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Abstract

A real-time Vehicle Make and Model Recognition (VMMR) system is a significant com-
ponent of security applications in Intelligent Transportation Systems (ITS). A highly accurate
and real-time VMMR system significantly reduces the overhead cost of resources otherwise re-
quired. In this thesis, we present a VMMR system that provides very high classification rates
and is robust to challenges like low illumination, occlusions, partial and non-frontal views. These
challenges are encountered in realistic environments and high security areas like parking lots and
public spaces (e.g., malls, stadiums, and airports). The VMMR problem is a multi-class classifi-
cation problem with a peculiar set of issues and challenges like multiplicity, inter- and intra-make
ambiguity among various vehicles makes and models, which need to be solved in an efficient and
reliable manner to achieve a highly robust VMMR system. To reliably overcome the ambiguity
challenges, a global features representation approach based on the Bag-of-Features paradigm is
proposed. We extract key features from different make-model classes in an optimized dictionary,
through two different dictionary building strategies. We represent different samples from each
class with respect to the learned dictionary. We also present two classification schemes based
on multi-class Support Vector Machines (SVMs): (1) Single multi-class SVM and (2) Attribute
Bagging-based Ensemble of multi-class SVMs. These classification schemes allow simultaneous
learning of the differences between global representations of different classes and the similarities
between different shapes or generations within a same make-model class, to further overcome
the multiplicity challenges for real-time application. Extensive experiments conducted using our
approaches yield superior results for images that were occluded, under low illumination, partial
camera views, or even non-frontal views, available in a recently published real-world VMMR
dataset. The approaches presented herewith provide a highly accurate VMMR system for real-

time applications in realistic environments.
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Chapter 1

Introduction

1.1 Background and Motivation

Over the recent years, a plethora of innovative technologies and solutions are bringing Intelligent
Transportation Systems (ITS) closer to reality. I'TS is defined as “the application of advanced and
emerging technologies (computers, sensors, control, communications, and electronic devices) in
transportation to save lives, time, money, energy and the environment”, by the ITS Society of
Canada [!]. In an ITS, vehicles, infrastructure, drivers and other users dynamically interact with
each other to achieve these goals. The governments, industry and academia are making joint
efforts [ 1-5] towards adopting and implementing advanced ITS to enhance transportation safety
and security. The development of digital image sensors and computer vision techniques offer a
great deal of advantages in enabling many important ITS applications and components such as
Advanced Driver Assistance Systems (ADAS), Automated Vehicular Surveillance (AVS), traffic
and activity monitoring, traffic behaviour analysis, traffic management, etc. Identification and
classification of vehicles is of great interest in these applications, owing to heightened security

concerns in ITS [3].

AVS broadly includes Vehicle Detection, Identification, Classification, and Vehicle Tracking.
Over the years, significant research has been done to solve challenges in vehicle identification,
detection and tracking. However, to classify vehicles into fine categories such as makes and

models, has gained attention only recently, and many challenges remain yet to be addressed [6—

1



]. The focus of this thesis is on developing novel approaches to address the challenges in
real-time and automated Vehicle Make and Model Recognition (VMMR), utilizing state-of-the-

art vision-based techniques.

Security is a great concern in highly vulnerable areas such as parking lots of public spaces
(e.g., malls, stadiums, airports, etc.). In these critical scenarios, an AVS system running over
surveillance cameras’ images can greatly assist the security personnel in identifying vehicles
belonging to certain colors, types, makes, or models. Moreover, in cases where the police are
searching for a target vehicle of a specific make or model, AVS systems would save consid-
erable amount of time, resources and manpower. The mobile police vehicles equipped with
video/images sensors could share the video/images [17, | 8] of target vehicles with other police
vehicles and with roadside infrastructure, through various video dissemination techniques over
Vehicular Ad-Hoc Networks (VANETS) [19-26]. In addition, for applications such as electronic
toll collection, where different charges are applied to different types of vehicles, vision-based

AVS systems could serve as a complementary tool in improving efficiency of existing systems.

In VANETS, vehicles can share information amongst themselves and/or with roadside in-
frastructure to provide critical services such as target tracking, monitoring or surveillance. The
vehicle classification systems such as ours enable surveillant vehicles to recognize important
information about targets. These targets can be even localized though various localization proto-
cols [27-33]. In order to meet the speed and fault-tolerance requirements of critical surveillance
and monitoring applications, to enable reliable dissemination of information in a fast manner,
protocols such as [34-39] need to be utilized. In a dense surveillance scenario such as a large
area with numerous surveillance cameras, or a large city with a number of surveillant vehicles,
efficient synchronization between different nodes is required [40—42]. To ensure connectivity of
mobile surveillant vehicles with each other and the infrastructure, mobility management proto-
cols such as [43] can help reduce packet losses and latency. Since security of VANET-enabled
surveillance systems is an essential requirement, owing to privacy concerns when it comes to
sharing targets’ information over the open wireless channels, trust-based security systems such

as [44—48] could be used.



Figure 1.1: (Left-Right) Some cases where detected license plates are ambiguous, forged, dam-

aged, or duplicated, making the license plate recognition based VMMR Systems to fail.

The traditional vehicle identification systems recognize makes and models of vehicles re-
lying on manual human observations or automated license plate recognition (ALPR) system:s,
hardly meeting the real-time constraints. Both approaches are failure-prone and have several
limitations. Firstly, it is practically difficult for human observers to remember and efficiently
distinguish between the wide variety of vehicle makes and models. Secondly, it becomes a la-
borious and time-consuming task for a human observer to monitor and observe the multitude of
screens and record the incoming or outgoing makes and models, or to even spot the make and
model being looked for. On the other hand, the VMMR systems that rely on license-plates suffer
from the following disadvantages. License plates are easy to be forged, damaged, modified, or
occluded, as depicted in Figure 1.1. Also, there are some license-plates that can be ambiguous
(e.g., between “0” and “O”), as shown at the leftmost of Figure 1.1. Moreover, in some areas,
it may not be required to bear the license-plate at the front or rear. If the ALPR system is not
equipped to check for license-plates at both (front and rear) views of the vehicle, it could fail.
Consequently, when ALPR systems fail to correctly read the detected license-plates due to the
above issues, the wrong make-model info could be retrieved from the license-plates registry or

database.

To overcome the above shortcomings in traditional vehicle identification and classification
systems, automated VMMR techniques have recently gained attention, but hardly meeting real-
time processing speed requirements. The make and model of the vehicle recognized by the
VMMR system can be cross-checked with the license-plate registry to check for any fraud. In
this way, vision-based automated VMMR techniques, such as the ones proposed in this work,
augment traditional ALPR-based vehicle identification and classification systems to further en-

hance security.
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Image : ROIs  : Classification :

Figure 1.2: General Architecture of Vehicle Classification Systems

Type Example: Bus, Sedan, Van, etc.

Vehicle
Classification

Make (Logo) Example: Nissan, Toyota, Honda, etc.

Example: Nissan Cefiro, Nissan Sentra,
Make and Model Toyota Previa, Toyota Innova, Honda CRV,
Honda Civic, etc.

Figure 1.3: A taxonomy of Vehicle Classification works: Vehicle Type Recognition (VTR),
Vehicle Make (Logo) Recognition (VMR or VLR), and Vehicle Make and Model Recognition
(VMMR)

1.2 General Architecture of Vehicle Classification Systems

The problem of automated vehicle classification into makes and models is an important task for
AVS and other ITS applications. We provide the general architecture of vehicle classification
systems in Figure 1.2. Most works first adopt a Vehicle Detection step which produces Regions
of Interest (ROIs) containing the vehicles’ faces (front or rear), segmented from the background.
The Vehicle Classification systems then work on these ROIs. Depending on the granularity
of classification, vehicle classification systems could be classified into three categories: Type,
Make (Logo), or Make-and-Model recognition, as depicted in Figure 1.3. The focus of our work
is on automated Vehicle Make and Model Recognition (VMMR), which basically comprises of
three steps: (1) Features Extraction, (2) Global Features Representation, and (3) Classification, as
shown in Figure 1.4. To specify, this thesis proposes and investigates unexplored Global Features
Representation and Classification approaches for VMMR, to effectively tackle the issues and

challenges therewith.



..............................................

Vehicle G Features Extraction | —» Global Featulres . Classification i Make8'(|\./lodel i
: Representation : Prediction

Figure 1.4: A flowchart of most Vehicle Make and Model Recognition (VMMR) approaches

1.3 Challenges and Issues

The problem of vision-based automated VMMR can be considered as a challenging multi-class
image classification problem, in which a “class” is a particular vehicle make and model. How-
ever, VMMR presents a more diverse and challenging set of issues than in other image classifica-
tion problems. There are two broad categories of challenges in VMMR: (1) Multiplicity, and (2)
Ambiguity [10]. The multiplicity problem occurs when a vehicle model (of the same make) has
different shapes and/or appearances. Figure 1.5 shows some examples of the multiplicity prob-
lem in NTOU-MMR Dataset [10]. We further classify the ambiguity problem into two kinds:
(a) Inter-Make Ambiguity, and (b) Intra-Make Ambiguity. The former ambiguity refers to the
issue of vehicles (models) of different companies (makes) having visually similar shape or ap-
pearance, i.e., two different make-model classes have similar front or rear views. For example,
“Toyota Camry 2005” and “Nissan Cefiro 1999” have visually similar appearance (See Figure
1.6). The latter kind of ambiguity results when different vehicles (models) of same company
(make) have similar shape or appearance. For example, the “Altis” and “Camry”” models of the

“Toyota” make have similar front faces (See Figure 1.7).

1.4 Overview of Proposed Solutions

To address the above-mentioned challenges and issues, we propose and investigate unexplored
approaches for VMMR in which the key features from different make-model classes are learned
in an optimised dictionary to tackle the ambiguity issues, based on the Bag of Features (BoF)
paradigm. We represent different samples from each class with respect to this learned dictio-
nary. In order to simultaneously learn the differences between global representations of different
classes and the similarities between different shapes or generations within a same make-model

class, efficient classification schemes are designed: two based on multi-class Support Vector Ma-
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Figure 1.5: Multiplicity Problems with Toyota Wish (1.5a)-(1.5¢c), Toyota Camry (1.5d)-(1.5¢),
Ford Mondeo (1.5f)-(1.5g), Honda CRV (1.5h)-(1.5j) in NTOU-MMR Dataset [10].



(d) N Sentra 2003 (e) T Camry 2006 (f) F Mondeo 0
Figure 1.6: Inter-Make Ambiguity Problems between (1.6a)-(1.6b), (1.6¢)-(1.6d), and (1.7e)-
(1.6f) in NTOU-MMR Dataset of [10]. “T”, “N”, and “F” stand for “Toyota”, “Nissan”, and

“Ford”, respectively.

