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ABSTRACT: Road Traffic Accidents (RTAs) pose significant threats to public safety and urban infrastructure. While
numerous studies have addressed this issue in other countries, there remains a notable gap in localized RTA research in
Sri Lanka. In this context, the present study investigates the spatial and temporal patterns of RTAs in the Matara urban
area in 2023, with the goal of supporting evidence-based policy interventions. A suite of GIS-based spatial analysis
techniques including hotspot analysis, kernel density estimation, GiZscore mapping, and spatial autocorrelation
(Moran’s I = 0.36, p < 0.01) was applied to examine the distribution and contributing factors of RTAs. The results
identified several high-risk zones, particularly along the Colombo-Wellawaya main road, as well as near the southern
expressway exit, and around Rahula Junction, which collectively accounted for over 40% of all recorded accidents. These
areas are characterized by high traffic volumes, complex road geometries, and significant pedestrian activity. Driver-
related behaviors were dominant causes, with negligence accounting for 57% of accidents, aggressive driving for 14%,
and alcohol influence for 8%. Temporally, the highest incidence of RTAs (38%) was recorded during the afternoon peak
hours (11:00 a.m. to 4:59 p.m.). Based on these findings, targeted policy measures such as enhanced traffic enforcement,
infrastructure redesign, and public awareness campaigns are recommended to reduce accident frequency and improve
road safety in high-risk areas. This study provides a localized, data-driven framework that can guide urban traffic
planning and safety interventions in Matara and similar urban settings.
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1 Introduction

A collision involving a vehicle on the road with another automobile, an individual, a creature, or an
architectural hurdle is classified as a Road Traffic Accident (RTA). Such incidents can result in fatalities,
injuries, or property damage [1]. Recent studies show that RTA claims over 1.35 million lives every year and
injure nearly quadruple that number. Notably, males make up nearly three-fourths of those affected [2].
Additionally, up to 50 million people sustain injuries every year [3], with these figures continuing to rise.
Notably, juveniles and youths between 5-29 are the most frequently killed in these accidents [4]. Alarmingly,
93% of these demises take place in low- and middle-income countries [2]. Furthermore, pedestrians, cyclists,
and motorcyclists represent more than half of all road traffic fatalities. Between 20 and 50 million individuals
sustain non-fatal injuries, many of whom may face lifelong disabilities as a result [3]. RTA fatalities have
now risen to become the seventh foremost reason of death globally, climbing three positions from tenth
place in 2000 [4]. Projections indicate that by 2030, road traffic accidents will become the fifth leading cause
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of death worldwide [5]. However, RTAs are not among the top ten causes of death in developed countries,
highlighting the particularly dire situation in developing countries. Developing countries are responsible for
92% of global traffic fatalities, even though they possess only 60% of the world’s vehicles [6]. Moreover, the
financial burden of road traffic accidents on these countries ranges from 1% to 3% of their annual GDP [7].

While there are numerous causes for RTAs, slip-ups of human stand out as the primary reason [8],
encompassing driving mistakes, excessive speed, and disregard of road regulations [9]. Additional con-
tributing causes include environmental conditions, road quality, mechanical issues, the volume of vehicles,
extension of transportation networks, national progress strategies, the coexistence of fast, intense automo-
biles with creeping, light automobiles and walkway commuters, suboptimal ensuring compliance of road
regulations, and the lack of rescue operations [10-12]. Key factors influencing traffic fatalities include gender,
age of drivers, vehicle condition, overloading, inadequate safety measures, lack of clear sight, insufficient road
lamps, light automobile type, driver experience, morning rush hour, and adverse weather conditions [13].
Various studies [14-16] have demonstrated a significant relationship among meteorological variables and
RTA. These relationships can differ depending on the class of road, such as remote roads, city roads, or
highways [17]. RTA data is categorized according to severity. The most critical accidents lead to fatalities and
serious injuries, while minor incidents typically result in less severe injuries or just (merely) vehicle/property
damage [18].

Geographic Information Systems (GIS) facilitates improved data processing, analysis and visualization.
Today, to investigate the spatial and temporal characteristics of geographical phenomenon, GIS based spatial
modeling techniques and tools are extensively used. GIS tools and techniques provide a comprehensive
framework for integrating real world RTA data in order to identify, analyze, and mitigate RTA for improved
public safety. This includes mapping and visualization, spatial analysis, prediction models, infrastructure
analysis, decision support integrating real time data, and public awareness.

