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Traffic accidents pose significant risks to both persons and infrastructure, necessitating the employment of
advanced modelling techniques to investigate the causes, consequences, and trends of these incidents. Traffic
incident modelling is difficult due to the large amount of data needed to account for factors like infrastruc-
ture problems, environmental factors, spatiotemporal changes, vehicle and driver characteristics, and more.
Recent breakthroughs in machine learning, including Graph Neural Networks (GNNSs), attention-based deep
learning models, and hybrid tree-based classifiers, have improved predicted accuracy and interpretability.
These techniques utilize multimodal data to facilitate real-time accident prediction, severity assessment, and
hotspot discovery. Nonetheless, obstacles such data sparsity, class imbalance, and model interpretability
remain. This paper reviews current approaches to crash modeling, illustrating the impact of diverse infor-
mation on crash frequency and severity to improve road safety, optimize traffic management, and improve
crash prevention policy design. Future directions include multimodal data integration, causal machine

learning techniques, and real-time decision support systems to improve crash modeling.
Keywords: modelling, heterogeneous information, traffic accidents situation, machine learning.

I ntroduction. Traffic accidents pose a sub-
stantial threat to public safety and transporta-
tion infrastructure globally. The intricacy of
modelling traffic accidents stems from the ne-
cessity to manage many data sources, spatio-
temporal fluctuations, and the infrequency of
accident occurrences. Innovations in data ana-
Iytics and machine learning in the last few years
have provided novel approaches to these prob-
lems [1; 2]. This paper examines the modelling
of traffic accidents, demonstrating diverse in-
formation and situational aspects, and deriving
lessons from several research studies.
Statement of the Research Problem. Traf-
fic accidents constitute a grave danger to trans-
portation safety, resulting in injuries, fatalities,
and economic detriment globally. Although
many studies on traffic accident prediction and
prevention, existing models are inadequate in
dealing with the complexity of accidents as a
result of the variety of circumstances that can
cause them. These elements encompass spatio-
temporal variability, environmental conditions,
human behavior, vehicle characteristics, and

infrastructural disparities. Traditional statistical
models often fail to accurately depict these dy-
namic relationships. Problems with the quality
of information, interpretation of models, and
generalising remain in spite of advances in ML
and Al. The overarching goals of this study are
to increase our knowledge of the various data
types that contribute to traffic accidents, to im-
prove our prediction models through the use of
cutting-edge machine learning techniques, and
to identify efficient methods for avoiding and
responding to accidents. The study's overarch-
ing goal is to improve road safety by throwing
light on the factors that contribute to traffic ac-
cidents and providing data to back decisions that
need them.

Approaches to modelling traffic incidents.

1 — Time and Place Analyses using Graph-
Neural Networks.

Because they capture the spatial and tem-
poral relationships within road networks, graph
neural networks have emerged as an efficient
tool for traffic accident modelling [3].

2 — Combination of Tree-Based and Deep
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Learning Models.

Hybrid models that integrate tree-based classi-
fiers with deep learning approaches have shown
capability in forecasting traffic accidents. Methods
such as AdaBoost, XGBoost, and Random Forest,
when integrated with deep learning models, have
attained elevated performance measures, including
precision, recall, and F1-scores beyond 90%.
These models are very proficient in managing im-
balanced datasets, characterized by the infrequen-
cy of incidents [4].

3 — Comprehensive Analysis based on mul-
timodal large models.

To provide a thorough approach to accident
and avoidance analysis, the multimodal large
model called Accident GPT integrates data col-
lected from multiple sources, including V2X
(Vehicle-to-Everything) perceptions [5].

Traffic incidents involving heterogeneous
data.

1. The Built Environment.

The built environment, which includes things
like road types, land uses, and urban densities,
has a major impact on how bad accidents are.
While there is a positive correlation involving
land use variety and incident incidence in rural
areas, research shows that metropolitan loca-
tions with varied land use typically have higher
incident rates [5; 6].

2 — Variation across space and time.

