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significant concern in India, primarily due to the large population,
increasing number of commuters, ineffective traffic signal management,
and the behaviour of riders. Relying solely on physical traffic police for

monitoring has proven insufficient in handling such high traffic volumes

while simultaneously tracking violations. The issue of monitoring and
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I. INTRODUCTION However, existing video surveillance systems prove

inefficient, relying heavily on human intervention

Between 2001 and 2022,
substantial toll of approximately 20.42 lakh fatalities

India experienced a

and 82.30 lakh injuries resulting from road accidents.
Two-wheelers were implicated in 33 percent of road
accident fatalities in 2017, revealing a concerning
statistic of four two-wheeler riders losing their lives
every hour due to the absence of helmets. To address
these risks, it is strongly advised that motorcycle
riders wear helmets, prompting governments to

designate helmetless riding as a punishable offense.

and experiencing declines in efficiency over time due
to fatigue. Manual enforcement for helmet and
crosswalk violations is also constrained in its
effectiveness, underscoring the need for alternative

solutions.

In this research paper, we introduce a comprehensive
system designed to identify breaches of traffic
regulations, particularly those related to not wearing

helmets, triple riding, and crossing crosswalks. This
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system employs advanced computer vision techniques
such as object detection, image classification, and
image segmentation on CCTV recordings. Initially,
the system identifies vehicles using the Object
Detection Algorithm (YOLO) and then scrutinizes
these vehicles for rule violations. Violations related to
helmet use are pinpointed through a Convolutional
Neural Network (CNN)-based Image Classifier, while
crosswalk violations by vehicles are determined
through Image Segmentation utilizing the Mask R-
CNN architecture. Upon detecting any violations, the
system retrieves the violator's vehicle number
through Optical Character Recognition (OCR) and
issues a notification to the violator. The proposed
around an end-to-end

methodology revolves

autonomous system, covering everything from
capturing image frames to enforcing penalties against

violators.

Il. LITERATURE SURVEY

The current system in India for identifying violations
and penalizing offenders is a labor-intensive, manual
process. It involves continuous recording of traffic by
CCTV cameras at traffic signals. Real-time footage is
scrutinized by a team of traffic police officers in a
control room. When the team detects a violation,
they make a record of the license plate number and
capture a screenshot as evidence. The violation is then
logged into a database, and a notification of the
violation, along with a fine, is issued to the offender.
Given the manual nature of this process, it is quite
arduous for the team to constantly monitor the
screens, especially given the extensive traffic in the
country. Consequently, automating this process is
imperative. This paper will explore a range of
methods proposed by different researchers. The paper
focuses on the following key components:

A. Vehicle Detection

B. Helmet Classification

C. Crosswalk Inversion by a Vehicle

D. License Plate Recognition

A. Vehicle Detection
The first step after obtaining an image frame from the
video is to detect all the vehicles in the image. Prem
Kumar Bhaskar, et al. [7] proposed to develop an
algorithm for vehicle recognition and tracking using
Gaussian mixture model and blob detection methods.
First, it differentiates the foreground from the
background in frames by learning the features that
represent the background. To detect the moving
object the noise,

correctly and remove some

morphological operations have been applied.
However, the drawback of this method is that the
blob detection requires successive image frames for
detection. Kunal Dahiya, et al. [8] proposed an
approach that first detects all objects from
surveillance videos using background subtraction and
object segmentation. Then Features are extracted
from it using methods like Local Binary Patterns
[LBP], Histogram of Oriented Gradients [HOG], Scale
Invariant Feature Transform [SIFT], and finally, a
binary SVM classifier is used to classify the object as
bike rider or not. Asim, et al [10] propose that fast
RCNN is another approach to vehicle detection, in
which the input image is given to CNN to produce a
convolutional feature map, and the region of the
interest feature vector is generated which predicts the

class of the given region.