(b) N Cefiro 1997

ramee

(d) T Camry 2008 (e) T Camry 2006 () T Altis 2006
Figure 1.7: Intra-Make Ambiguity Problems between (1.7a)-(1.7b), (1.7¢)-(1.7d), (1.7¢)-(1.7¢)
and (1.7e)-(1.7f) in NTOU-MMR Dataset of [10]. “N”” and “T” stand for “Nissan” and “Toyota”,

respectively.
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Figure 1.8: An overview of the proposed BoF-based VMMR approaches

chines and one based on Random Forest. Therefore, we tackle the multiplicity and ambiguity

issues in VMMR through optimized global representations and efficient classification schemes.

1.5 Contributions

The major contributions of this work on vehicle make and model recognition are summarised as

follows.

e We propose and evaluate unexplored global representation and classification approaches

for VMMR, based on the BoF paradigm, and prove their effectiveness in realistic scenarios.

e To learn the key characteristics and features from all classes of makes and models in
an optimised dictionary, two schemes of Dictionary Building are studied, optimized and
evaluated, to address the multiplicity and ambiguity problems of VMMR: (1) the Single-

Dictionary scheme, and (2) the Modular-Dictionary scheme.

¢ For classification, we present three classification schemes: two based on multi-class SVM
(Single multi-class SVMs and Attribute Bagging based Ensemble of single multi-class

SVMs), and one based on a tree-based classifier (Random Forest).

e The effectiveness (in terms of speed and accuracy) of our VMMR approaches, and their su-
periority over related works, are validated on Np random training-testing dataset partitions

of a recent publicly available real-world dataset.

The work accomplished through this thesis has resulted in the following publications:



e A.J. Siddiqui, A. Mammeri, A. Boukerche, “Towards Efficient Vehicle Classification in
Intelligent Transportation Systems,” to be presented at the Fifth ACM International Sym-

posium on Development and Analysis of Intelligent Vehicular Networks and Applications

(ACM DIVANet ’15).

e A.J. Siddiqui, A. Mammeri, A. Boukerche, “Real-time Vehicle Make and Model Recogni-
tion based on Bag of SURF Features,” submitted to the IEEE Transactions on Intelligent

Transportation Systems (TITS).

1.6 Thesis Outline

This thesis is organised as follows:

e Chapter 2 provides a comprehensive literature review showing how representative works

in vehicle identification and classification have evolved over the years.

o Chapter 3 deals with detailed descriptions and discussions of feature extraction and global
representation approaches in notable VMMR works and presents the proposed BoF-based

approaches for VMMR.

o Chapter 4 focusses on the classification techniques. We first review and discuss the clas-
sification schemes designed by representative VMMR works, and then describe the three

classifications schemes proposed by us for BoF-VMMR.

e Chapter 5 describes the target environment, presents the performance metrics, and dis-

cusses the optimal parameters for the different modules in our BoF-VMMR.
e Chapter 6 evaluates the performance and efficiency of the proposed VMMR approaches.

e Chapter 7 concludes by summarizing the work done in this thesis, and presents future

directions of research for VMMR works.



Chapter 2

Related Works

In this section, we provide an overview of works done in different types of vehicle classification
works, to show how research works are evolving in this challenging area. The vehicle classifica-
tion works can be categorized into Vehicle Type Recognition, Vehicle Make (Logo) Recognition,
or Vehicle Make and Model Recognition, as depicted in Figure 1.3. Since this work focusses on
developing and investigating improved approaches for the Global Features Representation and
Classification steps of VMMR, we provide a comprehensive discussion of related works in the

context of these stages.

2.1 Vehicle Type Recognition

The objective of works on Vehicle Type Recognition (VTR) is to classify the vehicles into high-
level categories such as van, mini-van, truck, sedan, bus, taxi, etc. In such works, the exact make
and model is not recognized. Having an automated VTR system helps in applications such as
electronic toll collection, traffic studies and analyses, etc. With the development of computer
vision techniques and traffic surveillance cameras, vision-based VTR systems have gained a lot

of attention over the years.

In Table 2.1, we summarize some of the representative VIR works in terms of features ex-

traction and classification techniques. Ma and Grimson [49] employed implicit and explicit
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shape models based on edges and modified SIFT for describing vehicle types, and used a 2-
class Bayesian Decision Rule for classification. Zhang et al. [50] applied a texture descriptor
known as Multi-Block Local Binary Patterns (MB-LBP) and an AdaBoost classifier based on
multi-branch regression trees. Buch et al. [51] proposed 3D-HOG features and 3D models to de-
scribe vehicle types, and performed model-based matching for classification. Chen et al. [52,53]
used various geometry- and shape-based features with several classifiers such as SVM, Random
Forest, and Model-based matching. Wang et al. [54] also used geometry-based features such
as length and height of vehicle silhouettes, but applied simple euclidean distance-based match-
ing for classification. Dong et al. [55, 56] proposed learning useful local and global features
through a two-stage unsupervised or semi-supervised convolution neural network, and applied
softmax regression for classification. Most of these works assume a static background and rely

on background subtraction, which makes these approaches fail in cases of occlusions.

As noted in Table 2.1, the VTR works can only discriminate between the broad categories of
vehicles such as sedans, vans, mini-vans, buses, microbuses, SUVs, trucks, bikes , etc. However,
in many security related applications, we require finer classification of vehicles into their makes

and models, and not their types alone.

Table 2.1: Representative Works on Vehicle Type Recognition

Work Classification

Types

Features

Edges- and Modified-SIFT-based

Ma and Grimson Sedans, mini-vans,

(2005) [49]

2-Class Bayesian
Implicit Shape Model, Explicit
Decision Rule taxis

Shape Model, Constellation Model

AdaBoost
Cars, Vans, Trucks,

Zhang et al. (2007)
[50]

Multi Block Local Binary Patterns
(MB-LBP)

(Multi-branch

Regression Trees)

Bikes

Buch et al. (2009) Matching with Bus, Sedan, Van,
3D-HOG and 3D-Model
[51] Models Bike
Size & Shape Features, Boundig SVM, Random Car, Van, Bus, Bike

Chen et al. (2011)
[52]

Box Perimeter, Ellipticity, Filled

Area, Convex area, etc.

Forest, Model-based
Matching

(Bicycle or

Motorcycle)

Contd. on next page
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Table 2.1 — contd. from prev. page

Work Features Classification Types
Measurement based Features Car, Van, Bus, Bike
Chen et al. (2012)
(MBF), Intensity Pyramid HOG SVM (Bicycle or
[53]
(IPHOG) Motorcycle)
Wang et al. (2014) Length Height of vehicle Euclidean Distance Bikes, Cars,
[54] Silhouettes based Matching Minibuses

Local and Global Features
Bus, MicroBus,

Minivan, SUYV,
Sedan, Truck

Dong et al. (2014) generated by a 2 Stage
Softmax Regression

[55] Unsupervised Convolution Neural

Network (with Layer Skipping)

Local and Global Features
Bus, MicroBus,

Minivan, SUV,
Sedan, Truck

Dong et al. (2015) generated by a 2-Stage Semi
Softmax Regression

[56] supervised Convolution Neural

Network

2.2 Vehicle Make (Logo) Recognition

A deeper level of classifying vehicles is to recognize their make (manufacturer) rather than their
type. Most works achieve this through vehicle logo recognition (VLR) [57-63]. Various local
feature extraction techniques have been used in the literature to build discriminating representa-
tions of logo images. While works like [57,58,60,64] employ SIFT-based representations, others

use Histogram of Oriented Gradients (HOG) [59], Sharpness Histogram Features [6 ], Hierarchi-
cal Feature Maps selected by a Convolution Neural Network [62], or Statistical Random Sparse

Distribution (SRSD) [63].

The different classification schemes proposed in the above-mentioned works include Nearest
Neighbour-based matching [57,58,63,
bles [

], Support Vector Machines-based classifiers or ensem-
], or Neural Network-based approaches [62]. In Table 2.2, we provide a brief sum-
mary of the features extraction, global representation and classification approaches employed in
these recent and representative VLR works, along with the number of classes and images used

to validate their works.
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Table 2.2: Overview of recent works on Vehicle Make (Logo) Recognition

Work Features Classification #Classes #Images
Enhanced Matching
Psyllos et al.
SIFT Scheme + Geometric 10 1200
(2010) [57]
Validation
Yu et al. kNN, SVM,
Dense-SIFT in Bag of Words 14 840
(2013) [58] SIFT-Matching
Llorca et al.
Histogram of Oriented Gradients (HOG) SVM 27 3579
(2014) [59]
Dense-SIFT, weighted
Ou et al.
Locality-Constrained Linear Codes (LLC) SVM 15 1791
(2014) [60]
in a Spatial Pyramid framework
Badura and Pattern
Skotnicka SIFT Patterns Matching-based 30 1225
(2014) [64] rules
Weighted
Xiao et al.
Sharpness Histogram Features Multi-class SVM 8 800
(2015) [61]
Ensemble Model
Back Propagation
Huang et al. Multi-layer Convolution Neural Network
Neural Network (last 10 11500
(2015) [62] (CNN) based Hierarchical Feature Maps
layer of CNN)
Multi-scale Scanning
Peng et al. Statistical Random Sparse Distribution
and Nearest 56 3370
(2015) [63] (SRSD)
Neighbor

A major limitation in VMR or VLR works is the reliance on localizing logo regions in input
images from video streams. Most approaches are inapplicable in real-time applications due to
time-expensive features representation techniques, or slow logo detection schemes. In contrast
to these prior works, our work aims to achieve vehicle make as well as model recognition, not
relying on logo detection, but using the vehicles’ front or rear faces themselves. In this way, we
remove the need for a logo detection and localization module in vehicle classification systems,
thereby increasing processing speed. In the next section, we shall review the state-of-the-art in

vehicle make and model recognition.
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2.3 Vehicle Make and Model Recognition

In this section, we provide a comprehensive review of state-of-the-art works in each of the three
steps involved in most Vehicle Make and Model Recognition (VMMR) systems, as depicted in
Figure 1.4: Features Extraction, Global Features Representation (Section 2.3.1), and Classifica-

tion (Section 2.3.2).

