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Abstract 

 

The introduction of new techniques for improving the robustness and accuracy of vehicle detection 

is always important for the Intelligent Transportation System (ITS) as they may face different 

problems and challenges. Variability of driving environments such as urban and interurban areas, 

different weather conditions, and illumination variations will affect the vehicle detection 

performance and later processes.  

This thesis proposes a number of improved methods with a high accuracy which can successfully 

cope with the existing challenges. In order to provide reliable results and to ensure fast and robust 

processing, the performance of the proposed methods have been evaluated taking advantage of an 

own constructed database built with videos recorded in Spain and Iran under different weather, 

illumination, and environmental conditions; therefore, a complete validation has been carried out. 

According to an exhaustive review presented in this thesis, conventional image-based vehicle 

detection methods have difficulties in acquiring good images due to the perspective effect and 

background noise. Thus, a high-accurate vehicle detection scheme by using a modified version of 

inverse perspective mapping (MIPM) is proposed in the first method. A cooperative framework is 

adapted based on two complementary analyses. The spectral features which follow a spatial feature 

are integrated for the pixel-level analysis. Subsequently, the regional-level analysis takes place to 

extract the geometric features of vehicles and reducing the false-positive rate. The later analysis is 

performed at the original image based on a discrete differentiation operator in order to get accurate 

information of vehicles. Thereupon, rule-based strategies are proposed to reduced the false-

negative rate and provide the final detection results. As experimental results indicated,  higher 

accuracy is achieved by means of MIPM transformed image leading to increase vehicle detection 

performance under all weather conditions. Experimentally, we verified that small qualitative 

differences of transformation methods can manifest themselves crucially important in traffic 

monitoring systems. Comparing with previously published methods it demonstrates that MIPM, 

was not only simple and straightforward, but it was also more accurate in front of others. On the 

other hand, the proposed method opens the door to extract and collect real traffic information. 

In order to deal with a camera vibration due to the wind or bridge movements, adverse weather 

conditions, and achieve an accurate vehicle detection system, the second method is proposed. This 

has been developed through three main units which are tightly integrated.  

Particularly, the motion-based unit demonstrates the existence of vehicles by means of spectral 

and temporal features based on statistical characteristics of image pixels and a combination of 

several extra processing. Moreover, the accuracy of the system will be increased by the effective 

incorporation of the acquired data at the different parts of the proposed method.  Regarding the 
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knowledge-based unit, an adaptive particle filter framework with multiple measurements and a 

realistic noise model was developed which requires the information from the prior unit at the 

different stages. As a consequence, the second unit is beneficial as it allows refining the coarse 

results obtained by the former which happened due to the unfavorable conditions. Finally, the 

decision-making unit increased the accuracy of inter-frame correspondence by considering the 

various situations from two different points of view. The evaluation is divided into two extensive 

parts to prove the higher performance of the proposed method in front of others. Different from 

previous literature, the proposed method achieved a more accurate result under bad weather 

conditions by the effective integration of diverse information. 

In summary, experimental results show that the proposed methods offer great improvements in 

terms of accuracy, robustness, and stability in traffic surveillance. 

KEYWORDS: ITS, MIPM, Vehicle detection, Detection accuracy, Particle filter, Vibrating 

camera, Adverse weather conditions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 
 
 

10 
 

Resumen 

La introducción de nuevas técnicas para mejorar la solidez y la precisión de la detección de 

vehículos es de evidente importancia para los Sistemas Inteligentes de Transporte (conocidos 

como ITS por sus siglas en inglés), ya que les permite afrontar diferentes problemas y desafíos. La 

variabilidad de entornos de conducción como urbanos y áreas interurbanas, las diferentes y 

cambiantes condiciones climáticas y de iluminación tienen una alta incidencia en el rendimiento 

de la detección del vehículo y procesos posteriores.  

Esta tesis propone una serie de métodos mejorados respecto al estado del arte que ofrecen una alta 

precisión que permita hacer frente con éxito a los desafíos existentes. Con el fin 

de ofrecer resultados fiables y validar el procesamiento rápido y robusto de la solución, el 

rendimiento de los métodos propuestos se ha evaluado a partir de una base de datos propia 

construida con vídeos grabados en España e Irán bajo diferentes condiciones 

climáticas, de iluminación y contextuales; a partir de los cuales se ha llevado a cabo una validación 

completa.  

Del estudio del estado del arte presentado en la tesis se concluye que los métodos basados en 

imágenes para la detección de vehículos tienen dificultades para la adquisición 

de imágenes buenas debido al efecto de perspectiva y el ruido de fondo. Por lo tanto, se propone un 

esquema de detección de vehículos de alta precisión mediante el uso de una versión modificada 

del mapeo de perspectiva inversa (MIPM) dentro de un primer método, que integra un marco 

cooperativo que se adapta sobre la base de dos análisis complementarios.   

Las características espectrales asociadas a una característica espacial están integradas en el 

análisis a nivel de píxel. Posteriormente, en el análisis a nivel de región se extraen las 

características geométricas de los vehículos con el objetivo de reducir la tasa de falsos positivos. 

El análisis posterior se realiza en la imagen original basada en un operador de 

diferencias discreto que obtiene información precisa de los vehículos. A continuación, se 

proponen estrategias basadas en reglas para reducir la tasa de falsos negativos y proporcionar los 

resultados finales de detección. Como se muestra en los resultados experimentales, se logra una 

mayor precisión mediante la imagen transformada del MIPM, lo que lleva a un incremento en 

el rendimiento de detección del vehículo en todas las condiciones climáticas.   

Experimentalmente, se ha verificado que las pequeñas diferencias cualitativas que 

proporcionan los métodos de transformación se manifiestan de importancia crucial en el resultado 

final de los sistemas de supervisión del tráfico. En comparación con los métodos 

publicados con anterioridad se demuestra que integrando MIPM, no sólo es más simple y directo, 

sino también que es más preciso. De esta forma, se puede concluir que el método propuesto es 

válido para extraer y recoger información de tráfico real.  
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La tesis propone un segundo método con el fin de hacer frente a una vibración de la cámara debido 

al viento o de la infraestructura en condiciones climáticas adversas y permitir un sistema de 

detección de vehículos preciso. Este se ha desarrollado a través de tres unidades principales que 

están estrechamente integradas.  

En particular, la unidad basada en movimiento es capaz de detectar vehículos mediante 

características espectrales y temporales basadas en las características estadísticas de los píxeles de 

la imagen y una combinación de varios procesamientos adicionales. Además, la precisión del 

sistema se incrementa mediante la incorporación efectiva de los datos adquiridos en las diferentes 

partes del método propuesto.  En cuanto a la unidad basada en el conocimiento, 

se ha desarrollado un marco de trabajo con un filtro de partículas adaptable alimentado 

con múltiples mediciones y un modelo de ruido realista que requiere la información de la unidad 

anterior en las diferentes etapas.  

Sobre esa base, se puede que justificar que la segunda unidad es beneficiosa ya que permite refinar 

los resultados gruesos obtenidos por el primer método debidos a las condiciones desfavorables. 

Por último, la unidad de toma de decisiones aumenta la precisión de la estimación al considerar 

las diversas situaciones desde dos puntos de vista diferentes.  

La evaluación de este segundo método se divide en dos partes, con el fin de probar el mayor 

rendimiento del método propuesto frente a otros. A diferencia de la literatura anterior, el método 

propuesto logró un resultado más preciso en condiciones climáticas adversas mediante la 

integración efectiva de los diversos datos de las unidades propuestas.  

En resumen, los resultados experimentales muestran que los métodos propuestos ofrecen grandes 

mejoras en términos de precisión, robustez y estabilidad en la vigilancia del tráfico.  

 

PALABRAS CLAVE: ITS, MIPM, Detección de vehículos, Precisión de la detección, Filtro 

de Partículas, cámara con vibraciones, condiciones climáticas adversas.  
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1. Introduction 
 

The expression “smart city” serves as a description for the application of compound systems to 

integrate the operation of urban infrastructure and services such as buildings, transportation, 

electrical and water distribution, and public safety among others. The application of many different 

information and communication technologies, including emerging trends such as the Internet of 

Things (IoT), automation, new improved communication networks, and machine and deep 

learning, to increase operational efficiency in these services are driving smart city adoption. 

Traffic has been so long one of the most interesting topics in city management, and one of the first 

to integrate technology-based decision support tools to help governments to implement specific 

plans. As the world population tends to be concentrated in larger cities, traffic management is more 

complex every day and has a higher impact on the quality of life of the citizens. 

ITS is a popular field of research in the last decade. By providing innovative services of transport 

and traffic management. The goal of ITS is to improve transportation safety, productivity, and 

mobility for traffic planners and road users. ITS deals with different topics, such as car navigation, 

traffic signal control systems, content management systems, automatic number plate recognition, 

parking guidance, safety and etc. ITS allow us to have high-quality traffic information to reduce 

the risk of potentially critical situations. 

Owing to the fact that traffic is a significant problem in our life, many researchers are attracted to 

this topic. Due to the rapid developments in multimedia and wireless communication, video plays 

a main role in traffic management. In traffic engineering, the detection and tracking of vehicles 

potentially allow for traffic flow analysis, incident detection and reporting, and automated 

solutions to queue management. With continuous urban road development and construction of 

highways, the accuracy of vehicle detection became more considerable between researchers. As 

one of the main tasks in ITS, vehicle detection aims to provide valuable information for multiple 

applications such as vehicle counting, vehicle speed measurement, automatic incident detection, 

traffic flow prediction, and much more. 

Sensing technologies for ITS which include Inductive loop detection, sensors based on video 

cameras, Bluetooth detection, magnetic sensors, laser sensors, radar, microwave, ultrasonic, and 

acoustics sensors have been developed and are coming to the market. The sensors based on video 

cameras have low installation costs with little traffic interruption during maintenance. 

Furthermore, cameras allow a deeper understanding of the different scene, as part of vehicle 

detection, traffic sign detection, and enables direct real-time access to the area if needed. Other 

methods such as inductive loop, radar, and microwave detectors suffer from serious drawbacks.  
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The application of computer vision in traffic surveillance has increasing importance for many 

intelligent transportation systems [1]. These systems use visual appearance in vehicle detection, 

recognition, and tracking which is useful for incident detection and behavior analysis. Computer 

Vision-based methods have demonstrated to be highly promising as they are not only independent 

of the reconstruction of the pavement, but they also provide more potential advantages including 

more flexibility compared to inductive loops, as well as larger detection areas. Image processing 

technology has improved extremely in recent years. The earliest computer image processing of 

object recognition can be dated back to 1960. Since then, several detections and tracking methods 

have been proposed. 

Video-based detection systems are an essential part of ITS which playing the main role in traffic 

management. They are developed in different hardware and software technology in these days. To 

the best of our knowledge, the video-based technology has provided the best solutions for a wide 

variety of traffic applications in ITS; as well as with the fast progress in computer vision, 

computing and camera technologies, together with the advancement of automatic video analysis 

and processing, increases the interesting in video-based traffic surveillance applications [2]. 

Moreover, video-based traffic detection methods are fairly cost-efficient, simple, and more 

importantly, thanks to recent technological developments, widely available. 

Early researchers attempted to use traffic-related information in different traffic applications, such 

as traffic management, traffic control, decision making, and vehicle scheduling. Given the fact that 

vehicles are of different types with different speeds, various approaches have been proposed and 

applied to gather such traffic-related information. Typical traffic scenes include highways, urban 

road sections (one-way road, two-way road, multi-lane road), interurban, intersections, etc. 

Vehicle surveillance systems undergo various difficulties especially in urban traffic scenarios, 

such as road sections and intersections in which dense traffic, vehicle occlusion and orientation 

variation highly affect their performance [3]. 

One of the most challenging ones, becoming a significant problem in this field, is providing 

accurate and real-time traffic information detection under different bad weather conditions. 

Conventional video-based traffic detection methods have difficulties in acquiring good images due 

to perspective, background noise, poor lighting, and weather conditions such as rain, snow or dust 

storms. 

Investigation of vehicle detection methods based on video cameras began in the late 1970s. Using 

video-based detection approaches raise interesting, yet it causes difficult problems in the field of 

image processing. For instance, robust detection algorithms are required even when light 

conditions vary dramatically throughout the day. On the roads, vehicles travel in a uni-direction 

and they are not alone. Thus, heavy traffic and congestion may affect vehicle detection and 

tracking due to slow or temporary stopped vehicles, vehicle occlusion, and lane changes, and 

different maneuvers (turn left, right, and round in intersections) [4]. 
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All of these will increase the difficulties of the recognition process and affect real-time 

performance. To overcome such problems, a large amount of computational burden is imposed on 

the system, which impedes the application of video-based algorithms in a real-time traffic 

monitoring system. 

The number of cameras used for these tasks has also been a topic of discussion. Among the 

proposed methods, some authors used stereo-vision while others focus on the monocular camera. 

The disadvantages of the systems based on multi-cameras are image synchronization and the 

problem of accuracy correspondences. For these reasons, many researchers usually preferred to 

use a monocular camera due to their flexibility and cost-effectiveness. Many computer vision 

algorithms have been proposed in the state of the art to deal with the mentioned problems. 

However, a general method with high detection accuracy that can be applied to many types of 

weather conditions and environments does not exist [5]. 

As stated above the performance of the existing methods required an improvement, thus it is an 

open research topic in ITS. Video-based vehicle detection methods have major problems which 

can be stated as; perspective effect from acquired images, bad weather conditions, different 

environments, various types of vehicles, and camera vibration due to the strong wind.  

In this thesis, two independent, robust and low-cost video-based vehicle detection methods based 

on a monocular camera have been proposed in order to obtain an accurate detection of different 

types and colors of vehicles by considering adverse weather conditions, variations (color and 

lighting), and different range of camera angles, heights, and positions.    

The traditional Inverse Perspective Mapping (IPM) method is proposed in 1991 by Mallot [6] in 

order to obtain a bird's eye view of a scene.  

In general, each inverse perspective mapping methods have a different transformation mechanism. 

The performance of the methods based on IPM is exacerbated by the perspective and geometric 

properties of the objects in an image which has been distorted in different lighting and weather 

conditions. Such distortions reduce the accuracy of the measurement and, in turn, the performance 

of the vehicle detection algorithms. Therefore, removing a perspective effect with higher accuracy 

is one of the most important tasks that should be handled for later processes. This also opens the 

range of application of the solution, as provides some kind of independence from the camera 

deployment on the scene. 

The aim of the first method, namely “VD-FCC” is to provide a step forward in the field of  ITS, 

in two directions: First, increasing the vehicle detection accuracy, by means of a modified version 

of the inverse perspective mapping in which the perspective effect is removed with high accuracy. 

So, the system is able to extract structural information, such as road lines and lanes, and segmented 

vehicles. Second, developing a low-cost application based on a monocular camera for vehicle 

detection under different weather conditions, both for urban and interurban areas. As the system 



 
 
 
 

16 
 

has to detect the different vehicles, a cooperative framework based on pixel and regional level 

analysis is proposed. The spectral and spatial features are integrated and the latter analysis is 

carried out to extract the geometric features of vehicles and reducing the false-positive rate. 

Subsequently, a discrete differentiation operator is applied to the original image in order to get 

accurate information on vehicles. Finally, several rule-based strategies are proposed to reduce the 

false-negative rate and provide the final detection results. On the other hand, the proposed VD-

FCC method opens the door to extract and collect real traffic information. 

 In order to deal with a camera vibration due to the wind or bridge movements, bad weather 

conditions, and achieve an accurate detection system the second method namely, “VDT-VCC” 

considers three main units which are tightly combined. 

The first unit provides a coarse detection of vehicles by means of spectral and temporal features 

based on statistical characteristics of image pixels and a combination of several extra processing. 

Also, the accuracy of the system will be increased by using the obtained information from this unit 

in the different parts of the proposed method. An adaptive particle filter framework developed in 

the second unit which requires the information from the prior unit at the different stages. As the 

obtained information enhanced the ability of the particle filter,  it detected any vehicle more 

accurate. Therefore, the computational cost of the method reduced, and also, the particle filter can 

deal with false-positive detection. Additionally, a realistic noise model is considered to increase 

the quality of estimation. On the other hand, analyzing the feature fusion strategy under different 

cases, evaluation, comparison, and the influence of them in particle filter performance, led to 

selected the best ones in which increased the detection accuracy when working with adverse 

weather conditions. Accordingly, the second unit is beneficial as it allows refining the coarse 

results obtained by the former which happened due to the unfavorable conditions. Finally, the 

decision-making unit increased the accuracy of inter-frame correspondence by considering the 

various situations from two different points of view. 

Different from classical methods which are using a single feature for vehicle detection, a diversity 

of the features have been analyzed, and the different combinations are evaluated for selecting the 

valuable ones which can be able to deal with the illumination variation and adverse weather 

conditions. 

The performance of the proposed methods is evaluated under a data set built upon recorded videos 

in urban and interurban areas of Spain and Iran with different weather conditions. 

Results indicate that the proposed approaches are feasible, and more accurate compared to existing 

methods in the state of the art, especially when facing bad weather conditions and lighting 

variations in different environments. Moreover, in choosing methods the best trade-off between 

robustness and computational cost accomplished. 
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1.1 Motivation  

 

Vehicle detection systems undergo various problems mainly in urban traffic scenarios such as road 

sections in which high traffic, pose and orientation variation and camera placement highly affect 

their efficiency. Most of the previous techniques deal with a highway rather than urban 

environments. The important technical challenges are the camera view and weather conditions, 

which impose many additional limitations [1]. The challenges of vehicle detection and tracking 

can be summarized as follow: 

Figures in each challenge which captured from our experimental illustrate related problems. 

 

Challenge 1: Enabling detection of different types of vehicles with high accuracy, under bad 

weather conditions with a fix monocular camera. 

Vehicle detection may face various problems, due to the perspective effect, background noise, 

poor lighting, and bad weather conditions. At daytime, real-world video sequences vary in 

different weather conditions (sunny, rainy, and snowy), making real-time vehicle detection a 

challenging task. 

The appearance of a vehicle can vary depending on the distance between the vehicle and the 

camera. So we need extra ad-hoc image processing to get the info from them. Each proposed 

inverse perspective mapping method uses different transformation mechanisms. The performance 

of methods based on IPM is impacted by the perspective and the geometric properties of the objects 

in an image which has been distorted under different lighting and weather conditions. Such 

distortions reduce the accuracy of the measurement and, in turn, the performance of the vehicle 

detection algorithms. So, removing a perspective effect with high accuracy is one of the most 

important tasks that should be handled for later processes. 

 

             
   (a) (b) (c) 
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(d)                             (e) 

 

Figure 1 (a-e),  (a) Sunny weather, the camera is located in the center of the bridge in an urban area. (b) Rainy weather, the 
camera is located in the left side of the street in an urban area. (c) Snowy weather, the camera is located in the center of the 

bridge on a highway. (d-e) Consecutive frames under the normal weather condition, the camera is located in the center of the 
bridge in an urban area. 

 

Challenge 2: Enabling detection, and simultaneously tracking of vehicles with high accuracy, 

under bad weather conditions with a vibrated camera. 

Detection and tracking of vehicles suffer from varying weather conditions; in the winter with snow, 

rain, and wind; or dusty weather in arid and semiarid regions. These kinds of conditions may lead 

to a complex scene and undesired camera vibration due to the wind or bridge movement. The 

vibration causes the visual impression that everything is moving in the camera's field of view and 

may disturb several measurements. Thus, it complicates analyzing the image sequences.  

 

                 

  (a) (b) (c) 

 



 
 
 
 

19 
 

                 

 (d) (e) 

Figure 2 (a-e),  (a) Normal weather condition with a vibrated camera,  (b) Sunny weather condition with a vibrated camera, (c) 

Dusty weather condition with a vibrated camera, (d) Rainy weather condition with a vibrated camera, (e) Snowy weather 

condition with a vibrated camera. 

 

Challenge 3: Enabling detection and tracking of vehicles with a vibrated camera by considering a 

different range of camera angles, heights, positions, and different types and colors of vehicles on 

the road. 

Different camera angles, heights, and positions cause vehicles to have different sizes, shapes, and 

orientations in the images. Tracking methods include the recognition of an individual vehicle in a 

set of sequences; a task which is more difficult when a large number of vehicles are present in the 

image. The selected method must be able to detect and track vehicles, where there might be 

multiple vehicles with similar appearances moving in close to each other.  

 

                          

 (a) (b) (c) 
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 (d)  (e)          (f)  

 

Figure 3 (a-f), (a-d) The appearance of the vehicles can be changed between consecutive frames, Moving of multiple vehicles 

with similar color and appearances close to each other, Partial occlusion. (e-f) Different range of camera angles, heights, 

positions, and different colors of vehicles on the road. 

 

Challenge 4: Enabling detection and tracking of vehicles in different video qualities (sharpness) 

with a vibrated camera.  

The quality of the images has a big impact on detection algorithms. Due to the different resolutions 

of the captured videos, noisy conditions, and the small size of the vehicles far from the camera, 

false positive and false negative may occur. 

 

                      

 (a)  (b)                                   (c) 

Figure 4  (a-c), Different image resolutions and noisy conditions with the small size of the vehicles far from the camera. 
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Challenge 5: Enabling detection and tracking of vehicles even with poor lighting and color 

conditions with a vibrated camera.  

 

The background of the images can affect the detection accuracy. In some cases, the captured videos 

have low lighting, so the vehicles and the background may have similar colors. Additionally, the 

lighting condition in the video is changing during the day, which requires a method that these 

natural variations do not affect it. 

 

       

 (a)  (b) (c) (d) 

Figure 5 (a-d), (a-b) Vehicles and backgrounds with similar colors and poor lighting conditions,  (c-d) changing the 

color and lighting conditions during a day. 

 

 

 

 

Challenge 6: Enabling to provide a low-cost, low power consumption, and real-time system.  

The main characteristics of vehicle detection systems include high accuracy, high speed, low cost, 

and low power consumption. Also, the system needs to be robust by considering the diverse variety 

of vehicles in the urban and interurban environments, different weather and illumination conditions 

in the scenes as it is very important for traffic monitoring centers. In addition, vehicle detection 

should be performed in (near) real-time, as it is very important for traffic monitoring. Thus, the 

selected methods must be time-efficient. 
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 1.2 Methodology 

 

To achieve the proposed goals, a methodology composed of several steps has been followed. 

Following the main stages of the work and their implications will be detailed. 

1. State of the art review and problem statement 

The objective of this thesis is to provide a step forward in the field of  ITS, the development of 

improved methods for robust and accurate vehicle detection under adverse weather conditions 

since it is vital in traffic control and management. An exhaustive review of the state of the art 

methods in the field will be carried out to establish the basis of the work. This first phase will help 

to take the decision looking forward to building unsupervised, dataset independent and training-

free approaches which result in improved and faster methods. 

 

2. Decision on HW involved in the system deployment 

ITS solutions are based on different single or combined technologies. The selection of the 

equipment is a key stage as it will set the constraints for future developments. Technical and non-

technical issues (i.e. economical) should be addressed in order to take the decision. 

In the ITS and especially in traffic monitoring, it is necessary to extract real traffic information 

such as traffic volume or density, the area of vehicles or distance between them and, finally, to 

detect the vehicles and to track them. The complexity and cost of the most common sensors used 

in this field lead to the selection of a vision-based solution. The performance of stereo camera-

based methods is subject to do a good estimation of camera calibration parameters. Moreover, the 

cost of systems based on stereo cameras is expensive which adds to the computational intensity 

and power consumption. Therefore, this thesis focuses on the use of a monocular camera in 

both proposed methods with no additional sensors. Even if it is not possible to gather the depth 

information in the 2D images, directly obtained from the installed camera. 

Thus, the technical specifications of the camera become an important topic. A high-resolution 

camera to ensure enough information is provided to the system has been selected. Finally, to 

provide the most complete solution two conditions have been considered for a camera. This leads 

to work separately with a fixed and a vibrated camera (due to external agents) conditions. 
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       3. Creation of a dataset  

Algorithm development and validation require contents acquired in a real environment. In order 

to monitor the vehicles on the highway, urban and interurban areas, it should have to take into 

consideration the bad weather conditions, camera vibrations, and lighting variations. However, 

bad weather conditions are seldom tested in vehicle detection methods. So all these parameters 

should be gathered in the creation of the dataset. 

For a fair evaluation of the proposed methods, a dataset will be created to collect all the conditions 

to be analyzed. The datasets will be recorded along the year (picking samples in different seasons), 

by collecting information in different hours, from different locations, camera angles, hight, and 

positions with a variety of vehicles types, and colors, and different weather and lighting conditions 

including light and regular traffic to then be used for testing the accuracy of the methods. 

 

4.  Low-level image processing 

Preprocessing associates different meanings for different methods, depending on application, goals 

and image conditions, which consider the image as a mere collection of pixels, independent of 

their semantic content. 

There are some main issues that will be covered in this phase: 

 Determining the region of interest (RoI) in the image; The reduction of the amount of data to 

speed up the processes. 

The correction of the problems associated with perspective (if needed); Typically, the perspective 

and the geometric properties of the objects in an image include distortions that may cause complex 

problems. In the real world lane marking are parallel on the road, however, when this image is 

captured from the camera there is a perspective distortion on the image and lane marking is not 

parallel to each other. This originates from a point named vanishing point. As shown in Figure 6, 

the width distance between the two lanes is changed according to the distance from the camera. 

Therefore, different perspective transformations will be analyzed to avoid distortions that reduce 

the accuracy of the measurement and, in turn, the performance of the vehicle detection algorithms. 

The enhancement of the image to make easier the extraction of information; For image 

enhancement filterings such as noise reduction, or stabilization to decrease the effect of camera 

vibration will be applied.  

The next step has been devoted to the accommodation of the image. Thus, a better image in terms 

of quality can be provided as an input to the algorithm. It is necessary to reduce the quantity 
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information (i.e. conversion of color-based image to grayscale or quantization levels in each color 

component) to meet the real-time demand for vehicle detection.  

 

 

Figure 6, Width difference between two lines on the captured image. 

 

      5.  High-level processing 

The fifth step of the methodology will focus on the development of a number of improved methods 

which can successfully cope with the existing challenges. They will take the advantages of 

different parametric and non-parametric techniques that will be combined as needed.  

Frequency transformations,  temporal, spectral, and spatial features, edge detectors, multiple low-

level features, and some extra processing operations which effectively integrated to build the 

proposed solutions. 

 

      6. Validation 

In the end, the proposed methods have to be evaluated under different weather and environmental 

conditions. Also, a comparison of obtained results with other existing methods in the state of the 

art in terms of accuracy and performance under different weather conditions takes place in this 

stage.  
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7. Analysis and conclusions 

The last phase will be dedicated to the comparative analysis of the obtained results, and the draw 

of conclusions and potential future works. 

Different from previous literature, the proposed methods achieved more accurate results by the 

effective integration of diverse information. 

 

Comparison with different techniques proved that the proposed methods offer great improvements 

in terms of accuracy, robustness, and stability in front of others under different weather conditions 

 

 

   1.3 Summary of contributions  
 

Although there are many studies on vehicle detection, but few researchers have proposed methods 

for solving problems of detecting vehicles under adverse weather conditions. The aim of this thesis 

is to provide a step forward in the field of  ITS, providing a number of improved methods which 

can successfully cope with the existing challenges. We also aim to validate the proposed 

methodologies by providing experimental results under real-world traffic scenarios. The main 

contributions of this thesis can be divided into two groups and summarized as a following: 

 

Vehicle Detection with a fix Camera Condition (VD-FCC) 

 The development of MIPM which aims to remove the perspective effect with higher 

accuracy. 

As top-view transformation is widely used in the field of vehicle and lane detections, Advanced 

Driver Assistance Systems (ADAS) applications, and others, then special care should be given 

to it. Low image quality after the classic transformations under different lighting and weather 

conditions and the effect of mapping on geometric properties of objects where small 

inaccuracies can lead to significant quantitative differences. Therefore, the MIPM is proposed 

to generate an accurate birds-eye view image based on a monocular camera with no additional 

sensors. Aiming at reducing the classic problem of perspective distortion, a weighting schema 

proportional to the longitudinal and lateral directions has been used. The image quality is better 

than classic transformations and road features such as lane boundaries (lines) are more accurate 

and visible which in result improves the performance of tasks such as lane detection. It should 

be noted that MIPM does not require "feature detection" or "vanishing point detection" to 
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generate the top-view images, which leads to a decrease in the computational complexity of the 

method. Moreover, MIPM is unsupervised, data set independent, a training-free approach which 

can be replaced with any state-of-the-art transformation mechanism to improve the robustness 

and detection accuracy of traffic-monitoring-based systems. Experimentation has shown that 

there is a significant improvement (comparing with state-of-the-art methods ) in terms of the 

accuracy of vehicle detection by a means of MIPM under different weather and environmental 

conditions.  

 

 The development of a cooperative framework with a variety of operations at different 

levels. 

  

In order to increase the vehicle detection accuracy under different weather conditions, two 

complementary analyses are proposed.  The spectral features which follow a spatial feature are 

combined together for the pixel-level analysis. Subsequently, the regional-level analysis takes 

place to extract the geometric features of vehicles and reducing the false-positive rate. The 

proposed method which takes the advantages of a collaborative framework between several 

blocks opens the door to extract and collect the real traffic information. The later analysis is 

performed at the original image based on a discrete differentiation operator in order to get 

accurate information of vehicles. Thereupon, several rule-based strategies are proposed to 

reduced the false-negative rate and provide the final detection results. In choosing the different 

parts of the method the best trade-off between robustness and the computational cost has been 

accomplished. The entire scheme proved to yield a high vehicle detection accuracy over a wide 

variety of testing sequences. Also, the comparison results (with previously published methods) 

indicated that the proposed VD-FCC is robust and more accurate especially when facing bad 

weather conditions and lighting variations in different environments. 

 

 

 The proposal and comparison of the performance of different transformation schemes.  

While many authors have employed geometrical transformations in order to ease the vehicle 

and road lane detection processes, however, different transformation mechanisms affect the 

accuracy of the vehicle detection process. Therefore, several experiments have been devised 

to obtain quantitative results of the proposed MIPM. 

The quantitative results obtained from the accuracy of MIPM, IPM, and Homography methods 

are calculated using the area of the vehicles are presented in different traffic environments 

under various weather and illumination conditions.  
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In particular, as an alternative to existing transformation mechanisms aiming to remove the 

perspective, the effect of the MIPM method for vehicle detection accuracy is investigated. The 

Proposed MIPM is compared with TVTM [7], classic IPM [6], and FLIPM [8] transformations 

to evaluate its performance for vehicle detection accuracy under different weather conditions 

and show how other transformation mechanisms affect the vehicle detection accuracy. 

Furthermore, the computational performance of the proposed MIPM and other transformations 

is discussed in sections of chapters 2, 3, and 4. According to the comparison results, MIPM 

proved its superior performance for increasing vehicle detection accuracy under different 

weather conditions. 

 

One of the main advantages of the proposed VD-FCC method is its simplicity. It is 

computationally inexpensive and can be used for real-time applications. In terms of time 

consumption and efficiency, it is less time consuming and has a higher detection rate, 

outperforming others.  

 

 

Vehicle Detection and Tracking with a Vibrated Camera Condition (VDT-VCC) 

 

 The development of vehicle detection and tracking method under adverse weather 

conditions which is composed of three main units.  

 

In order to deal with a camera vibration due to the wind or bridge movements and adverse 

weather conditions in different environments, this method has been adopted by three main units 

which are tightly integrated. The motion-based and knowledge-based units are coupled more 

effectively to refine the detection results which consequently increases the accuracy of an inter-

frame correspondence by taking the advantages of the decision-making unit. 

 

 Exploiting and extraction of vehicle information by a combination of a series of processing 

in the first unit. 

 

The first unit provides a coarse detection of vehicles, by means of spectral and temporal 

features based on statistical characteristics of image pixels and a combination of several extra 

processing. Remarkably, the goal of the extra processing is analyzing in both pixel and region 

levels in which different situations are considered.  

Firstly, enhancing the accuracy of segmentation by taking the advantages of several operations 

and providing better parameters for the next processes. Secondly, feature extractions which 

lead to analyzing the regions and reduce the false detection. Thirdly, an extra step is included 
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for some specific conditions by analyzing the headlights in which two geometrical rules based 

on statistical analysis on a recorded dataset of headlight images are considered. In 

consequence, it leads to increasing the accuracy of the results for the next processes by 

considering a significant improvement in computational cost for headlight detection. 

 

 An adapted particle filter with multiple features in the second unit. 

 

According to the unfavorable conditions, the first unit may not detect the exact location of 

vehicles. Hence, an adaptive particle filter framework developed in the second unit which 

requires the information from the prior unit at the different stages. As the obtained information 

enhanced the particle filter abilities, hence it detected any vehicle accurately. Therefore, the 

computational cost of the method reduced and also, the particle filter can deal with false-

positive detection. Additionally, a realistic noise model is considered to increase the quality 

of estimation. On the other hand, analyzing the feature fusion strategy under different cases, 

evaluation, comparison, and the influence of them in particle filter performance led to selected 

the best ones in which increased the detection accuracy when working with adverse weather 

conditions. 

 

 Construction of the decision-making unit. 

 

The decision-making unit takes into account that the vehicles can appear or disappear from 

the field of view of the camera or the first unit may have a miss detection due to the occlusion 

or adverse weather conditions. Hence, it tightly coupled the obtained information to refine the 

detection results, which consequently increment the accuracy of an inter-frame 

correspondence. 

 

 

 

 Enhancement of the vehicle detection system by incorporation of the acquired data in the 

most effective way that cause; 

Increasing the accuracy of the second unit to achieve the target faster by boosting the 

initialization, evaluation, and classification stages.  

Gaining ability of the third unit to aid at classification, and handling the different situations 

by considering the results from two different points of view. 
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 The proposal and comparison of different methods in the two parts are investigated. 

The first part considers the qualitative and quantitative evaluation performance of the 

proposed VDT-VCC method from detection and tracking point of view under various weather 

and illumination conditions while the second part, in turn, is divided into two categories. 

The first category considers the comparison of the proposed method with other existing 

methods from the detection point of view in which presented in the six tables according to the 

different weather/lighting conditions. In continue, the fusion of different features, 

comparison, and the influence of them in particle filter performance is evaluated. This analysis 

has been done for the vehicle detection field under different weather and environmental 

conditions. To the end, we compared the performance of the proposed method with recently 

published works [2016-2020] which have been tested under different weather conditions as 

well. The second category considers the comparison of the proposed method with the well-

known methods from a tracking point of view in a wide variety of recorded videos under 

different weather, illumination, and environmental conditions. Also, there are few recent 

works [2015-2020] of multi-vehicle tracking methods that can suit our current issue, and were 

tested under different weather conditions as well, which are selected here for comparison. 

 

Results indicate that the proposed VDT-VCC method is feasible, and more accurate compared to 

existing methods in the state of the art, especially when facing adverse weather conditions and 

lighting variations in different environments.  

The main contributions of the thesis which are supported by a number of international JCR-

indexed journals are as follows: 

 

 N. Yaghoobi Ershadi, J.M. Menéndez, and D. Jiménez Bermejo, “Evaluating the effect of 

MIPM on vehicle detection performance”, Transportation Letters, The International Journal 

of Transportation Research, March 2019. 

 

  N. Yaghoobi Ershadi, J.M. Menéndez, and D. Jiménez Bermejo, “Robust vehicle detection 

in different weather conditions: Using MIPM”, PLoS One,  13(3), March 2018. 
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 N. Yaghoobi Ershadi, J.M. Menéndez García, and D. Jiménez Bermejo, “Improving 

vehicle tracking rate and speed estimation in dusty and snowy weather conditions with a 

vibrating camera,” PLoS One, vol. 12, no. 12, págs. 1-17, December 2017. 

 

 

 N. Yaghoobi Ershadi, and J.M. Menéndez, “Vehicle Tracking and Counting System in 

Dusty Weather with Vibrating Camera Conditions,” Journal of Sensors, vol (2017): 1-9, 

August 2017. 

 

 N. Yaghoobi Ershadi and J.M. Menéndez, “A New Strategy of Detecting Traffic 

Information Based on Traffic Camera: Modified Inverse Perspective Mapping”, Journal of 

Electrical Engineering, Technology and Interface Utilities, vol. 10 (2) págs. 1101-1117, 

2017. 

 

 

1.4    Outline of the dissertation 

 

This section provides an overview of the structure of the thesis. The remaining of this thesis is 

organized into four chapters and the summary of each chapter is as follows: 

The second chapter begins with a wide range of published works related to vehicle detection and 

tracking in different categories. Then, briefly, comparison and related drawbacks are addressed. 

The third chapter described the proposed methods in two independent sections. The fourth chapter 

illustrates the quantity and quality results of two different methods. Also,  the comparison results 

of the proposed methods with previously published ones are discussed in the different parts and 

categories. Finally, the concluding remarks and possible future directions are presented in chapter 

five. 
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2.  State of the Art  

     2.1    Overview 

 

Smart Cities are included the large intelligent systems which coming together cooperatively to 

enable better living conditions in urban areas. Over the last decade, there has been considerable 

research attempt proprietary to the expansion of Intelligent Transport Systems and autonomous 

vehicles, intended to increase safety by traffic monitoring. ITS include sensors, communications, 

and traffic control technologies. Vehicle detection and surveillance technologies are an integral 

part of ITS since they gather all or part of the data that is used in ITS. Technologies in sensors 

have been widely used in this area. A diversity of sensing manners have become available for 

vehicle detection, including In-roadway sensors and over-roadway sensors. Video cameras are 

more useful in terms of cost and flexibility. Additionally, vision-based techniques are one of the 

most common approaches to analyzing vehicles from images or videos [9]. In recent years, 

computing power has increased dramatically, the advent of multi-core processing, and graphical 

processing units (GPU) allow computer vision approaches of vehicle detection to  follow a real-

time implementation. 

The vehicle detection method is an overall process and can localize the position and other features 

of the vehicle in the image. Vehicle detection using a monocular camera has been an extremely 

active research area in the intelligent vehicles community. The view of vehicles will vary 

according to the camera positions, lighting conditions and background situations. The existing 

vehicle detection methods are based on a large variety of techniques. Based on the detection 

results, vehicle tracking is done in the next step [10]. The aim of vehicle tracking is to re-identify, 

measure dynamics, motion characteristics and to predict and estimate the upcoming position of 

vehicles. Vehicle detection and tracking need to perform in real-time and need to be able to deal 

with real-world environments. This thesis provided a rich bibliography content regarding vehicle 

surveillance systems. An extensive review of the state of the art has been provided for addressing 

video-based traffic surveillance and monitoring systems. These systems have two main operations,  

namely, vehicle detection and vehicle tracking. Figure 7 indicates different families of solutions 

for this topic. This chapter which is comparing and evaluating the performance of recent existing 

methods can be structured as follow: 

 

Section 2.2 will briefly discuss the different sensors which can be used for vehicle detection and 

surveillance systems.  Section 2.3 will introduce some image pre-processing techniques. Section 

2.4 will provide a survey regarding a wide range of published works related to vehicle detection. 

Section 2.5 will discuss vehicle tracking methods based on different categories. Finally, section 

2.6 will indicate the conclusion related to this chapter.  
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Figure 7,  The general structure of the State of the art. 
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    2.2  Sensing Technologies  

 
 

There are different sensor technologies available for vehicle detection in the market. Although the 

focus of this thesis is using a video camera, however, it is appropriate to include a brief of sensors 

used in the state of the art for vehicle detection.  The following section will describe the in-roadway 

and over-roadway sensors. 

A. In-roadway sensors  

In-roadway sensors are installed below the road surface. 

 

 Inductive loop detectors 

The inductive loop is the oldest sensor used in traffic management applications (vehicle counting, 

speed measurement, occupancy, and classification) which is introduced in the 1960s. 

The inductive-loop sensor detects the vehicle or conductive metal object by sensing the loop 

inductance, which is dropped by inducing currents in the object [11], Figure 8. When a vehicle 

stops on or passes over the loop, the inductance of the loop is decreased. The decreased inductance 

increases the oscillation frequency and causes the electronics unit to send a pulse to the controller, 

indicating the presence or passage of a vehicle. The behavior of inductive loop detectors in 

different scenarios for vehicle classification is presented in [12] and [13]. An inductive loop sensor 

which can detect a vehicle under heterogeneous and less-lane disciplined traffic is presented in 

[14]. Authors in [15] developed an accurate sensor model for inductive loop detectors which are 

commonly used in traffic management systems. This model is based on rectangular multiloops and 

can be employed on the acquisition of vehicle signatures. 

The disadvantages of inductive loops are the wire loops which are subject to the stresses of traffic 

and temperature. Therefore installation and maintenance require pavement cut and lane closure. 

Also, many loops are required to cover a location.  
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 (a)1 (b) 

Figure 8 (a-b), Inductive loop. 

 Magnetic sensors 

A magnetic sensor detects the presence of a vehicle by measuring the perturbation in the Earth's 

magnetic field because of a ferrous metal object. They are insensitive to bad weather and less 

susceptible than inductive loops to stresses of traffic (pressures of vehicles). Figure 9 shows the 

distortion of the earth’s magnetic field caused by a moving vehicle [16]. When a vehicle is above 

the sensor, it's metal construction, distorts the Earth’s magnetic field and this allows one to 

determine the location of the vehicle [17]. Also, the Earth’s magnetic field distortion signal can be 

used for the classification and recognition of vehicles. Different vehicles have distinct magnetic 

signatures which can be used for identifying the vehicle type [17]. Authors in [18] proposed a 

method for vehicle detection based on the short-term variance sequence transformed from a raw 

magnetic signal. In [19] researchers used a magnetic field sensor for vehicle detection. Installation 

of magnetic sensors requires pavement cut which can be mentioned as their disadvantages.  

 

Figure 9, Distortion of Earth’s magnetic field.

 

                                                             
1 Inductive loop, Oct 2020,  Available on: 

https://commons.wikimedia.org/wiki/File:Inductance_detectors.jpg 

 

https://commons.wikimedia.org/wiki/File:Inductance_detectors.jpg
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 Piezoelectric Sensors 

Piezoelectric sensors are used to classifying vehicles, counting, and also to measure vehicle weight 

and speed. They are made of piezoelectric materials which are usually included in the floor, Figure 

10. Piezoelectric sensors collected the data by converting mechanical energy into electrical energy. 

When a vehicle passes over the piezoelectric sensor, compressing it and causes an electric potential 

a voltage signal. The size of the signal is proportional to the degree of deformation. When the car 

moves off, the voltage reverses. Changes in voltage are used for the detection and counting of 

vehicles. The counting device which is connected to the sensors is housed in an enclosure by the 

side of the road. Data maybe collected locally via an Ethernet or RS232 connection to a laptop or 

may be transmitted by a modem [20].  

As the piezoelectric sensor responds to the pulse loading of a moving vehicle,  Li et al. [21] 

proposed the application of the cement-based piezoelectric sensor as a detector in the traffic field. 

The sensors are embedded below the ground of the entrances of a highway to know the volume of 

vehicles. Through cumulating the number of pulses in the recorded data, the volumes of vehicles 

that pass these sensors are obtained. 

The drawbacks of using the piezoelectric sensors can be summarized as disruption of traffic for 

installation and repairs and failures associated with installations on poor road surfaces. On the 

other hand, piezoelectric sensors have been known to be sensitive to pavement temperature and 

vehicle speed. 

 

 

Figure 101, Piezoelectric traffic counter by the side of the road. 

                                                             
1 Piezoelectric traffic counter by the side of the road, Photo by Louis van Senden, July 2020, Availbale on  

https://www.retailsensing.com/definition/piezoelectric-sensor.html 

 

https://www.retailsensing.com/definition/piezoelectric-sensor.html
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B. Over-roadway Sensors 

 

An over-roadway sensor is mounted above the surface of the roadway or beside the roadway.  

 

 

 Infrared (IR) sensors 

Active and passive infrared sensors are used for vehicle counting, existence, speed measurement, 

length assessment, and queue measurement, Figure 11. Active infrared sensor (Laser radar) 

illuminates the vehicle by laser diodes, and the reflected energy is focused by an optical system 

onto an infrared-sensitive material mounted at the focal plane of the optics. Then, the measured 

data is processed using various signal-processing algorithms to extract the desired information. 

The Laser also is known as LIDAR (LIght Detection And Ranging) or LADAR (LAser Detection 

And Ranging). A passive infrared sensor detects the energy that is emitted from vehicles, road 

surfaces, or other objects in the field of view. When a vehicle enters the sensor’s field of view, the 

change in emitted energy is used to detect the vehicle. It does not emit any energy of its own for 

the purposes of detection. Authors in [22], and [23] used infrared sensors for traffic volume 

detection and traffic management system, respectively. An approach to detect and classify multiple 

vehicles by a Laser scanner proposed in [24]. Mecocci et al. [25] are used laser sensor, for vehicle 

identification and its speed. A vehicle detection algorithm using 3D Lidar data presented in 2014 

[26].  Infrared detectors can be sensitive to inclement weather conditions and ambient light. Also, 

the detection area is limited [27]. Laser radar needs a high amount of energy. In addition, these 

devices are expensive and they have to be carefully installed. Installation and maintenance, 

including periodic lens cleaning, is another drawback of these sensors. 

         

        (a)                                                                  (b) 

Figure 111,  (a) Laser radar sensor, (b) Passive infrared sensor. 

                                                             
1 Mimbela, Luz Elena Yanez and Lawrence A. Klein, “summary of vehicle detection and surveillance technologies used in 

intelligent transportation systems”, Funded by the Federal Highway Administration’s Intelligent Transportation Systems Program 

Office , 2000. 
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 Ultrasonic Sensors 

The ultrasonic sensors are used for vehicle presence, counting, and occupancy, Figure 12. 

Ultrasonic sensors operate by transmitting a pressure wave of sound energy and measuring the 

energy reflected by the target. Changes in the environment can affect the response of the sensor 

(temperature, humidity, pressure, etc). Large pulse repetition periods may reduce occupancy 

measurement on highways with vehicles traveling at high speeds in ultrasonic sensors. In [28] 

authors proposed a driver assistance system based on the ultrasonic sensor. The interference is a 

problem when there are multiple ultrasonic sensors are implemented.  

 

      

                                                                 (a)1                                                               (b) 

Figure 12 (a-b),  Ultrasonic sensors for vehicle count and existence. 

 

 Microwave Radar 

Microwave radar is used for measuring the traffic parameters such as vehicle detection and 

counting, speed measurements, and classifications purpose, Figure 13. Microwave radar transmits 

signals towards the interested area from an antenna, (which is put overhead or on a side of the 

road) and captures the echoed signals from vehicles. When a vehicle passes the beam, a part of the 

radiation is reflected back to the antenna. The reflected signal is processed to find the speed and 

direction of the vehicle. As an example, in [29], and [30] vehicle detection and classification 

system based on the radar is presented. Microwave radar is consistent in different illumination and 

weather conditions [31]. However, measurements are usually noisy and need to be filtered 

extensively [32].  

 

                                                             
1 Mimbela, Luz Elena Yanez and Lawrence A. Klein, “summary of vehicle detection and surveillance technologies used in 

intelligent transportation systems”, Funded by the Federal Highway Administration’s Intelligent Transportation Systems Program 

Office , 2000. 
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Figure 13, Microwave radar operation. 

 

 Passive acoustic array 

Acoustic sensors measure the vehicle passage, existence, and vehicle speed by detecting hearable 

sounds or acoustic energy produced by the vehicle’s tires with the road, Figure 14. When a vehicle 

passes through the detection area, sound energy increases and can be recognized by signal 

processing algorithms, and decreases when it goes out. In [33] authors proposed a method for 

vehicle detection and tracking based on an acoustic sensor. Acoustic sensors have been used for 

vehicle classification [34], and [35], vehicle speed estimation [36], and vehicle counting [37]. But, 

they do not give accurate results if their direction is not the direction of the incoming vehicle. In 

[38], and [39] extraction of traffic parameters are done based on an acoustic sensor. Cold weather 

decreases the accuracy of the data acoustic sensor. Additionally, they have a problem with the 

slow-moving of vehicles. 

 

 

Figure 141,  Acoustic Sensor. 

                                                             
1 Mimbela, Luz Elena Yanez and Lawrence A. Klein, “summary of vehicle detection and surveillance technologies used in 

intelligent transportation systems”, Funded by the Federal Highway Administration’s Intelligent Transportation Systems Program 

Office , 2000. 
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 Video-based systems 

Video cameras are most suitable for the extraction of traffic parameters (vehicle counting, 

detection and classification, and speed estimation among others). They have attracted researchers 

because of the opportunity of detecting multiple vehicles, lanes, and zones and acquiring a large 

amount of traffic information and sending real-time images to the control center; even being able 

to collect high-level information from the area under control. A video image processing system 

includes one or sometimes more cameras, a computer for processing the images, and software for 

interpreting the images and converting them into traffic parameter information. In the field of 

image processing, the Red, Green, Blue (RGB) space is mostly used to acquire and elaborate 

images. The most advanced color cameras have three independent sensors, and each of them is 

able to detect the three color components. A color image or video in a standard format (JPG, BMP, 

TIF, AVI, MP4, and etc) can be easily imported into any classic image processing suite (i.e. 

Matlab) and be processed through matrixial algorithms. The components of this matrix correspond 

to the components of three information channels as red, green and blue, or luminance and 

chrominances, or  Hue, Saturation, Intensity (HSI) space providing a color representation which is 

closer to the human color perception. As an example, authors in [40], [41], [42], and [43] used a 

static side-road camera in the scenarios for vehicle detection and tracking. 

o Stereo cameras vs Monocular camera 

A system with two cameras, separated from each other is called a stereo vision-based system. A 

single-camera for capturing video is called a monocular (single-eyed) system.  

Several papers deal with vehicle detection and tracking using stereo cameras [44], [45], and [46]. 

In [46], the authors mentioned that the system needs to improve in terms of accuracy and time-

consuming process. Stereo cameras increase the cost of the system [47]. On the other hand, they 

need the camera calibration process, the synchronization of the images, the calculation of a dense 

disparity map, the accuracy of the correspondences between them, and distance calibration. 

Therefore, it is a very time-consuming process [48]. 

New cameras working with higher resolutions, providing a better response in terms of sharpness 

and dynamic range which have stopped the need for deployment systems based on multi-camera. 

Also, they are even providing complete information from the scene, making the solution for a more 

expensive system needless. Therefore many researchers moved to use a monocular camera for 

extraction of traffic parameters  [49], [47], [50], [51], and [52].  

In this thesis, we are considering a monocular camera [3], [53, 54, 55, 56], so the systems offer a 

better trade-off between cost-effectiveness, reliability, and flexibility. 
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2.2.1 Conclusion of sensing technologies  

 
In-roadway sensors have drawbacks due to the disruption of traffic during installation or repair, 

they are very expensive and can’t scale easily. Therefore, those solutions are not acceptable for 

large-scale deployment and hence are restricted to small scale applications. These limitations cause 

the development of over-roadway sensors traffic monitoring technologies which are easier to 

install. According to the review of the state of the art in the area of over-roadway sensor detection 

technologies ([57], and [58]), it has been found that cameras have the most accurate mechanism to 

capture data at high resolution. And also they have a high ability to monitor wide areas to collecting 

traffic information. Like human eyes, cameras capture the resolution, details, and vividness of a 

scene with such beautiful detail that no other sensors such as radar, ultrasonic and lasers can 

compete [59]. A single-camera provides a high-performance system while helps to maintain a low-

cost hardware system [57]. 

