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Abstract 

Automatic License Plate Recognition (LPR) is a basic computer vision problem. LPR 

has been thoroughly explored and is widely considered to be a well-understood problem. 

LPR systems are widely deployed all across the globe for a variety of situations. LPR 

systems perform poorly in the situations where the license plate is ambiguous, forged, or 

damaged. Similarly, LPR systems cannot work if only partial license plate information is 

available or if only vehicle’s description is available; hit and run, hot pursuit, and amber 

alert are a few of the situations where a vehicle’s description is often available.  

A Vehicle Make and Model Recognition (VMMR) system can provide great value in 

terms of vehicle monitoring and identification based on vehicle appearance instead of the 

vehicles' attached license plate. A VMMR system and an LPR system can be used to 

complement each other. A real-time VMMR system is an important component of many 

Intelligent Transportation System (ITS) applications, such as automatic vehicle 

surveillance, traffic management, driver assistance systems, traffic behavior analysis, and 

traffic monitoring, etc. The VMMR system can reduce the cost for such applications.   

VMMR systems have a unique set of challenges and issues. A few of the challenges 

are related to computer vision includes image acquisition, variations in lighting and 

illuminations, variations in weather, occlusion, shadows, and reflections, etc. A few of 

the challenges are due to the nature of the problem, such as the large variety of vehicles, 

the inter-class and intra-class similarities, addition/deletion of vehicles models over time, 

etc. The VMMR system is a multi-class classification/recognition problem; thus the 

selection of machine learning algorithm for robust and reliable VMMR system is another 

challenging task. 
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In this thesis, we present a unique and robust real-time VMMR system which can 

handle the challenges described above and recognize vehicles with high accuracy. We 

extract image features from vehicle images and create many different feature vectors to 

represent the dataset. We use two existing classification algorithms, Random Forest and 

Support Vector Machine, in our work. We also proposed a two-level Support Vector 

Machine classification algorithm in our work. We use a realistic dataset to test and 

evaluate the proposed VMMR system. The vehicles’ images in the dataset reflect real-

world situations such as different weather conditions, different lighting exposure, 

occluded images (e.g. pedestrians), and different viewing angles, etc.  

The proposed VMMR system recognizes vehicles on the basis of make, model, and 

generation (group of consecutive manufacturing years) while the existing VMMR 

systems can only identify the make and model. Image feature descriptors are used to 

represent the vehicle dataset. Image features can be broadly divided into two categories: 

the first type of features is extracted using the prominent and distinctive points/patches in 

the image and uses the selected points/patches to represent the image while the second 

type of features uses the entire image for feature extraction and representation. We create 

optimized visual dictionaries to encode images for the first type of features. We also 

compare the proposed system with the existing VMMR research. 

The underlying goal of the proposed VMMR system is centered on discovering the 

ability of supervised learning to resolve the computer vision problem that results from the 

stringent limitations of the problem environment. The proposed real-time VMMR system 

can produce valuable information for law enforcement agencies.  
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Chapter 1: Introduction 

 

 

Recent advances in computer-based applications have led to the penetration of 

software and computing devices into almost every aspect of human activities. The 

advances in software development have been fueled by continuous advances in 

interesting computing fields including: 

 Advances in computing power following Moors’ law [1]. Advances in computing 

power have led to the availability of cheap powerful surveillance cameras with 

improved image quality and resolution, and easy access to large storage.  

 Advances in probe devices’ abilities, connectivity, and popularity. Examples of 

probe devices range from common sensing devices, surveillance cameras, 

LIDAR/RADAR, motion and Global Positioning System (GPS) sensing, and 

other sensing and probing devices [2].  

 Advances in connectivity represented by improvement in wireless technologies 

and advances in software platforms leading to the evolution of cloud computing 

technology.  

 Advances in Computer Vision in a way that changed the classical approach to 

hard-to-solve problems. Advanced computer vision approaches have enabled the 

processing of large datasets through more complex algorithms in a way never 

thought possible before. We specifically highlight the ImageNet [3] project which 

created a dataset of images and organized like WordNet hierarchy and the 
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advances led by the CIFAR research laboratory. Major improvements are 

manifested by advances in scaling and normalizing image components in addition 

to the improved use of Graphics Processing Units (GPU) for fast processing of 

image blocks and advanced filtering. 

 Advances in Artificial Intelligence mechanisms and in particular Machine 

Learning. Modern learning mechanisms are characterized by significantly larger 

networks and learning layers. The complexity of modern machine learning could 

not have been realized without the use of stronger multi-core CPUs, memory, and 

storage. Advances in parallel processing and cloud platforms magnified the 

collective ability of the research community to realize the benefits of modern 

machine learning algorithms. 

The research reported in this thesis has benefited from the advances in computing 

power, video quality and resolution, computer vision, machine learning, and analytics. In 

the first five subsections, we review and highlight the major contributions that paved the 

way for the development of our model. Next, we describe the Vehicle Make and Model 

Recognition (VMMR) and the motivation behind our research in Section 1.6. We present 

the challenges of VMMR in Section 1.7 and 1.8. Finally, we present objectives behind 

our research in Section 1.9 and the outline of the remainder of the thesis in Section 1.10. 

1.1. Automated Data Processing 

The rapid economic growth in computational technologies pushed the demands for 

Automated Data Processing. Automated Data Processing refers to the creation, 

implementation, and optimization of data processing. Automated Data Processing 
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systems collect, store, and analyze large amounts of data efficiently with a minimum 

amount of human interaction and distribute the extracted information to the selected 

audience. Automated Data Processing Systems provide advantages in term of the 

following: 

 Speed: as an example, the processing of the social media images following the 

2011 Vancouver riot required 18 months. An Automatic Data Processing of the 

images should consume a tiny fraction of this time.  

 Productivity: Humans are subject to fatigue, confusion, bias, loss of focus, and 

other influencing elements leading to lower productivity.  

 Availability and Reliability: An automated system can work 24/7 without any 

break. It also ensures that tasks are completed successfully and reliably.  

 Cost: Normally cost is not the primary reason for automation. Although initial 

development and setup cost is high, automation reduces the operational cost by 

increasing productivity, reliability, and speed.  

The field of computer vision serves Automated Data Processing since it enables 

organizations to automatically realize and process the contents of images and videos. 

1.2. Computer Vision 

“Computer vision is an interdisciplinary field that deals with how computers can be 

made for gaining high-level understanding from digital images or videos. From the 

perspective of engineering, it seeks to automate tasks that the human visual system can 

do” [94]. Computer vision is focused on developing vision capabilities for a device, like a 

computer, through complex algorithms and through learning from large datasets. 
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Computer vision researchers have devised ways to analyze, understand, and classify 

visual information provided by an image or a sequence of images. 

We often require automated processing of images and videos in order to realize the 

benefits of Automated Data Processing. Computer vision algorithms acquire, process, 

and analyze images and videos to extract meaningful and contextual information. 

Advances in computer vision technologies such as image acquisition (cameras) and 

algorithms, along with the emergence of multi-core CPUs and GPUs, made it possible to 

develop highly complex applications. Computer vision is the key to automating a wide 

range of tasks based on visual context. Automated computer vision applications are being 

used for performing a wide range of tasks like:  

 Automatic visual surveillance systems 

 Automated vehicle detection and License Plate Recognition Systems (LPRS) 

 Autonomous vehicles and driver assistance  

 Medical imaging analysis and diagnosis 

 Gesture recognition and motion-based human-computer interaction  

 Automated visual inspection in industrial and robotic applications 

Humans can easily deduce valuable information from a visual scene by performing 

face recognition, recognition of human activities and gestures, object detection and 

recognition, etc., even in the presence of complications, such as background, occlusion, 

noise, coloring, scale, rotations, etc. Many early computer vision applications were based 

on handcrafted visual models of objects and scenes. The handcrafted approach works in 
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the constrained environment but vision applications must handle infinite variations in 

order to reach a human-like performance in general vision tasks.  

Consider a computer vision application that has to recognize a chair in a set of 

images; variation in background, lighting conditions, scaling, coloring, transformations, 

and occlusion are few of the factors affecting the performance of the recognition process. 

It is also impractical to handcraft a model for every potential scenario. One fundamental 

requirement of a computer vision algorithm is that it can abstract the features of a chair, 

such as legs and flat cushion, while removing the noise, such as colors or lighting. 

Another requirement is the ability to add and remove additional elements, such as arms or 

a chair back, without losing generality or uniqueness.  

Currently, computer vision applications can detect and track the movement of a single 

object class such as pedestrians, human faces or cars in an unrestricted environment. This 

ability has made it possible for smart cameras to perform human face recognition [4], 

image-based web search [5], surveillance applications [6], and drivers' assistance features 

[7].  

Researchers have been working on single object recognition since the 1990’s. 

Recently in 2009, Ren and Philipose [8] achieved an object recognition rate of 63.7% for 

42 everyday objects without background cluttering and occlusion. In 2015, the ImageNet 

project achieved an object recognition rate of more than 95% for a database of 1000 

classes [3]. Lake, Salakhutdinov, and Tenenbaum [9] exceeded human-level capabilities 

for a limited set of vision-based tasks in 2015. The advances in recognition rates and the 

high adaptability to recognizing obscure and partial objects are attributed to the use of 
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highly complex learning models and the improved understanding of the composition and 

construction of modern learning models.  

It is important to highlight that while Computer Vision tasks often rely on Machine 

Learning algorithms, the two terms are quite different. Computer Vision may use pattern 

matching or other mechanisms to achieve the desired objectives. 

1.3. Machine Learning 

Machine learning can be defined as “a set of methods that can automatically detect 

patterns in data, and then use the uncovered patterns to predict future data, or to perform 

other kinds of decision making under uncertainty” [95]. Machine learning automates the 

process of analytical model creation based on data analysis; and uses the developed 

model to make data-driven decisions, classification, or predictions. Machine learning 

algorithms empower computers to discover hidden insight from the data without being 

explicitly programmed. Machine learning algorithms can learn continuously and adapt 

according to the new trends in incoming data.  

Machine learning is employed by many research areas like natural language 

processing, targeted advertising, sentiment analysis, recommendation systems, 

bioinformatics, and others. The depth of modern machine learning models and the 

complexity of its modeling have improved machine learning ability to tackle problems 

never thought possible. Currently, machine learning algorithms can be used to provide a 

highly accurate solution to problems that exhibit high levels of vagueness [95].  

Machine learning algorithms are valuable for computer vision applications since they 

improve the level of automation. First, features are extracted from input images or videos 
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and then a learning algorithm uses the extracted features to train the model. A set of 

images, with different backgrounds, lighting, scaling, etc., is used during a training 

process; machine learning algorithms develop models based on their similarities and 

differences and build flexible and robust vision applications. The computer vision 

applications mentioned earlier typically rely on effective machine learning algorithm. 

Machine Learning algorithms are integrated into many computer vision processes such as 

object detection, recognition, and tracking, segmentation, object and image classification, 

image registration, 3D reconstruction, optical character recognition, etc. 

1.4. Driver Assistance Systems and Autonomous 

Vehicles 

Transportation of goods and people are vital activities in the contemporary world. It 

contributes greatly towards economic prosperity and quality of life. Pollution, resource 

consumption, fatigue due to driving and traffic congestions, and personal safety risks due 

to accidents are some of its adverse effects besides the monetary cost.  

The automobile industry is continuously working to reduce the adverse effects 

including increasing vehicle safety and road safety. Driver Assistance Systems are used 

to increase the efficiency of mobility and enhance active and integrated safety. A larger 

market penetration of Driver Assistance Systems is required to achieve enhanced traffic 

safety [10]. A few of the evolving Driver Assistance Systems are as follows [96]: 

 Adaptive Cruise Control 

 Automatic Parking 
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 Collision Detection and Avoidance Systems 

 Driver Drowsiness Detection 

 Intelligent Speed Adaptation 

 Lane Departure Warning Systems 

Driver Assistance is the basic level of driver automation whereas driverless vehicles 

are the highest level of automation. Autonomous vehicles require sensing and perception 

of the environment, in order to plan and execute a safe driving algorithm. Autonomous 

vehicles are capable of sensing the environment by using a variety of sensors like 

RADAR, LASER, GPS, ultrasonic, odometry, cameras etc. and navigating without any 

support by humans. Control systems analyze the sensors’ data and extract information to 

locate the obstacles, understand the road signage, identify the suitable routes and finally 

drive the vehicle to reach its destination. Highly autonomous vehicles are not yet 

available commercially but every automobile manufacturer is working on its own version 

of the autonomous vehicle. Google started its autonomous vehicle project in 2009 and in 

2017 it launched its early rider program where residents of Phoenix, AZ, USA are invited 

to join a public trial of driverless vehicles [97]. Audi announced in June 2017 that the 

upcoming Audi A8 has the capability of the self-driving vehicle for speeds up to 60 

km/hr [98]. It is the first mass-produced vehicle that has achieved such a level of driving 

automation. 

1.5. Automated Vehicle Monitoring 

Due to the increasing number of vehicles, automated vehicle analysis is an important 

task in many scenarios. The projection of the global vehicle count is an inexact process 
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but studies have shown an exponential increase. The estimated current global vehicle 

count is over 1.2 billion and according to studies, this number will cross 2 billion in 2035 

[11] or in 2040 [12]. It is very desirable to analyze and monitor the vehicles automatically 

for different applications.  

The taxonomy of vehicle analysis is depicted in Figure 1-1. Vehicle analysis starts 

with the vehicle detection process. Once the vehicle is detected, we can classify it based 

on its class (car, bus, truck, etc.), make (Toyota, Honda, Ford, etc.), color (white, black, 

red, grey, etc.), or make and model (Toyota Corolla, Hando Accord, Ford Fusion, etc.). 

Autonomous Vehicles and Driver Assistance, Surveillance, Law Enforcement, Intelligent 

Transportation System, and Smart Cities are few of the application domains taking 

benefit from automatic vehicle analysis. It is impossible for humans to monitor, observe, 

and analyze the ever-increasing number of vehicles manually especially in urban 

Figure 1-1: Taxonomy of vehicle analysis 
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environments. In contrast to a human operator, a computer vision application can monitor 

traffic: 

 For longer period of time, 

 With fewer mistakes due to fatigue, 

 With lower cost, 

 At a faster speed, and 

 At a level of performance scaled to achieve a desired performance/cost ratio.  

A Vehicle Make and Model Recognition (VMMR) system has an advantage over 

systems like License Plate Recognition (LPR) because an LPR system requires a 

snapshot of the vehicle from the back. A VMMR system can detect the make and model 

of a vehicle from a variety of angles and distances, and in a variety of weather conditions. 

VMMR can be combined with LPR to detect violations of license plate usage. A VMMR 

can also be used to improve responses to amber alerts and can be used to speed up border 

crossings. 

It is anticipated that VMMR will be useful for Autonomous Vehicles and Driver 

Assistance, Surveillance, Law Enforcement, Intelligent Transportation Systems, Smart 

Cities, etc. Machine learning algorithms are expected to play a vital role in the 

development of these fields. 

1.6. Vehicle Make and Model 

Automatic license plate recognition (LPR) system is a common computer vision 

application that is widely deployed all across the world. LPR is widely considered to be a 
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well-understood problem with compelling recognition accuracy rates. The Royal 

Canadian Mounted Police (RCMP) first adopted the automatic license plate recognition 

system with the collaboration of Government of British Columbia in 2006 [13] and the 

technology is now deployed in most major cities. Similarly, LPR systems are installed in 

many countries for different purposes like law enforcement, electronic toll collection, 

crime deterrent, traffic control, etc. 

 

Figure 1-2: Examples of ambiguous, forged, or damaged license plates [Source: 

Google Images] 

LPR systems use license plates to identify the individual vehicle and treat them like 

vehicles’ fingerprints. Thus, a vehicle’s identification is entirely dependent on the 

attached license plate. However, let us consider a situation where two license plates are 

swapped illegally with proscribed intents. The LPR system still recognizes both license 

plates but is, inherently, incapable of identifying the true identity of the vehicle. License 

plates can be easily forged, occluded, damaged. Three examples where it is nearly 

impossible to recognize the identity of the vehicle are given in Figure 1-2. In the absence 

of an augmenting system that links license plate numbers to a vehicle make and model, 

the current LPR systems remain vulnerable to many clever malicious attacks. 
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In many police activities, such as responding to a hit and run accident, an amber alert, 

or a hot pursuit; the vehicle make and model is typically available regardless of the 

lighting conditions. The license plate number might also be recognized by an eyewitness, 

but sometimes it is not observed or only partially observed.  

A VMMR system provides great value in terms of vehicle monitoring and 

identification based on the appearance of the vehicle instead of the attached license plate. 

Authorities can query the VMMR system based on the vehicle’s description or partial 

number plate to find all similar vehicles in a specified area during a particular time 

period. LPR systems and VMMR systems can be used to complement each other. 

Classification and identification of vehicles are essential parts of automatic vehicle 

surveillance, traffic management, driver assistance systems, traffic behavior analysis, 

traffic monitoring, etc.  

The focus of this research is to explore feature extraction techniques and supervised 

learning techniques in the context of vehicle make and model recognition. The vehicle 

images used in our work reflect the real world situation because they were captured 

during diverse weather conditions, with different lighting exposures, with partial 

occlusion (e.g. pedestrians), and with different viewing angles. The underlying goal is to 

discover the ability of supervised learning to resolve the applied computer vision problem 

of identifying the make, model, and generation of vehicles given the stringent limitation 

of the problem environment. 

The proposed VMMR system recognizes vehicles on the basis of make, model, and 

generation (group of consecutive manufacturing years) while the existing VMMR 
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systems can only identify the make and model. The same vehicle model is produced for 

few years (typically five years) before it is modified. We are using the term generation to 

describe the vehicle model having the same physical appearance but manufactured over 

one or more years.  

1.7. VMMR Challenges 

The VMMR problem can be treated as a multi-class image classification problem, 

where each class represents a specific vehicle’s make and model. However, more 

challenging and diverse problems are associated with VMMR system as compared to 

other image classification problems. A few of the challenges are listed below [15]: 

1. Image acquisition in an outdoor environment. 

2. Varying and uncontrolled illumination conditions. 

3. Varying and uncontrolled weather conditions. 

4. A wide variety of available vehicle appearances. 

5. Visual Similarities between different models of a different manufacturer. 

6. Visual similarities between different models of the same manufacturer. 

7. Tiny differences depending on the generation (group of consecutive manufacturing 

years). 

Vehicles under different lighting and weather conditions are shown in Figure 1-3. 

Visual similarities between different models of the different and same manufacturer can 

be seen in Figure 1-4 and Figure 1-5. In Figure 1-5, the Toyota Altis and Toyota Camry 

have similarities and the Nissan Cefiro and Nissan Sentra have similarities. These visual 

similarities cause complications for the system.   
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Figure 1-3: Vehicles under different lighting conditions in the NTOU-MMR dataset [14] 

 

  

(a) Toyota Altis (b) Mitsubishi Zinger 

  

(c) Nissan Cefiro (d) Ford Mondeo 

Figure 1-4: Visual similarities between different vehicles of different manufacturers in the 

NTOU-MMR dataset [14] 
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(a) Toyota Altis (b) Toyota Camry 

  

(c) Nissan Cefiro (d) Nissan Sentra 

Figure 1-5: Visual similarities between different vehicles of the same manufacturer in 

NTOU-MMR dataset [14] 
 

1.8. VMMR Privacy Concerns 

The potential use of a VMMR must be considered in the context of citizen’s rights to 

privacy. Consider one scenario; currently, the RCMP compares every scanned license 

plate in Canada with federal and provincial databases. All license plates that do not match 

with the databases are removed from the system at the end of the day. Suppose a VMMR 

system identifies the vehicles’ make and model so the vehicle’s owner can be identified 

in certain cases. This can cause concerns about the privacy of vehicles’ owner. Thus, if a 

VMMR system deployed by the RCMP, its use must satisfy all applicable privacy laws. 

The authorized person should only be allowed to query the system when necessary such 

as when investigating a hit and run accident or in amber alerts circumstances. 
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The potential for inappropriate usage of VMMR systems do exist but this potential 

also exists with current systems. For instance, a person can be tracked by using his/her 

cell phone or street surveillance cameras. Financial institutions maintain a large amount 

of personal information in their databases. Periodically, financial institutions digital 

infrastructure has been compromised and personal information has been exposed. We 

think that the VMMR system’s benefits can be realized by identifying proper legal 

boundaries and developing reasonable processes and policy mechanisms to guarantee 

legitimate use of the capabilities of a VMMR system. 

