
12

Transportation Development Research | Volume 04 | Issue 01 | May 2026

Japan Bilingual Publishing Co.

Transportation Development Research

https://ojs.bilpub.com/index.php/tdr

ARTICLE

A Composite Geospatial Index for Road Safety Risk: Integrating 
Crash Data with Roadway Characteristics

Siqing Chen 

Melbourne School of Design, Faculty of Architecture Building and Planning, University of Melbourne, Parkville 3010, 
Australia

ABSTRACT

Road traffic accidents pose significant threats to public safety and urban infrastructure. While effective safety man-
agement is a critical component of sustainable transportation planning and public health, traditional approaches often 
rely heavily on identifying historical crash hotspots. These reactive methods frequently fail to account for the intrinsic 
environmental risk factors or overlook segments where crash frequency is low, yet the potential for severe outcomes re-
mains high. To address this limitation, this paper presents a proactive, multi-factor geospatial model for calculating a 
comprehensive Road Safety Risk index at the individual road-segment level. Utilizing the City of Manningham, Vic-
toria, as a case study, the research employs a GIS framework to synthesize official road network and historical crash 
data. The model incorporates four distinct risk dimensions: (1) accident frequency normalized by segment length; (2) 
a weighted accident severity index prioritizing serious incidents; (3) a normalized Speed Zone Factor; and (4) a Road 
Class Factor accounting for the functional hierarchy of the road network. The resulting risk map provides a granular and 
nuanced visualization of risk distribution, clearly identifying high-risk arterial corridors and intersections. Crucially, the 
analysis highlights road segments that, despite lower crash locations, pose significant threats due to a confluence of high 
speeds, road function, and crash severity. This replicable model serves as a powerful evidence-based tool for transport 
authorities, enabling a paradigm shift from reactive mitigation to proactive safety management.
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1.	 Introduction
Safe and efficient flows of people and goods in cities 

are a foundational pillar of modern urban life. However, 
the persistent challenge of road traffic accidents represents 
a significant threat to this ideal, imposing immense social, 
economic, and human costs on communities worldwide. 
Road safety reports present a serious global problem: an-
nually, around 1.35 million people are victims of fatal 
general traffic crashes [1]. In the context of contemporary 
urban planning, the pursuit of road safety extends far be-
yond mere incident reduction; it is intrinsically linked to 
the broader goals of creating sustainable, liveable, and 
healthy cities [2–4]. The perception of traffic danger, particu-
larly for vulnerable road users such as pedestrians and cy-
clists, directly influences travel behavior [5,6]. Environments 
perceived as unsafe actively discourage active transport 
modes like walking and cycling, leading to increased car 
dependency, reduced physical activity, and negative envi-
ronmental outcomes [7]. Consequently, a paradigm shift is 
underway in transportation planning, moving away from 
a primary focus on vehicle mobility towards a more holis-
tic, systems-based approach that prioritizes the safety and 
accessibility of all road users [8]. However, this shift also 
necessitates the development of specialized, data-driven 
tools capable of diagnosing different types of risk across 
the complex hierarchy of the urban road network.

The current state of research and practice in road 
safety analysis has traditionally relied on reactive methods, 
most notably the spatial identification of crash hotspots 
and black spots [1,5,9,10] using techniques like Kernel Density 
Estimation [11,12]. These techniques, which map clusters of 
historical incidents, are valuable for identifying locations 
with a proven history of failure. However, this approach 
has critical limitations. It is inherently reactive, requiring 
a pattern of crashes to emerge before a location is flagged 
for intervention [8]. Furthermore, it often fails to explain the 
underlying causal factors, treating the road network as a 
passive backdrop rather than an active contributor to risk. 
This overlooks the reality that the intrinsic characteristics 
of a road segment, such as its designed speed, functional 
classification and geometry, are powerful determinants of 
both crash likelihood and severity [13]. This is particularly 
true for the primary road network, where high speeds and 

traffic volumes create a fundamentally different risk envi-
ronment compared to local residential streets. The research 
field, therefore, faces a critical need for proactive models 
that can assess risk holistically by integrating historical 
crash data with the inherent risk factors of the road envi-
ronment itself.

This paper addresses this gap by developing and 
applying a multi-factor geospatial model specifically de-
signed to identify high-risk corridors within the primary 
road network, where the majority of fatal and serious in-
jury crashes occur. The model’s scope is therefore pre-
dominantly vehicle-centric, focusing on the systemic risks 
inherent in the design and operation of arterial roads and 
freeways. The model moves beyond simple incident counts 
to incorporate four distinct variables: normalized acci-
dent frequency, weighted accident severity, and two key 
environmental risk indicators—a Speed Zone Factor and 
a Road Class Factor. The primary aim of this work is to 
demonstrate the efficacy of this composite model as a tool 
for proactive safety management, using the City of Man-
ningham, Victoria, as a case study. Through the successful 
application of this methodology, a nuanced and actionable 
risk map was developed, showcasing the model’s ability to 
provide transport planners with a more comprehensive un-
derstanding of where and why risks exist on the urban road 
network.