Moreover, advances in analytical techniques for video data processing and increased computing 

power may now provide added value to cameras by automatically extracting related traffic 

information. In the following, we are focusing on the proposed works of video-based vehicle 

detection and tracking by a monocular camera presented in recent years.  

 

  2.3 Image pre-processing techniques 

 
The image pre-processing step will be performed after acquisition to prepare the image for the next 

steps. Image pre-processing is a common name for operations with images at the lowest level 

processing. The goal of image pre-processing is to improve the image by suppressing unwanted 

distortions and enhances some important features of the image for later processing. Depending on 

the type of input images and goals, different methods may be employed for pre-processing such 

as the selection of Region of interest (RoI), color conversion, linear and non-linear noise reduction 

filters, and etc. 

Linear and non-linear filters such as averaging (mean) or Gaussian filters are used to remove the 

noise and increasing the image quality. The averaging filter is used for smoothing an image by 

reducing the intensity variation between neighboring pixels. It works by moving through the image 

pixel by pixel, replacing each value with the average value of neighboring pixels, including itself. 

A single-pixel with a very unrepresentative value can affect the average value of all the pixels in 

its neighborhood. It will interpolate a new value for pixels on the edge and will be blurring the 

edge. On the other hand, non-linear filters such as median filter preserve edges while removing 

noise. It works by moving through the image pixel by pixel, replacing each value with the median 

value of neighboring pixels. The pattern of neighbors is called the "window", which slides, pixel 
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by pixel over the image. The median is calculated by sorting all the pixel values from the window 

into numerical order and then replacing the pixel being considered with the middle (median) pixel 

value. 

 

2.3.1 Camera calibration and Geometric transformations  

 
Camera calibration is another pre-processing step in computer vision applications which is used to 

specify a relationship between the 2D image plane and 3D real-world plane. The relationship is 

defined by the intrinsic and extrinsic camera parameters. The intrinsic parameters describe the 

inherent characteristics of the camera such as optical center, the focal length of the camera, scale 

and skew factors, and lens distortion. They present a projective transformation from the 3D 

camera’s coordinates into the 2D pixel coordinates. However, the extrinsic parameters indicate the 

3D position and orientation of the camera in the world coordinate system which includes rotation 

matrix 𝑅 and translation vector 𝑇. The extrinsic parameters present a rigid transformation from the 

3D world coordinate system to the 3D camera’s coordinate system. Finally, the pin-hole camera 

parameters are presented by [3 × 4] camera matrix 𝑀. This maps the 3D world into the pixel 

coordinates. Generally, the camera calibration setup may be done semi-automatically [61], or 

manually [60]. 

Typical solutions of traffic surveillance camera calibration are including; methods based on line 

marking [62], and [63], one vanishing point [64], [65], [66], two vanishing points [67], [68], and 

[69], two known arbitrary angles on the ground plane and lengths of line-markings [70], known 

distances in the real world [71], [72], [73], [74], pavement markings and known lane width [75], 

and mean length of vehicles [76]. Camera calibration methods based on the extraction of line 

marking has difficulty due to the appearance of lines where they are not clear or when they are 

invisible due to the bad weather or low lighting conditions. On the other hand, lane marking may 

not be drawn on the traffic scene due to the local road and street conditions or conversely additional 

temporary line markings during the work on the highway. So, these facts limit the usefulness and 

performance of the calibration methods which are based on line-marking to appearance, visibility, 

and the existence of line marking. Camera calibration methods based on vanishing point/s may 

require expensive computational processing due to the extraction of traffic lanes in the image. To 

address this concern, some researchers [69], [77], [78], suggested vehicles tracking to find 

trajectories which can be considered as the equivalents of traffic lanes, and then estimating the 

vanishing point from the intersection of multiple vehicle trajectories. These methods are not 

suitable for some traffic scenes such as roundabouts where parallel lines are seldom available. 

Also, it is rarely possible to derive parallel lines from vehicle trajectories as vehicles move in a 

circular fashion [79].  
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Geometric transformations are used for various purposes, such as change of viewpoint, 

elimination of geometric distortions from a captured image, registration of corresponding images, 

and etc.  

Image Geometry, Let’s consider world coordinate (𝑈, 𝑉,𝑊), camera coordinate (𝑋, 𝑌, 𝑍), image 

coordinate (𝑥, 𝑦), and pixel coordinate (𝑢, 𝑣). 3D world points get projected into 2D pixel 

coordinates as follows:  

 Forward projection 

(𝑈, 𝑉,𝑊) → (𝑋, 𝑌, 𝑍) → (𝑥, 𝑦) → (𝑢, 𝑣) 

  Backward projection 

(𝑈, 𝑉,𝑊) ← (𝑋, 𝑌, 𝑍) ← (𝑥, 𝑦) ← (𝑢, 𝑣) 

The relation between the world coordinates and the camera coordinates which rotate by 𝑅 and 

translated by −𝐶 in equation form is defined as follow: 

 

𝑃𝐶𝑎𝑚𝑒𝑟𝑎 = 𝑅(𝑃𝑊𝑜𝑟𝑙𝑑 − 𝐶)𝑃𝐶𝑎𝑚𝑒𝑟𝑎 = 𝑅𝑃𝑊𝑜𝑟𝑙𝑑 − 𝑅𝐶 

                                  𝑃𝐶𝑎𝑚𝑒𝑟𝑎 = 𝑅𝑃𝑊𝑜𝑟𝑙𝑑 + 𝑇                                    (2.1) 

3D to 2D projection or Perspective projection equations are defined as follow: 

                                       𝑥 = 𝑓
𝑋

𝑍
   , 𝑦 = 𝑓

𝑌

𝑍
                                         (2.2) 

Where image point, scene point, and focal length are  𝑝𝐼 = (𝑥, 𝑦), 𝑝𝑆 = (𝑋, 𝑌, 𝑍), and 𝑓, 

respectively.  Note that camera axes are located at world position (0,0,0), Figure 15. 

 

 

Figure 15,  Camera located at world position (0,0,0). 
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If the camera axes are located at world position (𝑇, 0,0) then the equations are changed to 

 

                                   𝑥 = 𝑓
𝑋−𝑇

𝑍
   , 𝑦 = 𝑓

𝑌

𝑍
                                      (2.3) 

To represent the equation as a matrix, it is needed to introduce homogeneous coordinates. 2D point 

(𝑥, 𝑦) is presented as 3D point (𝑥′, 𝑦′, 𝑧′) in-homogeneous form and can be recovered as 2D points 

by these equations.  

                                           𝑥 =
𝑥′

𝑧′
   , 𝑦 =

𝑦′

𝑧′
                                       (2.4) 

The camera coordinates to image coordinates need a Perspective matrix equation. Perspective 

matrix equation in camera coordinates can be given by 

             [
𝑥′

𝑦′

𝑧′
] = [

𝑓
0
0 

0
𝑓
0 

0
0
1 

0
0
0
 ] [

𝑋
𝑌
𝑍
1

]       ,           𝑥 = 𝑓
𝑋

𝑍
   , 𝑦 = 𝑓

𝑌

𝑍
            (2.5) 

Image coordinates to pixel coordinates need an Affine transformation which is a non-singular 

linear transformation. The matrix representation is as follow, which includes translation 

[
𝑎13
𝑎23

] (change the position) and transformation [
𝑎11
𝑎21

 
𝑎12
𝑎22

] (scaling, shearing, rotation, reflection). 

It has six degrees of freedom corresponding to the six matrix elements. The transformation can be 

computed from three-point correspondences. 

                         𝑀𝑎𝑓𝑓𝑖𝑛𝑒 = [
𝑎11
𝑎21
0
 
𝑎12
𝑎22
0
 
𝑎13
𝑎23
1
 ]                                       (2.6) 

Camera coordinates to pixel coordinates use the internal camera matrix 𝑀𝑖𝑛𝑡 where 

                                     𝑝𝑝𝑖𝑥𝑒𝑙 = 𝑀𝑖𝑛𝑡𝑃𝐶𝑎𝑚𝑒𝑟𝑎                                     (2.7) 

Internal camera parameter includes the perspective projection (focal length 𝑓 in pixel ), scale 

factors 𝑠𝑥 and 𝑠𝑦 for (𝑢, 𝑣) axes, the skew coefficient, and optical center or principal point in pixel 

𝑂𝑥 and 𝑂𝑦. Note that radial lens distortion is neglect. 

                           𝑢 =
1

𝑠𝑥
 𝑓

𝑋

𝑍
+ 𝑂𝑥    and     𝑣 =

1

𝑠𝑦
 𝑓

𝑌

𝑍
+𝑂𝑦            (2.8) 

By adding intrinsic parameters into the perspective projection matrix and represent a 2D point 

(𝑢, 𝑣) by a 3D point (𝑥′, 𝑦′, 𝑧′). 
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                                  𝑢 = 𝑥
′

𝑧′⁄  ,  𝑣 =
𝑦′

𝑧′⁄                                    (2.9) 

                           [
𝑥′

𝑦′

𝑧′
] = [

𝑓
𝑠𝑥⁄

𝛿ℎ
0

 

𝛿𝑣
𝑓
𝑠𝑦⁄

0

 
𝑂𝑥
𝑂𝑦
1

 
0
0
0
] [

𝑋
𝑌
𝑍
1

]                                  (2.10) 

The skew factor is the amount by which the angle between the horizontal axis and vertical axis 

differs from 90 degrees. 𝛿𝑣 and 𝛿ℎ are the vertically (up +𝛿𝑣 , down −𝛿𝑣 ) or horizontally (left 

+𝛿ℎ, right −𝛿ℎ ) skew coefficients, which is zero if the image axes are perpendicular.  

In general form, internal camera matrix includes 𝑀𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛  and 𝑀𝑎𝑓𝑓𝑖𝑛𝑒  matrixs, where       

                 𝑀𝑖𝑛𝑡 = 𝑀𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛 ×𝑀𝑎𝑓𝑓𝑖𝑛𝑒                                                             (2.11) 

             𝑀𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛 = [
𝑓
0
0

 
0
𝑓
0
 
0
0
1
 
0
0
0
]    ,     𝑀𝑎𝑓𝑓𝑖𝑛𝑒 = [

𝑎11
𝑎21
0
 
𝑎12
𝑎22
0
 
𝑎13
𝑎23
1
 ]                          (2.12) 

Accordingly, the transformation from a camera coordinate to a pixel coordinate system in a 

homogeneous form can be represented as follow: 

                     [
𝑢′

𝑣′

𝑤′

] = [
𝑎11
𝑎21
0
 
𝑎12
𝑎22
0
 
𝑎13
𝑎23
1
 ] [
𝑓
0
0

 
0
𝑓
0
 
0
0
1
 
0
0
0
] [

𝑋
𝑌
𝑍
1

]                                     (2.13) 

World coordinates to image coordinates transformation needs 𝑀𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙  × 𝑀𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛 which is shown 

as matrix form  

              [
𝑥
𝑦
1
] = [

𝑟11
𝑟21
𝑟31
0

 

𝑟12
𝑟22
𝑟32
0

 

𝑟13
𝑟23
𝑟33
0

 

𝑡𝑥
𝑡𝑦
𝑡𝑧
1

] [
𝑓
0
0

 
0
𝑓
0
 
0
0
1
 
0
0
0
] [

𝑈
𝑉
𝑊
1

]                                              (2.14) 

 

The inverse process, the projection of every image point back to the world is modeled by the 

Inverse Perspective Transformation (IPT).  
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 Homography (planar projective transformation, projectivity, collineation) 

Assuming a planar point [

𝑝
𝑞
0
1

] in the world coordinate is projected to an image coordinate, then the 

matrix equation is modified as: 

[
𝑥
𝑦
1
] = [

𝑓
0
0

 
0
𝑓
0
 
0
0
1
 ] [

𝑟11
𝑟21
𝑟31

𝑟12
𝑟22
𝑟32

𝑡𝑥
𝑡𝑦
𝑡𝑧

] [
𝑝
𝑞
1
] 

                                       [
𝑥
𝑦
1
] = [

𝑓𝑟11
𝑓𝑟21
𝑟31

𝑓𝑟12
𝑓𝑟22
𝑟32

𝑓𝑡𝑥
𝑓𝑡𝑦
𝑡𝑧

] [
𝑝
𝑞
1
]                                   (2.15) 

 

As the result, the non-singular 3 × 3   Homography matrix H is represented as follows which 

include 9 parameters but 8 degrees of freedom where  ℎ33 = 1. 

 

                                          [
𝑥
𝑦
1
] = [

ℎ11
ℎ21
ℎ31

ℎ12
ℎ22
ℎ32

ℎ13
ℎ23
ℎ33

] [
𝑝
𝑞
1
]                                   (2.16) 

 

Homography can be used to remove the perspective distortion by selecting the four points on the 

planer surface [80], [81], and [82].  However, the problem is how to select these points, as different 

points produce different solutions [7]. Additionally, there is another issue, how to estimate the 

Homography by 4 points correspondence. Various algorithms have been proposed for 

Homography estimation which has its own advantages and disadvantages [83], [84]. The 

advantage of the Homography method is that the used distance scale can be adjusted by selecting 

different sets of four points, and there is no need for intrinsic or extrinsic parameters of the camera 

[85], [86]. As indicated at [87], generating a top-view image using Homography produces 

undesired distortions. Small registration errors would be accumulated quickly, leading to bad 

results when projecting points along the Homography [88]. 

If the planar surface is perpendicular to the 𝑍-axis of the camera coordinate system, then 

Homography for the frontal plane is a similarity transformation (rotation, translation, and scale) 

transformations with 4 degrees of freedom 

 

                                     [
𝑥
𝑦
1
] = [

𝑓𝑐𝑜𝑠𝜃 
𝑓𝑠𝑖𝑛𝜃 
0

 −𝑓𝑠𝑖𝑛𝜃 
𝑓𝑐𝑜𝑠𝜃
0

𝑓𝑡𝑥
𝑓𝑡𝑦
𝑡𝑧

] [
𝑝
𝑞
1
]                             (2.17) 
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The world coordinates to pixel coordinates are done through [3 × 4] matrix M with 11 degrees of 

freedom which are 5 internal and 6 external camera parameters. 

                                  𝑀 = [

𝑚11

𝑚21

𝑚31

 

𝑚12

𝑚22

𝑚32

𝑚13

𝑚23

𝑚33

 

𝑚14

𝑚24

𝑚34

]                                              (2.18) 

It includes affine, projective, and external parameters matrixes.  

                [
𝑢
𝑣
1
] = [

𝑎11
𝑎21
0

𝑎12
𝑎22
0

𝑎13
𝑎23
1
] [
𝑓𝑥
0
0

 
0
𝑓𝑦
0

 
0
0
1
 
0
0
0
] [

𝑟11
𝑟21
𝑟31
0

 

𝑟12
𝑟22
𝑟32
0

 

𝑟13
𝑟23
𝑟33
0

 

𝑡𝑥
𝑡𝑦
𝑡𝑧
1

] [

𝑈
𝑉
𝑊
1

]                (2.19) 

Focal length in pixel 

𝑓𝑥 =
𝑓𝑜𝑐𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ 𝑖𝑛 𝑤𝑜𝑟𝑙𝑑 𝑢𝑛𝑖𝑡 (𝑚𝑚) 

𝑠𝑖𝑧𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑖𝑥𝑒𝑙 𝑖𝑛 𝑤𝑜𝑟𝑙𝑑 𝑢𝑛𝑖𝑡𝑠
   ,   𝑓𝑦 =

𝑓𝑜𝑐𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ 𝑖𝑛 𝑤𝑜𝑟𝑙𝑑 𝑢𝑛𝑖𝑡 (𝑚𝑚)

𝑠𝑖𝑧𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑖𝑥𝑒𝑙 𝑖𝑛 𝑤𝑜𝑟𝑙𝑑 𝑢𝑛𝑖𝑡𝑠 
 

(2.20) 

Assuming the camera has square pixels in both 𝑥 and 𝑦 directions, so  𝑓𝑥 = 𝑓𝑦 = 𝑓, and the scale 

factor is equal to zero, then parameters reduce to 9. Note that, from every point on the plane [

𝑝
𝑞
0
1

]  

(planer projection) to a pixel coordinate a Homography matrix  [
ℎ11
ℎ21
ℎ31

ℎ12
ℎ22
ℎ32

ℎ13
ℎ23
ℎ33

]  is used too.  

 

Transformation mechanisms for removing the perspective effect 

The extraction of real traffic information has difficulty in acquiring good images due to perspective 

and background noise, poor lighting, and weather conditions. Different transformation 

mechanisms are proposed by the researchers to obtain a bird’s eye view image (Image without 

perspective) of the scene from a captured image. There are many advantages from removing the 

perspective effect in a road scenario, such as better detection of vehicles, lanes and etc in the scene, 

to find speed and position of the vehicles without distortion or ADAS related applications. 

The perspective effect can be removed by an inverse transformation typically known as Inverse 

Perspective Mapping (a linear mapping of homogeneous coordinates) which gives a birds-eye 

view of the road ahead. To obtain IPM, camera position, orientation, optics, and some prior 
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knowledge are required. In this part, we focus on the inverse perspective mapping and its 

modifications by researchers over the last decades.  

IPM was originally introduced by Mallot [6]. The initial image is non-homogeneously resampled 

in order to produce a new image that represents the same scene as acquired from a different 

position [89]. Bertozzi et al [89] proposed stereo cameras for obstacle detection. Generic Obstacle 

and Lane Detection (GOLD) system is proposed to detect obstacles based on stereo IPM setup 

[90], [91]. The GOLD system uses the difference between two IPM images computed from left 

and right stereo images. Another method for obstacle detection is proposed in [92] which is based 

on a stereo IPM setup using super-homography and co-planar homologous edges. However, the 

fact is that calibration issues tend to disrupt the perfect mapping of stereo images [93], [94]. 

Although these classical approaches are efficient and well studied, their accuracy for vehicle 

detection is not so high [95]. Using two cameras is highly cost and adds computational intensity 

and power consumption to the system [94]. Moreover, their obstacle representations are sparse, 

which is not suitable for accurate obstacle detection [95]. Also, a laser could be used in the fusion 

with IPM image [93], but systems only based on the camera is cheaper and suitable also for 

applications such as obstacle detection and classification.  

Authors in [92] compute IPM transformation by extracting two road lines from a camera image. 

The inverse perspective mapping method based on a vanishing point is proposed in [96]. 

Stabilizing IPM images by using vanish point estimation are introduced in [97] where the planar 

objects such as lane markings were eliminated and the prominent objects like quasi-triangle pairs 

were reserved. So, the performance of the detection method depends on the height, width, distance, 

and shape of an obstacle [8]. 

Another technique for producing the top-view image is proposed in [70] which requires the 

estimation of two vanishing points and the prior knowledge of two angles on the ground plane. 

This method is based on using three transformations, namely, similarity, affine, and pure projective 

transformations. The main problems of those methods are the vanishing point detection and the 

inverse perspective mapping process for each frame, it results in high computational complexity 

[96]. In addition, detection of lane markings or vanishing point is a difficult task in the shadowy 

road and small error will be caused a big distortion in the top-view images [98]. 

 In reality, IPM has been used in many vision-based intelligent transportation systems. In [6] 

authors combined the inverse perspective mapping and optic flow to detect the vehicle.  Shane et 

al. [99] proposed a distance determination algorithm based on IPM.  Dajun et al. [100] used IPM 

for lane marking detection purposes. Since IPM methods have been proven to be efficient for 

vehicle detection it still presents some limitations when applied on the road [93].  

As the main concern, the image quality is not good after the classic inverse perspective mapping 

transformation [7], [101], [93], [102], [93]. The geometric properties of objects in the distance are 
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affected unnaturally by this non-homogeneous mapping [93], [101], [102], [93]. As the result, 

limits the performance and accuracy of the methods based on IPM [101], [93].  

The complexity of the systems based on IPM is high as indicated in [103]. Therefore the authors 

proposed a lane and obstacle detection based on the Fast Inverse Perspective Mapping Algorithm 

(FIPMA).  This method uses some preprocessing techniques to enhance the information of lane 

and obstacles. The initial values of the tilt and yaw angles of the camera are stored in the hardware 

system, then they used in the next frames. The feature shape of the vehicles is considered to detect 

them. Note that in this method the camera is maintained on the moving vehicle.  

Generally, each IPM mapping methods have a different transformation mechanism [7]. By using 

the original IPM to generate the top-view image, a horizontal straight line in the camera image will 

be projected to an arc on the world surface [104]. Therefore, Yang et.el [104] developed the vision-

based obstacle detection system by utilizing new mapping equations to transform the images 

captured by the camera into the undistorted remapped ones. Regarding obstacle detection, they 

made use of the features of vertical edges on objects from remapped images to indicate the relative 

positions of obstacles. Chien et al. [7] presented the Top-View Transformation Model (TVTM) 

which is transforming a camera image into its corresponding bird's eye vision by a different 

formula. However, they did not test the method under different lighting and weather conditions. 

Unlike the classic IPM-based methods which used camera and road reference systems, authors in 

[93] used an extra reference system, namely “vehicle reference" system. It is the reference system 

to which all sensors on the vehicle are related. Therefore, the final transformation from the camera 

to the road is obtained as the product of a fixed camera to vehicle transformation and a dynamic 

(pitch, roll) vehicle to road transformation. The proposed approach [93] used the camera image 

and laser data to identify which pixel should be mapped. In fact, methods based on sensors fusion 

suffer from the disadvantages of high-cost. Furthermore, lasers are sensitive to the reflection of 

the object’s surface, especially in an outdoor environment [105]. 

In [106] authors proposed an extension to the IPM transformation in order to remove the flat road 

assumption. They used stereo images from right and left cameras and a set of parameters to 

produce top-view images, then from the two new images, features (i.e. road marking) are extracted. 

They analyzed the features, and if they have the same coordinates in both images, they can confirm 

the remapping parameters used in the IPM are correct or not. By assuming of the projections of 

two cameras on the flat road, when the hight of the cameras and distance between them are known, 

the "height" of a “point” belong to the road marking can be computed (i.e. its 𝑧 coordinate, if the 

road is not flat). Otherwise, if two points have the same coordinates (i.e. flat road) it follows  𝑧 =

0. Accordingly, by using stereo cameras and analysis of the positions of pairs of homologous 

points in the remapped images, they determined the coordinates of the point (road marking) in the 

3𝐷 space. As a result, top-view images are produced from sloped roads.  
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The first learning method for IPM using a synthetic dataset is proposed in [87]. It introduced 

BridgeGAN which employs the homography IPM to bridge the significant appearance gap 

between the camera image and top-view image. Another learning approach for generating a top-

view image from a single camera is proposed in [101] which used real-world data to generate 

boosted IPM. The authors in [101] illustrated the effectiveness of boosted IPM for the application 

of road marking detection and compared the results in terms of “quality” with classic IPM under 

only normal weather conditions and low lighting scenes. However, the quantitative comparison of 

the boosted IPM with other methods in terms of  “accuracy” is not reported. By using the training, 

the geometry of the scene can not be correctly recovered as they mentioned in failure cases. 

Furthermore, they trained and tested only on first-person vehicle driver views where some 

assumptions can be made (pitch angle ≈ 0, roll angle ≈  0) [107].  The main drawbacks of 

using training-based learning methods are slower speed and dataset dependency [94].  

As top-view transformation is widely used in the field of traffic monitoring, vehicle and lane 

detections, ADAS applications, and others, then special care should be given to it. 

Therefore, we proposed a Modified Inverse Perspective Mapping (MIPM) method to generate the 

bird-eye view images based on a monocular camera with no additional sensors [3,53]. The image 

quality is better than classic transformations and road features such as lane boundaries (lines) are 

more accurate and visible which in result improves the performance of tasks such as lane detection. 

Experimentally, we have verified that MIPM allows us to increase vehicle detection accuracy 

(comparing with state-of-the-art methods) under different weather and environmental conditions 

[53].  

It should be noted that MIPM does not require "feature detection" or "vanishing point detection" 

to generate the top-view images, which leads to a decrease in the computational complexity of the 

method. Moreover, MIPM is unsupervised, data set independent, a training-free approach which 

can be replaced with any state-of-the-art transformation mechanism to improve the robustness and 

detection accuracy of traffic-monitoring-based systems. 

2.4 Vehicle Detection Methods  

 
Vision-based traffic surveillance, an essential part of ITS, has been the focus of researchers for 

several years. Applications such as traffic flow control, transportation planning, and highway 

capacity analysis are based on vehicle detection using image-processing techniques. Vehicle 

detection leads to provide information such as vehicle counting, vehicle speed measurement, 

identification of traffic accidents, and so on. Vehicle detection methods can be divided into two 

main categories. Motion-based methods and appearance-based methods. Proposed works by 

researchers in these areas will be discussed in this part. 
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2.4.1 Motion-Based Methods  

Motion-based detection methods require a sequence of images to perform vehicle detection by 

using “moving” characteristics. It can be divided into three main categories as indicated in [108]. 

Temporal differencing, background subtraction, and optical flow. 

A. Temporal Differencing (frame difference) 

(non-parametric) 

Temporal Differencing observes the difference of consecutive frames (intensity variation of 

pixels), and the pixels with a change greater than a threshold are extracted as foreground areas. 

Authors in [109], [110] used two frame differencing or three frame differencing [111], [112], [113] 

for vehicle detection. Temporal differencing is a very fast method with a low computational 

complexity however, it cannot cope with noise and sudden illumination changes [1] when it is 

performed alone in the system. Furthermore, the temporal differencing method fails to detect and 

extract the moving vehicles accurately when they have a similar color with a background which 

will result in the holes of the vehicle region in the differencing image and the contour of the vehicle 

will be broken. Also, when the vehicles are moving slowly there are holes in the segmented 

vehicles and the ghost behind them [114]. Therefore, to increase the accuracy of the detection 

result it is appropriate to used temporal differencing with other methods.  

B. Background Subtraction (BS) 

Background subtraction has proven to be the most successful method in practice to detect moving 

or static objects, including vehicles [108]. The basic idea of background subtraction methods is to 

extract vehicles by evaluating the difference between the current image and the static background 

image and thresholded resulting difference image. In a real-world scene, the background may 

display non-stationary behavior due to fluttering leaves, rippling water, etc. Moreover, slow or fast 

illumination changes (changing the time in a day, clouds, etc.), camera vibration due to wind or 

motion of bridge, changes in the background (parked cars), and other extraneous events like bad 

weather conditions, make this simple background subtraction inadequate. Background subtraction 

methods are the most widely studied approach for vehicle detection since the 1990s [115]. The 

background subtraction is used for vehicle detection in [116] and the accuracy of the method is 

shown as about 76.9% in a real-world scenario. In [117] proposed method uses a background 

subtraction technique to detect moving vehicle pixels. The accuracy of the system is around 96% 

in normal weather conditions. 

All BS algorithms to segment the foreground vehicles from the background have the same scheme 

[115]. Background initialization which aims to build a background.  In the foreground detection 

step, a comparison is processed between the current frame and the background model. Then, in the 

background maintenance step, the background model is updated with respect to a learning rate. In 

other words, background subtraction maintains the background of the scene by updating it, frame 
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by frame. Moving vehicles are then detected by computing the difference between the current 

frame and the maintained background.  

Background Modeling (Background initialization) 

The goal of the background modeling is to build a background within a video stream by 

considering the static background and any other objects which have the motion separated as a 

foreground. The accuracy of BS depends on the quality of the background image obtained by the 

background modeling and updating method. Background modeling can be divided into three 

categories as follow [108]: 

 

 Parametric  

Parametric models assume some finite set of parameters. The background is modeled with the help 

of setting parameters such as the learning rate. The parametric model may achieve perfect 

performance corresponding to the real data along with parametric information [108]. 

In the median background models, the background is estimated by finding the median value of 

the previous 𝑛 frames. Median background models have relatively high memory requirements. 

This approach will not give good results if the background is bimodal, if the scene contains many, 

slowly moving objects and if general lighting conditions in the scene change with time. Two 

examples of vehicle detection approach under normal weather condition which are using a median 

filter to build the background model are [118] and [119].  Also, the mean filter can be used to 

build a background model. In this case, the background is the mean (average) of the previous 𝑛 

frames. The learning rate determines the weight between a new frame and the background.   

  

 (pixel-based method) 

The single Gaussian-based background modeling (unimodal) approach is an extended method of 

the mean (averaging) method which is proposed by Wren et al.[120]. It is modeling the background 

at each pixel location with a Gaussian distribution. The single Gaussian model has limited 

computational cost but it is not able to quickly deal with a dynamic background (when there are 

waving trees, water rippling and etc)  due to a low updating rate of the background model [121]. 

Moreover, it fails in the case the distribution of the background color values do not fit into a single 

model [120].  

To solve these problems Gaussian Mixture Model (GMM) (multimodal) was introduced by 

Chris Stauffer and W.E.L Grimson in 1999 [122] which models every pixel with a mixture of 𝑘 

Gaussians components. GMM is a parametric probability density function represented as a 
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weighted sum of Gaussian component densities [123]. Among the different methods for the 

background model, GMM has the reliability to work under illumination changes and provide 

object detection in repetitive conditions [124]. Also, it is more robust to variations within the scene 

while improving background and vehicle detection even under bad weather conditions. 

As many authors indicated, GMM is a computationally efficient approach for vehicles detection 

which is able to represent different background appearances such as road surfaces under sunny 

weather conditions or in the shadow areas [125], [126], [127], [123], and [124]. In [127] and [128] 

GMM based method with Kalman filter were used for the same purpose. The accuracy of vehicle 

detection rates for those methods was reported as 87% and 96.1%, respectively. GMM background 

model based on scale mapping is used for vehicle detection under normal weather conditions [129]. 

Indrabayu et al. [130] proposed a method for Vehicle Detection using GMM. The detection 

accuracy in light and high traffic conditions were 97.22%, and 79.63%, respectively. Data 

collection was only done during the day, which provided limited results. In [131] authors presented 

a system by using GMM to build a background image. The accuracy of vehicle detection was 

97.19% under normal weather conditions in 8 different places in Shiraz.  

 

(pixel-based) 

Another background subtraction method is based on the Bayesian framework. The method 

evaluates the principal features of a pixel at each location using Bayesian probability and then 

classifies it to either background or foreground. In [132] authors proposed Bayesian foreground 

segmentation using pixel-wise background model and region-based foreground model. The 

background is modeled using one Gaussian per pixel, while the foreground is modeled using a 

Gaussian Mixture Model. Authors in [133] defined each pixel as layers of 3D multivariate 

Gaussians. Each layer corresponds to a different appearance of the pixel. Using the Bayesian 

framework, they have estimated the probability distributions of mean and variance and also mean 

and variance of the layer. A Bayesian decision rule with three features and a learning method that 

adapts to both sudden and gradual illumination changes is used in [134]. However,  classifying 

pixels into three clusters (three different features) introduces new sources of errors and decreases 

the ability of the method to operate in real-time with a high frame rate [135]. 

 
 

 Non-parametric 

 

Non-parametric background modeling methods don’t need to assume the density distribution of 

the model and use a set of sample data to estimate the unknown background density distribution 

function. Theoretically, estimated density distribution function can be convergent to any form of 

density function (non-parametric techniques try to estimate a precise distribution via histogram or 

kernel-based approaches). The non-parametric model is heavily data-dependent without any 

parameters [108]. 
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(Multimodal) 

Kernel density estimation (KDE) estimates background probabilities at each pixel from many 

recent samples [136]. In other words, it estimates the probability density function (pdf) of each 

pixel for each frame, via averaging the effect of a set of kernel functions (typically Gaussian) 

centered at each pixel value for the 𝑁 previous frames. 

In [137] a method for vehicle detection under normal traffic conditions based on the framework of 

KDE is presented which leads to high computational burdens due to the need to estimate the PDF 

using the last values of each pixel. An improved KDE for moving objects detection is proposed in 

[138] where reports precision rates 95.4%, 91.7%, and 91.3%, under sunny and foggy weathers, 

and at night, respectively. KDE is less accurate and it is very sensitive to the PDF estimation 

process (kernel selected and a number of previous pixel samples analyzed) requiring high 

computational and memory resources [139][140], [141]. Additionally, KDE cannot be used for 

long-time background sampling due to memory limitations [142]. 

The Codebook is another non-parametric background modeling method. The background model 

for each pixel is represented by a number of codewords instead of parameters representing 

probabilistic functions, which are dynamically handled, following a quantization/clustering 

technique [121]. The original codebook increases the time and space complexities in the 

background training and also adds the time complexity in the vehicle detection step [143]. In [144], 

texture and color information is collected by codebook based background modeling techniques. In 

[145] background subtraction method based on the Codebook-GMM model is presented. However, 

both methods failed to detect foreground regions when the color and/or the texture are similar to 

the background scene. The codebook algorithm and the Local Binary Patterns (LBP) are proposed 

in [143] for vehicle detection under normal weather conditions. The codebook method can capture 

the background variation over a long time period, but cannot process a continuous changing object 

[146]. The code words contain the pixel variation. However, it is vulnerable in the complex 

environment [146].  

The major disadvantages of the non-parametric methods are that they need big memory resources 

to keep the previous measurements and they are very computationally intensive [133]. 

   Predictive  

 

Predictive methods model the scene as a time series and develop a dynamical model to recover the 

current input based on past observations. The magnitude of the deviation between the predicted 

and actual observations can then be used as a measure of change. In other words, predictive 

methods employ predictive procedures in modeling and predicting the state dynamic of each 

background pixel. Kalman filter is using pixel intensities (or colors) to predict the background 

pixels. Each pixel whose observed color is far from its prediction is assumed to indicate motion 
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(The foreground can be interpreted as noise for the filter state). Proposed works in [147] [148], 

[149] and [150], are based on a Kalman filter to model the background. Several variations on 

Kalman filter background modeling have been proposed. For example, authors in [151] use only 

the luminance intensity but, the illumination variations are non-Gaussian and violate Kalman 

filters assumptions. In [152] Kalman filter is used to update the background image; the method is 

robust to gradual and sharp illumination changes but it is unable to manage dynamic background 

pixels. 

Wiener filtering is another example of linear predictive methods which is used to learn and predict 

color changes in each background pixel. The covariance of the pixel sequence estimates the filter 

coefficients [153]. The linear predictor is able to model stationary and moving background objects 

but it can not model the sudden background changes.  

 

 

C. Optical flow 

The optical flow method generates an optical flow field for every pixel in sequential images, in 

which the velocity and direction of every pixel are obtained. A vehicle detection method under 

normal weather condition based on an optical flow was proposed in [154], [155]. In [156] optical 

flow is used for vehicle motion analysis. However, these methods have missing detection when 

there are slow-moving or static vehicles in the scene. Image pyramids optical flow is used to extract 

moving vehicles under normal weather conditions in [157]. In [156] and [158] optical flow is used 

for vehicle detection and tracking, which show a low detection rate of about 60% and high 

computational cost. A survey of optical flow methods can be found in [159]. Optical flow is highly 

sensitive to noise and cannot be utilized in real-time applications due to its large amount of 

computation [160], [161]. 

Background maintenance (Background updating) 

Background models need to be updated during the video frames due to produce consistent results 

over time. Different techniques can be used to update the existing model [162] depending on the 

appropriateness of the model or on the requirements of the application. 

The recursive techniques preserve a single background model that is updated with each new video 

frame. These techniques are computationally efficient and have minimal memory requirements 

[162] (such as single gaussian, GMM, and approximated median filtering  1[163]). However, non 

                                                             
1 The approximated median filtering increments the background model intensity by one, if the intensity value (in the new input frame) is larger 

than the previous existing intensity in the background model. Otherwise, when the intensity of the new input is smaller than that of the background 

model the corresponding intensity will be decreased by one. Over time this process will converge to the median of the observed intensities. 

 



 
 
 
 

55 
 

recursive techniques preserve a buffer of 𝑛 previous video frames and estimate a background 

model based on the statistical properties of these frames.  

For example median filtering which sets each channel of a pixel in the background model to be 

the median value as determined from the buffer of video frames or eigenbackgrounds [164]. The 

drawback of the non-recursive techniques is higher memory requirements. Another two updating 

strategies are discussed in [165]. The conditional (conservative) approach, which is updated only 

background pixels (using the output of the segmentation step for updating decision). It is able to 

enhance the detection of the moving object (given that they do not share similar colors with the 

background) since object pixels are not added to the model. The problem is that any incorrect 

detection decision will result in persistent incorrect detection later. On the other hand, the 

unconditional (blind) approach does not consider any update decision. samples are added to the 

background model whether they have been classified as background or not. Therefore, it’s lead to 

more false negatives as foreground pixels erroneously become part of the background model. Also, 

this method has a poor ability to the detection of slow-moving objects, which are progressively 

included in the background model. A possible solution is using pixel models of a large size, which 

cover long time windows. But it increases memory usage and a higher computational cost [166]. 

 
  

  

2.4.2 Appearance-Based Method 

Appearance-based methods use the appearance features of the vehicle to detect or separate it from 

the background [167] and can be divided into two main categories. Low-level features and local 

feature descriptors. 

 

A. Low-level features 

 

Low-level features are simple, efficient, and of great usefulness in the vehicle detection process 

[168]. Each feature can be used alone or in combination. 

The Color feature provides great information in video images.Several methods have been 

proposed in the literature for color-based vehicle detection (for instance [169], [170], and [171]) 

which most of them took advantage of RGB [172], HSI [169], and (Hue, Saturation, Value), HSV 

[173] color spaces. The color distribution is represented by a color histogram which is translational 

and rotational invariance, in addition to being a robust feature for non-rigid objects, even in partial 

occlusion situations [174], [175], and [176]. However, the color of a vehicle may fail due to 

varying lighting and weather conditions, specular reflection on the metallic surfaces, and sensor 
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characteristics [177]. This will increase the difficulty in vehicle detection only based on the color 

feature.  

Shadow can indicate the position of the vehicle based on the fact that underneath shadow is darker 

than the road surface. The region above the shadow is considered as a RoI that will be further 

analyzed. Authors in [178], [179] and [180] provide shadow based vehicle detection methods. 

However, vehicle detection only based on shadow feature will fail when the color of the road 

pavement is uneven or when the road surface is cluttered with shadows from nearby buildings, 

trees or bridges. In the morning or evening, a shadow is cast to the side of the vehicle. This will 

produce a hypothesized location which is not the true location of a vehicle [181]. Additionally, a 

vehicle’s shadow varies in size and position, the low sun may cause a long shadow, often much 

longer than the vehicle’s actual width.  

Edge is an important source of contour information. Due to its low computational complexity, the 

edge detection can be performed in a real-time manner. The vertical edge feature mostly appears 

at the vehicle’s right and left parts. Extracting the horizontal and/or vertical edges by Sobel or 

Canny edge detector provides important information for the vehicle detection step. For instance, 

multiscale edge fusion in [182] was used to locate targeted vehicles. The symmetry feature has 

been extremely used in the literature for vehicle detection. The image of vehicles usually has 

symmetry property (horizontally symmetrical) from the front or rear-view. It is used by defining a 

geometric model [183], finding symmetry axes [184], or center points [181] to identify the vehicle 

in images.  

The texture feature was already exploited in the 1990s for vehicle detection but has rarely been 

used since. There are different textural properties in the scene due to the specific materials and 

properties of objects. Vehicle detection based on texture information is an applicable task under 

normal weather conditions, but illumination changes or bad weather conditions add difficulty in 

identifying the vehicle on the road. Moreover, vehicle detection based on texture will produce a 

lot of false detections, especially in an urban environment due to the similar texture of vehicles 

and other objects such as buildings, signboards, or overhead bridges [181]. In [185] texture is 

combined with gray-scale image intensity to identify the moving objects. But, in real-world 

applications, the grayscale is not enough to distinguish different objects. Using color and texture 

can be more efficient for detecting the object accurately [186]. 
  

Vehicle lights represent a salient feature at night or under bad weather conditions while most of 

the other features are not useful under specific conditions. Tail-light detection at daytime and 

adverse weather conditions in [187], brake light detection at daytime in [170] and [171], brake 

light detection at night time in [188], tail-light detection at night time in [189], and [190], and head 

or rear lights at night time [191] are examples of recent works in the literature. Rainy images at 

night time were tested and 71% of vehicles can be detected successfully in [189]. Authors in [192] 
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proposed an algorithm for vehicle detection by using tail light pairing, the geometrical relationship 

between the size and the distance of light pairs of brake-and tail-lights are considered.   

Low-level features are fast and convenient input for vehicle detection. However, one feature 

cannot efficiently represent all useful information. To solve this problem, a combination of features 

should be used to detect the vehicles. On the other hand, a robust vehicle detection method should 

consider bad weather conditions and illumination changes as an important issue to deal with. There 

are many published methods that are robust and efficient. Nevertheless, most of them have been 

proved limited to urban areas, and normal weather conditions. According to the above issues and 

recent literature review, the following works can be mentioned here. 

In [193] vehicles are detected under cloudy and rainy conditions based on color and edge features 

which shows 93.1 %  and 94.6 % detection accuracy, respectively. X. Shen et al [194] used shadow 

and horizontal edge features for vehicle detection under foggy, rainy, and low light conditions 

which reported 97.7%, 95.8 %, and 83.3% of detection accuracies, respectively. A vehicle 

detection method based on shadow and vehicle edges is proposed in [195] which shows a 94.1% 

detection rate. The reason for the false-negative was due to the weak vehicle shadows. Vehicles 

that are too close or too far away cannot be detected by the method. While the false positives are 

due to the interferences of environmental factors, such as trees, buildings, or stains on the road. 

Another work which can be mentioned regarding shadow and edge features for vehicle detection 

under normal weather condition is [196]. A shadow-based feature vehicle detection has its own 

drawbacks where the shadow of other objects appearing on the road causes false detections. If the 

ROI is selected by the shadow feature, the areas with other objects cannot be eliminated by vertical 

edge features as a verification step. So, using a combination of different features may prevent false 

detections. In [197] authors used color, texture, and region features for vehicle detection under 

sunny, rainy, cloudy, and dusky conditions, which reported 94.3%, 93.8%, 97.9%, and 94.5% 

detection accuracies, respectively. A vehicle detection method based on multiscale edge fusion 

has been proposed in [182]. The method was tested under sunny, cloudy, rainy, foggy, and snowy 

weather conditions and has been shown 84.34%, 83.64%, 74.62%, 70.37% and 72.27% of 

detection accuracies, respectively. Authors in [198] developed a real-time vision system based on 

a combination of color, edge, and motion information to recognize and tracking of vehicles on 

the road. At night time when there are many city lights in the background, the system has problems 

in finding vehicle outlines and distinguishing vehicles on the road from obstacles in the 

background. 

The combination of low-level features should be robust enough to deal with small variations over 

different background conditions. This is essential in order to reduce the dimensionality of the data 

to be processed and also the computation time. 

According to the state of the art the changeable lighting, weather conditions, and the complex 

background scenes in the outdoor environments still represent significant problems to vehicle 
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detection [168], and to the best of our knowledge proposed works have not reached the best 

accuracy yet. Therefore, the need for an efficient method is essential. 

 

B. Local feature descriptors 

Local feature descriptors which are designed for a specific application-purpose should be able to 

deal with various objects and robust to varying background, but also be invariant to geometric and 

photometric transformation [199]. These feature sets allow for direct classification and detection 

of objects in images. A number of local feature descriptors have been proposed in the literature.  

Scale Invariant Feature Transform (SIFT) finds the local maximums of a series of a Difference 

of Gaussian (DoG) images. It is invariant to uniform scaling and orientation and partially invariant 

to affine distortion and changes in illumination. However, the high dimensionality and the use of 

Gaussian derivatives to extract feature points are time-consuming and do not satisfy the real-time 

requirement [200]. In [201] SIFT is used to extract interest points in an image, which helps to find 

the bounding box of a vehicle however the model does not perform well if there is large scale 

variance in the testing images. Related works which are based on the SIFT feature for vehicle 

detection under the normal weather condition can be mentioned as [202], [203], [204], [205], [206] 

and [207].  

Bay et al. [208] proposed Speeded-Up Robust Features (SURF) to quickly compute and compare 

feature points. In other words, it is based on feature points pair to achieve matching. SURF relies 

on integral images for image convolutions and is more efficient than the SIFT method. In practical 

applications, the SURF algorithm is easy to get false matching, especially when the area’s features 

are similar or not clear [209], [200].SURF is a scale-invariant feature detector and descriptor for 

feature matching which is not stable to rotation and illumination changes [210]. SURF, which is 

known to be strong and faster than SIFT but computationally expensive, has not attained real-time 

performance yet [211]. Vehicle Color identification using symmetrical SURF and Chromatic 

strength is proposed in [212] which shows a 95.9% accuracy rate under normal weather conditions. 

The symmetrical SURF method for the vehicle detection system is proposed in [213] which is 

showing 92.24% detection accuracy under sunny weather conditions. 

Histogram of Oriented Gradients (HOG) is a histogram of neighborhood pixels according to 

their gradient orientation and weighted by their gradient magnitude. This local feature uses 

gradient magnitude and orientation around a point of interest or in a region of the image to 

constructing the histograms [214]. In [215][216] and [217] HOG is used for vehicle detection and 

tracking purposes. In [180], vehicle features were extracted by integrating HOG features with 

symmetrical HOG features which are doubling the feature dimensions but resulted in more 

calculation time [218]. Its failure cases were frequently caused by the inaccurate generation of 

vehicle hypothesis and inaccurate HOG symmetry vectors [200]. Moreover, this method works 
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well during the sunny daytime but fails during poor lighting conditions [197]. Underneath shadow 

and two HOG vectors are used for vehicle detection purposes under normal weather conditions 

[218]. HOG feature achieves good detection rates but produces a large number of false alarms and 

the high dimensionality of its feature vector poses as one of its disadvantages. The large size of 

the feature vector limits the number of training samples and increases the computation cost [219]. 

In [220] authors simplifying the HOG descriptor by considering only the vertical edges to reduce 

the computation of HOG features. However, the accuracy was less than the original HOG features 

[218]. 3D model surfaces to generate a 3-D histogram of the oriented gradient is proposed in [221] 

for vehicle detection and the relative discriminative histogram of oriented gradients (RDHOG) 

method is proposed in [222] for vehicle tracking. In [222] authors compared the performance of 

HOG, SIFT, and SURF features and indicated that the SURF descriptor performs better than the 

HOG but worse than the SIFT descriptor. However, SIFT is not fast enough for real-time 

applications. Vehicles could do plenty of scale transformation and rotation transformation, but the 

HOG feature is very sensitive to image rotation and changing in scale [219]. 

Haar-like features can be defined as the difference of the sum of pixels within two rectangular 

regions over an image. The regions have the same size, shape and are horizontally or vertically 

adjust. The value of the Haar-like feature is the difference in the pixel values between the white 

and the black marked region. Common Haar features include edge, line, and center-surround 

features. In [223] and [224] Haar-like feature is used for vehicle detection which is shown 93% 

and 82% accuracy rates under normal weather conditions, respectively. In [214] authors indicated 

that the Haar detector does not detect all vehicles but it does not produce many false alarms. 

Authors in  [225], [226], and [179]  used the Haar-like feature for the same purpose. A general 

learning framework using Haar-like features was proposed in [227]. The computation of Haar-like 

features is fast, however, the dimension of this feature vector generated from images is high [228]. 

The Haar-like feature is inefficient to work on different weather conditions [213], [228]. A 

classifier based on standard Haar features may easily fail in dark, noisy, or other non-ideal lighting 

situations [192].  

Classification methods which learn the characteristics of the vehicle from a set of training images 

are another way for vehicle detection. First, each training image is represented by a feature vector, 

then the decision boundary between the vehicle and non-vehicle is learned by a trained classifier 

such as Support Vector Machine (SVM) [229], AdaBoost [230], Neural Networks and etc. SVM 

is a discriminative classifier that constructs a hyperplane in a higher dimensional feature space and 

learns the decision boundary between two classes [214]. In [231] and [205] SVM is used for 

vehicle classification with a 91.08% accuracy rate and for vehicle speed estimation with 96% of 

the accuracy rate, respectively. The AdaBoost algorithm is short for "Adaptive Boosting". 

Boosting is a way to combine the performance of many weak classifiers and then produce a final 

strong classifier. A strong classifier reported by Viola and Jones [232] was trained with an 

AdaBoost algorithm and performed well for object detection [233]. However, it requires a lot of 
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samples and time to train the classifier in advance [234]. The detection rate and the false positive 

rate of the system cannot be satisfactory at the same time [234]. Also, this method requires 

extracting candidate regions and then discriminate them to realize vehicle detection [233]. A 

vision-based vehicle detection system based on AdaBoost is proposed in [235], [236], and [237] 

which is reported 82.1% of precision by authors in [237]. Based on a comparison of the results in 

[218], it was concluded that the AdaBoost classifier performed better than SVM in terms of 

accuracy and run time. 

In general, training-based methods become unreliable for viewpoints that are not trained. There 

is high variability in the shape, size, color, and appearance of vehicles found in typical driving 

scenarios. The construction of a huge database may be very difficult work under various conditions 

for any type of vehicle [158], [238]. Compiling a set of training examples requires much labor and 

time spent on collecting and annotating video sets [238]. The required image resolution and feature 

set influence the dimensionality of the feature vector, which in turn influences the required number 

of training examples for a given performance benchmark [238]. Moreover, the training-based 

methods have a lower detection speed than the methods which used low-level features of a vehicle 

[239]. 

 Neural Networks can learn highly nonlinear decision boundaries. However, Neural Networks 

suffer from the computation of parameter tuning, therefore being time-consuming [240]. Recently, 

convolutional neural networks are used for vehicle classification purposes [241]. Deep learning 

techniques are powerful for classification problems, but they demand a large amount of data for 

training [231]. When the scale of data available is small, over-fitting can be a serious problem, 

which may affect the final classification performance to a large degree [242]. 
 

2.4.3  Presence of shadow and properties of the real traffic road scene 

To avoid incorrectly merging spatially close vehicles (cast shadows situations), shadow removal 

has been considered in the many techniques to help in improving vehicle detection. Shadow 

detection methods can belong to two categories: namely, statistical and deterministic approaches 

[243]. Deterministic approaches use an on/off decision process, whereas statistical approaches use 

probabilistic functions to describe the class membership. 

In turn, statistical approaches are divided by parametric and non-parametric methods and 

deterministic approaches can be further subdivided by model-based and non-model based 

methods. Model-based methods work with models that represent a priori knowledge of geometry, 

the scene, the object, and the illumination. 

Finally, every approach can be identified by the spectral (such as gray-level, color, intensity), 

spatial (such as texture, and geometry), and temporal features (such as static and dynamic). The 

choice of features has a greater impact on shadow detection results. 