1.9. Objectives 

The overarching objectives of our research are to improve the collective 

understanding of the research community of the potentials and limitations of the methods 

used in our work. The specific objectives can be summarized as: 

 To classify the vehicles based on their manufacturer (make), model and generation 

(group of consecutive manufacturing years) with high accuracy.  

 To explore different feature extraction methods. We are focused on GIST image 

features as it considers the image as a single entity and computes features based on 

complete image whereas other feature extraction techniques try to locate prominent 

interest points in the image and compute features based on these interest points.  

 To create optimized dictionaries for scale-invariant feature transform and speed-up 

robust features to encode the images.  
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 To evaluate two existing classification schemes and compare their performances 

with respect to make and model recognition. We also proposed two-level Support 

Vector Machine classification in this work.  

 To develop a solid understanding of the characteristics of comparative models and 

the rationale behind performance differences, in particular, relevant to accuracy 

and speed. 

Consequently, we used VMMR as a way to test and evaluate classical machine 

learning solutions like Support Vector Machine and Random Forest. To do so, we made a 

contribution to the development of complex feature extraction including scaling and 

normalization. We also proposed a two-level SVM classification approach that creates a 

new feature representation and achieves better recognition rate. Exposing our work to the 

particulars of VMMR environment directed us to a different route than to Trabelsi et al. 

[16] with respect to methods for scaling and normalizing. Hence, we believe our 

contribution enriches to machine learning research. 

1.10.Thesis Outline 

This thesis is organized as follows: 

Chapter 2 provides a comprehensive literature review regarding vehicle monitoring 

and focuses on the make and model recognition research.  

Chapter 3 discusses the detailed system design and also provides the description of 

the dataset used in this work.  
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Chapter 4 focuses on the feature extraction techniques and global feature 

representation techniques which are used in this work to develop the system. We 

introduce the Bag-of-Features technique using K-Mean Nearest Neighborhood for 

VMMR.   

Chapter 5 provides the details of classification techniques. We explain why two 

classification techniques were selected for this work based on accuracy and computation 

time. The working of the proposed two-level SVM classification is also discussed in this 

chapter.  

Chapter 6 evaluates the efficiency and performance of the proposed VMMR 

approaches in terms of accuracy and computation time. 

Chapter 7 concludes the work done in this thesis. 
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Chapter 2: Vehicle Analysis 

Techniques 

 

 

In this chapter, we provide a detailed review of vehicle recognition and classification 

research using image processing and computer vision techniques. The focus of this 

review is to discuss Vehicle Make and Model Recognition; however, we also provide an 

overview of vehicle detection (whether vehicle is present in the current image or not), 

vehicle classification based on categories (car, bus, truck, etc.), vehicle logo recognition 

and vehicle color recognition as depicted in Figure 1-1. We also examine several publicly 

available datasets that can be used to test our vehicle make and model recognition 

systems.  

2.1. Vehicle Detection 

Vehicle detection is the basis for vehicle classification problems. Vehicle detection 

confirms the presence of a vehicle in an image and extracts the region of interest to 

eliminate the background scene. In some cases, it is not effective to use the complete 

vehicle as input to the classifier; only the desired region (taillights, front lights, bumper, 

license plate, etc.) is extracted and used. The elimination of background and unwanted 

vehicle’s portion enhance the vehicle classification performance. We will provide a brief 

overview of vehicle detection techniques here and comprehensive survey of vehicle 

detection techniques can be found in [17]. 
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Background subtraction is mostly used to extract motion features from a video to 

detect a moving vehicle. Huang BJ. et al. [18] used background subtraction to extract the 

moving objects and applied image processing tools and filtering to discard unwanted 

images. Lastly, they train the system using deep belief network to detect the vehicles in 

images. Xiaofeng Lu et al. [19] used YCbCr color space for modeling the background 

frame and Choquet Integral to fuse the texture features with color features. Adaptive 

selective background maintenance model is used to solve the complex conditions and 

variations. The similarity between the current frame and background frame is calculated 

for vehicle detection in the current frame. Faro et al. [20] used hardware sensors to detect 

the sudden variations in illuminations without affecting the time performance; 

background subtraction technique is used to differentiate the vehicles from the 

background and segmentation scheme is applied to eliminate the occlusion.  

Wang and Lien [21] defined 3 sub-regions to represent a vehicle and used 

independent component analysis (ICA) and principal component analysis (PCA) 

techniques to compute the vehicle-to-non-vehicle likelihood ratio for vehicle detection in 

images. Shazwani et al. [22] used vehicle’s shadow for the detection process. Authors 

suggested that the vehicle’s shadow has more intensity as compared to rest of the image. 

Authors used blob analysis to locate the vehicle’s shadow and then connected component 

labeling for vehicle detection. A few researchers had also explored color-based vehicle 

detection. Guo et al. [23] defined adaptive color models to represent the road in color 

space and vehicles are detected by differentiating the vehicle pixels from the road pixels. 

Tsai et al. [24] used color information and Bayesian classifier to detect the potential 

vehicle candidates. The edge map, corners, and wavelet transform coefficients are 
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adapted to construct a cascaded multichannel classifier for verification of potential 

vehicle candidates to make the final decision.  

The vehicles are symmetrical along the horizontal axis from the rear and front views 

most of the times. Hence the ‘symmetry’ can be treated as a visual feature and used for 

vehicle detection purposes. Dai et al. [25] detected high edge densities and symmetric 

axis in the region of interest and used multi-scale windows to determine the vehicle’s 

location in the image. Soo and Thomas [26] applied multi-sized searching window and 

K-Mean clustering on edge map to locate the symmetric regions representing the possible 

vehicle candidates in the image. Edge oriented histogram feature is extracted and support 

vector machine classifier to filter out the impossible vehicle candidate by using the edge 

oriented histogram. Cheon et al. [27] located the shadows regions in the image and used 

shadows to create potential vehicle candidates and then HOG symmetry feature vector is 

used to verify the potential vehicle candidates. Chen et al. [28] (discussed in detail in 

section 3.1.1 and section 3.1.2) computed Speed-Up Robust Features (SURF) for original 

and mirrored image and computed similarities between SURF features to determine the 

horizontal symmetry. A center line is determined for horizontally symmetrical points. 

Every set of symmetrical SURF points and centerline represent a possible vehicle 

candidate. The shadow region is determined for every possible vehicle candidate; the 

shadow region is used for final decision to filter out the weak candidates.  

2.2. Vehicle Color Recognition 

Vehicle recognition is an important part of intelligent transportation systems and 

vehicle color is one of feature which can be used in many ITS applications. Vehicle color 

recognition is a challenging task due to multiple factors such as natural environmental 
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variation such as snow, lighting variations, haze, etc. easily influence the color 

perception, image quality/resolution and noise limits the capabilities of vehicle color 

recognition, the selection of appropriate area of vehicle is another important step to 

correctly recognize the vehicle color.  

Template matching is normally used to recognize the vehicle color; standard color 

templates are created and incoming vehicle images’ templates are compared to identify 

the color. Xiuzhi Li et al. [28] created predefined color templates for the vehicle images 

and stored these templates into a database. The input vehicle images are matched with the 

template database using relative error distance matching algorithm and the matched 

template provides the resultant vehicle color. Authors used HSI color space to define the 

vehicle color templates. Psyllos [30] used a similar approach; RGB color space is used to 

define the vehicle color and 16 standard colors are chosen to be the templates. Authors 

used Euclidean metric distance to find the matched color. Yu-Chen Wang et al. [31] 

defined the region of interest based on taillight and used template matching to recognize 

the vehicle color.  

Many researchers have explored machine learning algorithms for vehicle color 

recognition. Jun-Wei Hsieh et al. [32] preprocessed the image to reduce the effect of 

noise and distortion. The tree-based classifier is used and color recognition is performed 

in two steps. The first step classifies the vehicle color into chromatic/non-chromatic 

category followed by the identification of detailed color class in the second step based on 

color features. Chuanping Hu et al. [33] used spatial pyramid deep learning for the 

classification purposes and the features are learned from the training dataset 

automatically instead of using manually extracted features. Pan Chen et al. [34] explored 
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linear support vector machine for vehicle color recognition and Bag-of-Words 

representation is used to describe the colors. 

2.3. Vehicle Type Recognition 

Vehicle Type Recognition (VTR) classify the vehicles into broad categories like car, 

bus, van, truck, bike etc.; the exact make and model of the vehicle is not identified in 

VTR. An automated vehicle type recognition system is helpful in applications like urban 

traffic studies and analysis, electronic toll collection, etc. Table 2-1 provides the 

summary of few of VTR works. 

Table 2-1: Summary of research on vehicle type recognition 

Method Features Classification Types 

Wang et al. [35] 
Length, height of vehicle 

silhouettes 

Euclidean 

distance based 

matching 

Car, Van, Bus, 

Bike 

Dong et al. [36] 

Local and global features 

generated by 2-stage semi-

supervised convolution 

neural network 

Softmax 

regression 

Bikes, Cars, 

Minibus 

Huiyuan Fu et al. 

[37] 
HOG, LBP 

Hierarchical 

multi-SVMs 

Bus, car, 

minibus, truck 

Martins E. 

Irhebhude et al. [38] 

local binary pattern 

histogram, a histogram of 

oriented gradient and region 

features 

Support Vector 

Machine 

cars, jeeps, 

buses, and 

trucks 

Hu et al. [39] Viewpoint cues 

multi-task deep 

convolutional 

network 

Car, bus, truck, 

van, bike 
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Wang et al. [35] used the geometrical information to construct features such as length 

and height of vehicle silhouettes and adopted simple Euclidean distance-based matching 

to categorize the vehicle into three types; minibus, cars, and bicycle. Dong et al. [36] 

proposed a two-level semi-supervised convolution neural network to learn local and 

global features and adopted softmax regression to categorize the vehicles in six classes. 

Huiyuan Fu et al. [37] proposed VTR system based on hierarchical multi-SVMs and can 

handle complex traffic scenes and partial occlusion. Martins E. Irhebhude et al. [38] 

combined local binary pattern histogram, a histogram of oriented gradient and region 

features and used correlation-based feature selection to select discriminative features. 

Finally, support vector machine is used to classify the vehicles into four categories. Bin 

Hu et al. [39] used multi-task deep convolutional network; the first stage localize the 

vehicle in the image and second stage recognize the vehicle type. Most of the proposed 

vehicle type recognition systems work on background subtraction and do not consider 

occlusion which can cause incorrect or failed recognition.  

The vehicle type recognition categorizes the vehicles into higher level categories like 

car, bus, van, truck, bike etc. However, we require finer classification of vehicles into 

their makes and models, and not their types alone in many security-related applications as 

discussed in Chapter 1.  

2.4. Vehicle Logo (Make) Recognition 

VTR provides the broad categorization of vehicles; the next level to identify the 

vehicle is to recognize the vehicle’s manufacturer (make). Vehicle Logo Recognition 

(VLR) is normally used to recognize the vehicle make; few of the recent vehicle logo 

recognition works are summarized in Table 2-2. Rajalida Lipikorn et al. [40] used license 
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plate recognition and top-hat transformation to localize the logo. SIFT is used to 

represent the logo image and the back-propagation neural network is used to classify the 

logo. Peng et al. [41] used statistical random sparse distribution to represent the logo 

images and multi-scale scanning along with nearest neighborhood algorithm for 

classification. Jianli Xiao et al. [42] defined logos using sharpness histogram features. 

Authors recognized the logos using K-mean nearest neighborhood, multi-class support 

vector machine, and weighted multi-class support vector machine; where weighted multi-

class support vector machine outperforms the other two algorithms. Cong Chen et al. [43] 

used learning-based license plate localization with Gabor filters to locate the logo in an 

image. The images are represented by Pyramid of histograms of oriented gradient and 

multi-scale block local ternary patterns features; finally, support vector machine classifier 

is used for logo recognition. Zhenxing Nie et al. [44] proposed a new image feature, 

foreground-background pixel pair feature, to represent the logo and adopted k-mean 

nearest neighborhood for classification.  

Table 2-2: Summary of research on vehicle logo recognition 

Method Features Classification 
#Classes 

(Makes) 

Rajalida Lipikorn 

et al. [40] 
SIFT 

Back-propagation neural 

networks 
6 

Peng et al. [41] 
Statistical random sparse 

distribution 

Multi-scale scanning and 

nearest neighborhood 
56 

Jianli Xiao et al. 

[42] 

Sharpness histogram 

features 

Weighted multi-class 

support vector machine 
8 

Cong Chen et al. 

[43] 

Pyramid of histograms of 

oriented gradient and 

multi-scale block local 

Support vector machine 15 
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ternary patterns 

Zhenxing Nie et 

al. [44] 

Foreground-background 

pixel pair feature 

k-mean nearest 

neighborhood 
35 

 

The VMMR system provides better insight into the vehicles. In the next section, we 

review the several available vehicle make and model recognition systems. 

2.5. Vehicle Make and Model Recognition 

The existing VMMR research classifies vehicles based on make and model only. 

Thus, we provide a detailed overview of multiple existing VMMR research in this section 

which uses make and model as classification criteria. Here we focus on three specific 

components of VMMR system; Features Extraction, Global Features Representation, and 

Recognition/Classification. Table 2-3 summarizes the feature extraction and global 

feature representation techniques used in VMMR systems and Table 2-4 summarizes the 

classification algorithms used in VMMR and also comment about the VMMR works. 

Vehicle Make and Model recognition datasets (publicly available) are discussed in next 

section. 

Many local features are used to represent the vehicle’s region of interest; some of 

these features required to be converted into Global features representation while in some 

cases, we do not require explicit global feature representation. Scale Invariant Feature 

Transform (SIFT) [45], Speed-Up Robust Features (SURF) [46] and Histogram of 

Oriented Gradient (HOG) [47] feature extraction techniques used by many researchers. 

Nearest Neighbors Classifier, Neural Networks, and Support Vector Machine are the few 

classifier used widely for VMMR systems.   
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Table 2-3: Feature extraction and global feature representation approaches in VMMR 

Authors Feature Extraction 
Global 

Representation 

Petrovic and Cootes [50] 

Raw pixels, Sobel edge responses, 

edge orientations, Harris corner 

response, normalized gradients, 

square mapped gradients (SMG) 

Simple concatenation 

of local features, 

spectrum phase 

Dlagnekov [55] SIFT  

Munroe and Madden 

[54] 
Canny edges 

Concatenation of 

edge image pixels 

Clady et al. [53] 
Oriented contour points from Sobel 

edges 
Simple concatenation 

Psyllose et al. [30] 
Phase congruency (Make) + SIFT 

(Model) 
 

Pearce and Pears [51] Canny edges, Harris corners, SMG 
LNHS and 

concatenated-SMG 

Jang and Turk [58] SURF Dictionary  

Baran et al. [56] SIFT, SURF, edge histogram 

Dictionary-based 

Sparse Vector of 

Occurrence Counts 

Varjas and Tanacs [52] SMG Concatenated SMG 

Hsieh et al. [59] SURF, SIFT, HOG 
Grid-based 

representation 

Fraz et al. [57] SIFT 
Fisher Encoding 

based MLR 

Chen et al. [28] Symmetric SURF 

Grid-based 

concatenated sparse 

representation  

Abdul Jabbar et al. [48] SURF Dictionary 

Boonsim et al. [49] HOG concatenated HOG 
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A real-time VMMR system is proposed and evaluated in [48]. Support Vector 

Machine is used as single multiclass classifier and ensemble of the multi-class classifier. 

In this approach, authors had described SURF features dictionary for global 

representation; SURF algorithm is used for local feature extraction. Authors had 

evaluated two dictionary building approach; single dictionary and modular dictionary. 

Authors had reported an accuracy rate of 94.5% with a processing speed of 7.4 frames 

per second. Better accuracy rate is also achieved at lower processing speed.  

Noppakun Boonsim and Simant Prakoonwit [49] have proposed a one-class classifier-

based approach for vehicle make and model recognition under limited lighting. The 

proposed approach uses one-class SVM, Decision Tree, and K-Mean Nearest Neighbor 

for classification and a majority vote of three is used for final prediction. Authors had 

used rear view images to evaluate their proposed system. The shape and Geographical 

features of license plate and taillights are extracted. The grid-based method is used for 

shape features and aspect ratios of different attributes of taillight and license plate are 

used to represent geographical features. A genetic algorithm is used for feature subset 

selection; although genetic algorithm only improved the accuracy from 93.4% to 93.8%. 

Authors had not commented about the processing time required for genetic algorithm and 

effect of feature subset selection on the processing time for classifier training and testing 

process. 

 Edges based features are explored in [50-54]. In these proposed approaches, 

dependence on edges can lead to failure of the system due to occlusion.  Petrovic et al. 

[50] had simply concatenated the raw pixels, Sobel edges, edge orientation, Harris corner 

response direct, normalized gradient and other image features to build feature vector and 
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applied principal component analysis to reduce the dimensionality of the feature vector. 

The nearest neighbors method is used to classify the vehicle make and models. Pearce et 

al. [51] proposed to use K-Mean Nearest Neighbor (KNN) and Naïve Bayes for 

classification and used canny edges, Harris corners and Square Mapped Gradient (SMG). 

They proposed to concatenate Locally Normalized Harris Strengths (LNHS) or Square 

Mapped Gradients for global representation. Authors have used the small and simplistic 

dataset to evaluate the proposed system. Vajas et al. [52] also used concatenated SMG for 

global representation and Clady et al. [53] used concatenated oriented contour points 

from Sobel edges. Both Vajas and Clady used Nearest Neighbors as a classifier for their 

proposed VMMR system. Munroe et al. [54] used canny edges and classified using 

several techniques like KNN, Neural Network, C4.5, and Decision Trees.  

Scale Invariant Feature Transform (SIFT) based vehicle make and model recognition 

systems are proposed in [30, 55, 56, 57]. Psyllos et al. [30] used two stepped approaches 

for VMMR system. They had used phase congruency to identify the vehicle logo and 

then SIFT features to identify the specific model. Probabilistic Neural Networks are used 

for classification. Authors had tested the proposed approach against simple and non-

occluded images. Different viewpoints and variation in illumination are also not 

considered. Even then authors reported a low accuracy rate of 54%. Dlagnek [55] used 

SIFT and brute force matching algorithm in his work. Exhaustive matching used in this 

work is a very time-consuming process. Baran et al. [56] used SIFT, SURF and HOG 

features and defined dictionaries for global feature representation. Baran used multi-class 

support vector machine for classification. Their dictionaries are quite large. Authors 

proposed real-time and non-real time VMMR. Fraz et al. [57] extracted SIFT features and 
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formed a lexicon comprising of all the features from training dataset as words. Fisher 

Encoded Representation is used to compute the lexicon for image features; SIFT. The 

Fisher encoded scheme is computationally expensive and authors reported the 

computational time of about 0.4s for every image, and thus it is not suitable for real-time 

VMMR. Jang et al. [58] used SURF features and Bag-of-words model for global feature 

representation. Authors have created a dataset using multiple toy cars and structured 

matching technique for classification.  

A global feature representation based on a grid pattern is proposed in [28, 59]. Hsieh 

et al. [59] divided the input image into a grid and computed SURF and HOG for each 

block of grid independently. Authors trained an ensemble of support vector machine (one 

of each block) and combine the results to determine the final decision. The proposed 

technique is not a good choice for real-time VMMR due to multiple support vector 

machines. Each block is processed separately; slight changes in camera viewpoint may 

result in inaccurate results. Chen et al. [28] computed the HOG features for the grid-

based pattern and concatenated the HOG features for global representation. By testing 

our system with their dataset, we can show that our system performs well in terms of 

recognition accuracy and processing speed. The grid-based schemes assume a fixed 

camera and are prone to failures in cases where the camera height, pitch or yaw may 

change, resulting in vehicle views which the system might not be trained for.  

Table 2-4: Classification methods used in VMMR 

Authors Classification Comments 

Petrovic and Cootes 

[50] 

Nearest neighbors 

Slow; fails under occlusion due to 

edge-based features 



 

31 
 

Authors Classification Comments 

Dlagnekov [55] Brute-force matching Slow due to exhaustive matching  

Munroe and Madden 

[54] 

K-mean nearest 

neighborhood, neural 

network, C4.5 decision trees 

dependence on edges can lead to 

failure under occlusion 

Clady et al. [53] Nearest neighborhood  

Slow due to exhaustive matching 

with training models. Occlusion 

degrade performance 

Psyllose et al. [30] Probabilistic neural network 

Simple dataset and very low 

recognition rate. Slow due to 

dependence on logo recognition 

Pearce and Pears 

[51] 

K-mean nearest neighbors 

and Naïve Bayes 

Slow, small and simplistic dataset 

used. Prone to failures under 

occlusion 

Jang and Turk [58] 

Matching using lucene 

search engine library + 

structural verification 

Larger dictionary size, slow, toy 

cars used to create the dataset. 

