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Abstract

Traffic congestion has a significant negative impact on the environment
and on people, and one of the most important reasons is poor control of
traffic signals. Vehicle counting in crowded intersections is a crucial element
of any traffic optimization solution. In this work, we propose a computer
vision based vehicle counting method. We adopts YOLO-v3 as vehicle de-
tector, we added a series of post-processing mechanisms to achieve robust
vehicle counting. We created framework to asemi-utomatically generate a
dedecated dataset for vehicle counting, this dataset can be later used as

training data for new maching learning based solutions.

Keywords: Computer vision; Intelligent traffic signal control system;

Vehicle counting.
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General introduction

In the traffic system, road users are continuously moving, causing
road congestion, causing huge social and economic losses, the estimation
of the number of traffic vehicles also reflects the number of vehicles on
the road, such as lane occupancy, congestion, these congestions are due
to traffic caused by poor management. The most common strategies for
urban traffic control can be divided into three types: non-induced based
on fixed timing systems, semi-induced system based on sub-sensors, and
induced control systems based on sensors on secondary roads and main
roads. However, they have many drawbacks, such as long wait times (in
green lights on empty roads and red lights on busy roads) or faulty sensors

In order to facilitate transportation and reach to destination as quickly
as possible, an adequate level of control system should be ensured accord-
ing to the flow of traffic. Therefore, traffic system control efficiency is
widely considered as valid performance indicator to measure a country’s
transportation system and economy development level. In the developing
world, societies are becoming more aware of the importance of improving
traffic roads where the most common concern in managing urban traffic
areas and road networks is Traffic Signal Control Systems (TSCS) which
contribute to reduced congestion, reduced fuel consumption and reduced
pollution. Several TCSCs have been developed and based on dynamic
programming optimization procedures, which allow for continuous incre-
mental adjustments in real time called intelligent TSCS and which exploit
the availability of big data, computing power, and advanced methods to
drive the development of intelligent transportation including artificial in-

telligence methods, computer vision in particular.



In order to achieve TSCS optimization we need traffic flow informa-
tion. The number of vehicles in roads and intersection is a key pice of
information. Therefore, vehicle counting in intersections is a key element
of any traffic optimization solution. In this work we propose a computer
vision and deep learning based solution to solve the problem of vehicle
counting. the number of vehicles is then sent to the traffic control system

where it will be used as input to traffic optimization algorithms.

Motivation

People are forced to spend hours in traffic congestions, wasting valuable
time, which consumes energy and fuel. It has a significant negative impact
on the environment by thus pollutant emissions from vehicles. Adding
to the congestion is inefficient traffic signal control; each intersection is
handled individually. So what are the main solutions to reduce congestion,

save energy and improve traffic signal control systems?

Objectif

Our main goal of this work is to propose a vision based solution to the

problem of vehicle counting in roads and intersections.

Thesis structure

This thesis is divided into four chapters organized as follows: The first
chapter introduces traffic control system and traditional solutions, the sec-
ond chapter, is a general introduction to computer vision, basic image pro-
cessing and object detection. In chapter three presents the state-of-the-art
solutions to the vehicle counting problem. In chapter Four, we present our

approach for vehicle detection and counting.



Chapter 1

Traffic Optimization

1.1 Introduction

Transportation is an integral part of any community as it connects
different regions and helps people to move easily between different desti-
nations. Advances in transportation have made possible changes in the
way societies are organized. The rapid increase in population has accel-
erated the growth of the number of vehicles and hence the complexity of
transportation characteristics such as different types of drivers, pedestri-
ans, cyclists, vehicles and road infrastructure. As a result, the demand for
traffic is growing rapidly and continues to exceed transportation capacity.
To better meet the traffic demand, it is necessary to upgrade the existing
traffic systems.

Traffic refers to the movement of objects which are vehicles, people,

etc., along roads in a particular area for a particular purpose.

1
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Figure 1.1: Representation of traffic signal control systems

The traffic system represent the minimal unit of traffic where in



figure 1.1 each one of A or B or C represent a traffic system, it contains
all objects that can physically interact with each other, all objects in the

traffic system must be controlled together. It can be divided in two types

Figure 1.2: Different types of objects in a traffic system

e moving objects: cars, trucks, trams, trains, buses, bicycles, pedes-

trians, birds, even un-manned objects like ball passing the road;

e steady objects: parked cars, roadblocks, holes on the road ahead,

trees in the side of road, lamppost.

The transportation system is currently facing several challenges and
there is a need to decrease travel time and delays, improving passenger
safety and reducing traffic exhaust emissions. In this chapter we will in-
troduce some traffic signals control systems and stand on their point of

weakness.

1.2 Traffic Signal Control Systems (TSCS)

A signaling electronic device located at intersections, crossroads or
pedestrian crossing that control the sequence of the signals to regulate
traffic movements.

A TSC system commonly consists of three signals, they control the

traffic by signaling when vehicls have to stop and when they can go. Where
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the red signal indicates that incoming vehicles have to stop, the green signal
indicates that the vehicles are allowed to travel through the intersection if
it is safe. The green arrow pointing right or left means that vehicles are
allowed to make a protected turn. The amber warning signal comes after
the green signal, it indicates that the traffic signal is about to turn red,
the vehicles have to stop if possible. When the red and amber signals are
shown at the same time, the vehicles have to completely stop.

For pedestrians, there are only two signals: a red signal, which means
pedestrians have to stop, and a green signal, indicating that pedestrians

can cross the road.[49]

Figure 1.3: Possibles movements at an intersection [31]

This Figure 1.3 represents the movements of interest at one inter-
section. Each arrow line indicates one movement The TSC deployed at an
intersection implements traffic signal timing to control vehicles, bicyclists,
pedestrians, and other traffic participants safely passing through the inter-
section. Traffic signal timing includes deciding the sequence of movements
and allocating green time to each group of movements at a signalized in-
tersection. Pedestrians, cyclist and other users also should be taken into
account when designing signal timings.

Intersections are one of the worst places to cause traffic congestion.

5



Therefore, researchers are trying to update traffic control equipment or
adjust the schedule of signal signals to improve traffic efficiency. As a

result, the following benefits can be achieved:
e Raising the efficiency of the people movement in daily life;
e reducing waiting time at intersections;
e Improving safety on the go by reducing the risk of accidents;
e Fuel saving and environmental protection;

e Reducing traffic congestion problems.

1.3 Conventional traffic signal control systems

The first traffic signal control system was used in London in 1868. This
system applies manually operated traffic signals to prevent accidents by
assigning a right-of-way to alternate vehicles. [13] Currently, there exists
three types of TSCS methods [27]: non-induced, the semi-induced and

fully induced systems

1.3.1 Non induced control system

In this family of TSC parameters are preset and fixed during the period,
based on historical data. It is very suitable for the intersections where
traffic demand is consistent in every day, such as intersections in areas of
the city center. Therefore, by applying this type of system to the control,

the following advantages can be achieved:

e Efficient coordination between adjacent intersections. Because all pa-
rameters can be set in advance, for example, the beginning and ending

of the green time at adjacent intersections;
e immunize against the problems caused by the failure of the sensor;

e Cost effectiveness, it does not take much cost and training to install

and maintain the system.



1.3.2 Semi induced control system

sensor sensor

sensor road

sensor

Secondary

sensor censor road

Figure 1.4: A semi-induced system representation

In this type of system as showing in Figure 1.4 the control center fo-
cuses on the highest traffic roads (highway or not prompted road). For
small roads, the right of way is given based on informations transmitted
by sensors placed on those roads. This control system is very suitable
for intersections in the arterial street, which are either main or secondary.
Both classes carry longer-distance flows between important centers of ac-
tivity. Arteries are designed as the backbone of the traffic network and
must be designed to provide the highest level of service. Where there is a
large volume of traffic in the main road and a small demand in the lane.
The following advantages can be obtained by applying this type of control

system:

e [t is very easy for this system to be applied effectively in a coordinated

traffic control system:;
e It can reduce the delay for traffic in highways;

7



e The failure of sensors does not affect the main road, as there are no

sensors on these roads.

1.3.3 Fully-induced control system

Fully-induced control means that all streams in the intersections are
monitored. In other words, there are sensors in all traffic directions as Fig-
ure 1.5. Therefore, this mode of control system is very suitable for intersec-
tions where traffic volumes are largely random and change throughout the
day. Therefore, there are several advantages obtained through this control

system:

‘!mml li

Figure 1.5: A fully-induced system representation

e The traffic delays can be greatly reduced by a more sensible structure

to the different volumes of traffic;

e The information obtained by sensors can help the control center to

optimize green time allocation;

e Improve the efficiency of vehicles movement.