2.3.1 Features Extraction & Global Features Representation

To describe the vehicle makes and models, various local features are extracted from the vehicle
ROIs (Features Extraction), with or without embedding them into Global Features Representa-
tions. Table 2.3 summarises some of the features extraction and global representation techniques
used in the VMMR works. The works like that of [65] use raw image features like Scale Invariant
Feature Transform (SIFT [66]) to describe make-model instances. In fact, SIFT has been used
by many VMMR works such as [9, 10, 16,65,67]. Due to high dimensionality and relatively slow
computational speed of SIFT, some works have adopted the Speeded Up Robust Features (SURF
[68]) (e.g., [10,67,69]) and the Histogram of Oriented Gradients (HOG [70]) (e.g., [7,8,10,11]).
Other features explored for VMMR include those based on edges, gradients or corners (e.g., by

[6,12,15,71=73]), as well as MPEG-7 descriptors such as Edge Histograms [74] [75] (e.g., by
[67D.

In most approaches, the raw features are embedded into global representations of vehicle
makes and models ([7,9, 10,67,72]). As summarised in Table 2.3, there are different techniques
proposed to integrate the raw image features into holistic global representations. The quality
of a global features representation technique is assessed by its processing speed, computational
complexity in forming the holistic representations, and the VMMR accuracy which reflects its
discriminative capacity in representing the different makes and models while generalizing over

the multiplicity issues within a make-model class.

Edge images of vehicles’ faces have been considered by Munroe and Madden [72], as nu-

merical feature vectors. Pearce and Pears [ | 5] concatenate the Square-Mapped Gradients (SMG)
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or Locally Normalised Harris Strengths (LNHS) as global feature vectors for the images. Varjas
and Tanacs [12] also used concatenated SMG. The SMG based techniques require well-aligned
ROIs with strictly frontal views, or planar projection of skewed views onto frontal-like views.
However, as we show later in the thesis, our approaches are greatly successful in achieving an ex-
tremely accurate VMMR system even under a broad range of viewpoints (or vehicle orientations)

without requiring projection onto perfectly frontal views.

A grid-based global representation of features is proposed by Hsieh et al. [10], in which
the local features (SIFT, SURF, or HOG) extracted from frontal vehicle faces are grouped in a
grid-wise fashion. Chen et al. [7, | 3] proposed grid-based concatenation of HOG features from
the vehicle images into a global ensemble representation. Using their dataset, we prove that
our approaches perform significantly better. 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. Some works like Llorca et al.’s [8] use
the positions and sizes of car emblems and HOG features of emblem regions to classify vehicle
models, assuming the make is known. The car emblems such as model symbol and trim level
were considered. However, it is unclear if their approach can achieve both make and model

recognition.

The local features like SURF have been used by [67,69] to build a dictionary which is then
used to represent vehicle images by sparse vectors of occurrence counts of the dictionary words.
Differently from their works, we propose and investigate optimized dictionaries in the context
of VMMR challenges, through two schemes of dictionary building. Amongst the most recent
works on VMMR is that of Fraz et al. [9]. They form a lexicon comprising of all the training
images’ features as words. The words of the lexicon are computed based on a Fisher Encoded
Mid-Level-Representation (MLR) of image features like SIFT. Their MLR construction is com-
putationally expensive, reported to consume about 0.4s per image, and hence not suitable for
real-time VMMR. Unlike [?], we learn a dictionary by retaining only the key features of training

images as codewords, and not all the features.
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2.3.2 Classification Approaches

In the literature, there have been various classification approaches proposed for VMMR, based on
the local features and/or global features representations of the make-model classes. A summary
of the most representative of such works is given in Table 2.4 (The feature extraction and global
representation approaches used in these works have been previously given in Table 2.3). For ex-
ample, many works like [0, 14, 15,65,71-73,77,78] explored Nearest Neighbors (NN) classifiers
based on simple brute-force matching scheme using local features or their global representations
to match query images to the gallery images. A k-NN-based classification scheme was also used
by Varjas and Tanacs [12], but with a correlation based distance metric. The brute-force pat-
tern matching approach is very time consuming and hence not suitable for real-time VMMR.
In addition to NN, Munroe and Madden [72] also used machine learning algorithms like C4.5
Decision Trees and Feed-forward Neural Networks as classifiers for VMMR. Other works who
used Neural Networks include [16, 76]. He et al. [6] built an ensemble of neural networks for
classification. However, such approaches based on edges from images severely suffer in cases of

occlusions, and hence not applicable to real-life scenarios.

In [15], Naive Bayes classifiers were tested with a variety of features. In their approach, the
accuracy degrades when ROIs are even slightly different than ground truth ROIs. The classi-
fication scheme adopted by Fraz et al. [9] includes matching a probe image’s words with the
gallery of lexicons in a brute-force manner, assigning the best matching lexicon’s class as the
predicted class. Such an exhaustive matching scheme makes their approach inapplicable to real-
time VMMR systems. A 2-stage cascade classifier ensemble was proposed in [ 1]. In the first
ensemble, classifiers such as k-NN, Multi-Layer Perceptron (MLP), Random Forest (RF), and
SVM were employed. The second ensemble employed a Rotation Forest of MLPs. However,
incorporating so many classifiers greatly decreases the processing speed, making the methods

inapplicable to real-time VMMR systems.

Baran et al. [67] utilised a simple multi-class SVM trained over the sparse occurrence vectors.
However, they did not investigate optimizing the dictionaries for VMMR. Their dictionaries are
50% larger than ours, yet with lower accuracies. On the other hand, [69] applied an image

retrieval approach using the Lucene Search Engine library to retrieve matching vehicle images
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followed by Structural Verification to narrow down the list of matched images. Unlike them, we
propose optimized dictionaries and two SVM based classification schemes that are designed to
solve VMMR issues. Moreover, the superiority of our approaches is proven by using a more
challenging dataset. Hsieh et al. [10] employ a grid-wise ensemble of SVM classifiers, each
of which is trained over SURF features from a specific grid-block over frontal vehicle faces.
Other works using SVM based classifiers include [6, 78]. In [8], Bayesian Inference Voting was
used based on linear SVM. AdaBoost was also tested in the context of VMMR in [6]. On the
other hand, Chen et. al. [7, |3] propose a classification approach for VMMR, based on Sparse

Representation and Hamming Distance.

In spite of the several works that have been published on the theme of VMMR, there are
several challenges and issues yet to be addressed. Most of the prior works are based on datasets
that do not represent multiplicity and ambiguity issues fairly. A majority of the works hardly
meet real-time constraints. The multiplicity and ambiguity problems need to be tackled, perhaps
through more representative and discriminative global features representations and enhanced
classification techniques. The limitations of VMMR works reviewed in this section are summa-
rized in the third column of Table 2.4. To overcome the shortcomings of prior works, this the-
sis proposes and investigates unexplored approaches for global representation and classification
steps involved in VMMR. The superiority of the proposed approaches (in terms of processing

speed and accuracy) is demonstrated using a recently published real-world dataset.
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2.4 Conclusion

In this chapter, we have provided a comprehensive review of the most representative works done
in VTR, VMR and VMMR. Realizing the need to have a fine-grained classification of vehicles
into makes and models, rather than types and makes alone, we focussed more elaborately on
the approaches proposed in the literature for the different steps in VMMR, namely: Features
Extraction, Global Features Representation, and Classification. Keeping in mind the multiplicity
and ambiguity challenges in VMMR, we realize the need for developing improved methods to
represent and classify vehicle makes and models, by enhancing both discriminative capacity and
generalization capability of the approaches. The focus of this thesis is on the latter two com-
ponents of VMMR systems, i.e., to enhance the state-of-the-art in global features representation

and classification approaches, in the context of real-time automated VMMR.
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Chapter 3

Features Extraction and Global Features

Representation

To describe the vehicle makes and models, various local features are extracted from the vehicle
ROIs, with or without embedding them into Global Features Representations (GFRs). In Ta-
ble 2.3, we mentioned the features extraction and global representation techniques used in the
VMMR works. In this chapter, we first describe and discuss the most representative existing
Feature Extraction and Global Features Representation techniques used in VMMR (Sections 3.1
and 3.2, respectively). Then, we present and describe the approaches we propose and investigate

for VMMR (Section 3.3).

3.1 Existing Feature Extraction Techniques

3.1.1 Keypoint-based

Under the keypoint-based techniques, we include those feature extractors and descriptors that
consider only the keypoint patches for computing the descriptors, and not the entire image or

ROI. The two most popular keypoint-based features are SIFT and SURF.
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3.1.1.1 Scale-Invariant Feature Transform

The Scale-Invariant Feature Transform (SIFT) is a bundled feature detector and descriptor. The
detector extracts keypoints and patches from an image such that they are consistent across vari-
ations in scale, illumination, rotation, and viewpoints. The descriptor then generates a compact
and robust signature for each of these patches, which identifies its appearance. The method was
initially proposed by Lowe in [66] and later enhanced in [79]. Since then, SIFT has been pop-
ularly used in object detection and recognition, image retrieval, and image classification. It has
also been used in attempts to solve VMMR problems, such as [9, 10, 16,65,67]. There are four

steps involved in extracting SIFT features, described as follows:

1. Scale-space Extrema Detection: Across various image scales and locations, scale- and
orientation-invariant keypoint candidates are identified using Difference of Gaussian (DoG)
images. The scale-space of a given image comprises of several octaves, as shown in Fig-
ure 3.1. For each successive octave, the image size is downsampled by a factor (e.g., of
1/4). Within each octave, the image is progressively blurred through a Gaussian Blur op-
erator with increasing scale. From every consecutive pair of Gaussian blurred images,
the Difference-of-Gaussian (DoG) images are formed. Finally, using maxima or minima

technique of [66], the keypoint candidates are detected from these DoG images.

2. Keypoint Localization: In this step, unstable keypoint candidates are filtered out. The
unstable keypoints are those which have low contrast or do not represent corners (i.e.,

those that represent edges or flat regions).

3. Orientation Assignment: To provide for rotation-invariance, each keypoint location is as-
signed one or more dominant orientations based on its local region’s gradients, and the

respective keypoint descriptors are represented with respect to these dominant orientations.

4. Keypoint Description: In the standard SIFT technique, a 16x16 neighbourhood of points
(pixels or sub-pixels) is selected around each keypoint, divided into 16 windows of 4x4
each. The keypoint’s dominant orientation (computed in the previous step) is subtracted

from each neighbourhood point’s gradient orientation. Then, the gradient magnitudes and
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Figure 3.1: The Scale-space generation step to obtain DoG images for an input image. (adapted

from [79])

directions at each point within a 4x4 window are computed and collected in an 8-bin
histogram (see Figure 3.2). For example, a point with gradient direction of say 15° will be
added to the 0°-44° bin of the 8-bin histogram. The quantity added to the respective bin
of the histogram is based on the point’s gradient magnitude multiplied with a Gaussian-
weight computed based on its distance from the keypoint. The farther the point is from the
keypoint, lesser would be its weight. The Gaussian weighting window is a 2D Gaussian
function with o in both dimensions equal to half the width of the keypoint neighborhood
(i.e., 16 = 8, in standard SIFT). The Gaussian-weighting window is applied to prevent
small changes in window positions from causing sudden changes in descriptor. It also
reduces the influence of points farther away from the descriptor center (as they cause most
mis-registration errors, according to [79]). Finally, a descriptor of 4 - 4 - 8 = 128 values is

obtained for every keypoint.