2.	 Literature Review
Following the paradigm shift from reactive hotspot 

identification to proactive risk assessment, a substantial 
body of research has emerged to understand the multi-
faceted nature of road traffic safety. This literature can 
be broadly categorized into three key areas that direct-
ly inform the development of a multi-factor risk model: 
the application of geospatial techniques to uncover crash 
patterns, the identification of specific roadway and envi-
ronmental risk factors, and the advancement of statistical 
methods for modeling crash data.

Geographic Information Systems (GIS) have become 
an indispensable platform for road safety analysis, provid-
ing the foundational tools to store, manage, and visualize 
the spatial components of crash data [14]. The most funda-
mental application of GIS in this field is the identification 
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of accident hotspots. Early approaches relied on simple pin 
maps, but methodologies have become increasingly so-
phisticated. Kernel Density Estimation (KDE) is a widely 
used technique that moves beyond discrete points to create 
a continuous surface map of crash densities, offering an 
intuitive visualization of where incident concentrations are 
highest [9,15]. While powerful for visualization, KDE does 
not inherently confirm the statistical significance of these 
clusters. To address this, researchers frequently employ 
spatial statistical methods like the Getis-Ord Gi* statis-
tic. This tool formally identifies statistically significant 
hotspots and cold spots (clusters of low values), allowing 
analysts to distinguish between true spatial patterns and 
random chance [10,16]. These geospatial techniques provide 
the critical “where” that guides further investigation into 
the “why”.

A primary focus of proactive safety research is to 
understand how the physical design of the road network 
contributes to crash risk. A large body of work has estab-
lished clear links between road geometry and accident fre-
quency and severity [17]. Key factors include the horizontal 
and vertical alignment of the road, such as the radius of 
curves and the steepness of grades, which directly impact 
vehicle dynamics and driver behavior [18]. Cross-sectional 
elements have also been extensively studied; variables such 
as the number of lanes, lane width, shoulder width, and the 
presence or absence of medians are known to significantly 
influence safety outcomes [19,20]. Specific interventions, such 
as the application of perceptual road markings in curves, 
have been shown to positively affect driver speed and lat-
eral position, thereby reducing risk [21]. From an operational 
perspective, traffic characteristics such as speed and traffic 
volume are fundamental. Area-wide average speed, for in-
stance, has been found to be positively associated with total 
fatalities and serious injuries [22]. These metrics also serve 
as crucial measures of exposure; normalizing crash counts 
by vehicle-kilometers traveled is a standard practice that 
provides a more accurate assessment of risk by accounting 
for the level of activity on a given roadway [23].

For analyzing the outcome of a crash, injury severity 
models are employed. These models must account for the 
discrete and ordered nature of the dependent variable (e.g., 
no injury, slight injury, serious injury, fatal). Ordered-re-
sponse models, such as the ordered logit and ordered pro-

bit, are frequently used for this purpose as they explicitly 
recognize this inherent ranking [13]. More advanced tech-
niques, like mixed logit models, further enhance the analy-
sis by accounting for unobserved heterogeneity across the 
crash population [24]. To address the fact that the influence 
of certain risk factors may vary geographically, researchers 
have also adopted Geographically Weighted Regression 
(GWR). This local form of regression allows model pa-
rameters to differ across space, providing a more nuanced 
understanding of how relationships, such as that between 
speed and crash risk, might change from an urban to a 
rural context [25]. A persistent challenge across all meth-
odologies, however, is the quality and completeness of 
official accident data, which is often subject to significant 
under-reporting, especially for non-injury or minor-injury 
crashes [26].

The literature provides a robust foundation for pro-
active road safety analysis, confirming that GIS is an es-
sential platform, that specific roadway and environmental 
factors are proven to influence risk, and that advanced sta-
tistical models are required to analyze crash data accurate-
ly. While many studies have provided deep insights into in-
dividual risk factors or specific methodologies, a gap often 
exists in synthesizing these elements into a single, com-
prehensive, and practical framework for use by transport 
planners. The contribution of the proposed research, there-
fore, is not necessarily the discovery of a novel risk factor, 
but rather the development of a transparent and replicable 
multi-factor model that integrates several well-established 
indicators—Accident Frequency, Accident Severity, Speed 
Zone Factor, and Road Class Factor. By combining these 
variables into a composite Road Safety Risk index, this ap-
proach offers a holistic tool that can be practically applied 
to proactively identify hazardous corridors and support 
data-driven decision-making in urban road safety manage-
ment [27].