1.3.4 Disadvantage of convolutional TSCS

However, there are shortcomings in these system methods shown shortly
in table 1.1



Non induced

Semi induced

Induced

e [t cannot compensate
for unexpected changes
that occur in the vol-

e an excessive delay of
traffic can be caused
by the continuous call

o It takes a lot of detec-
tors, which cost a lot of

ume of traffic. from the secondary | money.
road
° some detectors

e it is ineffective to the
intersection where the
traffic is random.

should be installed in
the small road, which
costs a lot of money

e it takes a long time
and a lot of people to
maintain this system

and maintenance.

Table 1.1: Table showing disadvantages of TCS methods.

1.4 Some existing traffic control systems

The timing of signals at road intersections has an important impact on
traffic congestion levels, both at the intersection itself and at surround-
ing intersections that can be signaled or controlled according to priority.
Ensuring that traffic signals are timed effectively is one of the most cost-
effective ways to reduce congestion.

There are many well-known existing traffic control systems. In the

following, we will provide an overview of each system.

1.4.1 Traffic Network Study Tool (TRANSYT)

TRANSYT[41][45] is a method that has been used in Chile since the
early 1980s for determining optimal settings for a constant-time signal that
enables known streams to pass through a road network with minimal re-
sistance in order to optimize the traffic flow within an area. The method
is performed by a digital computer program. A traffic signal model is
used whereby permitting flow interaction between successive sections of
the road is customized and the flow control is controlled by signals with
a fixed, predetermined time based on prior information. Optimizes satu-
ration, congestion time, fuel consumption, total stops, running cost, total
travel, total delay, average delay, and system speed. Allows optimization

of both signal offset and green times assignment according to the area.



Networks can have up to 50 intersections.

1.4.2 Microprocessor Optimised Vehicle Actuation (MOVA)

MOVA [46] is a new signal control strategy researched and developed
by TRRL for semi-isolated junctions. The data from vehicle detectors
on the links are analyzed by an internet-connected microprocessor that
implements the mova program; The duration of the green signals is con-
trolled by the logic of delay minimization and, if any branch road becomes
oversaturated (congested), through the amplitude maximization process.
Mova reduces [39]vehicle delays by approximately 13 percent throughout
the working day.

1.4.3 Sydney Coordinated Adaptive Traffic (SCAT)

SCAT[9] is a coordinated adaptive traffic signaling system installed in
Sydney, which significantly improves arterial traffic at a low cost, thus en-
abling optimal use of the arterial road network. An initial trial along an
arterial route showed advantages in fsignal time compared to the 35-39 per-
cent fixed time signal format at peak periods. The SCAT is unique in that
it is made entirely of computers and secondary road detectors and is fully
adaptable to the demands of traffic. Its communications network provides
robust and flexible system administration. The benefits are not only in
reduced delay, improved flow, and reduced congestion, but also in reduced
accidents, reduced use of petroleum resources, reduced air pollution, and

improved residential facilities.

1.4.4 Urban Traffic Optimization by Integrated Automation
(UTOPIA)

UTOPIA [44] is a high performance adaptive traffic control system de-
signed to optimize traffic flows. It offers a wide range of strategies designed
to suit any road network and even unpredictable traffic conditions. In fully

adaptive mode, it constantly monitors and predicts traffic conditions and

10



optimizes the control strategy according to flow efficiency and/or environ-
mental parameters. Utopia tracks public transport via a network of roads
and grants special permits at traffic signals. Thus reducing travel time,
these systems encourage people to use public transportation and help re-

duce traffic congestion to a great extent.

1.4.5 Optimised for Adaptive Control Policies (OPAC)

OPAC|20] is an online control algorithm designed to improve the per-
formance of individual traffic signals. It is a building block for demand-
responsive control of a distributed signaling system. OPAC-RT is a traffic
signal control system that implements real-time OPAC strategy. The sys-
tem uses traffic data collected from detectors located upstream (400 to 600
feet) from the stop bar on all roads leading to the intersection. The timing
of the signals is dynamically optimized in a way that responds to demand

using a rolling horizontal chart.

1.5 Intelligent Traffic Signal Control System (ITSCS)

Existing traffic signal control systems still rely heavily on simplified in-
formation and rule-based approaches, although we now have richer data,
more computing power, and advanced methods to drive the development of
intelligent transportation, which is why researchers are considering devel-
oping more efficient intelligent traffic system. I'TSCS[23] are an innovative
approach to real-time traffic signal control, can form a large part of the
intelligent transportation system, which is widely used in the traffic sys-
tem of various developing cities. It combines artificial intelligence and the
current traffic signal control. It improves the traffic performance of traffic
signals already on the road, improves traffic low in urban networks and
lanes, and reduces waiting times, congestion, short trips, less pollution
and happier drivers. A good dynamic system receives real-time informa-
tion from a software API based on data received from all capturing devices

such as cameras, radars and even sensors. According to artificial intelli-
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genence It process this information then use dynamic algorithmic signal
control methods to create an improvement plan every second to control

traffic signal status at intersections as efficiently as possible.

1.6 Conclusion

In this chapter we have represented the Traffic Signal Control System
and its types, where these systems used a constant time control method
in which signal timing plans are switched to run depending on the time of
day. The research then led to the development of several traffic-responsive
approaches that allow the basic controls-lap time, phase division, and
displacement-to vary according to prevailing traffic conditions, with some
examples of existing systems focusing on their point of weakness. The ob-
jective of this thesis is developing a system based on computer vision to
control and optimize road traffic by analyzing images and videos captured
in a crowded intersection for detecting and tracking vehicles in order to
count them. In next chapter we will introduce computer vision and its
approaches, also we will talk about image processing then how to detect

vehicles in images.
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Chapter 2

Computer Vision

2.1 Introduction

Previously, we talked about the existing traffic signal systems and
discussed their types with mentioning some examples of each kind of them,
while we aim to create an intelligent system based on computer vision. So,
what is meant by it, and how can it be achieved?

Computer Vision (CV) is a field of artificial intelligence (AI) that
deals with how machines can interpret and understand the visual world.

The main aim of computer vision is to make a machine see like a
human. So that it can see and recognize objects regardless of scene con-
ditions that might be bad weather, darkness or blurriness during capture.
When we say machine we mean anything that has computing capabilities
as robots, drones, self-driving cars. For humans, seeing is made in which
the eye and the brain play a key role. To emulate this system, the machine
needs an alternative to each one of the two components. Digital cameras
play the role of human eye as they capture images, while computer software
and TA algorithms play the role of the brain[43], where they try to analyze
and interpret those images because the image to the computer looks like a
huge set of integer values. Computer vision algorithms extract a descrip-
tion from the image, which could be an object, a text, a 3D model, etc.
Applications that form the backbone of computer vision such as object de-

tection, object recognition, object tracking, etc that we will explain later.
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Computer Vision
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Figure 2.1: Computer Vision VS Human Vision

2.2 History of Computer Vision

Its commonly accepted that the founder of computer vision is Larry
Roberts. In his PHD thesis [5] he discussed the possibility of extract-
ing three-dimensional geometric information from a two-dimensional view,
that viewed the project as a springboard for artificial intelligence. In 1966,
American computer scientist and co-founder of the Artificial Intelligence
Laboratory at MIT Marvin Minsky received a summer scholarship to hire
a first-year undergraduate student, Gerald Sussman, to spend the summer
connecting a camera to a computer and getting the computer to describe
what he saw. Needless to say, ussman did not set a deadline. “Vision
turned out to be one of the most difficult and frustrating challenges in ar-
tificial intelligence over the next four decades, Sussman chose to never work
in vision again.” As the Internet became a mainstay, computer scientists
had access to more data than ever before. Computing hardware contin-
ued to improve as costs fell. Primitive neural networks and algorithms
developed in the 1980s and 1990s have improved. Now over half a century
ago, the field of artificial intelligence finally had a breakthrough moment

14



in 2012 (ILSVRC)[4]. It then competed to achieve higher accuracy on sev-
eral visual recognition tasks. From 2010-2011, the error rate for ILSVRC
winners was hovering around 26%. Then, in 2012, a team from the Univer-
sity of Toronto entered a deep neural network called AlexNet that changed
the game for Al and computer vision projects. Deep neural networks have
revolutionized the field of artificial intelligence. AlexNet had an error rate
of 16.4%, and in the following years, ILSRVC’s error rates dropped to a
few percent; Now, deep neural networks are the gold standard for image

recognition tasks. [2]

2.3 Computer vision applications

Computer vision being used today in a wide variety of real-world appli-

cations [2] like :

(a) Fingerprint recognition (b) Medical imaging

OCR/'

(¢) Optical character recognition (d) 3D model reconstraction (pho-
(OCR). togrammetry).

