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Abstract

Road traffic crashes (RTCs) remain a leading global cause of mortality, yet conventional safety analyses often overlook
how individuals perceive road risk, a key behavioral dimension influencing crash likelihood. In many developing cities, the
absence of comprehensive crash databases further limits evidence-based safety planning. This study addresses these challenges
by developing a transferable ensemble machine learning framework across junctions that predicts crash-risk hotspots using
perceived risk as a proxy under data-scarce conditions. The framework integrates GIS (Geographic Information Systems)-
based infrastructure mapping, KDE (Kernel Density Estimation)-derived spatial perception maps, PROMETHEE-based
parameter prioritization, and an ensemble of Artificial Neural Networks (ANN), Support Vector Machines (SVM), and
Decision Trees (DT) to enable scalable, microspatial safety analysis. Perceptions of risk across behavioral, infrastructure, and
environmental factors were systematically mapped using Geographic Information Systems (GIS) and modeled through the
ensemble model. The optimized ensemble achieved high predictive performance (R? = 0.92, kappa = 0.779), effectively
integrating psychological perception with spatial infrastructure data at a micro-spatial resolution of 1 m x 1 m. Strong
correlations emerged between perceived risk and determinants such as tailgating tendency (r = 0.9347), building density and
land-use mix (r = 0.9497), and poor lighting in dense areas (r = —0.3714). The resulting Crash Risk Perception Index (CRPI)
revealed distinct spatial clusters, distinguishing validated danger zones from perceptual—empirical divergences. Hidden hazard
zones (6.1% of cells) - high crash frequency but low perceived risk - and near-miss zones (12.7% of cells) - low crash frequency
but high perceived risk - were identified as priority locations for targeted awareness, enforcement, and design interventions.
Validation across three additional urban junctions (kappa = 0.72—0.83) demonstrated robustness and transferability. The
framework enables cities lacking crash databases to proactively identify high-risk and near-miss zones, supporting perception-
informed and evidence-based strategies for safer, more resilient urban mobility systems.

Keywords: crash risk perception, ensemble machine learning; geographic information systems,; near-miss identification, road
safety, spatial analysis; urban mobility

1. Introduction 2021-2030. RTCs impose economic losses of

Road traffic crashes (RTCs) claim 1.3 million
lives and cause 50 million injuries annually, making
them a leading cause of death among young people
worldwide (World Health Organization, 2021). Despite
global efforts, the UN Sustainable Development Goal
3.6 target to halve RTC deaths by 2020 was not
achieved, prompting renewed commitments for

approximately 3% of GDP in most nations, with over
90% of fatalities concentrated in low- and middle-
income countries. Urban junctions - where vehicle
streams, pedestrian flows, and cyclists converge under
variable signals, visibility, and behavioral conditions-
represent disproportionate concentrations of crash
risk, making them the primary focus for evidence-
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based safety intervention (Jadaan et al., 2018; Wang
et al., 2021a; Choudhary et al., 2015).

Conventional approaches rely on police-
reported crash records that are inherently retrospective
and, in many developing cities, capture as few as 30—
50% of actual injury events (Abdulhafedh, 2017).
Perceived crash risk - the subjective assessment of
crash likelihood and consequence (Sjoberg et al.,
2004) - offers a behaviorally grounded and spatially
collectible complement. Research confirms that
perceived risk is shaped by infrastructure cues such as
lighting, visibility, and lane configuration, and that
perception—reality mismatches directly influence
speed choice, gap acceptance, and crossing behavior
(Lund & Rundmo, 2009; Andersson, 2011; Bucsuhazy
et al., 2020; Ram & Chand, 2016; Zhang et al., 2019).
GIS-based spatial analysis and ensemble machine
learning have further demonstrated strong potential
for hotspot identification and crash prediction under
data-scarce conditions (Keken et al., 2019; Ma et al.,
2020; Berhanu et al., 2023; Prasannakumar et al., 2011;
Yao et al., 2016; Sajed et al., 2019).

Despite these advances, and building on the
extensive examination of crash risk perception and
human factors in the spatial realm by Shahi et al.
(2023), critical gaps remain. GIS-based crash studies
identify hotspots but miss behavioral drivers, while
perception surveys capture psychological factors
without spatial or infrastructure precision (de Blaeij &
van Vuuren, 2003). No validated framework integrates
micro-spatial perceived risk with infrastructure
attributes using ensemble machine learning for
predictive mapping. Moreover, the divergence between
perceived and recorded risk - “hidden hazard” and
“near-miss” zones - remains underexplored, limiting
targeted interventions, especially in data-scarce cities
(Cabrera-Arnau et al., 2020).

To address these gaps, this study develops a
transferable, perception-driven ensemble machine
learning framework demonstrated in Sonipat, India -
a rapidly growing National Capital Region city with
limited crash records. The framework integrates GIS
infrastructure mapping, KDE-derived perception
surfaces from participatory surveys, PROMETHEE-
based parameter prioritization, and an optimized
ANN-SVM-DT ensemble producing crash risk
predictions at 1 m x 1 m resolution. By treating
perceived risk as both a diagnostic lens and a
predictive proxy, it identifies validated danger zones,
hidden hazards, and near-miss clusters without
reliance on complete crash databases. Validation
across three junctions confirms transferability,

providing a generalizable tool for evidence-based
urban safety planning.

1.1 Literature Review

Road traffic crash (RTC) research has evolved
along two largely parallel streams - spatial-statistical
analysis and risk perception - that rarely converge into
an integrated predictive framework. Understanding
where each stream succeeds and where it falls short is
essential for identifying the gap this study addresses.

Spatial analysis of RTCs has established that
crashes are not randomly distributed but form
statistically significant clusters or hotspots concentrated
at specific road segments and junctions (Black, 1991;
Levine et al., 1995; Steenberghen et al., 2004; Kam,
2003; Petch & Henson, 2000; Xie & Yan, 2013; Soltani
& Askari, 2017). Geographic Information Systems
(GIS) have become the primary instrument for
visualizing and analyzing these patterns, supporting
applications from basic crash geocoding to advanced
network-based kernel density estimation (KDE) and
spatial autocorrelation modeling (Prasannakumar et
al., 2011; Yao et al., 2016; Keken et al., 2019). Grid-
based cluster analysis has refined spatial precision,
enabling identification of micro-level risk concentrations
within junctions (Steenberghen et al., 2004) while spatial
autocorrelation remains a critical methodological
concern in cluster detection (Black & Thomas, 1998).
Built-environment attributes - street width, number of
lanes, lighting, land-use density, and proximity to
pedestrian facilities - have been consistently linked to
crash frequency and severity (Dai, 2012; Rankavat &
Tiwari, 2016; Retting et al., 2003; Briide & Larsson,
2000). Hotspot identification further supports the
optimization of safety investment and promotes
evidence-based infrastructure improvements (Sajed et
al., 2019). However, spatial approaches rely on
historical crash data, making them retrospective and
unable to explain behavioral mechanisms or function
in data-scarce contexts (Abdulhafedh, 2017).