3.	 Materials and Methods
This study develops and applies a multi-factor geo-

spatial model to assess road safety risk in an urban envi-
ronment. The methodology comprises three primary stag-
es: (1) data acquisition and pre-processing, (2) modeling 
of the road safety risk components, and (3) calculation and 
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visualization of a final composite risk index. The entire 
workflow was implemented using ArcGIS Pro geoprocess-
ing tools and its integrated Python environment.

3.1.	Study Area

The model was applied to the City of Manningham, 
a municipality located approximately 15 km east of Mel-
bourne’s Central Business District in Victoria, Australia 
(Figure 1). The City of Manningham was selected as an 
ideal case study for several key reasons. Primarily, its ur-
ban form is representative of many suburban municipali-
ties globally, featuring a heterogeneous road network. This 
network includes a diverse mix of high-speed, high-vol-
ume freeways and arterial roads (such as the M3 Eastern 
Freeway), intermediate collector roads, and an extensive 

network of low-speed local streets in residential areas. This 
variety in road classification and design speed is essential 
for rigorously testing a model that explicitly uses a Road 
Class Factor and a Speed Zone Factor as core components. 
Furthermore, the availability of high-quality, publicly ac-
cessible, and spatially accurate datasets from the Victorian 
Government Data Directory was a critical factor. The Vic-
Map Transport and Victoria road crash datasets provided 
the necessary granular data on road geometry, speed limits, 
and historical incidents required to calculate each of the 
model’s four input variables. This combination of a typi-
cal suburban road hierarchy and reliable, open-source data 
makes Manningham a suitable and powerful testbed for a 
methodology intended to be replicable and applicable  in 
other similar jurisdictions that face common road safety 
challenges.

Figure 1. Location of the Study Area: (a) Location of Victoria in Australia; (b) Location of Melbourne Metropolitan in Victoria; (c) 
Location of the City of Manningham in Metropolitan Melbourne.

3.2.	Data Sources and Pre-Processing

Three primary datasets, all publicly available from 
the Victorian Government Data Directory, were used for 
this research. All spatial datasets were projected into the 
GDA 1994 VICGRID94 coordinate system to ensure spa-
tial consistency.

1) 	 Administrative Boundary: The polygon shapefile for 
the City of Manningham was sourced from the Vic-
Map Admin dataset. This dataset defines the primary 
boundary used to create the buffered study area. 

2) 	 Road Network: A polyline shapefile of the metro-
politan road network was obtained from the VicMap 
Transport dataset. This dataset contains the geomet-
ric information and key attributes for each road seg-

ment, including the Class_Code used for the Road 
Class Factor.

3) 	 Traffic Accident Data: A point shapefile of historical 
traffic incidents was derived from the Victoria road 
crash dataset. This dataset includes location-specific 
data for each incident, including the SEVERITY of 
the crash and the SPEED_ZONE in which each inci-
dent occurs.

Initial pre-processing involved clipping the road 
network and traffic accident datasets to the buffered study 
area boundary using the Clip  tool in ArcGIS Pro. Fol-
lowing this, a data cleansing step was performed on the 
clipped traffic accident dataset. Records containing inval-
id SPEED_ZONE values (specifically codes 777, 888, and 
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999, which denote unknown or inapplicable speed limits) 

were removed to ensure the integrity of subsequent calcu-

lations. This was achieved using the Make Feature Lay-

er tool with a SQL expression, followed by the Copy Fea-

tures tool to create a cleansed, permanent dataset.

3.3.	Modelling Road Safety Risk

Four factors associated with urban road safety, name-
ly Accident Severity, Accident Frequency, Road Class Fac-
tor, and Speed Zone Factor in Manningham (Figure 2), are 
used to calculate Road Safety Risk. 

Figure 2. Cont.
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Figure 2. The four input factors in the City of Manningham for calculating the Road Safety Risk index: (a) Accident Severity; (b) 
Accident Frequency; (c) Road Class Factor; (d) Speed Zone Factor.