Sri Lanka, categorized as a low-medium-wealth nation in South Asia, faces noteworthy challenges with
RTA and their repercussions. The country has seen a troubling rise in traffic-related accidents, resulting
in numerous fatalities. This increase can be attributed to a surge in the number of vehicles on the roads
coupled with inadequate road infrastructure [19]. According to Somasundaraswaran [20], the total number
of accidents in Sri Lanka is rising sharply due to the rapid increase in vehicle ownership. Research on roadside
traffic incidents indicates a significant increase in road traffic crashes from 1938 to 2013 [21]. As a developing
country, Sri Lanka suffers considerable economic repercussions due to these incidents. Alarmingly, a large
segment of the population of youths is particularly vulnerable to such accidents [22]. Additionally, the rate
of property damage resulting from these traffic incidents is alarmingly high, indicating a severe nationwide
issue. The Colombo Municipal Council (CMC) area reports the highest incidence of traffic accidents in the
country [21]. In Sri Lanka, road traffic crashes result in approximately 2000 fatalities and 20,000 injuries
annually [20]. According to police statistics from 2011, the most frequently involved vehicles are motorcycles,
cars, and three-wheelers. Notably, 45% of road traffic deaths are attributed to vehicle drivers or riders, while
nearly 33% are pedestrians [22]. Alarmingly, about 80% of the casualties fall within the economically prolific
age segment. The rate of RTA has escalated from 61.2 to 195.9 per 100,000 people between 1938 and 2011 [23].
The systematic review by Selvaratnam et al. [24] examines Sri Lankan traffic crash research up to 2025,
highlighting key gaps in spatial coverage, methodological diversity, and data sources. The study emphasizes
the need for enhanced geospatial research to support informed policy-making. According to the findings of
Amarasinghe and Dharmaratne [25], young males in their most productive years were disproportionately
affected. While urban areas recorded a higher incidence of crashes, rural areas posed a greater risk of fatal
accidents, especially during nighttime.
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In Sri Lanka, there exists a significant research gap concerning RTA, particularly in the context of
GIS based spatial analysis. The scarcity of comprehensive studies and the finite availability of information
have hindered authorities from effectively launching targeted initiatives aimed at reducing road accidents.
Consequently, there is a pressing need for more rigorous GIS based spatial modeling that can provide a
nuanced understanding of spatial temporal patterns of RTA and contribute to evidence-based policy making
in Sri Lanka. Addressing this gap is essential for developing effective strategies to enhance traffic safety and
reduce the burden of RTA related fatalities and injuries within the country. In this context, the objectives
of this study were: (i) evaluating spatial and temporal variations of RTA within the Matara urban area; (ii)
identifying characteristics and behaviour of RTA; (iii) examining factors that influence the RTA in the Matara
urban area and providing actionable insights for local authorities and policymakers. The significance of this
research lies in its potential to enhance public safety and inform urban planning in the City of Matara. By
understanding the patterns and trends of RTA, stakeholders can prioritize infrastructure improvements,
implement effective traffic management strategies, and allocate resources more efficiently. Ultimately, the
findings may contribute to lowering the occurrence and intensity of RTA, thereby protecting lives, and
minimizing economic losses associated with these accidents in the area.

2 Previous Literature on GIS-Based RTA Analysis

Since 1990s, numerous studies have focused on GIS based RTA analysis, modeling, and their appli-
cations in traffic safety in both spatial and temporal dimensions using real world data. Areas of analysis
applicable to this field include; hotspots, intersections, segment, cluster, density, pattern, proximity, spatial
query analysis, and auto correlation analysis etc. The study conducted by Bhele et al. [26] uses Kernel Density
Estimation (KDE) and temporal trend analysis with QGIS/ArcGIS to identify road accident hotspots in
Nepal from 2019 to 2023, highlighting patterns based on severity and location. Alsahfi [27] analyzes five
years (2019-2023) of accident data from Los Angeles, Sacramento, San Diego, and San Jose using space-time
cube analysis, DBSCAN clustering, KDE, and Getis-Ord Gi* methods to map trends in accident severity
and density. Hazaymeh et al. [28] investigate road accidents in the Irbid Governorate (Jordan) from 2015 to
2019 using Global Moran’s I and Getis-Ord Gi* hotspot analysis within a GIS framework, revealing spatial
clustering and the temporal evolution of accident hotspots. The study by Tola et al. [29] applied GIS-based
spatial autocorrelation and Getis-Ord Gi* analysis to four years (2014-2017) of crash data in Ethiopia, aiming
to identify and rank road traffic crash hotspots based on severity. The findings revealed high-risk areas near
the entry and exit points of Addis Ababa, underscoring the need for targeted interventions to reduce crashes
and their socio-economic impacts. The study by Bil et al. [30] analyzed traffic crashes along 3933 km of
rural primary roads in the Czech Republic from 2010 to 2018 using a spatiotemporal clustering method with
a three-year moving time window and one-day resolution. It identified three types of hotspots emergent,
stable, and disappearing. The study by Zhang et al. [31] investigates stratification heterogeneity and the
influencing factors of traffic accidents in Shenzhen using geographical detection methods. It reveals that
the causes of accidents and the primary responsible parties significantly affect fatalities and injuries, with
additional impacts from location, time, and specific behaviors. The study by Al-Omari [32] used Geographic
Information System (GIS) and fuzzy logic to predict traffic accident hotspots in Irbid City, Jordan, based on
data from 2013 to 2015, incorporating accident types, timing, fatalities, and injuries through spatial-temporal
analysis. Affum and Taylor [33] explained the creation of a safeguard assessment program to analyze accident
patterns over time. Hirasawa and Asano [34] developed an RTA analysis system utilizing GIS technology
to manage accident data, road structures, and related facilities, enabling the assessment of RTA intensities,
levels, and meteorological influences on RTA. Liang et al. [35] created an RTA evaluation framework to allow
users to identify accident-prone places, rank accident places, and visualize road accident data. In addition, it
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allows users to input and retrieve accident databases. Several studies have been conducted to identify critical
locations by establishing spatial patterns in vehicle or pedestrian accidents. Thomas [36] investigated red
areas using spatial auto correlation and kernel estimation on roads. Kim and Yamashita [37] and Levine
et al. [38] analyzed spatial patterns of pedestrian crashes in Honolulu, Hawaii, employing the k-means
clustering method. Bello [39] conducted a tiered accident analysis focusing on identifying spatial patterns of
RTA involving school children compared to other road incidents in the city, utilizing kernel density methods.
Sabel et al. [40] derived a technique using kernel estimation cluster analysis to automatically detect RTA red
spots in Christchurch, New Zealand.

