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Abstract
Signalized intersections are frequently installed in developing countries to facilitate efficient traffic flow and seldom to increase
traffic safety. As a result, fatal collisions still occur at intersections with signals. The purpose of this study is to gain a better
understanding of signalized intersection safety by identifying and segmenting traffic and geometric risk factors associated with
fatal crashes. For this purpose, a thorough road inventory survey—primary crash data—was used to analyze crashes at 67 sig-
nalized intersections in Hyderabad, an Indian metropolitan city. This paper proposes a multi-perspective model application and
segmentation strategy that classifies a group of important crash factors determining crash fatality at urban signalized intersec-
tions by combining machine learning, data mining, and statistical modeling results. The proposed segmentation divided the
crash parameters into three distinct categories: very high, high, and moderate risk factors. The key findings show that major
road width, lack of right-turn protection, and absence of all-red time are the most influential factors contributing to fatal
crashes at signalized intersections. Based on the findings, several policy recommendations were proposed. The segmentation
of signalized intersection features would provide useful insights into the level of their influence and the impact of signalized
intersection design on safety in developing countries. The study’s findings and proposed policy insights may assist transporta-
tion officials in developing, prioritizing, and implementing specialized safety countermeasures for signalized intersections.
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Introduction

Road crashes are a prominent cause of death among
children, youth, and working-age groups, bringing signif-
icant health, social, and economic impacts to society
around the world. The United Nations Decade of Action
for Road Safety 2021–2030 aimed to reduce road traffic
deaths globally by half; however, estimates show that
fatalities have decreased by only 5% (1). Further, nine
out of ten road crash deaths occur in low- and middle-
income countries (LMICs) (1). India, an LMIC, has the
world’s highest reported annual road crash fatalities (2).
The percentage of fatal crashes increased from 30.6 to
33.8 between 2018 and 2022 (3). The working age group
of 18 to 60 accounted for 83.4% of total road crash
deaths in 2022 (3). Further, in 2022, the proportion of

fatalities that occurred in urban areas spiked from 31%
to 32%, respectively. India is rapidly urbanizing, with
over 600million people predicted to reside in cities by
2036 (4). These data indicate that this will exacerbate cit-
ies’ poor road safety. Multiple factors are to blame for
this unsatisfactory situation, including a highly diverse
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traffic mix, unsafe operating conditions, inadequate safe
access, and crossing facilities at intersections. Thus, there
is a need to emphasize crash investigation at various lev-
els (urban/rural) and road sections (intersections/mid-
block). Intersections are widely recognized as crash
hotspots on road networks. Road intersections are
regions where complicated conflicting traffic movements
(merges, diverges) occur among distinct road users, mak-
ing them prone to collisions. Although traffic light sig-
nals are thought to be the most effective approach to
managing the flow of traffic, more than 2,238 people
died in India at signalized intersections in 2022 (3).
Finding the factors that influence fatal crashes is essen-
tial to propose effective countermeasures for lowering
the fatality rate. Intersection-related crashes are influ-
enced by various factors, including roadway, traffic,
environmental, and driving attributes. Among these,
roadway and traffic factors significantly affect injury
severity. Road safety is an intricate problem that requires
a multifaceted strategy to achieve the most effective
results. Therefore, using a single modeling technique to
predict crash outcomes may not adequately reveal the
most critical risk elements. To address this challenge, a
multi-perspective model approach may be employed to
minimize shortcomings. Furthermore, a proper segmen-
tation criterion could be utilized to gain insight into the
features with the highest impact on traffic accidents. In
this context, an investigation of the risk factors linked to
fatal road crashes was done for Hyderabad City using
statistical, machine learning, and data mining techniques.
Further, a suitable segmentation criterion is proposed to
classify the results of similar levels to identify the greatest
risk factor. An appropriate segmentation criterion and
segments of factors can be employed to identify the key
risk factor segments to be considered and develop neces-
sary strategies. The next section discusses key research
that informs this study.

Literature Review

The association between crash fatalities in signalized
intersections and variables that may influence the occur-
rence of crashes has been extensively explored and inves-
tigated in research based on aggregated data. Several
factors, including total approach volumes, the number of
phases in a cycle, the presence of a surveillance camera,
free left-turn, permissive right-turn phases, the presence
of a horizontal curve, the presence of a crosswalk, the
number of lanes, cycle length, and so on, were found to
have a significant impact on crashes (5–9). Several stud-
ies used statistical techniques, data mining, and machine
learning models to predict and identify which factors
would significantly influence severe crashes (10–13).
Each of the methods mentioned above has its strengths

and limitations. While statistical modeling techniques
can determine independent variables having a greater
impact on output, the application of artificial neural net-
works (ANNs) and association rules mining (ARM) can
lead to a better understanding of the relationship
between the causes and crash outcomes. Acknowledging
that crash datasets are acutely imbalanced, no one
method can be considered as an appropriate technique.
Crash fatality is one of the road safety-related aspects
that requires thorough investigation. However, to our
knowledge, no study has used logistic regression, ANNs,
or association rule mining and compared their results to
establish a relationship between fatal crashes and inter-
section parameters in an urban setting in a developing
country. Therefore, adopting different crash prediction
models, including logistic regression, ANNs, and associ-
ation rule mining, and comparing their outputs would
better evaluate risk factors. Table 1 summarizes a few
other significant past studies in this setting. The follow-
ing sub-section presents the key research gaps and study
approach to address them.

A brief review of existing research on the relevant
area indicates several existing research and practice
gaps to be addressed. First, the existing body of scho-
larly research on road safety, particularly signalized
intersections, predominantly derives from high-income
countries (HICs). This observation emphasizes a signif-
icant research void that needs to be addressed. The
applicability of research findings from the HICs to the
LMICs context may be limited attributable to distinct
traffic conditions. Therefore, there is a need for con-
ducting a detailed analysis of crash data along with key
primary and secondary attributes to identify key risk
factors leading to fatal crashes in a typical LMIC such
as India. Understanding the factors leading to fatal
crashes would help policymakers to plan proactive stra-
tegies to reduce traffic crashes. Second, the literature
review clearly shows that several studies have explored
the individual factors leading to road traffic crashes,
but a lack of studies could be observed toward identify-
ing risk factor segments particularly for signalized
intersections. Thirdly, a combined application of robust
statistical methods, machine learning, and data mining
techniques for safety assessment is another unique con-
tribution of the research. Therefore, development of a
unique risk factor segmentation based on a combina-
tion of three different approaches related to fatal road
traffic crashes at signalized intersections of a LMIC
such as India remains the broad objective of the study.
To demonstrate the proposed approach, Hyderabad,
an Indian metropolitan city with significant crash his-
tory across various signalized intersections have been
identified as the case study city. The next section pre-
sents the research methods used in this study.
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Table 1. Summary of Existing Econometric, Artificial Neural Network (ANN) and Data Mining Studies in Road Safety