The core of the methodology is the calculation of a 
composite Road Safety Risk index for each individual road 
segment. The model is based on the following conceptual 
framework:

RSR = AS × AF × fSZ × fRC (1)

where RSR is road safety risk index; AS is traffic acci-
dent severity; fSZ is road speed zone factor; and fRC is road 
class factor. Each of the four components of the risk index 
was calculated as a new field in the attribute table of the 
joined road feature class using the Add Field and Calculate 
Field tools in the ArcGIS Pro 3.5 environment.
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1) 	 Accident Severity: The original SEVERITY attri-
bute (1: Fatal, 2: Serious injury, 3: Other injury, 4: 
Non-injury) was recalculated to create a scoring sys-
tem where higher values reflect greater severity. This 
inversion ensures that more severe accidents contrib-
ute more heavily to the final risk index. The final Ac-
cident Severity (AS) score for each road segment is 
calculated as the average of the recalculated severity 
scores of all accidents that occurred on it. This ap-
proach was chosen to provide a stable measure of the 
typical incident outcome on a segment, preventing 
its risk score from being skewed by a single, anoma-
lous event.

2) 	 Accident Frequency: To account for exposure, the 
raw accident count on each segment (FREQUENCY) 
was normalized by the segment’s length. This vari-
able, Accidents_per_km, prevents longer road seg-
ments from being unfairly penalized simply due to 
their length. 

3) 	 Speed Zone Factor: The average speed limit of each 

road segment (MEAN_SPEED_ZONE) was normal-
ized by the highest speed limit in the study area (100 
km/h). This creates a standardized factor between 0 
and 1 that represents the influence of the speed envi-
ronment. 

4) 	 Road Class Factor: To incorporate the inherent risk 
associated with different road types in the hierar-
chy, the Class_Code attribute was converted into a 
normalized factor. The formula assigns a higher risk 
weight to higher-order roads (e.g., freeways) and a 
lower weight to local roads, tracks and trails (see 
details in Table 1). The values assigned to fRC reflect 
empirically observed differences in crash risk across 
functional classes and contexts. Similar methodolo-
gy in the literature also includes roadway functional 
class [28], road classes [29], or road type [30] as a key 
indicator and assigns different scores/weights to mo-
torways, provincial roads, and local roads in studies 
related to transport safety.

Table 1. Road Class Factor weights assigned to different road hierarchy levels.
Road Hierarchy Class Code Assigned Road Class Factor (fRC)

Freeway 0 1.0
Highway 1 0.9
Arterial 2 0.8

Sub-Arterial 3 0.7
Collector Road 4 0.6

Local Road 5 0.5
Minor Road 6 0.4
Major Track 7 0.3
Minor Track 8 0.2

Trail 9 0.1

The selection of a multiplicative model, as expressed 
in Equation (1), is grounded in the conceptual understand-
ing that road safety risk arises from the synergistic interac-
tion of multiple factors. Unlike an additive model, which is 
inherently compensatory (where a low score in one factor 
could be offset by a high score in another), a multiplicative 
framework ensures that risk factors amplify one another. 
For instance, a road segment with a high accident frequen-
cy becomes exponentially more dangerous when combined 
with a high-speed environment; the risks do not simply 
sum. Crucially, this approach logically handles instances 

where a key risk component is absent. If a road segment 
has zero recorded accidents (AF = 0), the composite RSR 
score correctly becomes zero, reflecting that no matter 
the inherent environmental risks from speed or road class, 
the demonstrated risk is non-existent. An additive model 
would fail to capture this important nuance, potentially as-
signing a moderate risk score to a location with no history 
of safety issues.

3.4.	Final Road Safety Risk Index Calculation

With all four input variables—Accident Severity, 
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Accident Frequency, Speed Zone Factor, and Road Class 
Factor—calculated for each road segment, the final com-
posite Road Safety Risk (RSR) index is computed. This 
is achieved by multiplying the four normalized factors as 
defined in Equation (1), a process executed using a Python 
script within the GIS environment.

A critical aspect of this calculation is the model’s 
handling of “zero-value” scenarios, most commonly occur-
ring on road segments with no historical accidents. In such 
cases, the values for both Accident Frequency and Acci-
dent Severity are zero. Due to the multiplicative nature of 
the formula, the resulting composite RSR index for that 
segment is logically and correctly calculated as zero. This 
outcome is not merely a technical step to prevent calcula-
tion errors, but a deliberate and fundamental feature of the 
model’s design. This approach ensures that the RSR index 
prioritizes locations where  inherent risk  (posed by high 
speeds or road class) has already translated into demon-
strated risk  (in the form of historical crashes). While a 
segment on a high-speed arterial road might have high 
values for its Speed Zone and Road Class factors, if it has 
no crash history, the model correctly assigns it a negligible 
risk score. This logic allows the model to effectively dis-
tinguish between latent potential for danger and locations 
with proven, empirical evidence of safety failures, thereby 
providing a more focused and actionable tool for prioritiz-
ing interventions. The Python function simply operation-
alizes this logic, ensuring that any segment with a null or 
zero value for its accident-related inputs is assigned a final 
RSR index of 0.