The scale-invariance of SIFT features is mainly due to the keypoints being extracted over
varying sizes of the original image and with varying scales of the Gaussian blur. The rotation
invariance is provided by considering the relative gradient orientations (with respect to a key-
point’s dominant orientation) while computing the keypoint descriptor. Illuminance invariance

is achieved through vector normalization.
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Figure 3.2: Computing the SIFT descriptor around a keypoint. (Top-Left) The 16x16 neigh-
borhood of the red keypoint. (Bottom-Left) Applying Gaussian-weighting to the gradient ori-
entations computed at each point in a window. (Bottom-Right) The circle demarcating the dis-
tribution of orientations into 8 bins (i.e., the Histogram binning step). (Top-Right) The overall
collection of sixteen 8-bin orientation histograms from the 4x4 windows. The lengths of arrows

represent gradient magnitudes while orientation represents gradient direction. (adapted from

[50D)
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3.1.1.2 Speeded Up Robust Features

The Speeded Up Robust Features (SURF) are another type of scale-invariant and rotation-invariant
feature detectors and descriptors. It was proposed by Bay et al. in [68], who proved its efficiency
(in terms of processing speed and accuracy) over other feature descriptors such as SIFT. SURF
has shown encouraging performance in various applications such as ADAS [81] and VMMR

[10,67,69]. In what follows, we describe the procedure to build the SURF descriptors.

o [nterest Points: The interest points are located using a Hessian matrix approximation on
an 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 usage of integral images in approximating the second-order Gaussian derivatives

with blob-like feature detectors.

e Descriptor Computation: Around each interest point obtained in the previous step, a neigh-
bourhood of 4x4 blocks is extracted. Each block has 5x5 regularly spaced sample points.
For each block b (where b = 1, ..., 16), a 4-D descriptor vector f is formed by summing up

the Haar wavelet responses (d, and d,) of each sample point within the block.
Jo = (Zdx, Xldx|, Xdy, Zldyl) (3.1

Figure 3.3 illustrates the SURF descriptor computation method for one block in the square
region centred around the keypoint. 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: [flaf29'~'afl6] (32)

e Orientation Assignment: To provide for rotation invariance, every interest point and de-
scriptor is assigned a dominant orientation. First, Gaussian weighted x and y Haar-wavelet
responses for each interest region are calculated. Then, using a rotating orientation win-
dow, orientation of the largest sum of responses is estimated as the dominant orientation of
the interest point and descriptor. This step can be skipped in cases where rotation invari-

ance is not needed, to yield a faster SURF, called Upright SURF (U-SURF).

28



> dx .-:355:-.

Zldxl dx‘ ./'4::.,-
2. dy k'dy

> |dyl

Figure 3.3: Computing the SURF descriptor around an interest point [82].

3.1.2 Window-based

Under the window-based techniques, we include feature extractors and descriptors that do not
work on keypoints. Instead, the entire image or ROI is considered to compute the descriptors.
We provide a brief description of some of the popular window-based feature descriptors applied
in image classification problems, such as Histogram of Oriented Gradients and Multi-scale Block
Local Binary Patterns. The former has been used in VMMR works such as [7, 8, 10], while the

latter in VTR works such as [50].

3.1.2.1 Histograms of Oriented Gradients

The Histograms of Oriented Gradients (HOG) were introduced by Dalal and Triggs [70] for
robust human detection, and have been widely used in many works on object recognition and
ADAS [83-85]. Figure 3.4 illustrates the HOG representations and descriptor vectors for vehicle
front faces. To compute the HOG descriptor of an image or ROI, a sliding window approach is
used. A given window is divided into a grid of n overlapping blocks, each block with p cells.
Within each cell, weighted pixel-wise gradients are accumulated into an orientation histogram of
h bins, in a similar fashion as SIFT. The histograms of cells within a block are concatenated to

give the block-level histogram vector.

To provide strong illumination invariance, a robust normalization process is run on each
block. Then, the normalized histograms of all overlapping blocks within a window are concate-

nated to give the window-level histogram vector. Figure 3.5 shows the flowchart of building
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Figure 3.4: Illustrative samples for HOG representations and descriptor vectors, obtained after

sliding window-based HOG feature extraction over vehicle front faces.

HOG descriptor for one of the sliding windows. Spatial and angular linear interpolation, and in
some cases Gaussian windowing over the blocks, are used to reduce aliasing during voting. The
blocks overlap spatially so that each cell appears several times with different normalizations, as
this was shown to improve performance in [70]. The histograms from all sliding windows over

the input image or ROI are then concatenated together to give its overall HOG descriptor.

3.1.2.2 Multi-scale Block Local Binary Patterns

The Multi-scale Block Local Binary Patterns (MB-LBP) were proposed by [86] and applied to
the problem of face recognition. In the original LBP operator proposed by [87], the image pixels
are labelled based on comparing each pixel with its 3x3 neighbourhood, and representing the
comparisons as a binary string or decimal number. Figure 3.6a shows a toy example where the
center pixel is compared to its 3X3 neighbourhood in a clockwise manner. For every pixel-wise
comparison, if the center pixel is of greater value, a “0” is inserted in the respective position of
the binary string; otherwise a “1” is inserted. The overall texture descriptor is then a histogram
of all such pixel labels. The enhancement proposed in MB-LBP by [86] basically considers sub-
regions in comparisons, instead of the pixels. Around each pixel, a square neighbourhood of sX s
pixels is considered. The neighbourhood is divided into non-overlapping blocks (sub-regions) of
dimensions */3 X* /3. The average gray values of (s — 1) sub-regions are compared with that of
the central sub-region. Figure 3.6b shows a toy example where a 9 x 9 MB-LBP operator (s = 9)

is illustrated.
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Figure 3.6: (a) Computing the LBP binary string (label) for a pixel, considering its 3x3 neigh-
bourhood: comparisons are done between pixels; (b) A 9 x 9 MB-LBP operator with 8 sub-
regions around a central region: comparisons are done between average gray values of sub-

regions.
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3.2 Existing Global Representation Techniques

The local features extracted from the images are often used to build a global representation of the
object of interest in the image, e.g., a vehicle of some make-model (MM) class. Different global
features representation techniques used in VMMR works were mentioned in Table 2.3. In this
section, we provide a comprehensive description and discussion of most representative of these
global representation schemes: (1) Grid-based Vehicle MM Representation, (2) Lexicon based
Mid Level Representation, and (3) Local Features Concatenation. By discussing the limitations
in these schemes, we build the motivation for our proposed solution to describe vehicle makes

and models.

3.2.1 Grid-based Representation

The grid-based representation for vehicle MMs, proposed by [10] and [7], utilizes the local
features (such as HOG, SIFT or SURF) of a vehicle ROI to build a global representation while

capturing their spatial location information to some extent.

3.2.1.1 Description

The vehicle ROI (R,), obtained from the Vehicle Detection module, is divided into a grid of
equally sized non-overlapping blocks through two division schemes: (1) Direct Division, and
(2) Inside Division. While the former division scheme divides R, into a grid of m X n blocks
including the hood region, the latter divides R, into a grid of m X n blocks excluding the hood
region. The hood region was found to be less informative and less discriminative across various

MM classes. Figure 3.7a and Figure 3.7b illustrate the two division schemes for a vehicle.

The Direct Division scheme can be implemented by two methods of determining the upper
R, boundary: (a) based on the hood boundary, or (b) based on the width of R, (using a learned
width-height ratio). The former is named Wide Direct Division (WDD), and the latter is referred
to as Narrow Direct Division (NDD). Figures 3.8a and 3.8b illustrate the two methods of Direct

Division. In [10], it was shown that WDD and NDD methods perform inferior in comparison to
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Figure 3.7: Grid-based Representation of vehicle makes and models: (a) Direct Division scheme;

(b) Indirect Division scheme. (reprinted from [10])

Inside Division-based methods. The WDD method results in an inferior performance probably
due to the inclusion of hood region, which has negligible or no discriminative information. On
the other hand, since the NDD depends on a fixed width-height ratio applied to all makes and
models, there may be some MMs for which this ratio is not applicable. Hence, informative face
regions (parts of the air grille or headlights, etc.) could get excluded, thereby degrading MMR

performance.

The Inside Division scheme is implemented in two ways: (a) Symmetrical Inside Division
(SID), and (b) Full Inside Division (FID). In the former, only half of the grid blocks are selected
(e.g., left half). In the latter, all grid blocks are considered. Figures 3.9a and 3.9b illustrated the
SID and FID methods.

The global representation is built using two strategies: (1) Block-wise Concatenation, and
(2) Block-wise Grouping, depending on the kind of local features used. For window-based local
features like HOG, Block-wise Concatenation is used, in which the block descriptors are concate-
nated according to several combination patterns. Figures 3.10a and 3.10b illustrate two examples
of block combination patterns. For a grid with 3 x 6 blocks (m = 3,n = 6), concatenating every
one (1x1), two (1x2), four (2X2), six (2x3), nine (3x3), and eighteen (18x1) blocks result in a

total number of 51 block combination patterns. The size of the global representation would then
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Figure 3.8: Two methods of Direct Division scheme: (a) Wide Direct Division (WDD); (b)
Narrow Direct Division (NDD). (reprinted from [10])

(b)
Figure 3.9: Two methods of Inside Division scheme: (a) Symmetrical Inside Division (SID); (b)

Full Inside Division (FID). (reprinted from [10])
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Figure 3.10: Different block combination patterns for: (a) Combining every two (1 X 2) adjacent

blocks; (b) Combining every four (2 X 2) adjacent blocks. (reprinted from [10])

be 51 - Npins, Where Ny, 1s the number of HOG bins in a block descriptor.

On the other hand, for keypoint-based local feature like SURF and SIFT, Block-wise Group-
ing is used, in which descriptors are simply grouped together block-wise. So, from every image,
m - n groups of local descriptors are collected, to be subsequently used in training a classifier

corresponding to each block (i.e., an ensemble of m - n classifiers is achieved).