(e) Automotive safety. (f) Surveillance.

Figure 2.2: Some computer vision applications.
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(a) Optical Character Recognition (OCR): The technology makes it possi-
ble to extract printed or handwritten text from images as reading hand-

written postal codes on letters and Automatic Number Plate Recogni-
tion (ANPR);

(b) 3D model reconstraction (photogrammetry): 3D modeling is a tech-
nique s for producing a 3D digital representation of any object or sur-

face such as Bing Maps;

(c) Medical imaging: Registering pre-operative and intra-operative im-
agery or performing long-term studies of people’s brain morphology

as they age;

(d) Automotive safety: Detecting unexpected obstacles such as pedestrians
on the street, under conditions where active vision techniques such as

radar or lidar do not work well;

(e) Surveillance: Monitoring for intruders, analyzing highway traffic, and

monitoring pools for drowning victims;

(f) Fingerprint recognition and biometrics: Refers to the automated method
of identifying or confirming the identity of an individual based on the

comparison of two fingerprints.

2.4 Image sensing and acquisition

The process of capturing images is similar to that of the human eye. An
array of a large number of photosensors serves a function analogous to that
of the human retina. The quality of imaging is determined by the number
of sensors, sizes and sensing performance. The output of most sensors is a
continuous voltage waveform because natural images are generally spatially
continuous|[19], but for computational purposes, they are often represented
by a matrix of discrete samples that can be processed by computers. This
is called image digitalization[36] where images are converted to set of values
saved in matrix by(M,N)[38], where N and M are the height and the width
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of image. This matrix consists of small squares which called pixels, Pixel
is a contraction if the term Plcture ELement. It identified by its position

coordinates (x,y) in the image.
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Figure 2.3: Représentation of image in pixels

Though a digital image looks smooth and continuous just like a reg-
ular photograph, it’s actually composed of millions of tiny pixels as it is
shown in fig2.3. We can distinguish two types of images which are colored

and grayscale images figure2.4.

(a) Grayscale image (b) colored image

Figure 2.4: grayscale image vs colored image

2.4.1 Grayscale images

One-dimensional digital images are called grayscale images. Typically,
individual pixels are encoded using a single numerical value that represents
the density of captured brightness[37] as figure 2.4(a) shows. For example,
0 is the darkest (black) and 255 is the brightest (white).

17



1005 70 50 30 20) 1065
OF B 261 i385 e 90028 i IS INI28FH 41RI5 4316 SE7Z8 I GiIF204 218 2298 242882 55,

Figure 2.5: grayscale degrees [1]

2.4.2 Colored image

Multi-channel digital images are used to represent color images. The
color spaces are based on the composition of colors, which means that the
mixing of multi components produces a color figure 2.6. Whereas a pixel
is encoded by these numerical values, which is a vector that represents the
color at that point [37]. The meaning of these values depends on the type

of encoding chosen.

Y

RGB CMYK
(a) (b)

Figure 2.6: Commonly used color spaces.

(a) RGB Color Space: The most used to handle digital images is the
”Red-Green-Blue” (R, G, B) (RGB) color space,Each pixel in the RGB

color space has three dimensions. Examples of RGB colors:

R, G, B ): model RGB;
0,0,0): black ;

255, 0,0 ): red;

0,255, 0 ): green;
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(b)

- (127,127,127): medium grey.

CMYK Color Space: The CMYK color space is used in printing,
and CMYK refers to the four inks: cyan (C), magenta (M), yellow
(Y), and black (BK).

HSV Color Space: H (hue)ln degrees, S (saturation) specifies the
ratio of the purity of selected color to the maximum purity of the
color, V (value) represents the luminosity of the color, and overprints
four colors with different point area ratios representing rich colors and

tones.

Lab Color Space: The Lab color space stand for (L) signalness,
(a) Red/Green Value, (b) Blue/Yellow Valueis, is larger than that of
RGB and CMYK.

Any color in nature can be expressed in the Lab color space.

2.5 Image processing for computer vision

Image processing refers to the application of mathematical functions

to images, in order to obtain an improved image or to extract some useful

information from them. This is done by inserting an image, and the output

may be either an image or properties/features associated with that image

figure 2.7. [38] Image processing mainly includes the following three steps:

Original - Image ~ Image

image . processing _ modified

Figure 2.7: Image processing

e Image import via image acquisition tools;

e image analysis and processing;

e The output by which the image can be changed or the report based

on image analysis.
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It just means that the algorithm performs some transformation on the
image, Smoothing, Resizing,Subtraction, sharpening, contrasting, stretch-

ing the image, etc.

2.5.1 Image Smoothing

Image smoothing[29][3] is an operation thats used to remove noise, sharp-
ness and clutter in the image to give you much more smoother and blended

effect.

(a) Before Smoothing (b) after Smoothing

Figure 2.8: Image Smoothing.

2.5.2 Image subtraction

Image subtraction is generally performed between two images that have
significant similarities figure 2.9, in which the numerical value of one pixel
or an entire image is subtracted from the other. This is mainly done to
detect changes between two images, this change detection can be used to
find out if something in the image has moved, and it can also perform

background deletion|[7].

Subtracted background

background Input

Figure 2.9: image subtraction method
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2.5.3 Image resizing

Resizing makes the image larger or smaller figure 2.10, change it to a
new width and height to make the image size proportional, and the image
becomes smaller or larger without cropping anything, which usually affects
the file size and image quality. The most common reason for resizing images

is to reduce the size of large files[35].
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Figure 2.10: Image Resizing.

2.6 Object detection

Object detection is one of the most active areas of research in the field
of computer vision (CV). It includes the classification and location of each
object in the image (object localization), to classify and locate every sin-
gle object within the image. Assign a class to every object and draw a
bounding box around it figure 2.11[9], such as humans, animals, cars, or
buildings, etc. It is associated with many applications, including image
classification, human behavior analysis, face recognition and autonomous
driving, etc...

Before going into the details of object detection, the difference between

these terms: object segmentation, object detection, object classification
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should be clarified, as shown in table 5.2

Figure 2.11: Object Detection.

Object Classification

It can find out what the ob-
ject is in the picture, but
not the exact location

Object Detection

Find out the location infor-
mation of the objects and
put a box surrounding this
element

Object Segmentation

termed as categorizing each
pixel value of an image to a
particular class, Give to any
objects a clear outline

Table 2.1: The difference between object segmentation, object detection, object classifi-

cation

2.6.1 Object Detection algorithms

There are many ancient methods of detecting objects in signel image,

and we mention the following:

Viole-Jones algortihm

Paul Viola and Michael Jones came up with the idea of Haar Cascades[12],

one of the oldest technique used for detection working on grayscale image,
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the algorithm looks at many smaller subregions and tries to find a face by
looking for specific features in each subregion figure 2.12. It needs to check
different positions and scales because an image can contain many faces of
various sizes. It distinguishs the black and white color difference, and the
feature values of the Haar features are determined by the pixel values of

the rectangle.

Haar-like feature applied on Eye region

h |

-

Haar-like feature applied on the bridge of the nose

p !

Figure 2.12: viola-jones algorithm.

SIFT algorithm

Scale-Invariant Feature Transform, first introduced in 2004 by D. Lowe.
The main idea of the algorithm is that in an image, a neighboring pixel
describes what is next to it, in order to identify the nearest neighbors for
a better fit image, Lowe’s goal is to expand a constant interest factor, ro-
tation, etc. Then, when trying to locate an object in it, the description
extracted from the training image can be used to identify the object, keep-
ing the features extracted from the training image recognized even if the
image scale, noise, and signaling changes. These points are usually located

in high-contrast areas of the image[22].
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SIFT Features

Figure 2.13: SIFT algorithm.