4.	 Results 
The application of the multi-factor geospatial model 

and its associated data processing workflow, as described 
in the Materials and Methods section, resulted in the cal-
culation of a composite Road Safety Risk index for each 
road segment within the City of Manningham. This section 
presents a description and interpretation of the key find-
ings, culminating in a geospatial visualization of the final 
risk distribution. 

4.1.	Spatial Distribution of Road Safety Risks

Based on Equation (1), the primary output of this 

study is a geospatial risk map that visualizes the final calcu-
lated Road Safety Risk index for every road segment. Fig-
ure 3 presents this spatial distribution, with road segments 
categorized and color-coded into five quantile classes 
ranging from “Extremely Low Risk” to “Extremely High 
Risk”. The insert map in Figure 3 shows details of in the 
RSR score in a major intersection, clearly demonstrating the 
granular details of RSR scores of different road segments 
with different road classes, speed limit, accident frequency, 
and accident severity. For example, the RSR of a section of 
the Eastern Freeway within the insert map is calculated as 
follows: RSR = 2.286 (Accident Severity) × 1.380 (Acci-
dent Frequency) × 0.610 (Speed Zone Factor × 1.000 (Road 
Class Factor) = 1.924, which is “Extremely High” (See Ta-
ble 2 for the RSR range for each risk category).

A distinct spatial pattern is immediately evident from 
the map. The highest-risk scores (depicted in dark red and 
orange) are predominantly concentrated along the freeway, 
major arterial, and collector roads that form the primary 
transportation corridors within the study area. These high-
risk segments create clear, linear patterns that trace the 
main thoroughfares. Conversely, an extensive and dense 
network of local and residential streets consistently dis-
plays low to extremely low risk scores (depicted in blue 
and green). These low-risk areas form the fabric of the 
residential neighborhoods between the major corridors. 
Segments with moderate risk scores (depicted in yellow) 
typically appear on secondary collector roads that serve as 
transitions between the major arterials and the local street 
network, or on sections of arterial roads with fewer con-
tributing risk factors.

A statistical summary of the total road length within 
each of the five risk categories is presented in Table 2. The 
analysis reveals a highly skewed distribution of risk across 
the network’s total length of 1539.55 km. The vast major-
ity of the road network, totaling 1370.77 km or 89.04% 
of the total, is classified as “Low Risk”. In stark contrast, 
the categories representing elevated risk are geographi-
cally concentrated within a much smaller portion of the 
network. The “Moderate”, “High”, and “Extremely High” 
risk categories collectively account for just over 10% of 
the total road length, comprising 46.77 km (3.04%), 55.86 
km (3.63%), and 46.83 km (3.04%), respectively. The “Ex-
tremely Low” risk category is similarly limited, covering 
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only 19.32 km (1.25%). This distribution underscores a 
key experimental conclusion: while the highest-risk areas 
are of significant concern for safety interventions, they 
represent a small and geographically targeted fraction of 

the overall road network in Manningham. This implies that 
safety resources can be directed with a high degree of spa-
tial precision to the relatively few corridors where risk is 
most concentrated. 

Figure 3. Road Safety Risk for City of Manningham. 
Note: The inserted map clearly shows variation in risk scores at a segment-by-segment level for a major intersection (Eastern Freeway and Black Road), directly demon-
strating the granular details. 

Table 2. Length of roads of each risk category.
Road Safety Risk Category RSR Score Range (Quantile) Sub Total Road Length (km) Percentage of Total Road Length

Extremely Low <0.05 19.32 1.25%

Low 0.05–0.09 1370.77 89.04%

Moderate 0.09–0.17 46.77 3.04%

High 0.17–0.42 55.86 3.63%

Extremely High >0.42 46.83 3.04%

Total -- 1539.55 100.00%

4.2.	Interpretation of Results

The spatial patterns of the simulated Road Safety 
Risk scores indicate that the model successfully synthe-
sized the underlying risk dimensions of the road network. 
The high-risk scores observed on arterial roads are a di-
rect function of the confluence of all four input variables. 
These corridors inherently carry higher traffic volumes, 
which leads to a greater Accident Frequency. The higher 
operational speeds on these roads contribute to a higher 

average Accident Severity when crashes do occur. Further-
more, these same roads are assigned a greater weight from 
both the Speed Zone Factor and the Road Class Factor, 
amplifying their contribution to the final composite index.

In contrast, the low-risk scores on residential streets 
reflect the opposite conditions. These roads are character-
ized by near-zero or very low accident frequencies, lower 
posted speed limits, and a minimal weighting from the 
road class factor. Even if an isolated, minor incident were 
to occur on such a street, the low values of the other fac-
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tors ensure that the segment is not incorrectly classified as 
high-risk.