 
 
 
 

61 
 

Intensity feature: The assumption of methods which are using intensity is based on regions under 

the shadow (equivalent to an area of pixels in the image) become darker as they are blocked from 

the illumination source [244, 245, 246]. Moreover, there is a limit on how much darker they can 

become.  

Color information can be also used to detect shadow pixels. The regions under shadow become 

darker but maintain their chromaticity invariant [247]. Chromacity is a measure of the color that 

is independent of intensity. The most important factor is to choose a color space with a separation 

of intensity and chromaticity. Different color space provides different information about the 

separation between chromaticity and intensity. The HSI color space can reflect this problem better 

than other models, such as RGB, YUV, LAB, and others [248], [249, 250], [251], [252]. Using 

color information for detecting shadow pixels are computationally inexpensive. However, they are 

susceptible to noise and sensitive to strong illumination changes [253], [254].  

Geometry features: The size, orientation, and shape of the shadows can be predicted with proper 

knowledge of the illumination source, camera location, object geometry/shape, and the ground 

plane [255], [256], [257], [258]. The geometry feature works directly in the input frame and does 

not rely on an accurate estimation of the background reference. However, geometry features 

impose scene limitations such as specific object types (vehicles), requiring objects and shadows to 

have a different orientation, assuming a unique light source. Additionally, methods in this category 

are not designed to deal with objects having multiple shadows or multiple objects detected as a 

single foreground blob, yet.  

 Temporal features: As moving cast shadows share the same movement pattern as the vehicles, 

the same temporal consistency filters that have been applied to the vehicles can be performed to 

the shadows [258], [259], [260].  

Texture feature: The methods based on texture use the fact that shadowed regions can be 

correlated with the corresponding original image surfaces. In other words, the regions under 

shadow retain most of their texture [244], [261]. These methods first create the candidate shadow 

regions then foreground and shadow pixels are distinguished based on texture correlation. Texture 

correlation can be performed by Markov or conditional random fields [262], gradient or edge 

correlation [263], orthogonal transforms [264], Gabor filtering [265], and normalized cross-

correlation [246]. When observing the performance of the above methods, one of the main avenues 

for improvement is the combination of several features [266, 267]. 

Here the details of different methods are not explained as there are a lot of good review papers 

such as [268], [269], and [270]. Instead, the focus has been kept on different properties of the 

traffic road scene.  

Road features; The intensity component value of the road pixel varies from dark gray to light 

gray. A pixel can be classified as a road pixel if the average saturation-intensity values of the road 
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are known and the pixel has the minimum distance to the peak generated by the average value. 

(with the respect to the S and I axis). The saturation component of lane-marking has a very low 

value while the intensity component has a very high value. 

Vehicles features; Vehicles are presented in the image as a dark lower part due to underneath 

shadow or tires. Intensity value cannot be used alone for vehicle segmentation (without position 

information). If all objects in the scene are brighter than the road and darker than lane-marking the 

intensity segmentation may have a result. However brighter vehicles will mix with a lane marking 

and the darker vehicle will mix with the road pixel. In the case of using a histogram of intensity-

saturation, the small peaks are for trees and vehicles and two major peaks related to road and sky. 

If there is high contrast in the image, then there is a large distance between two peaks in the 

intensity-saturation histogram. Otherwise, the distance between the two peaks is small. There is a 

high difference in gradient density value between the vehicle pixel and the corresponding 

background pixel [271]. 

Shadow features; according to the HSI color space, the hue and saturation are called chromaticity, 

and the brightness of chromatic light embodies the achromatic notion of intensity [272]. The 

intensity value of the shadow area is lower than those of the pixels in the background and vehicles, 

thus shadow regions appear darker. Changes in the intensity value of the shadow area are limited 

and may happen gradually compared to the background. Regarding the chromaticity value (color 

tune), a shadow cast on the background shows a  limit changes in its hue value [273]. In the sunny 

weather condition, a decrease of illumination in the shadow region will cause only a slight change 

in chrominance from the corresponding background. The saturation value of the point would 

decrease within a certain limit when a pixel is covered by shadow [274]. In the RGB channel if 

the value of 𝑅 = 𝐺 = 𝐵 then saturation is equal to zero. The gradient of the red, blue, and green 

channels in the RGB is invariant in both the shadow area and background. There is a low difference 

in the gradient density value of the cast shadow pixel and corresponding background pixel [271]. 

Skewness in the shadow and non-shadow (object or background) regions are different due to a 

difference in the asymmetries, which can help in locating the shadow [275]. Shadow regions do 

not have interior edges. The exterior edges of a cast shadow are connected to the edges of a vehicle.  

 

 

2.5 Vehicle Tracking  

A vision-based traffic monitoring system needs to be able to track vehicles through the video 

sequence. Vehicle tracking is used for various purposes. For instance, to obtain trajectories of 

moving vehicles, enabling higher-level tasks such as traffic incident detection and behavior 

understanding, estimation of vehicle velocity, eliminating multiple counts in vehicle counting 

applications, and helping to solve possible problems of occlusions due to the perspective of the 
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camera. Tracking methods can be divided into three main categories such as point tracking, 

silhouette tracking, and kernel tracking. 

A. Point Tracking  

In general, point correspondence methods can be divided into two categories; Deterministic and 

Statistical (Probabilistic) methods [276].  

Deterministic methods [277, 278, 279, 280] define a cost of associating each object in frame 𝑡 −

1 to a single object in frame 𝑡 using a set of motion constraints. A solution, which consists of one-

to-one correspondences can be obtained by optimal assignment methods such as the Hungarian 

algorithm [281], or the greedy search method [282], [283].  

 Statistical Methods take the object measurement and uncertainties into account to establish 

correspondence. They use a state-space to model object properties such as position, velocity, and 

acceleration. Measurements usually consist of the object position in the image, which is obtained 

by detection. Let’s consider a moving vehicle on the road, the location can be defined by a 

sequence of states 𝑋𝑡 : 𝑡 = 1,2,3,… . The change in the state over time is shown as a dynamic 

equation 𝑋𝑡 = 𝑓𝑡(𝑋𝑡−1) + 𝑊𝑡 where 𝑊𝑡 is white noise. Then, the relation between state and 

measurement is defined as 𝑍𝑡 = ℎ𝑡(𝑋𝑡 , 𝑁𝑡) where 𝑁𝑡 is the white noise. The goal of tracking is 

to estimate the state 𝑋𝑡 given the measurement up to that time or construct the probability density 

function 𝑝(𝑋𝑡|𝑍1,…,𝑡) [190]. The ideal solution is provided by a recursive Bayesian approach 

which solves the problem in two steps. The prediction step uses a dynamic equation and computed 

PDF of the state at time 𝑡 − 1 to derive the prior PDF of the current state, while the correction step 

employs the likelihood function 𝑝(𝑍𝑡|𝑋𝑡) of the current measurement to compute the posterior 

PDF. If both  𝑓𝑡 and ℎ𝑡 are linear functions and noise have a Gaussian distribution then optimal 

state space is given by the Kalman filter.  

Kalman filter was proposed by R. E. Kalman in 1960 [284] and has been used for vehicle tracking 

by many researchers [127], [285], [286], [287], [288]. Authors in [289] propose a new method 

relying on Kalman filtering to predict what they call the sheltered car moving position. However, 

the proposed algorithm still can not track the target effectively. In [290] Kalman filter was used to 

track the vehicle. The state variable of the system is a vector of vehicle location, speed, and length. 

Constant straight motion and a constant vehicle length for the kinematic model are considered. 

Authors in [291] used Kalman filtering to integrate the tracking of vehicle parts and a vehicle in 

the image plane. Object position, width, and height using a constant velocity model are considered 

for tracking. In [197] the license plate and rear lamps of a vehicle are detected and combined into 

a vehicle by using a Markov Random Field (MRF) to model their spatial relationships. Then 

vehicles are tracked by employing a Kalman filter to obtain trajectories. The center of the vehicle 

license plate and the speed of the vehicle are considered as the state vector. Kalman filter assumes 

the state variables are normally distributed (Gaussian), but due to the variety of traffic and weather 



 
 
 
 

64 
 

conditions, the intensities of the vehicles may follow non-Gaussian statistics and the movements 

of vehicles may follow non-linear dynamics. Therefore Kalman filter will give a poor estimation 

of the state variables that do not follow Gaussian distributions. Several variations of the Kalman 

filter exist in the literature to solve this problem. 

Extended Kalman filter (EKF) permits the approximation of non-linear problems by 

linearization (using the Taylor series expansion).  The state distribution is propagated by a linear 

approximation of the system around the operating point. This linear approximation introduces 

errors in the estimated states, and the results may not be appropriate for some systems. Related 

works for vehicle tracking in this category are [292], [293], [294], [295]. 

EKF cannot work well for mildly nonlinear systems where the true posterior is unimodal (just one 

peak) and fundamentally symmetric [296]. EKF is not powerful enough for complex vehicle 

tracking due to the normality hypothesis that it makes [297].  

The Unscented Kalman Filter (UKF) is a derivative-free method solving this problem by using 

a deterministic sampling approach (a minimal set of chosen sample points) [298]. These points, 

completely capture the true mean and covariance of the states and propagated through the 

nonlinearity. The advantage of UKF is that it does not require the evaluation of the Jacobian matrix, 

which is a computationally intensive component in the EKF algorithm. However, UKF is still a 

sub-optimal filter algorithm for the non-Gaussian model [299].  

Some recent works which are used UKF  for vehicle tracking can be mentioned as  [300], [301], 

[302]. UKF is valid only if the posterior distribution can be closely approximated by a Gaussian 

distribution [303], [304], which implies it remains unimodal which is not true in nonlinear state-

space systems [296]. While these KF-type estimators have shown promising results, relying on 

linearisation or unscented transformation to approximate the nonlinear system, they will 

potentially introduce additional modeling errors, therefore reduce the estimator performance such 

as accuracy and convergence rate [302]. These problems have motivated the interest in alternative 

strategies that can handle more general state and measurement equations, and which do not put 

strong a priori constraints on the behavior of the posterior distributions. 

 

Among these, the Particle filter (PF) method which is powerful for an approximation of the non-

linear Bayesian solution, plays a central role. The Particle filter is also known as condensation 

algorithm, bootstrap filtering, or sequential Monte Carlo which was introduced in 1993 [305]. PF 

approximates the posterior density function by a set of random samples (or particles) and their 

associated weights. More recently, the PF has grown in popularity due to its flexibility and 

performance to solve the most difficult tasks [296], [306].  To improve the single object tracking 

performance under normal weather condition, color, motion, and edge information are combined 

in the framework of particle filtering in [307], but the performance of the proposed method was 

not stable when the background was complicated, and the contrast between the target and the 

background was low [308]. Particle Filter can adequately model the multimodal and non-Gaussian 

distribution, however, it is poor consistently at maintaining the multi-modality in the object 
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distribution (if the measurements come from multiple objects [309]). Directly using the particle 

filter for multiple-object tracking is not possible because it can not identify individual modes. The 

particle set often collapses to one mode and discards all other modes [310], [311].  

There are different ways for multiple-object tracking by particle filter. For instance; using one 

particle filter per object which then should deal with interacting objects separately, such as a work 

presented at [312]. This technique often converges to a local maximum when two similar objects 

intersect. It lacks a consistent way to resolve the ambiguities that arise in associating objects with 

measurements [309, 310, 313, 314, 315, 316, 297].  Also, it has a high computational cost, which 

depends on the number of objects and an association process between measurements and different 

filters. Moreover, it is not effective mechanisms to handle the disappearance of objects and the 

issues of partial/full occlusions [316]. 

Another way is using a single particle filter for all objects modeled in the state space, such as the 

works presented in [312, 317]. This technique can handle a multi-dimensional state space. It 

incorporates the characteristics of dynamically changing dimensions which allows it to detect and 

track a variable number of objects and also track objects that enter and exit the scene as well. 

However,  it has the disadvantage of assuming that the number of objects remains constant and the 

state space grows exponentially with the number of objects [316]. In [312] Markov chain Monte 

Carlo-based particle filter was proposed to address the problem of object interaction that occurs in 

the multiple object tracking. It includes a Markov random field motion prior to maintain the 

identity of each object being tracked, which dramatically reduced tracking failures. A kernel-based 

particle filter was proposed in [317] to handle the occlusions. This filter uses a visual-based 

multiple object tracking in a single-object state space with a data association technique. It has the 

capability to track multiple objects with partial occlusion and short-term full occlusion. In [318] 

the authors used one particle filter with several Kalman filters for tracking the multiple objects. 

After particle clustering generated by particle filter, the likelihood of each candidate is updated 

through a Haar-like feature classifier from AdaBoost training. In this technique, the number of 

particles and the size of the state space is less than other methods. However as mentioned before, 

training-based methods become unreliable for viewpoints that are not trained. For example; there 

is high variability in the shape, size, color, and appearance of vehicles found in typical driving 

scenarios. The construction of a huge database may be very difficult work under various conditions 

for any type of vehicle [158], [238]. Compiling a set of training examples requires much labor and 

time spent on collecting and annotating video sets [238]. The required image resolution and feature 

set influence the dimensionality of the feature vector, which in turn influences the required number 

of training examples for a given performance benchmark [238]. Moreover, the training-based 

methods have a lower detection speed than the methods which used low-level features of a vehicle 

[239]. 

On the other hand, the proposed method in [318] did not consider occlusion handling issues and 

false-alarm rates were not reported in the proposed work. As authors indicated in [317], despite 

successfully the particle filter in different applications, it was observed that PF does not perform 
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well when the dynamic system has a very small process noise, or if the observation noise has a 

very small variance. In these cases, the particle set quickly collapses to one single point in the state 

space and the filter performance is severely affected. So a more realistic noise model should be 

considered for working under complicated situations. 

The proposed method in [118] used a simple temporal median to estimating the background which 

has limitations when the scene illumination changes abruptly. Then, the particles are obtained by 

the Minimum Eigenvalue method which is based on identifying corners in the image. Particles are 

grouped into clusters by the k-means algorithm. Finally, vehicle tracking is done based on the 

similarity of color histograms corresponding to each window centered on the particles in the 

current frame and the previous frame. The counting is also performed through a virtual loop, for 

which a 95.1% success ratio is achieved for normal conditions. 

In the improved version [126] of the above method, authors used a background model based on 

GMM, then vehicle tracking is performed by the particle filtering method. Particles are initially 

grouped according to their spatial positions and motion vectors. Tracking is performed only based 

on clusters that have been found to correspond to vehicles and it is based on the similarity between 

color histograms. Vehicle counting is done by detecting the intersection of the tracked particle 

groups (i.e. moving vehicles) with a set of user-defined virtual loops. The method only tested under 

normal weather conditions, while illumination variation and shading create artifacts that affect the 

correct vehicle tracking. Using the color histogram for vehicle tracking is a simple way but it has 

its own limitations [216]. In fact, the color of a vehicle on the road depends on illumination, 

reflectance properties of the vehicle, viewing geometry, and sensor parameters. The color feature 

is very sensitive to illumination changes, and under different weather and illumination conditions, 

it makes a problem for the determination of vehicle position. In [227] the authors combined Haar 

features and Adaboost to detect vehicles, then tracking is done based on the particle filter. In [216] 

a vehicle detection method based on HOG features and SVM is proposed and a particle filter is 

used for vehicle tracking. These methods improve the accuracy of detection, but since the machine 

learning method only supports training for a small amount of data and there is still a shortage of 

detection of vehicle diversity [319]. 

As mentioned before, multiple vehicle tracking by Kalman or particle filters needs to solve the 

correspondence problem for instance by the Global Nearest Neighbor (GNN), the Multiple 

Hypotheses Tracking (MHT), the Joint Probabilistic Data Association Filter (JPDAF) or etc [320]. 

GNN evaluates each observation in the track gating region and chooses the “best” one (according 

to distance-based cost function or similarity of appearance) to incorporate into a track. The GNN 

based approach is one of the successful solutions for multiple target tracking problems and it is 

much easier to implement compared to other methods. See for instance [321] and [322]. The MHT 

[323] hypothesizes all possible data associations (the number of which grows exponentially 

considering all possibilities [324]) over time and uses measurements that arrive later in time to 

resolve the uncertainties in current associations [325] in which the algorithm  is computationally 
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exponential in memory and time. The MHT is employed in [326] to handle the tracking of multiple 

vehicles in urban environments. A computationally cheaper alternative to MHT is the JPDA 

approach [325]. JPDA considers associations that survive to the gate and combines these 

associations in proportion to their likelihoods. The limitations of the JPDA-based methods lie in 

their assumption of a fixed number of targets and their inability to initiate or terminate any track 

[327]. See related work for instance [328], [329]. The MHT and JPDA-based methods are usually 

preferred for tracking of few objects in a smaller number of consecutive frames or for tracking a 

single object over a longer period [324]. Another approach is to apply Random Finite Sets to 

represent the collection of individual vehicles and measurements in the Bayesian framework using 

finite set statistics [325]. Variations of these methods have also been proposed such as the 

Probability Hypothesis Density (PHD) filter which propagates the first-order statistical moment, 

or intensity, of the Random Finite Set of states in time. The PHD filter uses a Poisson point process 

formulation to derive a semi closed-form recursion for propagating the first moment of the random 

set’s intensity. Even the PHD filter which propagates only the first moment instead of the full 

multi-target posterior, still involves multiple integrals with no closed-form solution in general, 

making it computationally intractable [330], and [325]. See for instance [331], [332], and [333]. 

 

 

B. Kernel Tracking  

 

Kernel tracking is done by computing the motion of the object, which is represented by a primary 

object region, from one frame to the next and can be categorized into the “temple and density-

based appearance models” and “Multiview appearance models”. Some examples of the methods 

for the former group are Template Matching, Mean-Shift, and Optical Flow. 

Template matching is a method of searching an image, for a region similar to the object template, 

defined in the previous frame (Given an intensity patch element in one image, search for the 

corresponding patch in another image). The position of the template in the current image is 

computed by a similarity measure (function), for instance, Cross-Correlation or Sum of Squared 

Differences (SSD).  Image intensity, color features, and image gradients can be used to form the 

templates. Template matching has a high computation cost due to the exhaustive search. To reduce 

the computational cost, the search of the object is limited to the vicinity of its previous position. 

Examples of the template matching application are [334], [335], and [336]. 

Mean-Shift (MS) is a non-parametric density gradient estimation which is used to tracking objects 

whose appearance is defined by color, edge orientations, texture, and motion. The MS is essentially 

a gradient ascent algorithm with an adaptive step size. The main idea of MS is to plot a 2D 

probability space where an object template can be located. Likewise, the template matching aims 

to locate the maximum in a 2D probability space in order to determine the location of a predefined 
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template. While both methods have the same concept, the MS speed up the process by comparing 

histograms instead of template pixel by pixel comparison [290].  

The weakness of both methods is the lack of flexibility when tracking is affected by the image 

perspective [290]. The template of a vehicle changes in size and resolution while passing through 

the image. Also, a template does not only consist of the vehicle but usually, a part of the 

background is present in the template. The template becomes less accurate when the vehicle is 

located in the depth of the image. So, the efficiency and accuracy of the process are decreased. 

Both methods need a large number of calculations and suffered from instability problems. As a 

result, losing the tracked object. The main reason for instability is the template update, while the 

vehicle moves towards the camera its shape becomes larger, and as a result, its resolution becomes 

better than the template’s [290]. Relevant works on this technique are [337], [338], and [339]. 

Continuously Adaptive Mean-shift (CAM-shift) is the best-known approach in the class of 

deterministic trackers [340]. The main difference between (MS) and (CAM-shift) is that (CAM-

shift) uses continuously adaptive probability distributions (distributions are recomputed for each 

frame) while (MS) is based on static distributions, which are not updated unless the object changes 

in shape, size or color [341]. Since (CAM-shift) does not maintain static distributions, spatial 

moments are used to iterate towards to mode of the distribution. This is in contrast to the 

implementation of the (MS) where target and candidate distributions are used to iterate towards 

the maximum increase in density using the ratio of the current (candidate) distribution over the 

target [341]. The choice of the starting point is obviously a critical factor in (MS) and (CAM-shift) 

trackers, which however are prone to the problem of local optima, which could be far from the 

actual object position [340]. 

Another approach to tracking a region defined by a primitive shape is to compute its translation by 

use of an Optical Flow method. The calculation of optical flow assumes brightness consistency 

between corresponding pixels in the scene [342]. There are various methods for calculating dense 

optical flow in an image such as Lucas and Kanade [343], Horn and Schunck [342] and etc. Optical 

flow-based tracking methods offer the promise of precise, accurate, and reliable analysis of 

motion, but they suffer from several challenges such as elimination of background movement, 

estimation of flow velocity, optimal feature selection, and significant computational overload 

[344]. This can be seen in [345], [346], and [347]. For tracking multiple objects the whole image 

is modeled as a set of layers (a single background layer and one layer for each object) [348]. Each 

layer consists of shape representation (ellipse), motion such as translation and rotation, and layer 

appearance, based on intensity. Layering is achieved by compensating the background motion such 

that the object’s motion can be estimated from the compensated image using 2D parametric motion 

[348]. See [348] and [349] for a detailed discussion. 

For the latter group in the kernel tracking category, different views of the object can be learned 

offline and used for tracking. For example in [350], the authors used the SVM classifier for 

tracking purposes. For SVM-based trackers, the positive examples contain the images of the object 
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to be tracked, and the negative examples contain all things that are not to be tracked (background 

regions). 
 

 
 
 
 

C. Silhouette Tracking 

 

The goal of a silhouette-based tracker is to find an object area in each frame by an object model  

(color histogram, object edges or the contour) generated using the previous frames. Silhouette 

tracking uses two main approaches; Shape matching is similar to template matching where an 

object silhouette and its related model is searched in the current frame. The search is performed 

by computing the similarity of the object with the model generated from the hypothesized object 

silhouette based on the previous frame. See for instance [351] and [352]. Contour tracking 

iteratively evolves an initial contour in the previous frame to its new position in the current frame 

[353]. This contour evolution needs that some part of the object in the current frame overlaps with 

the object region in the previous frame by using the state-space models (to model the contour shape 

and motion) or directly evolves the contour by minimizing the contour energy (using direct 

minimization methods such as gradient descent). Contour tracking methods have rarely been used 

for vehicle tracking, see for example [354], [355], [356], and [357]. The recovery of the 3-D pose 

of an object from its contour on the image plane is a difficult problem. Furthermore, the contour-

based algorithms are highly sensitive to the initialization of tracking [358]. 

 

  2.6  Conclusions of the state of the art  

 

Traffic surveillance is an important topic in ITS which improves traffic control and reduces the 

risk caused by accidents. Reliable and robust vehicle detection is a fundamental component of 

traffic surveillance. Because of the heavy traffic in these days, and complex environmental 

conditions in different roads and highways, vehicle detection may face various problems. At 

daytime, real-world video sequences vary in different illumination and weather conditions (sunny, 

snowy, rainy, foggy, and windy) or dusty weather in arid and semiarid regions [54]. Also,  the 

camera may vibrate due to wind or bridge movement. All of these making real-time vehicle 

detection a challenging task.  

Motion-based methods reduce the impact of dynamic background and are less affected by 

illumination variations [168]. To the best of our knowledge, background modeling based on 

parametric methods has a good performance for real-time vehicle detection systems [161], [222]. 
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Non-parametric methods are more reliable, however, they require a long pixel history to estimate 

the underlying density function [359]. Moreover, the methods which are used prior knowledge of 

vehicle (low-level features) have a lower computational cost and fast detection speed. Therefore 

they are well-suited to fulfill the real-time operation requirement. Generally, the advantages of the 

low-level features are that some features of the moving vehicle remain visible even in the presence 

of partial occlusion. Also, the same algorithm can be used for detection in daylight and low lighting 

conditions [360]. As mentioned before, there are several features which are used for vehicle 

detection, but not all of them always work well under bad weather conditions.  

On the contrary, the training based method has a low detection speed [239]. The iterative training 

of classifiers and data set collection are complicated even if they can be done in advance [158]. 

Various vehicle appearances make it difficult to train a unified detection model. Complex urban 

environments, bad weather conditions, and illumination changes will decrease the detection 

performance dramatically [324]. 

According to the review of the state of the art, vehicle detection is rarely tested under bad weather 

conditions [168]. Changeable lighting, weather conditions, and the complex background scene in 

the outdoor environments still represent significant problems to vehicle detection and proposed 

works have not reached the best accuracy yet. Therefore, traffic surveillance systems need efficient 

methods to deal with these conditions. On the other hand, the limitation of the field of view of the 

camera is the main drawback of vision-based vehicle detection methods. For extraction of real 

traffic information, lane occupancy and more, we need to know vehicle areas on the road. Different 

transformation mechanisms have been proposed by the researchers to obtain a top-view image 

(image without perspective) of the scene from a captured image [7]. By selecting the four points 

on the planer surface Homography can remove the perspective effect. However, the problem is 

how to select these points, as different points produce different solutions [7]. Additionally, there 

is another issue regarding how to estimate the Homography by 4 points correspondence. Various 

algorithms have been proposed for Homography estimation which has its own advantages and 

disadvantages [83], [84]. As indicated at [87], generating a top-view image using Homography 

produces undesired distortions. Small registration errors would accumulate quickly, leading to bad 

results when projecting points along the Homography [88]. The perspective effect can be removed 

by Inverse Perspective Mapping which gives a birds-eye view of the road ahead [6]. In fact, IPM 

has been used in many vision-based intelligent transportation systems and has been proven to be 

efficient for vehicle detection. However, it still presents some limitations when applied on the road 

[93]. By considering stereo cameras an extension is proposed to IPM transformation to remove the 

flat road assumption [106]. Using stereo IPM setup has disadvantages of calibration issues which 

tend to disrupt the perfect mapping of stereo images [93], [94]. Using two cameras is highly cost 

and adds computational intensity and power consumption to the system [94]. Also, a laser could 

be used in the fusion with a camera to produced the top-view image [93], but a system only based 

on the camera is cheaper and suitable [324]. 
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IPM transformation can be computed by extracting two road lines from a camera image, by 

estimating one or two vanishing points, or by the prior knowledge of two angles on the ground 

plane. The main problems of those methods are the vanishing point detection and the inverse 

perspective mapping process for each frame, resulting in high computational complexity [96]. In 

addition, detection of lane markings or vanishing point is a difficult task in the shadowy road and 

small error will be caused a big distortion in the top-view images [98]. 

The image quality is not good after the classic IPM transformation [7], [101], [93], [102], [93]. 

The geometric properties of objects in the distance are affected unnaturally by this non-

homogeneous mapping [93], [101]. As the result, this limits the performance and accuracy of the 

methods based on IPM [101], [93]. The complexity of the systems based on IPM is high [103]. 

Therefore, the initial values of the tilt and yaw angles of the camera are stored in the hardware 

system, and used in the next frames [103]. 

By using the original IPM to generate the top-view image, a horizontal straight line in the camera 

image will be projected to an arc on the world surface [104]. The new mapping equations, namely 

“FLIPM” is developed to produce better top-view images [104]. Also, TVTM transformation is 

proposed to increase the quality of Bird-eye view images [7] but, the method is not evaluated under 

different lighting and weather conditions. An extra reference system, namely “vehicle reference" 

system [93] is added to classic IPM and the method used the laser data to identify which pixel 

should be mapped. Therefore, the final transformation from the camera to the road is obtained as 

the product of a fixed camera to vehicle transformation and a dynamic (pitch, roll) vehicle to road 

transformation. As mentioned above, methods based on sensors fusion suffer from the 

disadvantages of high-cost. Furthermore, lasers are sensitive to the reflection of the object’s 

surface, especially in an outdoor environment [105].  

In the “boosted IPM” method [101] learning approach is used to generate a top-view image from 

a single camera. The effect of the boosted IPM for detection of road marking has been evaluated, 

and comparison results with classic IPM in terms of “quality” are illustrated only under normal 

weather conditions and low lighting scenes. However, the quantitative comparison of the boosted 

IPM with other methods in terms of “accuracy” is not analyzed. By using the training methods, 

the geometry of the scene can not be correctly recovered as they mentioned in failure cases. 

Furthermore, they trained and tested only one view direction of the camera [107]. The main 

drawbacks of using training-based learning methods are slower speed and dataset dependency [94].  

Although these approaches are efficient and well studied, their accuracy for vehicle detection is 

not so high [95], [53]. As top-view transformation is widely used in the field of traffic monitoring, 

vehicle and lane detections, ADAS applications, and more, then special care should be given to it. 

Accuracy and robustness of vehicle detection have a great significance in vehicle tracking and 

higher-level processing. In urban environments, slow-moving vehicles, lane changes, the 

variability in vehicle types, colors, and sizes [197], and adverse weather conditions will increase 
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the complexity of the tracking process and affect real-time performance. In this chapter, different 

groups of vehicle tracking have been studied. In general, tracking methods can be divided into 

three main categories.  

The first group, namely “point-tracking” methods which are used a lot by researchers in the ITS 

applications. In multiple vehicle tracking methods, we need to track multi-modal density 

distribution. Among probabilistic tracking approaches, KF assumes the state variables are 

normally distributed (Gaussian), but due to the variety of traffic and weather conditions, the 

intensities of the vehicles may follow non-Gaussian statistics and the movements of vehicles may 

follow non-linear dynamics. Therefore Kalman filter will give a poor estimation of the state 

variables that do not follow Gaussian distributions. The linearization of EKF introduces errors in 

the estimated states, so the results may not be appropriate. Also, EKF requires the evaluation of a 

Jacobian matrix, which is a computationally intensive component in the algorithm. UKF is a 

derivative-free method solving this problem by using a deterministic sampling approach (a 

minimal set of chosen sample points). These points, completely capture the true mean and 

covariance of the states and are propagated through the nonlinearity. However, UKF is still a sub-

optimal filter algorithm for a non-Gaussian model.  UKF is valid only if the posterior distribution 

can be closely approximated by a Gaussian distribution, which implies its unimodal characteristic 

while it is not true in nonlinear state-space systems. Particle Filter can adequately model the 

multimodal and non-Gaussian distribution. However, directly using the particle filter for tracking 

multiple vehicles is not possible because it can not identify individual modes. The particle set often 

collapses to one mode and discards all other modes [310], [311]. Using multiple particle filters for 

tracking multi-vehicles easily fail when similar vehicles interact. Also, this technique is not 

efficient way due to the dynamic number of vehicles on the road and an association process 

between measurements and different filters which increase the computational cost. Moreover, it is 

not an effective mechanism to handle the disappearance of objects and the issues of partial/full 

occlusions. On the other hand, the selection of good features is very important to increase the 

performance of the particle filter algorithm, when we are working with a complicated scene. A 

robust vehicle detection method should consider bad weather conditions and illumination changes 

as an important issue to deal with. 

Low-level features which based on prior knowledge of vehicles, are simple, efficient, fast, and 

have great usefulness in the vehicle detection process. On the other hand, local feature descriptors 

which are designed for a specific application-purpose must be able to deal with various objects 

and to be robust to the varying background but also be invariant to geometric and photometric 

transformation.  

According to the state of the art the changeable lighting, weather conditions, and the complex 

background scenes in the outdoor environments still represent significant problems to vehicle 

detection and to the best of our knowledge most of the proposed works have been proved limited 
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to urban areas and normal weather conditions and they have not reached the best accuracy yet 

under bad weather conditions. Therefore, the need for an efficient method is essential. 

In the traffic scenario, there is high variability in the shape, size, color, and appearance of vehicles. 

Due to that, vehicle detection based on classification methods become unreliable for viewpoints 

that are not trained. The construction of a huge database is very difficult work under various 

weather and illumination conditions for any type of vehicle [238]. The required image resolution 

and feature set influence the dimensionality of the feature vector, which in turn influences the 

required number of training examples for a given performance benchmark [238]. Moreover as 

stated in [239] training-based methods have a lower detection speed than the methods based on 

low-level features. On the other hand, training-based vehicle detection methods are not able to 

detect a vehicle, if its original appearance, shape, or design has modified by the owner, for instance,  

by painting a different pattern on the hood or trunk, changing the bumpers or grill, adding spoilers, 

adding neon lights below bumpers, and so on. 

The MHT maintains a complete hypothesis tree of feasible data association assignments between 

object tracks and incoming observations. It relies on the enumeration of hypotheses, the number 

of which grows exponentially considering all possibilities. JPDA considers associations that 

survive to the gate and combines these associations in proportion to their likelihoods. The 

limitations of the JPDA-based methods lie in their assumption of a fixed number of targets and 

their inability to initiate or terminate any track. The MHT and JPDA-based methods are usually 

preferred for tracking of few objects in a smaller number of consecutive frames or for tracking a 

single object over a longer period.  

Regarding the “kernel-tracking” group, template matching has a high computation cost due to the 

exhaustive search. To reduce the computational cost, the search of the object has to limited to the 

vicinity of its previous position. The mean-shift method speeds up the process by comparing 

histograms instead of template pixel by pixel comparison. The drawback of both methods is the 

lack of flexibility when tracking is affected by the image perspective. The template of a vehicle 

changes in size and resolution while passing through the image. Also, a template does not only 

consist of the vehicle but usually, a part of the background is present in the template. The template 

becomes less accurate when the vehicle is located in the depth of the image. So, the efficiency and 

accuracy of the process are decreased. Both methods need a large number of calculations and 

suffered from instability problems, as a result, losing the tracked object. On the other hand, Optical 

flow-based tracking methods offer the promise of precise, accurate, and reliable analysis of 

motion, but they suffer from several challenges such as elimination of background movement, 

estimation of flow velocity, optimal feature selection, and significant computational overload.  

Finally, in the “Silhouette-tracking” group, the shape matching method is similar to template 

matching where an object silhouette and its related model is searched in the current frame. The 

contour tracking method iteratively evolves an initial contour in the previous frame to its new 
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position in the current frame. The contour-based algorithms are highly sensitive to the initialization 

of tracking. 

In spite of the fact that robust vehicle detection is a challenging problem for urban traffic 

surveillance, it is a pressing matter for us to develop robust methods for detecting vehicles with 

high accuracy under different weather conditions. These conditions are hard to deal with, and many 

published works have not been working in such situations. In the following chapter, two novel 

methods addressing the above-mentioned shortcomings are proposed. The main drawbacks of 

using training-based learning methods are slower speed and dataset dependency [94], also, 

different weather conditions, different vehicle appearances, and poses make it difficult to train a 

unified detection model. Hence, in this thesis both proposed methods are training-free approaches 

that are not dependent on the availability of large datasets. 

The first approach namely, the VD-FCC method by a means of MIPM is presented in, section 3.1. 

The second approach namely, the VDT-VCC method which takes the advantages of the 

cooperative framework is presented in, section 3.2. Experiments are carried out in practical urban 

and interurban scenarios under various weather and lighting conditions. 
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3. ROBUST VEHICLE DETECTION UNDER DIFFERENT 

WEATHER CONDITIONS 

 

Intelligent transportation systems are becoming important due to the advantages they are providing 

every day. Extraction of traffic information, such as traffic volume, traffic density, lane width, lane 

changes, queue lengths, and vehicle classifications are a key part of intelligent transportation 

systems, and such information is used to manage the traffic. 

The extraction of real traffic information requires a highly accurate vehicle detection system. 

Monocular video-based methods are simple and fairly cost-efficient. However, the captured image 

exacerbated by the perspective and the geometric properties of the objects in an image which has 

been distorted in different lighting and weather conditions. Such distortions reduce the accuracy 

of the measurement and, in turn, the performance of the vehicle detection algorithms. To overcome 

such problems, a large amount of computational burden is imposed on the system, which mostly 

impedes the application of video-based algorithms in real-time traffic monitoring systems. 

On the other hand, vehicle detection is a very difficult task in complex environments. For instance, 

bad weather conditions in winter (snowy, rainy, windy, etc) or dusty weather in arid and semiarid 

regions, varying lighting conditions during a day and different speeds between vehicles in the 

urban environments make difficulties for high accurate vehicle detection and tracking.  

The aim of this chapter is to provide a step forward in the field of ITS, proposing a number of 

improved methods which can successfully cope with the existing challenges. Therefore, based on 

a monocular-camera the first method, namely Vehicle Detection with a Fix Camera Condition 

(VD-FCC) is presented in section 3.1. The MIPM is proposed to achieve better image processing 

results wherein the perspective effect is removed with high accuracy. A cooperative framework 

based on pixel and regional level analysis is developed. Accordingly, the spectral and spatial 

features are integrated and the latter analysis is carried out to extract the geometric features of 

vehicles and reducing the detection errors. Subsequently, a discrete differentiation operator is 

applied to the original image in order to get accurate information on vehicles. Finally, rule-based 

strategies are proposed to reduce the false-negative rate and provide the final detection results.  In 

this way, the method facilitated the way for the extraction of real traffic information and increase 

the accuracy of vehicle detection.   

The second method, namely Vehicle Detection and Tracking with a Vibrated Camera Condition 

(VDT-VCC) is presented in section 3.2. Parametric and non-parametric methods are tightly 

combined to refine the detection results (in adverse weather conditions) which consequently 

increases the accuracy of inter-frame correspondence by taking the advantages of different units.  
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Compared with currently existing approaches, the proposed methods demonstrate a robust increase 

in accuracy in each scenario. Evaluation performance of the proposed methods and the comparison 

with other existing methods are presented in chapter 4. 

 

3.1 VD-FCC  

3.1.1 Overview  

 

Video-based vehicle detection methods are fairly cost-efficient, simple, and more importantly, 

thanks to recent technological developments, widely available, but they cause some problems due 

to physical and technical limitations. Such as difficulties in acquiring good images due to 

perspective and background noise, poor lighting, and weather conditions. Furthermore, due to the 

limitations of the camera field of view (coming from position and orientation), several occlusions 

may appear in the real traffic images. These occlusions lead to miss detection and counting 

processes. Usually, to overcome such problems, a large amount of computational burden is 

imposed on the system, which mostly impedes the application of video-based algorithms in real-

time traffic monitoring systems. In order to achieve high vehicle detection accuracy under different 

weather conditions, urban and interurban areas, a new method namely, Modified Inverse 

Perspective Mapping (MIPM) has been proposed to accurately remove the perspective effect and 

extracted the structural information. Then a cooperative framework namely, VD-FCC  is 

developed based on two complementary analyses. It should be noted that MIPM does not require 

feature detection for generating the top-view images, which leads to a decrease in the 

computational complexity of the proposed method. 

In summary, the spectral and spatial features are integrated and the latter analysis is carried out to 

extract the geometric features of vehicles and reducing the false-positive rate. Subsequently, a 

discrete differentiation operator is applied to the original image in order to get accurate information 

on vehicles. Finally, several rule-based strategies are proposed to reduce the false-negative rate 

and provide the final detection results. On the other hand, the proposed VD-FCC method takes the 

advantages of MIPM and two-level analyses to extract the real traffic information which is a key 

goal of traffic surveillance systems. It opens the door to estimate, and collect traffic parameters 

with more accuracy which is useful for lane-level navigation researches such as traffic volume 

(rate), traffic density, queue length or lane flow, most lane used or lane change by a vehicle, 

violations of traffic rules, and etc. More details of each part are provided in the following 

subsections. The general structure of the proposed method is illustrated in Figure 16. 
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Figure 16, General structure of the proposed method.  

 

In the next chapter, the dataset and experimental results of the proposed method are presented. 

They have been used for the comparison of the different methods and validation. The performance 

of the method is evaluated through own recorded videos in Madrid and Tehran with different 

weather conditions in urban and interurban areas. The detection accuracy can be affected by 

different weather conditions and road positions. Thus, 100 samples (each sample consists of one 

frame) were selected randomly from different environments for each category. The evaluation is 

divided as follows: 

 Quantitative evaluation of the performance of the proposed method (VD-FCC) under 

different conditions. The number of detected vehicles by the proposed method, True 

Positive Rate, False Alarm Rate, Precision, and Accuracy are considered (Chapter 4). 

 To validate the selection of the solution, working with feature fusion (spectral and spatial 

features, namely “HSI color space and gradient information”) some comparisons with other 

methods have been carried out. Shadow detection performance has been evaluated using 

two ratios (the average values of the shadow detection rate (ƞ) and shadow discrimination 

rate (ε)). Moreover, the average processing time per frame is calculated between the three 

methods (Chapter 4). 
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 Comparison of the detection accuracy of the proposed (VD-FCC) with other vehicle 

detection methods in the state of the art which have been tested under different weather 

conditions as well. The results confirmed that, to the best of our knowledge, the proposed 

method is providing the highest detection rates in front of other published methods in 

almost all weather conditions (Chapter 4). 

 Comparison of computational performance of different vehicle detection methods in four 

key parts, including the CPU, sensor type, resolution, and runtime (Chapter 4).  

While many authors have employed geometrical transformations in order to ease the vehicle and 

road lane detection processes, however, different transformation mechanisms affect the accuracy 

of the vehicle detection process. In this thesis, several experiments have been devised to obtain 

quantitative results of the proposed MIPM.  

First, the quantitative results obtained from the accuracy of MIPM, IPM, and Homography 

methods are calculated using the area of the vehicles (Chapter 3). 

Second, generally, each proposed inverse perspective mapping method has different 

transformation mechanisms. Proposed MIPM is compared with TVTM [7], classic IPM [6] and 

FLIPM [8] transformations to prove its superior performance for increasing the vehicle detection 

accuracy under different weather conditions and show how other different transformation 

mechanisms affect the vehicle detection accuracy (Chapter 4). 

Third and last, the computational performance of the MIPM is compared to the IPM, and TVTM 

methods. 100 frames were selected randomly from different locations and conditions, and then the 

average transformation time for each method was calculated (Chapter 4). 

Moreover, Qualitative results of MIPM, IPM, and Homography methods are shown with a chess-

board and real images. First, the chessboard is placed in a known position in front of the camera, 

then three different transformations are applied to the image. The difference between the proposed 

MIPM, the classic IPM, and Homography methods can be simply demonstrated in Figure 18. 

Additionally, the three methods are applied to the real images in different traffic environments. 

The results are shown in Figure 19. 

The proposed method performs better than those traditional approaches for removing the 

perspective effect. The results indicate that the proposed algorithm is robust, and more accurate 

compared to others, especially when facing bad weather conditions and lighting variations in 

different environments. 

One of the main advantages of the proposed vehicle detection method is its simplicity. It is 

computationally inexpensive and can be used for real-time applications. In terms of time 
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consumption and efficiency, it is less time consuming and has a higher detection rate, 

outperforming others. Moreover, it is proved to be able to eliminate the perspective effect more 

accurately. The proposed method is not only an unsupervised, dataset independent, training-free 

approach but also is based on a monocular camera which provides a lower-cost system for the 

detection of vehicles under different weather conditions. As experimental results indicated,  higher 

accuracy is achieved by means of MIPM transformed image leading to an increasing vehicle 

detection performance. 

 

3.1.2 Pre-processing 

It is necessary to reduce the quantity of information to meet the real-time demand for vehicle 

detection. The Region of Interest (RoI) is selected to enhance speed (by a reduction in the image 

size to be processed) and the accuracy (by the elimination of non-vehicles outside the RoI) of the 

method. The RoI takes a consistent location in the whole video frame. Then, the conversion of 

color to the grayscale image is taking a place in this step. Features such as edges, blobs, regions, 

and junctions are maintained in the grayscale images while reducing the amount of data. As the 

result, reducing complexity from 3D pixel value (R, G, B) to a 1D value for the system. Also, the 

3 × 3  median filter (non-linear filter) is applied to remove the noise and improve the results for 

later processing, while it protects the edge of an image.  

 

3.1.3 Modified Inverse Perspective Mapping  

 

Obtaining information about the surrounding environment is a crucial task for artificial systems 

designed for autonomous navigation or driver assistance applications. On the image plane, where 

the 3D scene is projected, the effects of perspective will complicate most, high-level information 

retrieval problems [361]. In the last decade, improving the resolution of remapped images and 

increasing the accuracy of vehicle detection methods are two important topics between researchers. 

Inverse perspective mapping is a geometrical transformation of the family of re-sampling filters; 

the initial image is non-homogeneously resampled to produce a new image that represents the 

same scene as acquired from a different position [89]. The goal of IPM is removing the perspective 

effects caused by the camera. IPM affects the geometric properties of subjects in the newly 

produced image, as it produces a non-homogeneous image which means the image is not regular, 

and the environment and the vehicle area are not easy to analyze accordingly. Any two images of 

the same planar surface in space are related by a Homography, the Homography transfers points 

from one view to the other which causes the distortion in the image [83]. Generally, each inverse 

perspective mapping method has different transformation mechanisms, in the result, different 

effects on the accuracy of the vehicle detection process. Moreover, most of the proposed 
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transformation methods require the vanishing point detection" to generate the top-view images 

which lead to increasing the computational complexity of the method or need lane detection to 

perform the transformation mechanism, consequently limited their applicability (inapplicable for 

a road with low-visible lanes or roads without lane markings). Another group of methods achieved 

a bird-eye view by stitching images from four to six fisheye lens cameras or they are using a 

training-based method which has their own disadvantages as indicated in Chapter 2.  

 

In this way, we developed the modified inverse perspective mapping method to achieve better 

image processing results for the extraction of real traffic information and detection of vehicles with 

higher accuracy.  

 

3.1.3.1 MIPM transformation 

In this thesis, aiming at reducing the classic problem of perspective distortion, a new weighting 

schema proportional to the longitudinal and lateral directions has been used. Once applied the 

accuracy of vehicle detection is maximized using simple but effective image processing strategies. 

In order to take advantage of the MIPM transform, let's describe the following parameters: 

 W = {(x, y, z)} ∈ E3, Which represents the real world in a three-dimensional space (world-

coordinate system). 

 I = {(u, v)} ∈ E2, which represents the two-dimensional image space (image-coordinate 

system) which is obtained by projection of the original three-dimensional scene. The 𝐼 

space corresponds to the image taken by the camera, while, considering the flatness of the 

image, the remapped image is defined as the 𝑥𝑦 plane of the 𝑊 space, namely the 𝑆 ≜

{(𝑥, 𝑦, 0) ∈ 𝑊} surface. Given a coordinate of (u, v) in the image space, equation (3.5) 

return coordinates of the related point in the 𝑆 surface.  

 𝐸3and 𝐸2 are respectively 3-dimensional (3D) and 2-dimensional (2D) Euclidean space. 

 The position of the camera (optical center of the camera), and viewpoint are defined by 

𝐶 = (0,0, ℎ) ∈ 𝑊 and 𝐶 = (𝑙, 𝑑, ℎ) ∈ 𝑊, respectively. 

 Viewing direction (the optical axis �̂� ) defined by the angles �̅� which is formed between 

the optical axis �̂� and 𝑥 axis as depicted in (Figure 17 (a)) and, �̅� which is formed by the 

projection (defined by �̂�) of the optical axis �̂� on the plane 𝑧 = 0 and the axis 𝑥 as 

illustrated in (Figure 17 (b)).  

 2𝛼 and 𝑚 × 𝑛 are the aperture angle (field of view of the camera) and the resolution of the 

camera in pixels, respectively.  

 The vertical and horizontal angular apertures of the camera are shown in (Figure 17 (a)) 

and (Figure 17 (b)), respectively. For the non-square image, vertical and horizontal angles 

are not equal. 
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As, the captured road image position can be described, in terms of (𝑢, 𝑣) components, regarding 

its real position in the 3D world space (𝑋, 𝑌, 𝑍), where 𝑓 is the focal distance. 

                                      𝑓 =
𝑢𝑍

𝑋
   ,  𝑓 =

𝑣𝑍

𝑌
                                          (3.1) 

By prior knowledge of camera height with respect to the planar road, the width of two world points 

and their corresponding image points and a distance of the camera to those points the MIPM 

transformation is initialized. The height, and width of the recorded image plane (in pixel unit) are 

provided by the camera manufacturer then half-angle of camera view in the vertical, and horizontal 

directions are obtained as follows: 

                   𝛼 = 𝑎𝑟𝑐𝑡𝑎𝑛 (
𝑚/2

𝑓
)  ,     𝛼 = 𝑎𝑟𝑐𝑡𝑎𝑛 (

𝑛/2

𝑓
)                           (3.2) 

 

(Note that, in Figure 17 both half-angle of camera view in the vertical and horizontal directions 

are illustrated by 𝛼). 𝜃1̅̅̅ = arctan (
𝑥

ℎ
), and  �̅� is determined by defining �̅� + 𝛼 = 𝑎𝑟𝑐𝑡𝑎𝑛 (

𝑦

𝑥
). If the 

optical axis of the camera will be placed parallel with lane markers then �̅� = 0. Accordingly, 𝑙 and 

𝑑 are calculated as follow; 

 

                𝑙 = ℎ tan( 𝜃1̅̅̅ − 2𝛼)   and  𝑑 = 𝑥 𝑡𝑎𝑛(�̅� − 𝛼)                        (3.3) 

 

   

And �̅� is determined according to the camera view direction with respect to the 𝑥-axis.   

 

                             �̅� − 𝛼 = arctan (
ℎ

𝑥
)                                                    (3.4) 

 

 

Image coordinate system to S surface mapping 

MIPM uses the mapping from I space to S surface, as the following  

 

             

{
 

 𝑥(𝑢) = ℎ × 𝑐𝑜𝑡 [(�̅� − 𝛼) +
𝑢×2×𝛼

𝑚
] − 𝑙

𝑦(𝑢, 𝑣) = 𝑥(𝑢) × tan [(�̅� − 𝛼) +
𝑣×2×𝛼

𝑛
] − 𝑑

𝑧(𝑢, 𝑣) = 0

                              ( 3.5) 

Equation  (3.5) returns the point {(𝑥, 𝑦, 0) ∈ 𝑆}  corresponding to point {(𝑢, 𝑣) ∈ 𝐼}.  
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 𝑑, 𝑙, 𝜃, and �̅� are determined as mentioned above by analyzing the input image (as seen in Figure 

17). The proper functionality of the system comes from specifying the correct value of the angle 

𝜃. As an example, if 𝜃 is too small, it will overload the system with no necessary information. If 

𝜃 is too broad only a small area of the road will be transformed in the re-mapped image. 

As can be seen from equation (3.5) 𝑥-axis coordinate is only related to the value of the 𝑢-axis in 

the image coordinate system. Thus a row in the image coordinate system will be mapped to the 

same row in the 𝑆  surface. As a result, a horizontal line bending problem is solved. While 𝑦-axis 

coordinate is dependent on the value of the 𝑢 and 𝑣 axis in the image coordinate system, since 

𝑦(𝑢, 𝑣) includes 𝑥(𝑢) term.  

S surface to Image coordinate system mapping 

Equation (3.6),  transforms the pair (𝑥, 𝑦) to 𝑢 and 𝑣 within 𝐼 surface as follows;  

As we see in Figure 18 and 19 images obtained by MIPM are so much clearer than images by IPM 

or Homography methods, this clearness means it can be easily used in the detection, computations, 

and calculation of the vehicle area. 

                           {
𝑢(𝑥) =

m

2×𝑎
× (𝑎𝑟𝑐𝑐𝑜𝑡 [

𝑥+𝑙

ℎ
] − �̅� + 𝑎)

𝑣(𝑥, 𝑦) =
n

2×𝑎
× (arctan [

𝑦+𝑑

𝑥
] − �̅� + 𝛼)

                                   (3.6) 

 

           
          (a)                                                                                      (b) 

Figure 17, Coordinate system. (a) The 𝑧𝑥 plane; (b) The 𝑥𝑦 plane in the 𝑊 space, namely the 𝑆 surface. 