2.7 Conclusion

In this chapter, we presented a definition of computer vision and how
images are read and processed, with a mention of some color spaces and
some processing methods such as smoothing, subtraction, resizing. We
focused on the process of detecting objects in images to extract important
informations and work with it, and we explained some of its techniques.
This is what we have built in our project to count the number of vehicles in
a captured image of the crossroad in order to optimize the time of the traffic

signal system, which we will explain in detail in the following chapter.
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Chapter 3

State of the art of object detection

and vehicle counting

3.1 Introduction

In recent years, artificial intelligence (Al) systems have had a significant
impact on human life as they can process large amounts of diverse data and
make decisions that help solve many real-world problems to create a better
world by achieving common goals that benefit societies and individuals,
such as mobility In cities by improving traffic light systems and thus trying
to eliminate pollution and improve the urban environment and the quality
of life of citizens by monitoring vehicle traffic, especially at intersections.

Vehicle counting plays an important role in smart city transportation
systems, where reliable and efficient deep learning algorithms can use cam-
eras to detect,classify and count vehicles in real time. Images are the best
sensing data for analyzing and evaluating the flow of vehicles in crowded
areas. Current techniques for counting vehicles in images rely on large
amounts of annotated data, which requires providing visual data through
stationary city cameras, while artificial intelligence systems extract rele-
vant information from this deluge of data using deep learning algorithms.

Transportation is one of the biggest sectors that can benefit from ac-
tionable insights from data captured by cameras, as computer vision and
deep learning have shown promising results in achieving hands-on deploy-

ment at scale. In this section, we will cover different vehicle counting
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approaches and compare their effectiveness in practice.

3.2 Vehicle counting

Counting[26] is an estimate of the number of objects instances
in still images or video frames. Vehicle counting is to identify and
count different types of vehicles in a single video frame or an image using
computer vision and deep learning algorithms.

Vehicle counting approaches can be divided into two main categories[11]:

a. Detection-based methods: Which attempt to identify and localize
instances (vehicles) in an image regardless of their identity (car, truck,

bus,etc.) figure 3.4(a). then count the detected vehicles.

b. Density-based methods: [15]Which uses density estimation algo-
rithms to estimate a density map from an image, then to regress the
number of vehicles. where the final number is given by summing all

values of pixels figure 3.4(b).

25 vehicles

(a) detection based method (b) Density-based method

Figure 3.1: categories of vehicle Counting methods

Due to the recent progress in computer vision boosted by deep learning
methods for object detection, more studies turn to the detection-based

strategy.

26



3.2.1 Detection based method

Vehicle detection is the first step in the vehicle counting process, which
means locating the vehicle and surrounding it with a bounding box that

has 4 properties: width, height, and coordinates (x, y) as figure 3.2.

Figure 3.2: Representation of bounding box

The goal of this detection technique is to determine where vehicles
are located in a given image, that is called object localisation and which
category each object belongs to, that is called object classification. There

are several ways to do this detection process as shown in Figure 3.3

feature based vehicle detection

Previously, the detection of objects involved the use of classic algorithms,
such as those supported in OpenCV|[8]. In addition to background subtrac-
tion, most object detection algorithms are built based on manual features
such as HOG [42] and SIFT|[22], and then use the extracted features to train
Naive Bayes, SVM[24] and other classifiers to obtain detection results.

But these methods usualy do not perform very well when working
under different conditions such as partial occlusion, shadows, and lighting

contrast.
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Figure 3.3: Classification of vehicle counting methods

CNN-based vehicle detection

The advent of deep learning has solved many problems in object de-
tection such as partial occlusion, shadows, and lighting contrast. Where
has recently taken over the task of object detection by methods based on
deep neural network (DNN)[25]. DNN variant of machine learning, it has
a high learning capacity when dealing with images. DNN consist of several
convolution layers and pooling layers, the last layer is full connection with
output(this can be considered as neural network). DNN can automati-
cally learn rich features from trainning dataset, and has achieved excellent
performance in many applications such as image classification and object
recognition. DNN methods can be divided into two main categories: single-

stage and two- stage object detectors

- two-stages: It uses a region proposal network to generate regions of
interest in the first stage and sends region proposals to object classi-
fication and bounding box regression pipelines. Such models achieve

the highest accuracy, as Faster R-CNN (Region-based Convolutional
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Neural Networks)[40] , but are generally slower.

- single-stage: Where the detection process is considered “complete in
one step”, which mean single-stage object detectors make classifica-
tion and place precise bounding boxes in one pass[18], we can cite as
examples YOLO(You Only Look Once)[16], SSD(Singe Shot MultiBox
Detector)[30].

3.3 Dataset

Object detection neural networks need to be trained on huge image
datasets. As a result, a number of well-known datasets and benchmarks

are released by many research institutions, including the datasets of:

dinningtable

5 Do i el

plant sheep sofa train

Figure 3.4: Example images from Pascal VOC 2007 dataset.

¢ PASCAL VOC dataset:[17] The PASCAL Visual Object Classes
(VOC) dataset contains 20 object categories including vehicles, house-
hold, animals, and other. Each image in this dataset has pixel-level
segmentation annotations, bounding box annotations, and object class
annotations. This dataset has been widely used as a benchmark for
object detection, semantic segmentation, and classification tasks.
The PASCAL VOC dataset is split into three subsets: 1,464 images

for training, 1,449 images for validation and a private testing set.
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e MS-COCO dataset:[28] COCO is a large-scale object detection,
segmentation, and captioning dataset. It has several features: Object
segmentation, Recognition in context, Over 200000 images of the to-
tal 330000 images are labeled, 1.5 million object instances, 80 object
categories, 5 captions per image. COCO is often used to benchmark
algorithms to compare the performance of real-time object detection.
The format of the COCO dataset is automatically interpreted by ad-
vanced neural network libraries. The COCO dataset classes for object

detection and tracking include the following pre-trained 80 objects:

e ImageNet dataset : [14]A large image database designed for use in
visual object recognition researches, organized according to the Word-
Net hierarchy in which each node of the hierarchy is depicted by hun-
dreds and thousands of images used in image classification and object
detection. It contains 14,197,122 annotated images with more than

20,000 categories.

3.4 Vehicle detection related work

While working on this project, we came across several papers on the
topics of traffic systems, traffic analysis, and traffic optimization. We have
studied this research and integrated some ideas from its results considering
the problems they faced. The works most similar to our research work is
the AI city Challenges.

In this section, we briefly describe four different approaches in the Al

city Challenge in detection based vehicle counting.

3.4.1 Vehicle Counting Approach Based on Deep Neural Net-

works

1. Vehicles are detected every 15 frames by RCNN (Regional Convo-
lutional Neural Network); region has most probably objects classify
them by CNN;
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2. Trajectories(R) are extracted by tracking corner points KLT tracker

where R has a unique label ;

Simple KLT Algorithm

(a) Detect Harris corners in the first frame;

(b) For each Harris corner compute motion (translation or affine) be-

tween consecutive frames;

(c¢) Link motion vectors in successive frames to get a track for each
Harris point;

(d) Introduce new Harris points by applying Harris detector at every

15 frames;

(e) Track new and old Harris points using steps 1-3.
3. Assign R to detected bounding box.

This approach [6] has an acceptable performance but not the best.

3.4.2 Multi-Class Multi-Movement Vehicle Counting Based on
CenterTrack

e As input: Current frame + previous frame + the heatmap with all

of the detected centers of objects from previous frame
e As output: Object bounding boxes

e As algorithm: Simple greedy algorithm which associates object in

consecutive frames based on IoU metric of object box

This approach has 80% of efficiency but it still not suitable in very

crowded scene

3.4.3 Robust Movement-Specific Vehicle Counting at Crowded

Intersections

In this approach[32] a single video is considered as the input where a

list of counting vehicles is the output. For the process of detection RCNN
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detector trained by COCO dataset is used with ResNet50 feature extractor.
DeepSort algorithm adopts a single hypothesis tracking methodology with
recursive Kalman filter and Frame by frame data association; This

approach has been classified as top5 in Alcity 2020 by 93% of efficiency.

3.4.4 Robust and Online Vehicle Counting at Crowded Inter-

sections

In this paper[34] Jincheng, Lu Meng Xia work on shape-based-strategy
using PPYOLO[33] as detector and DeepSort as the tracking algorithm

with some modification such as:
1. Motion prediction by Kalman filter;
2. Feature extraction using color histogram, motion and shape feature;

3. Data association where Matching Cascade algorithm is used to get the

tracker ID for each detected vehicle;

4. Hungarien algorithm to match the detections and tracklets based on

distance;

5. Mahalanobis Distance Smoothness Method is introduced when Kalman
filter is used in the case when a vehicle stops or starts in the intersec-

tion where velocity of vehicle changes sharply.

