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Abstract:

An intelligent Geographic Information System (GIS)-based Accident Hotspot Prediction (AHP) in smart
cities is necessary for road safety. However, the prevailing works overlooked the twilight duration via
latitude of a location, causing improper AHP. Thus, daylength-based density analysis using Inverse
Hyperbolic Tangent-Kernel Density Estimation (IHT-KDE) and Adaptive Neuro Fuzzy Gudermannian
Interference System (ANFGulS)-based AHP is proposed. Primarily, the GIS-based road accident data
are collected and pre-processed. Then, the weather-based clustering is performed using Dirichlet Phi-
Square Density-Based Spatial Clustering of Applications with Noise (DPS-DBSCAN). Next, the feature
extraction, twilight and latitude-based daylength analysis, and density analysis are performed.
Meanwhile, the road network accident propagation is modeled using a Knowledge Graph (KG), and the
accident propagation features are extracted. Further, the ANFGulS-based accident labeling and prediction
is done. Finally, severity-based road safety intervention using Haversed Sine Markov Decision Process
(HS-MDP) is carried out. Thus, the proposed system predicts the accident hotspot with an accuracy of
98.87%, outperforming existing works.

Keywords: Accident Prediction, Road Safety, Smart Cities, Geographic Information System (GIS),
Machine Learning (ML), Data Analytics, and Road Safety Intervention.

1. INTRODUCTION

The motorization and urbanization in the modern smart cities have increased the traffic density, which
has also raised road accidents (Kamh et al., 2025) (Deressa et al., 2025). These accidents occur due to
the interaction of human, environmental, spatial, and temporal factors (Yalcin et al., 2026). Hence, the
determination of crash hotspots earlier is necessary to improve road and public safety (Berhanu et al.,
2024). The integration of ML with GIS data analytics has enabled large-scale AHP (Moreno-ponce et
al., 2025). However, most of the existing studies relied on historical accident counts (Yan et al., 2024)
and failed to capture the spatial-temporal dependencies. The prevailing works categorized the lighting
conditions as day or night (Habib et al., 2023), ignoring the twilight duration across the different
geographical locations. As the sunrise and sunset durations vary with latitude, the ignorance of this
factor causes spatial bias in AHP (Balawi & Tenekeci, 2024). Further, the environmental factors, the
influence of accident location, and predictive measures should be analyzed for improving road safety
(Wang et al., 2022) (Ma et al., 2021). Therefore, a novel ANFGulS-based accident hotspot labeling and
prediction is proposed.
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11 Research Overview

In this section, the research gap, problem statement, significance, and contribution of the proposed system
are detailed.

Research Gap: Prevailing works considered only the categorical lighting conditions, such as day or
night. These models failed to consider the geographical variation in twilight duration across different
latitudes, causing spatial bias in prediction accuracy.

Problem Statement: The limitations of the prevailing AHP include,

. The existing (Hazaymeh et al., 2022) ignored the accident propagation effects, reducing the
reliability regarding AHP.

o Prevailing (Alsahfi, 2024) analyzed the road accidents without considering environmental
conditions like rain, fog, and mist, resulting in inaccurate predictions.

. Traditional (Islam et al., 2022) depended on manual observation, lacking standardized

preventive actions for road safety management.

Significance and Scope of the Study: The significance of this research is to develop a spatial-aware

adaptive AHP system that supports road safety planning in smart cities. The scope includes the analysis

of geographic, temporal, and environmental factors for reliable AHP and safety intervention.

Research Aim and Objectives: The main aim of this research is to develop an ML-based AHP system

that integrates GIS for road safety improvement. The key contributions are,

« To improve the AHP, the daylength analysis, IHT-KDE-based density analysis, and ANFGuIS-
based accident hotspot labeling and prediction are performed.

« The KG-based road network accident propagation modeling is performed to capture the accident
propagation relationship.

« To handle the environmental variations, the weather-based clustering of road conditions using DPS-
DBSCAN is implemented.

« For effective decision-making regarding road safety improvement, the HS-MDP-based road
safety intervention is carried out.

The rest of the paper is arranged as follows: Section 2 presents related works, Section 3 describes the
proposed methodology, Section 4 discusses experimental results and performance evaluation, and
Section 5 concludes the paper with practical implications and future research directions.

