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Abstract: Urbanization has presented opportunities of progress
which has attracted people from rural areas to the cities thus
leading to mass migration. This migration has been going on for
decades all around the globe and has reached a point of
saturation. The area of the city remains the same but the
population density has increased multiple times. Commuting for
work is a scene of chaos on the roads. Though there are modes of
public transport, roadway is the major mode of commute and the
load on roadways is ever increasing due to the rise in population.
There is hardly any scope to expand the area of the roadways.
The rise in the number of vehicles each year has saturated the
capacity the roads were built to carry. This leads to congestion
and long hours of traffic on a daily basis which tests the patience
of citizens. This provokes the daily commuters to violate the
traffic rules which may sometimes amount to grave accidents.
Even on Highways, the empty roads entice drivers to experience
the thrill of speed overlooking the fact that they are putting
themselves at risk. There have been regulations imposed to
reduce the chance of an accidents by implementing rules and
levying heavy fines on traffic violations. Traffic cameras have
been installed all around the city to monitor for traffic violations
and get hold of violators. With the technological advancements to
store and process large chunks of data efficiently using
techniques like Deep Learning and Computer Vision, this paper
proposes an automated system to detect Traffic Violations using
YOLOv3 to detect and track vehicles and save a snapshot in case
a violation is committed.

Artificial Intelligence is the main domain with Machine
Learning and Deep Learning being subsets of it. Machine
Learning can be defined as the ability of computers to learn
without being explicitly programmed. Computer are here to
assist humans and perform tasks with better accuracy. The
computer is given instruction to perform a certain task.
The computer is trained on a certain amount of data so as to
make it learn and then it improves by learning from its
mistakes.

Fig. 1.Artificial Intelligence and subdomains
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I.

INTRODUCTION

In Mumbai, each day, around 700 new vehicles are
introduced on the road [1]. Yet, the length of the roads has
remained constant at around 2000 kms. Congestion and
development projects have resulted into heavy traffic.
Traffic Violations are main reason for road accidents.
Thousands of accidents occur each year where lives are lost
and people get injured. To curb such events, it is imperative
to follow the rules and avoid such mishaps from happening.
With the technological advancement in monitoring traffic,
cameras are now installed across the cities capturing
violations all around. With the infrastructure laid out, it
would be wise to take advantage of it to further improve the
traffic conditions. Machine Learning and AI are some of the
tools which will help us better understand and process the
ton of data recorded through CCTV cameras.
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Monitoring a large number of cameras manually is a
cumbersome, mundane and boring process. Using state of
the art deep learning algorithms and computer vision, it is
now possible to detect objects, vehicles, people and their
activities. By this virtue, this paper proposes a system to
automate the task of detecting traffic violations.
Earlier, object detection was done by separating the
background (static part) from the objects (dynamic/moving
part). Background subtraction was a major method used to
accomplish this task [2, 3, 4]. Gaussian Mixture Model
based background subtraction [5], Hybrid support vector
machine (SVM with extended Kalman filter) [6] and particle
filter-based trackers [7] were also used. These methods did
not fetch good results during heavy traffic conditions due to
overlapping off vehicles and predicted wrong bounding
boxes. These systems are better employed when the
situation is ideal with a well-lit environment and few
vehicles. But this is hardly the case. Sometimes, the angle of
the camera may not be right, there might be shadows,
shaking camera, complex background. The system proposed
in this paper employs multiple object tracking in a video
stream using Neural Network [8, 9, 10]. The algorithm can
process live stream even if the camera is unstable and shaky.
Vehicles of all category can be detected like bicycle,
motorbike, car van, auto rickshaw, bus, truck, etc. These
objects are detected in a live feed with IDs assigned to each
vehicle. Traffic violations like jumping the red light and
standing ahead the white line (beyond zebra crossing) can be
easily detected.
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A virtual line which overlaps the white line of the crossing
is defined. If the centroid (point) of the bounding box
crosses the line while the signal is red, the snapshot of the
vehicle is saved along with the time and location. With the
footage captured through a high definition camera, the
number plate along with the face of the violator will clearly
be visible and the fines can be charged accordingly.
II.

Each grid cell also predicts the conditional class
probability.
A.