 

Several experiments have been devised to obtain qualitative and quantitative results of the 

proposed MIPM. 
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First, the qualitative results of MIPM, IPM, and Homography methods are shown with a chess-

board. It is placed in a known position in front of the camera (The camera angle with the horizontal 

axis is 45 degrees from empirical analysis), then three different transformations are applied to the 

image. The difference between the proposed MIPM and the classic IPM can be simply 

demonstrated in Figure 18. Although both IPM and MIPM remove the perspective effect 

simplifying subsequent calculations, MIPM shows a more homogeneous surface than IPM. A 

further comparison can be done between the MIPM and the Homography method, Figure 18 (d). 

The result, applying Homography, is not clear as much as MIPM. 

        

 (a) (b) 

        

 (c) (d)  

Figure 18, Differences of IPM, MIPM and, Homography methods (a) Original image; (b) IPM method; (c) MIPM method; (d) 

Homography method. 

 

Moreover, the proposed approach was tested several times in real road scenarios. Some examples 

of the qualitative results of MIPM transformation in the real road images are shown in  Figure 19. 

Images were captured from different environments and weather conditions, different camera 

angles, and hights.  
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 (a) (b) 

                   

                          (c)                                                                           (d)        

Figure 19 (a-d), The qualitative results of the remapped image obtained by MIPM. 

 

Figure 20 provides a qualitative comparison of the MIPM, IPM, and Homography methods. It is 

possible to observe that using MIPM to remap the images, geometric features of the road, and 

vehicles can be easier and more efficiently extracted from the remapped image compared to classic 

IPM and Homography methods which are produced several artifacts on the resultant images. Note 

that, Region of Interest (RoI) helps to reduce the computational complexity of the method. 
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     Original image                                       MIPM                                              IPM                                         Homography                          

(a) Normal weather condition, during the day 

 

                            

        Original image                        MIPM                                              IPM                                         Homography                          

(b)Normal weather condition, sunset time 

 

                      

     Original image                                       MIPM                                              IPM                                         Homography                          

(c)The high way structures without any vehicles 
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       Original image                                     MIPM                                              IPM                                         Homography                          

(d) Rainy weather condition, sunset time 

 

                      

          Original image                         MIPM                                              IPM                                         Homography                          

(e) Sunny weather condition 

Figure 20 (a-e), The qualitative results of the remapped images by MIPM, IPM, and Homography methods. 

 

Different mapping methods have a different transformation mechanism. The similarities and 

differences of IPM, MIPM, and Homography methods for generating the top-view image are as 

the followings: 

The IPM and MIPM are using the intrinsic (focal length, optical center) as well as the extrinsic 

camera parameters (pitch angle, yaw angle, height above the ground), while Homography will not 

directly use the camera parameters as IPM and MIPM [85, 86, 362]. However, the Homography 

requires a minimum of four corresponding point pairs in the original image as well as the 

transformed image to compute a matrix mapping. The problem of the Homography is arising here 

which is that how to select four points, as different points produce different solutions [7, 362]. 

Small registration errors would be accumulated quickly, leading to bad results when projecting 
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points along the Homography [88]. Additionally, there is another issue, how to estimate the 

Homography by these points correspondence. Various algorithms have been proposed for 

Homography estimation which has its own advantages and disadvantages [83], [84]. Changing in 

a location of bird-eye view which is generated by Homography requires another four points. 

However, for IPM and MIPM the parameters of the camera need to be changed [85, 362]. 

Moreover, the quality of generated top-view images is different which can be seen in the above 

Figures. The MIPM approach has generated a more detailed road view which led to having robust 

and accurate vehicle detection (Chapter 4). While the distorted and blurry images resulting from 

the Homography and IPM methods lead to a decrease in the accuracy of vehicle and road 

detections. The MIPM does not require "feature detection" or "vanishing point detection" to 

generate the top-view images, which leads to a decrease in the computational complexity of the 

method. Additionally, MIPM is unsupervised, data set independent, a training-free approach which 

can be replaced with any state-of-the-art transformation mechanism to improve the robustness and 

detection accuracy of traffic-monitoring-oriented systems. Tables 1 and 2 indicate the comparative 

advantages of MIPM against IPM and Homography methods. 

Table 1. Comparable advantages of the proposed method against IPM and Homography. 

1 The perspective distortion is reduced. 

2 Vehicle detection accuracy is maximized through simple but effective MIPM strategies (chapter 4). 

3 The image obtained by MIPM is much clearer than those obtained by IPM and the Homography method 

(Figures 18 and 20); this clearness means it can be easily used in computations and calculation of actual 

geometrical measurements, extraction of traffic information and etc.  

4 It can be seen that MIPM shows a more homogeneous surface than IPM, so it can be easily analyzed for 

subsequent calculations (Figure 20). 

5 When using MIPM to remap images, geometric features of the road and vehicles can be easier and more 

efficiently extracted from the remapped image compared to the IPM version (Figure 20). 

 

Several experiments have been devised to obtain quantitative results of the proposed MIPM and 

will be offered in this chapter and the next one. 

 

3.1.3.2. Quantity performance  

The performance of the proposed MIPM has been compared with the classic IPM and the 

Homography methods. Several consecutive frames with different types of vehicles in different 

locations and conditions were randomly selected. Then, MIPM, IPM, and Homography methods 

are applied to the images. Using the pixel-level analysis block in Figure 16, the areas of the 

vehicles were calculated (measured area in the transferred images, -in pixels- converted into 
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centimeter). In this thesis, the area of the vehicles is used as a measure to evaluate the performance 

of IPM, Homography, and MIPM. So, equation (3.7) is used to normalize the vehicle’s area. In 

summary, the area of the vehicle is compared to the first frame (base area of vehicle). 

 

Area Normalization (AN) =
Area of vehicle 

Base area of vehicle
                (3.7) 

 

The average of computed (AN) in each increasing frame, using MIPM, IPM and Homography are 

shown in Figure 21. MIPM performance is similar to IPM and Homography methods in the first 

frames, but it is different in the following ones. Variations of the vehicle area along with its 

direction show that MIPM is not only able to successfully remove perspective with a suitable scale, 

it can also create better estimations for the moving objects. As the results indicated our MIPM is 

more accurate than IPM and Homography methods, due to its better clarity and transparency. Note 

that, in this quantity analysis, the vehicles start moving from near the camera to far from it. 

 

 

Figure 21, Comparison of the vehicle area variation along with its direction using three methods. 

 

Hence, it can be inferred that MIPM outperforms IPM and Homography methods as 

aforementioned in Table 2. 
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Table 2. Main features of MIPM for vehicle detection. 

 

 

 

 

 

 

 

 

As quantitive and qualitative results indicated, image qualities after IPM and Homography 

methods are lower than MIPM. Such differences clearly demonstrate the advantage of the 

proposed MIPM. The elimination of the perspective effect is done with more accuracy, allowing 

much more efficient and robust vehicle detection implementation with the proposed method. 

Further comparisons between different transformations are presented in Chapter 4. 

 

 

 

 

3.1.4 Extraction of structural information  

A. Lane Detection 

In order to recognize the real traffic information on the roads such as vehicle queue or lane density, 

and road safety applications detection of lane marking plays a key role. Also, in order to 

discriminate between vehicles and other moving objects near the road, lane masking is used as a 

Region of Interest for vehicle detection in the next step. Greyscale images obtained from the 

proposed MIPM transformation are used for lane detection, Figure 22 (a). As road lanes consist of 

line boundaries, the lane detection problem is converted to line detection. For edge-based line 

detection purposes, a discrete differentiation operator, namely the “vertical Sobel” was chosen 

because of its smoothing and differencing properties to apply to the MIPM image, Figure 22 (b). 

Then, we keep only high bright values by thresholding. Figure 22 (c) illustrates the image without 

noise after thresholding which is set experimentally.  

 

1 The area of the vehicles is almost constant in each location. 

2 The measured distances between vehicles are more accurate (for ADAS 

systems). 

3 The measured distances between the vehicle and camera are more accurate. 

4 The measured width of the road and the vehicle is more accurate. 
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 (a) (b) (c) 

Figure 22 (a-c), Applying vertical Sobel operator, (a) Result of MIPM transformation, (b) Vertical Sobel edge detection, 

(c) After thresholding. 

 

Once Sobel edge operator and thresholding are applied, the result is used to detect the lines based 

on the accumulation in parametric spaces.  

 

B. Locating the straight lines  

The aim of this stage is to locate the straight lines on the lanes. The Hough transform (HT) is 

considered a powerful tool in edge linking for line extraction and it is quite insensitive to noise 

which is a very good strategy when a video is captured under varying weather conditions. This is 

done by determining local patterns, ideally a point (maximal accumulation), in transformed 

parameter space [363]. Let's consider a binary image which contains non-zero pixels that lie along 

a straight line as illustrated in Figure 23. A straight line is described as  

                                            𝑟 = 𝑥𝑖. 𝑐𝑜𝑠 𝜃 + 𝑦𝑖 . 𝑠𝑖𝑛 𝜃                                           (3.8) 

Which can be rewritten as 

                                              𝑦𝑖 = −
𝑐𝑜𝑠 𝜃

𝑠𝑖𝑛 𝜃
 . 𝑥𝑖 + 

𝑟

𝑠𝑖𝑛 𝜃
                                           (3.9) 

Where (𝑥𝑖, 𝑦𝑖) are the coordinate of the non-zero pixels, the parameter 𝜃 Theta (radians) is the 

angle of the line with the range of −
𝜋

2
 ≤ 𝜃 < +

𝜋

2
 and indicates the spacing of Hough transform 

bins along the theta axis. The parameter 𝑟 Rho (pixels) is the distance from the line to the origin 
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and indicates the spacing of the Hough transform bins along the rho-axis. The Hough Transform 

determines the values of 𝑟 and 𝜃 that describe the line.  

 

Figure 23, (𝑟, 𝜃) Parameterization of line in 𝑥𝑦 plans. 

The main advantage of the Hough transform is that the pixels lying on one line need not all be 

contiguous. This is a very useful feature when the Hough transform is used to detecting the lines 

on the road with short breaks in them or breaks due to noise or when vehicles/objects are partially 

occluded the road lines. In order to give a better fit for the lanes, geometrical analysis are 

considered in this work. Performing a geometric check will increase the detection accuracy of the 

real road lines. 

First, in order to choose road lines, two thresholds are applied. In other words, to extract local 

maxima or bright points in the Hough space, the system takes advantage of the accumulator array 

thresholding. Local maxima whose values were equal or greater than some fixed percentage of the 

global maximum value are considered. The threshold for “local maxima” 𝑇ℎ𝑙𝑚= 75 and “gap 

allowed” (number of pixels) = 50 have been selected as the outcome of the experimental results. 

Second, in order to select the near-vertical lines on the road a restricted space (−10 < 𝜃 < 10 )  

is chosen for most of the scenes.  Third, in order to group the nearby lines, a user-defined threshold 

is selected. A distance between two lines must be larger than a proper parameter. Forth, in order 

to combine a broken line of the same lane, we considered the slopes of them and the property of 

the broken lines. So, two line segments which belong to the same lane, the bottom or top point of 

a line should be located on the extended line of other, and also the slope of them should be 

approximated the same. Note that, depending on road type a small error will be considered. Finally, 

the detected lines should be approximated parallel to each other and the width distance between 

them approximated be the same. Figure 24 (a) shows the result of the Hough transform in 

accumulator space. The white spots (local maxima) are peaks which corresponded to the pair (𝑟, 𝜃) 

that describes the road lines in the image. Figure 24 (b) shows the final result of line detection. 

The road lines are transferred and overlaid on the MIPM image.  
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(a)                                                                                             (b) 

Figure 24 (a-b), (a) Accumulator array with four local maxima, (b) Road lines detection. 

 

Another example of road lines detection where lines are transferred and overlaid on the MIPM 

image is shown in Figure 25 (c). Also, the top and bottom of the lines are extended to the edge of 

the image to provide a full lane mask. For increasing the accuracy of lines detection, this step can 

be applied to the frame as much as possible without any vehicle as illustrated in figure 25 (b). As 

shown in Figure 25 (d, e and f) road lines were chosen to define lane areas. In order to evaluate 

the accuracy of line detection, each detected lane boundary is compared (overlapped) to ground-

truth lanes. This is generated by marking the individual lane marker locations in the MIPM images. 
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   (d) (e) (f) 

Figure 25 (a-f),  Lane detection, (a) Original image and remapped one by MIPM; (b)Remapped image of the road without 

vehicles; (c) Detected lines; (d) lane1; (e) lane2; (f) lane3. 
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Note that, frames with too many occlusions on it (several vehicles occluded each other in a traffic 

jam, or full occlusions by big vehicles) were discarded.  

 

3.1.5 Vehicle extraction 

With the fast-growing number of vehicles and traffic accidents in urban and interurban 

environments, robust vehicle detection is very important for traffic monitoring and traffic 

management centers all over the world. In the proposed method, two complementary analyses, 

namely pixel-level analysis, and region-level analysis are developed and applied to the MIPM 

images to produced a more accurate region of vehicles.  

Pixel-level analysis 

In this block, the method takes the advantages of several spatial and spectral features for vehicle 

extraction. To deal with the background variations due to illumination changes, the noise caused 

by adverse weather conditions, and dynamic background objects, the statistical model is used in 

the first stage to represent the spectral feature at each background pixel. In the second stage, the 

mask which is produced previously is analyzed based on another spectral feature. Afterward, 

spatial analysis is performed. As a result, efficient fusion which is applied to the MIPM images 

produced vehicle regions more accurately. In the following, each part of the method will be 

explained with more details. 

First stage; one effective way of vehicle extraction is to suppress the background pixels in the 

image frames. The spectral feature (gray-scale) is used to describe the background at each pixel. 

To deal with noise, illumination variations, and non-stationary background pixels the statistical 

model is considered to represent the spectral feature. In a scene with completely static background 

pixels, the pixel intensity can be modeled with a Normal distribution. A single Gaussian model 

can adapt to slow changes in the scene by recursively updating the model. However, in our 

recorded dataset, the background of the scene contains non-static objects such as tree branches 

whose movement depends on the wind. This background motion causes the pixel intensity values 

to vary significantly with time, as a result, the intensity distribution is multi-modal. GMM is known 

to be the most accurate approximation which is capable of handling multimodal distributions 

caused by real-world application issues such as shadows, swaying branches, and secularities. 

GMM-based methods are able to successfully handle gradual lighting changes as they slowly 

adjust parameters of the Gaussians [364, 365]. Also, they require much less storage capacity 

(unlike other methods such as median value) due to the fact that they do not need to store numerous 

preceding frames. When the background reappears in the image, GMM responds fast and recovers 

quickly. GMM automatically creates a pixel-wise threshold which is generated to flag potential 

points as a moving object.  
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GMM is a parametric probability density function. The pixel intensity is modeled by a mixture of 

𝑘 Gaussian distributions. The probability that a certain pixel has intensity 𝑋𝑡 at time 𝑡 is estimated 

as: 

                 𝑃(𝑋𝑡) =  ∑ 𝜔𝑖,𝑡ƞ( 𝑋𝑡  , µ𝑖,𝑡 , ∑ 𝑖, 𝑡 )
𝐾
𝑖=1                                      (3.10) 

Where 

∑𝜔𝑖,𝑡 = 1

𝑘

𝑖=1

 

The parameter 𝐾 is the number of Gaussians. Stauffer and Grimson [122] proposed to set 𝐾 from 

3 to 5. In inclement weather, which includes snow, wind, and rain 𝐾 = 4 or 5 are used to control 

the movement of snow, blowing leaves, and so on. Additionally, the experimental result indicates 

that if 𝐾 is 5 in situations involving slow speed or pause of the vehicles (because of the heavy 

snow), the extraction of foreground regions is more clear. 𝜔𝑖,𝑡 is a weight associated to the ith 

Gaussian at time 𝑡 with mean µ𝑖,𝑡  and ∑ 𝑖, 𝑡 is the covariance matrix of the ith Gaussian in the 

mixture at time 𝑡. ƞ is a Gaussian probability density function as follow: 

 

ƞ ( 𝑋𝑡 , µ𝑖,𝑡 ,∑𝑖, 𝑡 ) =  
1

(2𝜋)
𝑛
2 
  | ∑ 𝑖, 𝑡 |

1
2

  𝑒−
1
2
 ( 𝑋𝑡 − µ𝑖,𝑡 )∑ ( 𝑋𝑡

−1
𝑖,𝑡 −µ𝑖,𝑡  ) 

                                                                                                                   (3.11) 

𝑖 = 1,… , 𝑘 
 

Where 𝑛 is the dimension of 𝑋𝑡  and  ∑ = 𝜎𝑖,𝑡
2

𝑖,𝑡 I. As soon as the initialization of the parameters 

is made, foreground detection can be performed, then the parameters will be updated. In this thesis, 

for the initialization of the weights, the mean and covariance matrix, the k-means algorithm is used 

[122]. The 𝑘 distributions have descending order according to the value of  
𝜔𝑖,𝑡

𝜎𝑖,𝑡
. (A background 

pixel corresponds to a high weight with a weak variance, because the background is more present 

than moving vehicles and that its value is practically constant). The first 𝐵 Gaussian distributions 

which greater than threshold 𝑇 (a fraction between background and foreground distribution) are 

maintained for a background distribution while others considered for a foreground distribution. 

Note that, 𝑇 is based on the background scene and the number of components in the Gaussian 

mixture model. In this work, according to the testing procedure, it is set to 𝑇 = 0.78.  𝑇 = 0.1 

leads to the situation that all background distributions are not covered and 𝑇 = 0.9 leads to the 

situation in which the foreground distribution is combined with the background distribution. 

                              B = argminb ( ∑ 𝜔𝑖,𝑡  > T )
b
i=1                               (3.12) 
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For a new frame at the next time slot, every pixel value 𝑋𝑡  is checked with existing 𝑘 guassian 

distributions until a match is found A pixel matches a gaussian distribution if;  

𝑖𝑓 𝑠𝑞𝑟((𝑋𝑡+1 − 𝜇𝑖,𝑡)
𝑇 .∑. (𝑋𝑡+1 − 𝜇𝑖,𝑡)) 

−1

𝑖,𝑡

< 2.5 𝜎 𝑖,𝑡  {
𝑌𝑒𝑠      𝑖𝑓 {

𝑔𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛𝑠 𝑖𝑠 𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑑 𝑎𝑠 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑   𝑡ℎ𝑒𝑛     𝑋𝑡 = 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑  
𝑔𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛𝑠 𝑖𝑠 𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑑 𝑎𝑠 𝑓𝑜𝑟𝑔𝑟𝑜𝑢𝑛𝑑     𝑡ℎ𝑒𝑛       𝑋𝑡 = 𝑓𝑜𝑟𝑔𝑟𝑜𝑢𝑛𝑑      

          

 𝑁𝑜            𝑋𝑡 = 𝑓𝑜𝑟𝑔𝑟𝑜𝑢𝑛𝑑                                                                                                                                                 
               

                                                                                                                   (3.13) 

𝜎 𝑖,𝑡: Standard deviation of the distribution      

So, a binary mask is obtained. Afterward, for doing the next foreground detection, the parameters 

should be updated. If a new pixel value matches with one of the existing Gaussians (3.13), that 

Gaussian’s  µi,t+1  and  σi,t+1 
2  are updated as follow:   

 

                                µi,t+1  = ( 1 −  ρ)µi,t  +  ρ. Xt+1                                         (3.14) 

                 σi,t+1 
2 = (1 − ρ )σi,t 

2 +  ρ ( Xt+1 − µi,t+1 ). ( Xt+1 − µi,t+1 )
T            (3.15) 

 

Where,  

ρ =  α ×  ƞ ( Xt+1  , µi ,∑ i) 

Prior weights of all guassians are adjusted as follows:  

                                     𝜔𝑖,𝑡+1 = ( 1 −  α )𝜔𝑖,𝑡 +  α(𝑀𝑖,𝑡+1)                                  (3.16) 

 

α : Constant learning rate. 

 ρ:  Calculated learning rate. 

(Mi,t+1) = 1 for matching guassian. 

(Mi,t+1) = 0  for all others. 

µ𝑖,𝑡  : Mean  

𝜎𝑖,𝑡
2 : Variance 
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A slowly changing background needs a small learning rate and a fast-changing background needs 

a larger learning rate. α =  0.1 is used in this work. If a current pixel value does not match with 

any of 𝑘  existing Gaussians then the least probable distribution 𝑘 is replaced with a new one. 

Hence,  

                         𝜔𝑘,𝑡+1 = 𝐿𝑜𝑤 𝑝𝑟𝑖𝑜𝑟 𝑤𝑒𝑖𝑔ℎ𝑡                                           (3.17) 

                                         µk,t+1 = 𝑋𝑡+1                                                    (3.18) 

                                          σk,t+1 
2 = ℎ𝑖𝑔ℎ 𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒                                     (3.19) 

 

As soon as the parameters maintenance is made, foreground detection can be made, and so on. 

Note that, the area restriction is applied in the results, so the small blobs (related to a small part of 

vehicles which are near the edge of the image) will be deleted. Figure 26 shows the detection of 

vehicles in lane 1 (the first at the left side of the image) of the highway in consecutive frames.  

 

Figure 26. Detection of the vehicle in lane 1 of the highway, first row; Remapped by MIPM, second row; the detected vehicle in 
lane 1 in the consecutive frames. 

 

However, to improving accuracy, the second stage is applied to the obtained results.  

Second stage; Generally speaking, Gaussian Mixture models suffer from a major disadvantage. 

Shadows sometimes are detected as part of the vehicle. This phenomenon is caused by the fact that 

shadows demonstrate movement patterns that are the same as the main moving object and also 

represent a magnitude of intensity change similar to them. On the other hand, using the spectral 

feature based on grayscale is not possible to determine accurately the vehicle region because of 

the shadow. Therefore in order to have a successful application, it is of utmost importance to 

choose a color space with a separation of intensity and chromaticity. It has been proven that a 

robust shadow detection algorithm needs, a suitable color space. HSI (Hue, Saturation, Intensity) 
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color space has the best performance for the shadow detection algorithm [251]. In this thesis, the 

spectral feature based on HSI color space has been proposed. This selection provides a natural 

separation between intensity and chromaticity [366] for the proposed method and leads to better 

detection ability of the algorithm.  

Hue (H) represents the purity of the color. Saturation (S) represents the measure of the degree to 

which a pure color is diluted by white light and Intensity (I) is the gray-level value of the color 

which quantifies the intensity. Hue and Saturation show Chrominance information, while Intensity 

represents the gray-level Luminance information [366]. It has been observed that the value (I) of 

the shadow pixel is lower than of the pixels in the background reference image. Regarding the 

chromaticity cues, a shadow cast on the background shows limited changes in its value (H). It 

should be mentioned that if the shadow was cast on a point, the value (S) of the point would 

decrease within a certain limit. To sum up, for removing the candidate shadow pixels from vehicles 

regions, the component values of HSI color space for each pixel position are thresholded as 

following; 

The Difference of the saturation value of pixel position in the frame and background reference 

image should be less than the pre-defined threshold which is set to 0.1 by trial and error. 

The absolute difference of the hue value of pixel position in the frame and background reference 

image should be less than the pre-defined threshold which is set to 0.2 by trial and error. 

Regarding the intensity component, the value of the pixel position in the frame is divided by the 

value of pixel position in the background and two thresholds are considered by trial and error. If 

the result is between 0.7 and 0.9, then the pixel will be considered as a shadow pixel. The lower 

bound of the threshold controls the change of lighting conditions (intensity) which is used to define 

a maximum value of shadow effect (darkness) on the background, while the upper bound prevents 

the detection of noise as shadows or the points of the background which was dark. We observed 

that in the testing sequence under sunny weather conditions, where there are strong shadows, both 

values should be smaller. These three thresholds complement each other very well to identify the 

shadow pixels. Note that, multiple values have been tested for several thresholds and the best 

results in all tested sequences are obtained. 

 

In some cases, shadow areas are separated into pixels or separate regions. Therefore, a connected 

component analysis has been used to grouping these areas. The main drawback of using the only 

spectral feature is dependence on thresholding. The selection of higher threshold values decreases 

the detection rate. On the other hand, the selection of lower values decreases the discrimination 

rate, while increasing the false positive rate for shadow areas, for instance, in the case of a vehicle 

with similar chromaticity to its background image. Moreover, by using the spectral feature the 

candidate mask for the shadow region is created, however, there are some pixels of vehicle edges 
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in the selected areas. Therefore, the spatial feature is included to remove the vehicle pixels from 

the candidate shadow areas. Edges and gradients are good illumination invariant features as 

indicated in [367, 368]. As shadow keeps the underlying texture, shadow pixels have a high texture 

correlation to the background reference image (obtained from the first stage). For all pixel 𝑠 =

(𝑥, 𝑦) in the candidate shadow areas, selected by spectral feature, gradient information (as 

explained in section 3.2.4.2 using the Sobel method) is calculated as follows: 

                 |𝛻𝑠 | = √∇𝑥
2 + 𝛻𝑦

2                                                        (3.20) 

                 θs = arctan2(
Vertical gradient ∇y

Horizontal gradient ∇x
)                              (3.21) 

 

|∇s|: Gradient magnitude 

θs: An angle of gradient direction (−π, π) 

∇x: Horizontal gradient which is a difference of intensity of the pixel and pixel in the next column. 

 ∇y: Vertical gradient which is a difference of intensity of the pixel and pixel in the next row. 

First, the pixels with gradient magnitude greater than a threshold are selected to avoid the effect 

of noise (this selection provides pixels, which are near the edges and have more information of 

texture). Then, the difference in gradient direction ∆𝜃𝑠 between the selected pixels in the frame 

and background, and also the correlation between them are obtained as follows: 

 

            ∆𝜃𝑠 = arccos (
(∇𝑥
𝑓
𝛻𝑥
𝑏+∇𝑦

𝑓
𝛻𝑦
𝑏)

√(𝛻𝑥
𝑓2
+𝛻𝑦

𝑓2
)(𝛻𝑥

𝑏2+𝛻𝑦
𝑏2)

)                               (3.22) 

Gradient Direction Correlation (GDC) thresholding indicates pixels with similar gradient direction 

in the background and selected pixels in the frame. 

 

𝐺𝐷𝐶 = (∑ 𝐹(𝑇𝛽 −
𝑛
𝑠=1 ∆𝜃𝑠))/𝑛        ,           𝐹(𝑇𝛽 − ∆𝜃𝑠) ={

1                     ∆𝜃𝑠 ≤ 𝑇𝛽  

0                              𝑒𝑙𝑠𝑒
 

(3.23) 

𝑛: Number of pixels in the shadow area 

Function 𝐹 is the shifted unit step function and 𝑇𝛽 is the threshold. 
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If 𝐺𝐷𝐶 > 𝑇 = 0.80 then; the candidate area is considered as a shadow. So, in this way, the shadow 

pixels and vehicle pixels such as the edge between shadow and vehicle (which incorrectly included 

in the candidate shadow areas) are separated. Finally, shadow regions are removed from vehicle 

areas. Figure 27 illustrates the shadow removal steps. Extracted vehicles may have included 

shadow pixels as shown in Figure 27 (a). Then, the original (MIPM) image superimposed on the 

result of  Figure 27 (a). Manual interpretations of vehicle regions are shown in Figure 27 (b) as the 

ideal vehicle detection, therefore the ground truth for shadow regions is generated. Figure 27 (c) 

illustrates detected shadow regions in the consecutive frames which is displayed in white pixels. 

Finally, the detected vehicle is presented in Figure 27 (d) which is obtained by the difference 

between columns (a) and (c). Note that, under the strong sunny conditions, the static cast shadows 

of buildings and trees (if there is any) which are not detected as moving objects in the first stage, 

are included in the background image.  

 

 

(a) (b) (c) (d) 

Figure 27 (a-d), Shadow removal. (a) Detected vehicle in consecutive frames; (b) Ground truth; (c)Final shadow detection; (d) 

Results of the difference between the final shadow images and the (a) column. 

 

The pixels of the vehicle may include some holes due to noise or illumination artifacts, therefore 

the morphological operations (erosion and dilation) are used to enhance the image. As a 

consequence, filling the small holes, restoring images without noise, and vehicles with contours. 

The result after morphological operations is shown in Figure 28 which is included the white blob 
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represented the vehicle in the black background. This aims to prepare the results to extract the 

geometrical features of the vehicle (the actual area/region).  

 

Figure 28,  (a) Binary segmentation, (b) After morphological operations. 

 

3.1.6 Regional-level analysis 

 

 Extraction of geometric features 

The regional-level analysis takes a place to extract the geometric features of vehicles, such as area, 

width, height, and geometric center of blobs, Figure 29. To obtain the position of a blob in the 

MIPM images, the geometric center is determined by means of “regionprops” and “centroid” 

functions in MATLAB. Then, each geometric center is considered as a vehicle in consecutive 

frames, as shown in Figure 29 (c). The path of a vehicle can be obtained by aligning its geometric 

centers in the consecutive frames, Figure 29 (d).  
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             (a) (b)                (c) 

 

(d) 

Figure 29 (a-d), Geometric center, (a) Binary images; (b) Geometric centers (red points);  (c) Aligning the geometric centers 

(white points); (d) Path of the vehicle (path tracking by frame-by-frame evaluation of blob centers). 

 

Rule-based analysis has a clear and simple syntax and is a natural interface with human experts, 

which can be incremented by simply adding new rules. It is useful for systems when many factors 

must be considered concurrently (i.e. different weather and environmental conditions, occlusions 

between vehicles, and false-positive detection from the pixel-level analysis). Hence, for increasing 

the accuracy of the detection results, the proposed method takes advantage of several rule-based 

analysis in the MIPM image and original image. Segmented areas from the pixel-level analysis 

can result in false positives, which can be reduced in the regional-level analysis. To reduce the 
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false-positive rate a lower width of each blob is considered to remove the area with a small width 

as non-vehicle areas1. 

 

Figure 30, Example of a blob with the width of the lower part. 

Figure 30 illustrated the example of a blob with the positions of the leftmost and rightmost points 

of its lower width. So, in the case of the segmentation of a non-vehicle region in the pixel-level 

analysis, it is filtered as a result (Figure 31 (c)). Next, bounding boxes are overlapped on the 

remaining blobs (Figure 31 (d) and (g)). Note that, in the evaluation of the detection performance, 

we do not consider motorbikes, humans, and any other objects as targets.  

 

     

(a) 

                                                             

1 The mean of the lower width of blobs is considered as a threshold for removing the small blobs as there is a big difference between 

the lower width of the vehicles and motorbikes.   
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 (b) (c) (d) 

              

                                      (e) (f) (g) 

Figure 31,  (a and e) MIPM image, (b and f) Geometric centers of moving objects, (c) Restriction based on the width of the blob, 

(d and g) overlapped bounding boxes. 

 

Estimation of real traffic information has been identified as an important task within traffic 

control and monitoring. The proposed method takes the advantages of MIPM to extract the real 

traffic information which is a key goal of traffic surveillance systems. It opens the door to estimate, 

and collect traffic parameters with more accuracy which will be useful for lane-level navigation 

researches. The results of previous blocks and the information of the obtained lane mask can be 

used to find out the percentages of lane occupancy, most occluded lane, traffic flow, and density 

estimation, most lane used or lane change by a vehicle, violations of traffic rules, and etc. 
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In order to have a vehicle detection system, the geometric features of obtained bounding boxes in 

the MIPM image is transferred to the original image with the back-projection (back-transform). 

Figure 32 illustrated the recognized vehicles in the original image with yellow bounding boxes. 

 

              

 (a) (b) (c) 

               

 (d) (e) (f) 

Figure 32 (a-f), Coarse detection of vehicles under different weather conditions, normal weather, sunny weather (morning), 
sunny weather (afternoon), rainy weather, snowy weather, low lighting at sunset, (a-f) respectively.  

At this point, for increasing the accuracy of the coarse results, the proposed method takes the 

advantages of the Sobel edge detector (as there is a high difference in edge density between a 

vehicle and background). Hence, each region is expanded, and vertical and horizontal Sobel edge 

detection is performed to refine the bounding box sizes as proposed by authors in [171]. First, the 

high peak (local maxima) is selected from the upper side in the horizontal edge histogram. In this 

way, the hight of the bounding box is fitted, then the first two peaks (local maxima) from the left 

and right sides of the vertical edge histogram are selected to refine the vertical boundaries of the 
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bounding box. Figure 33 shown the bounding box fitting and the projection values along the 

vertical and horizontal directions to detect the edge of the red vehicle. 

 

(a)                                                        (b)                                                                     (c) 

 

(d) 

Figure 33, The bounding box fitting steps for the first red vehicle. (a) coarse detection results from previous blocks, (b) the 

vertical edge map and vertical projection, (c) the horizontal edge map and horizontal projection, (d) The final detection result (red 

bounding boxes).  

    Figure 34 shown the additional examples of refined bounding boxes in the result of previous steps. 

Accordingly, the center position of each bounding box is updated. More detection results of the 

proposed VD-FCC method can be found in chapter 4. 
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 (a) (b) (c) 

Figure 34 (a-c), Coarse detection (yellow) and final detection results (red). 

 

The next rule-based analysis takes place here. So, for distinguishing the occlusion areas, the level 

of change in the area size of bounding boxes will be checked. The size and the center point of the 

red bounding box in the current frame are used to define a search region in the previous frame. Let 

𝑉𝑛
𝑖 be the 𝑖𝑡ℎ detected vehicle in frame 𝑛. The feature 𝐹𝑛

𝑖  represented the parameter of a vehicle 

for the search region in the frame 𝑛 − 1,  

𝐹𝑛
𝑖 = {𝐶𝑛,𝑥

𝑖 , 𝐶𝑛,𝑦
𝑖 , 𝑊𝑛

𝑖 , 𝐻𝑛
𝑖 , 𝐴𝑛

𝑖 } 

Where, (𝐶𝑛,𝑥
𝑖 , 𝐶𝑛,𝑦

𝑖 ) is the center position of a vehicle (bounding box), 𝑊𝑛
𝑖 , 𝐻𝑛

𝑖 , and 𝐴𝑛
𝑖  are width, 

height, and area, respectively. The center position of the bounding box related to the vehicles in 

the current frame and previous frame have a one-to-one correspondence. Also, the area size of the 

vehicles will be near-constant in the two consecutive frames. Hence, if several center positions 

{(𝐶𝑛−1,𝑥
𝑗

, 𝐶𝑛−1,𝑦
𝑗 ) , 𝑗 = 1,… ,𝑚} in the  frame 𝑛 − 1, overlap on a search region and the following 

condition is not satisfy, where 𝜏 indicates the threshold for area difference; 

 

                                     |𝐴𝑛
𝑖 − 𝐴𝑛−1

𝑗
| < 𝜏                                             (3.24) 

Then, the bounding box in the current frame is related to the occlusion area and vehicles should 

be separated. Once the occlusion region is detected, the contour of the occluded vehicles is 

extracted, Figure 35. In order to distinguish the vehicles in the occlusion regions, the features of 

the previous (corresponded) bounding boxes namely, center positions, widths, heights, and areas 

are considered in the current frame. So, the previous bounding boxes are mapped to the current 

frame. Accordingly, the size adjustment operation is needed to re-size the bounding boxes as 



 
 
 
 

108 
 

proposed in [369]. So, the contour of the occluded vehicles in the current frame is used to re-size 

the bounding boxes. Then, the center of new adjusted boxes is updated, Figure 36. Note that, by 

considering the size and position of a search region in the previous frame equal to the area and 

position of the occluded bounding box in the current frame, the required time for finding the 

corresponding vehicles in two consecutive frames will be decreased. 

Figure 35 and Figure 36 shown vehicle detection before occlusion handling and after occlusion 

handling process, respectively. In Figure 36 there are six selected frames that are not exactly 

consecutive. In the first and second frames (a-b) all seven vehicles have been separately entered 

into the scene and detected correctly. In continue,  Figure 35 (a-b) shows the Frame (c) and Frame 

(d) of Figure 36 (before occlusion handling) and the exterior contour of the occluded regions. The 

white and black vehicles (far from the camera) are moving very close to each other and have 

detected as one, occlusion is continued until frame (d). Accordingly, the previous bounding boxes 

are shifted to the current frame and, the size adjustment operation is used the obtained contour to 

re-size the bounding boxes, Figure 36 (c-d). The mentioned vehicles are moving toward the camera 

and separated from each other, which are detected correctly, Figure 36 (e-f). As Figure 36 (f) 

indicates, entering the several occluded vehicles to the scene caused the proposed method to detect 

them as one, this situation continues until they are going to be separated. More detection results 

under different weather conditions are presented in chapter 4.  

           

                                                    (a) Frame c of Figure 2                       (b) Frame d of Figure 2 

Figure 35 (a-b), Vehicle detection, before occlusion handling. 
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 (a) (b)                                              (c) (d) 

      

 (e) (f) 

Figure  36 (a-f), Vehicle detection by proposed VD-FCC method, after the occlusion handling process. 
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3.2  VDT-VCC 

 

3.2.1 Overview  

 

Accuracy and robustness of vehicle detection have a great significance in higher-level processing. 

In order to monitor the vehicles on the highway, urban and interurban areas, we have to take into 

consideration the bad weather conditions and foreground (vehicles) that might merge into the 

background later. The state of the art of multiple vehicle detection techniques has been evaluated 

and the improved method which can successfully cope with the existing challenges is proposed. 

The proposed method (VDT-VCC) has been adopted by three main units which are tightly 

integrated. The motion-based and knowledge-based units are coupled more effectively to refine 

the detection results which consequently increases the accuracy of an inter-frame correspondence 

by taking the advantages of the decision-making unit.  

The first unit, namely “motion-based unit” provides a coarse detection of vehicles by means of 

spectral and temporal features based on statistical characteristics of image pixels and a 

combination of several extra processing in the pixel and region levels in which different situations 

are considered. Moreover, the accuracy of the system will be increased by using the obtained 

information from the first unit in the different parts of the proposed method as it yields the pre-

frame evidence for the existence of a vehicle. An adaptive particle filter framework which used 

the output of the prior unit in the initial sampling, evaluation, and particle classification stages is 

developed in the second unit, namely, “knowledge-based unit”. As the obtained information 

enhanced the particle filter's ability in the different stages, the particle filter detected any vehicle 

more accurately. Therefore, the computational cost of the method reduced and consequently, the 

particle filter can deal with false-positive detection. On the other hand, by considering feature 

fusion strategy under different cases, comparison, and the influence of them in particle filter 

performance, the best one is selected in which increased the detection accuracy when working with 

different weather conditions. A more realistic noise model is considered to increase the quality of 

estimation. In this way, the second unit is beneficial as it allows refining the coarse results obtained 

by the former which happened due to the camera vibration (if it has not been compensated 

completely). Remarkably, both units are complemented each other, as they evaluated different 

features. Finally, the decision-making unit takes into account the fact that vehicles can appear or 

disappear from the field of view of the camera or the first unit may have a miss detection due to 

the occlusion or adverse weather conditions. Hence, it tightly coupled the obtained information to 

refine the detection results, which consequently increases the accuracy of an inter-frame 

correspondence.  The general structure of the proposed method is illustrated in Figure 37. 
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Figure 37, The general structure of the proposed method.  

 

Following, we will describe each part of the proposed method with more details. Then, in the next 

chapter, the qualitative results are going to be presented joined in some significant cases. 

Afterward, the quantitative evaluation is divided into two parts;  

The first part considers the evaluation performance of the proposed VDT-VCC method from the 

detection and tracking points of view. In order to provide reliable results and to ensure fast and 

robust processing, the performance of the proposed method has been evaluated by several metrics 

on the recorded videos under different weather, illumination, and environmental conditions which 

are presented in the fourth chapter. 

Concerning the second part, it is divided into two categories to compare the performance of the 

proposed (VDT-VCC) method with other works from different points of view. 

The first category considers the comparison of the proposed method with other existing methods 

from the detection point of view in which presented in the six tables according to the different 

weather/lighting conditions. In continue, we are considered the fusion of different features, 

comparison, and the influence of them in particle filter performance. This analysis is done for the 

vehicle detection field under different weather and environmental conditions where our proposed 

VDT-VCC method is evaluated using the fusion of different features which is presented in the four 

cases. To the end, we aim to compare the True Positive Rate (TPR) of the proposed VDT-VCC 
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method with recently published works [2016-2020] which have been tested under different 

weather conditions as well. 

The second category considers the comparison of the proposed method with the well-known 

methods from a tracking point of view in a wide variety of recorded videos under different weather, 

illumination, and environmental conditions. Also, there are few recent works [2015-2020] of 

multi-vehicle tracking methods that can suit our current issue and they have been tested under 

different weather conditions as well, so selected for comparison in the next chapter.  

As the optimization of a vehicle detection system under adverse weather conditions is a key factor, 

so, to close the fourth chapter, the trade-off between computational complexity and accuracy of 

the VDT-VCC method is discussed. 

Different from previous literatures, the proposed (VDT-VCC) method which is based on an un-

calibrated monocular camera achieved a more accurate result by effectively integration of diverse 

information. One of the main advantages of the proposed method is its simplicity. It is a 

computationally inexpensive method and can be used for real-time applications. In terms of time 

consumption and efficiency, it is less time consuming and has a higher detection rate, 

outperforming others. 

 

3.2.2 Pre-processing  

 

It is necessary to reduce the quantity of information to meet the real-time demand for vehicle 

detection. The Region of Interest is selected to enhance speed (by a reduction in the image size to 

be processed) and the accuracy (by the elimination of non-vehicles outside the RoI) of the method. 

The RoI takes a consistent location in the whole video frames. Next, in order to deal with a camera 

vibration due to the wind or bridge movements and achieve an accurate vehicle detection method 

the pre-processing step is performed by dividing the frame into non-overlapping blocks and 

selecting a block in the region (beside of the road) where there are no moving objects while there 

are pixels with similar color values for an entire block as proposed in [10], [13]. The block-

matching algorithm matches the selected block of ((𝑋, 𝑌) with size 16 × 16) pixels between frames 

by moving the block of pixels over a search window. 

The defined search window (Figure 38) for a good block match is constrained 7 pixels on all four 

sides of the corresponding block [370]. A full search which is the best in terms of prediction quality 

and simplicity [371] is carried out. Note that, larger camera vibration requires a larger search 
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window. Similar to [372] and [373] the mean absolute difference (MAD) for finding the motion 

vector1 (𝑀, 𝑁) is used here. 

 

 
Figure 38, Block matching. 

 

 

                            𝑀𝐴𝐷 =
1

𝑋𝑌
∑ ∑ |𝑃𝑥,𝑦 − �́�𝑥,𝑦|

𝑌
𝑦=1

𝑋
𝑥=1                              (3.25) 

 

𝑃𝑥,𝑦  and �́�𝑥,𝑦   are the pixel value of an 𝑥, 𝑦 th pixel being compared in the current block and the 

reference block. The equation (3.26) for a restored frame is given as follows where (𝑚, 𝑛) is the 

coordinate values. As a result, the vibration effect is decreased. 

 

                      𝑅𝑒𝑠𝑡𝑜𝑟𝑒𝑑 𝐹𝑟𝑎𝑚𝑒(𝑚, 𝑛) = 𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐹𝑟𝑎𝑚𝑒(𝑚 +𝑀, 𝑛 + 𝑁)         (3.26) 

 

 

3.2.3  First unit – Motion-based unit 

 

The first unit provides segmented areas as vehicles by means of spectral and temporal features 

based on statistical characteristics of image pixels and a combination of several extra processing. 

Moreover, the accuracy of the system will be increased by using the obtained information from 

this unit in the different parts of the proposed method as it yields the pre-frame evidence for the 

existence of a vehicle. By considering the vehicles as moving objects in the road, the effective 

                                                             
1 A block position in the frame having the lowest MAD after block motion is found, and the motion vector of the block is defined 

from the original block position to the position after the motion of the block [373]. 
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background subtraction [374] will be able to segment the vehicle areas. A model for the 

background is computed and update it continuously over the video scenes.  

 

 

3.2.3.1 Vehicle segmentation  

The vehicle segmentation performed as follows: 

Inter-frame changes are obtained by temporal difference (TD) which has low computational 

complexity. TD is appropriate to obtain sudden changes in environments and removing the image 

noise. The pixel is classified as a change pixel if there is an observable change in its value between 

the current and the previous frame. The TD between two consecutive frames is obtained as follows, 

where 𝜋 is a threshold which is set experimentally.  

 

𝑇𝐷 = {
  𝑖𝑓   |𝐼𝑡(𝑥, 𝑦) − 𝐼𝑡−1(𝑥, 𝑦)| > 𝜋                     1
         𝑒𝑙𝑠𝑒                                                             0

                            (3.27) 

 

In a similar procedure, background difference (BD) is performed between the input RGB color 

image 𝑰𝒕(𝒙, 𝒚)  and reference background image 𝑩𝒕(𝒙, 𝒚) maintained by the system at time 𝒕. As 

a result, all non-changed pixels are separated in this step. The remaining pixels (detected changes) 

are separated as static or dynamic objects by TD. If TD is equal to one the pixel belongs to the 

dynamic object otherwise, it belongs to the static object. Then, pixels from dynamic and static 

objects are separated into foreground and background by considering the two features under the 

Bayesian framework. Note that, the change at the static object can be due to the illumination 

changes and the change at the dynamic object is due to the dynamic background or foreground 

object. Therefore all conditions should be considered.  

Background modeling method has to deal with the illumination changes such as passing clouds 

when blocks the sun, and some movements in the background such as waving trees, traffic lights, 

moving escalators, and etc. In this research area, two types of features, namely ‘spectral and 

temporal features’ have been used to model the static and dynamic parts of the background.  The 

static background in our scenes is composed of several elements such as doors, roads, buildings, 

and etc. The dynamic background can be wavering tree branches, raindrops, and etc. The 

foreground in our scene is limited to vehicles. Moreover, the background has slow changes such 

as lighting variations and sudden changes, when a parked car, start to moving or a car eventually 

needs to stop beside a road, a gate is opened and then closed. So, we should consider different 

parts of the background. It should be noted that classifying pixels into three clusters (three different 
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features) introduces new sources of errors and decrease the ability of the method to operate in real-

time with a high frame rate.  

Temporal and spectral features under the Bayesian framework 

For an image sequence at time 𝑡, pixel position 𝑛 = (𝑥, 𝑦) and discrete value feature vector 𝑣𝑡, 

pixel 𝑛 selected as a background pixel with equation (3.29). Meanwhile, the Bayes rule can be 

defined for background 𝑏 and foreground 𝑓  as equation (3.28). 

 

                                 {
𝑃(𝑏|𝑣𝑡, 𝑛) =

𝑃(𝑣𝑡|𝑏, 𝑛) 𝑃(𝑏|𝑛)
𝑃(𝑣𝑡|𝑛)

𝑃(𝑓|𝑣𝑡, 𝑛) =
𝑃(𝑣𝑡|𝑓, 𝑛) 𝑃(𝑓|𝑛)

𝑃(𝑣𝑡|𝑛)

                                   (3.28) 

  

                                   𝑃(𝑏|𝑣𝑡 , 𝑛) > 𝑃(𝑓|𝑣𝑡, 𝑛)                                          (3.29) 

A feature vector observed at  an image pixel comes from background or foreground objects, so: 

 

        𝑃(𝑣𝑡|𝑛) = 𝑃(𝑣𝑡|𝑏, 𝑛). 𝑃(𝑏|𝑛) + 𝑃(𝑣𝑡|𝑓, 𝑛). 𝑃(𝑓|𝑛)                         (3.30) 

 

Therefore, replacing (3.28) and (3.30) into (3.29) we will have : 

 

                 2𝑃(𝑣𝑡|𝑏, 𝑛). 𝑃(𝑏|𝑛) > 𝑃(𝑣𝑡|𝑛)                                               (3.31) 

 

𝑃(𝑏|𝑣𝑡, 𝑛) and 𝑃(𝑓|𝑣𝑡, 𝑛): The posterior probability of 𝑣𝑡  form background 𝑏 or foreground 𝑓, 

respectively.  

𝑃(𝑏|𝑛)and 𝑃(𝑓|𝑛): Learning prior probabilities (prior probability of the pixel 𝑛 belongs to the 

background or foreground, respectively). 

𝑃(𝑣𝑡|𝑛): Feature probability (prior probability of 𝑣𝑡 observed at the position 𝑛).  

𝑃(𝑣𝑡|𝑏, 𝑛) and 𝑃(𝑣𝑡|𝑓, 𝑛) Conditional probabilities (the probability of feature vector 𝑣𝑡 observed 

as a background or foreground at pixel 𝑛, respectively).  

By prior knowledge of the above probabilities and applying equation (3.31) the pixel 𝑛 with feature 

vector 𝑣 distinguished as a foreground or background. However, these probability functions are 

unknown, therefore, they are determined by histograms of features. As the background pixels are 

constant in the images, therefore the feature vectors of the background would concentrate in a 

small subspace of the feature histogram unlike, the feature vector of foreground would distribute 

in the feature space. So, the background can be well approximated with the following conditions 
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where high and low percentages have been selected by our experiment empirically through several 

iterations.  

                            {
∑ 𝑃(𝑣𝑡

𝑖𝑁1
𝑖=1

|𝑏, 𝑛) > 90% ~ 95%

∑ 𝑃(𝑣𝑡
𝑖𝑁1

𝑖=1
|𝑓, 𝑛) < 10% ~ 15%

                                            (3.32) 

 

Equation (3.32) indicates 𝑃(𝑣𝑡
𝑖|𝑏, 𝑛) where  𝑖 = 1,… , 𝑁  be the initial  𝑁 bins of the histogram 

stored in descendent order with respect to 𝑃(𝑣𝑡
𝑖|𝑏, 𝑛) for each pixel, and 𝑁1 (related to the selected 

and a number of quantitative levels of the features) is a small integer in which the above conditions 

are fulfilled. For each feature vectors, a table  𝑁𝑣𝑡
𝑛,𝑡,𝑖

 is established to record the statistics for the 

𝑁2 most significant values (left part of Figure 39 (a)). In other words, to learn and update the prior 

and conditional probability for the initial feature vectors, a table  𝑁𝑣𝑡
𝑛,𝑡,𝑖

 is established. Note that, 

the spectral (color) feature is selected for static background pixel (SBP)  𝑣𝑡 = 𝑐𝑡 = [𝑟𝑡 𝑔𝑡 𝑏𝑡]
𝒯 and 

temporal feature (color co-occurance) is selected for dynamic background pixel (DBP) 𝑣𝑡 = 𝑐𝑐𝑡 =

[𝑟𝑡−1, 𝑔𝑡−1, 𝑏𝑡−1, 𝑟𝑡, 𝑔𝑡, 𝑏𝑡]
𝒯. To present different part of the background both 𝑁𝑐𝑡

𝑛,𝑡,𝑖
and 𝑁𝑐𝑐𝑡

𝑛,𝑡,𝑖
 are 

established at each pixel, Figure 39 (a). Additionally, color quantization is used to reduce the 

histogram sizes and decrease computation time. 