Significant spatiotemporal variation in road
accidents indicates that both the frequency and
intensity of these incidents differ depending on
where and when they occur. Time and place de-
termine the relative importance of factors such
movement of traffic and roadway features in
relation to events [6; 7].

3 — Meteorological and Environmental
Variables.

In the presence of precipitation, snow, and
fog, the probability of vehicular accidents is
substantially increased. After accounting for
variables such as road kind as well as time of
day, scholars who used meteorological data to
train machine learning models discovered that
inclement weather still raises the probability of
accidents. There has been an unusually high in-
cidence of catastrophic events due to snow, wa-
ter, and insufficient brightness. The research
found that models trained using deeper neural

networks were quite effective at predicting ca-
tastrophes [7]. Additionally, explainable machine
learning approaches have shown that wind chill
and velocity of the wind are important meteoro-
logical factors in predicting the length and severity
of accidents [8]. A separate research demonstrates
that the climate, in addition to location and road-
way type, contributes to collisions, and machine
learning approaches successfully correlate inci-
dent variables to severity degrees [9].

4 — Vehicle and The driver Characteristics.

Critical components of accident models in-
clude the kind of car, driver behaviour, and road
user attributes. Motorcyclists are more likely to
be involved in accidents in some urban areas,
while truck-car accidents predominate on high-
ways. Variables such as the kind of car, driver
situation and crash place were identified as im-
portant factors influencing the likelihood of in-
jury [10]. The importance of real-time driving
information has been brought to light in studies
using deep learning and radial basis function
neural networks. These studies show that vehi-
cle dynamics and driver behaviors greatly im-
pact accident probability [11]. The level of se-
verity of driver injury can be significantly im-
pacted by factors including reckless driving,
high speed, and the type of occurrence when
using algorithmic machine learning [12].

Applications of Traffic Accident Models.

1 — Incident Risk Identification.

A combination of historical accident data,
present road conditions, climatic variables, and
traffic flow allows, machine learning techniques
to pinpoint dangers regions. Finding accident-
prone areas and putting preventative measures
into action is achieved through the use of gradi-
ent boost and random forest algorithms [13].

2 — Analyzing Geography and Planning
Cities.

Geographical information system (GIS) facil-
itate better infrastructure building, data consoli-
dation on traffic flows, and visibility into acci-
dent hotspots. Better safety at crossings and on
roads can be achieved with the help of these
models [14].

3 — Estimating the Difficulty Level of an
Accident.

Algorithms classifiers like support vector
machines (SVM) and randomly generated for-
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ests can be used to classify events based on their
severity. Helps first responders in determining
order of importance [15].

4 — Assistive systems for Drivers in the re-
al time.

Modern deep learning algorithms, such as con-
volution recurrent neural networks (CRNNS),
permit the delivery of accident predictions and
driver alerts in real-time. Decreases accident rates
by modifying driver actions through predictive risk
assessment [15].

Restrictions of modelling traffic accidents.

1 — The scarcity of data.

Because of the limitation of data used in the
traffic incidents predicting as a result data imp
lanced will be generated, this effecting classifi-
cation accidents. Techniques like SMOTE and
another ADASYN help to solve this issue [4].

ement in multiple positions and times. Models
need to take consideration to this variation.
Model like GWTR and GWTPH used to detect
this issue [16].

3 — Interpreted deep learning models

In spite of the power of deep learning ap-
proaches but might be there is lack of interpreta-
tion. Models like SHAP used to solve this prob-
lem [17; 18].

Conclusion. With the use of numerous sources
of information and advanced machine learning
techniques, traffic accident modelling has come a
long way. To better capture spatiotemporal heter-
ogeneity and improve forecast accuracy, hybrid
approaches, attention-based models, and graph
neural networks have all exhibited potential. En-
hancing traffic safety through the use of multi-
modal data, causal machine learning, and real-

2 — Temporary and Spatial differentiation.
To identify the various influence of each el-

time decision support systems should be the focus
of future research [19; 20].
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HUHTEI'PALIIMA CUTYALIUOHHBIX ®PAKTOPOB
N PASHOPOIHBIX JAHHBIX JIUI51 PACIHMPEHHOI'O AHAJIU3A
JOPOKHBIX ITPOUCHIECTBUU