3.5 Conclusion

In this chapter, we explained the process of vehicle counting and men-
tioned its methods, focusing on those based on detection that is divided
into feature-based and the deep learning methods that we focus heavily on
in our project. In the next chapter we will present our proposal vehicles

counting based solution.
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Chapter 4

Vehicle counting

4.1 Introduction

Traffic congestion may lead to huge social and economic losses, One of
the most important factors of these traffic congestion is poor traffic control
at intersections, where drivers have to wait for red lights most of the time,
even if the road next to them is empty. Therefor counting vehicles is an
important step in improving traffic systems. In this chapter, we propose a
computer vision and deep learning based solution to solve the problem of

vehicle counting.

4.2 System overview

In our attempt to find a solution to the problem of vehicle counting, we
propose a computer vision based solution outlined in figure 4.1.

Our method starts with capturing an image from camera installed on
intersection, to be able to count vehicles they need to be detected first.

Vehicle detection is a special case of the general computer vision problem
of object detection. In the previous chapter, we mentioned some classical
object detection techniques such as background subtraction and Histogram
of gradients (HOG)[42]. Recently, DNN[25] based methods such as R-CNN
[10] and Faster-CNN[40] have achieved good results in computer vision
tasks and specially object detection.

YOLO[16] is one of state-of-the-art object detection CNN models, and
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Detecting vehicles

1-¢) Grayscaling

1-a) input image 1-b) resizing

1) input image processing

2) vehicle detection

TSCS | | ™

I \'ehiiles \countin; = W
| 4) Count 3-¢) non max 3-b) filtering ~ 3-a)Thresholding

: vehicles suppresion classes probabilities

| 3) Filtering

Figure 4.1: Overview of our counting vehicles proposed approach

chosed it due to its superior performance compared to other object detec-

tion techniques in terms of accuracy and speed figure 4.2.

Vehicle
counting

P —
Density based Debt::::m ‘

deep learning-based Feature based

pr— — I
Single . Background
stagge ‘ u 2etages u SIFT ‘ U HOG ‘u S uw:»le-lones
!  — T - ]
|| YOLO ‘ SsD uc.nter Net ‘ u RCNN u Fast RCNN uFamr RCNN

Figure 4.2: Our chosed vehicle detection method

We build our solution on top of the YOLO object detector. The model
expects input images in grayscale format with a square shape of 416x416
pixels. Yolo can detect many object categories(person,tree, etc.). For each
detected object the model returns the object bounding box and a detection
confidence.

Since we are only interested in counting vehicles, we filter objects that

do not belong to vehicle’s categories(truck, bus, car, bicycle). To avoid er-
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rors in the vehicle counting, we first ignore low confidence detections, then
we ignore tiny and overlapping bounding boxes using the non max sup-
pression algorithm[21], finally the count of vehicles is given by the number
of remaining bounding boxes. Algorithm 1 outlines the main processing

steps of our vehicle counting method.

Algorithm 1: Counting vehicle

Input: Image I; confidence threshold T,.; NMS threshold Ty ss;

Output: number of vehicles N,.

L+ 0;

I' < Resize(1,416,416);

I" < Convert_to_grayscale(I');

M+~ YOLO(I"),

/* Applay YOLO object detection to input image */
foreach row R wn M do

8 class_id < argmax(R;)
i€[5,85]

9 if classid € V' and Rgss_ia>—1, then
10 ‘ add (Ro, Ry, Rs, R3, Ry, Reass.id, class_id) to L;
11 end

[= I B NV

EN|

12 end

/* Non max suppression */
13 Sort(L) by descending confidence values
14 foreach bounding box p in L do

15 foreach bounding box q in (L — {p}) do
16 if p[7] == ¢[7] then

17 r < Intersectionoverunion(p, q);
18 if r <=Tyys then

19 ‘ remove ¢ from L;

20 end

21 end

22 end

23 end

24 N, < N(L)

25 Return N,.

4.3 Proposed approach

Previously, we have introduced briefly the general outline of our ap-
proach. In the following sections, we will give fully details about each step
and we will use figure 4.3.1-a) as input image to explain in details the rest

of the steps and their results.
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4.3.1 Input images pre-processing

After collecting the captured images from cameras, the model we adopted
accepts only square-shaped images of size 416x416 in gray-scale format. So
we will perform two operations in the processing : resizing figure 4.3.1-b),

grayscaling figure 4.3.1-c).

width = 416
|

=416

height = 249
height

1-a) input image 1-b) resizing 1-c) Grayscaling

Figure 4.3: Image pre-processing grayscaling

4.3.2 YOLO vehicle detection

YOLO is an abbreviation for the term You Only Look Once. It is an
convolutional neural network model that detects and recognizes various
objects in an image. Object detection in YOLO is done as a regression
problem and provides the class probabilities of the detected images. YOLO
is implemented using the OpenCV deep learning libraries, As the name
suggests, the algorithm requires only a single forward propagation through
a neural network to detect objects. This means that prediction in the
entire image is done in a single algorithm run.

YOLO algorithm is important because of the following reasons:

- Speed, can process 45 frames per second because it can predict objects

in real-time and requires only one forward;

- Accuracy, provides accurate results with minimal detection errors;
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- The algorithm has excellent learning capabilities that enable it to learn

the representations of objects and apply them in object detection;

- it can detect multiple objects, predict their classes and identify their

locations.
In order to know this model more, we briefly present the model
details:
e YOLO'’s input: A grayscale image with the square shape (416, 416);
e YOLO’s weights: We will use YOLO’s COCO pretrained weights

that can detect objects from the 80 classes that come with the COCO
dataset[28];

e YOLO'’s architecture The figure 4.4 shows the architecture diagram[48]
of YOLOvV3

Laver Lilters size Repeat Output size

Image 416 X 416

Conv 323 X 31 1 416 X 416

Conv 643 X 3/2 1 208 % 208 Conv

Conv 321 x 171 iConv 208 x 208 Con2d BN LeakyReLU
Conv 643 X 3/1 IConv X1 208 x 208 Layer | | Layer T ayer
Residual iResidual; 208 X 208 :

Conv 1283 x 372 1 104 > 104

Conv 641 X 1/1 iConv 104 % 104

Conv 1283 x3/1  [Conv  1xX2 104 X 104

Residual ,llgegiggn_h 104 % 104

Conv 2563 X 32 1 52 X 52 Residual

Conv 1281 % 1/1 Conv 52 X 52 id

Conv 2563 X 3/1 :Conv %8 52 %X 52 A

Residual Residual, 52X52 Conv Conv
Conv 5123 X 32 1 26 X 26 Tlaxy [Tl ex3
Conv 2561 X 1/1 Conv 26 X 26

Con_.v 5123 % 31 :Cnnv : ¥ 8 26 % 26

Residual Residual, 26 X 26

Conv 1024 3 X 3/2 1 13 % 13

Conv 5121 X 1/1 Conv 13 % 13

Conv 1024 3 X 3/ Conv  1x 4 13 % 13

Residual |Ee_5j£]H;|__]: 13X 13

Figure 4.4: Architecture diagram of YOLOv3[48]

- YOLOvV3 uses a variant of Darknet, which originally has 53 layer net-
work trained on Imagenet stacked with 53 more layers, giving us a 106

layer fully convolutional;
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- The detection is done by applying (1 x 1 x 3) detection kernels on
feature maps of three different sizes at three different places in the

network (layer 81, layer 94 and layer 106);

- The shape of detection kernel is 1 x 1 x (B x (5 4 85)); Here B is the

number of bounding boxes a cell on the feature map can predict;

- YOLO v3 uses binary cross-entropy for calculating the classification
loss for each label while object confidence and class predictions are

predicted through logistic regression;

- YOLO makes use of only convolutional layers, making it a fully con-
volutional network (FCN)[47] in YOLOv3;

- Convolution layer is used to convolve multiple filters on the images

and produces multiple feature maps;

- Every convolutional layer is followed by a batch Normalizer and a
LeakyReLU layers;

- A residual block consists two convolutional layers.

+) Concatenation
+ ddition

Residual Block o

£l
Detection Layer
) j *

Upsampling Layer 5!

e Further Layers

106

Figure 4.5: YOLO v3 network architecture
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¢ YOLO'’s output: Generally in a sequential CNN network there will
be only one output layer at the end. In the YOLO v3 architecture we
are using there are multiple output layers giving out predictions as it

shown in figure 4.6.

