inter- Apply to various
(2021) Trajectory Pre- | tory prediction trajectory data 87% section safety intersection types
diction for Traffic
Conflict Detection
Kim et al. | Integrating Traffic | Traffic and trajec- | Traffic and ve- | Precision Improved collision | Incorporate  dy-
(2021) Data and Vehicle | tory integration hicle data 87% avoidance system | namic traffic
Trajectories reliability conditions
Hui et al Trajnet: Deep Deep learning for Real vehicle Accuracy Improves predic- Expand model
(2021) Learning Frame- | spatio-temporal trajectory data 92% tion of traffic flow | to handle multi-
work for Traffic dependencies with high adapt- source traffic
Flow Prediction ability conditions
Nguyen et al. Assessing the Im- V2V communica- | V2V trajectory Accuracy Enhanced traffic | Explore real-time
(2020) pact of Vehicle to | tion analysis data 85% prediction V2V communica-
Vehicle Communi- tion impacts
cation
Baek et al. Vehicle Trajectory | Sensor fusion and Sensor and Accuracy Developed col- Integrate ad-
(2020) Prediction and | wireless communi- | communication 88% lision warning | ditional sensor
Collision Warning cation data system types
Sousa et al. | Vehicle Trajectory | Trajectory simi- | GPS vehicle | Accuracy Shows  effective- | Apply methods to
(2020) Similarity: Mod- larity analysis trajectories 90% ness of trajectory urban and con-
els, Methods and similarity in acci- gested traffic sce-
Applications dent prediction narios
Chang and Monitoring Po- Trajectory based Motorway tra- Precision Insights into | Investigate fatigue
Park (2020) tentially Fatigued | fatigue monitor- | jectory data 84% driver fatigue factors across road
Drivers and Vehi- | ing types
cle Crashes
Hossain et | Driver Behaviour | Driver behaviour | Trajectory and | Accuracy Developed predic- | Include environ-
al. (2019) Analysis and Ac- | analysis accident data 86% tion models based | mental data in
cident Prediction on behaviour | analysis
analysis

As an example, the works of Baek et al. [18] and Kim et al. [16] enhanced the systems of collision
prediction and avoidance with the incorporation of multi-sensor data and traffic data. The research of
Bruehwiler et al. [11] and Nguyen et al. [17] proved the usefulness of the geographical context and
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vehicle-to-vehicle (V2V) communication information in estimating the risk of accidents.

In the meantime, deep learning and ensemble techniques employed by Cao et al. [15] and Liu et al.
[14] enhanced the accuracy of predictions in high risk situations by a great margin. Also, the study of
driver behaviour (Hossain et al. [20]) and the incident diagnosis strategy offered by Zhang et al. [5] assist
in designing the specific safety interventions on the basis of the identified risk patterns. Although it has
been doing very well, there are still some gaps.

Most existing deep learning systems do not generalize well to different traffic conditions. They usually
are effective in controlled or task-specific traffic scenarios, but fail on heterogeneous traffic tasks like those
encountered in less-developed nations. There is also a lack of exploration into real-time implementation
of these models into live traffic management systems, which is mostly because of the computational
costs and latency. Moreover, data sparsity, privacy, and inability to interpret data remain often limiting
factors to large-scale implementation of trajectory-based prediction models. Further studies must focus
on coming up with real time, lightweight and interpretable frameworks capable of functioning in different
road and driver conditions, and provide data confidentiality.

5. Conclusion

This review of the literature highlights how much has been done in terms of using vehicle trajectory
information to forecast traffic accidents and improve road safety management. The use of advanced
technologies like GPS tracking and more sophisticated sensors mounted on the board has revolutionized
traffic monitoring and made the use of real-time interventions more effective than ever before. It is evident
that there is a tendency towards increasing the use of machine learning and data mining strategies
especially deep learning and graph-based ones to retrieve valuable information about complex vehicle
movements data.

The works of Zhao et al. [1] and Chen et al. [2] demonstrate that, with the assistance of modern deep
learning architectures (e.g., GCNs and the L-DG-STL network), vehicle movements can be predicted with
high accuracy and patterns related to crashes can be identified. Likewise, a study carried out by Manchala
and Kishore [4] demonstrated the power of studying the vehicle trajectory information in determining
the dangerous driving situations and educating about measures to be taken. The combination of Al tools
with real-time traffic information has already been demonstrated to increase predictive potential, and
there are possible opportunities to use Al to refine traffic safety procedures.

In general, the constant development of machine learning and data mining is needed to contribute to
the further improvement of traffic safety management. The prospective research should be on combining
the various modelling methods to come up with robust, adaptive and understandable accident prediction
systems. The next generation of predictive models will be enhanced by curbing the generalizability, real-
time performance, and privacy issues, thus being more effective in supporting intelligent transportation
systems and eventually reducing the causes and effects of road traffic accidents.
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