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Abstract— This work presents a novel approach to identifying
possible early accident-prone zones in a large city-scale road
network using geo-tagged collision alert data from a vehicle
fleet. The alert data has been collected for a year from
200 city buses installed with the Advanced Driver Assistance
System (ADAS). To the best of our knowledge, no research
paper has used ADAS alerts to identify the early accident-
prone zones. A nonparametric technique called Kernel Density
Estimation (KDE) is employed to model the distribution of
alert data across stratified time intervals. A novel recall-based
measure is introduced to assess the degree of support provided
by our density-based approach for existing, manually deter-
mined accident-prone zones (‘blackspots’) provided by civic
authorities. This shows that our KDE approach significantly
outperforms existing approaches in terms of the recall-based
measure. Introducing a novel linear assignment Earth Mover
Distance based measure to predict previously unidentified
accident-prone zones. The results and findings support the
feasibility of utilizing alert data from vehicle fleets to aid civic
planners in assessing accident-zone trends and deploying traffic
calming measures, thereby improving overall road safety and
saving lives.

I. INTRODUCTION

Road accidents pose a significant global challenge, not
only leading to the loss of lives within families but also
causing economic strain on dependent households and im-
pacting the overall welfare of the country. This issue is
particularly pronounced in developing nations, it is the tenth
leading cause of death, and India, in particular, confronts a
formidable task in enhancing road safety. The country ranked
first globally in terms of road fatalities annually.

In this paper, we present our work in the city of Nagpur -
a large city in India, with a population of three million. The
city faces a severe road safety issue, partly attributed to its
location at the intersection of two major national highways
(NH) – NH-44 and NH-53. Typically, most of the steps
taken by city and traffic planning authorities address issues

*This work was supported by I-Hub Data, IIIT Hyderabad, India
1Ravi Shankar Mishra, C.V. Jawahar and Ravi Kiran Sarvadevab-

hatla is with the Center For Visual Information Technology(CVIT), In-
ternational Institute of Information Technology (IIIT) Hyderabad, Telan-
gana, 500032, India. ravi.mishra@research.iiit.ac.in,
jawahar@iiit.ac.in and ravi.kiran@iiit.ac.in

2Dev Singh Thakur and Anbumani Subramanian is
with the INAI, IIIT Hyderabad, Telangana, 500032, In-
dia. dev.singh@ihub-data.iiit.ac.in and
anbumani@iiit.ac.in

3Mukti Advani and S. Velmurugan is with the CSIR-CRRI,
New Delhi, 110025, India. mukti.crri@nic.in and
vms.crri@nic.in

4Juby Jose is with Intel, Bengaluru, Karnataka, 560103, India.
juby.jose@intel.com

Fig. 1: Inside view from a bus installed with an Advanced
Driver Assistance System (ADAS). The ADAS system com-
prises (i) a camera installed inside on a windshield and
monitoring the road ahead of the vehicle, and (ii) a small
display with a buzzer to provide audio and visual alerts to
the driver.

in the road network only after an accident has occurred.
Our work is precisely designed to address this problem of
early detection of possible accident-prone zones which need
attention from civic authorities. Specifically, we present a
novel approach to identify possible accident-prone zones in
a large city-scale road network using collision alert data
from a vehicle fleet. Our geo-tagged alert data has been
collected over a year from 200 city buses installed with
an Advanced Driving Assistance System (ADAS). To model
the distribution of alert data across stratified time intervals,
we employ a nonparametric technique called Kernel Density
Estimation (KDE). We introduce a novel recall-based method
to assess the degree of support provided by our density-
based approach for existing, manually determined accident-
prone zones (‘blackspots’) provided by civic authorities. A
quantitative comparison of our KDE approach with other
approaches used for modeling accident data reveals that
our approach significantly outperforms previous approaches
in terms of the proposed recall-based method. We also
introduce a novel linear assignment Earth Mover Distance-
based measure to predict previously unidentified accident-
prone zones.