3.2.1.2 Limitations

There are several limitations with the Grid-based representations of vehicle MMs proposed by

[10] and [7], summarised as follows:

e The WDD method considers the hood region, in which there is little or no discriminative

information for VMMR.

e The NDD method relies on a fixed width-height ratio of learned from ground truth ROIs,
to determine the upper boundary of a R,. This fixed ratio may not apply to all MMs, as

some MMs may have ROIs of different aspect ratios.

e The SID method considers only left (or right) half of any R,, based on which the other half
is estimated. If the selected half is under occlusion, the estimated half will also represent

occluding object’s features, and hence, the MMR system will fail.

35



e The FID method is also highly prone to failures in cases of occlusions. The local fea-
tures from a block that is over the occluding object could confuse the respective block’s

classifier.

o If the pitch angle of the camera capturing the incoming vehicles is different from that in
training phase, the resulting face-views, R,’s and m X n grid-based representations would

be different and could degrade the MMR accuracy.

3.2.2 Mid-Level Representations

In the Mid-Level Representation (MLR) techniques, the densely extracted local features of an
image or ROI are encoded into a single vector representation. Examples of such encoding tech-
niques for MLRs include: Locality Sensitive Linear Coding (LLC) [88], Vectors of Locally Ag-
gregated Descriptors (VLAD) [89,90], Super Vector Coding (SVC) [91], and Fisher Vector (FV)
[92,93]. Amongst these, the FV-based MLR has been shown to be successful for VMMR by Fraz
et al. [9]. We describe here their MLR method and discuss several drawbacks and limitations in

their approach.

3.2.2.1 Description

The FV-based representations for images are built using the approach devised by Perronnin et
al. [93] for image classification problems. From a certain number of training images, local
descriptors are collected and a Gaussian Mixture Model (GMM) is built using a pre-specified

number of Gaussian distributions, Ng.

For a given image, scale- and orientation-invariant keypoints are extracted based on the Dif-
ference of Gaussians (DoG) detector [79]. Then, from a patch around each keypoint, densely
sampled feature descriptors (such as SIFT or PCA-SIFT [94]) are extracted. To build a keypoint-
based patch’s FV representation, the average first- and second-order differences between its

densely sampled descriptors and GMM centers are computed.

Let fi, ..., fx be aset of K densely sampled local feature descriptors extracted from a keypoint-

based patch in an image. The first- and second-order differences between the feature descriptors
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and GMM centers are then given by:

1 &S
@y = K ; SeiZg (fj — ) (3.3)
1 K
By = D se | = 12 (= o) — 1] (3.4)

K 2w, =)
where s, is the soft assignment weight of ;" feature descriptor (j = 1, ..., K) to the g Gaussian
(g =1,...,Ng), and X,’s are the diagonal covariance matrices of the GMM. All the computed a’s

and ’s are then concatenated to build the Fisher Vector F' for the keypoint-based patch:
F =lay, By, ..., a4, Bel (3.5)

In this way, every keypoint-based patch yields a FV descriptor referred to as a visual word
of size 2 - Ng - d, where d is the dimension of an f;. Figure 3.11a illustrates the flowchart
of generating a visual word for a keypoint-based patch, through FV descriptor computation.
The global representation of an image is then simply the set of all FV-based visual words from
the image. If there are Np, keypoint-based patches in an image i, then the size of its global
representation is 2 - Ng - d - Np;. In [9], upto 300 keypoint-based patches were obtained from a
128 x 256 sized image. This means that the global representation of this image, using a GMM
of Ng = 256, and PCA-SIFT of d = 64, would be of size 2 - 256 - 64 - 300 = 9830400 (very high

dimensional).

The visual words from all training images of a class ¢ where (¢ = 1, ..., Nc¢) are pooled to
form a sub-lexicon S.. Each S, is of dimensions (Zﬁwf Np;) X M., where M. is the number of
training images of class ¢, and ) ; Np; is the total number of keypoint-based patches in these M.
images. The sub-lexicons from all Nc classes are collected together in a comprehensive lexicon

L, which is an over-complete description space of all Nc classes.

L=1[51,52,...5n¢] (3.6)

In the testing phase, the visual words are computed for the keypoint-based patches from the
vehicle ROI in the probe image. The similarity score of a probe image with each class’ sub-

lexicon is computed based on the visual-words matching. A Euclidean distance-based matching
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Figure 3.11: The Fisher Vector descriptor computation pipeline for a keypoint-based patch.

(reprinted from [9])

is performed between each visual word of the probe image and the visual words of each sub-
lexicon §.. The similarity score of a probe visual word and the closest S .’s visual word is taken
as the probe visual word’s similarity score with S .. The sum of all probe visual words’ similarity
scores with respect to S, is taken as the similarity score of the probe image with class c. The

probe image is assigned the class that wins the highest similarity score.

3.2.2.2 Limitations

The major limitations in the FV-based MLR technique proposed by [9] are as follows:

e The densely sampled descriptor computation within every patch is very laborious that de-

creases the processing speed.

e The visual words are high dimensional, owing to dense sampling, which in turn leads to
very high dimensional global representations. Consequently, computational complexity
and memory requirements increase and make it difficult to train machine learning based

classifiers such as SVM.
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e Using a brute-force matching scheme for classification is also very time consuming and

makes the technique inapplicable to real-time scenarios.

e In forming the sub-lexicons, all keypoints-based patches are considered, irrespective of

their discriminating and representative capacities, which could cause classifier confusion.

e Occlusions could degrade the performance, as the keypoint-based patches from an occlud-

ing object will also be considered in matching.

3.2.3 Local Features Concatenation

Many works utilize a simple local features concatenation method to build global representations
of images. These mostly include works that use edges- or gradients—based local features extrac-
tion [6, 12, 15,71-73]. A pixel-wise concatenation is made from the vehicle ROI, to build its

global representations.

For example, Figure 3.12 illustrates the different image features and global representations
used in [71] to describe vehicle makes and models. Starting from the top row, seeing left-right,
the first image is the input vehicle ROI, followed by Harris corner responses, spectrum phase,
vertical Sobel edge responses, and finally the horizontal Sobel edge responses. From the bottom-
left, Figure 3.12 shows a sample weight vector for horizontal Square-Mapped gradient responses,
vertical and horizontal components of Locally Normalized gradients, and vertical and horizontal
components of Square Mapped gradients. These are considered as fixed-length numerical feature

vectors based on simple pixel-wise concatenation.

In Figure 3.13, [6]’s features extraction and global representations are illustrated. From left
column onwards, the images correspond to raw vehicle ROIs, illuminance normalised ROIs,
Multi-Scale Retinex (MSR) results for the ROIs, and finally the normalized features of the ROIs.

The normalized features of the whole ROI are simply concatenated into a single vector.
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Figure 3.12: Petrovic and Cootes’ features extraction and global representations of vehicle makes

and models. (reprinted from[71])

N/

T

Figure 3.13: He et al.’s features extraction and global representations of vehicle makes and mod-

els. (reprinted from [6])
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Figure 3.14: Overview of the proposed BoF-based approaches for VMMR.

3.3 Proposed Approaches

Although many attempts have been made to build more informative and discriminating global
features representations of vehicle makes and models, only a handful have been proven to be
successful across high degrees of multiplicity and ambiguity, yet with many limitations such as
slow processing speeds and failures under occlusions. The objective of this work is to propose a
highly robust yet efficient global features representation approach for VMMR, that accounts for
intra-class differences and inter-class similarities, thereby solving the multiplicity and ambiguity

issues in VMMR.

We propose to capture the dominant characteristic features from different make-model classes
in an optimised dictionary (to tackle the ambiguity issues) (See Section 3.3.3). Different samples
from each class are represented with respect to this learned dictionary, to describe the make-
model class (See Section 3.3.4). In Section 4.2, we propose efficient multi-class Support Vec-
tor Machines-based classifiers which are trained to simultaneously learn the differences between
global representations of different make-model classes and the similarities between different gen-

erations of the same make-model class (thereby solving the multiplicity problem).

To describe objects of interest using their raw image features embedded into global repre-
sentations, the Bag-of-Features (BoF) framework [95, 96] has been very successful and widely
adopted in the works on object recognition [97], scene classification [98], action recognition [99],
image classification [ 1 00], and image retrieval [101,102]. However, to the best of our knowledge,
BoF has not been extensively studied in the context of VMMR. Inspired by the success of BoF
in the aforementioned works, we propose and investigate BoF-based approaches with optimized

dictionaries and classifiers, to solve the issues in real-time VMMR.
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3.3.1 Overview

The overview of proposed BoF-VMMR approaches is illustrated in Figure 3.14. Apart from
Features Extraction, there are three main steps involved in the proposed BoF approaches for
VMMR, as shown in Figure 3.14: (1) Offline Dictionary Building (Section 3.3.3), (2) Global

Features Representation (Section 3.3.4) and (3) Classification (will be presented in Section 4.2).

In this work, we investigate two dictionary building schemes in the context of real-time
VMMR: (1) Single Dictionary (SD) (See Section 3.3.3.2), and (2) Modular Dictionary (MD)
(Section 3.3.3.2). The SD is based on the standard method of dictionary building in the BoF
framework, in which dictionary codewords are learned from the collective pool of training data
(i.e., of local image features) from all combined classes. The MD, on the other hand, is composed
of many individual dictionaries, each corresponding to a make-model class. The codewords of
each such sub-dictionary are learned from the training data of the respective make-model class.
To build the BoF representations from local features (e.g., SURF) of vehicle ROIs, SD or MD

are used.

3.3.2 Features Extraction

For Features Extraction, SURF has gained wide popularity in many computer vision applications.
It has been shown to have higher accuracy and speed in comparison to other feature descriptors
in the context of object recognition, image classification, etc. [68]. Both the Offline Dictionary
Building and the Global Features Representation steps rely on local image features such as SURF
[68]. In fact, SURF can be easily replaced with any other good feature descriptor in our BoF-
VMMR approaches. For the purpose of completeness, we provided a brief description of how
SUREF are extracted and represented, in Section 3.1.1.2. Encouraged by the success of SURF
in some VMMR works such as [10, 13], we employ SURF as the building blocks of our global

features representations.
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3.3.3 Offline Dictionary Building

The training images of all classes are used to extract their local features (e.g., SURF). The key
features (codewords) are then retained in a “bag” or dictionary. We capture and describe the
overall appearance of the front or rear face for each vehicle make and model using the built
dictionary. The dictionary can be considered as a compact representation of the key features
from training images of all classes. Just as a text document comprises of textual dictionary
words, an image can be regarded to be comprised of codewords from a visual dictionary. The
vehicles’ images are represented as BoF features, which are histograms of occurrences of the
dictionary codewords. Building the dictionary is usually done offline and only when needed,
so that it may be used in the training and testing phases. The Single- and Modular-Dictionary
schemes proposed and investigated in this work are described in this section. An overview of the
SD and MD schemes is depicted in Figures 3.15a and 3.15b respectively. The pseudocode for

the Offline Dictionary Building step is given in Algorithm 1.