Researcher(s), year Study area/database Factors Proposed technique Key findings

Anjana &
Anjaneyulu (13)

Traffic and geometric data
from 32 intersections
from three urban areas
namely, Trivandrum,
Ernakulam, and
Kozhikode in the state
of Kerala, India

Lane markings, median
width, presence of
countdown timer,
presence of surveillance
camera, exclusive left-
turn lane, traffic volume,
accused and victim’s
vehicle type

Logistic regression
models and hierarchical
Poisson regression

Exclusive left-turn lanes
and countdown timer’s
presence of a
surveillance camera,
green time, median
width, traffic volume,
and proportion of two
wheelers influence the
safety

Xu et al. (14) 1889 pedestrian-related
crashes at 318 signalized
intersections between
2008 and 2012

Sex and age, time,
crowded/obstructed
footpath, heedless
crossing, inattentive,
road type, junction type,
speed limit, and traffic
congestion, weather,
light, and road surface

Bayesian hierarchical logit
model

Age.65, footpaths not
obstructed/
overcrowded, heedless
or inattentive crossing,
crashes on the two-way
carriageway, and those
that occurred near tram
or light-rail transit stops
led to a significantly
higher probability of
pedestrians being killed

Xie et al. (15), Elvik
(16)

898 pedestrian crashes at
262 signalized
intersections during
2010–2012 in Hong
Kong

Geometric design, traffic
characteristics, signal
control, built
environment, along with
the vehicle and
pedestrian volumes

Poisson lognormal models The number of crossing
pedestrians, the number
of passing vehicles, the
presence of curb
parking, and the
presence of ground-
floor shops were
positively related with
pedestrian crash

Mitra & Bhowmick
(17)

52 signalized intersections
of Kolkata, India. Crash
records from 2011 -
2014

Road geometric features,
infrastructural details,
land use, and traffic
control parameters

Binary logit model and
negative binomial model

All-red time, protected
right-turning phase,
blocked carriageway,
non- motorized traffic,
and visibility of road
markings affect the
severity of crashes at
signalized intersections

Haque & Ahmad
Kidwai (18)

11 signalized intersections
in New Delhi, India

Age, walking pace, mobile
usage crossing path,
stage crossing, carrying
object waiting time
crossing speed.

ANN and binary logit
model

Pedestrian demographic,
behavioral attributes,
crossing state and
mobile usage are
notably influencing signal
violations. The accuracy
of ANN to predict
signal violation behavior
is found to be about
85% and is considerably
higher than binary
logistic regression
model

Kusxkapan et al.
(19)

Data from 197 crashes
injury (2015–2019) at
57 intersections,
Erzurum, Turkey

Age, gender, level of
education, pedestrian
density, traffic
congestion vehicle type,
presence of bus stops

condition of road surface,
width of the roads,
number of lanes, time,
day of week and weather

Artificial neural network
(ANN)

The results of the
sensitivity analysis
revealed that the
incidence of pedestrian-
vehicle collisions is
primarily influenced by
traffic congestion, age,
pedestrian density, and
vehicle type.

(continued)
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Methodology

The current study used a combination of statistical analy-
sis, data mining, and ANNs to determine the elements
that have the greatest influence on the outcome of road
traffic fatalities. All these three techniques were indepen-
dently applied to a common crash dataset derived from
Hyderabad city for identifying top-most risk factors lead-
ing to road traffic fatality and were subsequently com-
bined for road risk factor segmentation. The applied
three methods are significantly different from each other
relating to methodological basis and have their own
respective strengths and weaknesses. First, the logistic
regression technique can predict the probability of a bin-
ary outcome (e.g., fatal versus non-fatal). It has got a set
of strengths such as easy interpretation, less modeling
complexity and effectiveness with relatively smaller data-
set. On the other hand, the logistic regression technique
has several limitations. Firstly, it generally assumes a lin-
ear relationship between the independent variables and
the log-odds of the outcome. Secondly, the logistic
regression technique remains significantly sensitive to
multicollinearity between independent variables as well.
Third, the model remains restricted to use for binary type
dependent variables only. Although this study has only
two levels of crash severity, namely, fatal and non-fatal
crashes, it is essential to use other methods which can
handle other types of dependent variable as well as han-
dle more complex patterns. Second, the ANN, which has
also been employed in this study, provides substantially
better predictive performance compared with traditional

logistic regression techniques and can model complex
non-linear relationships. ANN can identify hidden/com-
plex patterns in road safety data as well, which makes it a
more suitable choice for road safety modeling approach.
However, both these techniques can identify an individ-
ual level attribute and its role in fatal crash severity only.
For uncovering the interdependency between the individ-
ual attributes, and to check their combined impact on
fatality that is overlooked by the regression model,
Apriori algorithm—an ARM technique—can be used.
Apriori algorithm can detect intriguing rules from a large
dataset without preconceived notions. The primary bene-
fit of the method is that it does not necessitate predeter-
mined assumptions, unlike logistic regression models.
Therefore, using Apriori algorithm, the ARM technique
was employed to detect interactive associations among
the specific factors. Therefore, the three methods with
their respective strengths and weaknesses were applied to
identify key risk variables resulting from each of the tech-
niques and subsequently combined to demonstrate a
multi-perspective model approach for risk factor prioriti-
zation and classification. The methodology’s steps are
outlined in Figure 1.

Study Area, Data Collection, and Database
Development

Hyderabad is a city in Telangana, a state in central-south
India. It serves as the primary urban hub for the whole
south-central region of India and is Telangana’s largest

Table 1. (continued)

Researcher(s), year Study area/database Factors Proposed technique Key findings

Das et al. (20) Five years (2014–2018) of
fatal crash data, US.