Overall, our results and findings support the feasibility of
utilizing ADAS’s alert data from vehicle fleets to aid civic
planners in assessing accident-zone trends and deploying
traffic-calming measures, thereby improving overall road
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safety and saving lives. Although presented in a specific
setting, the general nature of our approach and analysis
techniques is an attractive option for replication at scale and
useful for other countries and geographies.

II. RELATED WORKS

The accident is a daunting challenge in the current sce-
nario. Work has been done in different geographical areas to
identify the accident locations based on the past accident
history. These works analyze accident data from various
countries including Sweden [1], Turkey [2], and United
States [3]. The time frame of the data ranges from 2 to
43 years. The datasets contain information on the location,
time, and details of the accident, as well as information on
the involved vehicles and road conditions at the time of the
accident.

In recent years, there has been a growing interest in identi-
fying accident-prone zones to improve road safety and reduce
the number of accidents. Statistical methods such as crash
frequency [4], empirical bayseian [5], linear regression [6]
and negative binomial regression [7], have been used to
model the correlation between past accident data and non-
behavioral factors such as highway geometry, environmental
conditions, and traffic characteristics. Some studies have
used machine learning methods such as K-Nearest Neighbor
Classifier (KNN) [8], Support Vector Machine (SVM) [9]
and Random Forest (RF) [10], [11] to classify small road
segments as potential accident-prone zones. Nonparametric
density estimation like Network KDE [12] and clustering
methods like DBSCAN [13]–[17] and Monte Carlo Simula-
tion [18] have also been used to cluster accident points in
crucial sections of the road such as intersections and junc-
tions. To incorporate both temporal and spatial dependencies,
deep learning models such as Long Short-term Memory
(LSTM) [19] and Stack denoising convolution autoencoder
(SDCAE) [20] have been used. However, these works focus
on non-behavioral factors and do not examine data arising
from driver behaviors.

Reducing accidents involves more than just pinpointing
their locations. Efforts are made to minimize accidents in
real-time using advanced technologies, such as the automatic
braking system [21], which slows down the vehicle when it
is about to collide with other road entities. Some studies
consider braking data as accident indicators, using them to
identify accident locations [22], [23], but this data lacks
the exact reason for the event. Events can occur due to
poor driving behavior, making the location not inherently
accident-prone. There is a chance of incorrect information in
this data, particularly as it is collected from a single vehicle,
introducing a potential bias.

The methods mentioned above aren’t directly compara-
ble to the newly introduced approach due to the unique
characteristics of our data. Nevertheless, this work has in-
corporated several of these methods as baselines for com-
parison. The meticulous analysis of this work highlights
KDE’s superiority over other methods in distinct settings, as
evidenced by strong alignment with existing blackspots data.

Fig. 2: Comprehensive Vehicle Route in Nagpur: Mapped
in orange, this route spans 1600 kilometers, representing
approximately 85% of Nagpur’s entire road network, as
illustrated on the city map.

Notably, Network KDE [12], a density-based approach, and
DBSCAN [17], a clustering-based technique, demonstrate
marginally improved performance compared to frequency-
centric approaches like Crash Frequency [4] and Empirical
Bayesian [5]. Despite these subtle variations, the backing
from pre-existing blackspots data remains considerably lim-
ited for these methods (see Figure 7), particularly when
juxtaposed with the results achieved by KDE. Additionally,
these methods encounter challenges when handling substan-
tial data volumes.

III. DATA AND ITS COLLECTION SETUP

A large dataset is necessary to conduct a comprehensive
analysis. Therefore, the ADAS alerts generated from Nagpur
public transit buses on different routes for a year have been
utilized. Figure 2 shows the route chosen for this study. This
covers a total distance of 1600 kilometers. The mentioned
distance represents approximately 85% of the entire road
network in Nagpur. Furthermore, blackspot data given by
the civic authorities, have been utilized to supplement the
primary data analysis. This approach allows us to gain
a comprehensive understanding of the alert patterns and
accident-prone zones in Nagpur whereby the efficacy of
ADAS devices in detecting these patterns is also assessed.