The second stream of research centers on
human factors and risk perception. RTCs are
recognized as products of complex interactions
among driver behavior, vehicle characteristics, and
the road environment, with human factors implicated
in most of the crash causation (Bucsuhazy et al., 2020;
Petridou & Moustaki, 2000). Behavioral contributors
include speeding, distraction, tailgating, and risky
maneuvers (Hallett et al., 2012; Ozkan et al., 2012;
Albert & Bekhor, 2019; Adanu et al., 2017; Akanbi et
al., 2009), all of which are modulated by psychological
states such as stress, overconfidence, and thrill-
seeking (Elander et al., 1993; Legree et al., 2003;
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McKenna et al., 2006; Machado-Ledn et al., 2016).
Critically, individuals tend to underestimate their own
crash risk while attributing danger to external factors,
a bias that sustains unsafe behavior (Andersson,
2011). Perceived crash risk - defined as a road user's
subjective assessment of crash likelihood and
consequence (Sjoberg et al.,, 2004) - varies
systematically by transport mode, demographic
characteristics, and route familiarity: car drivers
perceive lower risk than non-motorized users, and
experienced commuters often habituate to hazards
that occasional users find threatening (Lund &
Rundmo, 2009; Ram & Chand, 2016). Environmental
and infrastructural cues directly shape these
perceptions; lighting, visibility, lane configuration,
pedestrian infrastructure, and land-use density have
all been linked to perceived safety levels (Bivina &
Parida, 2019; Rankavat & Tiwari, 2016; von
Stiilpnagel & Lucas, 2020; Wang et al.,, 2021b;
Vergel-Tovar et al., 2020; Iamtrakul et al., 2023;
Ewing & Dumbaugh, 2009). Despite this evidence,
risk perception data are rarely incorporated into
spatial safety planning, leaving a critical behavioral
dimension unexploited in hotspot identification and
intervention design (Guerrero et al., 2020; Shahi et al.,
2023; de Blaeij & van Vuuren, 2003).

Machine learning has emerged as a powerful
complement to GIS-based spatial analysis for crash
prediction. Ensemble methods integrating Artificial
Neural Networks (ANN), Support Vector Machines
(SVM), and Decision Trees (DT) consistently
outperform individual models by capturing non-linear
relationships among high-dimensional predictor sets
while improving generalization and reducing
overfitting (Ma et al., 2020; Berhanu et al., 2023;
Halabaku & Bytyg¢i, 2024). ANN models excel at
learning complex behavioral patterns; SVM provides
robustness against overfitting through margin-based
classification; and DT contributes interpretability
through explicit variable importance rankings
(Panimalar & Krishnakumar, 2023). When integrated
with GIS, these methods enable spatially explicit risk
prediction at resolutions previously impractical with
statistical regression alone (Xiao et al., 2021).
However, existing ML applications in road safety
have overwhelmingly relied on objective crash
records as the response variable. The use of perceived
risk as both a predictor and a response variable within
a spatially explicit ensemble framework - particularly
at micro-spatial resolution - has not been previously
demonstrated.

The literature highlights a key gap: no
validated framework integrates perceived crash risk

with micro-spatial infrastructure data using ensemble
machine learning for junction-level safety prediction
(ZahranEl-Said et al., 2019; Berhanu et al., 2023).
Existing studies treat crashes and perception
separately at coarse scales rather than modeling their
relationship (Mukherjee & Mitra, 2020; Shahi et al.,
2023). The divergence between perceived and recorded
risk - “hidden hazard” and “near-miss” zones - remains
unmapped, limiting targeted interventions. This study
addresses these gaps by proposing a transferable,
perception-driven  micro-spatial  framework  for
predictive urban junction safety analysis in data-
scarce contexts.

2. Objectives

This study develops a novel, transferable
ensemble machine learning framework for micro-
spatial crash risk prediction at urban junctions,
addressing the critical gap between subjective risk
perception and objective crash analysis in data-scarce
environments. The specific objectives are to: (i)
systematically map perceived crash risk at I m X 1 m
resolution using GIS-based participatory surveys and
Kernel Density Estimation; (ii) identify and prioritize
the infrastructure, behavioral, and environmental
parameters most strongly associated with perceived
crash risk through PROMETHEE-based multi-criteria
analysis; (iii) develop and optimize an ensemble
machine learning model integrating Artificial Neural
Networks (ANN), Support Vector Machines (SVM),
and Decision Trees (DT) to predict spatial crash risk
from perceived risk inputs; (iv) validate the model's
predictive reliability by correlating predicted risk
surfaces with recorded crash data and assessing spatial
agreement using the kappa coefficient; and (v)
evaluate the framework's transferability across four
urban junctions with varying geometry, land use, and
traffic composition.

2.1 Research Questions

The study is guided by four research questions,
each addressed through a corresponding phase of the
five-phase methodology described in Section 3:

RQ1: Which infrastructure features strongly
influence perceived crash risk at the micro-spatial
level?

RQ2: Can perceived risk reliably predict crash
hotspots using only infrastructure data?

RQ3: Where do perceived and actual crash
risks diverge, and what do these mismatches imply for
safety planning?

RQ4: Is the developed model transferable
across different urban junctions?
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These questions are addressed sequentially
across the study phases. RQI is tackled in Phase 2,
where systematic perception surveys and GIS
infrastructure mapping jointly establish which
physical and behavioral attributes most strongly co-
vary with perceived danger at the micro-spatial level.
RQ2 is addressed in Phases 3 and 4, where the spatial
integration of survey-derived risk surfaces with
infrastructure variables forms the input dataset for the
ensemble machine learning model, enabling a direct
test of whether infrastructure data alone can reliably
predict crash risk hotspots without reliance on
recorded crash histories. RQ3 is resolved in Phase 4
through spatial overlay analysis, which compares
model-predicted risk surfaces against recorded crash
data to delineate convergent zones - where perception
and crashes align - as well as hidden hazard zones of
underestimated risk and near-miss zones of
overestimated risk, each requiring distinct
intervention strategies. RQ4 is examined in Phase 5,
where the trained model is applied without
recalibration to three additional junctions with
differing geometry, land use, and traffic composition,
with performance evaluated using the kappa
coefficient and overall accuracy to confirm
transferability across diverse urban contexts.

3. Materials and Methods

The study followed a five-phase process
(Figure 1): Phase 1 covers study area selection/
delineation and crash data collection, Phase 2
conducts risk perception surveys and infrastructure
mapping, Phase 3 involves data cleaning and spatial
integration of all datasets, Phase 4 develops the
ensemble machine learning model for crash risk
prediction, and Phase 5 validates the results through
statistical and spatial correlations among perceived,
predicted, and recorded crash data to derive actionable
safety insights.