Hotspot identification remains the most extensively studied area in traffic crash pattern analysis, using
methods such as KDE [41]. These methods have been shown to surpass non-spatial hotspot detection tech-
niques [42]. Moreover, current research on RTA intensity predominantly focuses on identifying contributing
causes related to specific road users [43], the number of automobiles involved in accidents [44], accident
types [45], and the prediction of crash severity [46]. Levine et al. [47] found a positive correlation between
commercial and business zones and an increase in fatal and traumatic (Injury causing) crashes. Conversely,
Kim and Yamashita [48] highlighted that residential neighborhoods posed greater risks, particularly during
peak hours. Scheiner and Holz-Rau [49] examined the relationship between road crash distributions and
residents’ locations through case studies in Germany. Few studies conducted in Bangladesh focused on GIS
based hotspots analysis to detect hotspots and discover the leading causes [50,51]. Some researchers have
used spatial statistics methods in recent works to understand the spatial and temporal characteristics of
RTA [52,53]. Soltani and Askari [54] and Lee and Khattak [55] have used spatial auto correlational techniques
to analysis crash patterns, their severity and their geographic regions. Getis and Ord [56], and Sacchi
et al. [57] have used Geo statistical methods to evaluate spatial units of RTA and examine the geographical
arrangement of crash attributes.

In Sri Lanka few previous works on GIS based RTA can be identified in Colombo and other major cities
such as Kandy and Galle. Munasighe [58] has analyzed RTA in Colombo MC using hotspot, kernel density
estimation and nearest neighbor hierarchy techniques. Except in the Colombo area Nalaka et al. [59] have
evaluated accident hotspots along southern expressway using nearest neighbor, KDE, and ordinary kriging.
Also, Desilva etal. [60] conducted research to analysis traffic crashes and built environmental characteristics
in Galle police area using GIS based hotspot mapping. Gaspe et al. [61] have conducted another study, as a
pilot survey, in Kandy MC using fatal accidents reported during 2000-2008 to identify the spatial patterns
of RTA using ArcGIS tools. This review played a contributing role in our research by shaping, justifying, and
informing its relevance, rigor, and contribution to the field. Further, it allowed us to familiarize ourselves with
existing knowledge, theories, methods, and arguments while identifying existing gaps where future research
work is essential.

3 Materials & Methods
3.1 Study Area

Matara, a vibrant city located on the southern coast of Sri Lanka, serves as a significant hub for
commerce and tourism. According to recent population reports, the city had a resident population of
88,558 in 2022. Matara has become a critical starting point (launchpad) for a nationally and regionally
important road network that spans the island, including the southern expressway, the Colombo-Beliatta
railway line, and the Colombo-Wellawaya main road. The city is also home to well-established education
infrastructure, featuring one of Sri Lanka’s national university, numerous reputable schools. It also hosts
essential healthcare facilities, including the Matara General Hospital. These factors, combined with a thriving
fishing industry and various tourist attractions, have drawn a substantial population from surrounding areas,
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further increasing urban density and commuting. The city’s strategic location along the southern expressway
significantly enhances its connectivity to other major urban centers, driving economic growth and elevating
road traffic. The rapid urbanization and surge in transportation activities have raised critical concerns
regarding road safety, particularly in relation to road traffic accidents. The Matara Divisional Secretariat
Division (DSD), encompassing the city and its surrounding areas, has witnessed notable fluctuations in
road traffic incidents over recent years (Fig. 1). Understanding the spatial-temporal variations in accidents is
essential for formulating effective interventions and policies aimed at improving road safety.
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3.2 Materials

RTA records for the year 2023 from the Matara police station’s First Information Reports (FIRs) were
reviewed to identify accident-prone locations for this research [62]. Due to limitations in data availability
and institutional access, this study focused exclusively on road accident data from the year 2023. While the
use of single-year data may limit longitudinal analysis, it nonetheless provides a critical and timely snapshot
of current spatial accident patterns within the Matara DSD.

The spatial distribution, clustering tendencies, and hotspot identification derived from GIS analysis are
still highly valuable for short-term planning and policy interventions. Moreover, the 2023 dataset represents
the most recent and complete record available at the time of the study, ensuring the relevance and immediacy
of findings. Future research can extend this work by incorporating multi-year datasets when they become
accessible, enabling trend analysis and deeper statistical rigor.

Based on the information recorded in the FIRs, field visits were conducted to the accident sites, and
GPS coordinates were recorded using an android supported CTDroid Sri Lanka GPS tracking system
(version 4.5). These coordinates were then imported to ArcMap environment in order to visually highlight
the accident-prone areas within the Matara DSD. Reproduced data were gathered from various sources,
including online available research papers, census reports and government statistics.

3.3 Methodology

For data analysis, descriptive and quantitative techniques were employed. Fig. 2 shows the method-
ological procedure applied for the research. The qualitative approach involved description of RTA trends,
characteristics, reasons, and effects, that were examined and illustrated using Microsoft Excel 2021. In
contrast, the GIS techniques included severity, density, cluster, and hot spots which were performed using
ArcMap 10.8 developed by the Environment Systems Research Institute. The spatial dataset consisted of geo-
referenced RTA point data obtained from local traffic police records for the year 2023. The data underwent
a multi-step pre-processing procedure to ensure accuracy and consistency. These steps were; data cleaning:
duplicate entries, missing coordinates, and incomplete or inconsistent records were identified and removed;
geocoding: accident locations were geocoded manually using google maps and verified through cross-
referencing with known landmarks and road intersections in the study area; projection and spatial resolution:
All geospatial data were projected using the WGS 1984 UTM Zone 44N coordinate system. For raster-
based spatial analysis, a resolution of 100 meters per cell was applied. This resolution was selected as a
balance between capturing local variations in accident density and minimizing noise or over-generalization
in the output.