Let I represent the set of training images for Nc number of classes, as shown in Equation 3.7,

where I; represents the set of training images of class i in the dataset being used.

I={Ii, L5, ... Inc} (3.7

From each j-th image in I}, we extract its set of local features, F';, as represented in Equation
3.8, where f, is the p-th local feature in image- j and N p; is the number of local features extracted

from the j-th image.
Fi={f,lp=1,...,Npj} (3.8)

The set containing all the features from N; images of a class i is then
Fi={Fjlj=12,..N} (3.9)
The pool of features from images of all classes is represented by F in Equation 3.10:

F={Fli=1,2,..,Nc} (3.10)
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Figure 3.15: Offline Dictionary Building in our BoF-VMMR approaches: (a) Single-Dictionary

Building Scheme, (b) Modular Dictionary Building Scheme.
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3.3.3.1 Dictionary Generation

Each feature descriptor f, can be regarded as a point in the feature-space (e.g., for SUREF, it would
be a 64-dimensional space). The process of Dictionary Generation involves grouping all such
training data points in high-dimensional space into a specified number of clusters. To initialize
the clusters, we adopt the k-means++ technique [103] and select the initial set of cluster centres.
Thereafter, the k-means clustering technique is applied to perform the clustering. Firstly, for
each cluster centre, its 100 nearest neighbours are found from the data points. If a data point was
close to more than one cluster centre, it gets assigned to the closest centre only. Thereafter, each
cluster centre is updated to be the average of itself and its cluster members (nearest neighbours).
Each data point is then re-grouped to the new cluster centre closest to it. This process of updating
cluster centres followed by re-grouping of data points based on the updated centres is repeated
a number, say 1000, times to ensure stability of the clusters. The cluster centres are stored as

codewords of the respective dictionary.

3.3.3.2 Single Dictionary (SD)

To build the SD (denoted by D), key features are selected through Dictionary Generation using
the combined set of training features from all classes, i.e., F of Equation 3.10. The SD is repre-
sented in Equation 3.11, where cwy are its visual words or codewords. The number of clusters
(or codewords) determines the overall Dictionary Size, S p. See Figure 3.15a for an overview of

the SD scheme. We refer to the BoF approach based on the SD scheme as BoF-SD.

D={ewmlk=1,...,Sp} (3.11)

The motivation to build a dictionary using the combined set of features from all classes is
to obtain the key features across multiplicity and ambiguity of vehicle makes and models. This

helps to build more discriminative global representations

3.3.3.3 Modular Dictionary (MD)

In this second scheme of dictionary building, we build the main dictionary (denoted by Dyy) by

combining individual dictionaries of each class, motivated by the results of [104]. The intuition
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behind this scheme is that, in the Single Dictionary scheme, several distinct features could be
clustered under the same codeword due to their closeness. More importantly, having a modular
dictionary greatly reduces the time consumed in dictionary building and also provides flexibility.
If classes need to be added (removed), their respective dictionaries can be flexibly appended
(deleted) to (from) the main dictionary without requiring a reconstruction the entire dictionary,

thus saving a considerable amount of time. The Modular Dictionary (Dy) is formed as:
Dy ={Djli =1,2,...,Nc} (3.12)

Dy ={ewilk =1,...,(Sip - No)} (3.13)

where each Dj is the individual dictionary of class 7, built by retaining S ;p key features (code-
words) out of F; by the similar clustering procedure as mentioned in Section 3.3.3.1. The size
of the overall dictionary Dy, and hence the number of cw;’s, is then S, = S;p - Nc. See Fig-
ure 3.15b for an overview of the MD scheme. The BoF-VMMR approaches based on the MD

scheme are referred to as BoF-MD.

3.3.3.4 Size of the Dictionary

The dictionary size (S p) is an important parameter that affects processing speed, discriminative
capacity and generalizability of the built dictionary, and hence affects the overall performance
of the BOF-VMMR approaches. A small dictionary could suffer due to reduced discriminatory
capacity. In small dictionaries, more than one feature could get assigned to the same cluster,
despite being different. On the other hand, a large dictionary loses capacity for generalization,
adds higher penalties to noises, and increases processing overhead [105]. As a contribution of
this work, we study the effect of various dictionary sizes (for both SD and MD schemes) on

overall VMMR speed and accuracy (further described in Section 5.3).

3.3.4 BoF Global Features Representation

The second step of the proposed BoF-VMMR approaches (as shown in Figure 3.14) uses the

dictionary D or Dy (constructed in Offline Dictionary Building step) to embed given images’
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local features into global BoF representations through Features Quantization. For a given image
I; of class i, its BoF representation is a normalized histogram H;;, of votes (by its local features)

to the dictionary codewords. The histogram H;; can be represented by:
H,'j = [I’L],hz,...,hsD] (314)

where the bins (/;’s) hold the number of votes to the respective codewords (cwy’s), respectively

(k =1,...,Sp). Every match of a feature to the closest dictionary codeword adds a unit vote.

To build the BoF features representation (histogram) of image /;, each local feature f, € F,
from I; is matched to its nearest codeword cwy of the dictionary (D or Dy), and the corre-
sponding histogram bin /;’s vote-count is incremented. This step is also referred to as Features
Quantization. After all features in F, are quantized, the histogram undergoes a normalization
procedure. In this manner, we obtain the final histogram after matching all features of a given
image, and we call it a BoF histogram or feature. Algorithm 2 outlines the procedure to generate
BoF-based global representation histogram for a given image. The BoF histogram for the set of

local features F; of a given image I; of class i is computed as follows:

1 Np; [ 1 if k = argmindist(cwy, f,)

H,j(k) = N_ Z tel1.Spl (315)
fi p=1 {0 otherwise

where dist(a, b) is the euclidean distance between features a and b, and H;;(k) = hy; f, is the ph

local feature and N f; is the total number of local features extracted from the image I;.
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Algorithm 1 Algorithm for BuildDictionary

1: Input: The sets of images from all classes, My = {I;, I, ..., In¢}, Dictionary sizes for SD
(Ssp), MD (S yp) and its sub-dictionaries (S ;p)
Output: D or Dy
Initialize: Mg
Step 1: Collecting Local Features
for each class i € [1, Nc]: do
Initialize F; = {}
for each image j € [1, N;]: do
F;j « FeatureExtraction(l;;) > Equation 3.8
Fi =F; U {F;;} > F;; is set of local features in j
end for
: MF = MF U Fi
: end for

o e A AN

—_ e = e

: Step 2: Dictionary Building
: Initialise:

: Single-Dictionary D,

: Modular-Dictionary Dy

: Sub-dictionaries (D;’s) of Dy
: Build SD:

: D « Cluster(Mg, S sp)

| S T NG I N S e T e T )

: Build MD:

: for each class i: do

D; < Cluster(F;, S 1p)
DM — DM U Di

: end for

D NN
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Algorithm 2 Algorithm for GetGlobalRepresentation

1:

e e S S S ey

N IR AN L

Input: An input image I/, The dictionaries (D and Dy;), Mode (= S D or M D), Dictionary
sizes for SD (Ssp), MD (S yp)
Output: The computed BoF Histogram, H,
Initialize:
H; < [0, ...,0] where |H;| = Ssp or S yp
Step 1: Features Extraction
F; « FeatureExtraction(l)
Step 2: Features Quantization > See Algorithm 3
if Mode = S D then
H; « FeatureQuatization(F;,D)
elseif Mode =MD
H; « FeatureQuatization(F;, Dy)

. end if
: Step 2: Histogram Normalization
: foreach b € [1,...,|H,|]] do

Hy(D) < Hi(D)/N fi > where N f; = |F/]|

: end for
: return H;

Algorithm 3 Algorithm for FeaturesQuantization Method

1:

Input: The set F; = {f,[p = 1,...,Nf;} of local feature descriptors of an image I, the
respective dictionary (D or Dyy)
Output: The computed BoF Histogram, H,
Initialize: H; < [O,...,0] where |H;| = Ssp or S yp
for each f, € F; do
k = argmin,, ¢ , dist(cwy, f,)
H;(k) « H;(k) + 1
end for
return H;
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Chapter 4

Classification: Learning to Identify

The goal of classification step in VMMR is to identify the make and model of a given vehicle
image not seen before. The classifiers learn the intra-class similarities and inter-class differences,
given sufficient training samples, in order to differentiate between and identify objects of different
classes in unseen testing samples. The techniques used could range from simple brute-force
matching of the test sample with all or selected training samples, to more sophisticated machine
learning based classifiers. Depending on the extracted features and training datasets, i.e., number
of classes, training samples per class, feature vector dimensions, etc., a suitable classifier needs to
be chosen. In this chapter, we first describe and discuss the most popular classification techniques
used in VMMR literature. Then, we present our proposed classification approaches for real-time

VMMR.

4.1 Existing Classification Techniques

In this section, we provide a brief description of classification techniques used in state-of-the-art
works on VMMR, discussing their pros and cons. Here, we present Support Vector Machines,

Tree-based classifiers such as Random Forests, and Sparse Representation-based matching.

50



% 2,
.+X . -
s * S
v, * )
[ ) * i
[ )
L
[ )
N
[ )

Figure 4.1: Illustrating the hyperplane P separating 2D data points of two classes. The circles
correspond to data points of class label —1, whereas the diamonds correspond to those of label

+1.

4.1.1 Support Vector Machines

The Support Vector Machine [106][107] is a very effective binary classifier in which the support
vectors (SVs) are a subset of the training data samples that represent the best separation between
two classes. A test data sample is then classified based on its distance from these support vectors.

An ensemble of many such binary classifiers are used to build a multi-class SVM classifier.

4.1.1.1 Binary SVM Classifiers

Consider a training dataset of N linearly separable, d-dimensional samples (x;, y;) where x; € IR?

and the labels y; € {—1, +1}. A hyperplane P that can separate the data points of the two classes

is defined as w - x + b = 0, where the vector w is normal to P, b is bias, and the perpendicular
1]

distance from origin to P is ;5. See Figure 4.1 for an illustration of this data separation by P.