A. Advanced Driver Assistance System (ADAS)

In this work, the camera-based Advanced Driver Assis-
tance System (ADAS)1 was utilized. The system is capable
of detecting the presence of objects (stationary as well
as moving) with type as well as their distance, including
GPS coordinates around the vehicle, and accordingly sends
visual and audio alarms. These alerts are given to the driver
in the output unit if the vehicle is detected to be on an
unsafe path (like lane departure), unsafely close to another
vehicle/pedestrian/bicycle, or any infrastructure element (po-
tential crash), etc. Based on these visual or audio alerts, the
driver can potentially take corrective actions in driving to

1from Mobileye
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TABLE I: Description of data types, events and a brief description of data collected and analyzed in our work.

Data Event Description
Spatial Location (GPS coordinates) Latitude and longitude of the alert
Temporal Date and time Date and time of the alert
Alerts from
Advanced
Driver
Assistance
System
(ADAS)

Pedestrian collision warning (PCW) Alert for a potential collision with a pedestrian, in front of
the driven vehicle

Front collision warning (FCW) Alert for a potential collision with another vehicle in the lane,
in front of the driven vehicle

Lane Departure Warning (LDW) Alert when the driven vehicle moves out of a lane, without
using a lane-change indicator

PCW

68.84042

LDW

21.58123

FCW

9.57835
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Fig. 3: Summary of the collision alert data in our work: (a) distribution of alerts - FCW, LDW, and PCW, (b) Weekly trends
in alerts, and (c) hourly distribution of alerts showing the patterns of peak and non-peak hours in traffic.

prevent or avoid an impending collision or any undue hit to
infrastructure elements. Figure 1 shows the device installed
in one of the buses from our study. The device has one
AI-enabled camera (input) fitted on the dashboard of the
bus and is focused toward the road at an optimum angle
to detect various features such as pedestrians, cyclists, lane
departure, chances of a collision, road features, and has a

display unit (output) which gives visual as well as audio
alerts to the driver while driving. To store the huge geo-
tagged data coming from the ADAS-equipped bus fleets, a
centralized server is used. Table I lists the types of events
that are identified by the device and associated alerts.
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Fig. 4: The figure outlines our blackspot prediction methodology. The initial step involves segmenting the alert data into
distinct time intervals, followed by the application of Kernel Density Estimation (KDE) to model the spatial distribution
of alert occurrences. Utilizing a statistically determined threshold, the method identifies locations with varying degrees of
severity, classifying them as severe or mild. To forecast new potential blackspots, a rigorous analysis is performed. This
analysis encompasses the evaluation of data distributions at existing blackspots and locations of severe alerts, facilitated by
the utilization of a 2D Histogram. The comparison employs the Earth Mover Distance (EMD) as a metric. Subsequently, a
threshold mechanism is employed to discern and designate emerging blackspot candidates. The amalgamation of these steps
forms the basis of our predictive approach.

IV. METHODOLOGY

The goal is to identify road zones at high risk for accidents
(colloquially referred to as ”Blackspots”) by using alert data
from ADAS devices. Since traffic patterns vary throughout
the day, analyzing the entire data together would not give
an accurate prediction. An alternative is to stratify the day
into different intervals based on the traffic flow pattern of
that zone. Later sections show, that this enables accurate
localization of accident-prone zones on the road. From the
ADAS alert attributes (Table I), PCW and FCW alert data
are used. A nonparametric Kernel Density Estimation (KDE)
is employed to model the alert probability density. Promi-
nent (high-probability) locations are subsequently identified
(Sec. IV-B) and utilized for blackspot verification (Sec. IV-C)
and prediction (Sec. IV-D).

A. Kernel Density Estimation

Using a sample of observations, the probability density
function (PDF) of a random variable can be calculated
statistically using Kernel Density Estimation (KDE) [24].
It operates by utilizing a kernel function, a probability
distribution function used to weight the data points to smooth
a histogram of the sample data. The outcome is an estimation
of the population’s underlying PDF from which the sample
was drawn. KDE is a valuable tool for datasets that might not
follow conventional parametric distributions since it makes
no assumptions about the underlying distribution of the data,
which is one of its key advantages.