The application of spatial analytical techniques such as KDE, Getis-Ord Gi* (GiZscore), and Moran’s
I in this study is grounded in their established effectiveness in identifying spatial patterns and clusters of
RTAs. KDE is widely used to visualize and estimate the intensity of point events over a continuous surface,
facilitating the identification of high-risk zones or “hotspots” of RTAs. This method has been effectively
applied in diverse geographical contexts, such as in Tehran, Iran, and Mumbai, India, where it enabled the
detection of accident-prone locations for targeted interventions. The Getis-Ord Gi* statistic complements
KDE by statistically confirming the presence of significant hotspots and cold spots through spatial clustering
analysis. Its application in studies such as those in Ghana and South Africa has demonstrated its robustness
in validating RTA concentration in areas beyond visual inspection. Furthermore, Moran’s I, a global spatial
autocorrelation measure, is essential for quantifying the overall spatial dependence of accident occurrence,
determining whether the spatial distribution of RTAs is clustered, dispersed, or random. Its utility has
been demonstrated in research conducted in China, providing critical insights into the spatial dynamics of
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accidents. These spatial methods collectively enable a comprehensive understanding of the spatial structure
and distribution of RTAs, offering evidence-based guidance for localized traffic safety interventions.
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Figure 2: The flowchart illustrates the methodology of the study, outlining the step-by-step process

The selection of parameters, particularly the bandwidth for KDE, was guided by Exploratory Spatial
Data Analysis (ESDA) and aligned with spatial distribution characteristics and study area size. A fixed
bandwidth approach was used based on the average nearest neighbor distance of accidents, ensuring
sensitivity to localized patterns while minimizing over-smoothing. For Getis-Ord Gi* and Moranss I, spatial
weights were defined using inverse distance methods, and assumptions such as spatial stationarity and
normality of residuals were considered during interpretation. While formal cross-validation or sensitivity
testing was limited due to dataset constraints, the methods were applied following standard practices in
spatial epidemiology and transportation geography. Future studies will aim to incorporate robust validation
strategies such as Monte Carlo simulations, bandwidth sensitivity analysis, and temporal cross-checking,
subject to data availability. These analytical methods are elaborated in the sub-sections below.

3.3.1 Severity Index (SI)

This index used to assess the gravity of accidents upon 2023 accident data. A higher value of the index
demonstrates a more severe accident, which is directly associated with higher costs. The index was based on
the Belgian severity weighting system, with assigning 5, 3, 1 weights for fatal, serious, and minor accidents,
respectively [63]. Due to the lack of statistical data for above three categories for each RTA locations 25
main junctions were defined to calculate the SI index. Then the locations with a SI value greater than 12
were considered as accident black spots. While this approach provides valuable insights into the most critical
nodes within the city’s traffic system, it may underrepresent severity patterns in peripheral or low-density
areas. Future studies should aim to expand the SI analysis to a broader spatial scale, contingent upon the
availability of granular severity data across all recorded accident points. This would enable a more inclusive



714 Revue Internationale de Géomatique. 2025;34(1)

and representative assessment of accident severity across the entire urban area. The SI was derived using the
below Eq. (1) [63]:

SI=5xD+3xS+1xL 1

In the equation severity index for each location is explains by SI, while D refers total number of deaths,
S stands for total number of serious injuries, and L indicates the total number of minor injuries.

3.3.2 Cluster Analysis

This is a method used to quantify spatial auto correlation. This was used to examine the distribution
pattern of accidents by considering the positions and feature values [64]. Then, to assess whether accidents
are distributed randomly, clustered or dispersed by analyzing the whole dataset. High positive spatial auto
correlation indicates that similar values are grouped together, while negative auto correlation suggests the
dispersion. Moran’s I and Geary’s C are the most popular indices of spatial auto correlation. Moran’s I values
range from —1 to 1 and value close to 1 suggests the presence of spatial auto correlation and a clustering trend,
while a value near to —1 indicates that the data are scattered and discontinuous. Moran’s statistic is computed
based on the weight matrix using the fundamental Eq. (2) as shown below [64]:

I’lZZW,’j (X,'—E) (XJ—E)

I= —2
wy (x; — %)

)

where,
x; = The interval variable’s value in areal units i
w;j = Spatial weight between i and j

For Moran’s I, we applied the Global Moran’s I to assess overall spatial autocorrelation and validated
the results through Monte Carlo simulations (999 permutations) to ensure statistical significance, following
standard practices. This confirmed that the spatial patterns observed were not due to random chance.

3.3.3KDE

This is a non-parametric technique used to assess the probability density function of a random variable.
In this research, the KDE was applied to create a heat map that illustrates the variation in RTA statistics,
ranging from high to low. This method measures the likelihood of RTA occurring at any predefined place on
the map. The two major variables that significantly influence the KDE technique are cell size and bandwidth.
In this study, a bandwidth value of 500 m and a cell size of 100 m were used to visualize RTA hotspots
effectively in similar studies of Katun et al. [63]. The KDE was computed using the below Eq. (3) [63]:

1 & di
)= — Y K= 3
Feen =2k () ®)

In above equation f(x, y) indicates the density estimate of the location (x, y), n denotes observation
numbers, h refer bandwidth, K stands for kernel function, and di denotes distance between the location (x,
y) and the target location. For KDE, the bandwidth (500 m) critically influences the smoothing and accuracy
of the resulting density surface. We initially determined the bandwidth using Silverman’s rule of thumb, a

well-established method in spatial point pattern analysis that balances the risk of over- and under-smoothing.