Not tested on real vehicle images. 

Baran et al. [56] Multi-class SVM 

larger dictionaries, not tested 

under occlusion, low recognition 

rate. 

Varjas and Tanacs 

[52] 

Nearest neighbors 

Depends on the minimal 

perspective distortion of license 

plates. Time-consuming 
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Authors Classification Comments 

exhaustive matching (1-25sec) 

Hsieh et al. [59] 

Grid-based ensemble of 

SVM 

Requires aligned ROIs, slow 

Fraz et al. [57] Brute-force matching 

Not tested under occlusion, slow 

due to high dimensional features 

and exhaustive matching 

Chen et al. [28] 

Sparse representation based 

& hamming distance based 

Slow; best performance achieved 

at 0.46 fps 

Abdul Jabbar et al. 

[48] 

Single multi-class SVM and 

ensemble of multi-class 

SVM 

Combined training and testing 

dataset; used 80% of the dataset 

for training. 

Boonsim et al. [49] 

one-class SVM, Decision 

Tree, and K-Mean Nearest 

Neighbor 

Shape and graphical features 

used; prone to fail under 

occlusion 

 

2.6. Dataset 

A dataset is a collection of related observations. In machine learning, the dataset is a 

collection of related observation which is divided into training and testing datasets. 

Training dataset is used to train the machine learning algorithm whereas the testing 

dataset is used to test and evaluate the machine learning based solution. Datasets are used 

to demonstrate the effectiveness of the proposed solution. VMMR dataset consists of 
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vehicle images; different image features are adopted to represent each image in the 

dataset. 

Most of the VMMR works have compiled their own dataset and are not available 

publicly. Moreover, a few other VMMR works have used vehicles/cars datasets that are 

not used in any other VMMR related work. The NTOU-MMR dataset is created for 

Vision-based Intelligent Environment (VBIE) project [60]. The NTOU-MMR dataset is 

available at [14]. Abdul Jabbar et al. [48] and Chen et al. [28] have evaluated their 

proposed VMMR system using NTOU-MMR dataset. The NTOU-MMR dataset has 

vehicle images closer to real-world scenarios. The dataset closer to real-world situations 

and used by more than one researcher lead us to use the NTOU-MMR dataset in our 

work. NTOU-MMR is discussed further in detail in Section 3.2. Here we will discuss few 

other datasets to provide an overview of VMMR datasets.  

 Pearce and Pears [51] created a dataset having 177 images from 21 vehicle classes; 

each vehicle class consists of five or more images. 85 more images are added from other 

uncommon vehicle classes (53 classes); each class having one or two images. Testing 

dataset is created by applying ‘leave-one-out’ scheme over 177 images. Jang and Turk 

[58] used 20 toy cars to create the dataset. They captured images from 16 different 

viewpoints for each toy car. The training dataset is created with 2650 images and the 

proposed VMMR is tested with 801 images. Psyllose et al. [30] created a training dataset 

with 10 classes; each class having 5 images. An unknown class with 5 images is also 

added to training dataset. Testing dataset is created with the same pattern except each 

class contains 10 images. Jonathan Boyle and James Ferryman [61] created a dataset for 

side view vehicle images. The side view vehicles dataset is comprised of more than 
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10000 images with 86 make/model categories. Authors had used 50% of images of each 

class with an upper limit of 200 images for the training purposes while the rest of the 

images are used for testing. Baran et al. [56] created the dataset by downloaded images 

from the internet or capturing images outdoor. The training dataset has 17 vehicle classes 

and 80 images for each class; so 1360 images are available for the training process. The 

testing dataset consists of 2499 images and is collected from outdoor and internet; like 

training dataset. The testing dataset has images with degraded quality and lesser 

resolution as compared to training dataset. There is no occlusion in the images. 
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Chapter 3: System Design and Setup 

 

 

In this chapter, we describe the VMMR architectural system, the target environment 

and the used dataset, the proposed performance matrices, and the used hardware and 

software platforms.   

3.1. Architecture of VMMR System 

Automatic recognition of vehicles’ make and model is an important task for many 

applications. The overall architecture of vehicle classification system is given in Figure 

3-1. The VMMR system is divided into two subsystems; training subsystem and 

testing/prediction subsystem. The training subsystem is used to train the VMMR 

recognition engine using a subset of the available dataset, whereas prediction module 

recognizes make and model of vehicles in an unseen before image. In this subsection, we 

discuss each component for both training and testing process. Vehicle detection, Region 

of Interest Extraction and feature extraction are common for both training and testing 

tasks. Global feature representation and classification components are different in 

training process than in testing process. Global feature representation module may 

generate a model for encoding of images’ features depending on the technique applied. 

Similarly, classifier module also produces a model as a result of training process that is 

then used by the testing module to predict the outcome for the newly presented images. 

Hence the arrows from training process to testing process represent the usage of models 

in testing process created during the training process. 
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Figure 3-1: Architecture of VMMR system 

The input to the system can be either images or videos. In case of videos, frames can 

be extracted at regular interval. The training dataset is labeled with actual vehicles’ make 

and model information. The testing dataset also has make and model information but it is 

only used to compare the VMMR system prediction to actual make and model 

information. Once we have an input image, vehicle detection operation is performed. 

Vehicle detection module verifies the existence of vehicle in the current image and 

vehicle detection process also localizes the vehicle in the image. If vehicle exists in the 

image, it is further processed otherwise the image is discarded. We define the Region of 

Interest (ROI) to represent the part of the vehicle in the image that provides the 

discriminative and prominent features. The discriminative and prominent features are 

easily distinguishable between different vehicles. We have the frontal vehicle images in 

our work to design VMMR and used bumper, front lights, and bonnet area as ROI in our 

work shown in Figure 3-2 using red bounding block. The ROI extraction module removes 
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the background as well as part of vehicle from any given image that cannot be helpful 

during classification and can degrade the classification performance. 

 

Figure 3-2: ROI extraction module output 

The next step is to extract image features and generate a global feature representation 

(image feature vector) that will be used by classifier to train the system and predict the 

new upcoming images. Feature extraction module computes the discriminative features 

from the extracted ROI and global feature representation module fuse the entire features 

set of an image for a uniform representation; we may or may not require explicit global 

feature representation technique. Region of interest extraction is often considered as a 

part of vehicle detection process; it has been extensively investigated over the years by 

wide range of researchers. A comprehensive survey of vehicle detection techniques and 

approaches can be found in [17]. We have provided brief overview of Vehicle Detection 

techniques in section 2.1. We discuss Vehicle Detection and ROI extraction technique 

[28] that are applied on the NTOU-MMR dataset used in our study in section 3.1.1 and 

section 3.1.2. 



 

38 
 

Our proposed VMMR system adds functionality as compared to other VMMR 

research; our system classifies the vehicles based on make, model, and generation 

(manufacturing year) whereas the other VMMR research classifies vehicles based on 

make and model only. Secondly, our systems enhance the VMMR performance in terms 

of recognition rate and processing speed as compared to existing systems as discussed in 

Chapter 6.   

 

3.1.1 Vehicle Detection 

An accurate and real-time vehicle detection has an important role in VMMR system. 

Chen et al. [28] proposed a vehicle detection and ROI extraction approach which is 

applied on the dataset to extract the vehicles and region of interest. The flow chart for 

vehicle detection is given in Figure 3-3. Symmetrical SURF points are used in this work 

to detect a vehicle. The SURF interest points are calculated for the complete image and 

mirroring transformation is applied to the image. The SURF points are again extracted 

from the mirrored image and the similarities are computed between the set of SURF 

points (original image and mirrored image) to find out the pair of symmetrical SURF 

points. The horizontal symmetrical points are only considered for vehicle detection. In an 

image, multiple pairs of Symmetrical SURF points can be found; some of which can 

belong to a vehicle and some can belong to other objects/ background.  

Next, the location of central line 𝐿𝑣𝑒ℎ𝑖𝑐𝑙𝑒 is calculated to define potential candidate 

vehicle. For every pair of symmetrical SURF points, the central point is calculated 

(center between two symmetrical SURF points). A histogram is created using these 

central points. The peak of the histogram corresponds to the location of central line 

𝐿𝑣𝑒ℎ𝑖𝑐𝑙𝑒 for the candidate vehicle. We may get multiple central lines 𝐿𝑣𝑒ℎ𝑖𝑐𝑙𝑒; one for each 
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symmetric object detected in the image. The central line and all the pairs of symmetrical 

SURF points (used to determine the central line) represent a potential vehicle candidate.  

Lastly, each potential vehicle candidate is verified to filter out the background and 

non-vehicle objects. Often a shadow region exists under the vehicle (under the bumper); 

this shadow region is used to decide whether the set of symmetrical SURF points and 

central line belongs to a vehicle. The last step in vehicle detection process is to determine 

whether shadow lines (region) exist at the bottom of vehicle candidate? If the shadow 

region exists underneath, the set of symmetrical SURF points and central line is 

considered as a vehicle otherwise it is rejected. The detected vehicle is further processed 

to extract the region of interest. 

 

Figure 3-3: Vehicle detection flowchart 
 

3.1.2 Region of Interest (ROI) Extraction 

Once a vehicle is detected, the unwanted portion of the image is removed and Region 

of Interest (ROI) is extracted. The ROI provides the discriminative visual appearance and 

is used to differentiate between a wide range of potential makes and models. The region 
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of Interest (ROI) R is identified in the image; Let R = (lR, rR, uR, bR) defines the ROI and 

left, right, upper, and bottom boundaries are denoted as lR, rR, uR, bR. The shadow 

underneath the vehicle is used to determine the bottom boundary bR; the top edge of the 

shadow region provides the bottom boundary. The vehicle’s bottom boundary can be 

easily detected by applying Sobel edge detector (or any other edge detector) in the 

horizontal direction. The horizontal directional edge detector computes the vertical edges 

in the image.  

Following, left and right boundaries are calculated. Since the central line has been 

determined during vehicle detection process using the histograms; the left and right 

boundaries are calculated with the help of vehicle’s width and central line as given in 

Equation 3-1 and Equation 3-2 

𝑙𝑅 =  𝐿𝑣𝑒ℎ𝑖𝑐𝑙𝑒 −  
𝑤𝑣(𝑏𝑅)

2⁄  

Equation 3-1 

𝑟𝑅 =  𝐿𝑣𝑒ℎ𝑖𝑐𝑙𝑒 +  
𝑤𝑣(𝑏𝑅)

2⁄  

Equation 3-2 

where 𝐿𝑣𝑒ℎ𝑖𝑐𝑙𝑒 denotes the location of central line and 𝑤𝑣(𝑏𝑅) represents the vehicle’s 

width; vehicle’s width is calculated by using the Equation 3-3. 

𝑤𝑣(𝑏𝑅) =  
𝑊𝑣

ℎ
( 𝑓 sin ∅ −  𝑏𝑅 cos ∅ ) 

Equation 3-3 

where 𝑊𝑣 denotes the vehicle’s width in real world. Whereas ℎ, 𝑓, and ∅ are camera 

parameters. Camera’s focal length is given by 𝑓 and it is placed at height ℎ with tilt-down 

angle ∅. Mostly, the cameras, used to capture the vehicle images, are fixed at one 

location, hence the camera parameters are fixed and can be determined easily by 
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measuring its height and tilt-down angle. Alternatively, camera parameters may be 

included in the image metadata as a common practice. 

Lastly, the boundary between the hood and the windshield is used to define upper 

boundary uR. A histogram is created for a predefined search window using the horizontal 

edge strengths along the x-axis. The histogram peak is used as a point to define upper 

boundary uR. The vehicle detection algorithm works with the accuracy of 98.46%. 

Similarly, the ROI extraction process can compute ROI incorrectly as shown in Figure 3-

4 and may result in incorrect recognition. 

 

(a) 

 

(b) 

Figure 3-4: Incorrectly computed ROI 

3.1.3 Feature Extraction 

A feature is a prominent interest point in an image that can be used for a different task 

in image processing and computer vision based processes such as object recognition, 

object tracking, scene classification, and others. Features provide an image representation 

method that is more suitable for computer models such as machine learning and pattern 

recognition applications. The common features can be edges, corners, or symmetric 

relations between image parts, but more robust features are required for complex 

applications.  The features are used to represent a scene or the uniqueness of an object. 

Once the prominent interest points are determined, feature descriptors are computed for 
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the interest points. The feature descriptor provides a robust and invariant representation 

for the interest points. A feature descriptor must be robust and invariant. Various feature 

extraction and descriptors are available in the literature. 

We have explored four feature descriptors in this work; Scale Invariant Feature 

Transform (SIFT), Speed-Up Robust Feature (SURF), Histogram of Oriented Gradient 

(HOG) and Holistic Representation of Spatial Envelope (GIST). The prominent interest 

points are detected in case of SIFT and SURF and each interest point is represented by a 

feature descriptor. HOG and GIST do not rely on interest points; HOG divides the image 

into grids and computes a histogram for each part of grid whereas GIST is calculated for 

the entire image. These feature extraction techniques are discussed in chapter 4 in detail.  

3.1.4 Global Feature Representation 

The SIFT and SURF feature extraction techniques extract multiple local features from 

the image. Each feature is constructed using the local neighborhood. Next step is to form 

a global representation of these local images and construct image feature vector that 

represents the entire image. The Image feature vector represents all dataset images in the 

same dimensionality and is used to train the classifier. We use Bag-of-Features (BoF) to 

compute image feature vector for SIFT and SURF.  

The HOG divides the image into blocks and computes the descriptor for each block, 

and then, concatenates the descriptors for all blocks. The simple concatenation is a global 

feature representation technique used for HOG. The concatenation is a part of HOG 

algorithm. Hence HOG descriptor uniformly represents all dataset images with the same 

dimensionality. We don’t have to explicitly apply the global feature representation 

technique because it already is included as a part of HOG algorithm.  
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The GIST feature is computed for the complete image. After applying Gabor Filter in 

case of GIST, the resultant image is divided into the grid and Gabor Filter results are 

averaged for each block of the grid. Finally, the averaged values are concatenated to 

construct the final GIST descriptor. Like HOG, concatenation (global feature 

representation technique) is part of GIST algorithm; thus we don’t have to apply global 

feature representation technique again in this case either. Like HOG, the GIST algorithm 

also uniformly provides the image feature vectors with the same dimensionality for the 

entire dataset. The Global Feature Representation techniques are discussed further in 

Chapter 4.  

Following the typical practices in recognition systems, the training datasets are only 

used for training, but the system is tested for the unforeseen dataset. The Global Feature 

Representation techniques are applied to the training dataset and parameters/model are 

determined. The parameters/model determined is used to encode the training images as 

well as testing images; hence the training and testing images are encoded with same 

parameter and all the images are represented within the same domain.  

3.1.5 Classification 

Machine Learning classification is a process used to categorize or cluster the 

incoming data using the created model based on the training dataset. Classification is 

supervised learning approach. The VMMR uses a supervised learning mechanism to 

enforce the known image classification on the learning engine. The training dataset 

consists of available observations along with their actual labels or categories. The 

classifier is trained using the training dataset and new incoming observations are then 

categorized using the trained classifier. The classifier’s performance can be measured in 
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terms of correctly identified, incorrectly identified and missed observations. The testing 

dataset contains the new unseen observations (new for classifier) which are used to 

determine the classifier’s performance in terms of successful recognition rate.  

A feature vector is defined by measurable properties (features) of an observation and 

used to represent individual observations included in training and testing dataset. The 

feature vector may contain binary, categorical, or numeric (integer-valued and real-

valued) features depending on the dataset and its representation. All of the pixels of an 

image can be considered as features and used to create feature vector but pixels values 

are very sensitive to variation in illumination, lighting, viewpoint, noise, etc. Image 

feature extraction techniques provide more robust, comprehensive and invariant features. 

We used different image feature extraction techniques in this work to extract features and 

global feature representation technique to create image feature vector. After creating 

image feature vectors from the training dataset; training feature vectors are used by the 

classifier to build up a model. Then this classifier model is used to identify the class of an 

incoming new vehicle image during the testing process. The training process, however, 

can be performed offline but the testing process must categorize the incoming images in 

real-time. We tested Support Vector Machine (SVM) and Random Forest (RF) in this 

work. The fundamental theory behind SVM and RF classification techniques is discussed 

in Chapter 5. We also propose a two-level SVM classification approach that improves the 

recognition rate. The working of the proposed two-level SVM classification is also 

discussed in Chapter 5. 
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3.2. Target Environment and Dataset 

The VMMR systems can be used in various scenarios. The cross-border checkpoints, 

entrances and exits of public places (airport, shopping malls, stadiums, etc.) and parking 

structures and the intersection of roads can be possible target environment to install a 

VMMR system. Cameras are installed on most of the locations mentioned; which can be 

used to capture input for the system. In real-world scenarios, vehicles can be partially 

occluded by unwanted objects like a pedestrian. The images can be captured from 

different viewpoints. The lighting conditions and weather conditions change 

continuously. The mobile surveillance vehicles can be used to monitor the traffic and 

images can be captured with different viewpoints in such cases.  

In this study, we examine the datasets discussed in Section 2.6 and we focus on 

National Taiwan Ocean University-Make and Model Recognition (NTOU-MMR) dataset 

[28] considering the characteristics for target environment as discussed earlier. The 

NTOU-MMR dataset is available publicly and researchers have used it in different 

studies. Chen et al. [28] proposed VMMR system using symmetrical SURF and created a 

dataset under Vision Based Intelligent Environment (VBIE) project [60] in 2014 and 

named it as NTOU-MMR dataset. The NTOU-MMR dataset can be accessed at [14]. 

Jabbar et al. [48] also used the NTOU-MMR dataset in their work. Hence, we can 

compare our VMMR performance with Chen et al. [28] and Jabbar et al. [48] works.  The 

dataset is divided into a testing dataset and training dataset and vehicles are divided into 

twenty-nine different classes in this dataset based on make and model. Vehicles 

belonging to six manufacturers are available in the NTOU-MMR dataset; the 

manufacturers are Toyota, Ford, Mitsubishi, Honda, Suzuki, and Nissan.  
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Table 3-1: NTOU-MMR dataset description 

Vehicle Year Train Test Vehicle Year Train Test 

Toyota Altis 2008-10 260 504 Nissan Tida 2009 108 139 

Honda CRV 2003-09 224 258 Toyota Altis 2005-06 216 227 

Toyota Camry 2008-10 117 169 Mits. Zinger 2010 12 13 

Honda Civic 2010 79 243 Mits. Outlander 2010 26 50 

Honda Fit 2012 34 35 Toyota Wish 2010 68 45 

Honda Fit 2009 19 13 Mits. Savrin 2008 36 12 

Toyota Camry 2005-06 109 122 Toyota Wish 2005-09 107 77 

Toyota Camry 1999 21 5 Mits. Lancer 2007 16 61 

Nissan March 2007-08 96 92 Toyota Yaris 2008 155 147 

Suzuki Solio 2008 34 84 Ford Liata 2003 9 10 

Toyota Vios 2008-10 242 292 Toyota RAV4 2009 79 0 

Nissan Livna 2010 119 128 Ford Excape 2009 50 45 

Nissan Teanna 2010 66 29 Toyota Innova 2008 15 29 

Nissan Sentra 2003 22 20 Ford Mondeo  38 10 

Nissan Sentra 2005 24 15 Toyota Surf 2008 40 30 

Nissan Cefiro 1997 67 22 Ford Tierra 2006 34 16 

Nissan Cefiro 1990 36 9 Tord Tarcel 2005 110 76 

Nissan X-trail 2007 37 89 Total  2725 3110 

 



 

47 
 

The NTOU-MMR dataset provides the following characteristics which motivated us 

to use it to train and evaluate our VMMR system.  

 The NTOU-MMR dataset contains images of stationary and moving vehicles 

with a speed up to 65 km/hr.  

 The NTOU-MMR dataset images contain vehicles with several viewing 

angles ranging from +20 degrees to -20 degrees relative to a scene directly 

from the front of a vehicle.  

 The NTOU-MMR dataset images are captured throughout daytime and 

nighttime.  

 The NTOU-MMR dataset is created with varying weather conditions between 

sunny, rainy and cloudy.  

 Some of the vehicles are partially occluded by an irrelevant object like a 

pedestrian in this dataset.  

We believe the five listed characteristics bring the NTOU-MMR dataset closer to 

real-life situations compared to other datasets available for researchers as discussed in 

Section 2.6.  