Where 𝑛 defined the dimension of the feature vector in  [𝑎1
𝑖 , … , 𝑎𝑛

𝑖 ]𝒯 , where 𝑛 = 3 is for color and 

𝑛 = 6 for color co-occurrence and 2 is chosen as a threshold by considering the color quantization. 

Also, prior probability 𝑝(𝑏|𝑛) = 𝑝𝑏
𝑛,𝑡

 is recorded for each pixel at time 𝑡 to adapt the variation of 

time. The first 𝑁1 elements from the table of feature statistics (Figure 39) and 𝑝𝑏
𝑛,𝑡

 are used for the 

classification of foreground and background changes. By considering the input feature vector 𝑣𝑡, 

the conditional probabilities are estimated as shown in Figure 39 where 𝑅(𝑣𝑡) is defined as a 

feature vector set which compared the input vector 𝑣𝑡 with the first 𝑁1 learned feature vectors (the 

pre-stored values in the table  𝑁𝑣𝑡
𝑛,𝑡,𝑖

) for a background to regain the probabilities for similar 

features. It should be noted that a good representation of background has been achieved with 

selected values (by trial and error experiments) for parameters. Finally, replacing the “conditional 

probability” Figure 39 into (3.31), pixels are separated as a background or foreground pixel. 

Accordingly the first step of the extra processing, namely ‘Morphological operations’ is performed 

then the background will be updated.  
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(a) 
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(b) 

Figure 39 (a-b),  (a) Table of feature statistics (left), and conditional probability (right), (b) Updating the slowly background 
changes (first ellipse), Updating the sudden background changes (second ellipse). 

 

As mentioned before, any background subtraction algorithm requires to adapt the background 

model to changing conditions in the scene, such as slowly and sudden changes. Also, a reference 

background image maintained at each time to make the BD accurate. Therefore reference 

background image and tables of feature statistics will be updated. For slowly background change 

the tables of feature statistics are updated as shown in the first ellipse shape of Figure 39 (b), where 

𝑝𝑣𝑏
𝑛,𝑡,𝑖

, 𝑝𝑣
𝑛,𝑡,𝑖

, and 𝑝𝑏
𝑛,𝑡

 are stated for the conditional probability, probability of matched feature, and 

the prior probability, respectively. 𝑅𝑏
𝑛,𝑡

 and  𝑅𝑣
𝑛,𝑡

 are defined as matching labels and 𝛼2 = 0.0074 

(controls the speed of feature learning) has been selected by our trial and error experiments. 

Regarding the sudden background change, if it has happened, the new background appearance 

becomes dominant after the change. From equation (3.30) and (3.32), and the table of feature 

statistic, the condition (3.28) becomes (3.29), and if it is satisfied new background appearance can 

be detected at pixel 𝑛. So, the statistics for the foreground should be tuned to be the new 

background appearance, therefore the sudden learning operation is adjusted (second ellipse, Figure 

39 (b)). The reference background shows the recent appearance of the background. To adapt the 

model more, the algorithm updated a reference background image at each time.  In this way, if a 

pixel is detected as a non-changed pixel, the background reference is updated as following where 

𝛼1 is set to 0.005  to smooth out the image noise.  

 

         𝐵𝑡+1(𝑥, 𝑦) = 𝛼1 𝐼𝑡(𝑥, 𝑦) + (1 − 𝛼1)𝐵𝑡 (𝑥, 𝑦)                                  (3.33) 
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While, if the background change is detected, the pixel is replaced by the new background 

appearance.  

 

                        𝐵𝑡+1(𝑥, 𝑦) =  𝐼𝑡(x, y)                                                  (3.34) 

The vehicle segmentation results under dusty and normal weather conditions are shown in Figure 

40. The recorded video under dusty weather conditions including noise and waving trees due to 

the dust and wind, and the selected frame under normal weather including vehicles and background 

with a similar color. As a result illustrated, using both spectral and temporal features for 

background subtraction provides acceptable vehicle segmentations when there are moving 

background or similar colors in the scene. However, using the two background features at the 

pixel-level can not detect the vehicles when they stopped (for a second) on the scene. Also, it will 

produce false-positive detections if there are motorbike, human, or some moving objects on the 

scene.  Moreover, the first unit may detect a group of vehicles as one in an occlusion situation. 

Therefore, the VDT-VCC method takes the advantages of the second and third units to improve 

the detection result. 

 

3.2.3.2 Extra processing  

 

Since videos are recorded in unfavorable conditions, the extra processing in the first unit is used 

to enhance the accuracy of the vehicle segmentation algorithm and provide better parameters for 

the next processes. In this thesis, the extra processing is including four processes to combine with 

the background subtraction algorithm to remove virtual blobs and reduce false detection under 

different weather conditions. 

 Morphological operations 

In this step, the binary segmentation image is received as input. It has been observed that, in some 

cases, there are few pixels that are wrongly classified as vehicle pixels, there are some thin 

connections between two vehicles and small holes in the blobs. So, the morphological operations 

erosion ⊝, and dilation ⊕ (a pair of open ∘ and close •) were used in this thesis to connect the 

pixels related to the vehicles and remove wrongly selected pixels as follows, where 𝐴 and 𝐵 are 

defined as input image and (3 × 3) structure element, respectively.  

 

          (𝐴 ∘ 𝐵) • 𝐵 = {[ (𝐴 ⊝ 𝐵)⊕ 𝐵]⊕ 𝐵 } ⊝ 𝐵                                     (3.35) 
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As the result, opening operation eliminates very small separated pixels (noise regions), removes 

the thin connection between the two vehicles, and smoothes the contour of the vehicles while, 

obviously, not changing the area of them. However, closing operation fills a small internal hole in 

the vehicle area which is caused by noisy conditions, smoothes the boundary of vehicles and it did 

not change the effective area of vehicles. Therefore, after these steps, the isolated noise dots are 

eliminated and small holes are filled, Figure 40 (c and f).  

 

        
 ( 

                              (a)           (b) (c)  

 

          
      (d) (e) (f)  

Figure 40,  (a,d) Original images: dusty and normal weather conditions, (b,e) Segmentation step, (c,f) After Morphological 

operations. 

 

 Connected component analysis (CCA) 

 

Foreground pixels are grouped using a connected component analysis. The bounding box around 

each detected region provides useful information for the next processes, Figure 41. 
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 (a) (b) (c) 

 
(d) 

Figure 41 (a-d), (a) Original Image, (b) After morphological operations, (c) connected component analysis, (d) Detection result 

of first unit.  

 

 

 Feature extraction 

 

Geometric features such as area, height, width, and the centroid of the bounding boxes are 

extracted and retained in this step. For increasing the accuracy, the frame is considered as two 

(equal) parts; the lower part which is near the camera, and the upper part which is far from the 

camera. Some small areas (as a result of previous steps) near the camera are detected as a vehicle. 

These groups may be non-vehicle regions such as humans or motorbikes. Therefore, the locations 

and areas are analyzed by enclosing bounding box to remove irrelevant region and reduce false 

detection. As the width and the area of the motorbike is too small compared to the near vehicles 

(Figure 42), so, for the lower part, the mean of the width of bounding boxes is calculated and 

considered as a threshold.  
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Each width of the bounding box that is below1 the threshold will be checked for area restriction2. 

Finally, small boxes are distinguished as a non-vehicle region. The lower part of the frames may 

include several big vehicles and one small vehicle, therefore the area restriction increased the 

detection accuracy of real non-vehicle regions. 

 

 

.                    
 (a) (b) (c) 

Figure 42  (a-c), Area and width difference of the motorbike and vehicles, in the lower part of the frame, (a)Original 

image, (b) Detection result before feature analysis, (c) Final detection result 

 

 

Regarding the upper part, there is a small difference between the width of a motorbike and other 

vehicles. Therefore the extra steps are needed. First, the mean of widths of bounding boxes is 

calculated, every width of bounding boxes which is below the thresholds is selected as a candidate 

for the non-vehicle region (in this step, multiple boxes may be selected as candidates), then, the 

ratio of  
ℎ

𝑤
  is calculated. As the height of a bounding box for a motorbike or a human is larger than 

the width, the ratio is meaningfully bigger. So, they are correctly selected by the method as non-

vehicle areas. The threshold is set by trial and error in several frames from recorded videos in 

different locations. The final result of the extra-processing step is shown in Figure 43 (c) which 

restricted the region for particle filter in the next unit. Therefore, the computational time is reduced, 

and the information is used to initialize the particle filter.  

 

                                                             
1 In the case of all width of the selected bounding box is the same as the mean of widths, (for example several motorbikes),  all of 

them are considered as candidate regions. 

2 In the lower part of several frames, the area of different motorbikes at different locations are evaluated, and the bigger one is 
selected as a threshold, if any bounding box is selected in the first step, the area of it should be equal to or smaller than the threshold. 
It should be noted that two thresholds for two range of camera height are considered. 
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 (a) (b) (c)          

 
 

 

 

 
 

 

 

 
 

 

 

 
 

 Figure 43 (a-c), Reduce the false detection, (a) Original image, (b) Detection result before feature analysis, 

(c) Final detection result of this step.  

 

 

 

 Analyzing the headlights  

An extra step is included for some specific conditions; when vehicle lights are visible and their 

pixels in the image have a high-intensity value; such as low lighting conditions, or some recorded 

videos under bad weather conditions. From the previous step the selected non-vehicle regions are 

verified as following:  

At least there should be two headlights in each bounding box (for a single vehicle or occluded 

vehicles). Otherwise, the selected bounding box is a  non-vehicle (motorbike or human) region 

and will be removed. Thus, analyzing the headlights leads to increasing the accuracy of the results 

for the next processes.  As the headlights are segmented from selected bounding boxes so the 

method achieved a significant improvement in computational cost for headlight detection. Because 

of the characteristic of headlights due to the high-intensity pixel values, the headlight pixels are 

extracted by looking for connected pixels that maximize the ratio (value on saturation), which is 

achieved by the luminance equation [375], [376] of the (𝑅, 𝐺, 𝐵) color channels as:  

 

                            𝐿 =
(Max(𝑟𝑔𝑏)+Min (𝑟𝑔𝑏))

2
                                         (3.36) 

 

Next, mathematical morphology is applied to concatenate the close blobs, to remove small blobs, 

and smooth the boundaries, then the connected component analysis group the headlight pixels. The 

bounding boxes illustrate the width and height of the detected headlights. Thus, the location and 

area of each connected region are obtained as well. Note that, here, we considered all detected 

vehicles for evaluation and illustration of geometrical rules, Figures 44 and 45. 



 
 
 
 

124 
 

Inherently, the size and shape of two headlights of a vehicle are the same. However, vehicles 

appear in different lanes, different poses, and angles to the recording camera. Therefore the 

headlights of the vehicle cannot be necessarily seen symmetric. Two geometrical rules based on 

statistical analysis on a recorded dataset of headlight images are defined as the following: 

In each bounding box, two farthest headlights that are in the same/close horizontal row confirmed 

the existence of a vehicle, if there is a similarity between the area of them. 

                                            |𝐴𝑖 − 𝐴𝑗| < 𝑇𝐴                                               (3.37) 

Where 𝐴𝑖 and 𝐴𝑗 are two headlight areas and 𝑇𝐴 is a small error for area difference which is set 

experimentally equal to 2. Moreover, two headlights on the same vehicle should be at least in very 

close rows. If two headlight candidates  𝐻𝑖  and 𝐻𝑗  with centroid coordinates 𝐻𝑖  (𝑥𝑖, 𝑦𝑖) 

and 𝐻𝑗  (𝑥𝑗, 𝑦𝑗) are considered belong to the same vehicle, then their longitudinal coordinates 

should satisfy the restrictive condition as follow: 

                                          |𝑦𝑖 − 𝑦𝑗| < 𝑇𝑦                                                  (3.38) 

𝑇𝑦: A small error value caused by centroid detection and segmentation. It is set experimentally 

equal to 3. 

Using the central coordinates of the headlight regions greatly limits the time complexity of the 

pairing process. As shown in Figures 44 (a) and 45 (a) the recorded video is at sunset time, and 

the headlights of the vehicles are visible. In the first case, Figure 44, the headlights are extracted 

and paired in each region, in the result the related bounding boxes are not being confirmed as a 

non-vehicles. While in some frames later, in Figure 45, the motorbike is detected as non-vehicle 

area and removed from the result for later processes.  

 

       
 (a) (b) (c) 
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(d) 

 

Figure 44 (a-d), Analyzing the headlights, (a) Detection result, (b) Headlight extraction, (c) Headlight analysis, (d) Final 

detection result. 

 

         
 (a) (b) (c) 

 

 
(d) 

Figure 45 (a-d), Analyzing the headlights, (a) Detection result, (b) Headlight extractetion, (c) Headlight analysis, (d) Final 

detection result. 
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3.2.4  Second unit - knowledge-based unit 

 

According to the traffic density, field of view of the camera, and adverse weather conditions, the 

first unit may detect the group of vehicles as one, yield false positives (a bounding box “non-

vehicle” which was not filtered by extra-processing step, for example, two motorbikes which are 

in the horizontal occlusion situation), missing detections, inaccurate detection positions or 

detection with shadows, Figure 46 and 47. Thus, produced accurate vehicle detection and tracking 

results relying on only object detector is difficult. An example of the result from the first unit is 

shown in Figure 46. Four vehicles have been entered into the scene separately and detected 

correctly by the first unit until frame 1519, Figure 46 (a). Later on, in frame 1573, two white 

vehicles on the right side of the image are detected together because of partial occlusion (Figure 

46 (b)), this situation will continue until they are going to be separated. Another example of the 

result of the first unit is illustrated in Figure 47 wherein the detection results are not accurate due 

to the adverse conditions, camera vibration  (which have not been completely compensated by the 

pre-processing step), and shadow of vehicles. 

                  
(a)Frame 1519                                        (b) Frame 1573 

 
Figure 46 (a-b), The results of the motion-based unit with partial occlusion in Frame 1573. 

  

 

 Figure 47,  The result of the motion-based unit. 
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Particle filter was introduced to the vision community to approximate the multimodal distribution 

of an object’s state space [377]. It uses a set of weighted state samples, to estimate the posterior 

probability distribution in a Bayesian framework. The selection of good features is very important 

to increase the performance of the particle filter algorithm when we are working with a 

complicated scene (different types and colors of vehicle, different environments, adverse weather 

conditions, and illumination changes). However, using only the particle filter in the system can 

decrease the accuracy of vehicle detection in many situations. If there is an object with a similar 

feature in the background, the movement of particles will be disturbed and the particle filter will 

not recognize the vehicle correctly (increasing the number of false positives).  

 In this thesis, the obtained information from the first unit has been used more effectively in the 

different parts of the particle filter framework. First, in the proposed VDT-VCC method, the input 

of the particle filter framework is the restricted regions which contain the vehicle image with its 

features (by considering the boundaries around each RoI). So, the obtained information enhanced 

the particle filter ability to converge earlier. In this way, the particle filter detected any vehicle 

more accurately. Therefore, the computational cost of the method is reduced and consequently, the 

particle filter can deal with false-positive detection. Moreover, using initial sampling in the particle 

filter at each iteration aids to detect the newly entered vehicles. Second, information from the prior 

unit acts as a gating for surviving the particles on the area with a high-level concentration of 

measurements (vehicle image). As a result, obtaining high weight for particles with related 

likelihood functions which consequently improving the robustness and reliability of the particle 

filter. Third, in order to perform multiple vehicle detections under the particle filter framework, 

information from the first unit is considered for particle classification namely “pre-defined 

clustering”. As particles are classified effectively, the method generated a reliable result with 

higher accuracy. Otherwise, particles spread in the state space, so the variance of the clustering 

will be more than in the case when the method is using the information from the prior unit. By 

taking the advantages of the prior unit, clusters are formed rapidly so the method generates an 

effective result for the latter processes. 

As mentioned before, due to the adverse weather conditions, traffic density and the field of view 

of the camera, the first unit alone may detect a group of vehicles as a one, Figure 46. But the 

proposed VDT-VCC method maintains the previous information “estimated position” to deal with 

full or partial occlusions in the current time by taking the advantages of the third unit. In a word, 

an adapted particle filter based on multiple features is used in the second unit to increase the 

accuracy of the results obtained from the previous unit. 

 

3.2.4.1 Bayesian estimation  

Dynamic systems are modeled by a state vector that changes over time, using a sequence of noisy 

measurements made on systems. The Bayesian approach provides a framework for dynamic state 
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estimation. Dynamic state space (DSS) which is linear in the system model and non-linear in the 

measurement model can be defined as the following: 

 

      {
𝑥𝑡 = 𝐴𝑥𝑡−1 +𝑤𝑡−1           𝑆𝑦𝑠𝑡𝑒𝑚 𝑚𝑜𝑑𝑒𝑙

    𝑧𝑡 = ℎ (𝑥𝑡) + 𝑛𝑡         𝑀𝑒𝑎𝑠𝑢𝑟𝑚𝑒𝑛𝑡 𝑚𝑜𝑑𝑒𝑙
                           (3.39) 

 

Where 𝐴𝑥𝑡−1 is the deterministic component which models the system knowledge while 𝑤𝑡−1 is 

the stochastic component which allows us to model uncertainties. In this thesis, the configuration 

of the system is defined as follows: 

The time variable 𝑡 is discrete (𝑡 ∈ ℤ), and  𝑞 = 4 outputs, and 𝑛 = 7 state variables, where; 

𝑥𝑡: State vector 𝑥𝑡 ∈ ℤ
𝑛  

𝐴: The 𝑛 × 𝑛 state-transition matrix (7 × 7), which defines the relation between the state variables 

at time 𝑡 and 𝑡 − 1.  

𝑤𝑡−1: Faults due to drifting (statistical properties of the noise or process noise, (as an additive). 

𝑧𝑡: Measurement vector  𝑧𝑡 ∈ ℤ
𝑞 . 

ℎ: The 𝑞 × 𝑛  output transform measurement matrix (4 × 7), (vector-valued time-invariant 

function). 

𝑛𝑡: Measurement noise. 

 

We assumed independent distributions for 𝑤𝑡−1, 𝑛𝑡,  𝑥0 with known probability densities. Process 

noise stated the spreading capability of the particles and measurement noise is using in the 

calculation of the particle set likelihood. This model (equation (3.39)) is explicitly discrete time-

invariant (the relationship between the input and output is independent of time). Using a Bayesian 

framework, equation (3.39) can be reformulated as:      

 

                                    { 
𝑥𝑡 ~ 𝑝 (𝑥𝑡|𝑥𝑡−1)

𝑧𝑡~𝑝(𝑧𝑡|𝑥𝑡)
                                                      (3.40) 

 

A particle filter is used to iteratively generate the density of the state space based on the Bayes rule 

and under the Markov assumptions. A Bayesian filter maximizes the posterior term which is 

defined as follows: 

 

            𝑝(𝑥𝑡|𝑍𝑡) =
𝑝(𝑧𝑡|𝑥𝑡) 𝑝 (𝑥𝑡|𝑍𝑡−1)

𝑝(𝑧𝑡|𝑍𝑡−1)
                                     (3.41) 
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Where the normalization constant is as 

               𝑝(𝑧𝑡|𝑍𝑡−1) = ∫ 𝑝(𝑧𝑡|𝑥𝑡)𝑝 (𝑥𝑡|𝑍𝑡−1)𝑑𝑥𝑡                          (3.42) 

 

And, the prediction step 𝑝 (𝑥𝑡|𝑍𝑡−1) is computed by convolving the previous state probability 

𝑝 (𝑥𝑡−1|𝑍𝑡−1) and transition probability 𝑝(𝑥𝑡|𝑥𝑡−1). 

 

      𝑝 (𝑥𝑡|𝑍𝑡−1) = ∫𝑝( 𝑥𝑡|𝑥𝑡−1) 𝑝 (𝑥𝑡−1|𝑍𝑡−1)𝑑𝑥𝑡−1                    (3.43) 

 

By replacing (3.43) and (3.42) into (3.41) we have equation (3.44) , as following 

 

       𝑝(𝑥𝑡|𝑍𝑡) =
𝑝(𝑧𝑡|𝑥𝑡) ∫𝑝(𝑥𝑡|𝑥𝑡−1) 𝑝 (𝑥𝑡−1|𝑍𝑡−1)𝑑𝑥𝑡−1

∫ 𝑝(𝑧𝑡|𝑥𝑡) ∫𝑝(𝑥𝑡|𝑥𝑡−1) 𝑝 (𝑥𝑡−1|𝑍𝑡−1)𝑑𝑥𝑡−1𝑑𝑥𝑡
                   (3.44) 

 

Where, ∫ 𝑝(𝑧𝑡|𝑥𝑡) ∫ 𝑝( 𝑥𝑡|𝑥𝑡−1) 𝑝 (𝑥𝑡−1|𝑍𝑡−1)𝑑𝑥𝑡−1𝑑𝑥𝑡 is considered as normalization factor 
1

ƞ
. 

Therefore, we have equation (3.41) as following (correction step):  

 

       𝑝(𝑥𝑡|𝑍𝑡) = ƞ 𝑝(𝑧𝑡|𝑥𝑡) ∫ 𝑝( 𝑥𝑡|𝑥𝑡−1) 𝑝 (𝑥𝑡−1|𝑍𝑡−1)𝑑𝑥𝑡−1               (3.45) 

 

The likelihood probability 𝑝(𝑧𝑡|𝑥𝑡) models the observation process. The posterior 𝑝(𝑥𝑡|𝑍𝑡), is the 

conditional probability of 𝑥𝑡 given 𝑍𝑡 = 𝑍𝑡−1 ∪ 𝑧𝑡 where, 𝑧𝑡 and 𝑍𝑡−1 = { 𝑧, … , 𝑧𝑡−1} represent 

measurement at time 𝑡 and the history of measurement until 𝑡 − 1, respectively. Although an 

iterative procedure can be used to derive the current state of  (equation (3.45)), from the perspective 

of the particle filter, the particles develop to achieve the best distribution based on the Bayes rule. 

It should be noted that, in this work, we used less than 1000 particles due to the computational 

complexity. The state vector of the 𝑘𝑡ℎ  vehicle candidate at time 𝑡 is represented as                                                    

𝑥𝑡
𝑘 = (𝑢𝑡, 𝑣𝑡, 𝜔𝑡, ℎ𝑡, ∆𝑢𝑡, ∆𝑣𝑡, ∆𝜔𝑡)

𝑡 where the parameters of 𝑥𝑡
𝑘 are extracted and evaluated as 

depicted in the following sample frame for a vehicle in Figure 48. The top left coordinate and 

width and height of a particle are defined as (𝑢𝑡, 𝑣𝑡) and (𝜔𝑡 , ℎ𝑡), respectively. Also, 

(∆𝑢𝑡, ∆𝑣𝑡 , ∆𝑤𝑡) = (𝑢𝑡 − 𝑢𝑡−1, 𝑣𝑡 − 𝑣𝑡−1, 𝜔𝑡 −𝜔𝑡−1) where ∆ℎ𝑡 is presumed to be proportional to 

∆𝜔𝑡 which is removed from state vector.  

https://www.hindawi.com/journals/js/2017/3812301/#EEq1
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Figure 48,  Parameters definition.  

 

The output of the first unit is used in the initial sampling, evaluation, and particle classification 

steps. In the proposed VDT-VCC method, the input of the particle filter framework is the restricted 

regions which contain the vehicle image with its features, Figure 49 (a,c). Therefore, it decreased 

the complexity in searching vehicles and also reduced false detections. Each region is enlarged to 

enhance the areas for feature extraction and particle evaluation. Hence, if the first unit has not been 

provided the exact location of vehicles due to the adverse conditions, the particle filter will be able 

to refind it. First, the headlight and vertical edge of vehicles are considered for initial sampling, 

then at each iteration, a new particle set is constructed by drawing samples directly from initial 

sampling and a posterior density which is obtained from the previous time step. 

 

                                
(a)      (b) 
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(c) (d) 

Figure 49,  (a,c) The final result of the first unit, (b,d) Sampling by the particle filter (after clustering). 

 

By assuming the total number of particles 𝑛 = 1000, at each iteration, the particle filter is used 

𝑛𝑖 = 100  particles generated from initial sampling and 𝑛𝑟 = 900 particles from posterior density 

obtained from the previous time step. By considering 𝛼 =
𝑛𝑖

𝑛
=

1

10
 of particles as an initial 

sampling, the particle filter is able to detect the new vehicles which appear in the scene.  

On the other hand, as the particles are on the area with a high-level concentration of measurements 

(vehicle image), they will be very near to the correct value of each vehicle state vector, therefore, 

they may get a high weight in the particle evaluations which consequently improving the 

robustness and reliability of the particle filter. 

A particle represented by a state vector and a relevant weight. A set of particles is generated, by 

assign a weight corresponds to the likelihood probability,  

𝑋𝑡−1 = {(𝑥𝑡−1
1 , 𝜔𝑡−1

1 ), (𝑥𝑡−1
2 , 𝜔𝑡−1

2 ),… , (𝑥𝑡−1
𝑛 , 𝜔𝑡−1

𝑛 )}, where 𝑛 is the total number of particles. 

Each term indicates the 𝑘𝑡ℎ particle at 𝑡 − 1 based on the state vector of 𝑥𝑡−1
𝑘  and its weight 𝜔𝑡−1

𝑘 . 

The particle weights are ordered as follow: 

      1 ≤ 𝑘 ≤ 𝑗 ≤ 𝑛 →  𝜔𝑡−1 
𝑘 ≥  𝜔𝑡−1

𝑗
 , ∀ 𝑘 , 𝑗 ∈ 𝑁                         (3.46) 

Propagation of the particles is one of the main stages of the particle filter which contains 

deterministic drift, and stochastic diffusion. It’s assumed that velocities of vehicles are constant in 

a short time distance, so constant velocity for each particle is considered. The state vector after 

deterministic drift is defined by 

�́�𝑡 = (𝑢𝑡−1 + ∆𝑢𝑡−1, 𝑣𝑡−1 + ∆𝑣𝑡−1, 𝜔𝑡−1 + ∆𝜔𝑡−1, ℎ𝑡−1 + ∆𝜔𝑡−1 
ℎ𝑡−1
𝜔𝑡−1

 , ∆𝑢𝑡−1, ∆𝑣𝑡−1, ∆𝜔𝑡−1)
𝑡 

∆𝑢𝑡 = ∆𝑢𝑡−1 
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𝑢𝑡 = 𝑢𝑡−1 + ∆𝑢𝑡−1 

(3.47) 

Also, ∆ℎ𝑡 is presumed to be proportional to ∆𝜔𝑡 in a vehicle. Therefore, the decision of replacing 

∆ℎ𝑡 in the state vector has been taken. 

                            𝑟𝑎𝑡𝑖𝑜: 
ℎ𝑡−1

𝑤𝑡−1
=

∆ℎ𝑡−1

∆𝑤𝑡−1
                                                        (3.48) 

                          ∆ℎ𝑡−1 = ∆𝑤𝑡−1 ×
ℎ𝑡−1

𝑤𝑡−1
                                                    (3.49) 

A particle with the same state vector will move to the same location. The stochastic diffusion can 

help the particle to shift to the correct state. Finally, the state vector �̃�𝑡 can be defined as following, 

where 𝒩 (0, 𝛴 ) is a normal distribution noise (with zero mean and 𝛴 covariance).   

    

                    �̃�𝑡 = �́�𝑡 +𝒩 (0, 𝛴 )                                                        (3.50) 

 

The next stage is related to obtain the likelihood of each particle by collecting information on 

multiple measurements. Therefore, the weight is assigned to each of them by calculating their 

related likelihood probability. The higher likelihood score is achieved to a more similar particle to 

a vehicle pattern. 

 

3.2.4.2 Feature fusion strategy for particle evaluation 

 

The performance of the particle filter mainly depends on the selection of measurement/s (features) 

to distinguish a vehicle. As mentioned before, the features can be categorized into two groups, 

low-level features such as color, shadow, symmetry, edge, and etc, and local feature descriptors 

[168] such as HOG, SURF, SIFT, Haar-like features, and Gabor features. Low-level features 

which based on prior knowledge of vehicles, are simple, efficient, fast, and have great usefulness 

in the vehicle detection process [168]. On the other hand, local feature descriptors which are 

designed for a specific application-purpose must be able to deal with various objects and to be 

robust to the varying background but also be invariant to geometric and photometric 

transformation [168]. In this thesis, the performance of the different features has been reviewed 

(in the second chapter) and the first group, namely, the low-level features were selected as the 

result. The extraction of low-level features is fast and convenient, but the main drawback is that 

one feature cannot efficiently detect all vehicles under adverse weather conditions. Hence, we 
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considered the fusion of different features, comparison, and the influence of them in particle filter 

performance in the next chapter. This analysis is done for the vehicle detection field under different 

weather and environmental conditions. Five combinations have been evaluated under the particle 

filtering framework and the best one is selected in which increased the detection accuracy when 

working with different weather conditions. According to the obtained results presented in Tables 

14, 15, 16, 17, 18, and 19, the following features are selected for the VDT-VCC method. 

 

Every particle is related to a likelihood probability according to the measurement vectors which is 

defined as underneath shadow 𝑧𝑡
𝑢𝑠, vertical edge 𝑧𝑡

𝑣𝑒, headlight 𝑧𝑡
ℎ𝑒, and horizontal symmetry 

𝑧𝑡
ℎ𝑠of vehicles. For example, 𝑧𝑡

𝑢𝑠 is a useful feature under the sunny weather condition, however,  

𝑧𝑡
ℎ𝑒 is a better feature for low light conditions or under dusty, rainy, and snowy weather. Therefore, 

the following processes will be applied to find parameters.  

Parameter 𝒛𝒕
𝒉𝒔 

The head part of a vehicle is generally symmetric, Figure 50. Horizontal symmetry within the 

rectangle region defined by particle has been used as a function of total intensity symmetry pixels 

(Gray-level symmetry) divided by half of the width and height of a rectangle region by considering 

a threshold which is set experimentally according to the field of view of the camera. 

      

Figure 50,  Typical road scene.   

 

Parameter 𝒛𝒕
𝒗𝒆 

The vertical edge of the vehicle is a powerful feature for detection in which vehicle image lies 

between two vertical edges. An edge detector has been applied to reduce the size and amount of 

useful data to be processed. The Sobel and Canny operators are the most popular edge detection 

operators. Canny has more steps than a Sobel operator. Thus, Canny’s computation time is higher 

than Sobel’s computation time [378]. The Sobel edge has a smoothing effect on the random noise 

and also has low computational complexity and fair performance in finding the edges [379]. The 
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Sobel edge detector with an orientation constraint is used for the map of vertical edges. Therefore, 

only the vertical edge of vehicles are kept. To detect the vehicle edges, first, color images are 

converted to grayscale intensity images. Vehicle edges are detected using Sobel operators, Figure 

51. Here, a 3×3 vertical Sobel mask filter is applied to obtain a vertical edge map of the vehicles.  

It works by calculating the gradient of image intensity at each pixel. Then, the final result after 

thresholding is shown in Figure 52.  

Sobel operator consists of two convolution kernels (Sobel horizon operator 𝐾𝑥  and Sobel vertical 

operator 𝐾𝑦 ) that are used to convolute each point of the image. 

 

                      Sobel vertical operator                     Sobel horizontal operator 

-1 0 1 

-2 0 2 

 -1   0 1 

                   
                                                              Figure 51,  Sobel convolution kernels. 

 

The gradient components of pixel 𝑥𝑖 in the horizontal and vertical orientations, represented as 

follow: 

 

    𝐺𝑥(𝑥, 𝑦) =   𝐾𝑥 × 𝐼 (𝑥, 𝑦)  ,     𝐺𝑦(𝑥, 𝑦) =   𝐾𝑦 × 𝐼 (𝑥, 𝑦)                   (3.51) 

  

𝐼 (𝑥, 𝑦): Input image 

𝐾𝑥: Horizontal sobel operator 

𝐾𝑦 : Vertical sobel operator 

The strength of the edges are defiend as  

 

                𝑆(𝑥, 𝑦) =  √𝐺𝑥(𝑥, 𝑦)2 + 𝐺𝑦(𝑥, 𝑦)2                                        (3.52) 

 

Then, the orientation of edges can be calculated [380]: 

                 𝜃(𝑥𝑖) = arctan (
𝐺𝑦(𝑥,𝑦)

𝐺𝑥(𝑥,𝑦)
 )                                                         (3.53) 

 

-1 -2 -1 

0 0 0 

1 2 1 
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(a)                                                      (b) 

Figure 52 (a-b), Vertical edges of vehicles, (a) Detection result of the first unit, (b)  Vertical edge map. 

 

Parameter  𝒛𝒕
𝒖𝒔 

Additionally, horizontal orientation constraints (horizontal Sobel edge operator) mixed with a low-

intensity threshold for extraction of the underneath shadow pixels have been selected. Therefore, 

only dark horizontal edges of vehicles are kept, Figure 53. To differentiate the underneath shadow 

pixel from the rest of the vehicle’s horizontal edge pixels, a comparison of pixel intensity values 

has been performed. Good results with the low-intensity threshold of 3% in most of the scenes 

have been achieved. Thus, using global thresholding has been the decision adopted. 

 

                
 (a) (b) 

Figure 53 (a-b), The underneath shadow of vehicles, (a) Detection result of the first unit, (b)  The underneath shadow map. 
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Parameter 𝒛𝒕
𝒉𝒆 

Under bad weather conditions, headlights of vehicles are visible and their pixels in the image have 

a high-intensity value. Headlights have been extracted from regions of interest as explained before 

in section 3.2.3.2. At least there are two headlights for each vehicle, so, two farthest headlights 

which are in the same/close horizontal row with the same/close area are used for generating the 

headlight map, Figure 54. 

       
 (a) (b) 

Figure 54, Headlight extraction, (a) Detection result of the first unit, (b) Headlight map. 

 

The four observation functions are defined accordingly as 

 

 𝒛𝒕
𝒉𝒔 

 

                              𝑓𝒉𝒔( 𝒛𝒕
𝒉𝒔|𝑥𝑡) = (

𝑇𝑖𝑛𝑠

(𝑤×ℎ)/2
 )                                     (3.54) 

Where  

                     𝑇𝑖𝑛𝑠 = ∑ ∑ 𝑖𝑛𝑡(𝑖, 𝑗)ℎ
𝑗=1

𝑤/2
𝑖=1                                                (3.55) 

And 

𝑖𝑛𝑡(𝑖, 𝑗) = {
1                  𝑖𝑓         |

𝐼(𝑖,𝑗)−𝐼(𝑤−𝑖,𝑗)

𝐼(𝑖,𝑗)
| < 𝑇ℎ                           

0                       𝑒𝑙𝑠𝑒                                                                
     (3.56) 

The 𝑇𝑖𝑛𝑠 is defined as total intensity symmetry pixel pairs, and if the condition in the function 

𝑖𝑛𝑡(𝑖, 𝑗) is satisfied it returns 1 which is based on the threshold for a symmetry pair. The 𝐼(𝑖, 𝑗) is 

the intensity of the image at the rectangle region (top left corner) coordinate (𝑖, 𝑗) with 𝑖𝑡ℎ column 
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and 𝑗𝑡ℎ  row. Finally, ℎ and 𝑤 are the width and height of the rectangle region defined by a particle. 

Finally, if the obtained result for (
𝑇𝑖𝑛𝑠

(𝑤×ℎ)/2
 ) is more than 0.8, then the horizontal symmetry function 

will return one, otherwise zero. 

 𝒛𝒕
𝒗𝒆 

 

𝑓𝑣𝑒( 𝒛𝒕
𝒗𝒆|𝑥𝑡) = (

𝑛𝑣𝑒

𝑣𝑏 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑒𝑐𝑡𝑎𝑛𝑔𝑙𝑒
)                                            (3.57) 

 

Where 𝑛𝑣𝑒 is defined for a number of the total vertical edge  (𝑣𝑒) pixels on the 𝑣𝑏. If the rectangle 

region which is defined by a particle, fitted on the vehicle properly, then the vertical boundaries 

(𝑣𝑏)  will be contained many edge pixels. The function will return one for the values more than 

the threshold (which is set experimentally by considering the field of view of the camera); 

otherwise zero.  

  

 𝒛𝒕
𝒖𝒔 

 

               𝑓𝑢𝑠( 𝒛𝒕
𝒖𝒔|𝑥𝑡) =  (

𝑛𝑢𝑠

𝑏ℎ𝑏 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑒𝑐𝑡𝑎𝑛𝑔𝑙𝑒
 )                                     (3.58) 

Where 𝑛𝑢𝑠 is defined for the number of 𝑢𝑠 pixels on the bottom horizontal boundary (𝑏ℎ𝑏) of a 

rectangle region. If there are many pixels overlapped on the (𝑏ℎ𝑏), then the function will return 

one; otherwise zero. Here the threshold is set to 0.7.   

 

 𝒛𝒕
𝒉𝒆 

    

                        𝑓ℎ𝑒( 𝒛𝒕
𝒉𝒆|𝑥𝑡) =  ( 

𝑑ℎ𝑒

𝑤
)                                                   (3.59) 

 

Where 𝑑ℎ𝑒 is defined for headlight distance and 𝑤 is the width of the rectangle region defined by 

a particle. If the headlights of a vehicle are close to the 𝑣𝑏 of the rectangle region; then the function 

will return one otherwise zero (the threshold is defined by experiment with considering the field 

of view of the camera).  
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In order to work under adverse weather conditions, multiple measurements are combined, hence 

the performance of the particle filter will be improved. The higher likelihood score is for a more 

similar candidate (particle) to a vehicle pattern. By considering the independent measurements, 

the overall likelihood model can be derived as the product of the likelihood models of the 

individual measurements. 

 

𝑝𝑇( 𝑧𝑡
𝑇|𝑥𝑡

𝑖) = ƞ 𝑝( 𝒛𝒕
𝒉𝒔|𝑥𝑡

𝑖)𝑝( 𝒛𝒕
𝒗𝒆|𝑥𝑡

𝑖)𝑝( 𝒛𝒕
𝒖𝒔|𝑥𝑡

𝑖)𝑝( 𝒛𝒕
𝒉𝒆|𝑥𝑡

𝑖)          (3.60) 

The relation between observation likelihood and measurement noise can be defined as 

𝑝𝑇( 𝑧𝑡
𝑇|𝑥𝑡) ∝ 𝑝(𝑛). Although in different works a Gaussian distribution is preferred for noise 

model, in the proposed VDT-VCC method, the probability density function of  measurement noise 

is modeled as follow; 

         𝑝(𝑛) =  ∑
𝜆1
(𝑛+𝑛𝑠)𝑒−𝜆1

(𝑛+𝑛𝑠)!

∞
𝑛𝑠=0

 ×  
𝜆2
(𝑛+𝑛𝑠)𝑒−𝜆2

𝑛𝑠
                                      (3.61) 

𝑝(𝑛): Probability density function of  measurement noise  

𝜆 > 0 𝑖𝑠 the average value (lambda)- rate 

(𝑛 + 𝑛𝑠) ∈ ℕ 

𝑛𝑠: Noise speed 

𝑛: Noise parameter 

In this work, based on noise area consideration, it is assumed that the noise speed, 𝑛𝑠 is Gaussian 

and 𝜆1 + 𝜆2 = 2, 𝑎𝑛𝑑 𝜆1 =
4

3
, 𝜆2 =

2

3
 . As the result, one likelihood density is used for each 

candidate. Therefore 

𝑝𝑇( 𝑧𝑡
𝑇|𝑥𝑡

𝑖) ∝  ∏ 𝑊𝑡
𝛼∑

𝜆1
(𝑛𝛼+𝑛𝑠)𝑒−𝜆1

(𝑛𝛼+𝑛𝑠)!
×

𝜆2
(𝑛𝛼+𝑛𝑠)𝑒−𝜆2

𝑛𝑠

∞
𝑛𝑠=0𝑛𝛼={𝑓

𝛼( 𝒛𝒕
𝛼|𝑥𝑡)}

                   (3.62) 

Where 𝛼 = {ℎ𝑠, 𝑣𝑒, 𝑢𝑠, ℎ𝑒}, and 𝑊𝑡
𝛼 is the weight of each observation at time 𝑡 which was 

determined by experiment based on the specific environmental conditions as follows (Table 3). 

 

               Table 3,  Weight of each observation for different weather conditions. 

𝛼 ve hs us he 

Normal weather conditions 0.4 0.3 0.2 0.1 

Sunny weather conditions 0.3 0.2 0.4 0.1 

Snowy weather conditions 0.2 0.2 0.2 0.4 

Rainy weather conditions 0.3 0.2 0.1 0.4 

Dusty weather conditions 0.3 0.1 0.1 0.5 

Low lighting conditions 0.2 0.2 0.1 0.5 
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In order to perform multiple vehicle detections under the particle filter framework, the 

classification of particles (clustering) is required for the approximation of the belief state. In the 

classification step, instead of choosing the first particle to form a cluster,  the obtained information 

from the first unit is considered as the cluster centers to form groups. The input for the clustering 

is detected vehicles 𝐷𝑉𝑡−1 = {< 𝑔𝑡−1
1 , 𝑤𝑡−1

1 , ℎ𝑡−1
1 >,< 𝑔𝑡−1

2 , 𝑤𝑡−1
2 , ℎ𝑡−1

2 >,… ,<

𝑔𝑡−1
𝑚 , 𝑤𝑡−1

𝑚 , ℎ𝑡−1
𝑚 >} where < 𝑔𝑡−1

𝑗
, 𝑤𝑡−1

𝑗
, ℎ𝑡−1

𝑗
, 𝑗 = 1,… ,𝑚 > is the 𝑗th center, width , and height 

of the bounding boxes at time  𝑡 − 1, respectively and 𝑚 is the total number of detected vehicles. 

It should be noted that, each 𝑔𝑡−1
𝑗

= (𝑥𝑡−1
𝑗
, 𝑦𝑡−1

𝑗
) in the set of centers 𝐺𝑡−1 =

{𝑔𝑡−1
1 , 𝑔𝑡−1

2   … , 𝑔𝑡−1
𝑚  } is related to it’s 𝑤𝑡−1

𝑗
, ℎ𝑡−1

𝑗
with the same identification number. As the 

proposed method is using the information of the first unit, the number of groups (clusters) is 

available in this step. In this way, information from the first unit makes a clustering meaningful 

and increased the robustness of the particle filter for detection and localization of the vehicles, and 

also reduced the processing time spent by the particle filter algorithm. 

Given a set of particles  𝑋𝑡−1 = {𝑥𝑡−1
1 , 𝑥𝑡−1

2   … , 𝑥𝑡−1
𝑛  } at time 𝑡 − 1, where 𝑛 (𝑚 < 𝑛 ) is the total 

number of particles and 𝑥𝑡−1
𝑘   is the 𝑘th particle in the set, the distance between the existing center 

points and particles are used to form the groups (the closest particle to each center). Based on the 

distance calculation, a set of clusters 𝐶𝑡−1 = {𝑐𝑡−1
1 , 𝑐𝑡−1

2   … , 𝑐𝑡−1
𝑚  } is created where 𝑐𝑡−1

𝑗
 is the 𝑗th 

cluster with it’s center 𝑔𝑡−1
𝑗

 at time 𝑡 − 1. Then, the constraints 𝛺𝑗  which take the advantages of 

the obtained information from the first unit are considered for each group as a condition to 

determine whether to accept the particle in the group or not. The particles which fell inside the 

constraint region are accepted, otherwise, they have been removed. So,  for each cluster 𝑐𝑡−1
𝑗

 and 

it’s particles the condition is defined as 

𝑐𝑡−1
𝑗

= {    
 𝑟𝑒𝑗𝑒𝑐𝑡                 𝑖𝑓             𝑥𝑡−1

𝑘    ∉ 𝛺𝑗              

𝑎𝑐𝑐𝑒𝑝𝑡                 𝑖𝑓       𝑥𝑡−1
𝑘            ∈    𝛺𝑗     

                                 (3.63) 

Where 𝛺𝑗  is the constraint region for each cluster 𝑐𝑡−1
𝑗
. The distance from every particle to its 

cluster centroid 𝑔𝑡−1
𝑗

= (𝑥𝑡−1
𝑗
, 𝑦𝑡−1

𝑗
) should be smaller than the thresholds  

𝑤𝑡−1
𝑗

2
 and 

ℎ𝑡−1
𝑗

2
  to be 

accepted in the group. In the first iteration of the particle filter, the weighted mean of particles 

belong to each cluster is calculated and considered as a “new cluster center”, namely “estimated 

positions”, which will be sent to the decision-making unit to find the correspondences. 

Additionally, the resampling stage is executed after the particle evaluations. In this step a set of 

(𝑛 − 𝑛𝑖) particles whose weights are higher, selected from the set of weighted samples.  

At later time steps, initial sampling, propagation, evaluation, and clustering are the same as 

explained before while, re-calculating the cluster center 𝑔𝑡
𝑗
= (𝑥𝑡

𝑗
, 𝑦𝑡

𝑗
) is performed based on the 

output of the decision-making unit, in which if a [1,𝑀] correspondence was recorded for a center, 
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(in other words and as explained before, if the center of a detected position 𝑔𝑡
𝑗
 which used in the 

clustering at time 𝑡 has corresponded to the 𝑀 estimated positions) then the related bounding box 

of that center is assumed as the occlusion area (beginning of the occlusion). This case may occur 

when the first unit at time 𝑡 detects 𝑀 vehicles as one. In this situation, after particle clustering at 

time 𝑡, 𝑀 associated regions from previous time mapped to the current time step with the same 

positions (keep unchanged). Since the appearance of the moving vehicles in a video sequence have 

small changes, size adjustment operation is needed to re-size the bounding boxes as proposed in 

[369]. So, the contour of the occluded vehicles in the current frame is used to re-size the bounding 

boxes. Then, the center of new adjusted boxes is considered as estimated positions and the tracker 

will be updated (the previously estimated positions will be connected to the current ones). 

Otherwise, the weighted mean of particles belongs to each cluster is calculated and considered as 

a “new cluster center” namely “estimated position”,  afterward previously estimated position will 

be linked to the current one. Figure 55  shows the ability of the proposed VDT-VCC method to 

detect a varying number of vehicles by using the information from three main units. Figure 55 (a) 

illustrates a frame after sundown from videos of the “low-lighting condition” category. In this 

frame, five vehicles are detected, in which there are multiple-locations generated by the particles 

(green) and the weighted mean of particles for each cluster (red). Figure 55 (b) illustrates the frame 

from a snowy day (after snowfall), where three vehicles detected correctly in which there are 

multiple-locations of particles (green) and weighted mean for each cluster (red). Figure 55 (b) 

illustrates the frame from a snowy day (after snowfall) where three vehicles detected correctly in 

which there are multiple-locations of particles (green) and weighted mean for each cluster (red). 

In this frame, there are some small vehicles, very far from the camera which were not detected by 

the motion-based unit as they are filtered by the extra-processing stage. As the result, the particle 

filter is not considered them as the vehicles, until the first unit confirms the existence of vehicles 

for those regions. Moreover, Figure 55 (c) and (d) show the selected frames from the sunny and 

snowy video sequences, respectively, wherein different vehicles have been detected correctly. 

                        
(a)                                                               (b)   
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                                                                         (c) (d) 

Figure 55 (a-d), Vehicle detection and sample-set representation, multiple-locations generated by the particles (green) and 

weighted mean of particles for each cluster (red). 

 

Figure 56 shows eight selected frames (not consecutive) from the recorded video of a snowy day 

with occlusion of vehicles on the road. The final result of the proposed VDT-VCC method is 

shown in the first and third rows. While the second and fourth rows illustrate the result of the 

motion-based unit (foreground regions). 

Regarding the 2nd row,  there are seven separate vehicles in the scene, which have been segmented 

correctly by the first unit (the first and 2nd frames), while the results illustrated that in the third 

frame two far-distance vehicles are segmented together, due to the occlusion. However, by 

effective integration of information from three main units,  the proposed VDT-VCC method has 

been detected all vehicles correctly (the 3rd frame from the first row). As the 2nd and 4th rows 

illustrate, the motion-based unit may alone produce (segmented) a bigger area for vehicles due to 

the large shadow, also from 4th to 7th frames it is observable that still vehicles are segmented 

together (partial occlusions). Despite these, by taking the advantages of the three main units all 

vehicles in the scene are detected and tracked correctly, even under occlusion (first and 3rd rows). 

Additionally, in these selected frames, there are some small vehicles by human observation (far 

from the camera), which are not detected by the system. Because the first unit has not considered 

them as vehicle areas. As the input of the particle filter framework is the restricted regions defined 

by the first unit, hence they have not been detected. As soon as the first unit will introduce them 

as vehicles (the last frame 4th row), the second unit refined the coarse detection results, and 

tracking will be started for the new vehicles by considering the defined rules in the decision making 

unit.   
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Figure 56, Effectiveness of the integration of three main units for vehicle detection and tracking. 
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3.2.5 Third unit - Decision-Making unit  

 

 

The decision-making unit takes into account the fact that vehicles can appear in the field of view 

of the camera (new vehicles or appearing vehicles after full occlusion), or vehicles can disappear 

due to the occlusion or leaving the field of view of the camera. 

The obtained information has been tightly coupled in the decision-making unit to refine the 

detection results which consequently increases the accuracy of an inter-frame correspondence. So 

the parameters are used in the equation (3.64) to make a decision about the vehicles in the adjacent 

frames. The detected position of the vehicle in the current frame 𝑃𝑡
𝐷𝑒𝑡𝑒𝑐𝑡𝑒𝑑  with the estimated 

position from the previous frame 𝑃𝑡−1
𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑  have been compared and if the condition is satisfied 

the vehicle in the current frame is considered to be a vehicle in the previous frame. 

 

 

𝐹𝑖𝑛𝑎𝑙𝑟𝑒𝑠𝑢𝑙𝑡 = {
1           ⃦ 𝑃𝑡

𝐷𝑒𝑡𝑒𝑐𝑡𝑒𝑑 − 𝑃𝑡−1
𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑     ⃦ < 𝛿    

       0                   𝑒𝑙𝑠𝑒                                                   
           (3.64) 

 

Where    ⃦ .     ⃦is norm 2 criterion used as the distance measurement function (The 2-norm distance 

is the Euclidean distance √(𝑋𝑃𝑡 − 𝑋𝑃𝑡−1)
2
+ (𝑌𝑃𝑡 − 𝑌𝑃𝑡−1)

2
    ),  and the threshold 𝛿 was set by 

trial and error to 30. The centroid of each position indicated by (𝑋, 𝑌) for distance measurement. 

As mentioned before, by the integration of results from the first and second units, the decision-

making unit evaluates the association between them in which different situations may occur.The 

[1,1] association indicates that a unique detected position in the frame 𝑡  corresponds to only one 

estimated position in the frame 𝑡 − 1, while [𝑁, 1] association may occur at the end of a short 

occlusion in which two situations can be distinguished. The set of 𝑁  detected vehicles at time t  is 

a result of a previous merge; when the first unit at frame  t − 1  and estimated positions which 

follow the previous information is not performed correctly or when a group of vehicles entering 

the scene together due to the occlusion. The last association namely,  [1,𝑀] also may occur which 

was explained before.  