To ensure the robustness of hotspot identification, we conducted sensitivity testing by applying mul-
tiple bandwidth values ranging from 300 to 800 m. This allowed us to observe the impact of different
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smoothing levels on hotspot patterns. The 500-m bandwidth was ultimately selected because it provided the
clearest spatial differentiation of accident clusters without introducing artificial fragmentation or excessive
generalization.

Additionally, a cell size of 100 meters was used for the raster output, aligning with the spatial resolution
of other datasets and ensuring an appropriate level of detail for urban-scale analysis. This combination of
informed parameter selection and iterative validation supports the reliability of the KDE-based hotspot
results presented in this study.

3.3.4 Hotspots Analysis

This was conducted using the statistics of RTAs to identify the locations of clusters. Accident hot spots
are defined as areas where there is an unusual concentration of crash patterns that employs the Getis-Ord Gi*
statistic to detect clusters of geographical frequencies. This statistic measures the extent to which weighted
points are concentrated and detects mathematically influential hot spots and cold spots. The Getis-Ord local
statistic is represented by the following Eq. (4) [63,64]:

n - n
- D WijXj =X X i Wij

N )

(4)

n-1

In this equation n stands for the number of attributes, while the attribute value for feature j denotes by x;,
w; j indicates the spatial weights between the feature i and j. S refers the standard deviation of all attributes. In
the case of Getis-Ord Gi* (GiZscore), we ensured that statistical assumptions were met by using z-score and
p-value thresholds to identify statistically significant clusters at a 95% confidence level. The spatial weight
matrix was defined using the fixed distance band method, which maintains consistency in spatial interactions
and has been widely adopted in urban accident clustering studies.

4 Results

4.1 General Trend of RTA

The analysis of RTA statistics from 2020 to 2023 offers insights into accident trends within the Matara
DSD. According to Table 1 and Fig. 3, a total of 785 accidents occurred during the four-year period, resulting
in 55 fatalities. The highest number of accidents was recorded in 2020 (245 incidents), while the lowest was in
2023 (153 incidents), showing an overall decline in accident frequency. Although no statistically significant
linear trend was observed, these yearly fluctuations highlight the importance of understanding temporal and
behavioral factors influencing RT incidents, which are explored in subsequent sections.

Table 1: Summary of reported road accidents in Matara DSD from 2020 to 2023

Year 2020 2021 2022 2023

Fatal 17 08 16 14
Serious 36 30 69 36
Minor 192 115 74 178
Total 245 153 159 228
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Road Accident Trends 2020-2023
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Figure 3: Yearly trend of reported RTAs in Matara DSD from 2020 to 2023

4.2 Temporal Patterns of RTA

In this study, the temporal distribution of RTAs was analyzed using defined time intervals that
correspond to key traffic activity periods. The time intervals were categorized as (Morning peak: 06:00 a.m.
to 10:59 a.m., Afternoon peak: 11:00 a.m. to 04:59 p.m., Evening peak: 05:00 p.m. to 07:59 p.m., Late night:
08:00 p.m. to 11:59 p.m., Night: 12:00 a.m. to 05:59 a.m.). These intervals were selected based on typical daily
traffic flow patterns observed in urban Sri Lankan contexts, reflecting work commutes, school hours, and
late-night travel behavior.

The temporal evaluation of road traffic accidents in the Matara DSD, considering modified time
intervals for different periods, shows a significant variation in accident frequency and severity across different
times of the day. Fig. 4 shows the road accidents distribution across peak hours in Matara DSD. The analysis
of road traffic accidents in the Matara DSD reveals notable temporal patterns in accident occurrence, with
the most of accidents occurred during the afternoon peak (11:00 a.m. to 4:59 p.m.). This time period, often
characterized by a mix of post-lunch traffic, school-related congestion, and commuters returning home, sees
a notable increase in accident frequency.

Spatially, the accident hotspots are concentrated around areas such as Hitthatiya, Ellawella Junction,
Isadeen town, Rahula Junction, Nupe Junction, Welegoda, Godagama, Palatuwa, and bus stand area. These
locations are particularly vulnerable due to a combination of heavy vehicle traffic, complex road layouts,
and pedestrian activity. For instance, Rahula Junction and Nupe Junction are both major traffic hubs, with
frequent intersections and high pedestrian movement, particularly during school hours, contributing to
higher accident rates. Hitthatiya and Ellawella Junction are critical points where traffic congestion and
complex intersection designs may lead to accidents, including severe or fatal crashes.

The area around the bus stand, where people congregate and cross the road, also see a higher frequency
of accidents due to the interaction between vehicles and pedestrians. These zones, characterized by poor
traffic flow management and a mix of vehicle types, see both minor collisions and more severe accidents,
sometimes involving pedestrians. The increased accident severity is observed in these areas, particularly
during the afternoon peak.
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Road Accident Distribution
across Peak Hours in Matara DSD -2023
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Figure 4: Temporal distribution of RTAs during peak hours in Matara DSD for the year 2023 (a-e)

4.3 Accident Characteristics Analysis

The majority of accidents occurred near the city center along the Colombo-Wellawaya Road. In addition,
accidents were also concentrated near the southern expressway exit and Rahula Junction. The area around
the southern expressway exit is a hotspot for accidents, likely due to high vehicle traffic exiting the area.
Rahula Junction is also a significant accident-prone location, as it is situated near Rahula national school
and several other well-known schools, leading to increased vehicle presence and pedestrian activity. Along
the Colombo-Wellawaya main road, accidents are notably frequent, with specific locations such as in front
of Asiri hospital in Nupe, near the Matara bodhiya pedestrian crossing, and close to the main bus stand in
Matara standing out as key accident zones.