YIAUDB Macap Aben Yiaud
aCIHUpaHT
TIOTIOHHUK BsiuecsiaB Muxaiijiopuu
JIOKTOp TEXHUYECKHUX HayK, Ipodeccop
npodeccop kadenpsl KOHCTPYHPOBAHUS PATUOIICKTPOHHBIX M MHKPOIIPOIIECCOPHBIX CHCTEM
TaMOOBCKHMIA TOCYJapCTBEHHBIN TEXHUUYECKUH YHUBEPCUTET
r. Tam60B, Poccus

Jlopootcro-mparncnopmuvle npoucuiecmeus npedcmasisaiom 3HAYUmMenbHble PUCKU KaxK O1s Jiodel, maxk u 01
uHpacmpykmypul, umo mpedyem npUMeHeHUs: COBPEMEHHBIX MEM0008 MOOeIUPOB8arUsL 0TI UCCIE008ANHUS NPU-
YUH, NOCIeOCMEULl U MeHOeHYUl 3Mux uHYyudenmos. Moodenuposanue OOPO’CHBIX NPOUCUIECTNEULL AGTAEMCSL
CIIOJICHOUL 3a0ayeti u3-3a 60abU020 00beMAa OAHHBIX, HEOOXOOUMBIX OISl YYema Makux akmopos, Kax npoonemvl
uHbpacmpykmypul, dKon02UdecKue GaKmopsl, NPOCMPAHCIMBEHHO-6PEMEHHbIE USMEHEHUs, XapaKmepUCcmuxu
MPAHCROPMHBIX CPeOCm8 U ooumenell u MHo2oe opyzoe. Hedasnue npopuwiewt 6 oonacmu Mawurno2o obyuenus,
sxmouas epagosvie Hetiponuvie cemu (GNN), modenu anybokoeo obyuenuss Ha 0OCHO8e BHUMAHUS U UOPUOHbIE
depesvsi KIaccuhuramopos, Yayuuuau mo4HOCms U UHMEPNpemupyemMocms nPOSH0306. Imiu Memoobl UCHOTb-
3VI0M MYTbMUMOOQIbHbLE OaHHbLe 7S 00eCneyeHlst NPeOCKA3A sl ABaPULL 8 PEATIbHOM 6DEMEHU, OYEHKU UX Ce-
Pbe3HOCU U BbIsGTIeHUsl 20padux moyek. Tem He MeHee, OCMAIOMCsl MaKue Npensimcmeust, Kak Pa3pesceHHocnb
O0aHHbIX, OUCOANAHC KIACCO8 U UHMEPHpemupyemMocms Mooenell. B oannou cmamve paccmampuearomes cogpe-
MeHHble NOOX00bl K MOOCTUPOBAHUIO ABAPULL, WITTIOCIPUPYS GIUSHUE PAZHOODOPA3HOU UHpOpMAYUYU HA YACOMY
U msHceCmb a8apuil sk HOGbIUEHUS OE30NACHOCIIU OOPOICHO20 OBUIICEHUS], ONMUMUZAYUL YIPABTICHUSI OBUICe-
HUeM U YIyyueHus paspadomru NOIUMUKU npedomapawenust asapuil. byoyuue Hanpaenenus 6KoYaiom uHme-
2PayUIo MyTbmUMOOAIbHIX OAHHBIX, MEMOObl NPUUUHHOZ0 MAUUHHO20 0OVUEHUs: U CUCHeMbl NOOOEPIHCKU NPU-
HAMUS PeUieHull 8 PeaibHOM 6PEMEHU OJIsL YIYHULEeHUs, MOOETUPOBAHUSL ABAPULL.

KiroueBble ciioBa: MOJEIMPOBaHKE, TETEPOreHHAs MHGOPMAIUA, CUTYalHs C JOPOKHO-TPAHCIOPTHBIMHU
MIPOUCIIECTBUSAMH, MAITUHHOE O0YUYCHHE.