The vehicle classes are defined based on make and model in this dataset, but 

generation (manufacturing year) is not considered as a distinctive attribute. We have 

redefined the vehicle’s categories on basis of make, model, and generation. Now, the 

dataset is divided into thirty-five classes. The detailed description of the dataset is given 

in Table 3-1. Table 3-1 provides the make, model, and generation (group of consecutive 

manufacturing years) of the vehicle along with the number of images available for 

training and testing process as given in the dataset. The NTOU-MMR dataset has a few 



 

48 
 

problems such as the number of training images for few categories is less. There are no 

testing images available for Toyota RAV4. The providers of the NTOU-MMR dataset 

have not discussed any reason behind the division of images into training and testing 

dataset. We have used the dataset as it is available except the change made in the number 

of categories. We also have used 10-fold cross-validation model to evaluate the 

performance of the system which changes the training dataset and testing dataset.  

3.3. Performance Matrices 

In order to measure the effectiveness of the VMMR system designed and 

implemented in this work, we have to define the performance evaluation matrices. The 

main two performance evaluation criteria used here are recognition rate (accuracy) and 

processing speed. We also use confusion matrix, class-wise recognition rate, and top-3 

recognition rate in some cases to provide detailed insight. 

3.3.1. VMMR Recognition Rate (Accuracy) 

Let D = {di | i = 1, 2, 3, 4…. Nc} represent our testing dataset where Nc represents 

total number of classes and di represent each class. We define the accuracy of the VMMR 

system to be: 

𝑅𝑒𝑐𝑜𝑔𝑛𝑖𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑒 =  ∑
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑟𝑒𝑐𝑜𝑔𝑛𝑖𝑧𝑒𝑑 𝑖𝑚𝑎𝑔𝑒𝑠 𝑜𝑓 𝑐𝑙𝑎𝑠𝑠 𝑑𝑖

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑚𝑎𝑔𝑒𝑠 𝑜𝑓 𝑐𝑙𝑎𝑠𝑠 𝑑𝑖

𝑁𝐶

𝑖=1

 

Equation 3-4 

3.3.2. VMMR Processing Speed 

The processing speed is the second evaluation criteria that we have used to evaluate 

VMMR system. We compute the time required to analyze and process an incoming 
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image in addition to classifier time to recognize the class of the vehicle. Since training is 

an offline process, thus we are more focused on the processing speed for the testing 

dataset. We use frames per second (fps) as a unit to measure processing speed. We report 

the processing speed for the testing processes and provide the computational time 

required for each component.   

3.3.3. Confusion Matrix 

The confusion matrix provides detailed insight into the performance of the VMMR 

system. The confusion matrix presents the classifier recognition results in an illustrative 

format. Each row in the confusion matrix presents the actual class and each column 

presents the recognition result (predicted class). The confusion matrix presents a good 

visualization of the recognition performance. For example, assume class 1 has 100 test 

images, the confusion matrix provides the number of images of class 1 which are 

recognized as class 1 or class 2 or class 3 and so on. The recognition rate provides only 

overall classification accuracy of true positive recognition while confusion matrix 

provides class-wise distribution of the recognition results. 

3.3.4. Top-3 Recognition Rate 

The recognition rate provides the accuracy rate for the top response being accurate, 

while top-3 recognition rate identifies the accuracy or the correct response being among 

the top three ranked recognition choices. We also evaluate our system using top-3 

recognition rate for few instances.  

3.3.5. Class-wise Recognition Rate 

The class-wise recognition rate is another way to interpret the VMMR system 

performance. The class-wise recognition rate provides the recognition rate for individual 
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classes. We can further explore the reasons for success or failure for a specific class using 

class-wise recognition rate. 

3.4. Hardware and Software Platform 

We have used Intel ® Core™ i7 processor (3.4 GHz) with 16 GB of RAM to perform 

all our experiments. The VMMR is implemented using MATLAB® R2012a on a 64-bit 

Microsoft Windows 7 operating system.  

  



 

51 
 

Chapter 4: Features Extraction and 

Global Features Representation 

 

 

The feature extraction techniques locate a feature (prominent point) in an image and 

construct a descriptor to represent the feature uniquely. Normally, the features represent 

an image (image patch in some cases) that provides useful information and getting rid of 

extraneous information. The features extraction is a vital component of every image 

processing and computer vision task. In order to detect objects in an image, it is 

important to identify geometric features that are insensitive to scaling and other 

transformations. The features could be extracted by mathematical models that detect deep 

variations in texture, detect edges, or color. Consequently, it is important to develop a set 

of features that can accurately represent the problem at hand. The selected features must 

have global definition within the defined problem of VMMR. Both, features extraction 

and global features representation are required for VMMR problem. A few of the 

characteristics of a good image feature are as follow: 

 Consistent  

 Uniqueness 

 Robustness 

 Invariant to transformation like rotation, translation 

 Insensitive to noise 
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An interest point is a prominent pixel in an image used to characterize a particular 

object or an image. Mostly, the corners are considered good candidates for interest point 

due to their variation along both directions. A patch around interest point is selected and 

used to define the interest point as an image feature. Only stable and robust interest points 

are accepted as image feature based on the feature extraction techniques’ criteria. We can 

broadly divide image features into two categories: local features and global features. A 

local feature is the one that is defined on the basis of a part of the image whereas a global 

feature is computed based on the entire image. We can have a different number of local 

features for different images. In other words, an object or an image is defined by multiple 

local features while single feature vector defines an entire image or object in case of the 

global features. Global feature representation techniques are used to combine image’s 

local features and construct an image feature vector. Typically, the global image feature 

extraction techniques produce a fixed number of feature for every image in the dataset; 

which are normally concatenated to construct image feature vector or single fixed length 

feature vector. Image feature vector then represents the particular image and is utilized in 

further processing. 

In this work, we extracted multiple image features from Region of Interest (ROI) of a 

vehicle image with or without using explicit global feature representation to create an 

image feature vector. In section 2.5, various features extraction and global features 

representation techniques used for different VMMR systems are mentioned. We describe 

features extraction techniques in section 4.1 and global features representation techniques 

in section 4.2 that are used in our proposed VMMR system. We use Scale Invariant 

Feature Transform (SIFT), Speed-Up Robust Features (SURF), Histogram of Oriented 
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Gradient (HOG) and GIST image features. SIFT and SURF are key points based feature 

descriptor; SIFT and SURF choose prominent points in an image and compute descriptor 

based on the patch around the prominent point. HOG is a grid-based descriptor; HOG 

divides the image into a grid, compute the information for each grid and concatenate the 

computed information to construct descriptor. GIST descriptor is calculated based on the 

entire image. We have used the standard implementation of SIFT and SURF features. We 

have not used the standard implementation of HOG and GIST features in order to 

improve the VMMR performance.   

4.1. Features Extraction 

4.1.1. Scale Invariant Feature Transform (SIFT) 

David Lowe [62] defined an interest point based on its local appearance known as 

Scale Invariant Feature Transform (SIFT) in 2004. The SIFT algorithm extracts object 

key points and use patches around key points to construct robust and compact signature 

for each patch/key point. The SIFT algorithm is extensively used for object detection and 

recognition, image classification, image retrieval and many other computer vision tasks. 

The key characteristic of using SIFT remains in its ability to extract features invariant to 

object rotation and scaling. The SIFT features are not affected by slight changes in 

viewpoint, noise, and illumination. Due to the valuable characteristics of SIFT algorithm, 

it is used in many VMMR solutions like in [30, 55, 56, 57]. SIFT algorithm employs 

mainly four steps to detect and describe local image features. The main four SIFT steps 

are described as follow: 
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Figure 4-1: The scale-space generation step to obtain DoG images for an input image [62] 

1. Scale-Space Extrema Detection: The scale-space representation provides an 

image at multiple resolution levels. The original image is progressively blurred to 

generate scale-space representations. The SIFT algorithm starts by detecting the 

point of interest known as key points. The scale-space filtering is used to identify 

the key points. In SIFT algorithm, the original image is blurred progressively and 

the blurred images are known as an octave. Then, the original image is resized to 

half and progressively blurred images are produced to obtain the second octave. 

Multiple octaves are created; the scale-space representation of an image consists 

of several octaves as given in Figure 4-1.  

The image is then down-sampled for each octave by a factor and the image is 

progressively blurred using Gaussian Blurring within each octave with increasing 

scale. Gaussian Blurring is a process to smooth (blur) the image using Gaussian 

function results in reduced image detail and noise. The difference between every 

pair of consecutive Gaussian Blurred images within an octave is computed known 
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as Difference-of-Gaussian (DoG). The potential key points are identified from 

these DoG images using maxima or minima technique of [45]. A pixel is 

considered a key point if it is maxima or minima among the neighbors in current 

DoG image and also among the one above and one below DoG image. If we are 

considering 3 x 3 patch; a pixel will be considered as a key point if it is maxima 

or minima among its 26 neighboring pixels as shown in Figure 4-2. 

 

Figure 4-2: SIFT neighboring pixels 

2. Key point Localization: Since few of the previously identified potential key 

points may not represent corners or may have low contrast, we refer to those 

potential key points as unstable key points. The key point localization step is 

focused on filtering out the unstable key points. The Taylor series expansion of 

the scale-space is used to filter out the unstable key points. A candidate key point 

is rejected if its intensity is below a threshold, it will discard the low contrast key 

points. The principal curvature at a point calculates the amount of surface bend in 

the different direction. The SIFT algorithm uses principal curvature to determine 

whether a candidate key point represents an edge or corner; principal curvature is 

high for edges as compared to corners. A 2x2 Hessian matrix [45] is used to 
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compute principal curvature and key points with higher Principal Curvature are 

rejected in order to filter out the key points that represent edges. 

3. Orientation Assignment: The next step is to assign a direction to the key point 

known as orientation assignment that helps SIFT features to attain rotation 

invariance. The SIFT algorithm selects a patch around the key point based on the 

scale and computes gradient magnitude and direction for all points in the selected 

patch. The gradients are the derivative of the image in both, horizontal and 

vertical, directions (x-gradient and y-gradient) capturing the variation information 

and the gradient magnitudes are higher around corners and edges as compared to 

the flat regions (gradient magnitude for the complete flat region is zero as there is 

no variation). Sobel filter [−1,0,1] ∧ [−1,0,1]𝑇 is the basic method applied on 

image to calculate gradient derivative. The Gradient magnitude and orientation 

are calculated using the formulas given in the Equation 4-3 and Equation 4-4. 

𝑔𝑥 = 𝐼(𝑥 + 1, 𝑦) − 𝐼(𝑥 − 1, 𝑦) 

Equation 4-1 

𝑔𝑦 = 𝐼(𝑥, 𝑦 + 1) − 𝐼(𝑥, 𝑦 − 1) 

Equation 4-2 

𝑚(𝑥, 𝑦) = √(𝑔𝑥)2 + (𝑔𝑦)2 

Equation 4-3 

𝜃(𝑥, 𝑦) = 𝑡𝑎𝑛−1
𝑔𝑦

𝑔𝑥
 

Equation 4-4 

where 𝑔𝑥 is x-gradient, 𝑔𝑦 is y-gradient, 𝑚(𝑥, 𝑦) gives the gradient magnitude at 

position (𝑥, 𝑦) and 𝜃(𝑥, 𝑦) gives the gradient direction at position(𝑥, 𝑦). 𝐼(𝑥, 𝑦) is 

the image intensity values.  
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A histogram is created for gradient directions; which have 36 bins of size 10 

degrees each. An amount proportional to point’s gradient magnitude is added to 

the respective bin in the histogram based on gradient direction for every point. 

The histogram is called orientation histogram. The peaks in the orientation 

histogram represent the most predominant orientation of the key point. After 

filling the histogram, the highest peak is considered as orientation (direction) for 

the key point. All other local peaks above 80% (if any) of the highest peak are 

used to create new key points. The new key points are created for each peak with 

same scale and location and different orientation.  

4. Key point Descriptor: The last step is to create a descriptor that represents the 

key point distinctively. The key points are located at different scales, and 

locations; and the orientations are assigned to the key points in order to guarantee 

invariance to image rotations, scale, and location in previous steps. The key point 

descriptor is also invariant to slight changes in 3D viewpoint, illumination, and 

noise. 

First, a (16x16) pixel neighborhood is selected around the key point and the 

neighborhood is divided into 16 (4x4) patches called windows. At each pixel in 

each window, the gradient magnitudes and the gradient directions are calculated 

(see Figure 4-3). Eight bins are used to make the histogram for gradient 

directions; each bin has a size of 45 degrees covering 360 degrees (0-44, 45-89, 

90-134… 315-359). The gradient magnitude of each pixel is multiplied by the 

Gaussian weight. The Gaussian weights are computed using the Gaussian 

function with σ equal to half the width/height ratio of the associated key point 
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neighborhood. Since the Gaussian weigh depends on the distance between the 

pixel and associated key point, the farther the pixel is from the associated key 

point, the lesser its Gaussian Weight will be. The gradient magnitude of each 

point multiplied by its Gaussian Weight is used as quantity added to respective 

histogram bin.  

 

Figure 4-3: Computing the SIFT descriptor around a key point. (Top-Left) The 16x16 

neighborhood of the red key point. (Bottom-Left) Applying Gaussian-weighting to the 

gradient orientations computed at each point in a window. (Bottom-Right) The circle 

demarcating the distribution of orientations into eight bins (i.e., the Histogram binning 

step). (Top-Right) The overall collection of sixteen eight-bin orientation histograms from 

the 4x4 windows. The lengths of arrows represent gradient magnitudes while 

orientation represents gradient direction. [63] 
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Now because the descriptor has 16 histograms (16 windows of 4x4 pixels) and 

each bin having eight bins, it means that SIFT descriptor vector has 128 elements 

(16 windows x 8 bins) along with the scale and orientation information. The 

descriptor vector is normalized to increase the invariance to affine illumination 

changes. Finally, the descriptor vector is normalized again after applying the 

threshold in order to decrease the effects of non-linear illumination. 

SIFT algorithm extracts Key points at varying sizes of the original images (different 

scales) and the Gaussian filter is applied; which provide scale-invariance. The relative 

gradient directions with respect to the key point help to achieve the rotation invariance. 

Vector normalization provides the illumination invariance.  

4.1.2. Speed Up Robust Feature (SURF) 

The Speeded Up Robust Feature (SURF) is another type of scale-invariant and 

rotation-invariant feature detectors and descriptors. The SURF was proposed by Bay et 

al. in [46], who proved its efficiency (in terms of processing speed and accuracy) over 

other feature descriptors such as SIFT. Further, SURF has shown encouraging 

performance in various applications and is used in some VMMR [48, 59]. Following, we 

describe the procedure to build the SURF descriptors. 

1. Interest Points: The interest points are the prominent pixels in an image which 

can be used to define an image feature. The interest points are located using a 

Hessian matrix approximation on an Integral Image. The integral image provides 

a table whose values are the sum of pixel values of the original image. Every 

point in Integral Image is the summation of pixel values of grid starting from the 
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base to the respective pixel (all pixels above and to the left of respective location 

including itself) of the original image by using the formula. 

𝐼(𝑥, 𝑦) = ∑ 𝑖(𝑥′, 𝑦′)

𝑥′≤𝑥,𝑦′≤𝑦

 

where 𝐼(𝑥, 𝑦) is a point at position (𝑥, 𝑦) of integral image and 𝑖(𝑥, 𝑦) is the pixel 

value in original image. The calculation of integral image using this formula is 

computationally expensive e.g. pixel at base (location 0, 0) in original image is 

accessed to compute every element in the integral image. The number of elements 

for summation also increases with every pass. A more efficient way to compute 

the integral image is as follow: 

𝐼(𝑥, 𝑦) = 𝑖(𝑥, 𝑦) + 𝐼(𝑥, 𝑦 − 1) + 𝐼(𝑥 − 1, 𝑦) − 𝐼(𝑥 − 1, 𝑦 − 1) 

Every pixel in the original image is accessed only one time and four elements are 

required to calculate every element of the integral image. The second-order partial 

derivatives of an image are derived from the Hessian matrix to describe its local 

curvatures. The fast processing speed of SURF is due to the use of integral images 

in approximating the second-order Gaussian derivatives. 

2. Descriptor Computation: Around each interest point obtained in the previous 

step, a patch is selected for further computation. The patch is divided into 4 x 4 

grid yielding 16 blocks. Each block has 5x5 regularly spaced sample points. For 

each block b, a 4-D descriptor vector f is formed by summing up the Haar 

transform responses (dx and dy) of each sample point within the block as given 

by:  

𝑓𝑏 = ( ∑ 𝑑𝑥 , ∑|𝑑𝑥| , ∑ 𝑑𝑦 , ∑|𝑑𝑦| )  Equation 4-5 
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The Haar transform provides the low-frequency and high-frequency components 

of a signal. The Haar transform response dx and dy are the first order partial 

derivatives in the horizontal and the vertical directions for each sample point. 

Figure 4-4 illustrates the SURF descriptor computation method for one block in 

the square region centered around the key point. The SURF descriptor for the 

square region around an interest point is formed by concatenating the 4-D vectors 

of each block, as represented by:  

𝑓 = [ 𝑓1, 𝑓2, 𝑓3 … 𝑓16]     Equation 4-6 

The SURF algorithm yields a 64 elements descriptor (16 blocks x 4 elements per 

block). 

 

Figure 4-4: Computing the SURF descriptor around an interest point 
 

3. Orientation Assignment: To provide for rotation invariance, every interest point 

and descriptor is assigned a dominant orientation. First, the Gaussian weighted x 

and y Haar-wavelet responses for each interest region are calculated. Then, using a 

rotating orientation window, the orientation of the largest sum of responses is 

estimated as the dominant orientation of the interest point and descriptor. The 
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sliding window approach is used to determine the dominant orientation. As shown 

in the Figure 4-5, as the sliding window moves around with interest point at its 

center, the Haar transform responses are summed up to yield the orientation of the 

window. The orientation window is shown as gray shaded area and blue vector is 

the orientation of the window. The largest of all the orientation vectors is 

considered as the dominant orientation for the key point. This step can be skipped 

in cases where rotation invariance is not needed, to yield faster SURF, called 

Upright SURF (U-SURF). 

 

Figure 4-5: SURF orientation window 

 

4.1.3. Histogram of Oriented Gradient (HOG) 

Dalal and Triggs [47] introduced a feature descriptor based on directions of edges for 

robust human detection in 2005 named as Histograms of Oriented Gradients (HOG), and 

have been widely used since then in many developments on object recognition and 

VMMR [28, 49].  

Every object and shape in an image is composed of a collection of lines (edges), thus 

we can describe everything in an image with the distribution of gradient orientations 

(directions). The basic theory behind the HOG descriptor is to represent an object (image) 

as the distribution of gradient directions. HOG divides the image into small connected 
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and/or overlapped regions known as cells; the gradient directions are computed for every 

pixel in the region and histogram is created for the gradient directions. Every cell’s 

histogram is concatenated to generate HOG descriptor. For improved accuracy, the local 

histograms can be contrast-normalized by calculating a measure of the intensity across a 

larger region of the image, called a block, and then using the intensity value to normalize 

all cells within the block. The normalization process results in better invariance to 

changes in the illumination and shadowing. The histogram representation lessens the 

impact of noise.  

The Histograms of Oriented Gradients algorithm can be summarized in the following 

four steps: 

1. Gradient computation: The gradient provides the derivative of an image in both 

directions (x-gradient and y-gradient). The gradient magnitude and the gradient 

directions are calculated using Equation 4-3 and Equation 4-4 as the first step of 

HOG calculation. The x-gradient highlight the vertical edges (edge making a 90-

degree angle with x-axis), y-gradient highlight the horizontal edges (edge parallel 

to the x-axis) and all other edges are highlighted by x-gradient as well as y-

gradient. The gradient magnitude generates edges and all the flat regions turn into 

the black background. Three gradient magnitudes and gradient directions are 

computed for the color image (RGB channels); the maximum gradient magnitude 

and corresponding direction are selected for further computation in HOG. The 

gradient angles are between 0 and 180 degrees if the absolute values of x-gradient 

and y-gradient are used, the absolute gradients are named as unsigned gradients. If 

the x-gradient and y-gradient are used without performing the absolute operation, 
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the resulted gradient angles are between 0 and 360 degrees, known as a signed 

gradient. Both the signed and unsigned gradients can be used to construct HOG 

feature descriptor. If the number of bins is same for signed gradients and unsigned 

gradient; a large number of gradient directions are represented by single bin. If we 

increase the number of bins, which results in increased HOG feature descriptor 

size and increase the complexity of the training and testing process. The unsigned 

gradients outperform the signed gradient [47] in terms of classification accuracy. 

We have used unsigned gradient in our work. 
 