Regarding the unmatched pairs (an estimated position at frame 𝑡 − 1 or a detected position at frame 

𝑡 did not find any correspondence);  

If there was no correspondence for a detected position 𝑃𝑡
𝐷𝑒𝑡𝑒𝑐𝑡𝑒𝑑 , a search region is considered in 

the previous frame based on the current detected location and size. Each estimated position which 

was overlapped on it, will be paired to the detected position (if there is any). Hence, the new 

correspondence ([1,1], [𝑁, 1] 𝑜𝑟 [1,𝑀]) define for them and the parameters will be updated to one. 

In this way, the chance of pairing the detected and estimated positions will be increased. Otherwise, 

the parameter is set to zero, so the detected position is assumed as a new vehicle. Besides that, a 

new tracker should be started, if it can not find any correspondence with any “estimated position” 
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from previous (two to five) frames (according to the distance measurement). This case may occur 

when a vehicle appeared after several frames due to the miss-detection of the first unit. Particularly, 

by given a boundary in the edge of image far from the camera, tracking will start with each new 

detected position on the boundary. 

If there was no correspondence, for an “estimated position” at frame 𝑡 − 1, with any “detected 

position” at frame 𝑡, the tracker survives five frames than will be automatically terminated (without 

any correspondence). This case will occur in two situations; when a vehicle leaves the scene or 

when the first unit has a miss detection (false negative) for a long sequence of times.  

 

 

3.2.5.1 Trajectory analysis 

 

In real-time systems, trajectory analysis is used in many applications. In the field of ITS, the 

trajectory is used for the detection of an illegal lane change or the most used lane on the road, 

traffic congestion, illegal vehicle movement, and etc. In the proposed testing scenario, a trajectory 

mechanism has been used to evaluate the method. For this purpose, it has been considered several 

situations of vehicles in a given trajectory (red: estimated; blue: detected), and the estimations 

adapted to the detected ones. As shown in Figure 57 the trajectory of the vehicles in several frames 

was overlapped on a selected frame of the video sequence to help in the localization of the 

trajectories on the road. Each small box represents the center coordinate position of a moving 

vehicle at different times (not consecutive frame). The proposed VDT-VCC method used the 

estimation data to refine its detection results. In other words, when facing frames with occlusion 

between vehicles or frames with undesirable blobs due to the adverse weather, the estimation 

results which tracked the previous frames helped to make a decision about vehicles in the current 

frame. As a result, the false detection rate of the entire method is reduced. Figure 57 (a) shows a 

selected frame from a recorded video under sunny weather conditions. The road has four lines and 

vehicles are traveling toward the camera. There are seven vehicles on the road. In this scenario, all 

visible vehicles are tracked correctly. By analyzing the trajectories it is visible that, the black 

vehicle on the left side of the image changes the road lane in the middle of the field of view of the 

camera. Figure 57 (b) shows a selected frame from recorded video under dusty weather conditions. 

There are three white vehicles on the scene. The red trajectories show the estimated positions and 

the blue trajectories show the detected positions. By taking the advantages of the decision-making 

unit, the estimated and detected positions have been compared, and the same vehicle has been 

identified in the consecutive frames. Figure 57 (c) shows the same scene after some minutes with 

an occlusion due to the black truck. As seen in Figure 57 (c), there are four vehicles in the scene 

by human observation. However, there are two trajectories. One trajectory is for the white vehicle 

on the right side of the road, and another one is for two vehicles which are entered the scene 

together from the left side of the road. Both vehicles are detected and tracked together until they 

are separated. Also, there is a vehicle far from the camera which is not detected due to the dusty 
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weather condition The vehicle will be detected as soon as it is visible and detectable by the first 

unit. In this case, the number of trajectories is less than the number of vehicles. 

 

                
  
 (a) (b)     (c) 

 
Figure 57 (a-c),  Evaluation in trajectory scenario, (a) Sunny weather condition, (b) Dusty weather condition, 

(c) Occlusion between vehicles under dusty weather condition. 

 

 

Advantages of the proposed VDT-VCC method 

 

Although there were many studies on vehicle detection which were discussed in the second chapter 

and valuable ones are presented in the fourth chapter, but few researchers have proposed methods 

for solving problems of detecting vehicles under adverse weather conditions. By considering the 

diverse variety of vehicles on the different roads/environments, variations in the illumination of 

the scene, adverse weather conditions, and the real-time constraints of traffic monitoring systems 

the VDT-VCC method has been developed by the cooperative framework based on three main 

units. 

The first unit provides a coarse detection of vehicles, by means of spectral and temporal features 

based on statistical characteristics of image pixels, and a combination of several extra processing.  

Remarkably, the goal of the extra processing is analyzing in both pixel and region levels in which 

different situations are considered. For instance, enhancing the accuracy of the segmentation by 

taking the advantages of several operations in which provided the better parameters for the next 

processes, feature extractions which lead to analyzing the regions and reduced the false detection, 

analyzing the headlights in which two geometrical rules are considered which leads to increasing 

the accuracy of the results for the next units. According to the unfavorable conditions, the first unit 

may not detect the exact location of vehicles. Hence, an adaptive particle filter framework 

developed in the second unit which requires the information from the prior unit at the different 

stages, for instance; initial sampling, evaluation, and particle classification stages.  
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In the proposed VDT-VCC method, the input of the particle filter framework is the restricted 

regions which contain the vehicle image with its features. So, the obtained information enhanced 

the particle filter ability to converge earlier. In this way, the particle filter detected any vehicle 

more accurately. Therefore, the computational cost of the method is reduced and consequently, the 

particle filter can deal with false-positive detection. 

Information from the prior unit acts as a gating for surviving the particles on the area with a high-

level concentration of measurements (vehicle image). As a result, obtaining high weight for 

particles with related likelihood functions which consequently improving the robustness and 

reliability of the particle filter. 

Particle classification by considering the information from the first unit (namely, “pre-defined 

clustering”). As the result, as particles are clustered effectively and rapidly (minimize its execution 

time), the method generated a reliable result with higher accuracy. Otherwise, particles spread in 

the state space, so the variance of the clustering will be more than in the case when the method is 

using the information from the prior unit.  

The first unit alone may detect a group of vehicles as one. But the proposed method maintains the 

previous information to deal with full or partial occlusions in the current time by taking the 

advantages of the third unit. On the other hand, if there is a small error in the first unit regarding 

the detection of the exact location of vehicles (due to the adverse weather conditions or camera 

vibration which did not completely refine by the pre-processing step) then the second unit is able 

to refine it by updating the cluster center as explained before. 

Moreover, the first unit may have some false negative due to the bad weather conditions (noise or 

blurring effect), but by the integration of the obtained information from two different sources, the 

decision-making unit provided the more reliable and accurate results.  

False-positive happens if the method does not use the first unit. Then, the particle filter alone may 

cause an increase of false-positive rate (when an object is similar to the vehicle, because of its 

features) and particles will be separated in the whole image. Furthermore, false-positive happens 

if the first unit does not use the extra-processing stage, in which it filters the unreal detection 

results.  

Construction of the decision-making unit which takes into account the fact that vehicles can appear 

in the field of view of the camera (new vehicles or appearing vehicles after full occlusion), or 

vehicles can disappear due to the occlusion or leaving the scene. Also, the decision-making unit 

and first unit, give a chance to unmatched "detected position" to include in the new matching 

criteria. Finally, every unmatched pair follows some rules to include in the tracking or considered 

as a new vehicle to be tracked.  

Gaining ability of the third unit to aid at classification, and handling the different situations by 

considering the results from two different points of view.  

Results indicate that the proposed VDT-VCC method is feasible, and more accurate compared to 

existing methods in the state of the art, especially when facing adverse weather conditions and 



 
 
 
 

147 
 

lighting variations in different environments. Moreover, in choosing different parts of the method 

the best trade-off between robustness and computational cost accomplished. 

 

 

4. Results 
 

This chapter presents the experimental results of quantity and quality evaluation of the 

performance of the proposed methods. In order to provide reliable results and to ensure fast and 

robust processing, the performance of proposed methods have been evaluated on the recorded 

videos under different weather, illumination, and environmental conditions, therefore, complete 

validation has been carried out. As results indicated, the proposed methods offer great 

improvements in terms of accuracy, robustness, and stability in traffic surveillance. 

 

The meaning of the terms stated in this chapter are as following: 

“Normal” condition means a bright condition with a clear scene. It includes all daylight sequences 

with no direct sunlight. Note that such conditions can also be present in a cloudy environment. 

“Sunny” category includes the sequences with direct sun in the scene which produces the shadow 

on the road surface. 

“Low lighting” sequences mean, the videos are recorded in the sunset. This affects the illumination 

of the scene, making it difficult to distinguish vehicles, and reducing the contrast in images 

between vehicles and the background.  

“Dusty” weather condition means sand and particles in suspension, it leads to a lot of noise which 

blurs the scene and makes poor visibility of vehicles.  

“Rainy” weather condition decreases the image intensity and blurs the edge of vehicles.  

“Snow” in the air increases the image intensity and hide the edges of the pattern of an object or 

vehicle in the image.  

 

In summary, adverse weather conditions are challenging problems to the vision systems, producing 

an artifact in the image which causes the processing more difficult. 
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4.1 VD-FCC 

 

 Datasets and experimental results  

The proposed method has been implemented in Matlab. The method is able to process around 10 

frames per second on a dual-core processor at 2,5 GHz Intel® Core™ i7 CPU, 16-GB RAM, and 

64-bit operating system. A camera has been used for video recording with a frame rate of 30, and 

a resolution of  576×720  pixels. 

 4.1.1 Datasets 

The proposed procedure has been tested with an own generated dataset acquired in Madrid and 

Tehran. Video datasets have been recorded throughout the year (picking samples in different 

seasons) by collecting information in different hours to then be used for testing the accuracy of the 

method. More than 80 videos have been collected, with up to 5 minutes of length in some of them. 

For a fair evaluation of the proposed method, videos were recorded from different conditions and 

positions, as follows:  

 

 Different locations: The dataset made contains video data collected at different areas from 

highways, streets, urban and interurban areas with a variety of vehicle types and colors 

(city cars, buses, vans, minivans, pickup trucks, etc).  

 Various weather conditions: such as; normal, cloudy, sunny, rainy, and snowy weathers. 

 Different lighting conditions: Poor and normal lighting conditions. 

 Traffic density: Light traffic and regular traffic (assuming no big occlusions due to big 

trucks and other special vehicles). 

 Different range of camera angles, height, and positions: Different camera angles, 

height, and positions are considered for recording the video datasets.  

 

The results show that the followed strategy has significant effects on complex sequences and 

conditions. The simulation results verified the better performance of our method compared to 

similar works in delectability under different weather conditions, perspective and background 

noise, shadows, and lighting transitions, all of which are difficulties conventional traffic detection 

methods have to deal with. Figure 58 shows some examples of the recorded dataset from different 

positions, locations, and weather conditions. 
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  (a) (b) (c) 

                 
    (d)                                                  (e)                                               (f )                         

Figure 58 (a-f), The recorded dataset in Madrid and Tehran, (a, b) Normal weather, the camera is located in the center of the 
bridge on urban areas with different angles, (c) Sunny weather, the camera is located in the center of the bridge on an urban area,              

(d) Cloudy weather after snow, the camera is located on the right side of the bridge on an interurban area, (e) Low lighting 
conditions, the camera is located in the center of the bridge on highway (f) Snowy weather, the camera is located in the center of 

the bridge on a highway. 
 

 
 

 

4.1.2 Experimental results 

Experimental results are divided into two parts. The first part is divided into three parts. 

Presenting the evaluation of the performance of the proposed method, then comparing the results 

with different transformation methods, and finally analyzing the results of different vehicle 

detection methods in the state of the art that has been tested under different weather conditions.  

The second part provides information regarding the comparison of the computational complexity 

and processing time of the proposed MIPM in front of other transformation methods. Then, the 

comparison results of “computational performance” of different vehicle detection methods are 

shown in Table 11. 
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First part 

Quantitative evaluation 

The performance of the complete proposed method was evaluated on the randomly selected frames 

from the recorded dataset. The detection accuracy can be affected by different weather conditions 

and road positions. Thus, 100 samples (each sample consists of one frame) were selected randomly 

from different environments for each category. 

The generation of the contents for the comparison was done by labeling the vehicles manually in 

the datasets (Ground Truth), then from the randomly selected frames for the test, the detection rate 

was obtained by comparing with the labeled data of these frames. For evaluation the method four 

parameters are defined as follow: 

 True Positives (TP): Number of the correctly detected vehicles by the method.  

 False Positives (FP): Number of the detected objects (non-vehicles) in the background that 

is incorrectly classified as vehicles (motorbike, humans, and etc). 

 False Negatives (FN): Number of vehicles that were missed by the method. 

 True Negatives (TN): The situation that exists neither in the ground truths nor the result  

(correctly rejected). The non-vehicles present in neither the GT nor the system under test. 

Such as a human, a motorbike or, a bicycle.  

 

Additionally, Ground Truth (GT) is defined as  𝐺𝑇 = 𝑇𝑃 + 𝐹𝑁. Then, The performance of the 

complete method is evaluated by several metrics as follow: 

 

 True Positive Rate (TPR), is the percentage of correct vehicles that are detected. It is also 

called the sensitivity of the system, Detection Rate (DR), or Recall.  

𝑇𝑃𝑅 =
 (𝑇𝑃)

 (𝑇𝑃+𝐹𝑁)
 × 100                         (4.1) 

 False Alarm Rate (FAR), is the percentage of non-vehicles that are detected. 

𝐹𝐴𝑅 =
 (𝐹𝑃)

 (𝐹𝑃+𝑇𝑃)
 × 100                         (4.2) 

 Precision and Accuracy (ACC) of the method can be calculated as follows : 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

 𝑇𝑃+𝐹𝑃
 × 100                   (4.3) 

𝐴𝐶𝐶 =
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝐹𝑁+𝐹𝑃+𝑇𝑁)
× 100               (4.4) 
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Precision is the percentage of detected vehicles that are correct. While accuracy is the percentage 

of the actual performance of the method concerning both correctly detecting and correctly 

rejecting. 

As stated above, The evaluation is divided into three parts: 

First, The performance of the complete proposed VD-FCC method was evaluated on the randomly 

selected frames from the recorded videos. Quantitative evaluation of the performance of the 

proposed method under different conditions is shown in Table 4. The number of detected vehicles 

by the proposed method, True Positive Rate, False Alarm Rate, precision, and Accuracy are 

considered. 

Table 4, Evaluation of the proposed method, under different conditions. 

Category GT TP FP FN TPR% FAR% Precision

% 

ACC% 

Normal 

weather 

628 625 9 3 99,52 1,41 98,58 98,12 

Sunny 

weather 

507 501 13 6 98,81 2,52 97,47 96,36 

Cloudy 

weather 

539 536 10 3 99,44 1,83 98,16 97,64 

Rainy 

weather 

478 456 41 22 95,39 8,24 91,75 87,93 

Snowy 

weather 

357 352 9 5 98,60 2,49 97,50 96,20 

Low 

lighting 

condition 

383 374 24 9 97,65 6,03 93,96 91,95 

 

 

Total  

 

2892 2844 106 48  98.34  3.59   96.40  94,86 

 

The VD-FCC method, under normal and cloudy weather conditions which have clear images, has 

very high True Positive rates with 99,52% and 99,44%, respectively.  As shown in Figure 59 (a), 

in this selected frame there is a motorbike, which correctly, is not detected by the method. 

Due to the sunny weather conditions in Figure 59 (g,h), there are shadows of trees on the grounds 

and also shadows of vehicles, however, the proposed VD-FCC method is able to detect the vehicles 

correctly with 98.81% of TPR. If there is an occlusion between several vehicles which are entering 

the scene, they are detected as one vehicle, Figure 59 (d, e, and h), until they are going to be 

separated. Under bad weather conditions, vehicles are moving slowly (due to no field of view for 

a driver) comparing with normal weather. So, if there is an occlusion between several vehicles 

these situations (occlusion) will stay more in consecutive frames, Figure 59 (d). Thus, randomly 

selected sequences will decrease the detection rate under such conditions. Our proposed method 
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shows a 95,39% detection rate under rainy weather conditions, while under snowy and low lighting 

conditions have better TPR with 98,60% and 97,65%, respectively. False-negatives were caused 

by the “pixel-level analysis” block due to the noise and blurred image sequences which are the 

results of adverse weather conditions. In particular, under the rainy weather condition, the edge 

information of the vehicle is sometimes blurred and cannot be extracted. False positives have 

occurred in a few cases, due to the error of the "rule-based analysis" block, if the non-vehicles are 

detected as a vehicle. 

In general, as shown in Figure 59 (a-h), there are some environments with noises due to adverse 

weather conditions, also shadows, and light reflection from wet roads. However, the proposed  

VD-FCC based on the MIPM method is able to detect more than 98,30%  of the vehicles in all the 

tested sequences in the different weather and lighting conditions. Transferred images by MIPM 

are clear, road features such as lane boundaries (lines) are more accurate and visible, subsequently, 

it provides more information which can be useful for pixel-level and regional-level analysis, 

extraction of structural information, and vehicle detection.  

In conclusion, the method that was proposed in the previous chapter which takes the advantages 

of MIPM can provide a robust solution to monocular-based vehicle detection. The proposed  VD-

FCC is unsupervised, data set independent, a training-free approach which can be used to improve 

the robustness and detection accuracy of traffic-monitoring-oriented systems. Additionally, the 

results show that the proposed method can achieve close to real-time performance. Figure 59 

shows the detection results of the proposed VD-FCC method under different weather conditions. 

 

 

                             
                       (a) (b) (c)                                            (d) 



 
 
 
 

153 
 

                                 
(e)                                         (f)                                                    (g)                                                (h) 

Figure 59 (a-h), Vehicles detection under different weather conditions and locations using the proposed VD-FCC method. 

(a) Normal weather condition (evening), the camera is located in the center of the bridge on a highway, (b) Low lighting 

condition (sunset), the camera is located in the center of the bridge on a highway, (c) Rainy weather condition, the camera is 

located on the left side of the bridge in the street, (d) Rainy weather condition, the camera is located in the center of the bridge on 

a highway, (e) Normal weather condition (sunset time),  the camera is located in the center of the bridge in an urban area, (f) 

Snowy weather, the camera is located in the center of the bridge on a highway, (g) Sunny weather condition (morning), the 

camera is located in the center of the bridge on a highway, (h) Sunny weather condition (afternoon), the camera is located in the 

center of the bridge in an urban area. 

 

 

Evaluation of shadow detection As mentioned in chapter 3, in this thesis the spectral feature (HSI 

color) which follows the spatial feature (Gradient) is proposed to improve the detection results.  

Subsequently, thresholding the HSI component creates the large region as a candidate shadow, and 

using gradient information improved the accuracy of detection results where the vehicles are 

segmented without shadow pixels. 

To validate the selected solutions some comparisons with other methods have been carried out. 

The texture-based method [244] and the geometry-based method [255] are used for the 

comparative evaluation. The source codes of these methods are provided by authors in [381], 

developed in the C++ language. For fair evaluation, they were modified and implemented in 

Matlab.  In the method [244], candidate shadow regions are created by a photometric gain measure 

which gives a higher probability to pixels with lower intensity in comparison with the background. 

The texture correlation is based on the Gabor filter with various bandwidths, orientations, and 

phases. This method uses small regions to correlate the textures. In the method [255], intensity, 

orientation, and position are considered as features for shadow detection. Accordingly, in each 

foreground region, the center of gravity and orientation are calculated. The point below the center 

of gravity with the maximum vertical change is considered to be the pixel where the shadow 

begins, then the orientation is used to split a candidate shadow region. Finally, the Gaussian model 

is built from the pixels in the shadow region. This model indicates the intensity of the shadow 

pixels and includes the coordinates of the shadow. As soon as, the model is built, every pixel in 

the original region is segmented as a vehicle or shadow, according to the Gaussian model. 
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The comparison has been done through 45 frames that were selected randomly from the results of 

obtained foreground  masks, by considering the different weather conditions and locations. These 

masks contain vehicles and shadow pixels. The foreground masks have been manually segmented 

in order to identify shadows or vehicle pixels which are used as a ground truth. The reported rates 

are all computed by averaging the results of the test sequences. Shadow detection performance has 

been evaluated using two ratios: shadow detection rate (ƞ) and shadow discrimination rate (휀)  as 

following [274]: 

 

{
ƞ =  

𝑇𝑃𝑆

𝑇𝑃𝑆+𝐹𝑁𝑆

ℇ =  
𝑇𝑃𝐹

𝑇𝑃𝐹 +𝐹𝑁𝐹

                                 (4.5) 

 

Where 𝑇𝑃𝑆, 𝐹𝑁𝑆, 𝑇𝑃𝐹 , 𝑎𝑛𝑑 𝐹𝑁𝐹 respectively indicate the true positive area of shadow, the false-

negative area of shadow, the true positive area of foreground and the false-negative area of the 

foreground. The shadow detection rate (ƞ) is concerned with labeling the maximum number of 

shadow pixels as shadows. However, the shadow discrimination rate (ℇ) is concerned with 

maintaining the pixels that belong to the moving object as the foreground. In other words, the 

higher shadow discrimination rate indicates truer positive foreground pixels are detected and fewer 

foreground pixels are misclassified as shadows. The average values of (ƞ), (ℇ) and average 

processing time per frame is calculated for the comparing results between three kinds of shadow 

detection methods in Table 5. 

 

Table 5, The quantitative comparison of shadow detection methods. 

Methods Deterministic non model-
based 

(Combination of spectral 
(HSI) and spatial features) 

Texture-based 
(photometric gain and 

Gabor filter) [244] 

Deterministic model-
based (Geometry 

feature) [255] 

ƞ(%) 97,58 29,74 73,95 

ℇ(%) 98,72 92,15 79,63 

Time (ms/f) 7,21 79,67 12,52 

 

As the result indicated, the fusion of HSI and gradient features are able to achieve both high 

detection and discrimination rates even under bad weather conditions while it is a fast and simple 

process. It does not depend on the type of shadows, vehicles, and environments and finally, it 

avoids breaking the shadow regions into smooth segments. We observed that when vehicles are 

darker and have similar colors to the background the probability of failure increases with using the 

only spectral feature. Also, the spectral feature is sensitive to pixel-level noise and sequences with 



 
 
 
 

155 
 

low saturated colors. Accordingly, gradients with significant magnitude are considered to avoid 

the pixel-level noise which is stronger in the smooth regions of the frame. The gradient direction 

of pixels is used for texture correlation. The pixels with a significant texture correlation are 

detected as shadows. The method [255] is a deterministic model-based approach which is powerful 

regarding the shadow model. However, it requires knowledge of the light source and failed in more 

cases when the shadows have the same orientation as vehicles and shadows have multiple 

directions. As the results indicated, it takes 12,52 ms per frame to run which is close to our solution, 

but the detection and discrimination rates are lower. We observed that the method [244] works 

well in scenes with textured backgrounds but fails for pixels located in non-textured 

neighborhoods. It is robust to various illumination conditions and pixel-level noise, however, it is 

the most computationally expensive method. The amount of operations per pixel depends on the 

number of kernels used for correlating the textures which is set to “16 Gabor kernels” in our 

evaluation. As the result indicated,  It provides the lowest average values for shadow detection 

rate. 

In conclusion, the combination of spectral (HSI) and spatial (gradient) features provides the best 

performance overall. 

Second, Generally, each proposed inverse perspective mapping method has different 

transformation mechanisms. Proposed MIPM is compared with TVTM [7], classic IPM [89] and 

FLIPM [8] transformations to prove its superior performance for increasing the vehicle detection 

accuracy under different weather conditions and show how other different transformation 

mechanisms affect the vehicle detection accuracy. Identically, 100 samples were selected 

randomly from different locations and conditions to make the comparison. It should be noted that 

the same evaluation criteria were applied to all methods. In order to provide a fair comparison, we 

considered the detection of vehicles (city cars, buses, vans, minivans, pickup trucks, etc)  in the 

same RoI where our proposed method is enabled.  The comparison results are shown in Tables (6-

9). 

 

Table 6,  Comparison of the performance of the  MIPM in front of other transformation methods under sunny weather 
conditions. 

 GT TPR% FAR% Precision% ACC% 

TVTM [7] 507 97,23 3,33 96,66 94,11 

IPM [89] 507 96,44 4,30 95,69 92,48 

FLIPM [8] 507 98,22 2,92 97,07 95,42 

MIPM 507 98,81 2,52 97,47 96,36 
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Table 7, Comparison of the performance of the  MIPM in front of other transformation methods under rainy weather conditions. 

 GT TPR% FAR% Precision% ACC% 

TVTM [7] 478 93,51 9,33 90,66 85,38 

IPM [89] 478 92,67 10,68 89,31 83,52 

FLIPM [8] 478 94,14 8,90 91,09 85,71 

MIPM 478 95,39 8,24 91,75 87,93 

 

 

 

Table 8,  Comparison of the performance of the  MIPM in front of other transformation methods under snowy weather 
conditions. 

 GT TPR% FAR% Precision% ACC% 

TVTM [7] 357 96,91 4,15 95,84 93,06 

IPM [89] 357 96,07 5,24 94,75 91,29 

FLIPM [8] 357 97,75 3,05 96,94 94,87 

MIPM 357 98,60 2,49 97,50 96,20 

 

 

Table 9, Comparison of the performance of the MIPM in front of other transformation methods under low lighting conditions. 

 GT TPR% FAR% Precision% ACC% 

TVTM [7] 383 95,82 6,85 93,14 89,58 

IPM [89] 383 95,03 7,84 92,15 88 

FLIPM [8] 383 96,60 6,32 93,67 90,75 

MIPM 383 97,65 6,03 93,96 91,95 
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Figure 60,  Comparison of vehicle detection rate of different approaches under adverse weather conditions. 

 

From Tables (6-9), it is observed that removing the perspective effect with high accuracy (MIPM), 

increases the detection rate of the method. The performance of the method is decreased under all 

transformation methods as the noise level increases, Figure 60.  

As the results indicated, the detection rate of the method using the IPM [89] transformation is 

decreased to 96,44%, 92,67%, 96,07% and, 95,03% under sunny, rainy, snowy and low lighting 

conditions, respectively. Generally, the image quality is not good after IPM [89] transformation, 

which highly affects vehicle detection accuracy. Furthermore, adverse weather conditions added a 

more destructive effect on the IPM images. As a result, IPM transformation under rainy and low 

lighting conditions has destroyed the image information and significantly decrease the detection 

accuracy. In [7] and [8] authors did not report the accuracy of their proposed transformations under 

different weather and lighting conditions. The TVTM [7] is producing good results just under 

specific conditions as camera tilt angle θ=45° with yaw angle 𝛾 = 0. This transformation makes it 

difficult to produce clear images under different camera positions. Overall, the average accuracy 

of vehicle detection decreases with TVTM transformation. By estimating the intrinsic and extrinsic 

parameters, and using the FLIPM [8] transformation vertical and horizontal straight lines in the 

image are projected to straight lines on the top-view images. As results indicate, the FLIPM 
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transformation mechanism provides comparable recall values, however, it is evident that the 

proposed MIPM always shows better performance when compared to the FLIPM [53], Table (6-

9), and Figure 60. 

In sum, a comparative study of the IPM [89], TVTM [7], and FLIPM [8] against the MIPM shows 

that the accuracy of the proposed vehicle detection method using MIPM is much higher than other 

transformation methods under different weather conditions. In this work, the testing sequences 

were curated to finally discarding sequences containing too many occlusions.   

Third, although there were many studies on vehicle detection, few researchers have proposed 

methods for solving problems of detecting vehicles in different (and in particular in adverse) 

weather and illumination conditions. To evaluate the performance of the proposed VD-FCC 

method we aim to compare the TPR with other vehicle detection methods in the state of the art 

which have been tested under different weather conditions as well. Table 10 considered the TPR 

of different approaches and comparing with our method under unfavorable weather conditions. 

 

Table 10, Comparison of TPR % of the proposed method with other vehicle detection methods under different weather 
conditions.  

‘‘-’’ indicated that the corresponding condition is not considered in the paper. 
 

 
       Methods 

 
Conditions 

 

[193] 

 

[182] 

 

[194] 

 

[43] 

 

[197] 

 

[189] 

 

[382] 

 

[383] 

 

[384] 

Proposed VD-FCC 

Method 

Sunny 

Weather 

 

96.6 - - 74.82 94.3 - 97.55 97.8 98.5 98.81 

Cloudy 

Weather 

 

93.1 83.7 - - 97.9 - 97.35 97.6 99.2 99.44 

Rainy 

Weather 

 

94.6 74.6 95.8 94.5 93.8 71 85.9 91.5 94.2 95.39 

Snowy 

Weather 

 

- 72.2 - - - - - - - 98.60 

Low-lighting 

 
- - 83.3 85.06 94.5 76 82.1 78.6 89.2 97.65 

 

 

The method [193] uses the color to identify vehicle candidates and trains a model that uses edge, 

corner, and wavelet transform coefficients to verify candidates. This method is tested under sunny, 

cloudy, and rainy conditions and shown an average detection rate of 96,6%, 93,1%, and 94,6%, 

respectively. A vehicle detection method based on multiscale edge fusion [182] was tested under 

cloudy, rainy, and snowy weather conditions and showed 83,7%, 74,6%, and 72,2% of TPR, 
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respectively. As the results indicate, the detection rates are lower than our detection results under 

all three weather conditions. In [194] shadow and horizontal edge features are used for vehicle 

detection under rainy and low light conditions which reported 95,8%, and 83,3% of TPR, 

respectively. In [43] vehicles are detected by an active basis model (ABM). The model processes 

training images of different types of vehicles and constructs a general sketch of them. Then the 

sketch is used to find vehicle candidates in the video frames. Finally, the verification step is based 

on sketch matching on each candidate to check whether it is symmetrical or not. Detection rate 

under sunny, rainy and low lighting conditions are reduced to 74,82%, 94,5%, and 85,06% 

respectively. Tian et al. [197] have used the license plate and rear lamp characteristics for vehicle 

detection purposes. These parts are localized using color, texture, and region features. Then the 

detected parts are treated as graph nodes to construct a probabilistic graph using a Markov random 

field model. Vehicle detection rates under sunny, rainy, cloudy, and low light conditions, are 

reported as 94,3%, 93,8%, 97,9%, and 94,5%, respectively. In [189] tail-lights of vehicles are 

detected by analyzing the signal in both spatial and frequency domains. The method shows 71% 

and 76% of detection rate under rainy and low lighting conditions, respectively. In [382] the 

method uses a histogram-based background subtraction (gray-level differential value) to detect 

vehicles. It is not able to give good accuracy at low lighting and rainy weather conditions which 

do not have rich histogram information. In [383] edge and headlight detections are integrated into 

the system, the method uses the three-image difference to detect the moving edge of vehicles. The 

proposed technique is able to work under different weather conditions, but noise affected the 

system to a great extent and vehicle detection accuracy is lower than our proposed method under 

all weather conditions. Finally, in [384] the authors used a joint random field (JRF) model for 

vehicle detection. The proposed approach could deal with shadows, lights, and different weather 

conditions. As shown in Table 10, the detection rates under sunny and cloudy weather conditions 

are close to our proposed method.   

The comparison results confirmed that our VD-FCC method is providing the highest detection 

rates in front of other published methods in almost all weather conditions.  

 

Second part 

Computational complexity 

In this section, the computational complexity of the proposed MIPM is discussed, by clarifying 

the amount of time required in the execution. Then, the comparison results of “computational 

performance” of different vehicle detection methods are shown in Table 11.  

The proposed MIPM-based vehicle detection method is a low-cost system, by considering that the 

single-camera is used instead of more expensive devices such as radars, lidars, or stereo cameras, 

and on the other hand, it avoids costly deployments like the one needed to install magnetic loops 
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and piezo-electric sensors. Moreover, the proposed method is unsupervised, data set independent, 

and follows a training-free approach which can be used to improve the robustness and detection 

accuracy of traffic-monitoring-oriented systems. It should be noted that MIPM does not require 

"feature detection" or "vanishing point detection" to generate the top-view images, which leads to 

a decrease in the computational complexity of the method. The computational requirement of 

MIPM operation depends on the projected pixels, which in turn depends on the camera view angle. 

If 𝜃 is small, the amount of the road pixel in the image will decrease, and the sky region will be 

discarded from the Region of Interest. Regarding the processing times, the performance of MIPM 

is compared with the IPM [89], and TVTM [7] methods. Therefore, 100 frames were selected 

randomly from different locations, conditions, and different camera angles, and then the average 

projection time for each transformation method was calculated. 

The average processing time of the MIPM method is 53,71 ms/f (milliseconds by frame). Using 

240 × 320 instead of 576 × 720 pixels would result in a reduction of processing time of close to 

50%. MIPM takes about 53% of the total processing time as it is the main core of the proposed 

method. While, the average processing time of the IPM and TVTM methods are 76,9 ms/f and 119 

ms/f, respectively. Initially, the TVTM requires estimating the camera parameters for transferring 

the camera image to the top-view image, as same as the MIPM. Then these parameters will be 

used for the next frames. By changing the camera location, the parameters need to be recalculated. 

The proposed MIPM is less time-consuming than other methods. Even classical IPM that produces 

several artifacts on the resultant image leading to a reduction of the effectiveness of the vehicle 

detection method, needs a longer time to be calculated.  

It should be noted that, for the fair evaluation of the comparison, the same image pixels were used 

for all tested mapping methods.  

The average processing time of the proposed VD-FCC method is 100 ms/f. The selected size of 

RoI for the recorded videos can decrease (or increase) the computational time of the vehicle 

detection method. Also, the computational cost depends on the number of vehicles and occlusions 

in the scene. Using the gray-scale images has a computational complexity 3 times lower than the 

color-space images for the vehicle extraction step.  

In the pixel-level analysis, using the spectral and spatial features in certain regions reduces the 

total computational complexity of the method. Also, in the regional-level analysis using the low 

complexity feature such as width, which is directly extracted from blob reduces the computational 

complexity of the proposed method compared to the existing methods which used other features 

such as Histogram of Oriented Gradients [216], [385] or Grey-Level Co-occurrence matrix 

features [43]. Unlike [386], [193], the proposed VD-FCC does not require any training for vehicle 

detection, which keeps the computational complexity low.  
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The computational efficiency of MATLAB is much lower than the C++ language, so, for 

decreasing the processing time the proposed method could be implemented in more efficient 

software and taking advantage of more modern and powerful CPUs. Moreover, the manual 

selection of road lines helps to reduce the whole processing time. 

Table 11 exhibited the performance of different vehicle detection methods. We presented 

compared results in four topics, including the CPU, sensor type, resolution, and runtime reported 

by each method. 

Table 11, Comparisons of the computational performance of vehicle detection methods. 

Methods Our proposed 
VD-FCC 

[193] [43] [383] [216] [386] 

CPU (GHz) 2,5  2,4  3,6  N/A 3,0  

 

3,0  

Sensor Type Single camera Single Camera Single Camera Single camera Single 
camera 

Single camera 

Resolution 
(pixels) 

576 × 720 N/A N/A N/A 640 × 480 1242 × 375 

Runtime (ms/f) 100 500 200 200  500 200 

 

One of the main advantages of the proposed vehicle detection method is its simplicity. It is a 

computationally inexpensive method and can be used for real-time applications like counting the 

number of vehicles. In terms of time consumption and efficiency, it is less time consuming and 

has a higher detection rate, outperforming others. Moreover, it is proved to be able to eliminate 

the perspective effect more accurately. 
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4.2  VDT-VCC 

       

       4.2.1 Dataset 

This section presents the qualitative and quantitative results of the proposed VDT-VCC method 

which was implemented by means of the Matlab framework. The method is able to process around 

8 frames per second on a dual-core processor at 2.5 GHz Intel® Core™ i7 CPU, 16-GB RAM, and 

64-bit operating system. A camera has been used for video recording with a rate of 30 frames per 

second. The captured videos are then converted into frames that can be processed individually.  

Video datasets have been recorded throughout the year (picking samples in different seasons) by 

collecting information in different hours to then be used for testing the accuracy of the algorithm. 

More than 50 videos have been collected, with up to 5 minutes of length in some of them (each 

video up to 9000 frames); approximately 20 percent of the initial frames, do not contain any 

vehicles, the rest is providing enough information to run the validation. For a fair evaluation of the 

proposed method, videos were recorded with a vibrated camera (due to wind or bridge movement) 

from different conditions and positions, as follows: 

 Different locations: The dataset made contains video data collected at different areas in 

Iran (Tehran and some locations at the South of Iran) and Spain (Madrid) from highways, 

streets, urban and interurban areas with a variety of vehicles types and colors (city cars, 

buses, vans, pickup trucks, etc).  

 Various unfavorable weather conditions: Such as; dusty, sunny, rainy, and snowy 

weathers. 

 Different lighting conditions: Low and normal lighting conditions. 

 Traffic density: Light traffic and regular traffic (assuming no big occlusions due to big 

trucks and other special vehicles). 

 Different range of camera angles, height and positions: Different camera angles, height, 

and positions cause vehicles to have different sizes, shapes, and orientations in images. The 

appearance of a vehicle can vary depending on the distance between the vehicle and the 

camera. 

Note that the detection rate is computed in a ground-truth way. Vehicles are labeled manually in 

the selected frames, then compared with the final detection result achieved by the proposed 

method. The system performed on video sequences with 275 × 362 and 670 × 831 pixel 

resolutions.  

Under the mentioned conditions, the method is able to detect and track simultaneously the set of 

vehicles presented in the monitored area, which may arise to 15 as maximum. Figure 61 shows 
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some examples of the recorded dataset from different positions, locations, weather, and lighting 

conditions. 

 

                
                         (a)                                                    (b)                                               (c) (d) 

                
                     (e) (f)  (g) (h) 

              

 (i) (j) (k) 

Figure 61 (a-k), Some examples of the recorded dataset.(a,b,c,d) Normal and sunny weather conditions; different positions and 

angles of the camera in the urban areas, 

(e,f) Dusty weather conditions in the interurban and urban areas, (g,h) Snowy and rainy weather conditions in the urban areas. 

 (i,j) Sunny weather conditions, highways in urban areas, (k) Low lighting condition, the three lines street in an urban area.  

 

 

 



 
 
 
 

164 
 

 4.2.2 Experimental results 

 

Final Output of the method 

The performance of the proposed method is evaluated under different weather conditions (normal, 

sunny, rainy, snowy, and dusty),  different lighting conditions in urban and interurban areas. The 

recorded videos include moving objects in the background such as tree branches, different types 

of vehicles with occlusions between them, and shadows of the vehicles on the ground. Note that if 

there are motorcycles or persons in the tested sequences, they are not considered as foreground nor 

in the ground-truth.  

The qualitative results are going to be presented joined in some significant cases that are listed 

below: 

Case A 

Figure 62 (a-f) illustrates detected vehicles under normal and sunny weather conditions with 

different range of camera angles, heights, and positions, different colors, and types of vehicles. 

Description – Parameters involved 

Figure 62 (a) shows normal weather conditions. The camera is located  (with an angle of 70 

degrees)  on the right side of the three lines street in an urban area in Tehran.  

Figure 62 (b) shows sunny weather conditions. The camera is located (with an angle of 50 degrees)  

in the center of the highway in an urban area in Madrid. 

Figure 62 (c) shows sunny weather conditions. The camera (with an angle of 45 degrees) is located 

in the center of the street in an urban area in Madrid. 

Figure 62 (d) shows sunny weather conditions with daily traffic. The camera is located (with an 

angle of 60 degrees)  in the center of a three lines highway in an urban area in Madrid.  

Figure 62 (e) shows normal weather conditions. The camera is located (with an angle of 80 

degrees) on the left side of the three lines highway in an urban area in Madrid. 

Figure 62 (f) shows sunny and shady conditions (sundown time) with daily traffic. The camera is 

located (with an angle of 60 degrees) on the right side of the highway in an urban area in Madrid.  
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Main achievements 

In the frame presented in Figure 62 (a) tree branches have been affected by a strong wind, however, 

they are not detected as targets (vehicles) because the method considers the combination of two 

features and extra-processing in the first unit. So, the vehicle areas are restricted and sent to the 

second unit. There is a partial occlusion in this frame, but, the method which is considered previous 

positions to refine the detection result in the current frame is able to distinguish two vehicles 

separately Therefore, they have not been detected as a big vehicle in the final result.  

 

    
 (a) 

 

In these frames Figure 62 (b,c), there are moving tree branches and vehicle shadows. As mentioned 

in the previous chapter, the temporal feature is used to describe moving background objects. As 

the results illustrated many shadow pixels are detected rightly as background. The first unit 

segmented the areas of vehicles with their shadow regions, while the second unit refines the coarse 

result, and finally, the proposed VDT-VCC method has detected vehicles correctly in the four lines 

of two different scenes. 
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                                                  (b)  (c) 

 

Another randomly selected frame is shown in Figure 62 (d). The proposed method has detected 8 

vehicles simultaneously. Note that, the top right corners of the frames from this video are not 

considered for the testing area as they belong to the other driving direction. 

In the selected frame Figure 62 (e), the method is able to detect correctly 6 vehicles of 8 ground 

truth vehicles with this field of view. False-negative is occurred because of the blurred image and 

the far distance from the camera (Two last vehicles are very far from the camera). The extra- 

processing in the first unit has removed very small blobs as noise in this frame.  

 

                  
 (d)   (e)       (f) 

Figure 62 (a-f), illustrates detected vehicles under normal and sunny weather conditions. 

 

In Figure 62 (f), the method correctly detected 11 vehicles. As shown, two new vehicles are 

entering the scene from the left side of the frame. The first unit has considered the region (of 
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occlusion) as a candidate area for the existence of vehicles for the second unit. Due to the less 

visible features of the black vehicle, the useful information can not be extracted in the evaluation 

stage, hence, the value of likelihood function of the particles will become very small on that 

location, and accordingly, the weighted mean of the cluster (estimated position) has been 

represented the white vehicle as a detected result.  Here the miss detection is because of entering 

two vehicles to the scene in the partial occlusion situation. There are two other vehicles that entered 

the scene separately but they are in the partial occlusion situation in this frame (middle of the 

frame). As shown in the result, the proposed method which integrates the information from three 

main units is able to distinguish them correctly.  

 

 

Relationship with the challenges 

This case presents results showing the achievement of challenges 2 and 3: 

 

 Challenge 2: Enabling  vehicle detection with high accuracy, under normal and sunny 

weather conditions with a vibrated camera (assuming there are no big occlusions due 

to big trucks and other special vehicles) 

 

 Challenge 3: Enabling vehicle detection with different range of camera angles, height, 

and positions, different colors, and types of vehicles.  Different camera angles, height, 

and positions cause vehicles to have different sizes, shapes, and orientations in images. 

The appearance of a vehicle can vary depending on the distance between the vehicle 

and the camera.  

 

Case B 

Figure 63 (a-f) illustrates detected vehicles under the dusty, rainy, and snowy weather 

conditions with different resolutions and noisy conditions. Moreover, different heights and 

positions of the camera, with different colors, sizes, and types of vehicles under bad weather 

conditions are shown in this category. 

 

Description – Parameters involved 

Figure 63 (a) shows dusty weather conditions. The camera is located on the right side of the road 

in an inter-urban area in the South of Iran. 
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Figure 63 (b) shows another sample of dusty weather conditions. The camera is located on the left 

side of the street in an urban area in the southern city of Iran.  

Figure 63 (c) shows rainy weather conditions. The camera is located on the right side of the street 

in an urban area in Madrid. 

Figure 63 (d) shows another rainy day. The camera is located in the center of the highway in an 

urban area in Madrid. 

Figure 63 (e) shows snowy weather conditions. The camera is located on the right side of the street 

in an urban area in Tehran. 

Figure 63 (f) shows another snowy day. The camera is located in the center of the street in an urban 

area in Tehran.  

 

Main achievements 

The recorded videos under dusty weather have blurred and noisy sequences because of lots of 

noise in this condition.  

Figure 63 (a) shows a frame of dusty weather conditions. As the results indicate, the method can 

detect correctly vehicles on the road under the mentioned condition. Figure 63 (b) shows another 

sample of dusty weather conditions. The proposed method is able to detect five vehicles in the 

street in this selected frame. On the left side of the street (far from the camera), there are partial 

occlusions between three vehicles. The left side vehicle has been entered into the scene separately 

and segmented by the motion-based unit, while in this frame it is very near to the right side 

vehicles. However, the proposed VDT-VCC method maintains the previous information to deal 

with full or partial occlusions in the current time under the advantages of the third unit, as a result, 

the left vehicle is detected separately. Concerning the two right-side vehicles, they have been 

entered into the scene together in the occlusion situation. Hence, they were detected together, this 

situation will continue until the motion-based unit distinguished them separately and provide the 

regions for the second unit. Moreover, in this frame, there are three farthest distance vehicles (by 

human observation) which have been considered as noise and removed by extra-processing. 
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                                    (a)                         (b) 

 

Figure 63 (c) and (d) show randomly selected frames of the recorded video under rainy weather 

conditions in two different locations. The positions and angles of the field of view of the camera 

are different. The results indicate that the proposed method is able to correctly detect all vehicles 

thet appear in the scenes. Note that, the opposite side of driving direction in the right part of the 

videos did not consider as RoI. Figure 63 (e) and (f) show two samples of different recorded videos 

under snowy weather conditions. The selected frames include a walking person which is correctly 

rejected in both situations by the method. 

 

            
 (c) (d) 
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  (e)             (f) 

 Figure 63 (a-f), illustrates detected vehicles under the dusty, rainy, and snowy weather conditions. 

 

Relationship with the challenges 

This case presents results showing the achievement of challenges 2, 3, and 4:  

 

 Challenge 2: Enabling multi-vehicles detection with high accuracy, under dusty, rainy, 

and snowy weather conditions with a vibrated camera (assuming no big occlusions due to 

big trucks and other special vehicles). 

 

 Challenge 3: Enabling vehicle detection with a vibrated camera by considering a different 

range of camera angles, heights, positions, and different types and colors of vehicles on the 

road. 

 

 Challenge 4: Enabling vehicle detection with different video resolutions, noisy conditions, 

and the small size of the vehicles far from the camera.  
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Case C 

Figure 64 (a-c) illustrates the performance of the method under poor lighting conditions wherein 

vehicles and the background may have similar colors. 

 

Description – Parameters involved 

Figure 64 (a) shows low lighting conditions. The camera is located in the center of a three lines 

street in an urban area in Tehran.  

Figure 64 (b) shows low lighting conditions. The camera is located in the center of a highway in 

an urban area in Madrid. 

Figure 64 (c) shows low lighting under rainy weather conditions. The camera is located on the 

right side of the street in an urban area in Madrid. 

 

Main achievements 

Figure 64 (a) and (b) show two randomly selected frames of the recorded videos with low lighting 

conditions. In these frames, the darkness is caused by sunset. The all headlight of vehicles in the 

scene are not visible. In Figure 64 (b) there are three vehicles which have a similar color and close 

to the background.  Figure 64 (c) shows a frame of the recorded video with low lighting and rainy 

weather conditions. As the results indicated, the proposed method is able to detect all vehicles 

correctly with different camera angles, heights, positions under the mentioned conditions.  

                  
 (a) (b) (c) 

          Figure 64 (a-c), illustrates the performance of the method under poor lighting conditions. 
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Relationship with the challenge 

Use case C shows the achievement of challenge 3 and 5: 

 Challenge 3: Enabling detection of vehicles with a vibrated camera by considering a 

different range of camera angles, heights, positions, and different colors of vehicles on the 

road. 

 

 Challenge 5: Enabling vehicle detection even with low lighting and color conditions. 

The background of the images can affect the detection accuracy. In some cases, the captured 

videos have low lighting conditions, so the vehicles and the background may have similar 

colors.  

 

Case D         

Simultaneous tracking of vehicles in consecutive frames under different conditions. 

As the results indicate, within the evaluated datasets, the method is able to detect and track several 

vehicles during consecutive frames, until they leave the scene.  

 

Description – Parameters involved 

 

The results are going to be presented in consecutive frames in 4 categories, that are listed below: 

D-1, Figure 65 (a, b, and c) and (d, e, and f) show simultaneously detection and tracking of vehicles 

under sunny and normal weather conditions, respectively. (challenge 2 and 3) 

D-2, Figure 66 (a-d) shows simultaneously detection and tracking of vehicles under rainy weather 

conditions. (challenge 2, 3, and 4) 

D-3, Figure 67 (a-m) shows simultaneously detection and tracking of vehicles under dusty weather 

conditions. (challenge 2, 3, 4, and 5) 

D-4, Figure 68 (a-f) shows simultaneously detection and tracking of vehicles under low lighting 

and snowy weather conditions. (challenge 2, 3, 4, and 5 ) 
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Main achievements 

D-1 

Figure 65 (a, b, and c) and (d, e, and f) shows simultaneously detection and tracking of vehicles in 

consecutive frames under sunny and normal weather conditions, respectively. 

All visible vehicles with different colors on the highways are detected and tracked correctly in 

consecutive frames. The motorcycles (one in d and e, and a new one in f) are correctly not detected. 

It should be noted that, in these tested videos, the top right corner of the frames is a not-targeted 

region, which is not considered for testing the method. This means this area is out of the analysis 

of the algorithm. 

 

                   
(a) Frame 1026                                                (b) Frame 1074                                          (c) Frame 1164 

 

                 
               (d)  Frame 73                                                           (e)  Frame 121                                     (f)  Frame 306 

Figure 65 (a-f), simultaneously detection and tracking of vehicles in consecutive frames under normal and sunny weather 

conditions.  
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D-2  

Figure 66 (a-d) shows simultaneously detection and tracking of vehicles in consecutive frames 

under rainy weather conditions.  

In these selected frames there are different vehicles with similar colors close to each other on the 

road. Also, some vehicles have a similar color with a wet background due to the rainy weather. 

There are small sizes of vehicles far from the camera and headlights of some vehicles are visible. 

As the result indicates, in Figure 66 (a) -frame 3581- eleven vehicles are detected and tracked 

simultaneously with the mentioned conditions. The vehicles are slightly moving and detection and 

tracking are continued until they leave the scene Figure 66 (b-d). 

 

               
                           (a)  Frame 3581                                  (b)    Frame 3596                                          (c)   Frame 3614 

 
(c) Frame 3629 

 

Figure 66 (a-d), Simultaneously detection and tracking of vehicles in consecutive frames under rainy weather condition. 
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D-3 

Figure 67 (a-m) shows simultaneously detection and tracking of vehicles in consecutive frames 

under dusty weather conditions.  

The appearance and size of the vehicles are changing between consecutive frames, the far distance 

from the camera, noisy condition, and similar color of the background with vehicles all produced 

the errors for detection systems. However, as the proposed method considered the information 

from three main units (which are tightly integrated) is able to detect and track the vehicles, which 

are entering the scene, Figure 67 (a, b, and c). In this recorded video because of the dusty weather 

condition, sequences are quite blurred but the method is able to distinguish the vehicles from the 

surroundings while providing a correct result. 