Crash type, crash
location, pedestrian
position, motorist
maneuver, intersection
leg, mark crosswalk
present

Associated rules mining—
Apriori algorithm

key variable categories
such as dark with
lighting condition,
vehicle going straight,
vehicle turning, local
municipality streets,
pedestrian age range
from 45 years and above
are frequently
presented in the
developed rules

Samerei et al. (21) Records of bus crashes in
Victoria, Australia
between 2006 and 2019

Traffic control, road
geometry, road type,
speed limit, light
condition, surface type,
weather, gender, age

Two-step clustering and
association rules
discovery

Darkness of roads in
high-speed zones,
pedestrian presence at
highways, bus crashes
with passenger car by a
female bus driver, and
the occurrence of multi-
vehicle crashes in high-
speed zones increase
the risk of fatality
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and most populous metropolis (22). The number of
crashes in Hyderabad increased 14.5% in 2023 compared
with 2022 (23). The primary database was developed uti-
lizing First Information Report (FIR) data collected
from the Hyderabad Police Department between 2015
and 2019. Several critical pieces of information were
missing from the data collected by the police agency. A
road inventory survey (RSI) at 67 signalized intersections
was conducted to collect the lack of road geometry and
traffic information, such as the number of lanes, the
presence of horizontal curves, cycle time, and so on. The
following sections discuss the variables considered for
the analysis. Table 2 shows the descriptive statistics for
key variables. The dataset on fatal crashes exhibits a
mean value of 0.49, ranging from a minimum of 0 to a
maximum of 2, with a standard deviation of 0.74, indi-
cating variability in the occurrence of fatal incidents.
Average daily traffic (ADT) values ranged from 56,895
to 27,4281vehicles per day (vpd), with an average of
138,628. Table 3 also provides details of other factors
considered in this study. Figure 2 provides a graphical

representation of the fatal and non-fatal percentage
share of each variable

Data Description

Number of lanes (NOL): According to the data, two-
lane roadways appear to have the highest share of fatal
crashes, accounting for 24%. Furthermore, the data
show that four-lane roads were the second most com-
mon location for fatal crashes, accounting for 23% as
shown in Figure 2.

Presence of horizontal curve (PHC): Descriptive
investigation indicates that roads with the presence of
horizontal curves are associated with a smaller share of
fatal crashes (36%) than roads with no horizontal curve,
followed by summer (64%).

ADT: The traffic volume is measured and represented
as average daily traffic in this study. Descriptive investi-
gation indicates that low ADT is associated with a
greater share of fatal crashes (45%), followed by medium
ADT (29%), and high ADT (26%).

Figure 1. Methodological framework.
Note: ANN = artificial neural network.
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Major road width (MRW): Data show that 38% of
fatal crashes occur when MRW is medium (10.1m -
13.4m), followed by low MRW (37%) and high MRW
(25%) as shown in Figure 2.

Presence of right-turn protection (RTP): One of the
most crucial aspects of signalized intersections is the pro-
tected right turn, which enables vehicles to make a right
turn only when permitted or completely prohibited to
make a right turn at that intersection. According to the
data, 12% of fatal crashes occurred when there was a
protected right turn, whereas 88% of fatal crashes
occurred when there was no right-turn protection.

Visibility of road markings (RM): Road markings
are necessary to control, warn, guide, and inform road
users. When the road markings are clear, 18% of fatal
crashes occurred, and about 82% fatal crashes occurred
near the intersections where the road markings are faded
as shown in Figure 2.

Cycle time (CT): One of the key elements for proper
traffic flow at the intersection is cycle time. Intersections
with less cycle time (\125 s) are found to be associated
with more fatal crashes (40%), followed by moderate
cycle time (35%) and high cycle time (25%).

Presence of all-red time present (ARTP): The data
show that the highest number of intersections do not
contain all-red time phases, which accounts for 94% of
fatal crashes. The intersections with all-red time present
resulted in only 6% of fatal crashes.

The next section provides a full overview of the data
analysis for the multi-perspective model approach used
to identify important risk variables leading to fatal
crashes, which includes Binary logit, ANN, and Apriori
algorithms.

Data Analysis

This section presents the comprehensive analysis
employed in this study. Before beginning the analysis, a
systematic cleaning of the data was carried out. The safer
pre-processing method that prevents the creation of bias
is the removal of missing values, which has been fol-
lowed in this study. Firstly, a binary Logit model under
the discrete choice modeling framework was used in sta-
tistical analysis to obtain variables that had the greatest
influence on fatal crash outcomes. Secondly, ANNs were
used to develop fatal crash prediction models. Thirdly,

Table 2. Descriptive Summary of Signalized Intersection Crash Database

Variable Mean Min. Max. SD

Fatal crashes 0.49 0 2 0.74
Non-fatal crashes 1.12 0 13 0.57
Number of lanes 3 2 8 1.23
Average daily traffic 138,628 56,895 274,281 47,113
Major road width (m) 11.91 5.5 48.4 3.69
Cycle time (s) 159 75 352 61.62
Presence of horizontal curve (1 = Yes,0 = No) 0.71 0 1 0.46
Right-turn protection (1 = Yes,0 = No) 0.21 0 1 0.41
Marking visibility (1 = Clear, 0 = Faded) 0.23 0 1 0.42
All-red time present (1 = Yes,0 = No) 0.11 0 1 0.31

Note: SD = standard deviation.

Table 3. Correlation Analysis Results

Variables
No of
lanes

Log
(ADT)

Major
road
width

Presence of
right-turn
protection

Visibility of road
markings

Cycle
time

Presence of
horizontal

curve

Fatal 0.162 0.132 0.52 0.131 0.242 0.244 0.101
No. of lanes 1 NA NA NA NA NA NA
Log (ADT) 0.455 1 NA NA NA NA NA
Major road width 0.756 0.595 1 NA NA NA NA
Presence of right-turn protection 0.039 0.042 0.099 1 NA NA NA
Visibility of road markings 0.022 0.048 0.066 0.047 1 NA NA
Cycle time 0.133 0.370 0.115 0.025 0.010 1 NA
Horizontal curve 0.098 0.176 0.132 0.175 0.109 0.036 1

Note: ADT = average daily traffic; NA = not available.

6 Transportation Research Record 00(0)



Figure 2. Distribution of road traffic crashes (fatal and non-fatal).
Note: ADT – average daily traffic.
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Apriori algorithm was used to determine the optimal
rules related to fatal crashes. Finally, based on the results
of the three techniques, the risk variables were divided
into several categories. The following sections briefly
address each technique’s data preprocessing, parameter
selection, and model validation.