All data points of labels +1 and —1 that lie at shortest distances d. and d_ to P respectively,
are called the Support Vectors (SVs). The margin surrounding P is then of width d, + d_. Under

the assumption of linear separability of the considered training data, it can be assumed that all
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Figure 4.2: Illustrating the hyperplanes P_, P, and P,.

the data points (x;) satisfy the two following inequalities:

W'Xi+bs—1, yi:—l (41)

W-Xi+b>+1, y,=+1 4.2)

Combining the inqualities of Equations 4.1 and 4.2, we get:

yi-(X;-w+b)—1>0, 1<i<N 4.3)

The hyperplanes P, ; and P_; contain the SVs of labels +1 and —1 respectively, with w-x+b =

+1 (See Figure 4.2). The perpendicular distances from the origin to P,; and P_; are then ﬁ

respectively, which implies that the margin between P, and P_; is ﬁ

[1-b|

and
(1wl

The Lagrangian Formulation

To optimize the classification performance, the hyperplanes P,; and P_; are chosen to max-

lIwil*
2

2
liwll?

imize the margin width which is equivalent to minimizing , achieved through quadratic

programming.
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The minimization problem can be defined as a Lagrangian formulation L:

_ liwi?

N
L="- —;ai[yi(xi-w+b)— 1] (4.4)
where @; > 0. Such formulation replaces the inequality in Equation 4.3 by the easier to handle

Lagrangian multipliers ;.

L is then minimized with respect to w and b, with the following Karush-Kuhn-Tucker (KKT)

conditions, to find the optimal solution.

6_L =0eow- i a;yix; =0, Vi 4.5)
ow —

g—z =0 gaiy,- =0, Vi 4.6)

yixi-w+b)—-12>0, Vi 4.7)

a; >0, Vi (4.8)

a(yi(w-xi+b)—1)>0, Vi (4.9)

Substituting the Equations 4.5 and 4.6 into Equation 4.4, we get the dual formulation Lp,

which is to be maximized with respect to a;.

N N N
Z 1 Z Z

LD = L o — 5 ~ps aiajyiiji . Xj (410)

Having found the optimal «@;’s from solving Equation 4.10, the optimal w and b can be then

found using:

N
W=y (4.11)
i=1
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b:yk—W'Xk, CYk>0 (412)

where a; > 0 for the support vectors xi. The classification function f(x) for a new test sample

X; 1S defined as:

f(xX¢) = sign(w - X¢ + b) = sign (Z V(X - X¢) + b) 4.13)

k=1
In this way, to determine the label of an unknown data sample vector x;, we need only the

support vectors, X, ..., Xm

Linearly Inseparable Data

The training data may not be linearly separable due to many reasons such as white noise,
in accurate measurements or erroneous labelling. So, the constraints are relaxed using a slack
variable £ > 0, 1 <i < N, to tolerate the samples within the separating margin. The constraints

in Equation 4.3 are relaxed to:

y,-(w - Xj + b) -12> —fi (414)

which translates into:
W'Xi+b21—é‘:i, y,':+1 (415)
w-Xx;+b<-1+¢&, yi=-1 (4.16)

A data point x; on the wrong side of P is considered an error, when &; exceeds 1. The upper

bound for the training errors is ),y; &;. Figure 4.3 illustrates the use of slack variables.

The primal (and dual) optimization problems are then modified to accommodate the noisy
data points, in two different ways, yielding two different SVM formulations: (1) C-Support
Vector Classification [108, 109], and (2) v-Support Vector Classification [ 10], described in Sec-

tions 4.1.1.2 and 4.1.1.3 respectively.

As a contribution of this work, we compare performance of BoF-VMMR with C-SVC and
v-SVC in Section 6.1, to find the most optimal multi-class SVM for VMMR purposes.
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Figure 4.3: Illustrating the use of slack variables, in case of linearly inseparable data

Nonlinear Support vector Machines

The linear data classification can be generalized to find a separator for linearly inseparable
data. This is done by mapping the data to a different Hilbert space .7 using a nonlinear function
®. The function ® basically maps the training data points onto a higher dimensional feature
space, in which the separating hyperplane is then learned. The linear classification of the data
points in JZ is equivalent to their non-linear classification in IR?. Figure 4.4 gives an example of

linearly inseparable data in IR?, mapped onto IR space where it becomes linearly separable.

The dot product of the data points X; - Xj used in training is replaced by ®(x;) - O(x;). How-
ever, this makes it difficult to handle due to the high dimension of .#°. To avoid the explicit

computation of @, the adjusted dot product is replaced by a kernel function K.

K(xi, x;) = O(x;) - D(x;) 4.17)

The kernel function K is symmetric:
K(Xi,Xj) = K(Xj,Xi) (418)
and satisfies the Mercer criteria

fK(Xi,Xj)g(Xi)g(Xj)dXide >0 (419)
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Figure 4.4: The linearly inseparable data points in R? (Left), mapped onto IR* (Right), in which
the separating hyperplane can be learned. Here, (x1,x;) — (z1,22,23), Where z; = x%, 2 =

V2x1x,, z3 = x2. (reprinted from [111])

for any function g, having a finite value of f g(x)?dx. This criteria ensures that the kernel matrix
K(i, j) is positive semi-definite. For more details on the characteristics of kernel functions and
their construction, readers are referred to [ | 1 2]. Here, we give a few examples of frequently used

kernels:

Linear Kernel

K(xi, Xj) = X; - X; (4.20)
e Quadratic Kernel
K(xi,xj) = (yx; - x; + 1), ye R", re R 4.21)
e Polynomial Kernel
K(xi,x5) = (yxi - xj + r)d, yeR" , reR,deN 4.22)
e Radial Basis Kernel
K(x;, ;) = e/l (4.23)

For classification, the function defined in Equation 4.13 now becomes:
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f(x) = sign(w-x + D)
= sign (Z yiri(P(xi) - D(x)) + b) (4.24)

= sign (Z via; K(X, X) + b)

i=1

where x; (i = 1, ...m) are the SVs.

4.1.1.2 C-Support Vector Classification

In the C-Support Vector Classification (C-SVC) formulation of SVM [108, 109], the primal op-

timization problem to be solved is:

N C
min w'w+C ; & (4.25)
with the following constraints:
VW D) + b) > 1 — &, Vi (4.26)
& 20,V 4.27)

where C > 0 is the regularization parameter. In practise, to avoid the high dimensionality of

the vector variable w, the following dual problem is solved instead.

min %a/TQa/ —ela (4.28)

with the following constraints:
ya=0= i @; -y =0,Vi (4.29)
0<a;<CVi (4.30)
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where Q is an N X N positive semi-definite matrix, Q;; = y,y;K(X;,x;), e =[1,..., 117 is a vector
of all ones, and K(x;, Xj) = (I)(Xi)T(D(Xj) is the kernel function

By solving the problem in Equation 4.28, subject to the constraints in Equations 4.29 and
4.30, and using the primal-dual relationship, the optimal w satisfies:
N
W= yie®(%) 4.31)
=1

1

Then, for classification, the decision function is similar to Equation 4.24:

£(x) = sign(w' ®(x) + b)

m (4.32)
= sign (Z via; K (X, X) + b)
i=1

where x; (I = 1, ...m) are the SVs.

4.1.1.3 v-Support Vector Classification

In the v-Support Vector Classification (v-SVC) formulation of SVM, [!10] introduced the pa-
rameter v € (0, 1] in the optimization problem, to control the number of SVs. The v gives a lower
bound to the fraction of samples becoming SVs, and an upper bound on the fraction of training

errors (i.e., the training samples lying on wrong side of the hyperplane).

The primal optimization problem of 4.25 is modified as:

R SN 1 ©

min - SIWIF v + ;f,- (433)

with the following constraints:
YW O(xi) +b) 2 p—&i=(1,...,m) (4.34)
&20,p20 (4.35)

The dual problem of which is:

N

min Ea Oa (4.36)
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with the following constraints:

efa>v= Z @ > v (4.37)
Ya=0= ) ya;i=0, (4.38)
i=1
|
0<a;<—,Vi (4.39)
m

where Q and e are as described previously.

4.1.1.4 Multi-class SVM

A collection of many binary SVM classifiers are used to build a single multi-class SVM classifier.
Two popular ways of building the individual binary classifiers are 1-vs-1 or 1-vs-All. In the
former approach, a binary SVM learns to differentiate between every two classes. So, there
would be w binary SVMs in the multi-class SVM, where Nc is the number of classes in the
dataset. In the latter approach on the other hand, a binary SVM is learned to differentiate each

class against all other Nc — 1 classes. So, there would be N¢ binary SVMs in total.
The classification outputs of all binary SVMs in the multi-class SVM are combined using

different combination rules, such as:

e Majority Voting: Each binary SVM adds a vote to a class. The class winning the maxi-

mum votes across all the binary SVMs, is the final classification output.

e Least Square Error (LSE)-weighted Outputs: Extends the majority voting scheme by
weighting the outputs of binary SVMs.

e Double Layer Hierarchical Combination: A second-layer classifier evaluates the outputs

of first layer classifiers.

4.1.2 Random Forests

The Random Forests classifier is an ensemble of weak random decision trees. Breiman intro-

duced the algorithm for inducing Random Forests in [ | 1 3]. It is a combination of Breiman’s idea
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of creating random subsets of training data (known as “bagging”) and the application of Random
Subspace Method to randomly subsample the features to build the decision trees, as introduced

by Hoin [114].

The Random Forests have been proven to be successful in multi-class image classification
problems. For example, Bosch et al. [115] showed that Random Forests perform superior to
SVM on the Caltech-101 [116] and Caltech-256 datasets [117]. Also, Zaklouta and Stanciulescu
[118] applied Random Forest to the problem of traffic signs recognition, and showed that it
outperforms SVM. Moreover, Zhang [! | ] has shown applicability of Random Forest in vehicle
type recognition systems. Some advantages of using Random Forests include feasibility to be
implemented in a parallel or distributed computing environment, and can be used for online
learning. To the best of our knowledge, Random Forests have not been explored in the context of
VMMR on a real-world dataset. In Section 6.4, we explore Random Forest for VMMR problems,
to answer the question if Random Forests work better than SVM in the context of VMMR, using

a real-world dataset.

4.1.2.1 Random Forest Construction

A Random Forest R is composed of many Random Trees T, € {T, T>, ..., Tr}. Each random tree

T, is built according to the following procedure:

e From the set of all training data X containing N, number of samples, a subset X; is ran-
domly chosen (with replacement). Using this subset, the tree is grown further (without

pruning)

e Within a tree, at each node, the algorithm randomly chooses a subset F of features. To
split the X; into Xf and X7, the feature fj * € F with the maximum information gain A and a

threshold ¢ € [min( fj ), max( f] )] are used.
X ={jeXilfu>t), 1<k<|F| (4.40)

X =X\ X/ (4.41)
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Py(c) P+(c)

Figure 4.5: Illustrating the classification procedure for a text sample x with a Random Forest
classifier. The final decision is based on combining posteriors (P,(c)’s) from all 7,’s. (reprinted

from [118])

The information gain is computed by the following equation, where entropy E is computed

based on the class frequencies in X;:

X7

Xl

X
E(X7) - —LE(X)) (4.42)

A=-—
Xl

Then, the optimal f; to split on is found based on the maximum information gain:

ff" = max A (4.43)
J

J

The number of features (|F|) to select depends on the dataset being used. Having a large
F decreases the training speed and could lead to over-fitting issues. On the other hand,
a small F increases the training speed and randomization strength. However, if F is too
small, it could lead to under-fitting issues. In Section 6.4, we empirically find the optimal

size of F in the context of VMMR, based on a realistic dataset.