Let x1, x2, ..., xn be independently and identically dis-
tributed samples from a distribution with an unknown density
f at any given point x. The kernel density estimator is:

fh(x) =
1

nh

n∑
i

K(
x− xi

h
); i = 1, 2, 3, ..., n (1)

Here, K is the kernel — a non-negative function — and
h > 0 is a smoothing parameter called the bandwidth. It
is crucial to pick the correct kernel function and bandwidth
when utilizing kernel density estimation. The weights of the
data points are determined by the kernel function, which
can be Gaussian, Epanechnikov, triangular, etc. depending
on the type of data being used. To provide accurate density
estimations, the bandwidth parameter h, which regulates the
degree of smoothing applied to the data, must be set to the
proper value.

.

B. KDE in our problem

For data, the Forward Collision Warning (FCW) and
Pedestrian Collision Warning (PCW) are employed, as these
collision types characterize accident-prone zones. The ob-
jective is to utilize KDE to estimate the density of alerts at
various locations, employing a Gaussian kernel:

h(x) =
1

σ
√
2π

exp

(
−1

2

(
x− µ

σ

)2
)

(2)

where µ is the mean and σ is the standard deviation of the
distribution.

Typically, the traffic patterns vary in quantity and semantic
type (e.g. vehicles). Ignoring these attributes and considering
all alerts the same can lead to inaccurate identification
of accident-prone zones. To tackle this issue, alerts are
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   Accident-prone Zone (severe)
   Blackspot

(a)

   Accident-prone Zone (severe)
   Blackspot

(b)
   Accident-prone Zone (severe)
   Blackspot

(c)

   Accident-prone Zone (severe)
   Blackspot

(d)

Fig. 5: Accident-prone zones (severe), determined by KDE after thresholding using ADAS device-based alerts (in red), and
manually identified ’blackspots’ (represented by black circles), are overlaid on the map of Nagpur city during various time
intervals: (a) 8:00-11:59 hours, corresponding to the morning peak commute time, (b) 12:00-15:59 hours, a period of lower
traffic in the afternoon, (c) 16:00-19:59 hours, during the evening peak commute time, and (d) 20:00-23:59 hours, depicting
late-night traffic.

distributed in four-time intervals based on the traffic flow
pattern of Indian roads (8:00-11:59), (12:00-15:59), (16:00-
19:59), and (20:00-23:59), and density is estimated for
these time intervals separately. Time intervals early in the
morning (00:00-7:59) are not considered as the number of
alerts during these times is relatively low. Note that the
time intervals can potentially be modified as per modeling
needs for a different city, country etc. To categorize the
severity of the identified accident-prone zone, statistically
determined thresholds are applied to alert density values.
The third quartile (Q3) value of the kernel density estimate
is considered as a threshold in this work paper. An example
of the resulting density map can be seen in Figure 5 - alert
density values greater than a threshold are considered severe
(in red) and rest as mild.

C. Evaluating Support for Blackspots from Alert Data
To determine the extent of support for a given blackspot

in terms of alerts in its vicinity, the following recall-

based evaluation metric is proposed. For a given time in-
terval, let B1, B2, . . . Bm represent the accident-prone zone
(“blackspot”) geographical locations provided by the civic
authority, considered as ground-truth. Let A1, A2, . . . Ar rep-
resent the ‘severe’ alert locations mentioned in the previous
section. Let d be a threshold distance from a blackspot
B. The total absence of alerts within distance d from the
blackspot is considered a false negative, and let FN be
the number of such false negatives. The recall for distance
threshold d (Recall-d) is defined as Rd = 1−FN

m , where m is
the total number of blackspot locations. Intuitively, a higher
recall for various distances d indicates stronger support for
blackspots arising from the alert data.