B. Helmet Detection.

After the objects i.e., the vehicles are detected, the
next important task is to identify whether riders are
wearing a helmet. J. Chiverton [1] proposed an
approach by considering the reflective properties of a
material. In this approach, the approximate region of
the head of the rider is isolated, which is used as a
feature that is derived from the histogram operations
applied to the region. It is observed that the top of the
heads is brighter than the bottom of the helmet.
These properties are then used as an input feature to
SVM with a linear kernel to classify the riders
whether the rider is wearing a helmet or not. An issue

with this approach is that the methodology is based
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on the concept of reflection which may vary for
different surfaces and ample amounts of light should
be present to have a significant difference between
upper and lower surfaces for detection. Gomathi, et al.
[2] proposed a way for classification of the helmet
using IR sensors, Arduino microcontroller, power
supply, and RF Transmitter. The IR sensors will help
in monitoring the riders. However, this approach
involves overhead of hardware which may need to be
replaced from time to time making this approach to
have a high maintenance cost. The possibility of

hardware being damaged is also high.

C. Crosswalk Inversion

One of the violations other than not wearing a helmet
is vehicles that have cut the crosswalk at signals.
Aaron Christian P. Uy, et al. in [4], propose a method
of detecting whether the crosswalk is cut or not by
using a Genetic Algorithm. In this methodology, at
first, the obscurity of the vehicle is found with respect
to the background image after which a Genetic
Algorithm is applied to detect violations if any. One
of the drawbacks of this approach is that the
background image is to be maintained to detect
violations and if there is a change in the background
then the background image must be updated
accordingly i.e. constant updating of the background

image is needed.

The proposed system by Samir Ibadov, et al. in [3],
detects the crosswalks using the alpha channel
method in a canonical form which uses colors to mark
the crosswalk and then detects the vehicles by faster
R-CNN and then finally compares the frames and
checks if they overlap or not to classify whether the
crosswalk is cut by the vehicle at the signal or not.
One drawback of the alpha channel method is that it
cannot represent semi-transparency. That's why color
keying cannot produce a smooth blend on the edge of

an opaque or transparent darea.

D. License plate recognition
After detecting the vehicles using object detection,
and classifying them according to the violations, the

number plate of the corresponding vehicle has to be

recognized for storing violations and further
processing. Amey Narkhede, et al. in [5] proposed an
approach involving Edge detection, Hough

transformation, and K-Nearest neighbor. The Canny
Edge detection is used to find the boundaries of the
objects, then Hough transformation is used for feature
extraction in which lines are detected, this is then
followed by the K-Nearest Neighbor which

recognizes the segmented characters.

Ana Riza, et al. [6] proposed an approach in which
plates are recognized using Canny Edge Detection
followed by Contour Detection and evaluation using
mathematical formulas. After detecting the edges
within a vehicle image, the contours are located and
rectangular contours are searched. To detect valid
plates, parameters like aspect ratio, area, and the
length of the diagonal of the contour are considered.
Pooya Sagharichi Ha, Mojtaba Shakeri in “License
Plate Automatic Recognition based on Edge Detection”
indicates a way to recognize the license plate using
Canny detection. character

edge Subsequently,

extraction is carried out using template matching [9].

One major drawback of using canny edge detection is,
that it detects all the edges in the image and we need
to then carry out further processing to select only
those edges that belong to the number plate. This
becomes computationally expensive and may also
produce incorrect results. Above are the different
proposed methods but currently, there is no end-to-
end system used for automatic detection of violations.
We therefore propose an end-to-end autonomous
system that would use computer vision concepts to
detect road traffic violations through existing CCTV

cameras.

International Journal of Scientific Research in Science and Technology (www.ijsrst.com) | Volume 11 | Issue 1



Dr. Praveen Blessington Thummalakunta et al Int J Sci Res Sci & Technol. January-February-2024, 11 (1) : 63-72

One major drawback of using canny edge detection is,
it detects all the edges in the image and we need to
then carry out further processing to select only those
edges that belong to the number plate. This becomes
computationally expensive and may also produce
incorrect results. Above are the different proposed
methods but currently, there is no end-to-end system
We

therefore propose an end-to-end autonomous system

used for automatic detection of violations.

that would use computer vision concepts to detect

road traffic violations through existing CCTV

cameras.

I11. PROPOSED METHODOLOGY

In this section, we present an overview of the
comprehensive system we propose, consisting of four
pivotal components. The architectural representation
of the system can be referenced in Figure 3.1. The
initial stage involves inputting an image frame
sourced from CCTV footage, followed by the
application of Object
identification. Utilizing YOLO (You Only Look Once),
Object Detection is employed to identify vehicles

Detection for vehicle

within the image frame.