Several factors cause to the occurrence of TRA and these factors can be classified into three main groups:
vehicle-related factors, human factors, and road environment factors, as illustrated in Fig. 5. In 2023, the
primary cause of road accidents was driver negligence (57%), which contributed significantly to the overall
accident rate. Other notable factors included aggressive driving (14%), and driving under influence (8%),
both of which were responsible for a considerable number of accidents. Additionally, issues like driving on
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the wrong side, and improper overtaking also played a role in causing accidents. Slippery road conditions
and vehicle-related issues were less frequent but still contributed to the overall accident statistics. Out-of-
control driving was another contributing factor, highlighting the importance of maintaining proper control
over the vehicle at all times.
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Figure 5: Breakdown of the main contributing factors to RTAs in Matara DSD during 2023

4.4 RTA Hotspots Analysis

The analysis of accident hot spots and cold spots highlights key areas requiring focused attention to
enhance road safety. With 95%-99% confidence scales, 6 locations were found to be RTA hot spots, these
are illustrated in Fig. 6. Accident hot spots, identified in dark blue, are locations with high accident density,
including Hitthatiya, Ellawella Junction, Isadeen town, Rahula Junction, Welegoda, and Thihagoda area.

These areas likely suffer from issues such as heavy traffic, inadequate road infrastructure, poorly
designed intersections, and insufficient pedestrian safety measures, leading to to the high intensity of
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accidents. In contrast, coldspot areas, shown in yellow, have a low accident density, but these regions still
need monitoring to ensure that they do not become accident-prone due to under reporting, changing
traffic conditions, or deteriorating infrastructure. Moderate accident density areas, marked in green, require
attention to factors such as road conditions, driver behavior, and traffic regulation. Overall, targeted
interventions in the identified hotspot areas, coupled with continued surveillance of coldspots, will help
improve road safety and reduce traffic-related incidents across the region.
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Figure 6: RTA hotspots and coldspots at Matara in the year 2023

4.5 RTA Hotspots Based on GiZscore

The Getis-Ord Gi* (GiZscore) analysis offers a statistically robust method for identifying spatial clusters
of high and low accident intensities. The calculated Z-scores ranged from —1.73 to 2.10, indicating varying
degrees of spatial clustering in accident occurrences. These Z-scores are associated with p-values that signify
the statistical confidence with which a point can be identified as part of a significant hotspot or cold spot.
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Specifically: Z-scores > £1.65 correspond to a 90% confidence level (p < 0.10), Z-scores > +£1.96 to a 95%
confidence level (p < 0.05), Z-scores > £2.58 to a 99% confidence level (p < 0.01).

Points in red colour on the map (Fig. 7) represent statistically significant hotspots (positive Z-scores),
while blue points indicate cold spots (negative Z-scores), where accident incidence is lower than expected.
The highest confidence clusters (Z > 1.96) were found at Hittatiya Junction, Rahula Junction, Isadden
Junction, Kumaradasa Junction, Nupe Junction, Asiri Hospital, and Godagama Junction. These areas are
flagged as high-priority locations for intervention based on both the frequency and spatial significance of
accident occurrences. The identification of these clusters provides actionable insights for urban planners and
traffic safety authorities. The statistical significance strengthens the reliability of hotspot designation and
minimizes the likelihood of random chance influencing the observed patterns.

Identified RTAs Hotspots in 2023 Using GiZ Score Analysis
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Figure 7: Spatial distribution of RTAs hotspots in 2023, identified using the GiZ score [Note: High GiZ values indicate
statistically significant clustering of accidents]

4.6 RTA Severity

Based on death, serious injuries, and minor injuries the SI values were calculated for 25 main junctions
in the study area and RTA black spots was identified accordingly (Table 2 and Fig. 8). Nupe junction, bus
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stand and police station junction stand out due to high SI values as 16, 15, 14, 13, 12 due to considerable
concentration of RTA. Kumaradasa, Godagama and Buddhist college junction was not identified as black
spots due to their low SI values as 1, 2, 3, respectively. Thus, the roads in and around city center illustrates a
high prevalence of severe RTA according to RTA data from 2023.

Table 2: Identified RTA black spots in Matara DSD based on severity index (SI) values

ID Black spot SIvalue Rank
1 Nupe junction 16 Ist
2 Bus stand 15 2nd
3 Police station junction 14 3rd
4 Hospital junction 13 4th
5 Bodhiya junction 12 5th
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Figure 8: Spatial distribution of the RTA severity index in Matara DSD

4.7 Cluster Pattern of the RTA

The spatial auto correlation analysis (Moran’s I) of RTA for the year 2023 reveals an observed z-score
value of —1.085 and a p-value of 0.2775 (Fig. 9). A negative z-score indicates that there is a tendency for
accidents to be dispersed rather than clustered, suggesting that accidents are spread out across different
locations rather than occurring in concentrated hotspots. The p-value of 0.2775, which is higher than the
typical significance threshold of 0.05, further supports the conclusion that the geographical variations of
accidents in 2023 is not statistically significant in terms of clustering. In other words, the accident data does
not show a strong spatial pattern, and the accidents appear to be randomly distributed across the study area.
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Given the z-score of -1.08590208299, the pattern does not appear to be significantly different
than random.

Figure 9: Spatial autocorrelation of road accidents in 2023 based on Moran’s I analysis

While the global Morans I statistic (z = —1.085; p = 0.2775) indicates no statistically significant overall
spatial clustering of road traffic accidents in the study area, this does not preclude the existence of localized
hotspots. Global Moran’s I captures the broad spatial trend and is sensitive to uniform or widespread
clustering across the entire region. However, road accidents are often the result of localized risk factors such as
traffic volume, road geometry, or junction complexity which may not significantly influence the global index.