L
<
o"ep “““
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@
arge objects 10647
detection boxes
meduim objects
Layer 82 — 507 boxes detectiojn
Layer 94 — 2028 boxes s";::!;';‘::“
Layer 106 8112 boxes

Figure 4.6: Representation of YOLO’s output

The output is displayed as matrix. This matrix shows both bound-
ing squares and class probabilities. Each box is represented by 85

numbers figure 4.7.

85 numbers
Potentiel
0.100 | 0458 | 0.185 | 0.183 | 0.278 0. 0. 0.256 0. letected
2 0.096 | 0.477 | 0.181 | 0.183 | 0.994 | 0.862 0. 0. 0. et
‘ L]
55
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[]
o
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Figure 4.7: Representation of bounding box YOLO’s output

Here,

Confidence: Defines whether an object is present in the box or not.
It is a probability in [0,1], 0 means no object is detected in this box
while 1 means that certainly there is an object;

Box’s center and dimensions: Specify the localization of the

bounding, see figure 3.2;
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Classes probabilities: Probability between 0 and 1 of classes. [¢3,c4,c6,c8]

represent probability of [car, motorcycle, bus, truck] respectively.

e Detection using YOLO: Figure 4.8 ullistrates steps for vehicle de-
tection using YOLOv3

e YOLO object detector  -------------ooome

- T -

Scale=32 Scale=16 Scale=8 H 507
+
26 cells . . V 52 cells 2028
(13x13 E (52x52) a1+12
grid cell grid cell i
. i 10647
i i i ! | Bounding
filter filter I' filter I' |
(1,1,3) ‘I'I (1,1,3) -| (1,1,3) .I Boxes
13 x 13 x 3 = 507 boxes 26 x 26 x 3 = 2028 boxes 52 x 52 x 3 = 8112 boxes
large objects detection meduim objects detection small objects detection !

Figure 4.8: object detection by YOLO

The input is an image of shape ( 416, 416, 3), YOLO passes this
image to a convolutional neural network (CNN), this network divides
the image into regions and predicts bounding boxes and probabilities
for each region. Layers are responsible for the detection are 82, 94 and
106. In each one of three layers the image upsampled by a scale 32, 16
and 8 respectively giving (- x 10 which means (13x13), (26x26)
and (52x52) grid cells respectively. Then detections are made at these
layers by kernels (1x1x3) giving (13x13x3), (26x26x3) and (52x52x3)
boxes. So this model returns as output
13x13x34+26x26x3 4+ 52x52x3=>507+4 2028 + 8112 = 10647

boxes that will be filtered to get the accurate boxes.
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4.3.3 Filtering

After passing the pre-processed image to the yolo detection model, we get
the resulting detection matrix as shown in Figure 4.7. The output matrix
encodes all the detected objects with their detection probabilities. The
version we used was trained on COCO dataset, and it can detect up to 80
object classes, however since we are interested only in vehicles, the output
of the model need to be filtred. Moreover, somtimes the model outputs
more than a bounding box in the same area,henece,only one bounding box
needs to be preserved using the non max suppresion algorithm, Figure 4.9
is an example of the raw yolo detection output with the above mentioned

problemes.

Figure 4.9: A visualisation of bounding boxes

A. Probability thresholding

The output of YOLO is a matrix where each row contains the coordi-
nates of the object bounding box with 80 class probabilities. if the proba-
bility values are distributed along many classes this means that the model
is not confident about the nature of the detected object. In other words,
only rows that has a high probability value in one specific class needs to
be considered as a valid object detection.

To ignore low confidence object detections, we take each row of the

detection matrix and we compare the maximum probability in the row
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with a probability thresholding value T,. if the max probability is grater
tha T, then the row is considered as a valid object detection. In out ex-

periments, we found that a value of 0.5 is a good value for the threshold T..

(a) Before (b) After

Figure 4.10: Probability thresholding with 7. = 0.5

In Figure 4.10.(b) the number of detected objects was reduced after
applaying the probability thresholding operation.
shows. Precisely, we said that this model gives 10647 boxes, in our example
after thresholding we get just 26 boxes wich represent confidently a present
of objects. we plotted only boxes for which the model had assigned a
high probability, but this is still too many boxes. We’d like to reduce the

algorithm’s output to a much smaller number of detected objects.
B. object class filtreing

Since YOLO is trained on COCO dataset, it can detect up to 80 different
object classes. In our work we are interested in detecting and counting
vehicles, so, we need to ignore any object class that dose not belong to the
vehicle category V where V' = {car, truck, bycicle, bus}.

For each row in the detection matrix M, we first find the index of the
class with the maximum probability. Then, we get the corresponding class
from COCO names list. finally, classes that are not in V' are ignored.

Figure 4.11.(b) shows the result of class filtering operation.
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(a) Before

Figure 4.11: object class filtring
C. Redundant objects removal

As shown in figure 4.11.(b) we can see that multiple bounding boxes
are placed arround the same object, this means that the model is detectting
the same object multiple times. In our application, this can lead to a wrong
ovral estimation of the total number of vehicles. To solve this issue, we need
to detects overlapping bounding boxes and remove duplicate ones. this can

be accomplished using the non-maximum suppression (NMS) algorithm.

Intersection Union Intersection over Union

op-Bos,_
U
A

B,

Bl

Figure 4.12: Intersection over union ratio computation

The Non Maximum Suppression (NMS) algorithm is a class of al-
gorithms to select one bounding box out of many overlapping ones. NMS
is based on the ”Intersection over Union” or "IoU” ratio that indecates
how much two boxes are overlaping. Figure 4.12 illustrates how "IoU” of
two overlapping boxes is computed. Figure 4.13.(b) shows the result of

redundant objects removal using the NMS algorithm.
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(a) Before (b) After

Figure 4.13: NonMaxSuppression function result

4.3.4 Vehicle counting

As we mentioned before, YOLO’s output detection matrix has 10647
rows, each row represents a potential detected object. The number of
detected objects is obtained by applying probability thresholding (Sec-
tion 4.3.3.A) this reduces the number of detected objects to 26 in our
example Figure 4.10.(b). Then, we apply object class filtering where non
vehicle objects are removed (person,tree,...etc.). This reduces the num-
ber of objects to 18 in our example Figure 4.11.(b). Then we remove
redundant object by applying NMS algorithme (Section 4.3.3.C). This re-
duces the number of objects to 4 which is the number of vehicles in the

input image in our example Figure4.14.

Figure 4.14: Proposed approach’s output
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4.3.5 Results and discussion

Figure 4.15: some output samples of our vehicle counting method

We evaluated the effectiveness of our proposed method using ran-
domly selected images from the datasets we mentioned before. The images
selected, vary on scene complexity, lighting and image capturing angle.
Our test set included 3000 images, we used the mean-precision metric
to evaluate the performance of the proposed approach, mean-precision

is given by the following formula :

tp

Precision = —————
(tp+ fp)

(4.1)

Where tp represents the number of true positives (number of correctly
detected vehicle), fp is the number of false positives or which represents
the number of incorrectly detected vehicles. The Table 4.1 is a sample of
mean-precision metric evaluation data we collected. We achieved around
0.8 mean-precision accuracy score witch is quite satisfactory performance.
We noticed that in some cases, our method fail to detect and count the
correct number of vehicles. This usually happens when in challenging im-

ages where cars are so small, images are taken in bad whether, images has
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bad illumination, etc.

image | tp | (tp+fp) | fp | precision

1 8 9 1 0.8888
2 9 11 2 0.8181
3 2 2 0 1

4 5) 6 1 0.8333
) ) 5) 0 1

6 11 14 3 0.7857
7 13 15 2 0.8666
8 6 9 3 0.6666
9 7 7 0 1

10 2 3 1 0.6667

Table 4.1: Sample of mean-precision metric evaluation data

Figure 4.15 represents some samples of our detection and counting ap-
proach results. Figure 4.15 shows that in some cases detection and vehicle
count are accurate. On the contrary, other images show the less accurate
results due to the challenging content of the images and their complexity.

However, in many applications, small error in the final vehicle count
is not critical. For example, in the case of traffic optimization system
detecting 23 or 26 cars in one direction will lead to the same decision from

the system.

4.4 Proposal of a novel vehicle counting dataset

The accuracy of our proposed vehicle counting is tied to the accuracy of
the YOLO detection model. Although yolo is the state of the art object
detection model, it still suffers from accuracy degradation in the case of
very crowded intersection Figure 4.16(a) images, or images taken from
Figure 4.16(Db).