Once vehicle detection is accomplished, individual
vehicles are isolated by cropping them based on the
coordinates obtained from the bounding boxes
generated by the Object Detection Algorithms
(Crossings). For two-wheeler vehicles, assessments are
made for Helmet, Triple Riding, and Crosswalk
while four-wheeler vehicles

Violations, are

specifically checked for Crosswalk violations.

Subsequently, each individual vehicle undergoes
scrutiny for various violations, encompassing Helmet
Violation (pertaining to two-wheeler riders not
wearing helmets), Triple Riding (involving more than
two individuals riding a bike), and Crosswalk
Violation (entailing violations of Zebra Crossings.

Two-wheel vehicles undergo evaluation for Helmet,

Triple Riding, and Crosswalk Violations, while four-

wheel vehicles are scrutinized for Crosswalk
Violations.
'} CCTV Footage M—
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FIGURE 3.1 ARCHITECTURE FOR A PROPOSED SYSTEM

CNN

(Convolutional Neural Network)-based classifier is

For detecting Helmet violations, a
employed, demonstrating proficiency in processing
visual data. To identify Crosswalk violations, Mask
RCNN is utilized, leveraging instance segmentation to
compare the coordinates of a vehicle's tire bottom
with those of the detected crosswalk. Upon the
identification of violations, the system moves forward
to employ Object Detection with YOLO for detecting
the vehicle's number plate. Subsequently, Optical
Character Recognition (OCR) is utilized to extract the
license number from the number plate. Users receive
prompt notifications of the violations, and these
occurrences are recorded in a database. This database
serves for statistical analyses of past traffic rule
Now, let's delve into an

violations. in-depth

examination of each module.

A. Vehicle Detection

Upon the traffic signal turning red, a frame is
captured from the CCTV camera, serving as input for
the vehicle detection module. YOLO, an acronym for
"You Only Look Once," is utilized for this purpose,
representing an object detection algorithm [Joseph
Ross  Girshick, Ali

Redmon, Santosh Divvala,
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Farhadi][10], “You Only Look Once: Unified, Real-
Time Object Detection.” YOLO predicts bounding
box coordinates directly through fully connected
layers on top of the convolutional feature extractor.
The innovation lies in YOLO predicting offsets rather
than coordinates, simplifying the problem and

enhancing the network's learning process.

In comparison to other object detection algorithms
like R-CNN, fast R-CNN, and faster R-CNN, YOLO
stands out. This is due to its single neural network
execution, outperforming the algorithms that employ
multi-step pipelines for object detection. The latter

approach tends to be slower and more challenging to

optimize as each component requires separate training.

YOLO's efficiency is evident in its unified, real-time

object detection capability.
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Figure 3.2 Architecture of YOLO

Figure 3.2 shows the architecture of YOLO which has
24 convolutional layers and 2 fully connected layers.
1x1 alternate convolutional layers reduce the space of

the features from the layers preceding them [10].

The pre-trained YOLO model [12] discerns vehicles
and individuals as separate objects. Consequently, we
have created a specialized model that recognizes both
vehicles and riders as a cohesive object confined
within a unified bounding box, as depicted in Figure
3.3. To construct this custom model, we leveraged the

pre-trained model's weights and applied the concept

of transfer learning. This custom model is used for

vehicle detection through object detection techniques.

B. Helmet Detection

Helmet Detection After vehicles are identified in the
images, we focus on Two-wheelers for the Helmet
Classification task. To do this, individual vehicles are
the CCTV frame using

corresponding bounding boxes. If a vehicle belongs to

extracted from their
the Two-wheeler category, we further crop the upper
half of the individual vehicle, specifically the upper
50% of the vehicle frame. This choice is based on the
statistical observation that heads (and helmets) are
typically situated in the upper portion of the image.
By concentrating on the upper half of the image, we
can reduce the computational complexity of the
system. This upper half is then provided as input to
the classifier, which determines whether the image
falls into the helmet or non-helmet category. Figure

3.4 illustrates the flowchart for helmet classification.
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Input Image

Considering Upper
Half

Not Wearing Helmet
class 2

Helmet
Classifier

Wearing Helmet
class 1

Figure 3.3 Helmet classification using CNN. The
input image is classified as “wearing a helmet” or

“not wearing a helmet”