 

              
                           (a) Frame 506                                         (b)   Frame 568(c)                                  (c)    Frame 620 

 

In frame 893 -Figure 67 (d)- there are four vehicles. The method is detecting two of them. Dusty 

conditions and big occlusion caused these false negatives. The white vehicle far from the camera 

is occluded by the truck while entering the scene. Also, a new white vehicle is not detected in this 

frame by the first unit, because the extra processing removes very small blobs under the bad 

weather condition. In frame 1073 –Figure 67 (e)-, the mentioned truck and white vehicle are still 

in the occlusion situation. Moreover, the new white vehicle is coming near the camera and it is 

finally detected properly in this frame. Tracking is continued in frame 1103 –Figure 67 (f)- with 

the same conditions. Finally, in frame 1278 -Figure 67 (g)-  the mentioned vehicles are separated 

and detected by the proposed method. Figures 67 (d), (e), and (f) show total and partial occlusions, 

non-occluded vehicles, and the problems derived from this issue. When occluded vehicles are 

entering the scene, the motion-based unit distinguished them as one. Due to the less visible features 

of the occluded  vehicle, the useful information can not be extracted in the evaluation stage, hence, 

the value of likelihood function of the particles will become very small on that location, and 
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accordingly, the weighted mean of the cluster (estimated position) has been represented the front 

vehicle as a detected result.  In Figure 67 (h) another new vehicle is entering the scene by human 

observation which is not detected in this frame. Tracking is performed in the next frames until the 

vehicles leave the scene. 

              
                          (d)Frame 893                                         (e)frame 1073                                         (f) frame 1103 

 

        
                                                        (g)  Frame 1278                                              (h)   Frame 1395                                                                              

 

Figures 67 (i-m) show consecutive frames, with different sizes, types, and colors of vehicles in the 

scene. The proposed method is able to detect and track different types of vehicles until they leave 

the scene. Additionally, the lighting conditions are changing during a day, which needs the 

detection and tracking methods to perform robustly, in front of the changing of color and 

illumination. As shown in  Figures 67 (i-m), from frame 1915, the color and lighting conditions of 

the scene are changing, due to the dusty weather. So the colors of the background and vehicles are 

changing as well. However, the method is able to detect and track vehicles with high accuracy in 

all of these situations. Another occlusion situation is happened in Figure 67 (l) between three 

vehicles which have been entered into the scene together. The estimated position represented the 
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front vehicle as a detected result. As Figure 67 (m) illustrates, as soon as the right-side vehicle 

distinguishes by the first unit, the detection, and tracking stage are started for it. 

 

             
                    (i) Frame 1915                                      (j)  Frame 1975                                            (k)  Frame 2273                       

 

          
        (l)   Frame 2633                                       (m) Frame 2781                                     

Figure 67 (a-m), Simultaneously detection and tracking of vehicles in consecutive frames under dusty weather condition. 

 

D-4 

Finally, Figure 68 (a-f) shows simultaneously detection and tracking of vehicles in consecutive 

frames at sunset time from the low lighting and snowy weather categories.  

Figures 68 (a), (b), (c) and Figures 68 (d), (e), (f) show six selected frames from two mentioned 

categories. The headlights of vehicles are visible which is a useful measurement for detection using 

the particle filter. In the snowy frames "non-vehicles" which is not our target, have been rejected 

by the proposed method. As the results indicated, all vehicles are detected and tracked properly. 
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                                (a)Frame 58                                            (b)Frame 87                                            (c)Frame 112 

           
                              (d)Frame 404                (e)Frame 419                              (f)Frame 439 

 Figure  68 (a-f), Simultaneously detection and tracking of vehicles in consecutive frames under low lighting and snowy weather 

conditions.  

 

 

Relationship with the challenges 

Use case D shows the achievement of challenge 2, 3, 4, and 5: 

 Challenge 2: Enabling to simultaneously tracking of vehicles with high accuracy, 

under normal, sunny, dusty, rainy, and snowy weather conditions with a vibrated 

camera (assuming there are no big occlusions due to big trucks and other special 

vehicles). 

 Challenge 3: Enabling to simultaneously tracking of vehicles on a time slot (sequence 

of frames), with the different range of camera angles, heights, and positions, different 

colors, and types of vehicles on the road.   
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 Challenge 4: Enabling to simultaneously tracking of vehicles in different video 

qualities (sharpness) with a vibrated camera.  

 Challenge 5: Enabling to simultaneously tracking of vehicles even with poor lighting 

and color conditions with a vibrated camera. 

 

Quantitative evaluation 

The proposed VDT-VCC method has been tested on the above-mentioned recorded videos 

(Section 4.2.1). 

The detection/tracking accuracy can be affected by different weather conditions and road positions. 

Thus, in regard to vehicle detection, the performance of the method was quantitively evaluated by 

1000 frames for each weather/lighting condition (6000 frames in total) in which selected randomly 

from different environments, positions, times, and days. Concerning vehicle tracking, the 

performance of the method was quantitively evaluated by five videos for each weather/lighting 

condition (30 videos in total) in which selected randomly from different environments and camera 

positions. Each selected video has a maximum of 5 min time. 

 

Evaluation Criteria 

The performance of the complete method is evaluated by several metrics [387]. The results were 

compared with ground truths which counted manually.   

Detection and tracking metrics –KPI’s Key Performance Indicators 

For evaluation the method four notations are used as follow: 

True Positives (TP): Number of the correctly detected vehicles by the method.  

False Positives (FP): Number of the detected objects (non-vehicles) in the background that are 

incorrectly classified as vehicles.  

False Negatives (FN): Number of vehicles that were missed by the method. 

True Negatives (TN): The situation that exists neither in the ground truths nor the result (correctly 

rejected).  In other words, the non-vehicles present neither in the GT nor the system under tests 

(such as a human, a motorbike, or a bicycle).  

Ground Truth (GT): Total number of targeted vehicles counted by human observation. 

 𝐺𝑇 = 𝑇𝑃 + 𝐹𝑁. 
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True Positive Rate (TPR), is the percentage of correct vehicles that are detected. It is also called 

the sensitivity of the system, Detection Rate (DR), or Recall.  

 

𝑇𝑃𝑅 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 (𝑇𝑃)

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 (𝑇𝑃+𝐹𝑁)
 × 100            (4.6) 

 

False Alarm Rate (FAR), is the percentage of non-vehicles that are detected. 

 

𝐹𝐴𝑅 =
 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑜𝑛−𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 (𝐹𝑃)

𝐷𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 𝑏𝑦 𝑡ℎ𝑒 𝑚𝑒𝑡ℎ𝑜𝑑 (𝐹𝑃+𝑇𝑃)
 × 100              (4.7) 

False positives happen when an object is similar to the vehicle (because of its features).  If the 

method does not use the first unit then, the particle filter may cause an increase in the false alarm 

rate.  

 

False Negative Rate (FNR), is the percentage of vehicles that were missed to the total number of 

vehicles. 

𝐹𝑁𝑅 =
 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑖𝑠𝑠𝑒𝑑 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 (𝐹𝑁)

 𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓  𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 (𝐹𝑁+𝑇𝑃)
 × 100               (4.8) 

 

False-negative happens in few frames by the first unit. For example,  if there is a lot of noise in the 

scene due to the bad weather conditions, or far distance of the vehicle from the camera, full 

occlusion of vehicles while entering the scene together. If vehicles which previously detected by 

the first unit, later on, occluded, the second unit which takes the advantages of the decision-making 

unit is able to detect and track them simultaneously.  In this way, the false-negative rate is reduced 

by the proposed VDT-VCC.  

Precision and  Accuracy (ACC) of the method can be calculated as follows: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠  (𝑇𝑃)

 𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑎𝑠 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝑇𝑃+𝐹𝑃)
 × 100                 (4.9) 
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𝐴𝐶𝐶 =
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝐹𝑁+𝐹𝑃+𝑇𝑁)
× 100                                   (4.10) 

Precision is the percentage of detected vehicles that are correct. Accuracy is the percentage of the 

actual performance of the method with regard to both correctly detecting and correctly rejecting. 

Tracking is able to establish a correspondence between vehicles across frames. Multiple Object 

Tracking Accuracy (MOTA) [387] is the most popular measure for multi vehicles tracking in the 

state of the art. MOTA is the accuracy of the tracker in keeping correct correspondences over time. 

It is the sum of all errors made by the tracker over all frames, averaged by the total number of 

ground truth vehicles.  

𝑀𝑂𝑇𝐴 = 1 −
∑ (𝑚𝑡+𝑓𝑝𝑡+𝑚𝑚𝑒𝑡)𝑡

∑ 𝑔𝑡𝑡
× 100                      (4.11) 

 

𝑚𝑡: Number of misses (false negative) at time 𝑡 

𝑓𝑝𝑡: Number of false-positive at time 𝑡  

𝑚𝑚𝑒𝑡: Number of tracker mismatches at time 𝑡 using the previous results at time 𝑡 − 1 

𝑔𝑡: Number of ground truth vehicles 

The MOTA values were calculated throughout the tracking process and the average percentages 

are presented for each weather condition.  

 

The quantitative evaluation is divided into two parts; The first part considers the evaluation 

performance of the proposed VDT-VCC method from detection and tracking point of views in the 

two Tables, namely, Table 12 and Table 13 while the second part, in turn, is divided by two 

categories.  

The first category considers the comparison of the proposed method with other existing methods 

from the detection point of view in which presented in the six Tables according to the different 

weather/lighting conditions, Tables 14, 15, 16, 17, 18, and 19.   In continue, we are considered the 

fusion of different features, comparison, and the influence of them in particle filter performance. 

This analysis is done for the vehicle detection field under different weather and environmental 

conditions. The obtained results are shown in Tables 14, 15, 16, 17, 18, and 19, where our proposed 

VDT-VCC method is evaluated using the fusion of different features which is presented in the four 

cases. To the end, we aim to compare the TPR of the proposed VDT-VCC method with recently 

published works [2016-2020] which have been tested under different weather conditions as well, 

Table 22.  
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The second category considers the comparison of the proposed method with the well-known 

methods from a tracking point of view in a wide variety of recorded videos under different weather, 

illumination, and environmental conditions, Table 23. Also, there are few recent works [2015-

2020] of multi-vehicle tracking methods that have been tested under different weather conditions, 

so selected for comparison in Table 23. 

 

First Part, quantitative evaluation of the performance of the proposed method from detection and 

tracking points of view under different conditions which are shown in Table 12 and Table 13.  

The total number of vehicles (ground truth) was calculated manually by human observation. A 

vehicle is considered as correct detection when it’s estimated position is similar to its actual 

position observed through visual inspection.  

Moreover, in the case of total occlusion, only the occluding vehicle is considered as correct 

detection. 

 

Table 12,  Comparison of the performance of the proposed method under different weather conditions. 

Category Testing 

samples 

GT TP FP FN TPR% FAR

% 

FNR% Precision

% 

ACC

% 

Normal 

weather 

1000 6251 6212 4 39 99.37 0.06 0.62 99.93 99.31 

Sunny 

weather 

1000 5137 5083 7 54 98.94 0.13 1.05 99.86 98.81 

Dusty 

weather 

1000 

 

4159 3431 23 728 82.49 0.66 17.50 99.33 82.04 

Rainy 

weather 

1000 4962 4875 11 87 98.24 0.22 1.75 99.77 98.02 

Snowy 

weather 

1000 3015 2972 5 43 98.57 0.16 1.42 99.83 98.41 

Low 

lighting 

condition 

1000 4382 4260 16 122 97.21 0.37 2.78 99.62 96.86 

 

The method under normal and sunny weather conditions have very high True-Positive rates of 

99.37% and 98.94%, respectively. The frames on these conditions are clear and they have visible 

features of vehicles. False-Positive were occurred in a few cases, due to the cluttered areas of the 

urban roads and detection of some non-vehicles (motorbike) which are not rejected by the extra-

processing in the first unit. However, in almost all tested frames, the method is able to distinguish 

the vehicles from the surrounding. The proposed method has the best FNR, 0.62% and 1.05% 

under normal and sunny conditions, respectively. Miss-detection were occurred due to the total 
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occlusions and field of view of the camera in which totally occluded vehicles are entering, and 

moving together until they leave the scene.  

The method shows an 82.49% detection rate under dusty weather conditions, Table 12. The worst 

false-negative rate with 17.50% is for this condition. Miss detections were occurred due to the 

noise, blurred image sequences, high vibration of the camera with a strong wind which is not 

totally corrected by the pre-processing block, far distance vehicles from the camera, and total 

occlusion for a long time period. However, the tested result under the dusty weather condition is 

satisfactory, considering 99.33% Precision and 0.66% FAR rates. For a fair evaluation of the 

proposed method under this specific condition, again 1000 frames are chosen from the recorded 

database. Considering no big occlusion or long-time occlusion between consecutive frames (it 

means, if an occlusion observed in the long time period, (in consecutive frames) those frames have 

not been selected, (more than one) for each occlusion period. Under dusty weather conditions, the 

vehicles move more slowly (due to no field of view for a driver) to compare with normal weather. 

So, if there is a big vehicle or an occlusion in the scene, it takes a long time to leave the scene. 

Therefore, vehicles move behind a truck for a long period of time. As the result, randomly selected 

sequences will decrease the detection rate under dusty conditions. The detection rate is increased 

up to  91.63% in the second evaluation test of the method for this condition.  

The randomly selected frames under the snowy, rainy, and low lighting conditions, contain object 

motions (tree brunches) and noise due to the snow and raindrop pattern in the images. In the low 

lighting conditions the reflection of highway lamps on the road, in the snowy weather category, 

the similar color of white vehicles with the background (due to the snow on the ground) 

complicates the vehicle detection process. However, the proposed method which considered a 

cooperative framework with the two different analyses (two units) performs well as it got 98.57%, 

98.24%, and 97.21% of TPR for mentioned weather conditions, respectively. Observations 

indicate that noisy sequences increased the false-negative rate during the late evening. Moreover, 

some miss detections are related to the intrinsic limitations of the field of view of the camera. 

Under rainy conditions, some far distance vehicles have not been detected due to the blurred image. 

However, the precision of the method at 99.77%  is good enough. 

All in all, the proposed method achieved an average precision percentage of 99.72% under adverse 

weather conditions. In conclusion, the method that was proposed in the previous chapter can 

provide a robust solution to monocular-based vehicle detection.  In this work, we focused on 

achieving accurate vehicle detection. Besides, the strategy relies on multi-vehicle tracking based 

on obtained information from three main units. 

In the following, for testing the tracking performance, five videos are selected randomly from 

the recorded dataset for each weather condition. Each selected video has a maximum of 5 min 

time. Vehicles were tracked in each selected video by human observation (ground truths) and 

compared with the tracking result from the method. Then, average MOTA values are calculated 
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using the evaluation metric mentioned above for each condition. The tracking performance of the 

proposed VDT-VCC  method under different conditions is illustrated in Table 13. 

 

Table 13, Multiple vehicles tracking accuracies under different weather conditions. 

 

VDT-VCC 
Normal 

weather 

 

Sunny 

weather 

Dusty 

weather 

Rainy 

weather 

Snowy 

weather 

Low lighting 

condition 

MOTA % 99.21 
 

98.73 81.99 97.95 98.03 96.39 

 

As the results illustrated in the “case D“, all video sequences include several complex situations 

of multi-vehicle tracking such as different types and colors of vehicles with different sizes, total 

and partial vehicle occlusions, vehicle appearance and disappearances, far distance and near 

vehicles to the camera, and similar vehicle colors in the scene. However, as Table 13 indicated the 

proposed VDT-VCC method has high tracking accuracy in almost all weather conditions. The 

results obtained under normal and sunny weather conditions where there is a clear scene have got 

a high tracking accuracy with 99.21% and  98.73% of MOTA. There are a few cases, which are 

the tracking failed, especially when there is total occlusion for a long time period. Under low 

lighting conditions where there is low visibility of vehicle features the proposed method has 

achieved 96.39% tracking accuracy. Under rainy weather conditions, there are vehicles with a 

small distance between them which are moving slowly, however, the MOTA of the proposed 

VDT-VCC was shown to achieve 97.95% when dealing with these problems. The issue of vehicle 

appearance changing (due to the distance from the camera and varying in illumination and color 

in the scene under dusty weather conditions) represents a more challenging problem. But our 

experimental results indicate that the proposed method can deal with these conditions as illustrated 

in the “case D” and Table 13. Moreover, due to the dust and snow, there is a lot of noise in the 

scene, wherein the experimental result in Table 13 indicates that the proposed method still can deal 

with these conditions and achieved 98.03% and 81.99% of MOTA under snowy and dusty 

weathers, respectively. 

 

Second part, as mentioned before, this part is divided into two categories; The first category 

considers the comparison of the proposed method with other existing methods from the detection 

point of view in which presented in the six Tables according to the different weather/lighting 

conditions, Tables 14, 15, 16, 17, 18, and 19. In continue, we are considered the fusion of different 

features (measurements), comparison, and the influence of them in particle filter performance. 

This analysis is done for the vehicle detection field under different weather and environmental 

conditions. The obtained results are shown in Tables 14, 15, 16, 17, 18, and 19, where our proposed 

VDT-VCC method is evaluated using the fusion of different features which is presented in the four 
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cases. To the end, we aim to compare the TPR of the proposed VDT-VCC method with recently 

published works [2016-2020] which have been tested under different weather conditions as well, 

Table 22.  The second category considers the comparison of the proposed method with the well-

known methods from a tracking point of view in a wide variety of recorded videos under different 

weather, illumination, and environmental conditions, Table 23. Also, there are few recent works 

[2015-2020] of multi-vehicle tracking methods that have been tested under different weather 

conditions, so selected for comparison in Table 23. 

To detect the vehicles and find their positions in consecutive frames, the simplest technique can 

be template-matching by assuming the rigid body movements of the objects [388]. The main 

weakness of temple-matching is the lack of flexibility when tracking is influenced by image 

perspective [290]. More specifically, the template of a vehicle changes both in size and resolution 

while passing through the image active area. Moreover, the template becomes less accurate when 

the vehicle is located in the depth of the image. As a result, it deteriorates the efficiency and 

accuracy of this process [290]. If the pose of the object changes, then the classical Lucas-Kanade 

affine tracker can be performed [343]. In order to obtain a tracking system that is robust to the 

change of shapes and viewing positions of the vehicles, the corners or points of interest of the 

deformable vehicular objects are determined and features such as (HOGs) [389], [217],  (SURFs), 

(SIFTs) [390] and the binary robust invariant scalable keypoint (BRISK) features [48] are obtained 

from these points. Due to the fact that the vehicles are identified and their positions are estimated 

using the HOG, SURF, SIFT or BRISK features generated from the points of interest only, the 

tracking trajectories estimated from these methods may not provide satisfactory performance for 

occlusions or noisy environments [324]. 

According to the literature review, the standard statistical techniques show greater success in the 

detection/tracking of vehicles. However, due to the bad weather conditions along different roads, 

detection/tracking may face various problems. These issues are a challenging problem in vehicle 

detection/tracking methods in the state of the art. For this reason, many researchers tested their 

system under only one or two weather conditions. Moreover, many vehicle detection/tracking 

algorithms work only on a fixed angle of view or a particular road. In the real traffic scenario, the 

number of vehicles fluctuates over time which makes detection and tracking complicated. Also, 

the vehicle may partially or completely be occluded by surrounding vehicles which leads to low 

quality or missing measurements in tracking. Furthermore, the robust system should consider the 

appearance, disappearance, and existence of vehicles in the scene.  

By considering the above problems, the same mentioned test sequences are used to compare the 

performance of the proposed VDT-VCC with other vehicle detection/tracking methods under 

different conditions.  
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First category 

 

The first category considers the comparison of the proposed method with other existing methods 

from the detection point of view in which presented in the six tables according to the different 

weather/lighting conditions, Tables 14, 15, 16, 17, 18, and 19. In continue, we are considered the 

fusion of different features, comparison, and the influence of them in particle filter performance. 

This analysis is done for the vehicle detection field under different weather and environmental 

conditions. The obtained results are shown in Tables 14, 15, 16, 17, 18, and 19, where our proposed 

VDT-VCC method is evaluated using the fusion of different features which is presented in the four 

cases. To the end, we aim to compare the TPR of the proposed VDT-VCC method with recently 

published works [2016-2020] which have been tested under different weather conditions as well, 

Table 22.  

These are all respectively explained in the following; 

 

As mentioned before, using only background subtraction methods in the vehicle detection system 

produced errors due to the adverse weather conditions, noise, camera vibrations, and different 

lighting conditions. As a result, the location of a vehicle may not be detected correctly. Also,  the 

location of the vehicle is not available when it is occluded. So, to have a robust vehicle detection 

system, the mentioned challenges should be handled. 

Among statistical methods, moving vehicles in the "video traffic" are modeled in the state-space 

framework [324]. In order to find the solution of the state-space model, the density function of the 

random processes can be chosen as parametric or non-parametric. Among the parametric 

approaches, the Kalman filter is the most popular method [287], [2], [290]. Therefore, the 

algorithms, which are based on variants of Kalman filter such as [57], and [298] are implemented 

and the result compared with our proposed VDT-VCC method. For complex traffic environments, 

the non-parametric approach such as particle filter (PF) [377] has got a lot of interest by researchers 

to describe the nonlinear and non-Gaussian random processes of the moving vehicles. So, among 

the methods, those using particle filter, we would like to compare the performance of the proposed 

method with the [391], and [118]. Therefore, the following works are implemented and the result 

compared with our proposed VDT-VCC method, Tables 14, 15, 16, 17, 18, and 19. 

 

The Kalman filter (KF) is proved to be the optimal estimator for linear systems (the state and the 

measurement models are both linear) with additive Gaussian noise. It propagates the mean and 

covariance of the probability distribution function of the model state in an optimal way with the 

minimization of the mean square error [57]. In [57] authors are presented the method to detect, 

track, and classify vehicles. Vehicle classification is out of our research area. Therefore, it is not 

considered in the implementation of the method. For a fair evaluation of the result, the pre-

processing of the proposed VDT-VCC method has been used to decrease the camera vibration. 
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Initially, Region of Interest, lane-dividing lines, and detection line are selected manually. Vehicles 

are segmented by the adaptive Gaussian Mixture Model. The connected component analysis is 

used to groups the vehicle pixels. Then, geometric features are extracted by blob analysis (such as 

vehicle area, height, width, and the centroid of the bounding box). Moreover, an occlusion-

handling algorithm [57] based on road lines is performed to increase the detection rate. The 

tracking is performed with the Kalman filter by considering constant velocity. State vector 𝑥𝑡 =

[𝑥𝑐,𝑡 , 𝑣𝑥,𝑡 , 𝑦𝑐,𝑡 , 𝑣𝑦,𝑡]
′ is defined by four components (𝑥𝑐,𝑡,  𝑦𝑐,𝑡 are the centroid coordinates and 𝑣𝑥,𝑡, 

𝑣𝑦,𝑡 are the velocity components) and the measurement vector 𝑧𝑡 = [𝑥𝑐,𝑡 , 𝑦𝑐,𝑡]
′ is defined by two 

components. For the whole video and frame by frame, the blobs 𝑏𝑙𝑜𝑏𝑡
𝑙 represented as vector 𝑥𝑡

𝑙 

and tracked by the corresponding Kalman filters, resulting, vehicle tracking sequences 𝑇𝑠(𝑥) =

{𝑥1, 𝑥2, … , 𝑥𝑡}  as output space, where 𝑥 is a moving vehicle and 𝑥𝑖 its instances.  

All real scenarios have some nonlinearity1, so some researchers propose to use the EKF. The state 

distribution is propagated by a linear approximation of the system around the operating point. This 

linear approximation introduces errors in the estimated states, and the results may not be 

appropriate for some systems. Therefore, we did not consider the EKF based methods for 

comparison. The Unscented Kalman Filter (UKF) is a derivative-free method solving this problem 

by using a deterministic sampling approach (a minimal set of chosen sample points) [298]. These 

points, completely capture the true mean and covariance of the states and are propagated through 

the nonlinearity. For calculating the statistics of a random variable which undergoes a nonlinear 

transformation, the unscented transformation (UT) is used. UKF can also provide better estimation 

accuracy than KF even if the noise is not Gaussian therefore, we implemented an unscented 

Kalman filtering (UKF) technique as explained in [298]. For a fair evaluation of the result, vehicles 

are detected by the first unit of the proposed VDT-VCC method which provided location 

information (central position) of moving vehicles. Due to the adverse weather conditions and a 

small vibration (which is not completely corrected by the pre-processing step), a center position 

of bounding boxes in the first unit may not reflect the exact location of moving vehicles or when 

vehicles occluded, the positions need to be further delineated. So, we used UKF to provide more 

accurate location information for each vehicle. It improves the estimation accuracy and obtains the 

final position of each vehicle in the current frame. By considering the continuity of velocity of a 

moving vehicle, the algorithm matched the detected result after occlusion to that before occlusion. 

The design of the prediction and update models of UKF is the same as [298]. Assuming 𝑀 detected 

vehicles, 2𝑀 motion components (in 𝑥 and 𝑦 directions) are required to estimate for tracking. The 

measurement vector 𝑌 which is representing the position information for 𝑖𝑡ℎ vehicle (𝑖 = 1,… ,𝑀) 

in 𝑥 and 𝑦 directions is defined as Y = [x1, y1, x2, y2, … , xM, xM]
T. For each movement, the velocity 

 {( 𝑣𝑥𝑖, 𝑣𝑦𝑖) |𝑖 = 1,…𝑀}  and acceleration  {(𝑎𝑥𝑖, 𝑎𝑦𝑖)  |𝑖 = 1,…𝑀 } of the 𝑖𝑡ℎ   vehicle are 

                                                             
1 Due to the variations of traffic, weather, or viewing conditions, the intensities of the vehicular objects may follow non-Gaussian 

statistics and the movements of the vehicle may follow non-linear dynamics [324]. 
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considered. Therefore, state variable 𝑋 can be represented as X =

[x1, vx1, ax1 , y1, vy1, ay1 , … , xM, vxM , axM , yM, vyM , ayM]
T.  

So, the moving model for the 𝑖𝑡ℎ  vehicle is defined by a nonlinear system as  

{
𝑥𝑖(𝑛) = 𝑥𝑖(𝑛 − 1) + 𝑣𝑥𝑖(𝑛 − 1)𝑑𝑡 +

1

2
𝑎𝑥𝑖(𝑛 − 1)𝑑𝑡

2

𝑦𝑖(𝑛) = 𝑦𝑖(𝑛 − 1) + 𝑣𝑦𝑖(𝑛 − 1)𝑑𝑡 +
1

2
𝑎𝑦𝑖(𝑛 − 1)𝑑𝑡

2
                                  (4.12) 

Based on the above description, the UKF scheme is used to estimate the state variable 𝑋 from the 

nonlinear system (eq. 4.12) for multiple vehicle tracking. More details about UKF can be found in 

[298] and [392].  

As Monte Carlo methods and especially particle filter is highly extensible and offers the flexibility 

to handle both non-linearity and non-normality in the object models, however, limitations 

nevertheless should be expected, when the vehicle appearance is not strongly characterized, due 

to the adverse weather conditions, occlusions, or far distance vehicles to the camera. As a result, 

the particle filter ability to estimate a multimodal distribution may lead to noisy estimates of the 

vehicle position when there are quick changes of vehicle appearance and motion (due to the 

changing of lighting condition in the scene (during a day), full/partial occlusions or changing of 

color in the scene (testing system under dusty weather conditions)). In these cases, the particles of 

the filter may be propagated in some wrong positions and the tracker may miss the vehicle. 

By considering the above conditions the following methods are implemented, and the result has 

been compared with our proposed VDT-VCC method.  

We used the source code1 provided by the author for reference [391] which is a multiple object 

tracking based on Particle Filter. As the author indicated the implementation of this method is 

based on reference [393]. For a fair evaluation of the result, we used the first unit of VDT-VCC 

(which is included extra- processing block to remove the false positives) as a detector output for 

this method. The center of bounding boxes are considered to be the vehicle position and bounding 

box size is the area of the vehicle. These data are passed to the particle filter algorithm as explained 

in [391]. Particle filter uses data from the previous frame to estimate the position of the tracked 

vehicle in the current frame. The prediction step propagates all particles using a constant velocity 

model with 𝑝(𝑥, 𝑦) and 𝑣(𝑥, 𝑦) as a position and velocity of the particle. The observation step 

consists of detection and color appearance terms. The output of this measurement using the 

observation model is confidence value which can be considered as weight value. The weighted 

propagate particles are finally resampled by considering the systematic resampling method [391]. 

Detected vehicles on the scene will be associated with the trackers in every frame by using the 

                                                             
1 The implementation is created using C++ and OpenCV 3.0.0 library and can be found at: 

 https://github.com/mabdh/multiple-object-tracking-particle-filter 

 

https://github.com/mabdh/multiple-object-tracking-particle-filter
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Hungarian algorithm (matching tracker and detection with the smallest distance). Occlusion will 

happen if there are more trackers than detections, it means there are one or more trackers that do 

not have a matching pair (occlusion detection step). In fact, The occluded vehicle is the one that 

appears in the previous detection but does not appear in current detection.  

In this method, occlusion is handled by considering the information of previously detected vehicles 

and associate that information with the information of trackers (the authors compared the previous 

position of the occluded vehicle with the position of trackers and find the tracker with the smallest 

distance with the occluded vehicle).  

The proposed method in [118] is based on the fact that particles belonging to the same vehicle are 

close to each other, and there must be some spacing between groups of particles belonging to 

different vehicles (spatial coherence), and also particles belonging to the same vehicle should 

move in the same direction and with similar speed. Moreover, a vehicle in an initial position in a 

given frame does not disappear in the next frame and must remain within a distance range 

(temporal coherence). The initial clustering is performed by considering the above condition then 

background information is used to validate the particle clusters. For the fair evaluation of the result, 

first, our pre-processing step is used to decreased the camera vibration, then the rest of the method 

is the same as explained in [118].  

The background model was created using a temporal median filter for all pixels. Afterward, the 

particles are obtained by the Minimum Eigenvalue method which is based on identifying corners 

in the image. The particles which belong to background locations are removed in two steps: first, 

by removing particles which matched to the background model. The first step for removing 

particles does not require any information about background, since the particles that remain static 

in their spatial positions. So the particles are removed according to a threshold (as particles 

associated with the background). The second step is taken into account the background 

information. The color histograms taken from 9 × 9  pixel windows centered at each particle in 

the current frame are compared with the known background colors. Particles with histograms very 

similar to the background histogram are discarded. Next, particle clustering is performed by the k-

means algorithm by considering the total number of the particles divided by a minimum number 

of the particles for each vehicle. As the result, the maximum number of a cluster at each frame is 

defined. Clustering merging or separating is performed to re-identified the clusters by considering 

the foreground regions, and the convex region formed by the particles of the two clusters. Cluster 

merging occurs when the Euclidean distance between two centroids is less than the sum of the 

greatest distances between the particles and the centroids of their respective clusters. If more than 

15% of the area in the convex region is not detected as foreground, the cluster is split using the k-

means algorithm. Thereupon, the detected clusters are tracked based on the similarity of the color 

histograms (using the Bhattacharyya coefficient) computed for 9 × 9 pixel windows centered at 
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the particles belonging to the convex regions (formed by the vehicles) in the previous frames, 

shifted by their motion vectors to the current frame. 

 

Particle filter - analysis of feature fusion strategies  

 

In continue, we are considered the fusion of different features, comparison, and the influence of 

them in particle filter performance. This analysis is done for the vehicle detection field under 

different weather and environmental conditions.  

As mentioned before, there are many methods proposed for vehicle detection in the state of the 

art, which can be categorized into two groups. The method based on low-level features 

(knowledge-based method) and the methods based on local feature descriptors. In summary, the 

first group depends on a set of rules, based on human knowledge, to detect vehicles while the 

second group depends on a set of delegate training images to find out vehicle models. Knowledge-

based methods are more robust and efficient as they do not require the training process. 

Some authors have been proposed the vehicle detection methods using learning techniques with 

features such as Haar-like features [394, 240, 192], and (HoG) features [238], [180], or deformable 

parts model algorithms such as [216-395].  As authors in [2] and [94] indicated the HoG features 

are quite slow to compute. Moreover, the main disadvantages of training-based learning methods 

are their dataset dependency [396, 397, 398, 399] and low-speed performance (since high precision 

detection of these kinds of methods depend on large data samples, which results in that the real-

time performance and robustness is relatively weak) [94], [400], [316], [401]. Methods that 

generate generic object proposals [402, 403] or proposals specific to on-road vehicle detection 

[181, 404] have been also previously proposed. Recent object proposal generation techniques such 

as BING, and Faster R-CNN can operate in real-time with high-throughput [405, 406, 407], but 

they still require training on datasets and the number of generated object proposals is still high 

resulting in high execution times for the detection process [94]. It should be noted that the detection 

methods based on deep neural networks combined with computer vision techniques require a huge 

amount of data to train the detection network which demands an enormous database and high 

computation support [408], [409].  

Hence, by considering the diverse variety of vehicles on the different roads, variations in the 

illumination of the scene, different weather conditions and the real-time constraints of traffic 

monitoring systems, we are discussing how different low-level features assists in handling difficult 

situations, and we quantitatively evaluate the influence of them. The obtained results are shown in 

Tables 14, 15, 16, 17, 18, and 19, where our proposed VDT-VCC method is evaluated using the 

different features defined for the particle filter. It should be noted that, only the measurement step 
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of the particle filter in the VDT-VCC method is changed according to every case. Each case 

includes a different group of features.  

To begin with, the first case including Headlight and Vertical edge features (HeVe), the second 

case including Underneath shadow and Headlight features (UsHe), the third case including 

Vertical edge, Underneath shadow, and Horizontal symmetry features (VeUsHs), and finally the 

last case including Underneath shadow, Vertical edge, and Headlight features (UsVeHe).  

In fact, many features can be used in the particle filter algorithm, for example, using the contour 

as a feature gives an accurate description of the vehicle but performs poorly in clutter and it is 

generally time-consuming. Or color histogram which is invariant to the vehicle location, 

orientation, and scale variation is very sensitive to illumination changes, and under different 

weather and illumination conditions, it makes a problem for the determination of vehicle position. 

Additionally, it has been proven that the computation of the color histograms at each iteration is a 

major bottleneck of the color-based particle filter algorithms [410], [411]. Also, the corner 

detection method costs much time and affect vehicle tracking to be not real-time [412]. 

Due to the mentioned problems, we did not consider the color, corner and contour features in the 

above cases.  

 

Common conditions of mentioned methods  

 

- All selected methods support the multi-vehicle detections. With the purpose of making a fair 

comparison, the same number of frames and the same sequences have been used for testing all 

methods.  

- If two parts of a vehicle are detected separately, the false positive is increased. 

- Both methods [57], and [298] were implemented in MATLAB, with the same system used for 

our method in which all parameterized according to the original papers. 

- We used the first unit of the VDT-VCC method (implemented in Matlab) for method [391], 

and the rest according to the provided source code (in C++ and OpenCV).  

- The method [118] (particle filter) was implemented is in Matlab. The parameters involved are 

fixed to the ones as specified in the corresponding paper. 

- For a fair comparison, the number of particles set to 1000 in the particle filter-based methods.  

-  For the evaluation of the different groups of features, only the measurement step of the particle 

filter in the proposed VDT-VCC method is changed according to every case. Also, the same 

motion model is considered for all of them. 
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Therefore, the selected methods have characteristics that make them comparable to the proposed 

method. Tables 14, 15, 16, 17, 18, and 19 show details of the comparison of the proposed VDT-

VCC method with existing methods and also evaluation of for cases in the term of TPR, FAR, 

FNR, Precision, and ACC, metrics. 

 

Table 14, Comparison of the proposed method with existing methods in the normal weather condition. 

 Testing 

Samples 

GT TP FP FN TPR% FAR% FNR% Precision% ACC% 

Reference 

[391] PF 

1000 6251 6015 27 236 96.22 0.44 3.77 99.55 95.81 

Reference 

[118] PF 

1000 6251 5838 335 413 93.39 5.42 6.60 94.57 88.64 

Reference 

[298] UKF 

1000 6251 5949 71 302 95.16 1.17 4.83 98.82 94.10 

Reference 

[57] KF 

1000 6251 5932 328 319 94.89 5.23 5.10 94.76 90.16 

Case 1- 

(HeVe) 

1000 6251 6127 12 124 98.01 0.19 1.98 99.80 97.82 

Case 2- 

(UsHe) 

1000 6251 6012 39 239 96.17 0.64 3.82 99.35 95.58 

Case3- 

(VeUsHs) 

1000 6251 6212 4 39 99.37 0.06 0.62 99.93 99.31 

Case4- 

(UsVeHe) 

1000 6251 6135 7 116 98.14 0.11 1.85 99.88 98.03 

Proposed 

VDT-VCC 

1000 6251 6212 4 39 99.37 0.06 0.62 99.93 99.31 

  

Table 15,  Comparison of the proposed method with existing methods in the sunny weather condition. 

 Testing 

Samples 

GT TP FP FN TPR% FAR% FNR% Precision% ACC% 

Reference 

[391] PF 

1000 5137 4917 34 220 95.71 0.68 4.28 99.31 95.08 

Reference 

[118] PF 

1000 5137 4528 682 609 88.14 13.09 11.85 86.90 77.81 

Reference 

[298] UKF 

1000 5137 4648 91 489 90.48 1.92 9.51 98.07 88.90 

Reference 

[57] KF 

1000 5137 4620 603 517 89.93 11.54 10.06 88.45 80.49 

Case 1- 

(HeVe) 

1000 5137 4975 18 162 96.84 0.36 3.15 99.63 96.50 

Case 2- 

(UsHe) 

1000 5137 4995 12 142 97.23 0.23 2.76 99.76 97.00 

Case3- 

(VeUsHs) 

1000 5137 5083 7 54 98.94 0.13 1.05 99.86 98.81 

Case4- 

(UsVeHe) 

1000 5137 5030 11 107 97.91 0.21 2.08 99.78 97.70 

Proposed 

VDT-VCC 

1000 5137 5083 7 54 98.94 0.13 1.05 99.86 98.81 
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Table 16, Comparison of the proposed method with existing methods in the dusty weather condition. 

 Testing 

Samples 

GT TP FP FN TPR% FAR% FNR% Precision% ACC% 

Reference 

[391]PF 

1000 4159 2551 207 1608 61.33 7.50 38.66 92.49 58.43 

Reference 

[118] PF 

1000 4159 1787 2361 2372 42.96 56.91 57.03 43.08 27.41 

Reference 

[298] UKF 

1000 4159 2471 356 1688 59.41 12.59 40.58 87.40 54.73 

Reference 

[57] KF 

1000 4159 2363 2167 1796 56.81 47.83 43.18 52.16 37.36 

Case 1- 

(HeVe) 

1000 4159 3367 28 792 80.95 0.82 19.04 99.17 80.42 

Case 2- 

(UsHe) 

1000 4159 3351 31 808 80.57 0.91 19.42 99.08 79.98 

Case3- 

(VeUsHs) 

1000 4159 3288 39 871 79.05 1.17 20.94 98.82 78.32 

Case4- 

(UsVeHe) 

1000 4159 3384 27 775 81.36 0.79 18.63 99.20 80.84 

Proposed 

VDT-VCC 

1000 4159 3431 23 728 82.49 0.66 17.50 99.33 82.04 

 

 

 

Table 17,  Comparison of the proposed method with existing methods in the rainy weather condition. 

 Testing 

samples 

GT TP FP FN TPR % FAR% FNR% Precision% ACC% 

Reference 

PF[391] 

1000 4962 4148 69 814 83.59 1.63 16.40 98.36 82.45 

Reference 

[118] PF 

1000 4962 3741 1105 1221 75.39 22.80 24.60 77.19 61.66 

Reference 

[298] UKF 

1000 4962 3990 148 972 80.41 3.57 19.58 96.42 78.08 

Reference 

[57] KF 

1000 4962 3950 1089 1012 79.60 21.61 20.39 78.38 65.28 

Case 1- 

(HeVe) 

1000 4962 4815 16 147 97.03 0.33 2.96 99.66 96.72 

Case 2- 

(UsHe) 

1000 4962 4781 25 181 96.35 0.52 3.64 99.47 95.87 

Case3- 

(VeUsHs) 

1000 4962 4799 17 163 96.71 0.35 3.28 99.64 96.38 

Case4- 

(UsVeHe) 

1000 4962 4842 13 120 97.58 0.26 2.41 99.73 97.32 

Proposed 

VDT-VCC 

1000 4962 4875 11 87 98.24 0.22 1.75 99.77 98.02 
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Table 18, Comparison of the proposed method with existing methods in the snowy weather condition. 

 Testing 

samples 

GT TP FP FN TPR% FAR% FNR% Precision% ACC% 

Reference 

[391]PF 

1000 3015 2538 63 477 84.17 2.42 15.82 97.57 82.46 

Reference 

[118] 

1000 3015 2317 951 698 76.84 29.10 23.15 70.89 58.43 

Reference 

[298] UKF 

1000 3015 2530 103 485 83.91 3.91 16.08 96.08 81.14 

Reference 

[57] KF 

1000 3015 2445 937 570 81.09 27.70 18.90 72.29 61.87 

Case 1- 

(HeVe) 

1000 3015 2943 10 72 97.61 0.33 2.38 99.66 97.29 

Case 2- 

(UsHe) 

1000 3015 2932 16 83 97.24 0.54 2.75 99.45 96.73 

Case3- 

(VeUsHs) 

1000 3015 2883 58 132 95.62 1.97 4.37 98.02 93.81 

Case4- 

(UsVeHe) 

1000 3015 2950 9 65 97.84 0.30 2.15 99.69 97.55 

Proposed 

VDT-VCC 

1000 3015 2972 5 43 98.57 0.16 1.42 99.83 98.41 

 

 

 

Table 19, Comparison of the proposed method with existing methods in the low lighting condition. 

 Testing 

samples 

GT TP FP FN TPR% FAR% FNR% Precision% ACC% 

Reference 

[391]PF 

1000 4382 3471 92 911 79.21 2.58 20.78 97.41 77.58 

Reference 

[118] PF 

1000 4382 2742 1508 1640 62.57 35.48 37.42 64.51 46.56 

Reference 

[298] UKF 

1000 4382 3152 319 1230 71.93 9.19 28.06 90.80 67.05 

Reference 

[57] KF 

1000 4382 3068 1378 1314 70.01 30.99 29.98 69.00 53.27 

Case 1- 

(HeVe) 

1000 4382 4223 20 159 96.37 0.47 3.62 99.52 95.93 

Case 2- 

(UsHe) 

1000 4382 4198 27 184 95.80 0.63 4.19 99.36 95.21 

Case3- 

(VeUsHs) 

1000 4382 3685 31 697 84.09 0.83 15.90 99.16 83.50 

Case4- 

(UsVeHe) 

1000 4382 4223 20 159 96.37 0.47 3.62 99.52 95.93 

Proposed 

VDT-VCC 

1000 4382 4260 16 122 97.21 0.37 2.78 99.62 96.86 
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Figure 69,  Comparison of vehicle detection accuracy between our proposed method and other works under different weather 

conditions. 
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Figure 70, Comparison of FNR between our proposed method and other works under different weather conditions. 

 

It can be seen from Tables 14, 15, 16, 17, 18, and 19, that, the method [57] has high rates of  FAR 

under all different conditions. The main reason is using the lane dividing lines for occlusion 

handling. It divides large blobs into two or more, smaller ones in which some of them are not 

vehicles. Also, the precision metrics for this method are lower than TPR under all different 

conditions due to the higher false-positive than false-negative rates. As a result, indicated the best 

and the worst TPR rates are 94.89% and 56.81% for normal and dusty weather conditions, 

respectively. In this method, the false negative is increased because the algorithm is not able to 

detect two or more vehicles if they are moving behind each other (vertical occlusion). Moreover, 

when there are two vehicles moving in the same direction at the same time while in the same lane, 

side-by-side, the method is not able to detect them separately, these conditions happen in the time 

of lane sharing or splatting. Additionally, in the dusty or snowy weathers, the lanes of the roads 

are not clearly visible in the image and the user cannot detect lanes exactly, so the detection rates 

are decreased. In the method [298], the average detection rate is increased to 95.16% under normal 

weather conditions, but,  as noise increased in the scene, the detection rate is decreased to 59.41% 
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under the dusty weather conditions. However, the method [298] provides a better detection 

accuracy under all weather conditions in comparison with the method [57] as it used UKF and the 

first unit of our proposed VDT-VCC method, Figure 69. The precision rate of the method arises 

to 96.42%, 96.08%, and 90.80%, under rainy, snowy, and low lighting conditions, respectively. 

The average rate of false-negative under all tested conditions is about 19.77% for the method [298]. 

The main reason for high FNR is using a single feature in the algorithm, which is not enough to 

provide information about vehicles for detection and tracking under adverse conditions. 

As the result indicated,  FAR’s are very high in all weather conditions in the method [118]. Because 

those vehicles with similar color and texture to the background (road) and those with particle 

clusters very far from each other (in the large vehicles), detected as more than one vehicle. As a 

result, the false-positive rate of the method is increased in which the worst-case stated for dusty 

weather conditions with 56.91%. On the other hand, the False-negative rates are very high 

compared to other methods, Figure 70, which arise to 57.03% and 37.42% under the dusty weather 

and low lighting conditions, respectively. We observed that small vehicles far from the camera are 

not detected, since the number of particles may be insufficient to generate a cluster. As the method 

is used the harris corner detector to spreading the particles, so when vehicles are observed with a 

lower spatial resolution especially under bad weather conditions, its surface appears textureless. 

Thus, at low resolutions, vehicle corners are not detected. Also, the Harris corner detector is 

sensitive to scale change, viewpoint change, and contrast change. Moreover, occlusion can not 

handle with this method so all occluded vehicles are detected as one. As seen in Tables 14, 15, 16, 

17, 18, and 19, the best detection rate for method [118] is for normal weather conditions with 

93.39% of TPR. Nevertheless, using the temporal median has a drawback when the scene has 

sudden illumination changes in which it is obvious under dusty weather conditions where the 

method has got 42.96% of the detection rate. In contrast, a background model based on GMM, 

which is more robust to scene illumination changes provides more accurate results in the same 

condition by the method [57]. In particular, particles are spreading randomly throughout the video 

frame in method [118], while using the detection result of our first unit in the VDT-VCC method 

and method [391], it has been provided more accurate areas for the Particle filter and also it reduced 

the computational complexity of the method. It can also be seen from Tables 14, 15, 16, 17, 18, 

and 19, that the detection rates of the method [391] under all conditions are higher than other 

methods [57], [298], and [118], in which the best TPR arises to 96.22% in normal weather 

conditions and the worst one to 61.33% in dusty weather conditions. False-Positives were occurred 

in the scene with cluttered areas of the urban roads, while false-negative were occurred due to the 

occlusions and lower field of view of the camera in the method [391]. Moreover, the noise and 

blurred image sequences due to the adverse weather conditions increase the FNR of the method 

[391] to 38.66%. Additionally, the vibration of the camera which is not totally corrected by the 

pre-processing step, and vehicles far from the camera decrease the TPR of the method to 84.17% 

and 83.59% under the snowy and rainy conditions, respectively. As mentioned above for the 

implementation of the method [391], we used the first unit of our VDT-VCC method as a detection 
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process and input for the particle filter algorithm. The measurement model consists of detection 

and color appearance terms. The color histogram is sensitive to illumination changes which 

decreased the particle filter performance in this method. In most cases, the simple particle filter as 

used in method [391] is not able to handle more than two occluded vehicles on the road. 

 

To the best of our knowledge, in the field of multi-vehicle detections under different weather and 

illumination conditions, a single feature can not provide enough information about the vehicle 

location, so multiple features should be combined to provide more information. However, the 

effectiveness of each feature should be considered carefully to increase the detection accuracy of 

vehicle detection systems.   

 

In this part, we are discussing the effectiveness of different features (measurements) to deal with 

difficult situations, and we quantitatively evaluate the influence of them when combining together. 

The obtained results under different weather conditions are presented in Tables 14, 15, 16, 17, 18, 

and 19.  It should be noted that only the measurement step of the particle filter in the proposed 

VDT-VCC method is changed according to every case. Each case includes a different group of 

features. 

In particular, sequences from normal weather conditions include all daylight in which there is no 

direct sunlight, as a result, illumination is homogeneous in the image. Concerning the (HeVe) 

features (measurements) only the vertical edge of vehicles are useful features in the particle 

evaluation step. In this case, the detection rate of the method is 98.01% which is higher than  

96.17% when we are using the (UsHe) features in the same condition. It is due to that the vertical 

edge of vehicles is more visible and stronger than the underneath shadow features under normal 

conditions.  In some sequences with the uneven color of the road, the underneath shadow is not a 

useful feature. The detection rate of the VDT-VCC method with (HeVe) features increased by 

about 1.80% with respect to the method [391] for normal weather conditions.  This is due to that, 

the edge of a vehicle is less sensitive to illumination changes compared to the color feature used 

in [391]. However, only using the vertical edge of vehicles as a feature in heavily cluttered 

backgrounds or adverse weather conditions increase the FAR of the system, therefore, we 

combined it with the headlight feature in the first case. Vehicle headlights represent a salient 

feature at low light or under adverse weather conditions while most of the other features are not 

useful under specific conditions. The results are given in Tables 14, 15, 16, 17, 18, and 19, show 

that for almost all weather conditions using the (HeVe) measurements in the particle filter 

increased the detection rate of the system in comparison with the (UsHe) measurements. It means 

that the fusion of vertical edge and headlight of vehicles is more influential than the headlight and 

underneath shadow for particle filter performance. Vertical edges which are appeared in the 

vehicle’s right and left parts provided important information on the existence of the vehicle. In this 

way, the lake of this measurement in the second case decreases the system accuracy to 95.87% 

and 96.73% under rainy and snowy weather conditions (Figure 69),  respectively. Additionally, 
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the intensity of the shadow depends on the illumination of the image, which in turn depends on 

weather conditions. While sunny conditions produce a prominent shadow in the road surface, using 

the underneath shadow measurement in the particle filter will increase the detection rate of the 

system from 96.84% to 97.23% in front of the same condition using in the (HeVe) measurements. 

This difference is not significantly high, because in some sequences (in the morning and evening) 

the long shadows are cast to the side of the vehicle and detected as a vehicle region by the first 

unit. As these regions are incorporated in the different parts of our particle filter, so it will produce 

a hypothesized location which is not the true location of a vehicle. As a result, decrease the correct 

detection of vehicle positions.  It should be noted that for the fair evaluation in the first and second 

cases the cues are weighted equally (Table 20) while the best value is chosen according to several 

trial and error. 

Table 20, The weight of the cues which are used for the first and second cases. 