2. LITERATURE SURVEY

(Hazaymeh et al., 2022) determined spatiotemporal analysis of traffic accident hotspots. Here, the traffic
accident GIS data was collected. Next, the Spatial Autocorrelation method was used to identify the
spatial distribution patterns. Then, the number of accidents was aggregated, and the clustering model
predicted the hotspots precisely. On the other hand, the propagation of the accidents was not taken into
account, causing ineffective AHP.

(Alsahfi, 2024) envisaged road traffic accident analysis via GIS. The accidental data from major cities
were collected. Further, the spatiotemporal analysis was performed. Later, the severity was determined
by grouping the data. Finally, the hotspots were accurately detected based on space-time cube analysis,
population density analysis, and the Getis-Ord Gi* method. Yet, the environmental conditions were not
considered, leading to inaccurate hotspot identification.
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(Islam et al., 2022) developed road crash severity and hotspot prediction models. Primarily, the crash
data from cities was gathered. Next, the severity of the crash was determined using the Random Forest
method. Afterwards, the target-specific model interpreted the cause of the crash. Finally, the cluster
zones of the hotspot were evaluated effectively using the Getis-Ord Gi* model. On the contrary, this
model lacked intervention regarding road safety.

(Aldalain et al., 2023) implemented road accident hotspot identification using Structural Equation
Modeling (SEM). The accident data was collected from the traffic department. Further, the road accident
location was identified, and the hotspots were mapped using the Getis-Ord Gi* technique. Later, the
topographical survey using the total station was analyzed. At last, based on the accident rate and SEM,
the hotspots were predicted accurately. However, the geographic variation in lighting conditions was not
analyzed, causing biased prediction.

(Santos et al., 2021) presented an ML approach for traffic accident analysis with hotspot prediction.
Initially, the traffic accident data with various variables were collected. Then, based on the similarity
between features, the clustering was performed. Afterwards, the features were extracted and selected.
Finally, based on the rule technique, the hotspots were detected efficiently. But, the intensity of the
hotspot for decision-making could not be estimated.

3. PROPOSED METHODOLOGY REGARDING ACCIDENT HOTSPOT PREDICTION
VIA GIS DATA FOR ROAD SAFETY IMPROVEMENT

In this section, the twilight and latitude-based daylength and density analysis are performed for effective
AHP. The structural diagram of the proposed framework is depicted in Figure 1.
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Figure 1: Architecture of the Proposed System

IJLRP26032003 Volume 7, Issue 3, March 2026 3



https://www.ijlrp.com/

@ International Journal of Leading Research Publication (IJLRP)
IJLRP

E-ISSN: 2582-8010 e Website: www.ijlrp.com e Email: editor@ijlrp.com

The step-by-step procedure of the proposed AHP framework for road safety improvement is
explained below.

3.1  GIS-based Road Accident Data

The proposed framework starts with the collection of road accident data [JM [ that consists of GIS data
like latitude and longitude of the accident spot, location details, and so on.

M T OMEMZ M3 M4, s M9

Where, [1g [ldenotes the number of [IM [J and [JM 9 Orepresents the g™ Cicollected data. (1)

3.2  Pre-Processing
Here, [IM (Jis pre-processed regarding Missing Value Imputation (MVI1) and encoding.

Missing Value Imputation: Primarily, the missing data in [JM [Jis imputed using the mean of the
neighbouring data in [JM [1. Thus, the MVI data is represented as [1M " [1.

Encoding: Afterward, the categorical data in [JM " [Jare converted into numerical form using one-hot
encoding. The encoded output, which is the pre-processed data, is given as [1G[] . Thus, the ML models
could analyze the data (1G] effectively.

3.3  Weather-based Clustering and Feature Extraction

Afterward, for analyzing the accident pattern regarding the weather condition, [JGLI is clustered

using DPS-DBSCAN. Here, the Density-Based Spatial Clustering of Applications with Noise
(DBSCAN), which does not require cluster numbers, is chosen for weather-based clustering. However,
improper selection of the epsilon and minimum points (minpts) parameters degrades the clustering
performance. Hence, the epsilon and minpts in DBSCAN are evaluated using Phi-Square (PS) distance
and Dirichlet function, respectively.