C. Crosswalk Inversion by a Vehicle

The identification of Crosswalk violations is achieved
through instance segmentation. This method employs
Mask R-CNN, which extends the capabilities of faster
R-CNN by incorporating segmentation masks in
[11]. This

segmentation process results in the creation of pixel-

addition to object bounding boxes

wise masks for each object within the image. To this

research, the instance segmentation model was

specifically trained for two classes: vehicles and
crosswalks. Given that training Mask R-CNN from
scratch can be a time-intensive process, we opted to
utilize pre-trained Mask R-CNN weights [13]. After
the segmentation process is executed, we obtain
individual masks for both vehicles and zebra crossings
within the image, in conjunction with their respective

bounding boxes.

Figure 3.4 The Mask R-CNN framework for

instance segmentation [11]

A Crosswalk violation occurs when a vehicle is
situated on a crosswalk, also known as a Zebra
crossing. The detection process begins by extracting
the coordinates of the bottom of the tire using the
bounding box associated with the respective vehicle.
Subsequently, we assess whether these obtained
coordinates overlap with the defined crosswalk area.
This comparison is achieved by contrasting the
coordinates acquired with those of the bounding box
that outlines the crosswalk. To facilitate this
comparison, we establish the top-left corner of the

image frame as the origin point (0,0).

Considering (Zx1, Zyl) and (Zx2, Zy2) as the
coordinates of the crosswalk's bounding box, with
(Zx1, Zy1) representing the top-left corner and (Zx2,
Zy2) indicating the bottom-right corner, and (Vxl1,
Vyl) and (Vx2, Vy2) as the coordinates of a specific
vehicle's bounding box, following the same top-left
and bottom-right corner conventions. To determine if
a violation has occurred, we assess whether Vy2,
which denotes the y-coordinate of the tire's bottom, is

greater than Zyl. If Vy2 exceeds Zyl, a violation is
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confirmed. This crosswalk violation assessment is
carried out for each vehicle in the frame by inspecting
whether the coordinate of the tire's bottom falls

within the defined crosswalk area.

As illustrated in Figure 3.5, it is evident that a four-
wheeler (highlighted in yellow) and two two-
(marked

committed crosswalk violations, as the 1 coordinates

wheelers in green and purple) have

of the bottom of their tires extend over the designated

crosswalk area.

Zebep 1.000
L

Figure 3.5 Instance segmentation using Mask R-CNN

D. License Plate Recognition

The process of capturing a license plate encompasses
three pivotal stages:

1. Detection: The initial step involves the use of an
object detector, specifically YOLO in our case, to
identify and localize the license plate. YOLO provides
the coordinates of the bounding box that surrounds
the license plate in the image. Subsequently, the exact
region enclosed by this bounding box is cropped using

image processing techniques.

2. Pre-processing: Pre-processing is essential to
enhance the quality and legibility of the characters on
the cropped license plate before moving on to
segmentation and character recognition.

This involves several steps:

- Conversion from RGB to grayscale to simplify
subsequent operations

- Application of Gaussian blur to reduce noise in the

image.

- Binarization of the image to enhance detection

quality.

This is achieved through the adaptive Thresholding
method, which calculates the threshold for smaller

image regions rather than using a global threshold.

3. Segmentation and Recognition: In this final phase,
Tesseract [8] is employed for both segmentation and
character recognition. Initially, components' outlines
are gathered and organized into Blobs through
Connected Component Analysis, relying on nesting.
These Blobs are subsequently structured into text
lines, with analysis for fixed-pitch or proportional text.
The lines are divided into words based on character
spacing, either fixed or proportional. Recognition is a
two-pass process, where an initial attempt is made to
recognize each word. Words that are correctly
recognized serve as training data for an adaptive
classifier. This allows the adaptive Cclassifier to
improve the results for text further down on the page.
The final phase resolves any fuzzy spaces and
evaluates alternative hypotheses to identify small-cap

text.

Figure 4.1 Summary of the number plate detection

module
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Figure 4.2 Example of the process of extraction

from a localized number plate

Figure 4.11 provides an overview of the complete
license plate detection pipeline, while Figure 4.2
illustrates the systematic process of license plate
detection after the initial localization, encompassing
steps such as grayscale conversion, blurring,
binarization, segmentation, and character recognition

from an input license plate image category.