3.1 Study Area and Crash Data (Phase-1)

Sonipat, a planned industrial city in Haryana,
India, and part of the National Capital Region (NCR),
served as the study area. Located 44 km from New
Delhi, its rapid growth, contrasted with stagnant
infrastructure, makes it suitable for examining
evolving urban road-user perceptions in emerging
cities. The city’s busiest road, characterized by
diverse land use and complex traffic, was selected as
the study site (Verma et al., 2022). This junction was
chosen for its representativeness of urban conditions
and its ability to capture variations in risk perception.

|Study Area Selection & Actual Crash Data Collection
|Perception Survey & Infrastructure Mapping
Data Cleaning & Spatial Integration

[Model Development
m |Validation (Statistical + Spatial + Crash Data Correlation)

Figure 1 Five-phase methodology framework for micro-spatial crash risk prediction.
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Figure 2 Study area map showing land-use zones, junction boundaries, and geographic location within India (Sonipat,
Haryana, NCR).
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Figure 3 Aerial view of the primary study junction

in Sonipat, Haryana, India, showing road geometry, land-use context,

and traffic environment.
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Primary Study Junction

A junction on the busiest corridor (Figure 2 and
Figure 3) in Sonipat, Haryana, India (NCR region)
was selected based on: (i) diverse land-use patterns
encompassing commercial, residential, and mixed-use
zones; (ii) complex traffic composition with mixed
motorized and non-motorized vehicles; and (iii)
availability of three-year historical crash records
(2022-2024).
Validation Junctions

To test model transferability, three additional
junctions were selected (Figure 4):

V1: Different density, different land use

V2: Similar urban context, different configuration

V3: Minor junction
Crash Data

0f LR LA

: ' A \ -¥ £ _ — .
Figure 4 Aecrial views of the three validation junctions: V1 (left) — low-density, mixed land use; V2 (centre) — similar
urban context, different geometric configuration; V3 (right) — minor junction.
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Police-reported FIRs for crashes at the junctions
(2022-2024) were obtained. A total of 67 crashes
were reported at the primary junction.

3.2 Perception Survey & Infrastructure Mapping
(Phase-2)

The perception survey was conducted on a
voluntary basis. All participants were informed about
the study objectives and provided informed consent
prior to participation. No personal identifiers were
collected, and responses were recorded anonymously.
As the study involved non-invasive surveys without
personal or sensitive data, formal ethical approval was
not required.

3.2.1 Survey and Sample Size Estimation

For this study, power analysis was used to
determine the required sample size, as population
parameters were unknown. This method ensures



VARDHAN & RAM
JCST Vol. 16 No. 2, April-June 2026, Article 185

adequate statistical power for detecting meaningful
effects (Kemal, 2020) by incorporating effect size,
significance level, and desired power. A small effect
size of 0.30 was selected to capture the subtle but
measurable influence of psychological factors on crash
outcomes (lalongo, 2016), requiring a larger sample for
reliability (Simmachan & Boonkrong, 2025). A stringent
significance level of 0.01 minimized Type I errors,
which are essential considerations in safety research
(Erdfelder et al., 1996), while a statistical power of 0.95
ensured a high probability of detecting true effects.
The study evaluated 30 psychological parameters
using an F-test ANOVA framework suited for
analyzing relationships between multiple predictors
and crash dynamics (Erdogan, 2009). Using the
chosen parameters, effect size 0.30, significance level
0.01, and power 0.95, the estimated required sample
size was 147 respondents. This sample size ensures
statistical rigor and supports the study’s objectives.
With 147 respondents distributed across ~10,000 m?
of the primary junction, each respondent represents
approximately 68 m?, providing sufficient spatial
density for generating a reliable KDE surface.

3.2.2 Participant Inclusion Criteria

To ensure reliable perception data, participants
met a set of criteria: they had to use the junctions at
least three times per week for over six months, be 18—
65 years old, and live or work within 2 km of the site.
The sample reflected a realistic modal mix of car
drivers, two-wheeler riders, pedestrians, and public
transport users, ensuring that only regular users with
consistent, experience-based perceptions contributed
to the study.

3.2.3 Perception Survey Design

The survey comprised two sections: Part A,
capturing demographics, and Part B, assessing
perceived crash risk.

A key feature was the spatial marking method,
in which respondents identified high-risk locations
using a digital version of the map. Participants marked
points of perceived highest risk (e.g.,, unsafe
crossings, rash driving, poor lighting). Marked points
were converted into GPS coordinates, and Kernel
Density Estimation (KDE) was applied to generate
continuous risk surfaces at 1 m x 1 m resolution. A
bandwidth radius of 10 meters was selected, ensuring
an optimal balance between spatial smoothness and
local sensitivity - large enough to smooth out noise in
individual points, yet small enough to preserve fine-
grained local variations in perceived risk.

3.2.4 Infrastructure Data Collection

Infrastructure data were collected
independently of the perception surveys using
systematic GIS mapping to avoid bias. Features
included road geometry, lane width, markings, traffic
signals, artificial lighting availability, visibility,
potholes, and land use. Additional datasets covered
traffic volume and speed, building density, points of
interest, parking zones, and temporal factors such as
rush hours and festivals. This ensured an objective
linkage between infrastructure attributes and
perceived risk patterns.

3.2.5 Survey Administration and Data Variables

The designed survey was conducted to assess
factors influencing crash risk and was administered to
147 participants selected via community centers,
markets, and roadsides near the study area. Data
collection encompassed a broad range of variables
relevant to road safety, including road characteristics
(lanes, potholes), contextual factors (land use, point of
interest (POIs), population density), and traffic
metrics (average daily traffic; ADT, speed, volume-
to-capacity ratio) (Ma et al., 2020). Environmental
and infrastructural conditions, such as weather,
lighting, and visibility, were recorded, along with
junction-specific features such as conflict points and
pedestrian crossings. The built environment was
characterized by building density, street elements, and
zone arcas (Rankavat & Tiwari, 2015), while
additional parameters, including public transport
density, red lights, speed limits, and street elements,
provided a comprehensive, multi-layered understanding
of local traffic and safety conditions.

3.3 Parameters Identification (Phase-3)

The PROMETHEE analysis was applied to
identify the most critical parameters influencing
perceived crash risk. Attributes such as frequency,
type, characteristics, and data availability were
prioritized to ensure a robust and practical framework
(Goswami, 2020). Frequency captured parameter
reliability based on prevalence in literature, while type
ensured balanced inclusion of statistical and spatial
parameters. Characteristics grouped parameters into
physical, psychological, and personal domains, and
data availability assessed feasibility on a 1-5 scale.
Using PROMETHEE 1II, a multi-criteria decision
analysis method, parameters were systematically
ranked through pairwise comparisons and quartile-
based frequency distribution (eq. 1-6 in the
supplementary material), following normalization.
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Xij — Hj

9

zij = eq.1

where, u; and o; represent the mean and standard

deviation of criterion j. A binary preference function
was defined as:

lifa>b
0 otherwise

P(a,b) = { eq.2

to evaluate pairwise preferences between parameters
for each criterion. The leaving flow ¢; and entering
flow ¢; were calculated as:

1 1
¢ = -Xi (;Z;?:lpijk) eq.3

o7 = 230 (S 20 Pae) eq. 4
where n is the number of parameters and m is the
number of criteria. The net flow ¢;, representing
overall preference of model i was computed as:

i = ¢ — o eq.5

The final scores S; for ranking were obtained by
averaging net flow across all criteria, further the
parameters were shortlisted:
Si= -1, ¢ eq.6

From 60+ identified variables, 30 parameters were
shortlisted. These included behavioral tendencies
such as overtaking (with/without medians), tailgating,
honking, aggressive driving near exits, and rash
driving; infrastructural and environmental factors
such as lighting, visibility, congestion, road markings,
land use, and seasonal variation; and situational
influences such as stress during parking searches,
police enforcement, and roadwork zones.