The limitation of our proposed approach are due to the fact that YOLO
is a generic object detector and was not trained exclusively for car detec-
tion. Omne could argue why we didn’t trained our own vehicle detection
and counting model. The first goal of this work was to propose a new

deep learning model dedicated to the task of vehicle counting. However,
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Figure 4.16: our system outputs

to the best of our knowledge there are no publicly available datasets for
this specific task. Creating machine learning datasets is not an easy task.
Deep learning models are usually trained on datasets with thousands of
annotated images. Manually annotating images is labor-intensive task and
would take a lot of time and effort. In this work we propose a semi-
automated solution for the dataset generation problem.

First we collect a dataset of thousands of images containing vehicles.
Then, the approach proposed in Section 4.3 is used to automatically detect
and count the vehicles in all the images of the collected dataset. After that,
we use a desktop application with a very simple user interface to validate
or invalidate the automatic annotation Figure 4.17. The images that where
validated by the user are then saved to the final dataset with a JSON file
containing the number of vehicles in each image and their bounding boxes.

Annotations:
{
image: 1,
number_vehicles: 4,
boxes: {
{257, 122, 72, 76},
{1,94,58 .48},
{73, 120, 61, 39},
{58, 116, 23, 19}

Figure 4.17: dataset’s image labeling example } }
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Figure 5.19 is a screenshot of our annotation user interface, it was
designed to accelerate the annotation process. The user interface provide

only two bottons:

e The button valid :Used to validate the detection and pass to the

next image (the image will be part of the dataset.).

e The button unvalid : Is used to invalidate the image due to a

detection error (the image will be removed from the dataset)

Figure 4.18: interface for cleaning the dataset

4.5 Perspectives

In this work, we build a vehicle counting solution on top of the YOLO
object detection model. We used this solution to create a dedicated vehicle

counting dataset. As a followup to this work, we propose the following:

e enhance the dataset creation tool (UI) to add the possibility of cor-
recting the automatic detection and adding manual annotation rather

than just refusing the automatic result;
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e propose a novel deep learning architecture for vehicle counting that

can be trained using out dataset;

e test the proposed approach in real life scenario (use images from real

cameras installed in a local city);

e implement the proposed solution as an IOT project.

4.6 Conclusion

In this fourth and final chapter, with the aim of improving traffic light
systems, we presented our approach for vehicle detection and counting, we
build our solution on top of the YOLO object detection model. We tried to
focus on the fundamental aspects of our solutions, hence we intentionally
skipped some implementation-related details (development environment,
frameworks,code samples).However,if the reader is interested. we provide
further implementation details in the supplementary chapter. We provided
some experimental results and insights for future work in the Perspectives

section.
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Supplementary material

5.1 Introduction

In this section, we provide technical implementation details related to our
vehicle counting method, first we provide a list of all software,languages
and frameworks that have been used in this work. Then, we provide code
documentation where we explain the important elements of our implemen-

tation code.

5.2 languages, Software and frameworks

e Python: (Version: 3.8) Is a high-level, interpreted, general-purpose

programming language, easy to learn syntax;

e Opencv: (Open Source Computer Vision Library) is an open source
computer vision, image processing and machine learning software li-

brary.

e numpy: is a python library provides support for tons of mathematical

and data science functions;

e T'kinter: is python library used to build our dataset tool user interface

(UT).

e LATFEX:is a document composition language and system. is was used

to write the manuscript of our thesis.

e V' Scode(Visual Studio code): Is a free coding editor that helps for cod-

ing quickly. we chosen to use VScode since it has support many lan-
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guages that we need, without the need to switching between editors(Python,

latex, Json).

e (it :A source control system that we used to share our work and

collaborate with each others.

e GitHub we used Github to host our code and manuscript latex files.

5.3 Code documentation

5.3.1 Code structure

.\OutIng

\InpImg
.\Annotations. json
.\Annotation.py
.\coco.names
.\false_Positives.txt
.\dataset_tool.py
.\initial_annotations. json
.\vehicle_counting.py
.\yolov3.cfg
.\yolov3.weights

our project directory contains :
e two folders(Inlmg, Outlmg) for input and output images.
e vehicle_counting.py python script for counting vehicles.

e Annotation.py annotation code.

dataset_tool.py dataset creation tool

yolov3.weights Yolo pretrained model weights

yolov3.cfg Yolo pretrained model configuration file

coco.names lables for the COCO dataset.
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5.3.2 Vehicle detection code

import cv2
import numpy as np

import json

classes = []

with open("coco.names", "r") as f:

classes = [line.strip() for line in f.readlines ()]
YOLO_cnn= cv2.dnn.readNet ("yolov3.weights", "yolov3.cfg")

annotations={}
image_annotation={}

annotations_list=[]

Loading COCO lables

This YOLO model is trained on COCO dataset, to decode its output cor-
rectly, we need to load the CCOCO dataset labels list, this list can be
found in the file ”coco.names” the file coco.names provides the label name
for each object class id example :(car :18; person 16)

with open("coco.names", "r") as f:

classes = [line.strip() for line in f.readlines ()]

Loading and configuring YOLO object detector

To load YOLO pretrained model, we’ll take advantage of OpenCV’s DNN
function called cv2.dnn.readNet. This function requires both a configPath

and weightsPath

YOLO_cnn= cv2.dnn.readNet ("yolov3.weights", "yolov3.cfg")

Images loading and pre-processing

The input images are loaded from the folder "Inlmg” for batch processing

image_names= os.listdir ("InImg")
for img_name in image_names:
img = cv2.imread (img_name)

img=cv2.resize (img, (416 ,416))
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Vehicle detection using YOLO

In Opencv, the DNN module requires that the input to the neural network
should be in special format called ”blob”. blob prepares the input image to
run through the deep neural network. The function cv.dnn.blobFromImage(image,

scale, size, mean, swapBR, crop) transforms the image into a blob,

blob = cv2.dnn.blobFromImage (img, 0.00392, (416, 416), (0, 0, 0),

True, crop=False)

It has the following arguments:

e the image to transform;

the scale factor (1/255 to scale the pixel values to [0..1]);

the size, here a 416x416 square image;

the mean value (default=0) used to normalize the input image;

e a boolean that specifies if the image needs to be cropped.

The blob object is given as input to the network:

YOLO_cnn.setInput (blob)

From the layers of this model we get our results from the last fully con-
nected layer. This model gives three outs from the three layers ( 82, 94,
106)
giving:

e 507 (13 x 13 x 3) boxes for large objects,

e 2028 (26 x 26 x 3) boxes for medium objects,

e 8112 (52 x 52 x 3) boxes for small objects.

layer_names = YOLO_cnn.getLayerNames ()
layers = YOLO_cnn.getUnconnectedOutLayers ()
output_layers = [layer_names[i[0] - 1] for i in layers]

outputs = YOLO_cnn.forward(output_layers)

The forward propagation takes about 2 seconds on lenovo (Intel(R) Core(TM)
i5-4258U CPU @ 2.40GHz 2.10 GH), RAM 8,00 Go, 64 bits operating sys-

tem.
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Filtering

YOLO model returns as output 507 + 2028 4 8112 = 10647 boxes that will

be filtered to get the accurate boxes. for that some lists must be initialized

boxes = []

confidences = []

class_ids = []

vehicles = [ ’car’,’truck’,’motorbike’,’bus’ ]

e boxes: Our bounding boxes around the object.

e confidences: The confidence value that YOLO assigns to an object,
lower confidence values indicate that the object might not be what
the network thinks it is

e classIDs: The detected object’s class label.

e vehicles: vehicle classes of interest.

a). Probability thresholding and object class filtering;:
For each box of YOLO’s output, the maximum probability(confidence)
is compared with a value T,. If this confidence is grater than 7, and
box’s class in vehicles then this box is considered as a valid vehicle
detection.

In our experiments, we found that a value of 0.5 is a good value for
the threshold.

for out in outs:
for box in out:
class_id = np.argmax(box[5:])
confidence = max(box[5:])
if confidence >=0.5:
if (classes[class_id] in vehicles):
center_x = int(box[0] * width)
center_y = int (box[1] * height)
w = int(box[2] * width)
int (box [3] * height)

int (center_x - w / 2)

h
X
y

int (center_y - h / 2)
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boxes.append ([x, y, w, hl)
confidences.append(float (confidence))

class_ids.append(class_id)

b). Redundant objects removal:

Applying Non Maximum Suppression (NMS) remove overlapping bound-

ing boxes, keeping only the most confident ones.

indexes = cv2.dnn.NMSBoxes (boxes, confidences, 0.5, 0.4)

Taking advantage of OpenCV’s built-in DNN module implementation
of NMS c¢v2.dnn.NMSBoxes() requires the boxes, confidences, confi-
dence threshold(7}.) and NMS threshold a value in [0..1].