At first, the epsilon parameter (1] [J, which helps in searching the nearby points during clustering, is
calculated using PS distance. This PS distance captures the distributional differences among the
attributes.

o U3(6'-62) (6" +67 +a)
(2)
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Where, [1GY,G2 [Jsignify the data points in G and ()] Crepresents the constant value. Next, the
minpts (1] [1, which determines the minimum number of data needed for clustering within [0 [J, is
estimated using the Dirichlet function. Here, the Dirichlet function allows the algorithm to adapt to
varying data concentrations.

S oim Ceos GOm0

3) !

Here, [10] [1is the mathematical constantand [In[Jdenotes the total number of inputs. Now, by utilizing the
weather condition [JG" [Jin [JG[1, the core points [1L [Ineeded for clustering the data are evaluated.

LOG-oGoooo,0 0

(4)

Finally, the weather-based clustering [JC [Jis performed until all the data points are clustered
regarding [J[] Cland [0 [1.

CUOLOG UG

©)

The pseudo-code for DPS-DBSCAN is described below.

Pseudo-code for DPS-DBSCAN
Input: Pre-processed data [1G[]
Output: Weather-based clustering [IC [

Begin

Initialize (10101, On(]

For G

Evaluate PS distance-based epsilon [J []
Find Dirichlet function-based minpts [
Identify core points While [1G [J L[

\/Z(Gl—Gz)zl(Gl+Gz+a)

= lim* [cos(G xmo )"

LOG nGcoonoo,on

End Perform weather-based clustering C 0 OLOG" 000 00 OG
End while

End for

Obtain [1C[]

Then, the features [1E[J, such as accident Identification (ID), severity, start time, end time, distance,
starting latitude, starting longitude, ending latitude, ending longitude, street, city, country, state, zipcode,
timezone, weather timestamp, temperature, win speed, amenity, bump, crossing, junction,

roundabout, station, traffic signal, turning loop, sunrise and sunset, civil twilight, nautical twilight,
astronomical twilight, and so on, are extracted from [1C [J.
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3.4  Twilight & Latitude-based Daylength Analysis

Further, based on latitude [1E; [1, day of the year [1E2 [, and twilight coefficient [1p (1, the twilight and
latitude-based daylength analysis is performed. Here, the values of [Jp[J regarding the sun horizon are
represented as,

10.8333

H
6.0 N
0 p=

1120

1(,18.0

for sunrise/sunset for civil twilight
for nautical twilight
forastronomical twilight

(6)
Next, the daylength [JK [Jis evaluated based on [JEi [], [1E2 [, earth’s revolution angle (101, and sun
declination [Jy(Jas follows,

0
Ko2an 2 i

[] arccos T

i) G )|
O cos(E)xcos(y) |

y [Jarcsin [10.39795 cos[1 1 [][]
[1010.2163108 [] (12 [ arctan [10.9671396tan[10.00860( ] E (1186 (][]

8) I

9)
Thus, daylength K [0 is determined for effective AHP. Now, [JK [Jis normalized to a weight value
(K™ [ for the present time [Jt[].

KW 010 OKOtO/max DK D0
This DK™ [is utilized for density analysis.

3.5  Density Analysis(10)

Then, the density of the accident location is analyzed using IHT-KDE. Here, the Kernel Density
Estimation (KDE) is chosen for density analysis. KDE provides a continuous evaluation of accident
incidence distribution over the specified place and reveals the spatial concentration pattern present in the
traffic incidents. Yet, the conventional KDE causes computational overhead during the evaluation of the
kernel function. Therefore, the Inverse Hyperbolic Tangent (IHT) function, which highlights the
nearby data points while reducing the influence of distant

observations, is used to determine the kernel function [J[] [J.

b 401 o1okwMpodpg
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[0 010 garctan log[! 0 11) — -
0 0,109t owt 0(11)

0 0 O 0oHo
Now, the density [ID[Jof the accident location is estimated regarding 000 [J, DK, OK™ (I, and
smoothing factor CIm[J as,

0
DD; O oK™ [
0
0 tan-2 K0 (12)
1 0 0
m - 0 0OK -
0 O 00

Thus, the density of the accident location is evaluated.

3.6  Road Network Accident Propagation Modeling

Meanwhile, to analyze the road network accident propagation, the KG is constructed for the
features JE[J. The KG captures the influence of one accident over another regarding nodes and
edges. Here, the entities/nodes[1J [J denote accident locations, latitude, longitude, weather
conditions, time, traffic signal, crossing, roundabout, and lighting conditions. Further, the edges

Ol O represent the accident that occurred simultaneously, nearby the accident, before the accident,
spatial closeness between accidents, and accident time interval. Hence, the KG [0 [Jis modeled as, [1 [J
EOJ, 10

(13)

Hence, the accident propagation in the road network is determined.