Psychological and context-specific factors,
including distraction from billboards or shops, rush-
hour stress, perceived psychological risk, pedestrian
decision-making, festival influence, and noise levels,
were also incorporated along with perceived crash
risk. Interactions with vulnerable road users and
external elements such as street animals, children
crossing, and on-road parking were included to ensure
comprehensive crash-risk modeling. Collectively,
these parameters strengthen the model by capturing
diverse and interconnected contributors to perceived
and actual road risk.

3.4 Spatial Analysis (Phase-4)

Infrastructure features were systematically
mapped in GIS for the study area ata 1 m x 1 m grid
resolution, including continuous variables such as
traffic volume, artificial lighting, and building density;
categorical variables such as land use type, presence
of crossings, and parking; proximity measures such as
distance to the junction and POI density; and derived
metrics including volume-capacity ratio and visibility.
Ons-site survey data capturing psychological perceptions
of crash risk using a Likert scale (Mukherjee & Mitra,
2020) were spatially linked to these GIS-mapped
features. Participants used a map-based questionnaire
to mark 30 locations they perceived as high risk for
specific factors and questions, rating each on a Likert
scale.

These points were converted into Kernel
Density Estimation (KDE) surfaces and overlaid onto
the centroids of the 1 m X 1 m grid, assigning
perceived risk values to corresponding cells. The
regression framework was designed to link survey
responses with GIS-derived infrastructure variables.
For example, Survey VC represents the perceived
risk associated with the Volume/Capacity Ratio,
while Map VC denotes the corresponding GIS-based
measurement derived through kernel density estimation
(KDE). Similarly, Map Ped Cross and Map_Lighting
represent the spatial distribution of pedestrian
crossings and street lighting, respectively, extracted
from GIS and observational datasets.

The derived regression equations (e.g.,
Survey VC=0.07538 +0.75992 x Map_VC) quantify
these relationships, functioning as spatial transfer
functions rather than predictive models. They align
and scale survey-based perception data with mapped
infrastructure on a 1 m x 1 m grid, enabling consistent
spatial comparison. Once standardized, the integrated
dataset linking perceived risk and physical
infrastructure features was used as the input for the
machine learning modeling phase to assess and map
crash risk patterns. These equations are mentioned in
Table 9 in the supplementary material.

3.5 Modeling (Phase — 5)

Modeling psychological risk in urban road
safety requires balancing robustness, interpretability,
and the capacity to capture complex non-linear
relationships among behavioral, infrastructural, and
environmental variables. Artificial Neural Networks
(ANN) (eq. 7) model intricate behavioral patterns and
spatial heterogeneity but act as black-box systems
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with limited interpretability. Support Vector
Machines (SVM) (eq. 8) resist overfitting and handle
non-linearities effectively through kernel functions,
though at the cost of reduced transparency. Decision
Trees (DT) (eq. 9) provide clear variable importance
rankings and explicit decision logic yet are prone to
overfitting without pruning constraints. Integrating
these models with Geographic Information Systems
(GIS) enhances spatial precision and clarifies how
infrastructure and environmental conditions influence
perceived crash risk at a 1 m x 1 m resolution.

An ensemble combining ANN, SVM, and DT
was developed to predict spatially distributed
perceived crash risk. The complementary strengths of
the three architectures, connectionist pattern learning
(ANN), margin-based generalization (SVM), and
rule-based interpretability (DT), are combined to
produce a more robust and transferable prediction
system than any single model. Data were normalized
and split into an 80:20 train—test ratio, and each model
was independently optimized using Randomized
Search CV over 5,000 iterations to obtain the best
hyperparameter configuration. Final predictions were
produced by averaging the outputs from all three
optimized models with equal weighting (eq. 10).
Equal weighting was adopted to avoid bias toward any
single learning paradigm in the absence of prior
evidence favoring a specific weighting scheme (Chen
& Zheng, 2025). This GIS-integrated ensemble
ensures balanced predictive accuracy, stability, and
interpretability, offering a robust and transferable
framework for modeling urban psychological risk.

The ANN predicts the output §_  based on the
input features X, using learned weights W and biases
b, passed through activation functions f:

Yann = f(WZ : f(Wl X+ bl) + bz) eq.7

~

where:

W, & W, = Weight Matrices for the hidden and
output layers

b; & b, = Bias terms for the hidden and output layers

f = Activation Function (ReLU, Tanh, Logistic).

The SVM predicts the output i, using a
kernel function K (X, X;) to map input X into a higher-
dimensional space:

= @y K(X, X)) + b eq.8

Ysvm =
where:

o; = Lagrange multipliers

y; = Actual target values for the training samples
K(X,X;) = Kernel function (e.g., Linear, RBF,
Polynomial)

b = Bias term (Constant)

The Decision Tree predicts the output y4; by
recursively splitting the input space X into regions R;
based on feature thresholds:

ar = Tjo1 G- 1(X € Ry) eq.9
where:

J: Number of leaf nodes

¢;: Predicted value for region R;

X € R;: Indicator function that evaluates to 1 if X
belongs to region R;, otherwise 0.

To enhance predictive accuracy, a hybrid
model was developed by combining the predictions of
the three optimized models keeping equal weightage.
The hybrid prediction g’hybn 4 1s formulated as:

Yhybrid = 3

(FWy - fF(Wy - X + b))+ b))+ Ch ayi KX, X)) +b) + (zjzlcj.1(x ER))) oo

.10
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3.6 Hyperparameters Optimization

The ANN model was optimized using
hyperparameters such as hidden layer sizes (10-500
neurons), activation functions (ReL U, tanh, logistic),
solvers (adam, SGD), learning rates (constant,
adaptive), and iteration limits (500-1000). SVM
utilized parameters such as regularization (0.01—
1000), kernel types (linear, RBF, poly), and gamma
values (scale, auto). For DT, hyperparameters
included maximum depth (5-50), minimum samples
to split (2-100), and minimum leaf sizes (1-50).

4. Results
4.1 Model Performance and Hyperparameters
Optimization Outcome

To model psychological crash risk, an
ensemble machine learning framework integrating
Artificial Neural Networks (ANN), Support Vector
Machines (SVM), and Decision Trees (DT) was
developed, with final risk scores derived through
weighted averaging of model outputs. This ensemble
combined SVM’s resistance to overfitting, DT’s

interpretability, and ANN’s capacity to capture
complex non-linear patterns, yielding a balanced
prediction system.

After 5,000 iterations, the ensemble achieved
strong performance with an R? of 0.92 and a cross-
validation R? of 0.88, demonstrating high predictive
accuracy and generalization. The kappa coefficient of
0.779 further indicated substantial agreement between
predicted and observed risk categories. Among the
individual models, ANN (R? = 0.68) captured non-
linear behavioral responses and spatial heterogeneity
using a deeper architecture (79 neurons, SGD). SVM
(R? = 0.81) with a poly kernel (C = 10) enhanced
stability and minimized overfitting, while DT (R? =
0.94) contributed interpretability through fine
decision splits (min_samples_leaf = 2).