Crucially, the model highlights that risk is not mere-
ly a function of historical accident counts alone. For exam-
ple, a segment with a moderate number of non-injury acci-
dents on a high-speed arterial road may ultimately receive 
a higher risk index than a segment with a slightly higher 
number of similar accidents on a low-speed local street. 
This demonstrates the model’s ability to contextualize ac-
cident data within the inherent operational and hierarchical 
characteristics of the roadway.

4.3.	Model Validation 

Given that direct stakeholder feedback was beyond 
the scope of this study, the model’s validity and the contri-
bution of its multi-factor design were assessed through a 
comparative analysis against a classical hotspot identifica-
tion method. To validate the added value of the composite 
RSR model, its results were compared against a hotspot 
map generated using a traditional method: Kernel Density 
Estimation (KDE). Using the Kernel Density tool in Arc-
GIS Pro, a continuous surface map was created from the 
same cleansed accident point data used in the RSR model. 
A search radius of 600 m was applied to identify localized 
crash clusters, with the output representing the density of 
crashes per square kilometer. This produced a classical 
hotspot map based solely on historical crash frequency. 

The comparison, illustrated in Figure 4, reveals 
two key findings. First, there is a significant and logical 
overlap between the two methods. Major arterial corri-
dors identified as ‘High’ or ‘Extremely High Risk’ by the 
RSR model consistently align with the high-density zones 
(hotspots) identified by the KDE analysis. This confirms 
that the RSR model effectively captures locations with a 
proven history of frequent crashes.

Second, and more importantly, the comparison 
highlights the unique contribution of the RSR model’s 
proactive components. The model successfully identifies 
numerous road segments as high-risk that would be over-
looked by the classical frequency-based approach, as ev-
idenced by the insert maps in Figure 4. This provides a 
compelling example of a segment of the Eastern Freeway 
and Reynold Road. While the KDE analysis identifies the 
primary hotspot at a major intersection known for frequent 
but often minor collisions (Area A), the RSR model flags 
the entire connecting freeway segment as “Extremely High 
Risk”. This is because, despite having a lower crash fre-
quency, the incidents on this segment were more severe 
and occurred in a high-speed, high-hierarchy environment. 
A transport authority relying solely on classical hotspot 
mapping would miss the systemic risk present in Area B, 
demonstrating the RSR model’s superior ability to provide 
a more holistic and proactive assessment for prioritizing 
safety interventions.

Figure 4. Cont. 
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Figure 4. Comparative validation of the RSR model against classical hotspot analysis. 
Note: Both the Eastern Freeway (bottom inset) and the Reynolds Rd corridor (top inset) are identified as ‘Extremely High Risk’ by the RSR model, while KDE classifies 
both of these dangerous road segments as having only low-to-moderate crash density, demonstrating the RSR model’s superior ability to proactively identify systemic risk.

4.4.	Summary of Findings

The application of the road safety risk model yields 
the following key outcomes for the Manningham study 
area:

1) 	 Model Efficacy: The multi-factor geospatial model 
proved effective in identifying, quantifying, and spa-
tially differentiating road safety risk across a hetero-
geneous urban road network. The methodology suc-
cessfully transformed raw accident and road network 
data into an actionable and interpretable risk map.

2) 	 Confirmation of Risk Concentration: The model 
confirms that the highest levels of road safety risk 
are concentrated on the primary arterial and collec-
tor road network. This outcome is driven not just by 
historical accident data but is significantly amplified 
by the compounding effects of higher speed environ-
ments and the road’s functional classification.

3) 	 Proactive Assessment Capability: The resulting risk 
map provides a clear, evidence-based visualization 
that moves beyond simple reactive hotspot mapping. 
By integrating multiple risk factors, the model offers 
a more proactive and nuanced assessment of road 
safety, providing a valuable tool for prioritizing safe-
ty interventions.

5.	 Discussion

5.1.	Interpretation of Findings in the Context 
of Previous Studies

This study successfully developed and applied a 
multi-factor geospatial model to assess road safety risk in 
the City of Manningham. The results clearly indicate that 
elevated risk is spatially concentrated along a small frac-
tion of the road network, specifically the major arterial and 
collector roads. This primary finding strongly aligns with 
the established literature. The working hypothesis that risk 
is a function of not only historical crashes but also the in-
herent characteristics of the roadway is strongly support-
ed. Major arterial roads are defined by higher speed limits 
and greater traffic volumes, factors consistently linked to 
increased crash frequency and severity. Our results recon-
firm the positive association between area-wide average 
speed and the number of fatalities and serious injuries [22]. 
The high-risk scores on these corridors are a product of 
this compounded risk: they not only have more crashes 
(Accident Frequency), but the crashes that do occur are 
more severe (Accident Severity), and this effect is ampli-
fied by the model’s proactive weighting of the Speed Zone 
Factor and Road Class Factor. Conversely, the overwhelm-
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ing proportion of the network classified as ‘Low Risk’ 
corresponds to residential streets, where lower speeds and 
traffic volumes create a safer, “self-explanatory” road en-
vironment that naturally mitigates risk [21].