2. Orientation binning: The next step in the creation of HOG descriptor is to 

construct a histogram for the gradient directions. The original image is divided 

into windows (for example 8x8 window); we have used different window sizes in 

our experimentation as opposed to 8x8 standard window size and the results are 

discussed in Chapter 6. Each pixel in the window has two values; namely, a 

gradient magnitude and a gradient direction. The histogram contains 9 bins to 

accommodate gradient direction from 0 to 180 degrees (bin 0, 20, 40… 160); the 

size of each bin is 20 degrees. Different bin sizes are compared in [47] and it is 

determined that a bin size of 20 degrees performs better as compared to other 

sizes. In the case of the signed gradient with the same bin size instead of an 

unsigned gradient, the histogram size is doubled, and therefore, the computation 

time increases at each step. Each pixel in the window adds a weighted value to 

orientation-based histogram channel depending on its gradient magnitude. HOG 

does not add a pixel’s gradient magnitude to one bin only; instead, HOG 

distributes the gradient magnitude proportionally into two bins based on its 
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gradient direction. For example, a pixel has the gradient magnitude of 5 and the 

gradient direction of 25 degrees. The ratio of the distance of said pixel based on 

gradient direction from bin 20 and bin 40 is 0.25:0.75; hence the magnitude 1.25 

is added to bin 40 and 3.75 to bin 20. For pixels having gradient direction of 

greater than 160 degrees, the gradient magnitude is added to bin 160 and bin 0. 

The histogram representation lessens the impact of noise; individual pixel may 

have noise but its impact on the histogram is insignificant. 

3. Block Descriptor and Normalization: HOG combines windows to make a 

bigger block. Each block consists of 4 windows (2 x 2). The blocks overlap with 

each other in both directions like sliding windows approach shown in Figure 4-6. 

Window 1, 2, 6, and 7 are combined in one block while window 2 and 7 are also 

part of next block. Every window is a part of four blocks except for the windows 

at corners (included in one block) and edges (included in two blocks).  

The histograms of windows are concatenated to form a bigger vector named as 

block descriptor. Since each block consists of four windows and each window’s 

histogram has 9 bins (or represented by a 9 x 1 vector); hence the size of block 

descriptor is 36 x 1 (4 histograms x 9 bins each histogram). Block descriptors are 

normalized individually to account for changes in illumination and contrast. The 

gradient magnitudes are sensitive to changes in lighting. In darker images, each 

pixel’s intensity value is reduced, and therefore, the gradient magnitude affecting 

the histogram’s magnitudes is reduced. We use normalization to make the 

descriptor independent of the lighting variations. Since gradient strengths must be 



 

66 
 

locally normalized, we group the cells together into larger, spatially connected 

blocks. 

4. HOG Feature Descriptor: Finally, all block descriptors are concatenated to 

form a single HOG feature descriptor for each image. For example, we have an 

image of size 128x64. If we divide the image into windows of size 8 x 8; there 

will be total 16 x 8 windows and 15 x 7 blocks. Hence the total size of HOG 

descriptor is a 3780-dimensional vector in this case (15 x 7 x 36). 

 

Figure 4-6: Overlapping blocks for HOG 

The HOG blocks are computed similarly to SIFT descriptors; however, HOG blocks 

are computed at single scale in a dense grid fashion and without orientation assignment, 

whereas SIFT descriptors are calculated for scale-invariant key points and are rotated for 

orientation alignment. The HOG block descriptors are used in association to encode 

spatial form information, while SIFT descriptors are used singly.  
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We have used different window sizes to create HOG feature descriptor in our work. 

We have not combined multiple windows to construct a bigger overlapping block. As a 

result, we have created HOG descriptor with the smaller size as compared to the standard 

HOG descriptor and improved the processing speed. The standard HOG creates a feature 

descriptor with a size of 3780 elements for a 128x64 image as discussed earlier but the 

size of HOG descriptor without overlapping is 1152 elements for the same image and 

same configurations.  

4.1.4. GIST Feature Descriptor 

Humans are capable of classifying an object or scene with a glance without 

considering the details present in an image in a very quick glimpse. For example, after 

viewing an image of tall buildings or trees or ocean, we can instantly recognize the scene 

without thinking of the details or existence of other objects. The GIST of a scene [64] 

refers to the information contents gathered in a glance (around 200 milliseconds).  

The GIST feature descriptor, first introduce by Oliva and Torralba in [65], is “a 

low dimensional representation of the scene, which does not require any form of 

segmentation”. The GIST descriptor was initially proposed for scene classification. SIFT 

and SURF focus on individual prominent points and the HOG feature descriptor is 

computed based on individual windows (patches) and concatenated later, whereas GIST 

descriptor focuses on the shape of an entire image as a single object and calculate the 

feature vector. The GIST descriptor ignores the presence of local objects and their 

relationships. Therefore, GIST provides a holistic representation of a scene.  

The GIST feature descriptor algorithm can be obtained by following three steps: 
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1. The original image is initially transformed into m scales and n orientations; now 

we have mxn transformed images. Next, a set of Gabor filters is applied on all 

these mxn images. The Gabor filter examines the presence of potential specific 

frequency contents in any specific direction in an image. The dimensions of the 

output of the Gabor filter are same as the input image; hence we generate mxn 

feature maps of the same dimension as of the input image. 

2. Each feature map is divided into grid producing multiple blocks. The values of the 

feature map in each block are averaged. Now, we have multiple averaged values 

representing each feature map. The division of feature maps into the grid and 

averaging the values of each block in the grid reduces the dimensionality of the 

feature map.  

3. Lastly, the averaged values of all the blocks of all the feature maps are 

concatenated to construct the GIST descriptor or image feature vector. The GIST 

algorithm produces the feature descriptor with the same size for all the images 

regardless the image resolution. 

We have created GIST descriptor with four scales and eight orientation creating 

thirty-two transformed images and divided the feature maps into the 4x4 grid or 16 

blocks, which generated a 512-dimensional feature vector (16 averaged values x 32 

feature maps).  

4.2. Global Features Representation 

The features provide the meaningful information about the image and are used to 

represent an image or object within an image. We define two types of feature 

representations, namely, local and global features. Local features are calculated for a part 
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of the image on basis of prominent point(s) and local features represent only a part of a 

given image. The global features, on the other hand, are calculated for the entire image, 

and hence, represent the entire image. We have to combine the local features in order to 

represent the entire image, not just a patch. The global feature representation is the 

technique to combine all the local features providing an image feature vector which 

represents the entire image. For both local and global features, we construct an image 

feature vector representing the entire image. Also, image feature vectors have the same 

size for a complete dataset that provides uniform representation in terms of a number of 

features/dimensions. The image feature vectors are later used to train the classifier and to 

predict the vehicle make and model. The feature extraction and global feature 

representation techniques used in several VMMR systems are summarized in Table 2-3. 

Although researchers have explored various feature extraction and global feature 

representation techniques to build discriminative and informative Vehicle Make and 

Model representation, still very few approaches have been proven to show success across 

high degrees of multiplicity and ambiguity. Yet VMMR techniques still undergo certain 

constraints like slow processing (non-real time processing of incoming images) and 

failures under conditions such as variations in lighting, weather, occlusion, etc. One of 

the goals of this research is to propose a highly robust, yet efficient, way for construction 

of image feature vector for VMMR including both feature extraction and global feature 

representation technique, which handles both inter-class similarities and intra-class 

differences, hence solving the multiplicity and ambiguity issues.  

Typically, the machine learning algorithms work with a fixed number of input 

features (dimensions) for training and testing datasets. We have used SIFT, SURF, HOG 
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and GIST image features for our VMMR problem and constructed fixed length image 

feature vectors for every feature extraction technique. Our VMMR model computes HOG 

histograms for windows, and then, concatenates histograms to build HOG feature 

descriptor vector. The simple concatenation provides the global features representation. 

We have divided the input images of the entire dataset into a same number of windows 

for HOG descriptor to get fixed-size feature vector. The GIST algorithm also 

concatenates the values to construct the feature vector and yields a feature vector of the 

same size for every input image regardless of the image resolution as discussed earlier. 

Hence, the global feature representation technique, concatenation, is a part of HOG and 

GIST algorithm  

In SIFT and SURF, a different number of key points are identified for each image and 

each key point represents a part of the image. We need to apply explicit global feature 

representation technique to construct image feature vector that can represent the entire 

image included in the training dataset and testing dataset uniformly with the same 

dimensionality. 

The Bag of Words (BoW) framework [66, 67] is successfully adopted for global 

feature representation to define an object of interest by utilizing its crude image features. 

BoW is adopted widely and successfully for research on object recognition [68], scene 

classification [69], action recognition [70], image classification [71], and image retrieval 

[72, 73]. The BoW is often termed as Bag-of-Features (BoF) for image processing and 

computer vision applications. We introduce K-Mean nearest neighborhood and Euclidean 

distance based BoF model to encode the SIFT and SURF features for image 

representation.  
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4.2.1. Bag of Features (BoF) 

The concept of Bag of Words (BoW) originally came from research on text analysis. 

BoW has been successfully used in document classification. The document/text is 

represented by a bag and important words are added into this bag without considering 

grammar specifics or the orders of words. The words collected in the bag can be 

considered as features. The features’ frequency is used to train a classifier to predict the 

outcome of new cases. The BoW concepts can be applied to computer vision tasks in the 

same way. Since local image features can be considered as words abstracting the contents 

of an image, it is conceivable to build a dictionary of the local image features. A bag of 

visual words is a vector of frequencies of the visual words contained in a given 

dictionary. Figure 4-7 depicts BoF process where key points are extracted from all the 

training images, and then, features are clustered to make a visual-word vocabulary. Each 

cluster represents one word. A bag of visual features are created for each image and next 

step is to make a histogram of all visual words. 

The first step in generating the vocabulary is to extract the local features from all the 

images. Both SIFT and SURF represents local image features that can be converted into a 

Bag of Features representing the image. All the vehicle images of training dataset are 

used to extract local image features. Every extracted image feature is added into a “bag” 

or dictionary for each image. 
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Figure 4-7: Bag of features illustration 
 

We use extracted features to build a visual words dictionary based on the BoW 

concepts. The dictionary is the comprehensive representation of all the image features 

extracted from all the vehicle images included in the training dataset. The image features 

are encoded using the dictionary and the histogram of occurrences of visual words in an 

image is created which also represent the entire image. The dictionary is built offline 

during the training phase, the dictionary is created using the training dataset and used to 

encode both training and testing dataset into image feature vectors. The pseudocode for 

the offline dictionary building step is given in Algorithm 1.  
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Algorithm 1: Pseudo-code representing the used dictionary generation 
 

Let I present the vehicle images included in training dataset with Nc number 

of classes, where Ii denotes the training images belonging to class i in 

training dataset. 

I = {I1, I2, ,,,, INc} 

Image features are extracted from every j-th image in Ii, and F represents 

all the features of the training dataset. 

F = 𝐹𝑖𝑗 

Algorithm 1: Building Dictionary 

 

1: Input: The set of images from all classes, I = {I1, I2, ,,,, INc}, 

Dictionary Size SD 

2: Output: Dictionary D 

3: Initialize: F = {} 

4: Step 1: Collecting Local Features (SIFT or SURF) 

5: for each class I ∈ [1; Nc]: do 

6:       Initialize: Fi = {} 

7:       for each image j ∈ [1; Ni]: do  

8:                Fij ← FeatureExtraction(Iij) 

9:                Fi = Fi U Fij     Fij is set of local features in 

image j 

10:       end for 

11:       F = F U Fi 

12: end for 

13:  

14: Step 2: Dictionary Building 

D ← Cluster (F, SD) 
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Each feature descriptor fx can be regarded as a point in the feature space. As an 

example, for SURF, it would be a 64-dimensional space and for SIFT, it would be a 128-

dimensional space. The process of Dictionary Generation involves grouping all such 

training data points in high-dimensional space into a specified number of clusters. Each 

cluster represents a visual word; the center of the cluster is treated as a visual word. Let’s 

assume that we want to create a dictionary of twenty visual words; hence we create 

twenty clusters for the image features. The center of each cluster is considered as a visual 

word. After defining visual words, the association between each feature and visual words 

is determined. We measure the Euclidean distance between feature and all ten centers 

(visual word) and the feature is associated with the visual word having a minimum 

distance. For example, a feature is closer to cluster 6 as compared to other clusters so the 

feature will be associated with cluster 6.  

We create dictionaries with different sizes by specifying the number of clusters. We 

adapt K-Means Nearest Neighborhood (KNN) Clustering for the dictionary generation 

process. The KNN clustering is simple unsupervised learning technique and works faster 

as compared to other clustering techniques. The main idea is to define the number of 

clusters (also known as k centers). Next, we randomly place the k centers in the feature 

space. We measure the distance of every feature with respect to every cluster’s center 

(visual word) and the feature is associated with the center having a minimum distance. 

Once all the features are associated with the centers; we recalculate the center by taking 

the mean of all associated features. For example, we want to create k clusters with m 

features: m1, m2, m3 … mk are subsets of features associated with cluster 1, 2, 3, … k. 

KNN algorithm calculates the mean for each feature subset that represents a new location 
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for the center. The features are associated again with the new centers and mean is re-

calculated to define the new centers. The process of feature association and center 

adjustment is repeated until centers do not change their location anymore. The center of 

each learned cluster represents a visual word. The size of visual word dictionary is 

analogous to the number of learned clusters.  

Thus, each SIFT and SURF image feature is mapped to a specific visual word using 

the clustering algorithm; the histogram of occurrences of visual words represents the 

image. Finally, the histograms are normalized and the histogram is the global features 

representation of the respective image. A visual dictionary is built using training dataset 

images only whereas both training and testing datasets are encoded by using the same 

dictionary. Algorithm 2 provides the pseudocode for creating this histogram for global 

features representation.  

Algorithm 2: Histogram Creation for Global Feature Representation 
 

1: Input: An input Image I, Dictionary D, Dictionary Size SD 

2: Output: The computed BoW Histogram, H 

3: Initialize: H ← {0,…., 0}, where size of H = SD 

4: Step 1: Features Extraction (SIFT or SURF) 

5: F ← FeatureExtraction(I)    

6:  

7: Step 2: Histogram Creation 

8: for each feature f ∈ F: do 

9:       k ←identify cluster with minimum distance with the feature f 

10:       H(k) ← H(k) + 1 

11: end for 

12:  

13: Step 3: Histogram Normalization 

14: m ← max(H) 
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15: for each element in H: do 

16:      H(b) ← H(b) / m 

17: end for 

 
The discriminative capacity and generalizability of the dictionary and processing 

speed of VMMR system depend on the dictionary size; hence the performance of BoF-

VMMR also depends on the dictionary size. More than one distinctive feature can be 

assigned to same visual word due to smaller dictionary size; hence results in reduce 

discriminative capabilities. A larger dictionary loses the capability of generalization; 

larger dictionaries tend to increase the processing overhead and add more penalty to noise 

[74]. We analyze several dictionary sizes with respect to their effect over VMMR 

recognition rate and processing speed in this work (discussed further in Chapter 6). 
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Chapter 5: Classification 

Techniques 

 

 

Designing Vehicle Make and Model Recognition (VMMR) requires the identification 

of the specific vehicle in terms of its manufacturer, model, and generation. Once an 

image features are extracted and the image feature vector is constructed, the next step is 

to train the classifier. Once the classifier is trained, the objective of the classifier is to 

identify a specific instance of a vehicle; mostly, the input image during the testing 

process is not processed previously. During the training phase, classifiers learn the intra-

class similarities (multiple vehicles belonging to the same category) and inter-class 

differences (vehicles belonging to different categories) and build up a model that is used 

later for recognizing the unseen vehicle images. A lot of different classifiers are available 

and none of these classifiers perform best in all different types of applications [75]. Data 

scaling, the presence of outliers and noise, redundant attributes, overfitting, and 

underfitting are few of the factors that affect classifier’s performance.  

In this chapter, we discuss few classification techniques along with their strengths and 

weaknesses which help to select the classification technique to solve the VMMR 

problem. We describe and discuss the selected classification techniques in detail. We 

propose a two-level SVM classification approach in this chapter and discuss the working 

of the proposed approach. 
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5.1. Classification Algorithms 

Many different classifiers are available and none of these classifiers perform best in 

all different types of applications [75]. We briefly discuss some machine learning 

algorithms for classification in this section along with their strengths and weaknesses.  

5.1.1. Logistic Regression 

The logistic regression [91] is based on statistical learning method. Logistic 

regression analyzes the dataset and predictions are made with either binary or 

dichotomous variable; dichotomous output can be treated as probability outcome for the 

categories. Logistic regression tries to estimate the best fitting model to describe the 

relation between a set of independent variables and outcome. Logistic regression 

produces a linear model to relate the outcome with independent variables; hence logistic 

regression works well with linearly separable datasets. 

Strengths: Logistic regressions can be easily regularized to avoid overfitting. The 

models can be modified to accommodate changes with the help of statistical gradient 

descent algorithm.  

Weaknesses: Logistic regression cannot capture complex relations between the 

dataset due to its simple nature. Logistic regression’s performance tends to degrade for 

non-linear or multiple decision boundaries. 

5.1.2. Naïve Bayes 

Naïve Bayes classification [92] works on the rule of conditional probabilities and 

counting. Naïve Bayes considered all of the attributes to be mutually independent of each 

other and there is no correlation between the attributes. Naïve Bayes algorithm creates a 
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probability table based on the training dataset; class probabilities for a new observation 

are calculated using the probability table based on its feature values. Continuous 

variables are either converted to discrete values to calculate the probabilities or 

probability density functions are used to calculate the probabilities.  

 Strengths: Naïve Bayes algorithm can be easily scaled with the dataset and are 

easily implementable. Naïve Bayes algorithm performs well with the small training 

dataset as well. 

Weaknesses: Naïve Bayes’ assumption regarding non-correlated attributes is rarely 

true for real-world problems; the algorithm cannot model the dependencies.  

5.1.3. Artificial Neural Networks   

Artificial Neural Network [93], inspired by the biological nervous system, is an 

information processing paradigm made up of a large number of simple and highly 

interconnected processing units named as neurons.  

Strengths: Artificial Neural Networks work very well with larger dataset; they have 

outperformed other machine learning approaches with large training dataset. The neural 

networks are simpler and easier to implement. 

Weaknesses: Neural Networks required a lot of computational power to train the 

system and require huge dataset for training. The theoretical background of neural 

networks is the weakest among all the machine learning algorithms.  

5.1.4. Discussion 

We have discussed few of the machine learning algorithms. We also have discussed 

the strengths and weaknesses of these algorithms. We decided to use Support Vector 

Machine and Random Forest classification algorithms for our VMMR system. This 
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decision is based on the theoretical discussion and observations regarding machine 

learning algorithm and by analyzing the other VMMR research works. We also tried 

Artificial Neural Network and Probabilistic Neural Networks for VMMR solution but 

these algorithms did not perform well. Next, we will discuss Support Vector Machine and 

Random Forest Classifier in detail along with their strengths and weaknesses. 

5.2. Support Vector Machines 

The Support Vector Machine (SVM) [76, 77] is a supervised learning method and 

efficient binary classifier. The SVM uses a subset of training data observations, named as 

support vectors (SVs), to represent the optimal separation between two classes. The 

testing data is categorized using its distance from support vectors gathered during the 

training process. An ensemble of binary classifiers is used to create multi-class SVM 

classifier. 

Strengths: Support Vector Machine is robust to overfitting especially for a dataset 

with higher dimensions (features). Support Vector Machine can easily model non-linear 

decision boundaries by using kernels (Section 5.2.2).  

Weaknesses: Support Vector Machine is a memory intensive algorithm. The 

selection of kernel can be trickier sometimes. 

5.2.1. Binary SVM Classifier 

Consider a training dataset (𝑥𝑖, 𝑦𝑖) of N linearly separable data observation with d-

dimensions where 𝑥𝑖  ∈  𝑅𝑑 and the labels 𝑦𝑖  ∈ {−1, +1}. A hyperplane 𝑃, also known 

as decision boundary, that can separate the data points of the two classes is defined as 

𝑤. 𝑥 + 𝑏 = 0, where the vector 𝑤 is normal to hyperplane 𝑃 , 𝑏 is bias, and the 
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perpendicular distance from origin to 𝑃 is given by 
||b||

||w||
. See Figure 5-1 for an illustration 

of data separation by hyperplane 𝑃. In Figure 5-1, linearly separable data samples of two 

classes are shown as circles and squares whereas the hyperplane 𝑃 is the decision 

boundary between two classes.  