Accuracy across risk levels ranged from 77%
to 89% (Figure 5), with the highest accuracy at lower
and extreme risk levels (Low: 89%, High: 82%).
These results confirmed the ensemble's reliability in
predicting psychological crash risk across varying risk
levels.

Individual Score Accuracy
il 6
2 3 4 5
(Low) {High} Psychological Score
Level RroiEsy
1 {Low) 8 1 0 0 0 0 C
2 1 9 0 0 1 0 11 1(Low) 89%
3 0 0 5 1 0 0 6 2 B82%
a 0 1 0 4 0 0 5 3 83%
5 1 0 1 1 10 0 13 4 80%
6 (High) 1 1 0 0 0 9 11 5
11 12 6 - 11 9 6 (High}) 82%
[Eguation 1] % (Tg+Cy) — E(Ct *R,) Kappa Coefficient
7 2
T,"— Y(Ce*Ry) AN |
| Eguation - 2 | CXp Total Correct a5
AA=—— X100 Sample
TX
Ct * Rt 539
Where
Tsis the Total samples taken T I
Cs is the Total corrected samples { ota 3025
Ct is the Column total Sample)n2
Rt is the Row total
AA represents the Accuracy Assessment percentage
CX_D represents the Correctly classified diagonally f
TX represents the Total number of Sample Coefficient 0.779

Figure 5 Statistical validation of the ensemble model showing per-class accuracy, kappa coefficient, and individual model
performance scores.
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Figure 6 Hyperparameter optimization convergence plot showing R? values across 5,000 iterations; optimal configuration
reached at iteration 3,640 (R? = 0.92, MSE minimized).

Figure 6 shows the optimization process over
5,000 iterations, where the best performance occurred
at iteration 3640, achieving R? = 0.92 and cross-
validation R? = (.88, with the optimized hyperparameter
summary in Table 1 and the model comparison in
Table 2. While the Decision Tree achieved the highest
standalone R?, it is less suitable for capturing complex

Table 1 Hyperparameter optimization summary

non-linear relationships and is prone to overfitting
(Halabaku & Bytygi, 2024). The ensemble model (red
line) maintained consistently high R? wvalues
comparable to those of the best-performing individual
models, while offering improved robustness,
generalization, and transferability by integrating the
complementary strengths of ANN, SVM, and DT.

Model Optimized Hyperparameters Key Highlights
{'activation': 'relu, 'solver': 'sgd U.sed ReLU a?tivation and SGD solver with moderate
‘hidden_ layer size’s': (79) 'leam,ing rate: hidden layer size .(79 neurons) to bala.nce convergence
ANN constant' 'lea;ning e i’nit': 0.00L. speed and non-linear pat‘Fern learning. Momentum
'momentlim‘: 0.9, 'max_iter' 908} ’ (0.9) and constant learning rate (0.001) ensured

’ - stability and smooth optimization.
The polynomial kernel captured complex
. \ . . " , relationships, while regularization parameter C = 10.0
SVM '{essilcl)?l;'oz) l;e{gzlg're}e)?lg}j gamma’; ‘scalc’, achieved a balance between bias and variance. The
Y ’ scaled gamma parameter maintained computational
stability.

{'criterion": 'squared_error', 'min_samples_split": Allo,w.e.d unres'tricted tree. depth _ for . maximym
5, 'min_samples leaf- 2 'splitter_': best! ﬂex1b11¥ty whllle. preventing overfitting  using
DT ? - = ’ ’ constraints on minimum samples per leaf (2) and per

'max_depth": None, 'max_features": None,
'max_leaf nodes': None}

split (5). Used the squared error criterion for accurate
regression splitting.

Table 2 Model performance summary

Model R?* (Train) R? (Test) MSE (Test) Remarks
ANN 0.694 0.662 0.0072 Captures non-linear risk trends; moderate generalization due to
adaptive learning.
SVM 0.817 0.799 0.0041 High stability and generalization; robust against overfitting.
DT 0.971 0.942 0.0004 Strong interpretability: slightly high training fit due to flexible
depth - risk of overfitting.
Ensemble 0.926 0.8802 0.0109 Best performance at iteration 3640; balanced accuracy,

minimal overfitting. *Cross-validation R2.

@ Cross-validation R? reported for the ensemble in place of a single held-out test split
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Figure 7 Pearson correlation matrix of infrastructure, behavioral, and environmental variables with perceived crash risk
scores.
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Figure 8 Spatial risk maps for the primary junction: Map 1 (left) — predicted crash risk perception surface; Map 2 (centre)
— overlay of historical crash locations on predicted risk; Map 3 (right) — zoomed view of the hidden hazard zone.

_h

\

4.2 Correlation Analysis and Key Risk Factors environmental variables co-vary with psychological
The correlation analysis (Figure 7) shows that crash risk.

perceived crash risk is strongly associated with traffic

density, lane configuration, visibility, land-use 4.3 Spatial Risk Distribution at Primary Junction
intensity, and driving behavior. High correlations The developed model was trained and executed
were observed for tailgating (r = 0.9347), building for the primary junction, encompassing 4,991 micro-
density—land use interaction (r = 0.9497), junction spatial cells at 1 m x 1 m resolution. The perceived
density—visibility (r = 0.8052), and wrong-direction crash risk, derived from participant responses, was
driving (r = 0.7371), while moderate associations modeled and spatially visualized in Figure 8, Map 1
were found for pedestrian crossings, unauthorized (left), highlighting variations in perceived safety
parking, noise, and seasonal factors. Inverse across the junction area. Map 2 (centre) presents an
correlations were identified for artificial lighting, overlay of actual crash occurrences against perceived
road-marking clarity, and median presence, indicating risk surfaces. The spatial overlay of perceived and
lower perceived risk where these features were recorded crash risk revealed two distinct clusters. The
present. Together, these relationships quantitatively primary cluster, located near the main junction,
characterize how behavioral, infrastructural, and showed both high perceived and recorded crash risk,
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indicating validated danger zones where users’
perceptions  accurately  reflect actual crash
concentrations. In contrast, the secondary cluster
exhibited high crash frequency but relatively low
perceived risk, reflecting a hidden hazard zone where
drivers and pedestrians underestimate danger, as
shown in Figure 8, Map 3 (right). Colored zones
represent the varying land uses, as shown in the
legend of these maps.

Spatial overlay of predicted risk surfaces
against recorded crash data revealed four distinct zone
types: validated risk zones (high perceived risk AND
high crash frequency) covering 16.9% of cells; near-
miss zones (high perceived risk, low crash frequency)
covering 12.7%; hidden hazard zones (low perceived
risk, high crash frequency) covering 6.1%; and safe
zones (low perceived risk, low crash frequency)
comprising the remaining 64.3%. These proportions
confirm that the model captures a spatially coherent
pattern rather than random noise, and that a
meaningful fraction of the junction area carries
elevated risk that is either correctly identified or
systematically misperceived by road users.