Binary Logistic Models

Data Preprocessing. In binary logistic regression, data pre-
processing involves standardizing continuous variables,
such as converting ADT to Log (ADT) and encoding cate-
gorical features into binary and ordinal form, before parti-
tioning the dataset into training (80%) and testing (20%)
sets. Another key component of the initial data investiga-
tion remains to check the correlation between dependent,
independent and pair of independent variables.

Correlation Analysis. The correlation between the predictors
is tested through spearman correlation analysis. A
‘‘Spearman correlation’’ test was conducted to establish
the relationship between a) dependent and independent
variables, and b) between a pair of independent variables.
As the database contains both continuous and nominal
variables, the non-parametric Spearman’s rank order cor-
relation has been found to be the most appropriate
method to check the correlation between two variables
(17). Table 3 presents the correlation analysis findings.
Interestingly, among the variables, the road width was
observed to be correlated with the number of lanes.
Despite the present correlation, both were included in the
model owing to the following factors. First, in typical
Indian urban settings, there is a lack of uniformity among
road types with respect to lane width and number of
lanes. Therefore, both major road width and number of
lanes are taken together to understand their respective
roles on fatal crash. Several past studies also included
both road width and number of lanes to understand their
individual effect (24, 25). Second, another statistical mea-
sure, variance inflation factor (VIF), inverse of the

tolerance value can be used for measuring multicollinear-
ity as well (26). VIF indicates the extent to which an indi-
cator’s variance is captured by the remaining indicators
of a given construct. The instances of higher degrees of
multicollinearity are reflected in lower tolerance values
and higher VIF values (26). As reported by Kim (27)
when the estimated VIF is higher than 5 to 10 or even
within 10-30 range, multicollinearity is observed to be
present with respect to that attribute. As the estimated
values for both attributes are significantly lower than that
as shown in Table 4, both attributes are included in the
model. With respect to major road width and cycle time,
the correlation between them can be termed as weakly
correlated with each other (0.133 indicates a weak posi-
tive linear relationship) (28). Similarly, correlation among
other pair of variables can be interpreted. Results clearly
indicate all independent variables to be significant predic-
tors of the dependent variable, and they were therefore
included in the final model formulation.

Binary Logit Model Theory and Formulation. In this study, the
probability of a crash being fatal (1) versus non-fatal (0) is
investigated using a discrete choice model, more precisely a
binary logit model. The logistic regression framework,
which predicts the likelihood that a crash will be fatal based
on several explanatory variables, is applicable because the
dependent variable has a binary result. When the depen-
dent variable is binary, and there are many observations,
the binary logit model was the most suitable and preferred
choice (9). Therefore, the binary logit (BLR) technique was
utilized for modeling purposes as the response outcomes
are two (fatal versus non-fatal). The dichotomous outcome
variable yin is defined as below Equation 1:

yin =
1, if the severity outcome i sustained by observation n was fatal

0, if the severity outcome i sustained by observation n was non� fatal

�

ð1Þ

The logistic function as presented by Manski and
McFadden (29), can be defined as given in Equation 2 if
the probability that an RTC casualty n will be fatal is P
(yin = 1).

P yin = 1ð Þ= exp(b0Xin)

1+ exp(b0Xin)
ð2Þ

where b is the vector of estimable coefficients, and Xin is
the vector of independent variables. The model coeffi-
cients could be estimated by optimizing the log-likelihood
function given in Equation 3 (10).

LL b
0

� �
=
Xn

i= 1

yin ln(P(yin)ð Þf + 1� yinð Þln(1� P yinð Þ))g

ð3Þ

Table 4. Variance Inflation Factor Results

Independent variables VIF values

No of lanes 2.51
Log (ADT) 1.02
Major road width 1.67
Presence of right-turn protection 2.75
Visibility of road markings 1.03
Cycle time 1.01

Note: ADT = average daily traffic; VIF = variance inflation factor.

The maximum VIF value is highlighted in bold to indicate acceptable

multicollinearity among predictors.
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The final model’s summary is presented in Table 5. The
binary logistic regression results for signalized intersec-
tions show that ADT (b = 22.053, p = \ 0.000), cycle
time (b = 20.013, p = \ 0.000), presence of right-turn
protection (b = 21.457, p = \ 0.000), horizontal curve
(b = 20.975, p =\ 0.000), and the number of lanes (b
= 21.129, p = \ 0.000) has a positive effect toward
reducing crashes. Several past studies found an inverse
relation between traffic volume and fatal injury (13, 30,
31). The aforementioned findings are intuitive, as
increased traffic volumes are likely to cause motorists to
slow down, thereby reducing the risk of fatalities. Several
studies have found that longer cycle times can enhance
the safety of intersections (32–35). Generally, longer
cycles result in fewer interruptions at traffic signals, and
an increase in green times (mostly imposed by longer
cycle lengths) provides more space for traffic and reduces
vehicular conflicts. Several past studies have demon-
strated that right-turn restrictions lower the number and
severity of crashes (17, 32, 36, 37). Turning movements
that are restricted or prohibited reduce the number of
turning conflict points at intersections, which is known
to reduce crash risk (38). In India, motorists are required
to drive on the left, so a right turn requires the greatest
distance from opposing traffic to be completed safely

(17). This unprotected right-turning causes vehicles to
proceed with the turn despite a minor gap in the oppos-
ing traffic stream, resulting in conflicts as well as increas-
ing a driver’s workload for the need to decide, resulting
in an increased likelihood of being associated with
crashes.

Model Validation. The prediction performance of the logit
model was validated using additional randomly selected
20% data, which was not included previously in the crash
prediction models. The training and testing accuracy of
predicting crash fatality risk was found to be 92.5% and
85.9%, respectively, which is reasonably acceptable as
per past studies (39). Therefore, this model can analyze
crash data and recommend safety measures for any other
city with a similar dataset.

Sensitivity Analysis. To understand the significance of dif-
ferent factors influencing urban road crash fatality, a
sensitivity analysis has been conducted. Three different
levels of factors have been considered to calculate predic-
tion probability. The three levels—base level, level 1, and
level 2—are defined for each factor, as shown in Table 6.
Considering all the data points, different levels are

Table 5. Fatal Crash Binary Logit (BLR) Model-Signalized Intersections

Variable characteristics Explanatory variables

Signalized intersection

Coefficient Sig.