Architecture

DATA USED

There is no particular dataset available related to videos
of traffic monitoring. There are a few videos online
available publicly which have been used for testing. A
number of videos were taken from a 12-megapixel mobile
camera at 4k resolution. These handheld videos are captured
at traffic signals and the algorithm shows promising results.
Ideally, live feed from high resolution CCTV cameras
installed at a certain elevation and angle should be used,
thus showcasing the optimum capacity and accuracy of the
algorithm.
III.

MODEL

YOLOv3 – You Look Only Once is an Object Detection
network which has performed better than other traditional
algorithms [11]. Two major tasks have to be performed in
Object detection, locating objects in an image and then
classifying these objects. There were previous methods
which R-CNN which were better than the traditional
methods but could only be optimized to a certain level as
they had a huge pipeline and each component had to be
trained separately. YOLOv3[11] consists of a single neural
network which accomplishes the job with better accuracy. It
has fast performance and detects multiple objects in a single
image which is an advantage.

Fig. 2.YOLO detection process
The input image to the FCNN is divided into a grid of
size S x S. Each cell in the grid is responsible to detect any
object that lies in it. It detects the object with a bounding
box and displays the confidence with which the model
thinks the object is present. Each bounding box has 5
components:
●

The (x,y) co-ordinates of the centre of the box
relative to the grid cell.

●

The width (w) and height (h) of the predicted
object.

●

The confidence of the predicted object. It is
expressed in terms of Intersection over Union of the
predicted bounding box and the ground truth.
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Fig. 3.YOLOv3 Network Architecture
●

Conv: Convolutional layer

●

_s2: stride of 2

●

batch_size: output size
of the block
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●

Residual Block: multiple Convolutional layers with
ResNet architecture

Earlier versions of YOLO used the darknet-19 architecture
originally having 19 layers and later 11 more layers were
added for object detection [12]. The major drawback was
inaccuracy in detecting small objects. To overcome this
issue, feature maps were concatenated, still there was no
significant improvement.
The YOLOv3 architecture has 106 convolutional layers
and is a feature-learning based network. This is a variant of
Darknet architecture which has 53 layers trained on the
Imagenet dataset [13]. 53 more layers are added for state-ofthe-art image detection. It can process images irrespective of
the size. No pooling layers are used to avoid missing out on
minute features and details. To down sample the feature
map, convolutional layers with stride of 2 are used. The
ResNet architecture used in the Residual Blocks are key for
accuracy and speed.
B.

Detection at 3 Scales
The CNN layer takes an image as an input and returns a
tensor as an output. The detection of an object is done on 3
scales i.e. on 3 different levels to detect smaller objects
which was an issue in older YOLO versions. Output size of
the predicted map have the same dimensions as the feature
map. The depth of a feature map is defined as:
Depth = B x (5 + C)
In equation 1, B represents the number of bounding boxes
each grid cell can predict. (5 + C) are the attributes of the
bounding box. These attributes are the centre co-ordinates,
the height, width, objectness score and C which is the class
confidence. Object score is the probability of the object
being inside the bounding box and class confidence is the
probability of the object belonging to a particular class.
The network is given images as inputs and scaling is done
on 3 levels to detect objects of all sizes. Detections are made
on the feature maps obtained after scaling images as per
strides of 32, 16 and 8 respectively. For, e.g. if an image of
size 416x416 is given as input, detections would be made on
feature maps of 13x13, 26x26 and 52x52.
In YOLOv3, each cell can predict 3 bounding boxes.
Hence, the value of B is 3. If YOLOv3 is trained on COCO,
the number of classes is 80. So, C is 80. For 13x13 scale, the
image is divided into 13x13 grid cells and each cell has a
voxel value of 1x1x255. 255 comes from equation 1 (3 x (5
+ 80)).

makes more sense [14]. Each class score is predicted using a
logistic regressor and a threshold is set. The bounding box is
assigned value with classes having a higher value than the
threshold value.
D.