Validated risk zones (16.9%) represent arecas
where user perception accurately reflects actual crash
concentrations - typically the main junction core,
congested lane-merge points, and corridors with poor
visibility and high pedestrian activity. These zones
confirm the reliability of perception-based risk
assessment in identifying genuinely dangerous
locations, and represent the highest priority for
immediate engineering and enforcement
countermeasures. Hidden hazard zones (6.1%), by

Table 3 Crash-Risk Interpretation Summary

contrast, are locations where crash frequency is
objectively high yet perceived risk is low. This
divergence likely arises from habituation among
regular commuters, the absence of visible warning
cues, or adaptive behavioral responses that mask
underlying danger. These zones are particularly
consequential from a planning perspective because
conventional awareness campaigns - which target
locations users already fear - will not reach them;
instead, targeted road-user education and localized
investigation of contributing infrastructure factors are
required.

Near-miss zones (12.7%) exhibit the inverse
pattern: perceived risk is high despite a relatively low
recorded crash frequency. These areas reflect the
subjective dimension of urban road safety, where poor
infrastructure design, environmental discomfort such
as noise and crowding, or prior negative experiences
elevate perceived danger beyond what crash records
alone would suggest. Far from being false alarms,
near-miss zones represent proactive intervention
opportunities - locations where road users are already
signaling discomfort before crashes occur, and where
preventive design measures such as traffic calming,
improved signage, and pedestrian refuge islands can
reduce both fear and future crash likelihood.
Collectively, the three non-safe zone types
demonstrate that perception-based spatial diagnostics
capture safety conditions that crash-record analysis
alone cannot reveal, and that each zone type demands
a qualitatively different type of intervention. The
classification and recommended actions are
summarized in Table 3.

Zone Type % of Cells Priority Recommended Actions
Low Crash — Low Risk 64.3% Low Maintain existing conditions; routine monitoring sufficient.
(Safe Zones)
Low Crash — High Risk 12.7% Medium Preventive design interventions: traffic calming, improved
(Near-Miss Zones) signage, pedestrian refuge islands, and targeted awareness
campaigns.
High Crash — Low Risk 6.1% High Public awareness and road-user education campaigns to correct
(Hidden Hazards) underestimation of risk; localized infrastructure investigation
and enforcement intensification.
High Crash — High Risk 16.9% Urgent  Immediate engineering countermeasures: signal phasing review,

(Validated Risk Zones)

junction geometric redesign, median installation, enhanced
street lighting, and strict enforcement of traffic violations.
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Figure 9 K-means clustering of predicted psychological risk scores into six classes, forming the basis of the Crash Risk
Perception Index (CRPI).

The “hidden hazard” phenomenon-where
objective crash risk exceeds subjective perception-
emerges as a critical focus, emphasizing the need for
awareness-based interventions in underestimated
danger zones.

4.4 Development of Crash Risk Perception Index
(CRPI)

K-means clustering was applied to the
psychological risk score data to define clusters of
similar risk scores, forming the basis for a proposed
"Crash Risk Perception Index," as shown in Figure 9.
These clusters enable the classification of safety
levels, guiding the implementation of targeted safety

Table 4 Crash Risk Perception Index with Interpretation

measures to mitigate potential risks. By identifying
patterns and trends in the data, this approach provides
a structured methodology for grouping data points
based on similarity, offering valuable insights for
informed decision-making in road safety planning.
The choice of six clusters for the 'Crash Risk
Perception Index' in Figure 9 is empirically justified
based on the k-means clustering algorithm.

The Crash Risk Perception Index (CRPI) was
developed to categorize arcas based on predicted
psychological risk perception scores derived from the
ensemble model. The CRPI effectively stratifies risk
into six hierarchical safety levels, ranging from A
(very safe) to F (critical), as shown in Table 4.

CRPI

Class Label Range (Risk_Score) Interpretation
1 A 0.000 —0.021 Represents very safe zones. Perceived and predicted risks are minimal, reflecting
(Lowest) stable conditions and strong safety perception.

2 B 0.021 -0.106 A low-risk class characterized by controlled junctions and moderate pedestrian
exposure, with minor perceived discomfort due to occasional congestion.

3 C 0.106 —0.243 A moderate-risk class with balanced traffic flow. Risk perception remains low but
increases in zones with variable land use and minor conflicts.

4 D 0.243 -0.410 An elevated-risk class where perceived and predicted risks converge. It typically
includes areas with poor lane discipline, dense junctions, or mixed traffic
composition.

5 E 0.410-0.730 A high-risk class strongly associated with high-stress environments, congestion,
and recurrent near-miss events. It requires immediate safety interventions.

6 F >0.730 Critical-risk zones representing severe psychological stress and infrastructural

(Highest) vulnerability, often accident-prone spots needing urgent corrective action.
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Lower CRPI classes (A—C) correspond to areas
with stable traffic behavior, effective infrastructure,
and a low perception of danger, whereas higher classes
(D—F) reflect stress-inducing traffic environments, poor
visibility, and recurrent behavioral violations. Classes
E (0.410-0.730) and F (> 0.730) warrant priority
interventions, as they represent the upper 15-20% of
the perceived and predicted risk spectrum, aligning
with spatially validated crash hotspots.

The spatial distribution of the Crash Risk
Perception Index (CRPI) across the study area exhibits
clear variations in perceived crash risk intensity. A
substantial portion of the area lies within the lower-risk
categories, with Risk A (0-0.021) comprising 42.66%
and Risk B (0.021-0.106) comprising 23.44% of all cells.
Moderate-risk zones, represented by Risk C (0.106—
0.243) and Risk D (0.243-0.410), account for 14.67%
and 14.26% of the area, respectively, while the high-
risk categories, E (0.410-0.730) and F (0.730-1), cover
only 3.20% and 1.77% of the total area. Although the
higher-risk categories (C-F) collectively occupy a
smaller spatial extent, these zones correspond to locations
with disproportionately greater perceived crash likelihood
and safety concerns. Therefore, targeted interventions
will prioritize Category F areas as the highest-urgency
zones, followed by E, D, and C, ensuring that even a
small proportion of the urban space associated with
elevated risk receives focused attention. This approach
recognizes that a smaller share of the area accounts for
a larger share of potential crashes and perceived danger,
emphasizing the need for strategic, data-driven
interventions to enhance overall junction safety.
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4.5 Model Validation Across Multiple Junctions

For model wvalidation, the developed
framework was applied to three additional junctions
with varying geometric and traffic characteristics to
assess its robustness and transferability, as shown in
Figure 10. The predicted perceived risk maps were
validated through visual overlays of actual crash
locations and statistical comparison using the kappa
coefficient, which ranged between 0.72 and 0.83, as
shown in Table 5, indicating substantial agreement
between predicted and observed risk. These results
validate the proposed transferable ensemble machine
learning framework, confirming that the model
demonstrates strong transferability to other junctions
with differing characteristics. This strong consistency
confirms that the model effectively captures the
spatial relationship between perceived and actual risk,
demonstrating its applicability to other wurban
junctions, including those lacking detailed crash
records. Across all analyzed sites, including the
primary and three validation junctions, the Pearson
correlation  coefficient between actual crash
frequencies and predicted risk values was 0.797. This
positive correlation indicates that areas identified by
the model as high risk generally correspond to
locations with higher recorded crash occurrences. The
result reinforces the model’s ability to capture realistic
spatial relationships between perceived safety and
objective crash data, further validating its predictive
reliability.