Constant 5.61 0.000
Traffic-related factors LOG (average daily traffic volume) 22.053 0.000

Cycle time (s) 20.013 0.000
Presence of right-turn protection (1/0) 21.457 0.000
Number of lanes (1,2,3) 21.129 0.000
Major road width (m) 0.488 0.000
Presence of horizontal curve (1/0) 20.975 0.000
Visibility of road markings (1/0) 22.053 0.000

Model summary Log likelihood 796.932
Cox & Snell R square 0.251
Nagelkerke R square 0.389
Number of observations 1,068

Table 6. Base Conditions of Variables

Base conditions
(signalized intersections) ADT

Cycle
time (s)

Presence of right-turn
protection (1/0)

Major road
width (m)

Visibility of road
markings (1/0)

Presence of
horizontal
curve (1/0)

No. of
lanes

Base level 50,000 100 0 15 0 0 1
level 1 100,000 200 0.5 30 0.5 0.5 2
level 2 200,000 300 1 40 1 1 3

Note: ADT = average daily traffic.
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considered based on the input data stream. For example,
ADT has three levels, that is 50,000, 1lakh, and 2 lakhs,
respectively, at base levels, level one and level two.
Firstly, a base condition is designed where all attributes
are at their certain base levels; for example, ADT is
50,000, major road width is 15m, cycle time is 100 s,
number of lanes is one, the presence of footpath, pres-
ence of horizontal curve and visibility of road markings
is 0, and the probability is calculated. For the next sce-
nario, the base level of ADT is changed from 50,000 to 1
lakh (level 1), but all other attributes are kept constant,
and the probability is estimated. For the third case, all
other attributes are kept at the base level, whereas the
level for the ADT has changed to 2 lakhs (level 2), and
the probability is estimated. Thus, the respective changes
in probabilities are calculated as the levels of ADT are
changed. Finally, the percentage of the average change in
probability is derived. Similarly, the probability change
estimation has been done for all factors in all cases, that
is base level, level one and level two. According to sensi-
tivity analysis as shown in Figure 3, the factors with the
greatest impact on road traffic accidents (RTAs) are
major road width (36%), cycle time (213%), and no. of
lanes (212%).

Artificial Neural Network (ANN)
Data Preprocessing. In comparison to statistical models

ANN models can be used to approximate the underlying
nonlinear relationship between crash severity and safety
predictors without any prior knowledge or assumptions
on model structure [28]. Preprocessing steps such as fea-
ture scaling, which involves categorizing continuous vari-
ables such as average daily traffic, major road width,

and cycle time into sub-variables low, medium, and high,
as shown in Table 2, followed by encoding are per-
formed. The data are also divided between training
(80%) and validation (20%).

Model Formulation. ANN are frequently employed to
forecast the results of traffic crashes. Simple computer
function arrays known as neural networks are densely
interconnected and substantially based on the organiza-
tion of the human brain (40). In this investigation, a feed-
forward neural network was used. Information only tra-
vels forward across this network’s input, hidden, and out-
put layers. The architecture of the ANN model in relation
to the database is shown in Figure 4. Eight neurons make
up the input layer (for eight independent variables), and
each hidden layer neuron receives input from each of
these nodes after being multiplied by a set of weights
(WH11, WH12.WH99). All weights and biases are
assumed to have the same beginning values for the first
iteration. Each hidden layer neuron is additionally given a
bias value (bH1, bH2.bHm), which serves as an input to
the neuron. The outputs of each of these neurons are
directed via an activation function. After that, the values
are transferred to the output layer neuron by being multi-
plied by their corresponding weights. There is a connec-
tion between fixed bias and the output layer neuron (b0).
Various neural networks were trained with different num-
bers of hidden neurons to determine the respective mod-
els’ accuracy and goodness of fit statistics. To enhance
performance, the proposed ANN architecture uses vari-
ous activation functions in the hidden and output layers.
The hidden layer neurons use j, which is the activation
function investigated with ReLU, Sigmoid, and SELU
during model tuning (Table 7). The final output layer uses
the sigmoid activation function s to restrict the output
between 0 and 1. This combination of hidden-layer nonli-
nearity and output-layer sigmoid activation ensures that
features are represented well while still being interpretable
binary risk categories. Several combinations of optimizers
(learning algorithms) and activation functions are used to
develop ANN models. Adaptive moment estimation
(Adam) is a learning rate method that determines different
learning rates for various factors. Adam changes the
learning rate for each neural network weight based on
estimates of the gradient’s first and second moments.
Root-mean-square propagation (RMSProp) is a gradient-
based learning method that normalizes the gradient after
each iteration, as gradients of complex functions such as
neural networks tend to balloon or collapse. Stochastic
gradient descent (SGD) is a function that reduces the size
of a variable (41). At each iteration, it determines the gra-
dient of the cost function for a single case, and by select-
ing the most negligible loss at each iteration, it ultimately

Figure 3. Influencing factors based on binary logistic models.
Note: ADT = average daily traffic.
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reaches the minimum. Validation: The models were
evaluated using the following criteria: accuracy, loss,
mean square error (MSE), root-mean-square error
(RMSE), and mean square log error (MSLE). Table 7
shows the outcomes of a more comprehensive model
exploration approach rather than a single optimizer
comparison. To systematically analyze several ANN
setups, we altered the optimizers (Adam, RMSProp,
SGD), hidden-layer activation functions (ReLU,
Sigmoid, SELU), number of neurons, and number of
layers. The goal was to find the best-fit design for the
dataset rather than to isolate the effect of a particular
parameter. Across every instance, the output layer con-
sistently used sigmoid activation to assure binary clas-
sification. The ‘‘best-fit’’ model was chosen largely for
accuracy, with loss and error measures serving as
supplementary indicators. The RMSProp optimizer
and Sigmoid activation function model and with
one hidden layer were found to be the best-fit model in
this for the training with an accuracy of 90.27%. The
model performance parameters for nine distinct ANN

models for the training dataset are shown in Table 7.
An ANN model’s general mathematical equation is as
follows (41):

AN =s b0 +
Xm

k = 1

wkj bk +
Xn

i= 1

wikxi

 !( )" #
ð4Þ

where AN denotes the model’s normalized output, s=
sigmoid output activation function, j = hidden-layer
activation (ReLU, SELU, etc.), b0 = output layer neu-
ron’s bias, wk = weight between the output layer neuron
and the hidden laye’s kth neuron, bk = bias associated
with the hidden layer’s kth neuron, wik =weight between
ith input layer neuron and kth hidden layer neuron, xi =
input layer’s ith variable (neuron) normalized, n = the
number of input variables, m = number of neurons in
the hidden layer

Validation of ANN Model. For a generalized application,
the best-fit model, along with the other top four models
identified from the training database, was used for crash

Figure 4. Model architecture for binary classification.
Note: ADT = average daily traffic; ARTP = all-red time present; CT = cycle time; MRW = major road width; NOL = number of lanes; PHC = presence of

horizontal curve; RM = road markings; RTP = right-turn protection.
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prediction based on a dataset containing crash informa-
tion from 20% testing database. Table 8 summarizes the
top five ANN models and their respective performance
parameters for the new dataset. Results indicate that
RMSProp optimizer and Sigmoid activation function
model performed the best for testing data as well, with
an accuracy of 90.98%.