When separating two classes, we can have multiple decision boundaries as shown in 

Figure 5-2. All of the decision boundaries can separate the two classes but it is important 

to select the optimal decision boundary. Support Vector Machine algorithm tries to select 

the optimal decision boundary by selecting a hyperplane that represents the maximum 

separation between the data points of two classes as shown in Figure 5-3. The solid line 

shows the optimal hyperplane (decision boundary) between two classes whereas the 

dotted lines show the maximum separation between the two classes. 

 

Figure 5-1: Illustrating the hyperplane P separating 2D data points of two classes. The 

circles correspond to data points of the class label -1, whereas the square corresponds to 

those of label +1. 
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Figure 5-2: Multiple decision boundaries 

 

Figure 5-3:  Illustrating the hyperplanes P, P+1, and P-1 
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All data points of labels +1 and −1 that lie at shortest distances 𝑑+ and 𝑑− to 

hyperplane 𝑃 respectively, are called the Support Vectors (SVs). The margin surrounding 

hyperplane 𝑃 is then of width 𝑑+ + 𝑑−. Under the assumption of linear separability of 

the considered training data, it can be assumed that all the data points 𝑥𝑖 satisfy the two 

following inequalities: 

𝑤. 𝑥𝑖 + 𝑏 ≤  −1,   𝑦𝑖 =  −1 

Equation 5-1 

𝑤. 𝑥𝑖 + 𝑏 ≥  +1,   𝑦𝑖 =  +1 

Equation 5-2 

 

Combining the inequalities of Equation 5-1 and Equation 5-2 

𝑦𝑖 . (𝑥𝑖. 𝑤 + 𝑏) − 1 ≥ 0,   1 ≤ 𝑖 ≤ 𝑁 

Equation 5-3 

 

The hyperplanes 𝑃+1 and 𝑃−1 contain the SVs of labels +1 and −1 respectively, with 

𝑤. 𝑥 + 𝑏 =  ±1 (See Figure 5-3). The perpendicular distances from the origin to  𝑃+1 and 

𝑃−1 are then 
|−1−𝑏|

||𝑤||
 and 

|1−𝑏|

||𝑤||
 respectively, which implies that the margin between 

hyperplanes 𝑃+1 and 𝑃−1 is 
2

||𝑤||
. Hence the optimization problem to calculate hyperplane 

P is given by Equation 5-4: 

Minimize 

𝜑(𝑤) =  
||𝑤||2

2
      Equation 5-4 

Subject to 

𝑦𝑖. (𝑥𝑖. w + b)  ≥ 1 
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Two more variables ζi (slack variable) and C (regularization constant) are added to 

Equation 5-4 to enhance the classification performance. The variable C is added to handle 

trade-off between maximal margin and classification error. Hard margin constraint is 

relaxed by using ζ. The updated equation is given below in Equation 5-5  

Minimize 

𝜑(𝑤) =  
||𝑤||2

2
+ 𝐶 ∑ 𝜁𝑖

𝑁
𝑖=1      Equation 5-5 

Subject to 

yi. (xi. w + b)  ≥ 1 –  ζi, ζi ≥  0 

 

5.2.2. Non-Linear Kernel Functions 

The binary SVM classifier (discussed in Section 5.2.1) is used for linear 

classification. It is considered to derive a hyperplane between linearly separable two data 

categories. SVM can also perform efficiently in case of non-linear separable data by 

using non-linear kernel functions. Cover’s theorem [78] states that a non-linear kernel 

function is more likely to generate a linearly separable data points in higher dimensional 

space when it is applied on a linearly inseparable data. More details on the characteristics 

of kernel functions and their construction can be found in [79]. Some of the frequently 

used kernels are: 

 Linear Kernel:  

𝐾(𝑥𝑖, 𝑥𝑗) = 𝑥𝑖 . 𝑥𝑗 

Quadratic Kernel:  

𝐾(𝑥𝑖, 𝑥𝑗) = (𝛾𝑥𝑖. 𝑥𝑗 + 𝑟)2, 𝛾 ∈  ℝ+, 𝑟 ∈  ℝ  
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Polynomial Kernel:  

𝐾(𝑥𝑖, 𝑥𝑗) = (𝛾𝑥𝑖. 𝑥𝑗 + 𝑟)𝑑, 𝛾 ∈  ℝ+, 𝑟 ∈  ℝ, 𝑑 ∈ 𝑁 

Radial Basis Kernel:  

𝐾(𝑥𝑖, 𝑥𝑗) = 𝑒−𝛾||𝑥𝑖−𝑥𝑗||2
 

5.2.3. Multi-Class Support Vector Machine 

The SVM algorithm is designed for two-class classification problems basically as 

discussed in Section 5.2.1 but many problems are not limited to two classes only such as 

scene classification, text classification, bioinformatics, optical character recognition, etc. 

A multi-class SVM is required to classify more than two classes; multi-class SVM 

classifier is constructed by combining multiple binary SVM classifiers. One-versus-rest 

[80] and one-versus-one [81] are two approaches used for multi-class SVM classification. 

In the one-versus-rest approach, a single binary SVM is created for every class against 

rest of the classes. So we need NC number of binary SVMs, where NC is the total number 

of classes. In the one-versus-one approach, 
𝑁𝐶 (𝑁𝐶 −1)

2
 binary SVMs are created. A binary 

SVM is created for every class against every other class. The results of the binary SVMs 

can be combined in different ways for classification, such as: 

 Majority Voting: Every binary SVM has a vote. Votes are counted and the class 

with highest vote count across all the binary SVMS is the final classification 

output.  

 Least Square Error (LSE)-weighted Outputs: Implemented by assigning 

weights to the output of each binary SVM. Majority voting scheme is applied 

using weighted output.  
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 Double Layer Hierarchical Combination: In this approach, a second layer 

classifier is used for the evaluation of first layer binary SVMs.  

We used one-versus- one approach in our work. CW Hsu and CJ Lin have compared 

both approached in [82] and concluded that both approaches have comparable 

performance except one-versus-one require lesser training time as compared to one-

versus-rest approach.  

5.3. Random Forest 

The Random Forests are ensemble learning approach proposed by Leo Breiman [83]. 

Weak binary decision trees are used to create an ensemble in Random Forest 

Classification. Random Forest constructs a multitude of decision trees during the training 

process and final class is determined using mode (majority voting) during the testing 

process. Tin Kam Ho [84] initially introduced the idea of the random forest by using 

Random Subspace method [85]. Brieman combined the creation of random subsets of 

training data named as bagging with Ho’s idea of randomly subsampling of training 

features to build the decision trees. The observations in the datasets often have missing 

values; the features may have unavailable, corrupt or invalid values. It is important to 

handle the missing data in order to achieve good performance. Random Forest Classifiers 

produces good results on missing data [86].  

According to the law of large numbers, the average of a sample dataset converges to 

the expected value given enough number of experiments or trails. For example, tossing a 

fair coin for ten times will likely not to generate a heads-to-tails ratio of 1:1; it may 

appear far distant like 7:3 or even 10:0. However, tossing the same coins for million 

times generate heads-to-tails ratio extremely close to 1:1.  
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Figure 5-4: Overfitting illustration 

Machine learning algorithms create a training model using details and noise in the 

training dataset to the extent where the training model affects the model’s performance 

negatively on new observations; this problem is known as overfitting. The overfitting 

problem is shown in Figure 5-4; where red solid line shows an overfitted decision 

boundary and may decrease the machine learning model’s performance. The decision 

boundary represented by dotted black line is a good option for avoiding overfitting. A 

single decision tree is prone to overfitting problem and tree pruning is used to overcome 

the overfitting problem. Pruning is a technique which removes sections of tree and 

reduces tree’s size. An ensemble of decision trees can overcome the overfitting as well 

just like the law of large numbers. Hence, Random Forest does not require tree pruning 

and can overcome the decision trees’ problem of overfitting [87]. The increase in the 
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number of decision trees results in a reduction in overfitting problem but on the other 

hand, the increase in the number of decision trees also results in an increase in required 

training and testing time.  

Strengths: Random Forest classification is easily scalable and can model non-linear 

decision boundary naturally due to their hierarchal structure. Random Forest is robust to 

outliers. Decision Trees are prone to overfitting but Random Forest can handle the 

overfitting problem. 

Weaknesses: A large number of decision trees are required to avoid overfitting and 

better performance which can result in increased training and testing time. In case of 

attributes with discrete levels or categories, Random Forest favors the attribute with more 

levels. 

5.3.1. Random Forest Construction 

A Random Forest is a collection of multiple random decision trees Tt ∈ {T1, T2, …, TT }. 

A decision tree is a simple representation of input variable and their possible values. 

Every input variable (feature) corresponds to an interior node in a decision tree. The 

edges to children are based on the possible values of input variable (parent node). The 

path from the root node to the leaf is based on values of input variables and leaf 

represents the final output class. A sample decision tree is given in Figure 5-5; which is 

constructed to make a decision regarding going out for running based on weather 

conditions. Random Forest algorithm constructs decision trees based on a randomly 

selected subset of data and randomly selected features within the data subset as given in 

Figure 5-6. Every decision tree Tt for Random Forest is created using the following 

procedure: 
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Figure 5-5: Sample decision tree 
 

A subset Xi is randomly chosen from the training data set X with replacement; every 

decision tree is trained with its own subset of the training dataset. This subset Xi is used 

to grow the decision tree.  

Random Forest algorithm selects a subset F of features randomly at each node within 

a tree. The features 𝑓𝑗
∗  ∈ 𝐹 with the maximum information gain Δ and a threshold t such 

that the value of t ∈ [min(𝑓𝑗
∗), max(𝑓𝑗

∗)] are used to split the randomly selected subset Xi 

into 𝑋𝑖
𝑙 and  𝑋𝑖

𝑟 as given in Equation 5-6 and Equation 5-7 . The splitting of subset Xi into 

𝑋𝑖
𝑙 and  𝑋𝑖

𝑟 is used to create two children of the current node. This process is repeated at 

each node.  
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𝑋𝑖
𝑟 = { 𝑗 ∈  𝑋𝑖 |𝑓𝑗𝑘 > 𝑡}, 1 ≤ 𝑘 ≤ |𝐹|   Equation 5-6 

𝑋𝑖
𝑙 =  𝑋𝑖 \ 𝑋𝑖

𝑟     Equation 5-7 

 

Equation 5-8 is used to calculate information gain Δ and entropy E is computed based 

on the class frequencies in Xi.  

𝛥 =  − 
|𝑋𝑖

𝑟|

|𝑋𝑖|
 𝐸(𝑋𝑖

𝑟) − 
|𝑋𝑖

𝑙|

|𝑋𝑖|
 𝐸(𝑋𝑖

𝑙)      Equation 5-8 

 

 

Figure 5-6: Random forest learning process 
 

The number of features (|F|) can affect random forest classification. A large F can 

lead to increase in correlation between the decision trees; increase in correlation increases 

the random forest error rate [83]. A smaller F can introduce the underfitting problem and 

can reduce the strength of individual decision true; which results in increased random 

forest error rate [83]. Similarly, more training time is required for larger F. An optimal 
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size of F can be determined experimentally based on the classification problem (dataset 

used). 

5.3.2. Classification 

Random Forest uses multiple decision trees for classification. Given a test data 

instance x, every decision tree is traversed for the input test data. Every tree generates its 

decision regarding the class of input data. The next step is to combine all these weak 

decisions of the trees to construct final output. Random Forest uses majority voting 

algorithm for the final decision. Figure 5-7 illustrates the random forest classification 

procedure. 

  

Figure 5-7: Random forest classification process 
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5.4. Two-Level Support Vector Machine Classification 

The primary objective of the machine learning research is to produce effective and 

efficient learning methods. Effectiveness can be measured empirically in terms of the 

predictive accuracy (recognition rate) on unseen data. Efficiency can be measured in 

terms of time and memory requirements. Of these two goals, effectiveness may be more 

important because inefficiency can be partially overcome by using dedicated servers, 

parallel processing, multi-core CPUs, GPUs, etc.  

In an attempt to increase effectiveness, we propose a two-level Support Vector 

Machine (SVM2) classification method in this section. The configuration of the proposed 

method is shown in Figure 5-8. We have cascaded two SVM classifiers. We discuss the 

training process and testing mechanism of the proposed method in Section 5.4.1 and 

Section 5.4.2, respectively. 

 

Figure 5-8: Two-level SVM classification approach 
 

5.4.1. Training Process 

The Support Vector Machine uses two approaches (one-verses-one and one-verses-

rest) to solve multi-class problems and we use one-verses-one approach in our work (as 

discussed in Section 5.2.3). In the SVM2 method, a one-versus-one approach is used to 

create a multi-class SVM. For Nc classes, the first SVM consists of 𝑁 =  
𝑁𝐶 (𝑁𝐶 −1)

2
 

binary SVMs. For example, since the NTOU-MMR dataset contains thirty-five classes, 
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𝑁 =  
35(34)

2
= 595 binary SVM classifiers are used to distinguish between pairs of 

classes. Each binary SVM will provide its probability estimate in favor of a specific 

vehicle class during the testing process.  

The proposed classification method is trained in three steps. In the first step, we train 

the first SVM classifier with the training dataset like we train all other machine learning 

classifiers. In other words, we independently train the N binary SVMs. In second step, we 

apply the now-trained first SVM classifier to the same training dataset (like we apply the 

trained classifier to predict the outcome classes for new unseen dataset). This process 

generates N probability estimates (one for each binary SVM) for each input vector. We 

store the N probability estimates in an N-element, intermediate vector called a p-vector. 

In the third step, the p-vectors are used to train the second SVM classifier.  

5.4.2. Testing Process 

The testing process for the two-level SVM classification is simple. It is performed in 

two steps. First, the first trained SVM classifier is applied to the testing dataset. For each 

input image feature vector in the testing dataset, the N binary SVM classifiers produce N 

probability estimates, which are collected as p-vectors. Instead of using probability 

estimates to make a final decision, we consider the p-vectors as a new representation of 

the testing dataset and forward them as input to the second SVM classifier. The Second 

SVM classifier, which was trained with the probability estimates of the training dataset, 

predicts the output class for each incoming p-vector.  
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Chapter 6: VMMR Results and 

Performance Evaluation 

 

 

In this chapter, we present and analyze the results of VMMR and comment on its 

performance. The research covered by this thesis used two machine learning algorithms 

and four image feature extraction algorithms. We also introduced a two-level SVM 

classification in this work to improve the recognition rate. VMMR uses two machine 

learning approaches: Support Vector Machine and Random Forests; in addition it utilizes 

four image features, namely, Scale Invariant Feature Transform (SIFT), Speed-Up 

Robust Feature (SURF), Histogram of Oriented Gradient (HOG) and GIST. The four 

feature extraction systems have been used with all three machine learning algorithms. 

The features used by SIFT and SURF are local image features that have been grouped 

into visual dictionaries using a Bag of Features (BoF) approach to generate a global 

feature vector. Multiple dictionaries of different sizes are employed in an attempt to find 

the most suitable size. We built multiple HOG image feature vectors with different sizes 

based on the HOG parameter configuration. We compare the results of all VMMR system 

variations (Section 6.1).  

A Vehicle Make and Model Recognition (VMMR) system can provide great value in 

terms of vehicle monitoring and identification based on vehicle appearance instead of the 

vehicles' attached license plate. The existing VMMR research focuses on recognition of 

the vehicles based on their make and model (MM) parameters only. We have included 
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generation (group of consecutive manufacturing years) as another parameter. Thus, our 

VMMR system recognizes a vehicle and provides us the information about vehicle make, 

model and generation (MMG).  

The experiments are performed multiple times and the averaged results are presented 

here. As discussed, two basic indicators (accuracy and speed) and other complementary 

measures, including a confusion matrix and class-wise accuracies, are used to evaluate 

the system. We discuss the computational time for the feature extraction and global 

feature representation during the training phase as well as the recognition phase in 

Section 6.2. Then, we discuss VMMR results for each machine learning algorithm in 

terms of recognition rate and processing speed and compare the results of all four feature 

extraction techniques in Section 6.3 and Section 06.4. Next, we compare the results of the 

two machine learning algorithms in Section 6.5 and discuss the results of two-level SVM 

classification in Section 6.6. We discuss the confusion matrix and class-wise accuracies 

for further insight in Section 6.7 and 10-fold cross-validation in Section 6.8. We also 

compare our results to the other published ones and discuss the effect of training dataset 

size on the VMMR recognition rate in Section 6.9. 

6.1. VMMR System Variations 

The VMMR system is built with two machine learning algorithms and the NTOU-

MMR dataset is represented by four feature extraction techniques. Several configurations 

are used for feature extraction techniques; hence we have multiple representations of a 

single dataset. SIFT and SURF features are represented by a BoF model. The BoF 

approach creates visual dictionaries of size ranging from 1600 visual words to 3000 

visual words; eight different dictionaries are created for each of SIFT and SURF, which 
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provide us with sixteen dataset representations. We used eight different configurations 

(number of blocks) to extract HOG features; hence we have eight more dataset 

representations in terms of HOG features. Lastly, we discussed only one GIST feature 

configuration because in the preliminary experiments other GIST configurations not 

affect the VMMR system much. Hence, with all the feature extraction configurations, we 

created twenty-five representations of the NTOU-MMR dataset (Table 6-1 and Table 6-

2). As well, the Random Forest classifier is trained and tested with six different settings 

for the number of decision trees whereas the margin between the classes is tried with six 

different settings for Support Vector Machine algorithm.  

6.2. Computation Time for Feature Extraction and 

Global Feature Representation 

The computational time is an important factor for any real-time application. Since 

features must be calculated for any new input images in real-time, we evaluate the 

detailed information on the computational time required for each step, starting with 

extracting the HOG and GIST image features. In the case of HOG, we divide the image 

into overlapping blocks and compute the gradients and construct a histogram for each 

block. All the blocks’ histograms are simply concatenated with each other to form an 

image feature vector. Similarly, in the case of GIST, we convert the original image into a 

set of images with different scales and orientations and compute the Gabor Transform for 

each image. The transformed images are divided into grid of blocks and average is 

calculated for each block. Lastly, simple concatenation of averaged values of grids is 

used to construct image feature vector. The workings of HOG and GIST are discussed in 
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detail in Sections 4.1.3 and 4.1.4. The computational time is measured on the same 

personal computer as described in Section 3.4. The measured computational times for 

GIST and HOG are provided in Table 6-1. The block division configuration for HOG is 

given in the second column of the table. The total time required for computing each 

configuration is provided in seconds per 100 images. As we increase the number of 

blocks, the computational time increases. The computational time for GIST is about 2 

times compared to the largest HOG configuration and about 4 times compared to smallest 

HOG configuration used. The training and testing datasets undergo through the same 

process in case of HOG and GIST features; hence the computational time required is the 

same for training and testing phases for both HOG and GIST.  

Table 6-1: Computation time for HOG and GIST (seconds/100 images) 

Method Configuration  Feature Extraction  

HOG 

24 x 6 2.41 

30 x 6 2.74 

33 x 6 2.79 

24 x 9 2.85 

33 x 9 3.28 

45 x 9 3.91 

36 x 12 4.04 

45 x 12 4.56 

GIST   8.91 

 

Feature extraction using SIFT is described in Section 4.1.1 and SURF in Section 

4.1.2. Both SIFT and SURF use local image features and we have used the BoF model 

described in Section 4.2.1 to define a global image feature vector combining SIFT and 

SURF. We create a set of dictionaries for the SIFT and SURF features with sizes ranging 
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from 1600 to 3000 (visual words), with an incremental step of 200. Words with visual 

components to their meanings are defined using KNN clustering based on the training 

dataset. As the same dictionary is used for encoding testing images, it is not required to 

create a new dictionary for the testing dataset. The computation time to encode images 

for a training dataset includes the time required for feature extraction, dictionary creation 

and encoding. Since dictionary creation is not required for the testing dataset, the 

computation time for encoding a testing dataset comprises as only the time for feature 

extraction and encoding. The computation time for SIFT and SURF is given in Table 6-2. 

Dictionary sizes are given in the second column. Column 3, 4 and 5 provide the 

computation time (in seconds) for feature extraction, dictionary creation and encoding 

steps, respectively, for 100 images. The total time required to process 100 images from 

the training and testing images are given in the last two columns of the table respectively. 

All the processing times given in the Table 6-2 are reported as the time required to 

process 100 images. These values are obtained by averaging the processing times 

required to process a complete dataset.  