 Headlight (He) Vertical edge (Ve) / underneath shadow (Us) 

Normal weather condition 0.1 0.9 

Sunny weather condition 0.1 0.9 

Snowy weather condition 0.7 0.3 

Rainy weather condition 0.7 0.3 

Dusty weather condition 0.8 0.2 

Low lighting condition 0.8 0.2 

 

Comparing the detection result between "(UsVeHe)" and “(HeVe) and (UsHe)” indicated that a 

combination of three different measurements, namely, underneath shadow, vertical edge, and 

headlight of a vehicle in the particle filter increased the accuracy of the method under all weather 

conditions, Tables 14, 15, 16, 17, 18, and 19 and Figure 69. The drifts in the particle filter with the 

wrong shadow region using the (UsHe) measurements are highly reduced by extending the 

measurement model with a vertical edge cue. This justifies the larger increase in true vehicle 

detection achieved by the "(UsVeHe)" measurements in the VDT-VCC method. 

 

According to Table 20 (case 1/2) and comparing with Table 21 (case 4) the weight for the headlight 

cue is equal in the three cases, and the fusion weighs for other cues (vertical edge and underneath 

shadow) in the fourth case is equal to the weight of every cue in the first and second cases. 

Regarding the third case and under the normal and sunny weather conditions, using the (VeUsHs) 

measurements in the particle filter improved the detection rates of the system in comparison with 

(HeVe), (UsHe), and (UsVeHe) cases. This is mainly due to the combination of the three different 

features in the measurement model of the particle filter.  
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Table 21, The weight of the cues which are used for the third and fourth cases. 

 

 Headlight /Horizontal symmetry underneath shadow Vertical edge / 

Normal weather condition 0.1 0.1 0.8 

Sunny weather condition 0.1 0.8 0.1 

Snowy weather condition 0.7 0.1 0.2 

Rainy weather condition 0.7 0.1 0.2 

Dusty weather condition 0.8 0.1 0.1 

Low lighting condition 0.8 0.1 0.1 

 

 

As Figure 69 illustrated, the horizontal symmetry measurement in the third case is more effective 

(in the clear images) than the headlight feature which is used in the fourth case. In other words, 

the accuracy of the method has increased by using the third case in normal and sunny weather 

conditions. However, as noise increased (such as rainy, snowy, dusty, and low- lighting conditions) 

the accuracies have decreased compared with the other three mentioned cases, Figure 69. The main 

reason is the lack of headlight cue and the presence of the horizontal symmetry cue which is 

suffering from influences of illumination and weather conditions. 

As shown in Figure 69, the accuracies of all methods under normal and sunny weather conditions 

are high but as the noise increased in the snowy, rainy, dusty, and low-lighting conditions, the 

accuracies are decreased. However, our proposed method still showed higher detection accuracy 

under such conditions. Particularly, under the normal and sunny weather conditions, the difference 

of accuracy between the above approaches is less, nevertheless, this difference between the 

proposed VDT-VCC method and methods in  [118, 57, 298, 391] and case 3 has increased as noise 

increased in the images, Figure 69. 

All in all, the results indicated that using the multiple features (measurements) based on the particle 

filter increased the detection rate of the system under the different weather and illumination 

conditions, even if one of the observation has not been available. Remarkably, by comparing the 

detection results between first, second, and third cases and the VDT-VCC method, it can be 

gathered that the combination of the measurements in the  VDT-VCC method is especially helpful 

in adverse conditions. The performance is highly enhanced for dusty, rainy, snowy, and lowlight 

conditions while it only slightly improves for the normal and sunny weather conditions. 

 

Although there were many studies on vehicle detection, few researchers have proposed methods 

for solving problems of detecting vehicles under adverse weather conditions. So, to the end, we 

aim to compare the TPR (Recall) of the proposed VDT-VCC method with recently published 

works [2016-2020] which have been tested under different weather conditions as well. The 

detection rates and other information in Table 22 and Figure 71 are according to the related 

publications. 

There are few methods that can suit our current issue and used for comparison, such as methods 

in Table 22. The chosen of these methods are due to that they are; (1) recent works [2016-2020] 
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of multi-vehicle detection methods which have been evaluated for recall (TPR) metric, (2) tested 

under different weather and illumination conditions, (3) based on monocular camera, (4) valid for 

vibration/fix camera conditions, (5) evaluated by different angles of view of the camera on 

different traffic environments (6) not required a camera calibration for vehicle detection (7) play 

a main role in the ITS such as, intelligent traffic control, monitoring, and management. 

 

Table 22, Comparison of TPR of the proposed VDT-VCC method with other vehicle detection methods  [2016-2020] under 

adverse weather conditions, where “N/A” means not available and ‘‘-’’ indicated that the corresponding condition is not 

considered.  

 Normal 

weather 

condition 

Sunny 

weather 

condition 

Rainy 

weather 

condition 

Snowy 

weather 

condition 

Dusty 

weather 

condition 

Low-

lighting 

condition 

Ave of 

detection 

rate (TPR) 

Number of frames and 

vehicles (GT), and 

video dataset 

 

[182] 
2016 

83.64% 

Cloudy  

 

84.34% 

 

74.62% 

 

72.27% 

 

- 

 

- 

 

78.95% 

 

2542 vehicles in the 500 

Frames 

 
[404] 
2016 

 
 

96.86% 

(Ave of 3 

data sets for 

this 

condition ) 

 

98% 

 

97.1% 

 

92.2% 

 

- 

 

- 

 

N/A 

 

 

Total of 7068 frames  

[43] 
2016 

 

- 

 

98.83% 

 

94.5% 

 

- 

 

- 
99.3% 

Night-time 

 

 

 

N/A 

 

Total of 1626 vehicles 

form 7 videos 

[417] 
2016 

 

 

92.10% 

 

 

85% 

 

- 

 

- 

 

- 

92.7 % 

Night-time 

 

89.90% 

(N/A) 

Traffic sequences for 3 

conditions 

[413] 
2017 

 

93.78% 

Cloudy 

 

95 .22% 

 

68 .73% 

 

- 

 

- 

 

- 

 

N/A 

13290 vehicles at 

6010 Frames for 3 

conditions 

From 6 videos in total 

[414] 
2018 

 

 

92.48% 

(Avg of 2 

videos) 

 

 

93.93% (Avg 

of 3 videos) 

 

 

 

- 

 

 

 

- 

 

 

 

- 

 

 

96.15% 

(Avg of 2 

videos) 

 

(Low-

lighting 

condition) 

 

 

 

94.18% 

108 vehicles at 1000 

frames for normal 

weather, 

50 vehicles at 1300 

frames for sunny 

weather, 

34 vehicles at 500 

frames for night 

condition. 7 videos in 

total. 

[225] 
2018 

89% 

(Ave of 2 

videos) 

 

97% 

- - -  

94% 

(Low-

lighting 

condition) 

 

92.25% 

 

7221 

Frames 

from 4 scenes 

[172] 
2018  

 

 

 

95.85 % 

 

 

N/A 

 

N/A 

 

- 

 

- 

 

- 

 

N/A 

 

Total of 3019 Frames 

[415] 
2019 

N/A 98.35%  

(Ave of 2 

videos) 

- - - 97.1% 

Night-time 

N/A (N/A) 

seven videos 

[234] 
2019 

 

90.2% 

Cloudy  

89.6% 85.3% - - 74.1% 

Night-time 

N/A 4253 vehicles (total) 

(N/A) 
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[416] 
2019 

Day time 

(98.5%) 

Evening 

(96.5%) 

 

- 
 

99% 

 

- 

 

- 

 

84% 

Night-time 

 

94.5% 

800 vehicles for four 

conditions (200 each of 

them), 

Number of frames  N/A 

 
VDT-

VCC 

 

 

99.37% 

 

 

98.94% 

 

 

98.24% 

 

 

98.57% 

 

 

82.49% 

 

 

97.21% 

(Low-

lighting 

condition) 

 

 

95.09% 

27906 vehicles (GT) 
in 6000 frames (1000 

frames for each 
condition) selected 

from 
50 videos  

 

 

 

Figure 71, A comparison of the detection rate of the proposed approach with other methods [2016-2020] under different weather 

conditions. 

From the above table and related works, we conclude that: 
 

To the best of our knowledge, all recently published works from [2016-2020] which suit our 

current issue and have the common points (as indicated above) are the vehicle detection approaches 

for traffic monitoring and control, except method [404] and [172] which are on-board vehicle 

detection, mainly used in the Advanced Driver Assistance System (ADAS). 

As indicated before, the proposed VDT-VCC method was performed on more than 50 videos 

(including different environments, various weather conditions, and different hours of a day) with 

up to 5 minutes of length in some of them (maximum 9000 frames); in total up to 300000 frames. 

66.00%

68.00%
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The detection accuracy can be affected by different weather conditions and road positions. 

Therefore, for evaluation purposes, 6000 frames in total (1000 frames for each condition) are 

randomly selected, in which they included 27906 vehicles (GT), (in total). All information 

regarding the GT vehicles for each condition and other metrics are indicated in Table 22. 

Hence, in comparing with the state of art methods, our work has evaluated by more number of 

different weather conditions and has the largest number of (GT).  

Only reference [404] and [225] has more number of frames than us, but they do not indicate the 

number of (GT), nor the number of tested videos. Most of the works in this field do not give 

information about videos, or they are too short, or not show an easy replication. 

Although there were many studies on vehicle detection, few researchers have been evaluated the 

performance of their own methods under adverse weather conditions. As Table 22, and Figure 71 

indicated, most authors have evaluated the method at three or fewer numbers of conditions. Only 

the approaches in [182], [404], and [234] were tested on four weather conditions. Other existing 

works just evaluated for one condition, which is out of our interest to indicate in the above table. 

From the results, we can see that all methods can detect vehicles successfully more or less on their 

own dataset, under the normal and sunny weather conditions in which the detection rates are more 

than 83%  for all methods with small differences between them. However, they have a lower 

detection rate under adverse weather or method was not evaluated on unfavorable conditions, 

while our proposed VDT-VCC method still shows the highest TPR in almost all weather 

conditions, Figure 71. 

The bold values indicate the top TPR of methods for each condition. The detection rate of 99% 

(for rainy weather conditions) reported in [416]. It has been achieved in a restricted scenario with 

only 200 ground truth vehicles, therefore, it’s not valid. Also, the number of frames, Precision, and 

accuracy of the method are not available. While, the performance of our proposed method has been 

evaluated on 1000 randomly selected frames from the rainy conditions, with 4962 number of GT 

vehicles in which the method was achieved to 99.77% and 98.06% of Precision and accuracy 

metrics, respectively. 

The VDT-VCC method has been tested under low-lighting conditions, sunset time, in which the 

illumination in the image is low. The works in [414] and [225] have been also evaluated by low-

lighting conditions, wherein the detection rates are inferior than our TPR with 97.21%. 

Concerning the night conditions, the highest detection rate of about 99.3% is reported in [43]. the 

authors tested the method with 277 Ground-Truth vehicles and got a 2.9% false-alarm rate. This 

approach is dependent on the camera view which is not able to perform the method for all videos 

with different views, angles, and height of a camera. In fact, one of the main disadvantages of 

training based methods can be highlighted here.  
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Totally speaking, the proposed VDT-VCC method outperforms similar methods because of its 

accuracy and performance under various weather and lighting conditions. In conclusion, the 

method that was proposed in the previous chapter can provide a robust solution to monocular-

based vehicle detection. 

 

  

Second category 

 

As it is known, the aim of this work is to develop an accurate vehicle detection method under 

adverse weather conditions since it is vital in improving traffic control and management. Besides, 

tracking relies on obtained information from three main units. So, in this category, we considered 

the comparison between proposed VDT-VCC and well-known methods from a tracking point of 

view in a wide variety of recorded videos under different weather, illumination, and environmental 

conditions, Table 23.  

Also, there are few recent works [2015-2020] of multi-vehicle tracking methods that can suit our 

current issue and they have been tested under different weather conditions as well, so selected for 

comparison in Table 23. These are all respectively explained in the following; 

The MOTA is the most widely used metric since it summarizes the overall tracking accuracy. From 

a tracking point of view, the MOTA of the proposed VDT-VCC is compared with the well-known 

methods Kf [57], UKF [298], PF [391], and Particle tracking (feature) based on the similarity of 

color histogram [118]. With the purpose of making a fair comparison, the same video sequences 

(30 videos in total) have been used for testing all methods. Also, the parameter settings from 

authors are kept for all methods. Vehicles were tracked in each selected video manually (ground 

truths) and compared with the tracking result achieved by the methods. Average MOTA values are 

calculated using the evaluation metric mentioned above for each weather condition. The choice of 

these methods is motivated by the following reasons; First, the selected methods should be multiple 

vehicle tracking approaches based on a single camera. Second, in order to find the solution of the 

state-space model, the density function of the random processes can be chosen as parametric or 

non-parametric. Among the parametric approaches, the variety of Kalman filter is widely used for 

tracking moving vehicles in traffic monitoring systems. For complex traffic environments, the non-

parametric approach such as particle filter has got a lot of interest by researchers to estimate the 

multimodal distribution of a target’s state space. This property is attractive for multi-vehicle 

tracking because it raises the possibility that a single set of particles can track multiple vehicles in 

an image sequence [311]. 
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It should be noted that, although other, probably more statistical tracking frameworks exist, we 

focused on the topic of this thesis, as a detailed evaluation of different frameworks is beyond the 

scope of this work. 

Remarkably, there are few methods that can suit our current issue and used for comparison, such 

as methods in [316], [419], [418], and [420]. The chosen of these methods are due to that they are; 

(1) recent works [2015-2020] of multi-vehicle tracking methods which have been evaluated for 

tracking accuracy (MOTA metric), (2) tested under different weather and illumination conditions, 

(3) based on monocular camera, (4) valid for moving/vibration or fix camera conditions, (5) 

evaluated by different angles of view of the camera on different traffic environments (6) not 

required camera calibration (7) play a main role in the ITS such as, intelligent traffic control, 

monitoring, and management. 

 

Therefore, the selected methods have characteristics that make them comparable to the proposed 

VDT-VCC method. Tables 23 show details of the comparison of the proposed method with 

existing methods in the term of the MOTA metric. 

 

 
Table 23,   MOTA  comparison of different methods under different weather conditions.  

‘‘-’’ indicated that the corresponding condition is not considered in the paper. 

 Normal 

weather 

 

Sunny 

weather 

Dusty 

 weather 

Rainy 

 weather 

Snowy 

weather 

Low lighting 

condition 

PF[391] 95.58% 93.87% 56.37% 79.51% 81.95% 75.96% 
PF [118] 79.41% 72.15% 24.85% 48.96% 54.83% 41.37% 
KF[57] 81.62% 76.40% 35.97% 54.80% 60.72% 52.79% 

UKF[298] 93.72% 88.56% 42.77% 70.95% 76.13% 61.28% 
VDT-VCC 

 
99.21% 98.73% 81.99% 97.95% 98.03% 96.39% 

Method [316]  

2015 
- 98.2% - 96.12% 90.76% 95.02% 

Method  [419]  

2019 
82.89% 68.83% - - - 82.63% 

Method  [418]  

2015 
94.5% of MOTA under the normal weather condition 

 
Method [420] 

2020 
92% of MOTA under the sunny, rainy, and overcast conditions 

 

Regarding the method [118], we observed that when there are sudden changes in the illumination 

condition many vehicles have not been detected, therefore tracking has missed in such frames. 

This is mainly due to the temporal median which has been used by the method as the first stage 

for vehicle extraction. Another important source of errors in the method [118] is due to vehicle 

occlusions. On the other hand, small vehicles, far from the camera have been missed, because the 

number of particles may be insufficient to generate a cluster, as a result, they have not been tracked 
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consecutively. Under the normal weather conditions where there are multiple vehicles with a 

similar color moving close to each other, affecting the accuracy of tracking by this method which 

decreased in about 19% with respect to the VDT-VCC method. While, under the dusty weather 

conditions,  where there are varying intensity and color in the scene, the accuracy of tracking is 

highly decreased to  24.85%, because vehicle tracking has been performed based on the similarity 

of the color histograms.  Additionally, a color histogram of a vehicle is always changed due to the 

differences in distance to the camera, the reflectance of the object (vehicle), or other unpredictable 

situations in the scene which is another reason for achieving the lowest average of MOTA 

(53.59%) by this method. In the method [57] the average rate of MOTA is decreased to 60.38%  

because the method has been produced a high number of false positives, so the number of tracking 

of non-vehicles is increased  (vehicle tracking is depending on the detecting result). Furthermore, 

when there are two vehicles moving in the same direction at the same time while in the same lane 

(side-by-side), this method detected and tracked both vehicles as one. Consequently, these issues 

affected vehicle tracking accuracy. Another important source of errors is related to the inherent of 

KF in which the non-linear movement of vehicles (where they take some abrupt turns) can not be 

handled. Also, the process and measurement noises should be assumed to be Gaussian which is 

difficult to be met in real traffic scenarios with adverse conditions. On the other hand, from 

comparing the TPR of the method [57] and [118] it is observable that, the method [57] is more 

robust to scene illumination changes and adverse conditions, Tables [14-19]. This is mainly due 

to the using the GMM in this method which increased the tracking accuracy by providing the 

correct information of the vehicle to the KF algorithm where the average (under all conditions) 

rate of MOTA is increased about 6.79 % in front of the method [118]. 

It can be observable that under all weather conditions the tracking accuracies of the method [298] 

are quite higher than the method [57] in the same conditions, Table 23.  This is mainly due to using 

the UKF which generally provides better estimation accuracy than KF due to the unscented 

transform (UT), which makes it applicable to nonlinear systems. Beside it, using the first unit of 

our proposed VDT-VCC method in  [298] has been a positive effect,  which increased the MOTA 

of the system by filtering the non-vehicles region and obtained more accurate location information. 

 

It can be seen from Table 23  that the average rate of  MOTA  is raised to 80.54% by the method 

[391]. In fact, the tracking based on particle filter provided a better result since the sampling 

representation of the pdf provides a better approximation of non-Gaussian distributions caused by 

nonlinear model functions. Remarkably, the tracking accuracy is significantly decreased1 by the 

method [118] and PF [391] when we have scenes with varying in color and illumination such as 

dusty weather conditions, in which, they got 24.85% and 56.37% of MOTA,  respectively. Another 

important source of tracking errors in the method [391] is due to the occlusions, the drift of the 

particle filter from true positions, and also the vibration of the camera which has not been 

                                                             
1 Due to the use of the color histograms. 
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completely compensated.  However, under all weather conditions, the MOTA of the method [391] 

is higher than the method [118] because the vehicle tacking is performed by PF which is more 

robust than the approach in [118], as the comparative experimental results indicated. 

 

The results presented in Table 23  demonstrate how the performance of the proposed VDT-VCC 

method is comparable and slightly superior to the known approaches. We achieved 99.21% and 

98.73% of MOTA under normal and sunny weather conditions while other approaches obtain a 

slightly lower MOTA, while, this difference is significantly increased for adverse weather 

conditions. This is mainly due to the effectively integration of diverse information from three main 

units in which different analyses allow the system to detect and track the vehicles even under  

adverse conditions. Due to the traffic density, field of view of the camera, and adverse weather 

conditions, the motion-based unit may detect a group of vehicles as a one in a frame/frames, 

however by pairing the result under the decision-making unit, the proposed method provided more 

reliable and accurate tracking in comparing with other approaches, Table 23. Also, the proposed 

VDT-VCC method, give a chance to unmatched "detected position" to include in the new matching 

criteria. Finally, every unmatched pair (detected or estimated positions) follow some rules to 

include in the tracking or detected as a new vehicle to be tracked. In fact, detected (non-vehicles) 

false-positive will directly cause the failure of vehicle tracking. Due to that, we considered the 

extra-processing in the VDT-VCC method in which filtered the result by rejecting the non-

vehicles. In contrast to the method [118] which randomly sprayed particles throughout the video 

frame, in the proposed VDT-VCC method the input of the particle filter framework is the restricted 

regions which contain the vehicle image with its features. Hence particles out of the regions, do 

not participate in the clustering stage. Accordingly, the estimated positions are near to the real 

positions. As the obtained information enhances the ability of particle filter, in this way, the particle 

filter is detected any vehicle accurately. There are a few cases, which are tracking failed, especially 

when there is total occlusion for a long time period such as rainy conditions wherein there are 

slowly moving vehicles with a small distance between them.  However, the MOTA of the proposed 

VDT-VCC was shown to achieve 97.95% when dealing with these problems. Another tracking 

error has occurred when many vehicles entered the scene in the partial/full occlusion situation. As 

the motion-based unit detects them as one, the tracking starts for a group of vehicles. This situation 

will continue until the vehicles are going to be separated.  

 

As stated before, there are many tracking approaches in the literature, however, they perform well 

when applied to controlled scenarios (indoor scene) or they are designed for tracking a specific 

object (people) or a constant number of objects. In other words, they prove insufficient for the 

traffic scenario [176]. In the traffic scenes, there are different types, sizes, and colors of vehicles 

in the urban and interurban environments. The appearance of a vehicle can vary depending on the 

distance between the vehicle and the camera. Vehicles and the background may have similar colors 

or multiple vehicles with similar appearances may moving in close to each other. Moreover, 
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different camera angles, heights, and positions cause vehicles to have different sizes, shapes, and 

orientations in the images. Also, camera vibration due to the wind or bridge movement affects the 

tracking accuracy. On the other hand, adverse weather, low lighting conditions, or changing 

illumination/color conditions during a day limits the effectiveness of many detections and tracking 

methods for traffic scenarios [168], [176]. 

To the best of our knowledge and also [168, 421, 422], till now, vehicle tracking approaches have 

been seldom tested under adverse weather conditions. On the other hand, due to the difficulty of 

multi-vehicles tracking, most of the algorithms were implemented for single-vehicle tracking 

[421,422]. It should be noted that the most of works don´t give information about tested videos, or 

they are too short, or not show an easy replication. Remarkably, there are few methods that can 

suit our current issue and used here for comparison, such as methods  [316], [418], [419], and 

[420]. All selected methods have common points as mentioned above. For comparison purposes, 

tracking accuracies are taken from original published works and shown in Table 23. Here, we 

summarized the related works in detail as much as possible; 

 Method [418] 

Application: Tracking multi-vehicles in airborne videos. 

Camera condition: It is valid for vibration or fixed camera. 

Implementation: The algorithm was implemented using MATLAB on i7 CPU 3.4 GHz, 4 GB 

RAM. 

Strategy: Feature (corner) points are extracted by the Harris method then tracked through video 

frames. They removed the non-stationary background points by measuring the changes in the 

histogram of the pixels around each feature point with time. The obtained foreground features are 

clustered and grouped into separate trackable vehicles based on their motion properties. 

Initialization: Automatically detect the vehicles and track them. 

DataSet: The VIVID DATASET (egtest01) which is recorded from the airborne sensor is used for 

their tracking evaluation. 

Evaluation: To evaluate the method from the tracking point of view the TR is defined as the ratio 

of the successfully tracked vehicle's number to the actual ones. 

 

 Method [316] 

Application: Forward collision avoidance systems, safety. 

Camera condition: Tracking multi-vehicles in a moving platform. 

Implementation: The method was implemented in C using OpenCV 1.0 library and Visual Studio 

2010. The vehicle tracking system is performed on video sequences with 320 × 240, 640 × 480, 

and 704 × 480 pixels resolutions in an Intel Core i7–3770 GHz PC. 
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Strategy: Tracking performed based on the Particle filter with 200 particles for each filter. In the 

occlusion management stage, first, the occlusion situation is detected, un-occluded vehicle 

continuously tracked while occluded vehicles are deleted and considered as an exit. 

Initialization: A new vehicle is first initialized and then the algorithm assigns a corresponding 

particle set. 

DataSet: Some of the videos from the library (UCSD) Laboratory for Intelligent and Safe 

Automobiles and the others were captured from their vehicle-mounted camera in urban roads and 

highways on sunny, cloudy, rainy, snowy, and low lighting conditions. 

Evaluation: MOTA 

 

 Method [419] 

 

Application: Multi-vehicle tracking in aerial videos. 

Camera condition: It is valid for vibration or fixed camera. 

Implementation: The method was implemented in Ubuntu 16.04, Python 3.5, TensorFlow 1.4.0, 

OpenCV 3.4.0, and CUDA 9.0 on a computer equipped with a six-core Intel Core i7-8700 CPU 

with 12 threading, operating at 3.20 GHz, an NVIDIA GeForce GTX 1080 Ti and Intel UHD 

Graphics 630 GPU, and 32.0 GB of RAM. The camera was adjusted to a resolution of 2720 ×1530 

pixels and a speed of 30 fps.  

Strategy: Kalman filtering is integrated with deep appearance features to robustly track multiple 

vehicles across video frames. 

Initialization: The detection procedure is based on CNN, namely You Only Look Once (YOLOv3), 

trained using several custom-labeled traffic datasets.  

Dataset: Three videos collected by the DJI Phantom 4 Pro with a resolution of 2720×1530 pixels 

at 30 fps from different positions, angles, and lighting conditions on four different days. Also, one 

video of the UAVDT-Benchmark dataset and two videos of the FHY-XD-UAV-DATA dataset are 

used for the evaluation of this method.   

Evaluation: MOTA 

 

 Method [420] 

Application: Multi-vehicle tracking for traffic control and management. 

Camera condition: It is valid for a fixed camera. 

Implementation: The method implemented on a computer (Windows 10 x64 ) equipped with Intel 

Core i7 7500U CPU, NVIDIA GeForce 940MX GPU, with 12GB of RAM. 
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Strategy: An interactive Kalman filter (IKF) is proposed to demonstrate the interaction between 

vehicles. It utilized measurements and estimations of the filters corresponding to adjacent vehicles 

to optimize state and estimations of the desired vehicle in a multi-vehicle tracking environment. 

Initialization: The initial positions of the vehicles are extracted in the first frame. 

Dataset: Autobahn Sequence which includes 254 video sequences recorded during two days in an 

autobahn in Seattle using a stationary traffic camera in which there exist various driving behaviors 

in different weather situations such as sunny, rainy, and overcast. In this method, 3 to 8 vehicles 

are considered for being tracked in each video sequence. 

Evaluation: MOTA 

 

From Table 23  and the above summary, we conclude that: 

Methods [316], [419], [420], and our proposed VDT-VCC method are tested under different 

weather/lighting conditions. Remarkably, the method [419] is evaluated under different lighting 

conditions and did not consider adverse weather. While, Method [316] is evaluated for almost all 

conditions, except dusty weather conditions. Method [419] is used six videos (in total) for 

evaluation of the tracking accuracy. Method [316] is used nine videos (in total), three videos for 

sunny weather conditions, three videos for cloudy weather conditions, one rainy and one snowy 

weather conditions, and one for light rainy conditions. While in this work more than 50 videos 

(with up to 5 minutes of length in some of them) have been recorded along the year (in different 

seasons and hours), then for evaluation of tracking accuracy five videos for each weather condition 

are selected randomly from the recorded dataset (30 videos in total). Authors, in the method [420] 

selected a number of video sequences from a dataset that includes 254 videos of different 

conditions but they did not give any information about the number of tested videos and the 

achieved MOTA for each weather condition. In the method [420] at least 3 and at most 10 vehicles 

are selected from each video for tracking. 

Consequently; for the evaluation of multi-vehicle tracking accuracy our work shows the greatest 

number of using video sequences for each condition. 

Different from other methods which are all automatically initialized, vehicle locations should be 

selected manually for initialization of the method [316], and also the method [420] is required the 

extraction of vehicle positions in the first frame. 

Only one video under normal weather conditions is used to evaluate the tracking accuracy by 

the method [418] in which it achieved to 94.5% of MOTA. Concerning the sunny weather 

condition, the MOTA of the method [316] is close to our result by 0.53% of the difference. The 

main reason for false-positive and missing is large shadows in which particle sets are unstable and 

shifted the tracking (It should be noted that the average MOTA for three sunny video sequences 

has been calculated by us). The method [419] with 68.83% has achieved the lowest MOTA in this 
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condition, because of too many false positives (correspond to shadows) in which wrongly detected 

as vehicles. As the authors indicated, the method [316] has increased the false positive and false 

negative rates under low lighting conditions. However, the tracking accuracy is better than the 

method [419] which was designed for different lighting conditions. In the method [316] the 

discrimination between the black vehicle and the surrounding environment caused false positives 

and miss tracking. Also, vehicles with far distance from the camera with dark colors increase false 

negative.  

As shown in Table 23 tracking accuracy drops by the method [419] for all conditions which can 

be due to the training dataset which is not contained different types/colors of vehicles and also 

black vehicles are strongly correlated with both asphalt color and shadow color. Unlike method 

[419] the proposed VDT-VCC does not require any training for vehicle detection, which keeps the 

computational complexity low.  

The evaluation of the multi-vehicle tracking accuracy for the method [420] was performed by the 

authors who did not provide a separate result for each weather condition. The method tested with 

a fixed camera and achieved an average MOTA of 92%.  

In the field of traffic control, monitoring, and management, the devices such as DJI Phantom 4 Pro 

quadrotor with a mounted camera can capture traffic-flow videos from various perspectives 

providing a general insight into road/highway conditions. However the methods such as methods 

[418] and [419] which are based on flying cameras have a limitation in practice due to the crashing 

into people and properties, colliding with other aircraft, and disturbing and disordering other civil 

and military services.  

To the best of our knowledge, until now there is not any multi-vehicle tracking method in the state-

of-art which has been tested under the dusty weather condition. Also, there is not any multi-vehicle 

tracking method in the state-of-art which has been tested under different adverse weather and 

vibration camera conditions.  

It is worth noting that, in order to define a scheme for the VDT-VCC method which can be lead to 

improve the performance within a particle filter-based framework, first, the weaknesses of the 

state-of-the-art methods related to the vehicle detection and tracking have been studied. As 

deduced from Table 23 and the previous chapter, the successful performance of our method for 

vehicle tracking is due to the usage of information fusion from three main units which are 

combined with occlusion management. Totally speaking, the proposed VDT-VCC outperforms 

similar methods (with an average MOTA of 95.38%) because of its accuracy and ability to handle 

real traffic with various lighting and weather conditions. 
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The trade-off between computational complexity and accuracy of the VDT-VCC method 

Optimization of a vehicle detection system under adverse weather conditions in terms of accuracy 

and computational complexity is a complex process, with many key factors which should be 

considered. 

The VDT-VCC method is a low-cost system, by considering that the "non-calibrated" single 

camera is used instead of more expensive devices such as radars, lidars, or stereo cameras, and on 

the other hand, it avoids costly deployments like the one needed to install magnetic loops and 

piezo-electric sensors. Moreover, the proposed method is unsupervised, dataset independent, and 

follows a training-free approach which can be used to improve the performance and robustness of 

traffic-monitoring-oriented systems for adverse weather conditions. 

The proposed method allows automatic vehicle detection without any user intervention, except for 

RoI, it requires no other initialization. It should be noted that, unlike the methods such as [57], our 

VDT-VCC method does not require "road-line" detection to solve occlusion problems which lead 

to a decrease in the computational complexity of the method and also increased the accuracy of 

the system to deal with this issue in the areas with low visible lines (due to the adverse conditions, 

such as dusty or snowy weathers).  

In order to reduce the computational complexity, (RoI) is selected for each traffic scene to 

proactively eliminate things rather than vehicles, such as street lamps, traffic lights, or sidewalks. 

Our VDT-VCC method has been developed through three main units which are tightly integrated. 

In the motion-based unit using the pixel-level analysis to generate vehicle candidate regions, and 

“pixel and regional” level analysis in the extra-processing stage decreased the amount of 

information to be processed by particle filter in the second unit.  

Particularly, in the pixel-level analysis, the combination of multiple features is useful.  

Nonetheless, a larger combination of features needs careful consideration to avoid redundancy that 

could impact computational demand. Also, classifying pixels into more clusters (different features 

[134]) introduces new sources of errors and decreases the ability of the method to operate in real-

time with a high frame rate [135], [423]. Therefore, in the motion-based unit, in addition to the 

temporal difference method which has a low computational complexity, the spectral and temporal 

features are used to combine the advantages of their different robustness.  

Regarding the extra-processing stage; Firstly, the extra-processing stage decreased the false-

positive rate by filtering the non-vehicle areas, so, decreased the number of regions to be processed 

for second and third units, accordingly reduced the computational cost of the method. Secondly, 

the extraction of features from certain regions reduced the processing time of this stage. Thirdly,  

using the geometrical features of a vehicle (area, width, and ratio) has reduced the computational 

complexity of the proposed method in comparison with other approaches which were used features 

such as HOG or grey-level co-occurrence matrix [385], [424], [43] and [425]. Finally, analyzing 

the headlights by two simple geometrical rules not only increases the detection accuracy but also 

greatly limits the time complexity of the pairing process. 
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 In the proposed VDT-VCC method, the first unit acts as a gating for surviving and fast 

convergence of particles consequently, improving the performance, robustness, and reliability of 

the particle filter and reduce the processing time. 

As a matter of fact, vehicle detection and re-identification by two main units augment the 

processing time of the system, but our main aim is to improve the accuracy and robustness of the 

VDT-VCC method, besides, in choosing different parts the best trade-off between robustness and 

computational cost is considered. 

For example, if we do not use the motion-based unit, the processing time of the method is 

decreased, but the particle filter alone cause an increase of false-positive rate (when an object is 

similar to the vehicle, because of its features) and also particles will be separated in the whole 

image. On the other hand, if the first unit does not use the extra-processing stage, the processing 

time of the method is decreased by 3.84% (of the whole) but false-positive will be increased as a 

result. Concecuancly, producing false-positive in the system will directly cause the failure of 

vehicle tracking as the track is depending on the vehicle detection result which also increased the 

processing time of the tracking stage by producing many areas (non-vehicles). (as the number of 

areas increased the processing time will be increased) 

In order to perform multiple vehicle detection and tracking under the Particle filter framework, 

information from the first unit is considered for particle classification, hence particles are classified 

effectively and rapidly (minimize its execution time). Otherwise, particles spread in the state space, 

so the variance of the clustering will be more than in the case when the method is using the 

information from the prior unit. 

The computational complexity of the  Particle filter (sampling, weight updating, and resampling) 

is dependent only on the number of particles used and the design of the algorithm itself, and not 

influenced by the dimension of the state [426], due to that we used 1000 particles in the VDT-

VCC method.  

Increasing the number of a cue in the particle filter framework will increase the processing time of 

the method, notwithstanding, our main aim is to improve the accuracy of the method under the 

adverse conditions, so, for choosing the kind and number of a cue, the best trade-off between 

robustness and computational cost has been considered. Unlike the features such as HoG [238], 

[180] which is quite slow to compute [2], [94], or Haar-like [394], [240], [192] which (the 

dimension of  Haar-like feature vector generated from sample images are extremely high [228]) 

will dramatically increase the computation time and require huge hardware storage [228], using 

the low-level features of the vehicle such as vertical edge, headlight, underneath shadow and 

symmetry in the Particle filter made the second unit robust and efficient as they do not require the 

training process. Moreover, the main disadvantages of training-based learning methods are their 

dataset dependency [396, 397, 398, 399] and have a low-speed performance (since high precision 

detection of these kinds of methods depend on large data samples, which results in that the real-

time performance and robustness is relatively weak) [94], and [400]. 
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Outstandingly, in the proposed VDT-VCC method the extraction of features from certain regions 

provided by the motion-based unit reduced the processing time of this stage.  

Vertical edges which are appeared in the vehicle’s right and left parts are a simple and accurate 

feature and provided important information on the existence of the vehicle. In turn, underneath-

shadow is usually darker than the surrounding road surface which advantageous as the main feature 

for vehicle detection. Due to the low computational complexity of the Sobel edge detector, edge 

detection is performed in a real-time manner by these two features. Although vehicle headlights 

represent a salient feature at low light or under adverse weather conditions, notwithstanding, 

headlight detection and distinction (from street lights) in an entire image are costly procedures 

[190], [427].  But, these problems are avoided in our proposed method as headlight detection is 

performed in the pre-defined regions rather than searching in the whole image, consecutively, 

saving the computational time. Among the different symmetry operations which can be used for 

vehicle detection, intensity symmetry is quickest however prone to influences of illumination 

variations [181] and increase the detection error if it is used as a single feature in the system. 

In the end, any appearance method can be applied in the decision making unit, but the total 

computational cost of the proposed method will be rise. Therefore, the decision-making unit keeps 

reducing the computational cost as it is based on the positional metric. 

The proposed VDT-VCC method was implemented by means of the Matlab framework which can 

process around 8 frames per second on a dual-core processor at 2.5 GHz Intel® Core™ i7 CPU, 

16-GB RAM, and 64-bit operating system. A camera has been used for video recording with a rate 

of 30 frames per second. The system performed on video sequences with 275 × 362 and 670 ×

831 pixel resolutions. The average processing time of the proposed VD-VCC method is 125 ms/f 

which is close to real-time performance. The processing time was measured by taking the average 

over several tested frames. The computational efficiency of MATLAB is much lower than the C, 

so, for more decreasing the processing time the proposed method could be implemented in more 

efficient software and taking advantage of more modern and powerful CPUs. Moreover, the 

computational cost depends on the number of vehicles and occlusions in the scene. Using all video 

sequences with 275×362 pixel resolutions instead of  670×831 pixels resolutions would result in a 

reduction of processing time. 

In a word, the exchange of information between the three main units is developed so that the 

maximum degree of vehicle detection accuracy under different adverse weather conditions can be 

achieved and the computational cost is alleviated. 
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5. Conclusions and Future Work 

 
In this chapter, the proposed methods are summarized, and the contributions, results, and future 

directions are discussed. 

 

          5.1 Conclusion 

 

As one of the main tasks in ITS, vehicle detection aims to provide valuable information for 

multiple applications (traffic monitoring). Variability of driving environments, different weather, 

and illumination conditions will affect vehicle detection accuracy and later processes. While some 

current researchers use multiple sensors to solve such problems, this research utilized a monocular 

camera due to the easy installation and maintenance, accurate mechanism to capture data over a 

wide area with high resolution, and maintain a low-cost hardware system. We emphasized how 

our developed monocular-based methodologies can effectively perform multiple vehicle detection. 

The first two chapters have provided the basic knowledge that we needed in order to start the 

research. We have been conducted an extensive literature review on the existing research in the 

field of vehicle detection and tracking, to identify the current research challenges. Based on our 

motivations, we narrowed down our research to the particular topic of robust vehicle detection 

under different weather conditions. We have been identified the main gaps such as limited studies 

on multiple vehicle detection under adverse conditions, urban traffic scenarios, varying camera 

angles, heights, and positions and undesired camera vibration due to the wind or bridge movement. 

In this thesis, two independent, robust, and low-cost novel video-based vehicle detection methods 

under different weather conditions have been presented which have coped successfully with the 

existing challenges. In order to provide reliable results and to ensure fast and robust processing, 

the performances of proposed methods have been evaluated by recorded videos under extended 

real-world traffic scenarios, different weather and illumination conditions, taking into account a 

different range of camera angles, heights, and positions.  

 

Aiming to deal with the perspective effect, the intrinsic and extrinsic variation of vehicle patterns, 

the varying distance between vehicles and a camera, and in order to get accurate road traffic 

information the VD-FCC method has been developed to providing a step forward in the field of  

ITS, in two directions. First, developing a low-cost method based on a monocular camera for 

vehicle detection under different weather conditions, both for urban and interurban areas. As the 

system should detect the different vehicles, a cooperative framework is adapted based on two 

complementary analyses. The spectral features which follow a spatial feature have been proposed 

for the pixel-level analysis on the MIPM images. Subsequently, the regional-level analysis has 
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been taken place to extract the geometric features of vehicles and reducing the false-positive rate. 

The later analysis is performed at the original image based on a discrete differentiation operator in 

order to get accurate information on vehicles. Thereupon, rule-based strategies are proposed to 

reduced the false-negative rate and provide the final detection results. In choosing the different 

parts of the method the best trade-off between robustness and the computational cost was 

accomplished.  

Second, increasing the vehicle detection accuracy, by means of a modified version of the inverse 

perspective mapping in which the perspective effect is removed with higher accuracy. The 

limitations of camera position and orientation (camera field of view), perspective effect in the 

camera image and road line/lane detection lead the method to employ a top-view transformation. 

Since the top-view transformation is the core component of the method, we have discussed and 

evaluated different transformation mechanisms. As the main concern, low image quality after the 

classic transformations under different lighting and weather conditions, affect of mapping on 

geometric properties of objects, need of one or two vanishing points and the prior knowledge of 

two angles on the ground plane or feature detection, and calibration issues of stereo IPM images 

limits the performance and accuracy of the exiting methods and increased the computational 

complexity of the systems. On the other hand, transformation mechanisms based on sensor fusion 

such as laser are sensitive to the reflection of the object’s surface, especially in an outdoor 

environment, also by using the training methods the geometry of the scene can not be correctly 

recovered. Therefore, we have proposed a Modified Inverse Perspective Mapping (MIPM) method 

to generate the bird-eye view images based on a monocular camera with no additional sensors.  

In order to evaluate and comparison of different transformations, several quantitative and 

qualitative analysis have been performed on the different real traffic scenes. Experimental results 

demonstrated that using MIPM, the image quality is better than traditional transformation 

mechanisms (The perspective distortion is reduced while the obtained image is much more clear). 

Geometrical features of the road, and vehicles had been accurately extracted, accordingly, the 

performance of tasks such as lane detection and later processes was improved. Particularly, to 

generating the top-view images, the proposed MIPM has not been required feature detection or 

vanishing point detection, which led to a decreasing computational complexity of the method. 

Moreover, the MIPM is an unsupervised, data set independent, and training-free approach which 

can be replaced with any state-of-the-art transformation mechanism to improve the robustness and 

detection accuracy of traffic-monitoring-based systems.  

In the end, the effect of MIPM on vehicle detection accuracy had investigated in which different 

transformation mechanisms are replaced in the proposed VD-FCC method to evaluate their 

performance under different weather conditions and show how other transformation mechanisms 

affected the vehicle detection accuracy.  
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Experimental results indicated that higher accuracy is achieved by means of MIPM transformed 

image leading to increase the vehicle detection performance wherein the proposed VD-FCC+ 

MIPM is shown the best detection rate of 99.52%, 98.81%, and worst one of 95.39%, under the 

normal, sunny and rainy weather conditions, respectively. Experimentally, we have verified that 

small qualitative differences of transformation methods can manifest themselves crucially 

important in traffic monitoring systems. The evaluation result proved that the performance of our 

proposed VD-FCC method is decreased by all different transformation methods as the noise level 

increased in the image however, using the MIPM mechanism still shown the highest detection rate 

under all conditions. Furthermore, the performance of the entire proposed method has been 

compared with the other existing vehicle detection methods in the state of the art. According to 

the comparative study and to the best of our knowledge, the proposed VD-FCC method has the 

highest detection rates in almost all weather conditions. 

In order to deal with a camera vibration due to the wind or bridge movements and adverse weather 

conditions in different environments, the VDT-VCC method has been proposed which adapted 

with three main units. The motion-based and knowledge-based units have been tightly integrated 

to refined the detection results which consequently increased the accuracy of inter-frame 

correspondence by taking the advantages of the decision-making unit. Particularly, the coarse 

location of vehicles is obtained by means of the motion-based unit, using spectral and temporal 

features based on statistical characteristics of image pixels and a combination of several extra-

processing. This allowed analyzing in both "pixel and regional" levels in which different situations 

are considered. For instance,  enhancing the accuracy of segmentation by taking the advantages of 

several operations and providing better parameters for the next processes, and feature extractions 

which lead to analyzing the regions and reduce the false detection. Besides,  an extra step based 

on the geometrical rules has been included for some specific conditions, accordingly, it was led to 

incrementing the accuracy of the results for the next units by considering a significant 

improvement in computational cost for headlight detection. Particularly, the accuracy of the 

system has been increased by using the obtained information from this unit in the different parts 

of the proposed method as it yields the pre-frame evidence for the existence of a vehicle. 

According to the unfavorable conditions, the motion-based unit shown some errors that was unable 

to extract the exact location of vehicles in some frames. Hence, an adaptive particle filter 

framework with multiple measurements and a more realistic noise model has been developed in 

the knowledge-based unit which required the information from the prior unit at the different stages. 

This has been allowing to enhance the particle filter ability to detect any vehicle more accurately 

and deal with false-positive detection. Additionally, information from the prior unit had provided 

a pre-defined clustering (classification), hence particles have been clustered rapidly and more 

effectively. Accordingly, the computational cost of the entire method has been reduced. On the 

other hand, analyzing the feature fusion strategy under different cases, evaluation, comparison, 

and influence of them in the particle filter performance led to selected the best ones in which 

incremented the detection accuracy when working with adverse weather conditions. Hereupon, the 
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second unit was beneficial as it has refined the coarse results obtained by the former one. 

Remarkably, both units are complemented each other, as they considered different features. 

Finally, the construction of the decision-making unit by considering the various situations based 

on the defined rules has been increased the accuracy of inter-frame correspondence. Besides, this 

unit has aided at the classification stage, taking into account the previous information from two 

different points of view. 

Qualitative and quantitative evaluation analysis of the proposed method under different weather 

conditions have been presented in the fourth chapter. The proposed VDT-VCC method has been 

validated under a wide variety of different weather, illumination, and environmental conditions in 

which achieved an average precision of 99.72% under adverse weather conditions.  

Specifically, the proposal and comparison of different methods in two parts were investigated. The 

comparison results with the state of the art methods on the same tested sequences proven that the 

proposed VDT-VCC method is robust, and more accurate compared to existing methods especially 

when facing adverse weather conditions and lighting variations in different environments. Our 

proposed method which raised to 99.37% and 82.49% of TPR under the normal and dusty weather 

conditions, respectively, and with 95.38% of the average MOTA (under all conditions)  

outperforms similar methods. In continue, the fusion of different features, comparison, and the 

influence of them in particle filter performance had evaluated. This analysis has been done for the 

vehicle detection field under different weather and environmental conditions wherein presented in 

four cases.  As a result, the valuable one has been selected which increased 13.36% of the detection 

accuracy of the proposed method. By the end, we have compared the performance, important 

aspects, and evaluation metrics of the proposed VDT-VCC  method with recently published works 

that were suited to our current issue from a detection and tracking points of view. From the 

evaluation and comparison results, it was proven that our VDT-VCC method has been evaluated 

by more number of different weather conditions and under the largest number of sequences. The 

most of the works in this field have not provided information about tested sequences and different 

evaluation metrics or they are too short, or not show an easy replication, the detection rate under 

the normal conditions are more than 83%  for all methods, however, they have significantly low 

detection rate under adverse weathers or were not evaluated on unfavorable conditions, while our 

proposed VDT-VCC method still shows the highest TPR and MOTA in almost all weather 

conditions. In the field of vehicle detection and tracking under the different weathers, 

illuminations, and environmental conditions, different camera views, angles, and heights, training 

based methods were highlighted weakness and limitation on applicability. To the best of our 

knowledge, until now there is not any multi-vehicle tracking method in the state-of-art which has 

been tested under dusty weather conditions. Also, there is not any multi-vehicle tracking method 

in the state-of-art which has been tested under different adverse weather and vibration camera 

conditions. 
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Totally speaking, our unsupervised VDT-VCC method has outperformed similar methods because 

of its accuracy, stability, and performance under various weather and lighting conditions in urban 

and inter-urban environments, even though, it has not used global optimization, camera calibration, 

nor training approach.  

In conclusion, the method that was proposed in the previous chapter can provide a robust solution 

to monocular-based vehicle detection. 

 

5.2  Future work 

 

 

In this part, some future directions which can be used as an extension to the proposed methods are 

presented. 

As mentioned before, the aim of this thesis is to achieve a high trade-off between low-cost 

implementation, and performance of the system, so using a single-camera is considered for both 

methods. Naturally, stereo cameras play the main rule regarding occlusion handling, if the 

mounted cameras can recover the road from different fields of view. Therefore further research 

may be considered in this manner. 

 

Obviously, computer vision cannot outperform the sensing ability of human eyes. Vision-based 

vehicle detection systems may not work accurately at night time without an auxiliary lighting 

source, however, they still help the traffic monitoring centers. Hence, in the future, expanding the 

proposed method for the night time conditions is required. 

 

The challenges of traffic monitoring systems in an urban environment needs not only the detection 

of lane markings but also detection of stop line and zebra crossings. When a vehicle comes to the 

crossing and requires stopping in front of the stop line accurately, the stop line locates in between 

the zebra crossing and the vehicle. Hence, in the future, we will take advantage of the proposed 

MIPM method to detect the stop line and zebra crossings. 

 

The proposed VD-FCC  method can use the obtained lane mask in the MIPM image to deal with 

horizontal occlusions when vehicles are entering the scene while occluded each other. But the 

system should be taking into account the scenarios where there are no lane-markings present on 

the road. On the other hand, in these situations to deal with vertical occlusion, edge detectors can 

be evaluated or modified to find the horizontal edge between vehicles, accordingly the position of 

the cutting line in the MIPM image will be found. Another interesting direction could be to find 

the minimal area or parts of an occluded vehicle when entering the scene in the MIPM or camera 

images. 
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Estimation of real traffic information has been identified as an important task within  traffic control 

and monitoring. Using the ability of the VD-FCC method, the proposed framework can be 

extended in other applications such as vehicle speed estimation, ADAS, providing the vehicle’s 

surrounding view, lane occupancy, most occluded lane, traffic flow and density estimation, most 

lane used or lane change by a vehicle, violations of traffic rules, and etc. 

 

Although the VDT-VCC method has proven to outperform the existing methods and achieved high 

accuracy, some improvements along with several directions herein are presented. 

 

Including another feature (for instance, gradient feature) apart of a temporal feature may enhance 

the accuracy of the vehicle detection in the first unit. Furthermore, since the responsibility of the 

first unit is the initial presentation of the vehicle locations by means of spectral and temporal 

features, so if a vehicle is stopped for a long time duration, the method detects it as a background 

pixel on those frames. Therefore, future works may consider this limitation and proposed an 

improved method for updating of background pixels by means of tracking information. 

 

When vehicles are entered into the scene while occluded each other the motion-based unit 

segmented them as one. To increase the robustness during partial occlusions, a "part-based" 

detector would be beneficial to recognize the occlusion region in this unit.  

The performance of the particle filter using other cues such as air grille, license plate, or windshield 

could also be explored. On the other hand, detection of the license plates will be open a new door 

to identify stolen vehicles or traffic speed control systems. 

Any appearance method can be used in the decision-making unit or each deactivated tracker may 

be evaluated by additional features if there is any similarity with a new tracker but the total 

computational cost of the proposed method will rise. 

The trajectory analysis provides information about the motion pattern of the tracked vehicles such 

as the behavior of vehicles on the road, detect lane changes, or the most used lane on the road.  

Hence this information can be used for extending the method in the future. Moreover, it is 

interesting to complement the method by another unit, which can classify the vehicles into cars, 

buses, vans, and truck categories, taking into account different weather conditions. A vehicle’s 

logo detection, followed by feature extraction or representation of the logo region may help for 

vehicle classification. Having an automated system will be valuable in applications such as 

electronic toll collection and traffic studies and analyses.  

 

The performance of the proposed methods can be increased in future works by using further code 

optimization and applying parallel programming techniques. Furthermore, it remains a challenge 

to utilize the capabilities of the proposed methods to other kinds of ITS problems, such as security, 

identification of traffic accidents, control of speed limitation, and etc. 
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