Bounding Box Prediction [15]
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bx, by, bw, bh are the (x,y) co-ordinates and the height, width
of the bounding box. tx, ty, tw, th are predicted. cx, cy are the
top-left co-ordinates of the grid cell. The anchor dimensions
for the box are denoted by pw and ph.
The centre co-ordinates are passed through the sigmoid
function as they are offset values relative to the top-left of
the grid cell. For e.g. if the top-left of the cell is (8,8) and
the centre co-ordinate is (0.3, 0.8), then the centre lies at
(8.3, 8.8). As the centre co-ordinates are passed through
sigmoid function, they always lie between 0 and 1.
The dimension, i.e. height and width of the bounding box
is obtained by log-space transform of the output and then
multiplication with the anchor. This output is then
normalized to get a value between 0 and 1. If a feature map
of size 13x13 is used and the values for b x and by are 0.4 and
0.6, then the height and width of the bounding box are
(13x04, 13x0.6).
The object score is the probability if an object lies inside
the bounding box or no. The value is 1 if object centre lies
in the grid cell and 0 if it lies at grid corner. The sigmoid
function is applied on this score as well.
The class confidence denotes the probability that the
object belongs to a particular class. Initially, softmax
function was used. But as it made the assumption that an
object can belong to a class and is mutually exclusive, v3
now makes use of sigmoid function.
E.

Loss Function
This is the equation of loss function in versions used
before YOLOv3. There were certain changes made in v3.

The 13x13 scale is used to detect large objects, 26x26 for
medium and 52x52 for small objects.
C.

No more Softmax layer
The features detected by the convolutional layer are then
passed as an input to a classifier/regressor which detects the
class of the object. The predictions are made by a
convolutional layer with 1 x 1 convolutions with logistic
regressor. Earlier versions used Softmax Layer. It applied
Softmax function of all the class scores and selected the
class with the maximum score. This implied that an object
can belong to only one class and is mutually exclusive. If
there are classes like Car and Vehicle in a dataset, then this
assumption fails. Hence, using a logistic regressor (sigmoid)

Fig. 4.Loss Function [16]
The first term deals with the error in the offset of the
bounding box location i.e. (x,y) co-ordinates. The second
term calculates the error of the
width and height of the
bounding box.
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Third and fourth term deal with the object confidence
error and the fifth term estimates the class probability error
[17]. All these errors are the Sum of Squared Error (SSE). In
YOLOv3, Cross-Entropy error is used instead of SSE. This
implies Object Confidence and Class Predictions are made
using Logistic Regression [18].
IV.

RESULT AND DISCUSSION

The YOLOv3 model on COCO dataset is used as it is
trained to detect 80 classes of objects. We are interested in
motorcycles, bikes, cars, buses, trucks, etc. The model has
also been trained to detect autorickshaw and the dataset was
obtained from [19]. This training was done for 200 epochs
which took around 48 hours on a machine with i5 processor
and 8 GB of RAM attaining training loss of 0.0836. We
detect these classes: ‘bicycle’, ‘car’, ‘motorcycle’, ‘bus’,
‘truck’ and ‘auto’ as these are of our interest.
We create a virtual line which falls over the white line
ahead of the zebra crossing where the vehicles are supposed
to stop. If the signal is red and, and if the vehicle is ahead of
the white line, then a violation has to be registered. Also, if
the vehicle jumps a red light, then an image of the car has to
be captured.

Fig. 6.Violation Detection through CCTV and saved
Image of car crossing line

Fig. 7.Violation Detection through CCTV and saved
image of car crossing line

Fig. 8.Violation Detection through CCTV and saved
image of car crossing line

Fig. 9.Violation Detection of motorbike ahead of white
line

Fig. 5.Flowchart for Violation Detection
Fig. 10. Violation Detection (Autorickshaw)
Some of the test videos were processed and the results
obtained are given below:
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V.

CONCLUSION

This paper presents the detection of traffic violation in
real time using YOLOv3. This neural network used
pretrained weights on COCO dataset and then was trained
on a separate dataset to detect autorickshaws. Vehicle
classes are used to detect objects as other classes are of no
use in this application. The uniqueness of this proposed
solution is real time detection of the entire spectrum of
vehicles that operate on roads. This system also gives the
statistics of the number of violators captured at a particular
signal by keeping a count of the number of violators. This
proposed method has fetched respectable results even in
cases where the density of vehicles is large and has detected
vehicles even when there were obstructions in vision. The
snapshot of the violator saved is stored in a central
repository maintaining proof of violation. The only major
concern is running the model as running on a CPU on a realtime video can take a long time. Currently, violations of
jumping the red light and crossing the white line are
detected but later on, violations of speeding and detection of
two-wheeler without helmet can also be implemented.

Fig. 11. Violation Detection (Car)
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