3.7 Accident Propagation Feature Extraction

Further, the accident propagation features [JT [, such as node centrality, number of nodes, number

of edges, in-degree, out-degree, neighbour accident count, and accident frequency, are extracted from
L.

3.8 Accident Hotspot Labeling & Prediction

In this phase, the accident hotspots are labeled and predicted using ANFGuIS. Here, the Adaptive Neuro
Fuzzy Interference System (ANFIS), which handles the uncertain data effectively, is selected for
accident hotspot labeling and prediction. However, the conventional membership function in ANFIS
could not capture the nonlinear patterns. Hence, the Gudermannian membership function is utilized in
ANFIS. The pictorial diagram of the proposed ANFGuIS is illustrated in Figure 2.
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Figure 2: Structure of the Proposed ANFGuIS Model

The inputs, such as features UT,E[J and density (D[], are represented as[JR[J. Initially, the
membership function that helps in analyzing the degree of relationship between the inputs is
equated using the Gudermannian membership function (101 [1. This [10] [J provides smooth nonlinear
mapping and captures the gradual transition between the data.

(1 O arctan(Jsin(1DCI[]

(14)

In the next layer, the rules [1H [ for labeling the hotspot are set based on [1D[Jand if-then condition.

OQif
Ho -

[ if)D [ 90 percentile [ then S* \

[1D [ 90 percentile[] then S?2
(15)

The condition states that if [JDis greater than or equal to 90 percentile, then the accident location is
said to be a hotspot [1S! (1. If [ID(Jis less than 90 percentile, then the location is said to be non-hotspot
[1S2 . Now, the crisp CIR s converted to fuzzy data [ f Oregarding CJH Dand 010 0.

f OO0 OROOH, O OO(16)
Where, [I[1 [Jdenotes the weight value. Next, [Jf [lis defuzzified based on [J[1 [1. Thus, the
defuzzified data [Jh(J is represented as,
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At last, [1h(Jis aggregated to achieve the AHP output [1S [1. The aggregation takes place regarding the
aggregation factor Clall.

S U Dalho for alla O 7h

(18)

Hence, the accident hotspots are predicted effectively. The pseudo-code for ANFGuUIS is stated below.

Input: Resultant Factor (1R[]
Output: AHP Qutput (IS []
Begin Pseudo-code for ANFGuUIS

Initialize 00 O, ODO

For [IR[

Evaluate Gudermannian membership function While (1D
Set if-then rules [1H [

If 0D (190 percentilel]

Then DS

Else if (1D [1 90 percentile’

Then ©S20

[J O arctanllsinCJDO[]
End if End while Fuzzification

f OO OROOH, OO0 Defuzzificationh O 00 O f O/ 0
Aggregation-based AHP S [1 [Ja[1h(J for alllla (1 jh(J

End for
End
After predicting the accident hotspots, the intervention regarding road safety is performed.

3.9  Severity-based Road Safety Intervention

Finally, to improve road safety, the severity-based road safety intervention is performed using HS-MDP.
Here, the Markov Decision Process (MDP), which learns the actions optimally, is chosen for road safety
intervention. However, the increase in the number of states and intervention choices leads to
computational complexity. Therefore, the Haversed Sine (HS) function is introduced as a transition-
regulation mechanism in MDP.

Primarily, the decision-making is defined based on a set of states [1Q[J, a set of actions [JA[], transition
probability [Jz(], reward function [k [J, and discount factor [1il). Here, each JQ[in [IS!
[Jrepresents accident severity as low 0Q' [, moderate [JQ? [1, high QS [, or critical JQ* [I. Further, the
action [JA[Jis set as,
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" for TQ*no action TA! T
(] . .
for 1Q? [Jwarning to drivers[1AZ Gt |
0 A( ):
for 1Q3 T traffic control JA® [ |

~ for ~Q* immediate patrol action 1A% il

(19)

Also, [Jz[Jis estimated based on the HS function, which provides a smooth confined representation of
transition influence.

z 0 sin?CST0QI/ 22(20)

The reward function is updated based on [1z[], [JAL], and [1Q[Jto intervene in necessary preventive
actions.

kD Dulz 0 0Q,ADiT(21)

Here, [Jk[J Crepresents the updated reward function and [JulJis the weight parameter. Finally, the road
safety intervention output [1B[lis evaluated based on [JA[], [Jz[J, (kD [0, and [Jil].