In our experiments, we found that 0.4 is a good value for NMS thresh-
old. cv2.dnn.NMSBoxes() returns indexes of boxes that passes the
NMS IoU filter.

detected_vehicle=[]
for i in range(len(boxes)):
if i in indexes:

detected_vehicle.append (boxes)

detected vehicles is a list of vehicles detected in the image.

Counting

the number of vehicles is the length of detected vehicles in the input image.

numbervehicle=len(detected_vehicle)

Annotation

To generate JSON annotation data, we store the data in a python dictio-
nary then we dump the dictionary to a JSON file.

first, initialization of image annotation and bounding box(bb) to empty.
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image_annotation={}
bb=[]

the image annotation contains three keys: image’s name, number of de-

tected vehicle in image, and their correspending bounding boxes.

image_annotation[’image’]l=img_det
image_annotation[’number_vehicles’]=numbervehicle
for vehicle in detected_vehicle:

bb.append (vehicle)
image_annotation[’boxes ’]=bb

annotations_list.append(image_annotation)

Output

this vehicle counting code gives as output two things:

e a folder(Outlmg) contains visualization of the counting process, the
number of vehicles end their bounding boxes drawn on the input im-

ages.
e a JSON file(initial,nnotations.json) contains annotation data.

annotations ["annotations"]=annotations_list
json.dump (annotations, false_Positives, indent = 6)

false_Positives.close ()

5.3.3 Dataset annotation code

Dataset creation Ul

Our dataset tool, it was designed to accelerate the annotation process,
it provides two buttons and display two images as input an image from
"Inlmg” folder which is the original image and the other image it is the
same image but after the detection process from ”"Outlmg” folder. a user
just need to put the input images in "InImg” folder and the output image

in 7Outlmg” then execute, then the images are displayed as figure 5.19
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if the detection is valid click button «if it’s not then delete it with the

button X at the end we will have our valid images and their annotations
(json file)

Figure 5.19: interface for cleaning the dataset

1. Import packages

from tkinter import *
import tkinter as ttk
import os

import json

from PIL import ImageTk, Image

2. Window A window is an instance of Tkinter’s Tk class. Tk() create

a window and assign it to root with size (”1000x520”)

root = Tk()
root.geometry ("1000x520")

3. label

a Label is to display images, text, buttons to the window(root). in

our case we needed two labels

1bl = ttk.Label(root)
1bl2=ttk.Label (root)

(a) Images to display the images from the both folders (Inlmg, Out-
Img)
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- os.listdir() requires the folder path, it consider the images as a
list;
- Image.open() open the images, which requires the images list;

- each image from each folder in label(lbl, 1bl2)

#images with detected vehicles#
path = "QOutImg"
list = os.listdir (path)
img=1list [n]
img=Image.open ("OutImg/"+img)
image = img.resize ((500,500))
image_tk = ImageTk.PhotoImage (image)
1bl[’image’] = image_tk

1bl.grid(row = O0,column = 0)

#the input image#

path_detect = "InImg"

list_detect = os.listdir(path_detect)
img_det=1ist_detect [n]
img_det=Image.open("InImg/"+img_det)
img_det.resize ((500,500))
img_det = ImageTk.PhotoImage (img_det)
1bl2[’image’] = img_det

1bl2.grid(row = O,column = 1)

img_det

(b) Buttons A button has many options ttk.Button(container, text,
command)
The container: is the parent component on which you place the
button;
The text: is the label of the button;
The command: specifies a function that will be called automat-

ically when the button clicked. the next two buttons displayed

- v button

btn = ttk.Button(root, text="\checkmark",width
="71", height=1,bg="#0B289E’, fg=’white’, command=Valid)
btn.place(x=500,y=501)

Button command:
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it goes to the next image in the images list then display it from

two folders(Outlmg, Inlmg)

def Valid ():
global n
global 1list
n=n+1
global list_detect
img2=1list_detect [n]
imag=Image.open("InImg/"+img?2)
image2 = imag.resize ((500, 500))
image_tk2 = ImageTk.PhotoImage (image2)
1bl2[’image’] = image_tk2

imgl=1list_detect [n]

imagl=Image.open ("OutImg/"+img2)
imagel = imagl.resize ((500, 500))
image_tkl = ImageTk.PhotoImage (imagel)
1bl[’image’] = image_tkl

- X button

btn2 = ttk.Button(root, text="X",width="71",
height=1,bg="#97321D"’,

fg=’white’, command=Unvalidate)

btn2.place (x=0,y=501)

Button command:
Unvalidate image means delete it from the folders and the anno-

tation file.

def Unvalidate ():
imag_not=1list [n]
imag_dec=1list_detect [n]
print (imag_dec)
os.remove (r"OutImg/"+imag_not)
os.remove (r"InImg/"+imag_dec)

list_del.append(imag_dec)

4. Output: for getting the image name and used for annotation file.

with open(r’false_Positives.txt’, ’a’) as fp:
for item in list_del:

fp.write ("%s\n" % item)
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Annotation

1. Import necessary packages

import json

2. Inputs: this script requires two files as input
- A JSON file (initial,nnotation.json) contains the initial annotation
after detection process. all annotation will be stored in a list 1 and
initial annotation will be cleared.

with open(’initial_annotation.json’) as json_file:
data = json.load(json_file)
l=datal[’annotations ’]

data.clear ()

-A text file (del-lis.txt) as input which contains names of images
deleted f from the new dataset

f = open("del-1lis.txt", "r")

3. cleaning the annotation for each word form the del-list file find this
word in annotation list comparing it with the key "image” and delete
it.

for line in f:
for x in line.split():
i=0
while i < (len(l)-1):
y=1[i] [’ image ’]
if (x==y):
del 1[i]
i=(len(1)-1)
i=i+1

data[’annotation’]=1

4. Output: This annotation.py script returns as output a JSON file
(Annotation.json) which is the final labeling of our vehicle detection

dataset.
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json.dump(data, false_Positives,

false_Positives.close ()

"annotations": [
{
"image": "image (1).jpg
"number_vehicles": 11,
"boxes": [

[48, 236, 33, 48],

[304, 269, 57, 64],
(178, 326, 39, 35],
(186, 172, 26, 20],
(135, 177, 26, 20],
(193, 179, 23, 16],
[59, 182, 23, 27],

[201, 191, 26, 18],
(101, 196, 25, 26],
(128, 238, 27, 21],
[92, 250, 31, 24]

]

I

{
"image": "image (2).jpg
"number_vehicles": 23,
A\
A\
AR

}
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5.4 Further results

YOLO detection Thresh-proba Class-filt

Table 5.2: Vehicle counting results

62



(General conclusion

Traffic congestion may lead to huge social and economic losses, one of
the most important factors contributing to traffic congestion is poor traffic
control at intersections. Many times, drivers have to wait on red lights,
even if the road next to them is empty. Traditional methods for controlling
the traffic signal do not prevent the vehicle from getting into the jam,Hence,
providing intelligent solutions to Traffic control is an important research
area.

One of the fundamental requirements of intelligent traffic control sys-
tems is to estimate the number of vehicles in roads and especially at inter-
sections. Sensor based vehicle counting methods have been used to count
how many vehicles are present at some point on the road. Recently, com-
puter vision based methods are being proposed as an alternative to sensor
based methods. In this work, we proposed a vehicle counting method based
on the state-of-the art YOLO object detection neural network model. Our
approach is based on filtring the YOLO output layer to extract the num-
ber of vehicles in the input image. experimental results shows that the
proposed method can achieve hight accuracy scores. However, as many
computer vision tasks, the accuracy is sensitive to the quality of the input
image(illumination,resolution..etc. ).

Since, YOLO is trained on general purpose object detection datasets
like COCO its performance on car detection task can not be expected to
be optimal. In this work, we proposed a novel car detection and counting
dataset with a semi-automatic annotation solution? As a perspective to
this work, we aim to use this dataset to train a car detection and counting

neural network from scratch to get higher accuracy score.
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