D. Predicting Blackspots from Alert Data
Apart from determining the extent of support for

blackspots in terms of alerts, a useful application is to predict
potential’ blackspots solely from alert data. To accomplish
this, c blackspots with the highest alert density values are
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selected. For each of these blackspots, a P × Q spatial
distance grid centered on the blackspot coordinates is es-
tablished, and the 2D histogram of alerts within the grid
is determined (refer to Figure 4). Let Hbi , i = 1, 2, . . . c
be the histogram corresponding to the i-th blackspot. For
each alert location A1, A2, . . . Am, alert histograms Haj

, j =
1, 2, . . .m are determined using the same-sized grid as that
used for blackspots. The histogram distance’ (EMD) with
respect to each of the blackspot histograms is then computed.
If at least one blackspot exists such that EMD(Haj

, Hbi)
is smaller than a threshold, the j-th alert location is labeled
as a potential blackspot.

For the histogram distance, a standard Earth Movers Dis-
tance [25] with linear sum assignment is used as the metric.
Formally, let H = (h1, nh1

), . . . , (hc, nhc
) be the histogram

for a reference blackspot, where (hx, nhx) represents the
spatial index and normalized histogram count, and c =
P × Q is the total number of histogram bins. Similarly, let
A = (a1, na1

), . . . , (ac, nac
) represent the histogram for an

alert location. Let D = [dij ] be the ground distance matrix
where dij is the ground distance between histogram counts
at locations hi and aj . The ’distance’ between the histograms
is formulated as finding the minimum cost flow F = [fij ]
between the histograms.

F = min

c∑
i=1

c∑
j=1

fijdij (3)

subject to the following constraints:

fij ⩾ 0; 1 ⩽ i ⩽ c, 1 ⩽ j ⩽ c

c∑
i=1

c∑
j=1

fij = min

 c∑
i=1

nai ,

c∑
j=1

nhj


Once the optimal optimal flow F is determined, the Earth

Mover Distance is obtained as:

EMD(H,A) =

∑c
i=1

∑c
j=1 fijdij∑c

i=1

∑c
j=1 fij

(4)

E. Implementation Details

The bandwidth of the Gaussian Kernel in KDE is set
to 10−6. Given the relatively small spatial extent of ge-
ographical coordinates compared to the earth’s curvature,
the Haversine metric and ball tree algorithm is used for
modeling large spatial extent densities. The density values
are transformed using a negative logarithm to output values
in the range [5, 17]. The density threshold is determined
statistically, and the Q3 value of kernel density estimated.

For blackspot prediction (Sec. IV-D), the top c = 15
’blackspots’ with the highest KDE values are chosen as
reference. To find the 2D histogram for blackspot prediction,
a half-width of 0.1 kilometers is considered, and the grid
resolution is set to P = Q = 10. The base distance for
EMD is Euclidean distance. The threshold for EMD distance
determines the number of locations for manual verification

   Predicted Blackspot
   Emerging Blackspot

Fig. 6: Comparison of predicted blackspot locations by our
novel method (in blue) with recently identified emerging
blackspot locations (in red) by civic authorities.

by civic authorities. Given the range in alert densities, the
threshold for various time intervals is empirically set between
20 and 103.

V. RESULTS AND ANALYSIS

A. Primary data

Figure 3a shows the distribution of all alerts. PCW (pedes-
trian) alert dominates at 58.8 %, followed by LDW (lane
departure) and FCW (forward collision) alerts, which are
generated at around 31.5 % and 9.5 % respectively. Further,
these alerts are examined hourly. Figure 3c demonstrates
that alerts are not evenly dispersed throughout the day.
Primarily, PCW alerts are generated between the hours of
7:00-12:00 (morning) and 17:00-20:00 (evening), and more
LDW alerts are observed at time intervals of 5:00-8:00
(morning), indicating frequent lane changes at high-speed
during the lean hours of traffic movement in the road network
of Nagpur. The generation of FCW alerts is almost similar
throughout the day, and there has been no significant pattern
depicted.

Subsequent to the preliminary analyses, PCW and FCW
alerts were selected for further analysis. As Nagpur is an
urban area, LDW alerts are more commonly generated in the
region because of the heterogeneous movement of vehicles.