A

Figure 10 Predicted crash risk surfaces for the three validation junctions: V1 (left), V2 (centre), and V3 (right), used to

assess model transferability.
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Table 5 Validation junction statistics summary

Junction Kappa Total Samples Overall Accuracy
Main (Primary) 0.779 55 81.82%
V1 0.839 76 86.84%
V2 0.807 64 84.38%
V3 0.723 44 77.27%

Table 6 Perceived risk vs. actual crash relationship statistics summary

Variable Obs. Min. Max. Mean Std.Dev. Correlation (r)  p-value
Psychological Risk (Perceived) 12978 0.000 0.969 0.285 0.183 0.797 <0.001
Crash Density (Actual Observed) 12978 0.000 0.950 0.421 0.276 - -

Model accuracy was assessed using 239
randomly selected points to compute the kappa
coefficient and accuracy for six psychological risk
levels. The kappa range of 0.723-0.839 indicated
substantial agreement between predicted and observed
psychological risk values. Individual accuracy scores
ranged from 71% to 92%. These results confirmed the
model’s reliability and effectiveness in predicting
psychological risk across varying levels.

4.6 Relationship Between Perceived and Actual
Crash Risk

To evaluate the alignment between perceived
psychological risk and observed crash density, a
quantitative correlation analysis was performed using
the Pearson correlation coefficient across 12,978 grid
cells across all sites, as shown in Table 6. The results
demonstrate a strong positive linear association
between the two variables, with r = 0.797 and R? =
0.63, indicating that perceived risk explains
approximately 63% of the spatial variance in actual
crash occurrences. The Pearson correlation (p <
0.001) further confirms a statistically significant
monotonic relationship, reinforcing the robustness of
the perceptual measure.

Figure 11 illustrates the statistical validation of
perceived crash risk against actual crash frequencies.
The regression plot demonstrates a clear upward
trend, with higher CRPI values consistently
associated with greater crash density. The fitted line
closely follows the data points, further reinforcing the
strong linear association (r = 0.797, p < 0.001). This
alignment highlights the predictive validity of the
CRPI framework and its robustness across spatially
diverse urban junctions.

The strong correlation (r = 0.797, R* = 0.63)
indicates that collective human perception is a robust
proxy for actual crash risk, explaining most of the spatial
variability in crash density despite underreporting and
randomness in crash records. Perceptual judgments
compensate for data gaps by reflecting lived exposure to
unsafe conditions. The remaining 37% of unexplained
variance likely arises from contextual and stochastic
factors such as enforcement levels, weather,
infrastructure degradation, and near-miss conditions that
elevate perceived danger without proportional crashes.
Overall, the high correlation affirms the reliability and
transferability of perception-based models, particularly
in data-scarce or rapidly growing urban settings.

Regression of Crash_Density by Psych_Risk (R*=0.63)

Psychological Perceived Risk

| - Data Points —— Model

Conf. interval {(Mean 95%)

Conf. interval (Obs. 95%) |

Figure 11 Regression plot of actual crash density against predicted perceived risk (CRPI scores) across all 12,978 grid cells
(r=0.797,p <0.001).
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These findings show how perception uncovers
latent safety conditions not captured by crash statistics
alone. The ensemble model’s strong alignment
between perceptual inputs and crash patterns
demonstrates high utility in contexts where crash data
are incomplete. Combining psychological perception
with machine learning and GIS allows planners to
identify emerging hotspots, implement proactive
design and traffic management strategies, and support
evidence-based safety interventions even in
developing or fast-urbanizing regions.

5. Discussion

The findings of this study align with and
substantively extend prior research on urban crash risk
prediction and perception-informed safety analysis.
Consistent with Ma et al. (2020) and Mukherjee &
Mitra (2020), perceived risk was found to closely
reflect objective crash patterns (r = 0.797, R? = 0.63),
confirming that collective human interpretation of
road conditions constitutes a reliable and spatially
coherent proxy for actual safety conditions. This
result challenges the prevailing assumption that
credible crash prediction depends almost exclusively
on formal crash records, and positions human risk
perception as an underutilized yet measurable input
for evidence-based safety planning - particularly
valuable in data-scarce developing-city contexts
where police-reported databases are incomplete or
inconsistent (Abdulhafedh, 2017).

The ensemble machine learning framework
demonstrates clear advantages over single-model
approaches. The optimized ANN-SVM-DT ensemble
achieved R?= 0.92 with cross-validation R>=0.88 and
kappa = 0.779, outperforming each individual model
in generalization performance. This is consistent with
findings by Berhanu et al. (2023) and Halabaku &
Bytyci (2024), who demonstrate that ensemble methods
reduce overfitting and improve transferability by
averaging across complementary learning paradigms.
The Decision Tree's high standalone test R? (0.942)
reflects its sensitivity to fine-grained local spatial
patterns at 1 m x 1 m resolution, while the ensemble's
consistently superior kappa across all four junctions
(0.723-0.839) confirms that robustness - rather than
peak training accuracy - is the relevant performance
criterion for a transferable safety model.

The spatial clustering analysis yields three
distinct zone types with meaningful theoretical and
practical implications. Validated danger zones (16.9%

16

of cells), where both perceived and recorded risk are
high, confirm that road users accurately identify the
most overtly dangerous conditions - dense junctions
with mixed traffic, poor visibility, and high pedestrian
activity - consistent with built-environment crash risk
findings by Dai (2012) and Rankavat & Tiwari
(2016). Hidden hazard zones (6.1% of cells), where
crash frequency is high but perceived risk is low, are
particularly significant: they represent locations
where habituation, familiarity, or the absence of
visible warning cues leads road users to underestimate
danger, aligning with Andersson's (2011) finding that
individuals tend to attribute crash risk to external
factors rather than self-assessed vulnerability. Near-
miss zones (12.7% of cells), where perceived risk
exceeds recorded crash density, reflect the influence
of poor infrastructure design, environmental discomfort,
and negative past experiences - a pattern consistent
with von Stiilpnagel & Lucas (2020), who document
congruent and incongruent risk sources in urban
cycling. Together, these three zone types demonstrate
that perception-based diagnostics reveal safety
conditions that crash-record analysis alone cannot
capture.