Table 6-2:  Computation time for SIFT and SURF (seconds/100 images) 

Method 
Dictionary 

Size 

Feature 

Extraction 

(1) 

Dictionary 

Creation (2) 

Encoding 

(3) 

Training 

(1+2+3) 

Testing 

(1+3) 

SIFT 

1600 9.51 4.23 16.29 30.03 25.80 

1800 9.51 4.52 17.87 31.90 27.38 

2000 9.51 4.83 19.49 33.83 29.00 

2200 9.51 5.16 21.19 35.86 30.70 

2400 9.51 5.55 23.63 38.69 33.14 

2600 9.51 6.03 24.89 40.43 34.40 

2800 9.51 6.42 27.18 43.11 36.69 
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3000 9.51 6.84 28.69 45.04 38.20 

SURF 

1600 6.42 1.26 6.42 14.10 12.84 

1800 6.42 1.29 7.06 14.77 13.48 

2000 6.42 1.35 7.75 15.52 14.17 

2200 6.42 1.44 8.48 16.34 14.90 

2400 6.42 1.48 9.32 17.22 15.74 

2600 6.42 1.53 10.01 17.96 16.43 

2800 6.42 1.59 10.74 18.75 17.16 

3000 6.42 1.65 11.59 19.66 18.01 

 

It is evident from the tables that the computation times required for SIFT and SURF 

are much higher than those required for HOG and GIST. HOG requires the lowest time 

while SIFT requires the highest computation time.  

6.3. Results Using Random Forest 

The Random Forest machine learning algorithm works on the basis of growing a 

collection of decision trees called the random forest. Every decision tree is trained with a 

randomly selected subset of training data and a randomly selected attributes (features). 

During classification every decision tree in the random forest is traversed for every input 

feature vector and each tree predicts the class of the input vector based on its own 

configuration. Then the prediction results are combined, and an output class is selected 

using majority voting.  

In this section, we discuss the results of applying random forest based VMMR system 

to the NTOU-MMR dataset. We discuss the recognition rate to present the perceived 

accuracy of the VMMR, and we report the computational time for the testing dataset. 

Random Forest was trained with configuration of 100, 150, 200, 250, 300, and 350 
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decision trees. We use the term RF-VMMR to refer the VMMR system with Random 

Forest classification.  

The other two important parameters used in random forest training are the number of 

randomly selected (with replacement) samples used to grow each decision tree and the 

number of randomly selected attributes to consider for each decision tree; we selected the 

values of these two parameters based on experimental analysis. The same parameters are 

used during the testing phase. We observed that the recognition rate decreased if we 

reduced the size of training subset for each decision tree and the same thing also happens 

when we reduced the training dataset for the entire random forest as discussed in Section 

6.8. Hence, we used all the training dataset to grow the decision trees. Similarly, we 

observed that Random Forest performs better with the number of selected attributes equal 

to the square root of the total number of attributes for our RF-VMMR system.  

The RF-VMMR recognition rates shown in Figure 6-1 for four feature extraction 

techniques ((a) GIST, (b) HOG, (c) SIFT, and (d) SURF) with twenty-five dataset 

representations in total. The vertical axis of all the four figures represents the RF-VMMR 

recognition rate while the horizontal axis represents different information. For GIST 

features, as shown in Figure 6-1 (a), the horizontal axis shows the number of decision 

trees used for Random Forest training. The horizontal axis in Figure 6-1 (b) represents 

the number of blocks used to construct HOG image features. In Figure 6-1 (c) and (d), the 

horizontal axis represents the dictionary size for SIFT and SURF features, respectively. 

The recognition rate for different Random Forest configurations (number of decision 

trees) are shown using different styled lines for HOG, SIFT and SURF features in Figure 

6-1 (b), (c) and (d).  
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Table 6-3 provides the detailed overview of testing times. The time shown in the table 

presents the computational time required to process a hundred images during the testing 

phase. The first six columns in the table provide the computational time for the Random 

Forest testing process; the first column provides the time to process a hundred images 

with 100 decision trees, the second column provides the time to process a hundred 

images with 150 decision trees and so on. The last column shows the time required to 

extract image features and apply global feature representation for a hundred images.   
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(a) GIST features 

 
(b) HOG Features 

 
(c) SIFT Features 

 
(d) SURF Features 

Figure 6-1: Recognition rate for RF-VMMR 
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Table 6-3: RF-VMMR testing time (seconds/100 images) 

  
Configu

ration 

Trees 

100 

Trees 

150 

Trees 

200 

Trees 

250 

Trees 

300 

Trees 

350 

Feature 

Extraction 

GIST  0.005 0.008 0.010 0.014 0.018 0.005 8.91 

HOG 

24 x 6 0.006 0.009 0.012 0.013 0.014 0.015 2.41 

30 x 6 0.008 0.009 0.011 0.014 0.016 0.017 2.74 

33 x 6 0.008 0.009 0.012 0.013 0.016 0.017 2.79 

24 x 9 0.007 0.010 0.011 0.016 0.016 0.017 2.85 

33 x 9 0.008 0.011 0.014 0.016 0.018 0.019 3.28 

45 x 9 0.007 0.012 0.011 0.013 0.016 0.018 3.91 

36 x 12 0.007 0.010 0.011 0.014 0.015 0.018 4.04 

45 x 12 0.007 0.009 0.011 0.014 0.016 0.018 4.56 

SIFT 

1600 0.011 0.012 0.014 0.019 0.025 0.027 25.80 

1800 0.011 0.016 0.017 0.020 0.024 0.027 27.38 

2000 0.012 0.012 0.015 0.018 0.021 0.028 29.00 

2200 0.009 0.012 0.015 0.019 0.022 0.028 30.70 

2400 0.010 0.012 0.016 0.019 0.022 0.028 33.14 

2600 0.010 0.013 0.017 0.019 0.022 0.028 34.40 

2800 0.011 0.014 0.016 0.021 0.025 0.029 36.69 

3000 0.012 0.015 0.017 0.020 0.024 0.029 38.20 

SURF 

1600 0.013 0.016 0.022 0.024 0.029 0.030 12.84 

1800 0.014 0.018 0.021 0.026 0.029 0.030 13.48 

2000 0.013 0.017 0.021 0.026 0.032 0.034 14.17 

2200 0.016 0.021 0.024 0.029 0.033 0.034 14.90 

2400 0.016 0.020 0.025 0.031 0.035 0.036 15.74 

2600 0.015 0.020 0.026 0.033 0.035 0.036 16.43 

2800 0.015 0.020 0.026 0.030 0.035 0.038 17.16 

3000 0.018 0.023 0.029 0.035 0.041 0.042 18.01 
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Table 6-4: RF-VMMR testing processing speed (Frames/Second) 

 

Configu

ration 

Trees 

100 

Trees 

150 

Trees 

200 

Trees 

250 

Trees 

300 

Trees 

350 

GIST  11.2 11.2 11.2 11.2 11.2 11.2 

HOG 

24 x 6 41.4 41.3 41.3 41.3 41.2 41.4 

30 x 6 36.4 36.4 36.4 36.3 36.3 36.4 

33 x 6 35.7 35.7 35.7 35.7 35.6 35.8 

24 x 9 35.0 35.0 35.0 34.9 34.9 35.0 

33 x 9 30.4 30.4 30.4 30.3 30.3 30.4 

45 x 9 25.5 25.5 25.5 25.5 25.5 25.5 

36 x 12 24.7 24.7 24.7 24.7 24.7 24.7 

45 x 12 21.9 21.9 21.9 21.9 21.9 21.9 

SIFT 

1600 3.9 3.9 3.9 3.9 3.9 3.9 

1800 3.7 3.7 3.7 3.6 3.6 3.7 

2000 3.4 3.4 3.4 3.4 3.4 3.4 

2200 3.3 3.3 3.3 3.3 3.3 3.3 

2400 3.0 3.0 3.0 3.0 3.0 3.0 

2600 2.9 2.9 2.9 2.9 2.9 2.9 

2800 2.7 2.7 2.7 2.7 2.7 2.7 

3000 2.6 2.6 2.6 2.6 2.6 2.6 

SURF 

1600 7.8 7.8 7.8 7.8 7.8 7.8 

1800 7.4 7.4 7.4 7.4 7.4 7.4 

2000 7.1 7.0 7.0 7.0 7.0 7.1 

2200 6.7 6.7 6.7 6.7 6.7 6.7 

2400 6.3 6.3 6.3 6.3 6.3 6.3 

2600 6.1 6.1 6.1 6.1 6.1 6.1 

2800 5.8 5.8 5.8 5.8 5.8 5.8 

3000 5.5 5.5 5.5 5.5 5.5 5.5 
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All times presented in Table 6-3 are measured in seconds. Lastly, the processing 

speeds for the testing dataset in terms of frames per second are provided in Table 6-4. 

The processing speeds are measured based on the accumulated values of the feature 

extraction, global feature representation time and testing time for RF-VMMR. 

6.4. Results Using Support Vector Machine 

The Support Vector Machine (SVM) algorithm creates multiple binary SVMs for a 

multiclass classification problem; the results of the binary SVMs are used to generate the 

final decision about the incoming observation. In this section, we discuss the performance 

of using Support Vector Machine based VMMR system. We discuss the recognition rate 

(accuracy) and required computational time for the testing dataset. Several kernels are 

available for the transformation of the training dataset; we have used linear kernel. A 

linear kernel is a good option when the numbers of features are greater than the number 

of observations [88]. When applying the VMMR system to the NTOU-MMR dataset, we 

used 2750 training observations where the number of features varied from 512 to 5000 

for each observation depending on the feature extraction technique and configuration 

employed. It is reported in the literature that the mapping of data into a higher 

dimensional space does not improve the performance in the case of a large number of 

features [88]. The linear kernel also results in faster training as compared to other kernels 

[88]. Lastly, the linear kernel only requires the optimization of one regularization 

parameter C. The regularization parameter C is used to control the margin of the 

hyperplane separating two data classes. A larger value for C means a smaller margin 

between the two classes. We trained the Support Vector Machine algorithm with C = 2, 4, 
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6, 8, 10, and 12. We use the term SVM-VMMR to represent the VMMR system with 

Support Vector Machine classification. 

The recognition rates for the SVM-VMMR system are shown in Figure 6-2 for four 

different feature extraction techniques ((a) GIST, (b) HOG, (c) SIFT, and (d) SURF) with 

a total of twenty-five dataset representations. The vertical axis of all the four figures 

represents the SVM-VMMR recognition rate while the horizontal axis represents 

different information. For GIST features, as shown in Figure 6-2 (a), the horizontal axis 

shows the size of margin used for SVM training. The horizontal axis in Figure 6-2 (b) 

represents the number of blocks used to construct HOG image features. In Figure 6-2 (c) 

and (d), the horizontal axis represents the dictionary size for SIFT and SURF features, 

respectively. The recognition rate for different SVM configurations (size of margins) are 

shown using different styled lines for the HOG, SIFT and SURF features in Figure 6-2 

(b), (c) and (d). 

Table 6-5 provides a detailed overview of testing time. The time is shown in the table 

present the computational time required to process a hundred images during the testing 

phase. The first six columns in the table present the computational time for the SVM 

testing phase; the first column presents the time required to process a hundred images 

with C = 2, the second column provides the computational time required to process a 

hundred images with C = 4, and so on. The last column shows the time required to extract 

image feature and apply global feature representation for a hundred images. All the times 

given in Table 6-5 are measured in seconds. Lastly, the processing speeds for the testing 

dataset in terms of frames per second are presented in Table 6-6. The processing speeds  
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(a) GIST features 

 
(b) HOG Features 

 
(c) SIFT Features 

 
(d) SURF Features 

Figure 6-2: Recognition Rate for SVM-VMMR
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Table 6-5: SVM-VMMR Testing Time (seconds/100 images) 

  
Configu

ration 

Margin 

C = 2 

Margin 

C = 4 

Margin 

C = 6 

Margin 

C = 8 

Margin 

C = 10 

Margin 

C = 12 

Feature 

Extraction 

GIST  0.207 0.268 0.269 0.267 0.269 0.268 8.91 

HOG 

24 x 6 2.007 2.009 2.011 2.014 2.016 2.005 2.41 

30 x 6 2.008 2.011 2.012 2.010 2.016 2.173 2.74 

33 x 6 2.609 2.609 2.586 2.604 2.566 2.627 2.79 

24 x 9 2.610 2.627 2.562 2.619 2.611 2.620 2.85 

33 x 9 3.272 3.247 3.267 3.258 3.256 3.273 3.28 

45 x 9 3.646 3.660 3.649 3.646 3.642 3.663 3.91 

36 x 12 4.659 4.573 4.545 4.557 4.553 4.569 4.04 

45 x 12 5.136 5.070 5.128 5.131 5.154 5.145 4.56 

SIFT 

1600 0.862 0.853 0.853 0.854 0.848 0.850 25.80 

1800 0.929 0.923 0.911 0.915 0.917 0.922 27.38 

2000 0.982 0.976 0.976 0.979 0.978 0.975 29.00 

2200 1.044 1.032 1.041 1.046 1.043 1.037 30.70 

2400 1.104 1.104 1.104 1.102 1.102 1.097 33.14 

2600 1.181 1.164 1.172 1.169 1.178 1.172 34.40 

2800 1.243 1.243 1.240 1.241 1.233 1.238 36.69 

3000 1.312 1.299 1.308 1.296 1.301 1.305 38.20 

SURF 

1600 0.763 0.747 0.751 0.743 0.745 0.740 12.84 

1800 0.811 0.797 0.795 0.790 0.792 0.794 13.48 

2000 0.871 0.868 0.857 0.867 0.873 0.857 14.17 

2200 0.937 0.917 0.930 0.920 0.919 0.928 14.90 

2400 0.996 0.996 0.998 0.994 0.998 0.985 15.74 

2600 1.053 1.055 1.050 1.046 1.055 1.053 16.43 

2800 1.117 1.119 1.120 1.112 1.112 1.120 17.16 

3000 1.213 1.195 1.198 1.199 1.197 1.191 18.01 
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Table 6-6: SVM-VMMR Testing Processing Speed (Frames/Second) 

 

Configu

ration 

Margin 

C = 2 

Margin 

C = 4 

Margin 

C = 6 

Margin 

C = 8 

Margin 

C = 10 

Margin 

C = 12 

GIST  11.0 10.9 10.9 10.9 10.9 10.9 

HOG 

24 x 6 22.6 22.6 22.6 22.6 22.6 22.7 

30 x 6 21.1 21.0 21.0 21.1 21.0 21.1 

33 x 6 18.5 18.5 18.5 18.5 18.5 18.5 

24 x 9 18.3 18.3 18.3 18.3 18.3 18.3 

33 x 9 15.9 15.9 15.9 15.9 15.9 15.9 

45 x 9 13.9 13.9 13.9 13.9 13.9 13.9 

36 x 12 11.5 11.6 11.6 11.6 11.6 11.6 

45 x 12 10.3 10.3 10.3 10.3 10.3 10.3 

SIFT 

1600 3.8 3.8 3.8 3.8 3.8 3.8 

1800 3.5 3.5 3.5 3.5 3.5 3.5 

2000 3.3 3.3 3.3 3.3 3.3 3.3 

2200 3.2 3.2 3.2 3.1 3.2 3.2 

2400 2.9 2.9 2.9 2.9 2.9 2.9 

2600 2.8 2.8 2.8 2.8 2.8 2.8 

2800 2.6 2.6 2.6 2.6 2.6 2.6 

3000 2.5 2.5 2.5 2.5 2.5 2.5 

SURF 

1600 7.4 7.4 7.4 7.4 7.4 7.4 

1800 7.0 7.0 7.0 7.0 7.0 7.0 

2000 6.6 6.6 6.7 6.7 6.6 6.7 

2200 6.3 6.3 6.3 6.3 6.3 6.3 

2400 6.0 6.0 6.0 6.0 6.0 6.0 

2600 5.7 5.7 5.7 5.7 5.7 5.7 

2800 5.5 5.5 5.5 5.5 5.5 5.5 

3000 5.2 5.2 5.2 5.2 5.2 5.2 
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are measured based on the accumulated values of the local feature extraction, global 

feature representation time and testing time for SVM-VMMR.  

6.5. Comments on VMMR Performance 

The VMMR system performance depends on mainly two elements. The first element 

is the representation of dataset (image feature vectors) which includes the feature 

extraction techniques and global feature representation techniques. The second element is 

the machine learning classification algorithm. Both feature representation and machine 

learning algorithm affect the VMMR system. Observing the accuracies of SVM-VMMR 

and RF-VMMR in Figure 6-1 and Figure 6-2, we can see that the SVM-VMMR performs 

better than RF-VMMR for all the four feature extraction techniques for vehicle 

classification problem.   

The four feature extraction techniques with different configurations have the similar 

behaviors in terms of accuracies regardless of whether they are used with RF-VMMR or 

SVM-VMMR. SURF has the lowest recognition rate followed by SIFT. A few of the 

HOG configurations (division into blocks) and GIST features have the best recognition 

rate while the other HOG representations have better recognition rate than SIFT or 

SURF.  

The increase in the number of decision trees in the Random Forest algorithm 

increases the recognition rate initially but after certain thresholds further increase in the 

number of decision trees negatively affects the recognition performance. Although this 

threshold is not fixed for all of the variations of dataset representations, the recognition 

rate decreased after 300 decision trees in most of the cases. The behavioral pattern 

whereby there is an increase in the recognition rate followed by decrease as the number 
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of decision trees increases can be seen for every feature extraction technique and 

variation. Although there are small variations, the overall recognition rate follows the 

same behavioral pattern. Similarly, as the dictionaries sizes are increased with SIFT and 

SURF, the recognition rate increases for both SVM-VMMR and RF-VMMR until a 

certain point, and then, decreases. 

For RF-VMMR, SIFT achieves its best recognition rate with a dictionary size of 2800 

words and SURF achieves its best recognition rate with a dictionary of size 2600 words. 

For SVM-VMMR, SIFT achieves its best recognition rate with a dictionary size of 2200 

words and SURF achieves its best recognition rate with a dictionary of size 2600 words.  

HOG based VMMR follows the similar pattern; the increase in the number of blocks 

increases the recognition rate up to a certain point, and then, the recognition rate 

decreases. HOG achieves its best recognition rate with 33x6 blocks in case of RF-VMMR 

and with 33x9 blocks in the case of SVM-VMMR. The best recognition rates for GIST, 

HOG, SIFT and SURF are 94.53% (Decision Trees = 300), 94.43% (Blocks = 33x6, 

Decision Trees = 350), 85.53% (Dictionary size = 2800, Decision Trees = 350), and 

78.39% (Dictionary size = 2600, Decision Trees = 250) respectively, for RF-VMMR. 

The best recognition rates for GIST, HOG, SIFT and SURF are 97.20% (C = 10), 97.89%   

(Blocks = 33x9, C = 10), 92.20% (Dictionary size = 2200, C = 12), and 90.11% 

(Dictionary size = 2600, C = 10) respectively, for SVM-VMMR. We can conclude on the 

basis of the recognition rate that GIST and HOG perform similarly for RF-VMMR and 

SVM-VMMR in terms of recognition rate and they both perform better than SIFT and 

SURF features. We observed from the recognition rates that both key points based feature 

extraction techniques do not perform well for VMMR system. 
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The real-time processing speed of the VMMR system is a key factor in performance. 

The processing speeds for both RF-VMMR and SVM-VMMR are almost same for all 

feature extraction techniques except for HOG features for the testing dataset; the RF-

VMMR processing speed is almost twice as fast as SVM-VMMR (Table 6-4 and Table 6-

6). The values for number of decision trees for Random Forest and the margin C for 

Support Vector Machine have very little effect on the computation time for the testing 

phase as can be seen in Table 6-3 and Table 6-5. Similarly, the processing speed during 

the testing phase, as given in Table 6-4 and Table 6-6, is not affected much with 

variations in number of trees and margin C. The classification with GIST and HOG is 

faster than with SIFT and SURF features speed as well. The time required to train and 

test each different feature representation is almost the same for Random Forest and varies 

little for Support Vector Machine. The time required for feature extraction, especially the 

global feature representation, creates a huge gap between the computational time required 

for SIFT & SURF and HOG & GIST, which results in slower processing speed for SIFT 

and SURF based VMMR systems. 

The processing speed of the RF-VMMR for the HOG features (33 x 6 blocks) is 35.7 

frames per second with the recognition rate of 94.43% whereas the processing speed of 

the SVM-VMMR for the HOG features (33 x 9 blocks) is 15.9 frames per second with 

the recognition rate of 97.89%. RF-VMMR and SVM-VMMR systems with GIST 

features yield similar recognition rate for both systems. Also, for the both systems, the 

processing speed is lower with GIST features than with HOG features. It is also evident 

from the Table 6-3 and Table 6-5 that the feature extraction step requires more 

computational time than the machine learning algorithm execution time except for the 
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HOG based SVM-VMMR, where the machine learning algorithm time is almost equal to 

the feature extraction time. Since each incoming image is processed separately and there 

is no inter-dependence between images, the feature extraction step can easily be 

processed in parallel to increase the processing speed of VMMR system.  