Sensitivity Analysis Using the Garson Method

Sensitivity analysis was performed to determine the rela-
tive importance of the independent variables. The
Garson (42) approach was utilized to determine the indi-
vidual percentage of influence of each variable on crash
outcome to streamline the weights of various factors
employed in ANN analysis. The results of the sensitivity

analysis are shown in Table 9. Each variable was ranked
according to how much influence it had on the output
variables. The top-ranked variable is right-turn protec-
tion, with a relative influence of 25.13%.

Apriori Algorithm

Data Preprocessing. Crash data were extracted and repre-
sented in a transactional categorical format, where each

crash instance contained a list of attributes leading to a

fatal/nonfatal crash, thus identifying frequent itemsets

based on a minimum support threshold and generating

association. Association rules analysis is sometimes

called market basket analysis (43). Basket analysis is a

strategy businesses use worldwide to detect which prod-

ucts are purchased together. Analysis entails searching

Table 7. Artificial Neural Network (ANN) Model Performance Parameters

Optimizer Activation function No. of neurons Hidden layers Accuracy Loss MSE RMSE MSLE

Adam ReLu 20 2 0.8946 0.3267 0.0971 0.3116 0.0466
Sigmoid 14 1 0.8964 0.4009 0.1043 0.3229 0.0501
SELU 10 1 0.8176 2.7574 0.1690 0.4111 0.0812

RMSProp ReLu 16 1 0.8090 0.8593 0.1870 0.4324 0.0898
Sigmoid 14 1 0.9027 0.3182 0.1294 0.3598 0.0622
SELU 10 1 0.7782 3.2437 0.1906 0.4366 0.0916

SGD ReLu 12 1 0.3525 9.8606 0.6546 0.8091 0.3147
Sigmoid 12 1 0.1014 13.635 0.8956 0.9464 0.4305
SELU 11 1 0.8018 3.0226 0.1978 0.4447 0.0950

Note: The activation functions (ReLU, Sigmoid, and SELU) reported in Table 7 only apply to the hidden layers. The output layer always uses a sigmoid

activation function (s) for binary classification, regardless of the hidden-layer activation used; Bold values indicate the best-fit model.

Table 8. Testing Accuracies of Artificial Neural Network (ANN) Models

Optimizer Activation function No of neurons Hidden layers Accuracy Loss MSE RMSE MSLE

Adam ReLu 20 2 0.8966 0.3269 0.0961 0.3100 0.0465
sigmoid 14 1 0.8972 0.4012 0.1042 0.3228 0.0511
SELU 10 1 0.8183 2.7582 0.1692 0.4114 0.0812

RMSProp ReLu 16 1 0.8093 0.8599 0.1881 0.4337 0.0899
sigmoid 14 1 0.9098 0.3082 0.1184 0.3442 0.0591

Note: MSE = mean square error; MSLE = mean square log error; RMSE = root mean square error. Bold values indicate the best-fit model.

Table 9. Sensitivity Analysis using the Garson Method

Factors
Number
of lanes

Presence of
horizontal

curve ADT

Major
road

width (m)

Visibility of
road

marking

Presence of
right-turn
protection

Cycle
time (s)

Presence of
all-red time

Relative influence 16.17 13.31 0.00008 5.94 15.82 25.13 0.12 23.51
Rank 3 5 8 6 4 1 7 2

Note: ADT = average daily traffic.
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supermarket statistics to identify a set of sold commodi-

ties. For example, if a consumer buys milk, how likely is

it for them to buy bread or eggs during the same trip to

the supermarket? This information can assist retailers

undertake selective marketing and plan shelf space,

resulting in greater sales (44). Apriori algorithm was
introduced to mine common itemsets for Boolean associ-
ation rules (45). Apriori algorithm utilizes a level-wise
iterative search methodology that employs k-item sets to
investigate (k+1) item sets. Initially, the database is
searched to collect the frequency of each item that meets
the minimal support requirement. Afterward, the set L1
is obtained and utilized to determine L2, which consists
of common 2-itemsets. Thus, the search is extended until
no additional frequent k-item sets can be detected (44).

Validation. The extraction of best association rules and
validation relies on indicators, specifically confidence and
lift (46). A confidence value could measure the conditional
probability that an item Y will occur if an item X also
occurs. The indicator lift is used to quantify the association

between item X and item Y. If the coefficient of lift is larger
than 1, it indicates a positive correlation between the vari-
ables. The indicator lift is used to quantify the association
between item X and item Y. If the coefficient of lift is larger
than 1, it indicates a positive correlation between the vari-
ables. WEKA 3.8.6 software was used to implement
Apriori algorithm to get the best association rules with fatal
crashes. The current study considered the top six best rules
(with three and two factors) based on a confidence value of
at least 0.90 and a lift value of more than 1. Table 10 pre-
sents the best rules table, and Table 11 shows the number
of times each factor appeared in significant rule.

The multi-perspective model segmentation strategy,
which combines the findings from the three approaches,
is covered in the following section.

Risk Factor Segmentation Procedure

The results of binary logistic models, ANN, and Apriori
algorithms are combined in the current study, and a suit-
able segmentation criterion is adopted to prioritize the
risk factor into three sections: very high risk, high risk,
and moderate risk factors as presented in Table 13. For
binary logit model, sensitivity weightage derived from the
sensitivity analysis is used for ranking of attributes, for
ANN model, sensitivity weightage derived from Garson’s
sensitivity analysis is utilized for ranking of the variables
and for Apriori algorithm, the frequency of variables
being present in respective rules are used as criterion for
ranking as presented in Table 12. The following sub-
section presents the risk segmentation approach.