IV.RESULTS AND ANALYSIS
In this section, we present the anticipated
experimental results for our different factors,

encompassing vehicle discovery, helmet bracket, and
image segmentation. YOLO stands out as the most
effective and accurate algorithm for object discovery
when compared to other algorithms [11]. This
evaluation is grounded on an analysis of the handed
dataset and the achieved delicacy of being approached
[15][16].

A. Dataset

To identify violations, we have curated a distinctive
dataset by combining live footage with videotape clips
showcasing violations sourced from the internet. The
uprooted images cover a broad diapason of business
conditions, ranging from light to heavy, to ensure
diversity in the dataset. These images are also strictly
annotated to punctuate different types of violations
[10].

For number plate discovery, we acquired an
annotated dataset from Kaggle [17], comprising 11,271

images used from the dataset [16]. In [15], the model

was trained on 450 images for number plate discovery.

The crosswalk violation discovery system employs the
MASK-RCNN network [13], pre-trained on 150
images containing two classes of vehicles and

crosswalks (zebra crossings), exercising transfer

literacy principles. Later, this network passed

evaluation using 50 images [15]. Aniruddha's model
[15] has been trained with 1079 images for helmet
discovery, while R. Shree Charran's model [16] was
trained with 3240 images for helmet discovery. Table
I provides an overview of the dataset distribution for
algorithm training, along with the corresponding

being approaches [15], [16].

TABLE I
Dataset Used for Violation Detection [15, 16]

Dataset No. of images No. of classes
Vehicle [15] 525 2
detection [16] 890 2
Helmet [15] 1079 2
detection [16] 3240 2
Crosswalk [15] 200 2
inversion [16] NA NA
Number plate | [15] 450 1
detection [16] 11271 1

B. Benchmark Analysis

Let us assess the system's performance against the
rearmost models from the being literature, both in
image and real-time situations. also, we'll compare the
system with deep
[[15],[16]].[16]

comprising just two types of violations (no helmets

analogous literacy fabrics

worked with a limited dataset
and triadic riding) total of 16,204 cases of violations.
The results for benchmarking these violations are
handed in Table II, revealing that the [16] model

surpasses the performance of [15].

TABLE II
Violation Detection Benchmark Analysis [15, 16]
Accuracy | Precision Recall
Samples | Visible/Readable | predictio
n
Aniruddha | 0.8955 0.8883 0.9208
et al. [15]
R.Shree 0.9874 0.9886 0.9890
Charan
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[16]

Mallela et
al. [17]

0.9174 0.9139 0.9415

Tasbeeha
Waris
et al.[18]

0.9769 0.9770 0.9630

Sri UthraV
et al.[19]

0.8700 0.9310 0.900

Akanksha
Soni et
al.[20]

0.9000 0.9452 0.9200

B. 0.8350
Yogameen
aetal.[21]

0.9091 0.8667

V. CONCLUSION

The suggested approach utilizes generalities like
YOLO, CNN, Mask R- CNN, and OCR to
automatically identify business rule violations. It
successfully achieves the intended ideal with delicacy
and simplicity, although it demands substantial
computational coffers due to its use of image
segmentation and object discovery ways. The benefit
of this proposed system is its capacity to describe a
lesser number of violations compared to mortal-
operated systems. Similarly, when put into action, this
approach offers a comprehensive independent result,
which can give a significant advantage in violation
discovery. Accordingly, strict enforcement of business
regulations can be executed, leading to advanced road
safety and increased mindfulness among vehicle

druggies.

VI.FUTURE SCOPE

The unborn developments for the system we have
proposed hold significant eventuality. There is an
occasion to broaden its compass by encompassing the
discovery of colourful other business rule violations

that generally do. This expansion could involve

relating whether motorists of four-wheelers are
clinging to seat belt regulations, detecting cases of
further than two individuals riding a two-wheeler,
feting vehicles traveling in the wrong direction (i.e.,
driving on the wrong side of the road), and addressing
analogous violations. also, in India, a notable issue is
the non-standardized format of license plates. In this
environment, there is the implicit to incorporate
features for relating and homogenizing fancy or non-
standard number plates. This, in turn, could contribute
significantly to enhancing the uniformity of number
plates and buttressing adherence to business rules and

regulations.
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