Measuring the Top-3 recognition rates is another way to evaluate the classification 

accuracy. We compute the Top-3 recognition rate for RF-VMMR with GIST (C = 10) 

and HOG (Blocks = 33x9, C = 10) features and for SVM-VMMR with GIST (Decision 

Trees = 250) and HOG (Blocks = 33x9, Decision Trees = 300). We used all four 

configurations to create confusion matrices, compute the class-wise recognition rate and 

determine the effect of training dataset size on the recognition rate. The Top-3 

Recognition rates are 98.91, 98.88, 96.66, and 96.81 for HOG (RF-VMMR), GIST (RF-

VMMR), HOG (SVM-VMMR), and GIST (SVM-VMMR), respectively. Overall, GIST 

gives a slightly higher recognition rate than HOG in RF-VMMR but HOG has a faster 

processing speed, which makes HOG the top choice. 

The proposed RF-VMMR and SVM-VMMR systems are compared with nine other 

VMMR approaches in Table 6-7 with respect to the recognition rate and processing 

speed. All the other existing VMMR approaches recognize the vehicles based on Make 

and Model, thus we also computed vehicle classification results based on Make and 

Model. Our VMMR systems outperform other VMMR systems, in terms of both 

recognition rate and processing speed. The results of our proposed VMMR systems, 

given in Table 6-7, are the best outcomes among all the feature extraction and machine 

learning algorithm variations. We provided a brief overview of a few of the compared 

research works in Section 2.5. Chen et al. [28] and Jabbar et al. [48] also used the NTOU-
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MMR [14] dataset to test their work. Our SVM-VMMR system outperforms both of their 

systems in terms of recognition rate and processing speed. Most previous approaches use 

key point based features such as SIFT, SURF, edges, corners, etc. to represent the 

images, which may be the reason their poorer performance. We observed poorer 

performance for key point based feature representations in our work. Chen et al. [28] 

used grid based symmetric SURF features (like HOG) with sparse representation and an 

SVM classifier, so either the symmetric SURF features or the sparse representation may 

be a reason for poorer performance.   

 

Table 6-7: Comparison of our work with other approaches in terms of recognition rate 

and processing speed 

Method 
Feature 

Extraction 

Classification Dataset Recognition 

Rate 

Processing 

Speed (fps) 

Dlagnekov et al. 

[55] (2005) 
SIFT 

Brute-force 

matching 

790 vehicle 

images with 

400x200 

resolution 

90.52% 2.19 

Munroe and 

Madden [54] 

(2005) 

Canny  

edges 

KNN, neural 

network, C4.5 

decision trees 

150 vehicle 

images with 5 

classes 

67.33% 0.93 

Pearce and Pears 

[51] (2011) 

Canny 

edges, SMG, 

Harris 

corners,  

K-mean nearest 

neighbors and 

Naïve Bayes 

Explained in 

Section 2.6 
85.90% 1.73 

Jang and Turk 

[58] (2011) 
SURF 

Matching using 

Lucene search 

engine library 

+ structural 

verification 

Explained in 

Section 2.6 

92.20% 3.1 
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Method 
Feature 

Extraction 

Classification Dataset Recognition 

Rate 

Processing 

Speed (fps) 

Baran et al. [56] 

(2015) 

SIFT, 

SURF, edge 

histogram 

Multi-class 

SVM 

Explained in 

Section 2.6 
91.70% 

97.20% 

30 

0.5 

Chen et al. [28] 

(2015) 

Symmetric 

SURF 

Sparse 

representation 

and hamming 

distance  

Explained in 

Section 3.2 
91.10% 0.46 

He et al. [89] 

(2015) 

multi-scale 

retinex 

Artificial 

Neural 

Network 

1196 vehicle 

images with 30 

classes 

92.47% 1 

Jabbar et al. [48] 

(2016) 
SURF 

Single multi-

class SVM and 

ensemble of 

multi-class 

SVM 

Explained in 

Section 3.2 

94.84% 7.4 

Tang et al. [90] 

(2017) 

Local Gabor 

Binary 

Pattern and 

Histogram 

sequence 

Nearest 

Neighborhood 

223 vehicle 

images with 8 

classes 91.60% 3.33 

SVM-VMMR 

(HOG) [MM] 

HOG Support Vector 

Machine 

Explained in 

Section 3.2 
99.01% 13.9 

RF-VMMR 

(HOG) [MMG] 

HOG Random Forest Explained in 

Section 3.2 
94.53% 35.7 

SVM-VMMR 

(HOG) [MMG] 

HOG Support Vector 

Machine 

Explained in 

Section 3.2 
97.89% 13.9 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

(f) 

Figure 6-3: VMMR challenging cases (a, b) Vehicle under occlusion, (c, d) partially out of 

camera's view, (e) low lighting, (f) unwanted reflection on hood   
 

Our proposed VMMR system works well in challenging situations such as vehicles 

that are partially occluded, partial out of the image frame, or poorly visible due to low 

lighting. A few of the challenging cases, that were successfully recognized, are provided 

in Figure 6-3. The vehicle is partially occluded by an umbrella and by a pedestrian in 

Figure 6-3 (a) and (b), respectively. In Figure 6-3 (c) and (d), the vehicles are partially 
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out of the camera’s view whereas Figure 6-3 (e) has very bad lighting. The vehicle in 

Figure 6-3 (f) is captured with an unwanted reflection of objects on vehicle’s hood. 

6.6. Results Using Two-Level Support Vector Machine 

Classification 

Since we obtained better results with SVM than with Random Forest, we also devised 

the SVM2 method. The SVM2 uses two cascading levels of SVMs, as described in 

Section 5.4.  

The SVM2-VMMR method generally improves the recognition rate compared to 

SVM-VMMR. The recognition rate for SVM2-VMMR with SURF is lower than with 

other techniques. However, the SVM2-VMMR method improves the recognition rate for 

the other three feature extraction techniques (GIST, HOG, and SIFT). The improvement 

in recognition rate ranges from 0.1% to 1.4%. The best recognition rate achieved with the 

SVM2-VMMR method is 97.99% which is achieved with HOG features with a 

configuration of 33x9 blocks. 

 The drawback of the SVM2-VMMR method is increased computational time. In the 

case of GIST features, the processing speed is decreased by 10% and in the case of HOG 

features, the processing speed is decreased by around 30%. The time required for feature 

extraction can be reduced by using GPUs or multi-core CPUs, etc. because each image 

can be processed independently. We also tried using a second SVM to replace the 

majority voting process in RF-VMMR when making the final decision but the system’s 

accuracy degraded. We use a single-level SVM for the remainder of the discussion in this 

chapter.  
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(a) RF-VMMR with GIST features 

 
(b) RF-VMMR with HOG Features 

 
(c) SVM-VMMR with GIST Features 

 
(d) SVM-VMMR with HOG Features 

 
(e) SVM2-VMMR with GIST Features 

 
(f) SVM2-VMMR with HOG Features 

Figure 6-4: Visualization of confusion matrices 
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6.7. Confusion Matrix and Class-wise Recognition Rate 

The confusion matrix provides information about each actual class of vehicle and 

how well it is predicted. The confusion matrix helps in visualizing the discriminative 

capacities of VMMR methods. Visualization of confusion matrices for RF-VMMR with 

GIST and HOG features are given in Figure 6-4 (a) and (b), respectively, confusion 

matrices for SVM-VMMR with GIST and HOG features are given in Figure 6-4 (c) and 

(d), respectively, and the confusion matrices for SVM2-VMMR with GIST and HOG 

features are given in Figure 6-4 (e) and (f), respectively. To create these confusion 

matrices, we selected the VMMR configuration with the best recognition rates for HOG 

and GIST features for both Random Forest and Support Vector Machine algorithms. RF-

VMMR is created with 300 decision trees for GIST and with 350 decision trees for HOG; 

HOG is used with a configuration of 33x6 blocks. SVM-VMMR is created with the value 

of C = 10 for both GIST and HOG, HOG is used with a configuration of 33x9 blocks. 

The vertical axis of the confusion matrix represents the actual class and horizontal axis 

represents the class predicted by VMMR system. The diagonal elements of the confusion 

matrix show the correct identifications of the vehicles and the non-diagonal elements 

show the incorrect identifications. A redder diagonal element shows more correct 

classifications, while a bluer non-diagonal element shows fewer incorrect classifications. 

The RF-VMMR recognition results are not completely centered on the diagonal, which 

shows the incorrect classification. The SVM-VMMR and SVM2-VMMR recognition 

results are more centered on diagonal with very few non-diagonal elements, which 

indicated the higher recognition rate.  
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The class-wise recognition rates are given in Table 6-8. It can be seen from the table 

that vehicle classes with lower recognition rates also have fewer training images. 

However fewer training images do not always affect the recognition rate, for example, 

Nissan Sentra 2003 has lower recognition rate with twenty-two training images while 

Toyota Camry 1999 has good recognition rate with twenty-one training images. The 

recognition rate does not follow a similar pattern for both machine learning algorithms 

(Random Forest and Support Vector Machine). Similarly, it does not follow a pattern for 

both the feature representation techniques (GIST and HOG). 

Table 6-8: Class-wise recognition rate on the testing dataset 

Vehicle Year 
Training 

Images 

Testing 

Images 

RF 

GIST 

RF 

HOG 

SVM 

GIST 

SVM 

HOG 

Toyota Altis 
2008-

10 
260 504 98.21% 95.83% 98.41% 97.42% 

Honda CRV 
2003-

09 
224 258 94.19% 94.19% 87.21% 95.74% 

Toyota 

Camry 

2008-

10 
117 169 94.08% 95.27% 96.45% 95.86% 

Honda 

Civic 
2010 79 243 94.24% 94.24% 96.30% 95.47% 

Honda Fit 2012 34 35 100.00% 100.00% 97.14% 100.00% 

Honda Fit 2009 19 13 84.62% 76.92% 100.00% 100.00% 

Toyota 

Camry 

2005-

06 
109 122 90.16% 91.80% 99.18% 98.36% 

Toyota 

Camry 
1999 21 5 100.00% 100.00% 100.00% 100.00% 

Nissan 

March 

2007-

08 
96 92 96.74% 94.57% 98.91% 97.83% 
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Vehicle Year 
Training 

Images 

Testing 

Images 

RF 

GIST 

RF 

HOG 

SVM 

GIST 

SVM 

HOG 

Suzuki 

Solio 
2008 34 84 73.81% 98.81% 96.43% 98.81% 

Toyota Vios 
2008-

10 
242 292 96.58% 98.63% 98.29% 98.97% 

Nissan 

Livna 
2010 119 128 96.09% 96.88% 99.22% 97.66% 

Nissan 

Teanna 
2010 66 29 89.66% 96.55% 93.10% 93.10% 

Nissan 

Sentra 
2003 22 20 85.00% 80.00% 95.00% 75.00% 

Nissan 

Sentra 
2005 24 15 100.00% 80.00% 93.33% 86.67% 

Nissan 

Cefiro 
1997 67 22 90.91% 72.73% 81.82% 86.36% 

Nissan 

Cefiro 
1990 36 9 88.89% 66.67% 100.00% 100.00% 

Nissan X-

trail 
2007 37 89 93.26% 87.64% 97.75% 94.38% 

Nissan Tida 2009 108 139 98.56% 99.28% 99.28% 99.28% 

Toyota Altis 
2005-

06 
216 227 97.36% 96.92% 98.68% 97.80% 

Mits. Zinger 2010 12 13 84.62% 100.00% 100.00% 100.00% 

Mits. 

Outlander 
2010 26 50 78.00% 60.00% 88.00% 100.00% 

Toyota 

Wish 
2010 68 45 95.56% 91.11% 97.78% 95.56% 

Mits. Savrin 2008 36 12 100.00% 100.00% 100.00% 100.00% 
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Vehicle Year 
Training 

Images 

Testing 

Images 

RF 

GIST 

RF 

HOG 

SVM 

GIST 

SVM 

HOG 

Toyota 

Wish 

2005-

09 
107 77 96.10% 94.81% 100.00% 100.00% 

Mits. 

Lancer 
2007 16 61 83.61% 96.72% 100.00% 96.72% 

Toyota 

Yaris 
2008 155 147 96.60% 93.88% 100.00% 99.32% 

Ford Liata 2003 9 10 90.00% 60.00% 100.00% 90.00% 

Toyota 

RAV4 
2009 79 0 100.00% 100.00% 100.00% 100.00% 

Ford 

Excape 
2009 50 45 88.89% 91.11% 97.78% 100.00% 

Toyota 

Innova 
2008 15 29 79.31% 72.41% 100.00% 96.55% 

Ford 

Mondeo 
 38 10     

Toyota Surf 2008 40 30 83.33% 93.33% 90.00% 96.67% 

Ford Tierra 2006 34 16 93.75% 81.25% 100.00% 93.75% 

Tord Tercel 2005 110 76 100.00% 100.00% 100.00% 100.00% 

Total 

Accuracy 
 

 
3110 94.34% 94.18% 97.21% 97.36% 

 

6.8. Cross-Validation 

The cross-validation is a standard process to evaluate the performance of a 

classification model. The k-fold cross-validation model randomly partitions the original 

dataset into k equal-sized subsets. Each subset is retained for the testing process while the 



 

123 
 

other k - 1 subsets are used for the training process. We used 10-fold cross-validation in 

this work. The training and testing datasets are combined. The entire dataset is divided 

randomly into 10 disjoint folds. The VMMR system is trained with 9 folds (k-1 folds) 

and tested with the remaining fold and this process is repeated for every fold. We applied 

10-fold cross validation for both RF-VMMR and SMR-VMMR with GIST and HOG 

features using the configurations that worked best in previous testing. The RF-VMMR is 

created with 300 decision trees for GIST and with 350 decision trees for HOG with 

configuration of 33x6 blocks. The SVM-VMMR is created with the value of C = 10 for 

both GIST and HOG, whereas the HOG is used with configuration of 33x9 blocks. The 

cross-validation results for the MM problem are given in Table 6-9 and those for the 

MMG problem are given in Table 6-10. For both the MM and MMG problems, the 

recognition rates achieved with 10-fold cross validation are higher than those reported in 

Section 6.3 and Section 6.4 with respect to the four configurations mentioned, which 

suggests that the performance of the system can be enhanced by using a bigger training 

dataset. As previously reported, SVM-VMMR with GIST features gave the highest 

recognition rate. 

Table 6-9: 10-fold cross-validation results (MM problem) 

Recognition Rate SVM GIST SVM HOG 

Average 99.09% 99.01% 

Minimum 98.84% 98.60% 

Maximum 99.54% 99.37% 

Standard Deviation 0.25 0.41 
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Table 6-10: 10-fold cross-validation results (MMG problem) 

Recognition Rate RF GIST RF HOG SVM GIST SVM HOG 

Average 96.78% 96.22% 98.49% 98.26% 

Minimum 95.02% 95.02% 97.94% 97.60% 

Maximum 97.6% 97.25% 99.14% 98.97% 

Standard Deviation 0.35 0.73 0.51 0.69 

  

6.9. Effect of the Size of the Training Dataset 

The effect of the training dataset size in relation to the VMMR recognition rate is 

presented as complementing evaluation criterion. We randomly select training dataset 

with reduced sizes multiple times and averaged the recognition rates (see Figure 6-5). 

The same testing dataset is used in every case. Following Figure 6-5, the recognition rate 

decreases with the reduction in the training dataset size but even with only half of the 

training dataset available, the recognition rate decreases by less than 10%.  

 

Figure 6-5: Effect of reducing the size of training dataset  
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Chapter 7: Conclusion and Future 

Work 

 

 

This chapter concludes the presented work and discusses possible directions for 

future research.  

7.1. Conclusion  

This thesis presents a real-time vehicle make and model recognition (VMMR) system 

with better performance than existing VMMR systems in terms of recognition rate and 

processing speed. We have created twenty different representations of the NTOU-MMR 

dataset based on four image feature extraction techniques (SIFT, SURF, HOG, and 

GIST). The Support Vector Machine and Random Forest algorithms are used in this work 

for classification. 

A publicly available NTOU-MMR dataset based on realistic assumptions is used in 

this work. The Make-Model (MM) version of NTOU-MMR dataset is the one used by 

previous research. The Make-Model-Generation (MMG) version is the original dataset 

modified to provide the generation (group of consecutive years) attribute as well as the 

make and model. We have shown using the experimental analysis that our system is 

suitable for real-time applications with higher recognition rate. The proposed system 

works well in challenging situations where vehicles are partially occluded, partial out of 

the image frame or poorly visible due to low lighting. 

The major contributions of this work are:  
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1. Previously, the VMMR systems only classified the vehicles on the basis of make 

and model. The added functionality of our VMMR system is to classify the vehicles 

based on make, model, and along with the generation (group of consecutive 

manufacturing years). Mostly, the vehicles in one generation have visual 

similarities with the previous generations, which increases the complexity of the 

classification problem. 

2. The proposed VMMR systems achieve better performance than previous VMMR 

systems (Table 6-7) in terms of the recognition rate and processing speed. Jabbar et 

al. [48] achieved the best processing speed of 7.4 frames per second with a 

recognition rate of 94.84% and Baran et al. [56] achieved the best recognition rate 

of 97.20% with a processing speed of 0.5 frames per second. With our SVM-

VMMR system using HOG features, we achieved the recognition rate of 97.89% 

with the processing speed of 15.9 frames per second. 

3. We evaluated two existing machine learning classification algorithm for VMMR 

and proposed a two-level SVM classification method, which improved the 

recognition rate. 

4. We introduced the KNN and Euclidian distance based Bag-of-Features method to 

create visual dictionaries for SIFT and SURF image features and encoded the 

images using the created visual dictionaries.  

A publicly available NTOU-MMR dataset based on realistic assumptions is used in 

this work. The NTOU-MMR dataset is modified to provide the generation as well as the 

make and model. We have shown using the experimental analysis that our system is 

suitable for real-time applications with higher recognition rate. The proposed system 
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works well in challenging situations where vehicles are partially occluded, partial out of 

the image frame or poorly visible due to low lighting.  

A Vehicle Make and Model Recognition (VMMR) system can provide great value in 

terms of vehicle monitoring and identification based on vehicle appearance instead of the 

vehicles' attached license plate. The existing VMMR research focuses on recognizing 

vehicles sufficiently to report only their make and model. We have included generation as 

another parameter. Thus, our VMMR system recognizes a vehicle and provides 

information about vehicle make, model and generation.  

7.2. Future Work 

Although the proposed VMMR system outperforms the previous systems, it can be 

further enhanced. We discuss a few ideas for future work in this section. 

1. The first idea is to explore feature selection or dimensionality reduction approaches, 

which may decrease the image feature vector size and thus may improve the 

system’s performance. Feature selection methods reduce the feature vector size by 

selecting a discriminative subset of the original features. Dimensionality reduction 

methods produce smaller feature vectors that may not be subsets of the original 

feature vectors. 

2.  The second idea is to combine the GIST and HOG features to create image feature 

vectors. We observed in our analysis that HOG and GIST achieve the best 

performances, but the recognition rate is not similar in terms of different classes. It 

may be possible that the combination of GIST and HOG may achieve better 

performance.  
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3. The third idea is to create a new, larger dataset with more vehicle types for VMMR 

research. As there are a wide variety of vehicle models available, the dataset should 

include more vehicle classes to provide a realistic challenge to VMMR methods. 

4. Finally, the fourth idea is to apply feature engineering to automatically extract 

features from images. Features are used to represent the vehicles and are the basic 

building block for machine learning algorithms. We have extracted features from 

the dataset using predefined manual approaches (GIST, HOG, SIFT, and SURF). 

Feature engineering is the technique used to extract the features automatically with 

the help of domain knowledge of dataset. Feature engineering is another good 

direction for further research. 

5. Deep Learning is another promising research area for predictive analysis. We can 

explore deep learning algorithms, especially Convolutional Neural Networks 

(CNN), for the implementation of a VMMR system. An enhanced and large dataset 

is required to fully utilize the deep learning algorithm.  

6. Two-Layer Support Vector Machine (SVM2) classification method is proposed in 

this work and tested in the context of VMMR system. The proposed SVM2 method 

could applied other machine learning problems to test its capabilities.  

7. Sensitivity analysis helps to determine the impact of variation in one independent 

parameter on the outcome of an experiment. Sensitivity analysis could be applied to 

the VMMR systems to further assess their capabilities. Image quality, image 

resolution, camera location, dataset size, etc. could be used for sensitivity analysis.  

8. The VMMR systems could be re-implemented in a procedural language, such as 

C++, to increase their speed. The existing implementations are in MatLab.  
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