Risk Segmentation Approach: To integrate the results
from the three models (ANN, Apriori, and binary logit),
a simple rule-based technique was used for risk segmen-
tation. The primary goal was to prioritize any factor
recognized as most critical (rank = 1) by at least one

Table 10. Best Association Rules Based on Apriori Algorithm

Chain of factors Confidence Lift Type of crash

Presence of horizontal curve
[Yes]

Presence of right-turn
protection [No = 78]

Presence of all-red time present
[No = 76]

0.97 1.02 Fatal

Presence of right-turn
protection [No]

Visibility of road markings
[Faded = 102]

Presence of all-red time
[No = 98]

0.96 1.01 Fatal

Presence of horizontal curve
[Yes]

Visibility of road markings
[Faded = 70]

Presence of all-red time
[No = 67]

0.96 1.01 Fatal

ADT [low = 65] Presence of all-red time
[No = 64]

— 0.98 1.04 Fatal

Presence of right-turn
protection [No = 126]

Presence of all-red time
[No = 121]

— 0.96 1.01 Fatal

Presence of all-red time
[No = 135]

Presence of right-turn
protection [No = 121]

— 0.90 1.01 Fatal

Note: ADT = average daily traffic.

‘—’ indicates that no rule was generated for the corresponding entry.

Table 11. Factor Occurrence Count in Rules

Factors
Number of times
appeared in rules

Presence of all-red time 6
Presence of right-turn protection 4
Visibility of road markings 2
Presence of horizontal curve 2
ADT 1
Cycle time (s) 0
Major road width (m) 0
Number of lanes 0

Note: ADT = average daily traffic.
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approach, given each method employs a unique analyti-
cal mechanism.

� Very high risk: Assigned if any of the three models
ranked the factor as 1.

� High risk: Assigned if a factor consistently ranked
between 2 and 3 in at least two models but did not
rank 1 in either.

� Medium risk: Assigned if a factor ranked more
than 4 (e.g., 4–8) based on either or majority of
the methods.

The above segmentation approach clusters the most criti-
cal attributes (top ranked attributes in either method),
followed by the subsequent sets of critical attributes
(within top three attributes in either method), followed
by medium risk attributes incorporating attributes asso-
ciated with relatively lower risk. For example, ‘‘Presence
of right-turn protection’’ was assigned to very high risk
despite having lower ranks in the other two models,
namely rank 2 in Apriori and rank 5 in binary logit. This
ensured that a factor identified as significant by any ana-
lytical framework was not neglected. This rule-based
integration demonstrates the value of running three tech-
niques concurrently: it takes advantage of the comple-
mentary perspectives of several modeling approaches
and prioritizes critical safety elements even when only
one model strongly flags them.

Very High Risk (Segment I)

This segment includes factors ranked 1 in all three tech-
niques. The factors found in this category are major road
width, presence of right-turn protection, and presence of
all-red time. The major road width was found to have a
significant positive association with fatal collisions. It has
been accepted that wider roads can increase vehicular
speed and driving maneuvers, increasing the probability
of fatal crashes. Increased crossing distance and the time
to cross may also result in increased pedestrian exposure
to automobile traffic while crossing the road (47).
Therefore, traffic authorities should review all listed
speed limits on wide approach roads at intersections,
reduce them, and use efficient methods to capture speed-
ing vehicles and apply penalties. Protected right-turns
increase safety and reduce collisions but at the expense of
operational efficiency by reducing the green time avail-
able for through movements. Therefore, an alternative
approach known as a part-time protected right-turn sig-
nal can also be adopted. A part-time protected right-turn
signal is one in which permissive and fully protected
right-turn phasing is used during peak and off-peak
hours, respectively. Part-time protected right-turn signals
provide a solid safety solution while avoiding the require-
ment for capacity enhancements to accommodate queued
right-turners at signalized junctions (48). Red-light viola-
tions are fairly widespread in cities throughout India.
The primary function of an all-red interval is to

Table 12. Ranking of Risk Factors

Factors
Binary logit ANN Apriori algorithm

rank (sensitivity analysis) rank (sensitivity analysis) rank (number of times appeared in rules)

Presence of all-red time (0/1) — 2 1
Presence of right-turn protection (0/1) 5 1 2
Visibility of road markings (0/1) 4 4 3
Presence of horizontal curve (0/1) 6 5 3
ADT 5 8 4
Cycle time (s) 2 7 0
Major road width (m) 1 6 0
Number of lanes 3 3 0

Note: ADT = average daily traffic; ANN = artificial neural network.

‘—’ represents not applicable.

Table 13. Risk Factor Segmentation

Segmentation Variables

Very high risk (rank 1) Major road width, presence of right-turn protection, presence of all-red time
High risk (rank 2–3) No. of lanes, cycle time, presence of horizontal curve, visibility of road markings
Moderate risk (. rank 4) ADT

Note: ADT = average daily traffic.
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safeguard vehicles that may be in the midst of an intersec-
tion, including those who may have entered the intersec-
tion at the conclusion of the yellow change period.
Adding an all-red interval after a yellow change interval
would decrease right-angle crashes (49).

High Risk (Segment II)

This segment includes factors ranked between 2 and 3
in all three techniques. The factors that appear to be
high risk are the number of lanes, visibility of road
markings, presence of horizontal curve, and cycle time.
As the number of lanes increased, fatal collisions
decreased by 12%. This disparity in findings (relative
to road width) could be attributed to irregularity in
lane marking. During RSI, it was discovered that
major roadways with sufficient width for three or four
lanes were designed with only two and, in some cases,
no lanes. The wider lane markings help narrow the
roads for drivers and thus could lead drivers to slow
down, as they perceive higher speeds while travelling
within the lanes (50). As a result, it is possible to con-
clude that wide roadways without correct lane config-
uration are more dangerous, whereas wide roads with
proper lane configuration are considerably safer.
According to the binary logit model, the presence of
clear road markings was found to reduce fatal crashes
by 10%. This could be attributed to reduced speed
behavior at intersections with clear markings compared
with intersections with faded markings (51). To miti-
gate the speed of drivers approaching signalized inter-
sections, some effective road marking treatments, such
as dragon teeth markings, based on the principle of
visual road narrowing, and raised median island, based
on the principle of physical road narrowing, could be
employed.