The methodological approach of this paper also rep-
resents a practical step in the evolution of road safety anal-
ysis. Traditional hotspot identification relies on reactive 
clustering of historical crash data, often using techniques 
like Kernel Density Estimation (KDE) to visualize crash 
concentrations  [9,15]. However, this approach can be limit-
ed by the often random and rare nature of crash events [31]. 
Our model addresses this limitation by integrating proac-
tive risk indicators. It serves as a hybrid framework, using 
historical crash data to quantify demonstrated failure while 
incorporating the intrinsic risk posed by a road’s design 
function and speed environment. This synthesis provides a 
more robust and holistic assessment than relying on either 
historical data or theoretical risk factors alone, a principle 
that aligns with the broader goal of developing more com-
prehensive and data-driven safety management tools [14,32].

5.2.	Implications for Road Safety Policy and 
Practice

The findings of this study have significant implica-
tions for urban transport planning and safety management. 
The most immediate implication is the ability to support 
targeted and efficient resource allocation. The statistical 
result that approximately 90% of the road network length 
is classified as ‘Low Risk’, while the ‘High’ and ‘Extremely 
High’ risk categories constitute less than 7% of the net-
work, provides a powerful message for policymakers. It 
demonstrates that road safety investments do not need to 
be spread thinly across an entire city but can be strategi-
cally focused on a small number of high-priority corridors 
where the greatest risk reductions can be achieved. This 
data-driven approach to prioritization is a cornerstone of 
modern safety management [33].

Furthermore, this study promotes a shift from a 
“spot-based” to a “corridor-level” approach for safety in-
terventions. Instead of treating individual intersections as 
isolated black spots, the model visualizes risk as a contin-
uous, linear phenomenon along major routes. This encour-
ages planners to think systemically about corridor-wide 
treatments, such as speed management, access control, 

or infrastructure improvements for vulnerable road users, 
which are often more effective than localized fixes. The 
transparency and replicability of the methodology itself are 
key implications. By utilizing publicly available data and 
standard GIS tools, the model provides a practical and ac-
cessible framework for small to medium-sized municipal-
ities that may lack the resources for more complex crash 
prediction modeling, thereby democratizing data-driven 
road safety analysis. 

From the perspective of a local transport authority, 
the primary utility of this model lies in its function as a 
strategic screening and prioritization tool. While local au-
thorities were not directly consulted in the development 
of this proof-of-concept model, its design—using open-
source government data and standard GIS workflows—
ensures it is both replicable and accessible. The resulting 
risk map serves as a powerful, evidence-based starting 
point for policy discussions and resource allocation. For 
instance, instead of relying solely on anecdotal evidence or 
politically driven requests, planners can use the risk map 
to objectively demonstrate why safety investments should 
be concentrated on specific arterial corridors. The analysis 
provides a clear justification for shifting from a purely re-
active “black spot” treatment program to a more proactive, 
systemic corridor-level safety management strategy. The 
map does not replace the need for detailed on-site safety 
audits, but rather empowers authorities to conduct these 
expensive and time-consuming audits in the most critical 
locations, ensuring that limited public funds are directed 
where they can achieve the greatest impact on reducing fa-
tal and serious injuries.

5.3.	Limitations and Future Research Direc-
tions

While the proposed model provides valuable in-
sights, it is important to acknowledge its limitations, which 
in turn highlight directions for future research. The mod-
el’s primary limitation is its reliance on historical crash 
frequency as a proxy for traffic exposure, as it does not ex-
plicitly incorporate direct traffic volume data like Annual 
Average Daily Traffic (AADT). In road safety analysis, it 
is a well-established principle that accident counts must be 
corrected by a measure of exposure to determine a true risk 
rate. For instance, Aultman-Hall and Kaltenecker [23] nor-
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malized their bicycle accident data by “bicycle kilometer” 
to derive facility-specific event rates, demonstrating that 
simply counting incidents can be misleading without ac-
counting for how much travel occurs.