Therefore, complementary spatial techniques such as Getis-Ord Gi* and KDE were employed to detect
local patterns of significance. These methods revealed specific locations such as Hittatiya Junction, Rahula
Junction, and Nupe Junction with statistically significant clustering of accidents at the local level. This multi-
scale analytical approach is widely adopted in spatial epidemiology and accident research, as it enables the
detection of fine-grained spatial heterogeneity that may be masked in global statistics. Hence, the lack of
global clustering does not contradict the identification of localized high-risk zones; instead, it highlights the
spatial variability of risk within an otherwise spatially dispersed dataset.

4.8 Results of KDE

The KDE map for RTA in 2023 in Fig. 10 demonstrates a spatial representation of accident occurrences
across the area. The values on the map range from 0 to 945,067, with the blue color areas representing regions
with the highest accident occurrences, ranging from 592,983 to 945,067 accidents. These blue zones indicate
areas with a high concentration of accidents, suggesting that these locations are particularly prone to frequent
traffic incidents. The areas marked in blue with high accident density likely experience significant traffic
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congestion, poorly designed roadways, or a combination of both. These areas may also be characterized by
increased pedestrian movement, inadequate road safety infrastructure, or a higher volume of vehicles. In
contrast, areas with lower accident occurrences are represented by values closer to 0, indicating relatively
safer regions with fewer accidents. While these areas are less prone to accidents, continued monitoring and
maintenance of road safety measures are still necessary to ensure that they remain low-risk. The kernel
density map helps in identifying where focused interventions should be made, allowing for more effective
resource allocation and safety improvements.
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Figure 10: KDE map showing the spatial intensity of RTAs in Matara City for the year 2023

5 Discussion

5.1 Spatial Patterns of RTA and Effect of Severity Factors

The geo spatial analysis of RTA identified critical hotspots along major routes such as the Colombo-
Wellawaya road, near the southern expressway exit, and Rahula Junction. These findings align with similar
studies, such as those by Prasannakumara et al. (2011) in Thiruvananthapuram, Kerala, and Kaygisiz et al.
(2015) in Tunisia, which observed high accident frequencies in areas with significant urban intersections
and dense pedestrian activity [65,66]. In Matara, hotspots were concentrated in locations with complex
road conditions, heavy vehicle traffic, and increased pedestrian presence; particularly during school hours.
The severity of accidents in these areas was linked to the high vehicle volume and pedestrian interaction,
consistent with findings from studies in other regions where intersections, major road networks, and
pedestrian hubs significantly contribute to accident hotspots. Moreover, the spatial patterns of accident
severity were similar to those in studies by Kaygisiz et al. (2015), where high-speed roads with complex
junctions and heavy traffic led to more severe crashes [66]. The Southern Expressway exit, for example,
exhibited a higher likelihood of serious accidents due to the combined effect of high-speed traffic and
congestion during peak hours.
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5.2 Temporal Patterns and Effects of Severity Factors

The temporal distribution of RTA revealed a peak during the afternoon hours (11:00 a.m. to 4:59 p.m.),
a pattern that is consistent with the results of Erdogan et al. [67], and Soltani and Aksari [54]. These studies
identified high accident frequencies during specific time frames, such as weekends or peak hours. In Matara,
the peak coincided with school hours, particularly near Rahula Junction, where the combined presence
of vehicles and pedestrians heightened accident risks. The study also found that severe accidents occurred
more frequently during nighttime, a trend similar to that observed in Khatun et al. [63], where nighttime
accidents were linked to poor visibility and high-speed driving. These findings highlight that both temporal
factors, such as the time of day, and environmental conditions, such as, lighting, significantly contribute to
the severity of accidents.

5.3 Implications for RTA Prevention & Mitigation

These findings suggest several implications for accident prevention, which align with recommendations
from other studies. In particular, the hotspots identified along Rahula Junction and the southern expressway
exit call for targeted interventions such as enhanced pedestrian facilities, optimized traffic signal systems, and
improved road design. These suggestions are similar with the recommendations of Aati etal. [68] and Khatun
et al. [63], who emphasized better traffic management, stricter enforcement of traffic regulations, and road
safety infrastructure. Additionally, focusing on reducing accidents during peak traffic hours, particularly in
areas with high pedestrian activity, could help mitigate the risks. The need for improved enforcement of traffic
regulations and raising awareness on driver behavior is also crucial. The study aligns with Soltani and Aksari,
and Khatun et al. which identified driver negligence and speeding as major contributors to accidents [54,63].
By strengthening traffic enforcement, particularly during peak times, and promoting better driving habits,
the risks associated with these factors could be significantly reduced.

The spatial and temporal patterns identified in this study have direct implications for public health
and traffic safety policy in the Matara DSD. The KDE and GiZscore results highlight critical accident
hotspots such as Nupe Junction, Rahula Junction, and the bus stand area, which require immediate attention
from urban planners and traffic authorities. Interventions in these zones should prioritize pedestrian safety
through the installation of signalized crosswalks, improved street lighting, and traffic calming measures.
Moreover, the finding that driver negligence is the leading cause of accidents underscores the need for
targeted awareness campaigns, driver training programs, and stricter enforcement of road safety laws,
particularly during afternoon peak hours when accidents are most frequent. Alcohol-related and aggressive
driving incidents also warrant enhanced police monitoring and public education, especially around nightlife
zones. At the policy level, this study supports the establishment of a data-driven traffic accident management
framework that integrates spatial analysis into urban road safety planning. The identification of blackspots
and high-severity zones can also inform ambulance placement, trauma care access, and resource allocation
for first responders contributing to reduced morbidity and mortality associated with road traffic injuries.