The correlation analysis provides a quantitative
basis for prioritizing safety interventions. Behavioral
factors emerge as the dominant drivers of perceived
risk, with tailgating tendency (r = 0.935) and building
density—land use interaction (r = 0.950) representing
the strongest associations, underscoring the
compounding effect of aggressive driving in spatially
dense, mixed-use environments. These findings are
consistent with Bucsuhazy et al. (2020), who identify
driver behavior as the primary human factor in RTC
causation, and with Ewing & Dumbaugh (2009),
who link mixed-use density to elevated crash
likelihood. Conversely, infrastructure improvements
show measurable risk-reduction potential: median
installation (r = —0.484), improved road markings (r =
—0.327), and enhanced street lighting in dense areas (r
= —0.371) all significantly reduce perceived danger,
consistent with evidence from Retting et al. (2003) on
engineering countermeasures and Bivina & Parida
(2019) on pedestrian-level safety perception. The full
ranking of positive and inverse correlations across
behavioral, infrastructural, and environmental categories
is summarized in Tables 7 and 8, collectively
providing a data-driven foundation for prioritizing
junction-level design improvements in cities with
limited safety budgets.
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Table 7 Category-wise top risk-affecting factors

Category Factor r Interpretation
Behavioral Tailgating tendency 0.935 Strongest behavioral driver; tailgating drastically heightens
anxiety and danger perception.
Festival noise—stress 0.815 Elevated noise and crowding during festivals amplify
psychological stress and perceived risk.
Wrong driving behavior 0.737 Lane violations and rule-breaking elevate perceived risk,
reflecting unsafe driving culture.
Rash driving 0.737 Aggressive, high-speed driving significantly increases
perceived crash risk likelihood.
Children observed 0.706 Presence of children near roads prompts higher caution and
perceived hazard.
Infrastructural Building density—land 0.950 Strongest spatial correlation: dense mixed-use development
use substantially elevates perceived crash risk.
Visibility—junction 0.805 Poor visibility at complex junctions intensifies perceived risk.
density
Vehicle composition 0.661 Mixed vehicle flow and high volume-to-capacity ratios create
V/O) unstable dynamics and greater perceived danger.
Unauthorized parking 0.587 Blocked sightlines from unauthorized parking increase
perceived risk.
Pedestrian crossing 0.513 Lack of safe crossings heightens perceived threat for
inadequacy pedestrians and drivers alike.
Environmental ~ Noise—stress interaction 0.732 High ambient noise elevates stress, indirectly increasing
perceived crash risk.
Weather-induced 0.530 Poor weather visibility or waterlogging raises psychological
visibility alertness and perceived risk.
Seasonal advertisements 0.396 Visual clutter from seasonal signage marginally heightens
perceived crash potential.
Pedestrian seasonal flow 0.259 Higher pedestrian activity during certain periods increases

perceived danger.

Note: r = Pearson correlation coefficient between the factor and perceived crash risk score

Table 8 Top risk-affecting inversely correlated (protective) factors

Category Factor r Interpretation
Infrastructural ~ Absence of median — —0.484  Installing medians decreases perceived collision likelihood and
vehicle composition improves traffic flow confidence.
Road marking clarity —0.327  Well-maintained lane markings inversely relate to perceived
crash risk by enhancing spatial guidance.
Environmental  Artificial lighting — —0.371  Better lighting in dense areas reduces perceived risk,
building density highlighting the role of illumination in safety perception.
Stray animals — vehicle —0.157  Effective management of stray animals marginally improves
composition psychological comfort in traffic-dense zones.

Note: Negative r values indicate that improvements in these factors are associated with reduced perceived crash risk

Factors that exert an inverse, protective effect
on perceived risk - including median installation, road
marking clarity, artificial lighting, and stray animal
management - are summarized in Table 8. The
negative correlations confirm that well-designed
infrastructure mitigates perceived danger even in
high-density environments, reinforcing the value of
targeted physical countermeasures alongside
behavioral enforcement strategies.

Some interpretations warrant appropriate
caution. The 37% of unexplained spatial variance in
crash density likely reflects stochastic and contextual
factors - including enforcement levels, transient
weather conditions, and temporary traffic disruptions
- not captured by the static infrastructure and
perception inputs used here. The relationship between
environmental stressors such as festival noise or
crowding and elevated perceived risk may also reflect
broader affective and psychological responses beyond
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strict infrastructural deficiencies, suggesting that
emotional and attentional dimensions of road safety
merit deeper investigation through longitudinal and
experimental designs.

Limitations and Future Research Directions

The study's limitations also guide future
research priorities. Perception data were collected
primarily from regular commuters, who may not fully
represent occasional road users, vulnerable groups
such as the elderly or mobility-impaired, or those with
differing modal patterns, potentially introducing
sampling bias into the perceived risk estimates. The
temporal snapshot approach restricts the ability to
capture seasonal variations, enforcement changes, or
short-term fluctuations in traffic that may influence
perception over time. While the infrastructural dataset
was comprehensive, it does not account for dynamic
elements such as temporary road obstructions, pedestrian
surges, or transient disruptions. Furthermore, the
framework was developed and validated within a
single Indian city, which may limit generalizability to
contexts with markedly different traffic compositions,
cultural road-use norms, or institutional enforcement
capacities.

Building on these observations, several priority
research directions emerge. Longitudinal perception
tracking would establish the temporal stability of
psycho-spatial risk patterns and quantify how
infrastructure interventions shift both perceived and
actual risk over time. Controlled field experiments
could isolate the causal effect of specific design
changes - lighting upgrades, median installation, or
junction simplification - on perceived risk and conflict
frequency simultaneously. Testing the framework
across diverse international urban contexts, including
cities in Southeast Asia, Sub-Saharan Africa, and
Latin America, would evaluate its cross-cultural
generalizability. Finally, integrating real-time sensor
data, connected vehicle trajectories, and pedestrian
mobile data could extend the framework from a static
diagnostic tool toward a dynamic, continuously
updated urban safety monitoring system. Taken
together, this study contributes to a growing shift
toward viewing crash risk as a psycho-spatial
construct shaped jointly by cognition, infrastructure,
and behavior - offering a foundation for more holistic,
perception-informed urban safety planning.

6. Conclusion
This study developed a
framework integrating perceived

comprehensive
crash  risk
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assessment, ensemble machine learning modeling,
and spatial GIS analysis to predict urban crash risk,
particularly in environments with limited formal crash
records. The findings show that collective user
perception reliably reflects actual crash patterns,
demonstrating that human interpretation of road
conditions can serve as a practical and effective proxy
for objective safety data.

Behavioral, infrastructural, and environmental
factors were identified as key determinants of
perceived risk, highlighting the combined influence of
driver behavior, road design, traffic density, and land-
use patterns on urban safety outcomes. Spatial
clustering revealed distinct zones where perception
and recorded crashes aligned, as well as areas of
hidden hazards and near-miss risk, emphasizing the
importance of integrating human judgment into risk
analysis.

The perception-driven ensemble model,
encapsulated in the Crash Risk Perception Index
(CRPI), successfully generated high-resolution
micro-spatial risk surfaces, enabling planners to
prioritize high-risk and near-miss zones for targeted
interventions. Overall, this framework offers a
scalable, transferable, and data-efficient tool that
advances proactive urban safety planning, bridging
the gaps among subjective perception, physical
infrastructure, and observed crash data.

7. Abbreviations
Abbreviation Full Term

RTC Road Traffic Crash
GIS Geographic Information Systems
KDE Kernel Density Estimation

PROMETHEE Preference Ranking Organization
Method for Enrichment Evaluation

ANN Artificial Neural Network
SVM Support Vector Machine

DT Decision Tree

CRPI Crash Risk Perception Index
POI Point of Interest

ADT Average Daily Traffic

V/C Volume-to-Capacity Ratio
FIR First Information Report
NCR National Capital Region

R? Coefficient of Determination
MSE Mean Squared Error
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