B. Support for blackspots from alert data

The plots of Recall-d (Sec. IV-C) values for various
distance-to-blackspot thresholds d can viewed in Figure 8.
From the plots, it can be seen that the values quickly rise
to a large (0.8 and above) recall. This indicates strong
support from the alert data for existing manually determined
blackspots. In the figure, each plot line corresponds to a
specific time interval. The area under the respective curve
(AUC) is computed to identify the time interval with the
best overall recall. For severe alerts, the highest AUC is for
12:00 - 15:59 (orange curve), suggesting that the support for
blackspots is strongest during afternoon peak hour traffic.
This is followed by 16:00 - 19:59, the evening peak hour
traffic (green curve).
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Fig. 7: Recall-d plots for the aforementioned methods, each denoted by the respective method name and accompanied by
the corresponding Area Under the Curve (AUC%) value. The plots are presented for different time intervals: (a) 8:00-11:59
hours, (b) 12:00-15:59 hours, (c) 16:00-19:59 hours, and (d) 20:00-23:59 hours. Across all intervals, our proposed method
consistently outperforms the comparative methods as the distance parameter (d) increases. In contrast, the performance of
the other methods remains relatively consistent across varying d values, without a significant improvement with higher d.

Figure 5 shows the manually determined blackspot loca-
tions by civic authorities (black circles) and ‘severe’ alert
locations (red small circles), overlaid on the city map.
The overlapping presence of alerts at blackspot locations is
consistent with our recall-based metrics from the previous
section.

C. Predicting Blackspots from Alert Data

Figure 6 illustrates the alert-based predictions of
blackspots generated by our novel method (Section IV-D) in
blue. To validate our blackspot predictions, we collaborated
with the Nagpur civic authorities, who furnished us with a
list of 25 emerging blackspots, highlighted in red. Out of
these, 16 emerging blackspots align closely or in very close
proximity to our predicted locations, resulting in a recall
rate of 0.64 for our prediction model. The advantage of such
predictive models is that they provide a ranked priority list
which can be used to reduce the number of locations visited
by civic authorities to confirm its accident-prone.

Also, the overlay diagrams are a useful way for civic
authorities to determine the trends in alert locations as a
function of various time intervals. For example, the persistent
presence of alerts regardless of time interval could suggest

that the location needs traffic-calming measures on a priority
basis.

The use of KDE with ADAS alert data makes our method
robust to changing external factors that can affect road
accident risk, such as climate changes, road expansion, etc.
Because changes in any of these factors can lead to an
increase or decrease in alerts in that location, KDE can
incorporate these changes effectively. While previous work
has to use these changes as features for their model. This
is an improvement over previous methods that are more
dependent on these factors, and their use of past accident
data as a basis for predictions was only sometimes accurate
as road networks and the number of vehicles changed over
time. By using real-time data and considering the dynamic
nature of traffic patterns, the proposed method can provide
more accurate results of accident risk zones on the road.

VI. CONCLUSIONS AND DISCUSSION

In conclusion, this study has demonstrated the application
of the KDE method in identifying accident-prone zones
in Nagpur, India, using ADAS alerts. By evaluating the
correlation between vehicle flow and road parameters with
ADAS alerts and evaluating the effectiveness of these alerts
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Fig. 8: Recall-d plots for severe alert locations. The x-
axis represents the distance-from-blackspot threshold d. It’s
noteworthy that high recall values are achieved at smaller
distance values, indicating strong support for blackspots from
alert data.

in predicting accident-prone zones, the KDE approach is
proven to be highly accurate in identifying accident-prone
zones. The results of this study have significant implications
for the field of road safety, as the ability to accurately identify
the accident-prone zone will aid in solving the accident-prone
zone. The study methodologies used in this study are generic
and can be applied to predict accident-prone zones on various
types of roadways and regions.

In terms of future scope, further research can be done
to validate the results of this work across different regions,
road types, and weather conditions. Additionally, different
approaches could be explored to improve the accuracy of
the predictions made using the KDE method.
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