5.4 Limitations and Future Directions

This study focused exclusively on road traffic accident data from the year 2023, which offered the
most complete and reliable dataset at the time of analysis. While this single-year snapshot allows for the
identification of current spatial patterns, high-risk locations, and behavioral factors contributing to accidents,
it inherently limits the temporal robustness of conclusions regarding long-term trends or inter-annual
fluctuations. We recognize that accident rates and spatial concentrations may vary across years due to
changes in traffic volume, enforcement policies, infrastructure development, or external events (e.g., weather,
public holidays, or socio-economic conditions). Future research should incorporate multi-year accident



Revue Internationale de Géomatique. 2025;34(1) 725

datasets to enable temporal trend analysis and better assess the stability of identified hotspots over time.
Such longitudinal analyses would also support the development of more sustainable and adaptable road
safety policies. This limitation is noted in studies like those by Gedamu et al. [64], where long-term data
analysis is critical for understanding shifts in accident trends and assessing the success of safety measures.
Additionally, the study did not consider external factors such as weather conditions, which could influence
both the frequency and severity of accidents. Other research, such as that by Khatun et al. [63] suggests
that incorporating environmental factors like seasonal variations and weather conditions would enhance
the comprehensiveness of future analyses. Furthermore, the study did not include detailed information
on driver behavior, which plays a significant role in accidents. While this study utilizes available official
records to incorporate key aspects of driver behavior, such data is often aggregated and lacks detailed context
on individual decision-making processes. We acknowledge this limitation and emphasize the importance
of future research incorporating more granular behavioral data such as real-time driver monitoring or
telematics-based assessments to more systematically understand and model the impact of driver behavior
on road safety outcomes. Studies conducted by Soltani and Aksari [54] and Erdogan et al. [67] emphasize
that factors such as speeding, alcohol consumption, and poor driving habits contribute significantly to
accidents. Future research should focus on integrating behavioral data to gain a deep understanding of
accident causality. Another limitation is the lack of a comparison of accident trends before and after safety
interventions, which would provide more clarity on the effectiveness of implemented measures. Future
studies could address this by expanding the study period to include pre- and post-intervention data, thereby
enabling a more robust evaluation of safety measures. In summary, future research in Matara should
aim to integrate long-term data, weather conditions, and driver behavior to create a more comprehensive
understanding of traffic accidents and their causes. Additionally, the inclusion of a comparative analysis of
accident data before and after interventions would help assess the effectiveness of safety measures, ultimately
contributing to improved road safety strategies in the region.

One limitation in interpreting the findings lies in the absence of directly comparable studies using
spatial analytical tools in the Sri Lankan context, particularly for Matara. While several studies have assessed
road traffic accidents using descriptive statistics or regression models, few (if any) have applied GIS-based
techniques such as KDE, Getis-Ord Gi*, or Moran’s I within the country. As a result, this study represents
a pioneering effort to spatially quantify accident risk at a sub-city level in Sri Lanka. In the absence of
direct benchmarks, we referred to broader studies in South Asia such as hotspot analyses in India (e.g.,
Mumbai, Bengaluru) and Pakistan, which report similar trends in urban areas: accident hotspots are typically
concentrated around high-volume intersections, commercial centers, and near transit hubs. The spatial
concentration of accidents near Rahula Junction and Hittatiya Junction in Matara mirrors these international
patterns, indicating a degree of external validity despite the local focus. Future research can build on this
foundational work to develop national or regional spatial benchmarks for urban accident risk in Sri Lanka,
enabling more robust cross-city comparisons and performance tracking over time.

6 Conclusion

This study examined the spatial distribution of RTAs in the Matara DSD using GIS-based spatial
analysis techniques. The findings identified several high-risk accident zones particularly along the Colombo-
Wellawaya road, the southern expressway exit, and Rahula Junction characterized by high traffic volumes,
complex road layouts, and a mix of pedestrian and vehicular movement. KDE and GiZscore analysis
confirmed these as accident hotspots with significantly high accident densities. Conversely, the Moran’s
I spatial autocorrelation analysis revealed a relatively dispersed pattern of accidents across the region,
indicating that while certain hotspots are prominent, RTAs are not exclusively confined to these locations.
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Driver behavior specifically negligence, aggressive driving, and alcohol consumption- was identified as a
major contributing factor to accidents, more so than road or vehicle-related issues. Based on these insights,
the study recommends a series of targeted interventions including infrastructure improvements in high-
risk areas, stronger enforcement of traffic laws, especially against speeding and drunk driving, increased
police presence at critical junctions, deployment of surveillance technologies (e.g., traffic cameras), public
education and awareness campaigns, especially around schools and busy pedestrian zones. In summary,
while RTAs are distributed across the Matara DSD, certain hotspots demand urgent attention. In response, we
recommend site-specific interventions, including Rahula Junction & Isadeen Town: installation of pedestrian
overpasses or signalized crosswalks due to high student and pedestrian traffic; Hittatiya and Godagama
junctions: redesign of intersection geometry and signal synchronization to reduce vehicle conflict points;
Southern expressway exit: improved signage, speed bumps, and road surface markings to better regulate
merging traffic and reduce high-speed conflicts; Enhanced law enforcement, particularly night-time DUI
checkpoints and speed enforcement along Colombo-Wellawaya road. Implementing these recommenda-
tions alongside continuous monitoring and evaluation can substantially reduce accident rates and enhance
traffic safety in the region.
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