It appears that the existence of a horizontal curve has
mixed effects on fatal crashes. Binary logit indicates that
the presence of a horizontal curve can reduce fatal colli-
sions by 5%, while association rule mining indicates that
it can also result in fatal crashes when accompanied by
faded road markings, no all-red time, and no protection
for right turns. Therefore, irrespective of geometric
design (straight or curved), it is important to take precau-
tionary steps to reduce the speed of vehicles approaching
the intersection. Advanced warning signs in conjunction
with chevron sight boards and/or repeated arrows, as
well as road marking treatments such as rumble strips
and herringbone road marking, could offer a dependable
reduction in speed and improved lane position ahead of
horizontal curves. As cycle duration increased, the binary
logit model predicted a 13% reduction in fatal crashes.

Red-light running may decrease if drivers’ expectations
are satisfied by wide progression bands (through
extended cycle lengths) and effective signal coordination
(34). The increase in the yellow interval duration and
provision of green extension is only possible with
extended cycle lengths.

Moderate Risk (Segment III)

This segment includes factors ranked above 4 in all three
techniques. ADT was identified as moderate risk factor.
According to the binary logit model, increasing ADT
rates reduces fatal crashes by 7%. Also, the data mining
analysis showed that the possibility of fatal crashes
increases when ADT is low, and all-red time is absent.
This result could also be attributed to the red light run-
ning when the traffic volume is low. According to
Schröter et al. (52), low red-light running is caused by
the typical high motor vehicle traffic volumes and the
lengthy crossing distances associated with intricate inter-
section designs. Since traffic volume is not a factor that
can be controlled, countermeasures such as the presence
of red-light cameras could greatly minimize crashes at
intersections. Red-light cameras encourage more disci-
plined queuing of motorcyclists at the stop line, therefore
reducing jump starts and red- light running on conflict-
ing approaches (53).

Conclusions

This study aims to identify the key roadway and traffic
variables that contribute to fatal crashes at signalized
intersections in Hyderabad, an Indian metropolis.
Subsequently, a hierarchy of criteria is developed to
divide the risk factor into three distinct segments. This
unique classification method would aid in prioritizing the
risk factors and recommending necessary countermea-
sures. Inadequate information on the most/least essential
components may impede improvement, increasing the
chance of fatal crashes. In this regard, the study presents
the following research contributions. Firstly, this study
employed a multi-perspective model approach utilizing
binary logit, ANN, and Apriori algorithms to identify
significant risk factors leading to fatal crashes at signa-
lized intersections. Such a multi-perspective model
approach may contribute to comparing and understand-
ing the different levels of influence each factor has on
crash outcomes. The major contribution of this study
does lies in using three different techniques to combine
the variables and classify them into various groups with
reference to their relative impact on crash severity at
urban signalized intersections. All these three techniques
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were independently applied to a common crash dataset
derived from Hyderabad city for identifying top-most
risk factors leading to road traffic fatality and were sub-
sequently combined for road risk factor segmentation.
Three methods with their respective strengths and weak-
nesses were applied to identify key risk variables resulting
from each of the techniques and subsequently combined
to demonstrate a multi-model approach for risk factor
prioritization and classification, which remains a novel
addition to the existing road safety research literature.
The models and results offer actionable recommenda-
tions for local policymakers and highlight the value of
multi-model perspectives for advancing transportation
safety research. Secondly, a unique segmentation
approach was adopted to classify the risk factors into
three groups based on their relative influence across the
models. Each model was applied independently using a
unique primary crash dataset from Hyderabad, a mega-
city in a developing country such as India, and the top-
ranked variables influencing crash fatality from each
analysis were identified and grouped post hoc to provide
a transparent evaluation of risk factor importance across
distinct methodological paradigms. Such interest groups
would allow policymakers to make segment-specific and
phased improvement recommendations while staying
within budget. For example, the findings show that
major road width, right-turn protection, and all-red time
were classified as high-risk characteristics during the
investigation. This conclusion proposes high-level inter-
ventions at intersections with wide major roads and mod-
ifying provisions such as right-turn protection and all-red
time. Third, this study proposed specific actions focused
on various risk factors that could lower the occurrence of
fatal crashes in a LMIC such as India. The research on
road safety in LMICs, which has been identified as an
area of neglect (54), warrants increased attention and pri-
ority. According to a World Bank report, LMICs have
witnessed a growing number of surgically curable
chronic, congenital, and acquired disorders owing to
crashes (55). However, since the majority of victims in
LMICs come from low-income families, they lack proper
access to medical care (2) and therefore cannot afford the
additional costs (surgeries), which can lead to death.
Therefore, the suggested methodological approach, iden-
tified risk factor segments and suggested policy-level miti-
gation actions can be implemented to establish short-
term or long-term road safety initiatives to minimize fatal
crashes and maximize the limited resources available.
The study’s results, conclusions, and recommendations
are consistent with the United Nations’ eleventh sustain-
able development goal (SDG-11).

Likewise other studies, there are certain limitations
of the study, which need to be addressed as part of the
future scope of work. First, the study examines the role

of various factors leading to fatal/non-fatal crashes in
Hyderabad. The data used in the study (Traffic Police
data, 201522019) do not provide further crash classifi-
cation such as fatal, grievous, simple, no-injury and
property damage, others type of crashes in their crash
database till 2018 data. Therefore, uses of all types of
crash types and development of advanced prediction
models remain one of the major scopes of further
research for this study. Second, the primary source of
information concerning road traffic collisions (RTCs)
is derived from police records. However, the issue of
under-reporting fatalities and injuries stemming from
road traffic accidents is a significant global concern
that affects several developing and developed countries
across the globe. Therefore, to enhance the scope of this
research, it is imperative to gather data from police,
vehicle, driver registration, and hospital databases per-
taining to the same population. Third, this study uses a
post hoc grouping of the top-ranked variables that were
independently determined by logistic regression, ANN,
and Apriori algorithm. In future, a data-driven cluster-
ing for segmentation could be taken up as one of the
key future scopes. Fourth, authors would like to state
that the findings were not tested for transferability to
similar cities. The developed models were data-depen-
dent; therefore, the result may vary from city to city,
which makes the results difficult to replicate. Therefore,
it is essential to use similar datasets across cities and
validate the results for generalized research results.
Further, this study mostly covers the urban region; a
separate study with a similar approach needs to be done
for rural areas. However, the technique and selected
factor categories are broad, making them suitable for
emerging and replicable for cities in developing coun-
tries to improve road traffic safety.
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