B T arg max DACSH, z,k(, i (22)

Therefore, respective interventions in the accidental hotspot are taken for road safety improvement.
Hence, the proposed system precisely detects the accidental hotspot location and improves road safety
regarding GIS data. The performance analysis of the proposed techniques is explained below.

4, RESULTS AND DISCUSSION

In this section, the performance analysis of the proposed AHP is carried out and compared with
prevailing works to prove the effectiveness of the proposed system. The implementation is carried out on
the Python platform.

4.1  Dataset Description

For AHP, the “US Accidents: A Countrywide Traffic Accident Dataset” is taken. This dataset consists
of a total of 7728394 data. From that, 80% (6182715) and 20% (1545679) of the data are used for
training and testing, respectively.

4.2  Performance Validation

Here, the performance of the proposed models is evaluated and compared with the baseline models.

Table 1: Comparative Analysis of IHT-KDE

Methods MAE RMSE Log-Likelihood |AIC

Proposed IHT-KDE 0.078 0.103 -1125.48 2371.48
KDE 0.281 0.352 -1593.59 3147.49
HDE 1.934 2.371 -1948.58 3904.83
GMM 3.642 4.472 -2357.11 4824.43
MSA 4.821 5.379 -2784.48 5721.84
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Figure 3: Graphical Comparison regarding Density Analysis

The comparison of the proposed and existing models regarding daylength-based density analysis is
shown in Table 1 and Figure 3. The proposed IHT-KDE attained a Mean Absolute Error (MAE) of 0.078,
Root Mean Squared Error (RMSE) of 0.103, log-likelihood of -1125.48, and Akaike Information
Criterion (AIC) of 2371.48. However, the prevailing KDE, Histogram Density Estimation (HDE),
Gaussian Mixture Model (GMM), and Mean Shift Algorithm (MSA) obtained an average MAE, RMSE,
log-likelihood, and AIC of 2.67, 3.144, -2170.94, and 4399.65, respectively. Thus, the evaluation of the
kernel using the IHT function enhanced the performance of the proposed density analysis model.

Table 2: Comparative Analysis of ANFGuIS

Techniques Accuracy (%) Precision (%0) Recall (%0) F-Measure (%)
Proposed ANFGuIS [98.57 08.43 08.88 98.66
ANFIS 05.42 95.08 95.91 95.49
DLNN 03.76 03.21 94.18 93.69
RBFNN 91.33 90.74 92.05 91.39
MLP 89.64 88.97 90.21 89.59
102
& Proposed ANFGuIS -+ DLNN -w MLP
1004 ~# ANFIS ~# RBFNN
o | — PP— e @
S o0
—E Lol [ T B &
. e N 3
S e .
8l . ,
Accuracy Precision Recall F-Measure
Metrics
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Figure 4: Comparison regarding AHP

As per Table 2 and Figure 4, the proposed AHP model labeled and predicted the accident hotspot with
an accuracy of 98.87%, precision of 98.43%, recall of 98.88%, and F-Measure of 98.66%. Yet, the
traditional ANFIS, Deep Learning Neural Network (DLNN), Radial Basis Function Neural Network
(RBFNN), and Multi-Layer Perceptron (MLP) achieved an average accuracy, precision, recall, and F-
Measure of 92.54%, 92%, 93.09%, and 92.54%, respectively. Hence, in the proposed ANFGuIS, the
twilight and latitude-based daylength analysis and density investigation improved the AHP.

1.0 1 Proposed ANFGulS

ANFIS
DLNN
RBFNN
MLP

0.8 1

0.6

Values

0.4 -

0.2

0.0 -

FPR FNR P

=

Metrics

Figure 5: Graphical Comparison of ANFGuIS

The proposed ANFGuIS utilized the Gudermannian membership function for determining the degree of
relationship between the input data. Thus, the proposed ANFGuIS predicted the accident hotspot with a
False Positive Rate (FPR) of 0.0124, False Negative Rate (FNR) of 0.0115, True Positive Rate (TPR) of
0.9885, and True Negative Rate (TNR) of 0.9876. However, the existing ANFIS, DLNN, RBFNN, and
MLP achieved FPRs of 0.0311, 0.0489, 0.0678, and 0.0821, FNRs of 0.0411, 0.0585, 0.0765, and
0.0981, TPRs of 0.9589, 0.9415, 0.9235, and 0.9019, and TNRs of

0.9689, 0.9511, 0.9322, and 0.9179, respectively. Therefore, the proposed model performed better than
existing techniques.