More advanced crash prediction models frequent-
ly use AADT or other measures of Total Traffic Activity 
(TTA) as a fundamental explanatory variable, as it pro-
vides a direct measure of the volume of vehicles exposed 
to potential risk on a given segment  [22]. Therefore, future 
iterations of this model would be significantly enhanced 
by integrating AADT. This would allow for a more robust 
normalization of the accident data, enabling the calculation 
of true crash rates (e.g., crashes per million vehicle-kilo-
meters traveled) rather than relying on crash frequency 
alone. As suggested by Rodrigues et al. [32], such normal-
ization provides a more accurate reflection of risk, partic-
ularly when comparing high-volume arterial roads with 
low-volume local streets, and is a critical step in moving 
from a general risk index to a more refined safety perfor-
mance function.

Additionally, the model’s four factors represent a 
high-level assessment of the road environment. Future 
research could expand this framework to include more 
granular geometric and contextual variables. For instance, 
incorporating intersection density, the presence and qual-
ity of pedestrian and cycling facilities, and local land use 
data would provide a richer understanding of risk, partic-
ularly for vulnerable road users  [6,24]. The general issue of 
crash under-reporting, especially for minor incidents, also 
remains a persistent challenge in all safety research and is 
an underlying limitation of any model based on official po-
lice records [26]. 

Methodologically, future studies could apply more 
advanced spatial statistical models to this type of frame-
work. For example, the use of Geographically Weighted 
Regression (GWR) could reveal spatial non-stationarity, 
identifying specific areas within the municipality where 
the relationship between risk factors (like speed) and crash 
outcomes is particularly strong  [19,25]. The analysis could 
be disaggregated by crash type or road user, allowing for 
the development of separate risk models for pedestrians, 
cyclists, and different collision types (e.g., run-off-road, 
head-on), providing more targeted insights for specific 
safety countermeasures [23]. Additionally, the current model 

does not disaggregate risk by time of day or other tempo-
ral factors, and future research could develop dynamic risk 
indices by incorporating temporal data to provide more 
targeted operational safety strategies. Furthermore, the 
model operates at a network-level and does not incorporate 
granular data on specific safety infrastructure (e.g., traffic 
signals, presence of cycling paths). Acquiring and inte-
grating such detailed, network-wide data was beyond the 
scope of this study, but would be a valuable enhancement 
for future, more refined models. Finally, the model’s lack 
of focus on Vulnerable Road Users (VRUs) means that the 
methodology is less effective for identifying risks on local 
streets where VRU activity is higher. It is proposed that 
future work should develop separate or modified indices 
specifically for VRU risk, incorporating factors like pedes-
trian crossing facilities, bicycle lane quality, and land use 
data. Future work should also explore variable weighting 
schemes based on local policy priorities or expert opinion.

6.	 Conclusions
Traditional road safety management often relies on 

the reactive identification of historical crash hotspots, an 
approach limited by the random nature of accident data 
and a failure to account for the inherent risk characteristics 
of the road environment. To address these shortcomings, 
this study developed and applied a multi-factor geospatial 
model that provides a more proactive and holistic assess-
ment of road safety risk. The model’s framework, which 
combines reactive measures (historical crash frequency 
and severity) with proactive indicators of roadway function 
and speed environment, was successfully implemented in 
the City of Manningham using publicly available data and 
standard GIS tools.

The primary conclusion drawn from the applica-
tion of this model is that road safety risk is not uniformly 
distributed but is instead highly concentrated on a small, 
identifiable portion of the urban road network. The results 
demonstrated that while nearly 90% of the road network 
length was classified as ‘Low Risk,’ the ‘High’ and ‘Ex-
tremely High’ risk categories were confined to less than 7% 
of the total road length, predominantly along major arterial 
and collector corridors. This finding confirms the working 
hypothesis that a holistic risk assessment, which looks be-
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yond mere crash counts to include factors like speed and 
road hierarchy, can effectively pinpoint corridors of great-
est concern [31].

The importance of this research lies in its direct 
applicability to urban transportation planning and evi-
dence-based policy-making. By clearly identifying the 
small fraction of the road network where risk is most 
concentrated, the model provides a robust framework 
for the targeted and efficient allocation of limited safety 
resources. This enables a strategic shift from treating iso-
lated “black spots” to implementing corridor-level inter-
ventions where they are most needed. Furthermore, the 
transparency and replicability of the methodology make it 
a valuable and accessible tool for municipalities that may 
lack the extensive data or technical resources required for 
more complex statistical crash prediction models. In con-
clusion, this paper contributes a practical and conceptual-
ly sound framework for advancing from reactive hotspot 
identification to proactive risk management. By success-
fully integrating historical accident data with intrinsic 
roadway characteristics, the model provides an actionable 
tool for planners and engineers to make more informed 
decisions, ultimately supporting the development of safer 
transportation systems.
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