16 1 Proposed DPS-DBSCAN PAM FCM
" | mmm DBSCAN KMC
1.4
1.2 |
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W
=
< 08
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Figure 6: Comparative Analysis of DPS-DBSCAN
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The proposed clustering model utilized PS distance and Dirichlet function for epsilon and minpts
evaluations, respectively. As depicted in Figure 6, the proposed DPS-DBSCAN attained a Silhouette
coefficient of 0.9842 and Davies-Bouldin Index (DBI) of 0.4273. Nevertheless, the conventional
DBSCAN, Partition Around Medoid (PAM), K-Means Clustering (KMC), and Fuzzy C-Means (FCM)
obtained Silhouette coefficients of 0.9321, 0.8748, 0.8042, and 0.7214 and

DBIs of 0.6742, 0.9841, 1.2362, and 1.6749, respectively. Thus, the proposed DPS-DBSCAN
outperformed the baseline models.

71.5 T T T T
Proposed MDP HMM QLM GPA
HS-MDP

Techniques
Figure 7: Comparative Analysis of HS-MDP

As illustrated in Figure 7, the proposed HS-MDP and the existing MDP, Hidden Markov Model
(HMM), Q-Learning Model (QLM), and Greedy Policy Algorithm (GPA) intervened in road safety with
Policy Convergence Rates (PCRs) of 97.84%, 93.37%, 88.42%, 84.37%, and 78.46%, respectively.
Hence, due to the usage of the HS function to determine the transition-regulation, the performance of the
proposed road safety intervention method was enhanced.

Table 3: Existing Works” Comparison

Study Methods Accuracy [Precision [Recall F-Measure
(%0) (%) (%) (%)
Proposed Work |IANFGuUIS 08.87 98.43 08.88 08.66
Sequential Gated
(Jing et al., 2025) Recurrent Unit|90.21 01.42 90.16 01.7

Attention Network
(Seg-GRUALtNet)

(Amorim et al.,|Artificial Neural|83 84 83 82
2023) Network (ANN)
(Guoetal., 2024)|Sequential Feature
Recurrent  Attention[79.5 82.3 86 84.2
Network (SFRAN)
(Uluetal., 2024)/Support Vector87.5 87.6 87.2 87.3

Machine (SVM)
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(Khosravi et al.,[K-Nearest Neighbor|71 75 72 -
2024) (KNN)

Table 3 describes the comparison of the proposed work and prevailing works regarding AHP. When
contrasted with the existing works, the proposed ANFGuIS effectively detected the accident hotspot with
higher accuracy, precision, recall, and F-Measure values due to the integration of daylength analysis,
density analysis, and accident progression modeling. On the other hand, the traditional works either
didn’t consider the weather conditions or didn’t analyze the twilight conditions regarding the latitude of
the accident location. This led to poor performance of the prevailing works when compared to the
proposed work. Hence, the enhanced performance of the proposed system was proved.

5. CONCLUSION

In the proposed system, the AHP was performed regarding GIS data. The road accident data was
collected and pre-processed. Then, the weather-based clustering was carried out using DPS-DBSCAN
with a Silhouette coefficient of 0.9842. Next, the feature extraction and daylength analysis were carried
out. Afterward, the daylength-based density was analyzed using IHT-KDE, achieving an MAE of 0.078.
Meanwhile, the accident progression was modeled using KG, and the respective features were extracted.
Thereafter, the accident hotspots were labeled and predicted using ANFGuIS with an accuracy of
98.87%. Finally, the road safety intervention was performed using HS-MDP, which obtained a PCR of
97.84%. Thus, the proposed framework precisely predicted the accidental hotspot for road safety
improvement.

Practical Implication: The proposed framework can be utilized by the transportation department for
prioritizing the high-risk zones. It can effectively optimize the timing for traffic signal control in smart
cities during the shorter daylight periods.

Future Scope: In the future, the real-time traffic sensor data will also be integrated to enable an
effective dynamic hotspot detection system.
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