4.1.2.2 Classification

Given a test sample x, each of the random trees 7, of the Random Forest R is traversed. In the lead
node reached in 77, the posterior probability that x belongs to the class ¢ (where ¢ = 1, ..., N¢)
is given by P,(c|x). The final classification output c¢* is based on combining the decisions of all

T,’s. Figure 4.5 illustrates the classification procedure.

1 T
P(el) = == ) Pi(cl) (4.44)
=1
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¢* = argmax P(c|x) (4.45)

c

4.1.3 Sparse Representation-based Classification

Sparse Representation (SR) has been a popular technique driving a plethora of works in statistical
signal processing community, in which sparse linear representations of signals are computed
using an over-complete dictionary of base elements or signal atoms. The main objective of these
works has been to represent and compress high-dimensional signals, and not to classify. In the
recent years, theories and algorithms for SR have been extended for new problem domains such

as image classification or retrieval.

Wright et al. [119] have shown that SRs of images could encode their content or semantic
information, and be applied to solve computer vision (CV) and image classification problems.
This sparked great interest to the CV community and led to various image classification tech-
niques and frameworks based on SR. The various image classification problems in which SR
has been successful include: face recognition [120—122], multi-modal biometrics [123], object
recognition [124], action recognition [125], event analysis [126], expression recognition [127],
iris recognition [128], etc. Chen et al. [7] have used SR-based classification for VMMR with

encouraging accuracies, but with slow processing speeds.

In CV and image classification domain, SR is used as an approach to represent objects of
interest using an over-complete dictionary, which is composed of training images or their global

feature representations.

4.1.3.1 Dictionary and Sparse Coefficients Learning

Given the training data X = [Xy,...,XN] € R™N the goal is to find an optimal dictionary
D = [d;,...,dg] € R™¥, such that an image’s global feature representation vector x; can be
represented as a sparse approximation over it. The x; could be approximated as a linear combi-

nation of few columns (atoms) from D, i.e., X; = Da,, or, generalizing over the training data:

x ~ Do (4.46)
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where @ = [ay,...,ay] € R is the set of combination coefficients in the sparse decomposi-
tion. K-SVD [129] algorithm is used to learn the optimal D and «. This learning process can be

formulated as the following joint optimization problem:

argmin [|x — Dall% subjectto || lly < T, Vi (4.47)
D,a

where |||, is the {y-norm, i.e., a count of non-zero values in «;, T is the maximum number of

non-zero coeflicients desired.

The sparse solution @ can be obtained by solving the optimization problem in Equation 4.48,
through a greedy iterative method called Orthogonal Matching Pursuit (OMP), which finds the

optimal ¢; for each x;, while fixing D:

@; = argmin ||)x; — Da||5 subjectto |lally < T (4.48)

a

The K-SVD algorithm has two stages: (1) sparse coding, and (2) dictionary update, iterated
through a number of times until convergence, to optimise D and . Within each iteration, each «;
in @ is optimized by solving Equation 4.48 in the sparse coding stage while fixing D, and in the
dictionary update stage, the column vectors (atoms) in D are sequentially updated so that their

coeflicients improve the representation of x.

4.1.3.2 SR-based Classification

Given the optimal D obtained through K-SVD, the SR-based classification (SRC) scheme of an
input vector Xy € R™ can be described as in Algorithm 4. The x, is approximated as a linear

combination of atoms of D:
Xt:Da,:aqd1+~~-+~--+ade (449)

where a; € @, and dx € D. The sparse solution a; is efficiently found by solving the following

optimization problem through the second-order cone programming [29]:

argmin |||/, subjectto |x;— Da/tllg <& (4.50)

(73
where ¢ is the reconstruction error tolerance. Its worth mentioning here that a major drawback

with the SRC scheme is the time-consuming optimization process to find a;.
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The dictionary D is separated into Nc classes: D = [Dy,...,Dnc]. An input sample x; is
approximated as Dd;(a,), where the function §; : R™ — IR" is to select the set of coefficients
corresponding to class i. Then, the residual of x;, with respect to class i, i.e., r;(X¢) is computed
as:

ri(Xe) = [IX¢ — Déi(@)ll (4.51)

The classification function is then expressed as below, where the output is the class to which
x; has the minimal residual:

J(X¢) = argmin r;(x,) (4.52)

]

Algorithm 4 Algorithm for Sparse Representation-based Classification (SRC) Scheme

Input: The set optimal D € IR"*¥, a test feature vector x; € IR"
Output: The predicted class label of x;

Finding the sparse solution «;, by solving Equation 4.50
Computing the residuals (Equation 4.51)

return f(x¢) = argmin, r;(X¢) (Equation 4.52)

A

4.1.3.3 Hamming Distance-based Classification

Chen et al. [7] proposed a Hamming Distance-based Classification scheme for VMMR, based on
the sparse representation basis D, to circumvent the slow processing speed of SRC scheme. The
underlying assumption is that if a test sample x; belongs to class i, then the linear combination
coeflicients will have most of the non-zero values for entries associated to class i. Greater the

sparsity of this recovered a;,, higher the feasibility to accurately classify x;.

Given D = [Dy,...,Dxc], the maximum pair-wise distance between samples in each Dj is
found using a Euclidean distance metric. If d; is the j” column vector in D; of class i, then 7;
denotes the maximum distance between any pair of samples in Dj:

n; = max disl(di,j,di,k) (453)

1Sj,k§N,‘

where dist(a, b) is the Euclidean distance between vectors a and b.
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The x; is encoded into a binary code B(x;) = [B(Xy), - . . , Bn.(X¢)] with respect to the elements
in D, where B;(x¢) = [b;}, ..., biy,], determined by:
1 if dist(x, diﬁj) <n

b; j(X¢) = 4.54)
0 otherwise

Let B} be a binary code representation for elements of class i in D. Each b7 ; corresponds
to the element d;; € D;. The entries of B} are non-zero (ones) only for b7 ’s corresponding to
d;;’s, and zero otherwise: BY = [01,012,...,01 5, ... O0imin s Lits Ligs oo o Lings Ot 15 - -+, Onenls

where N = Y N, is the total number of elements in D for all Nc classes.

The classification function for X; is:

J(x¢) = argmin &(xq) (4.55)

1<i<Nc¢

where &(x¢) = HamDist(B(X;), B}), which is the Hamming distance between binary vectors B(xX;)

and BY, i.e., the distance between x; from the i'" class.

To account for unknown classes, a threshold based rejection option such as that in [130)]
is employed. If the &(x¢) > 6,, it is rejected (not assigned to any known class). Here, 6; is
the maximum allowable distance to class i, for any sample to belong to class i, determined by
0; = u; + To;, where o; is the variance of &;(x) and 7 sets its confidence interval. The decision

function in Equation 4.55 now becomes:

f(x¢) = argmin &;(X¢) subjectto &i(x¢) < 6; (4.56)

1<i<Nc
The major bottleneck in SRC scheme is the slow speed of generating the sparse representation
of an input vector (a processing speed of 0.31 fps was reported in [7]). This high time-cost
makes SRC inapplicable to real-time scenarios. On the other hand, in HDC, comparison with
all training samples to generate the binary codes of a test sample is very time consuming, which
could degrade the VMMR system’s processing speed. As the number of classes or training

images increases, the processing speed of HDC would decrease.

4.1.3.4 SRC+HDC Scheme

To improve on the processing speed of SRC, Chen et al. [7] proposed to integrate the HDC

scheme into SRC scheme. It was shown that SRC+HDC scheme yielded the best accuracies
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and was slightly faster (at 0.46 fps compared to 0.31 fps in SRC). In SRC+HDC scheme, the

classification function in Equation 4.52 is modified to:

f(x¢) = argmin ry(x) + &i(Xy)

! N (4.57)

4.2 Proposed Classification Approaches

Classification constitutes the third step in the proposed BoF-VMMR approaches (See the BoF-
VMMR flowchart in Figure 3.14). It includes training a classifier over the BoF representations
of all training images, to be used subsequently in VMMR testing. In this work, we propose two
multi-class Support Vector Machine (SVM)-based classification schemes for BoF-VMMR. Since
the datasets are usually unbalanced, extensive experiments must be conducted to find the optimal
SVM parameters for the dataset at hand. The two approaches for multi-class classifier training
and testing introduced here for BOF-VMMR are: (A) Single Multi-Class SVM Classifier, and
(B) Ensemble of Multi-class SVM Classifiers based on Attribute Bagging.

4.2.1 Single Multi-class SVM Classifier

For each training image of given classes in the training phase, local features such as SURF are
extracted and embedded into the BoF histograms using the Single Dictionary (or the Modular
Dictionary), as described in Section 3.3.4. These BoF histograms from all training images are
collected and used to train the multi-class SVM classifier described in Section 4.1.1. For testing,
the BoF histogram of the given test image is generated using the same dictionary used in training.
Based on this histogram, each of the binary classifiers that make up the multi-class SVM adds
a vote to its predicted class. The class with the highest votes is assigned as the predicted make-
model class of the test image. Algorithm 5 and 6 show the pseudocodes of training and testing

phases respectively. This classification scheme will be referred to by SSVM.
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Algorithm 5 Algorithm for Training Phase of BoF-VMMR with SSVM

1:

D e A A S

e S S S S Sy
NN ARy 72

Input: The collection of sets of training images from all classes My = {Iy, L, ..., In¢}, The
Single- or Modular-Dictionary (D or Mp), Mode € [ ‘SD’, ‘MD’] indicating which dictionary
to use

Output: The trained Single-SVM classifier, C

Initialize: The pool of all training BoF histograms H

Step 1: Generating BoF Global Representations of Images > Using Algorithm 2
for each classi € [1,...,N,.] do
Initialize H; = {} > H; is set of class i’s training BoF histograms

for each image j € [1,...,N;] do
F;; < FeaturesExtraction(l;;)
if Mode == ‘SD’ then
H;;j < GetGlobalRepresentation(F;, ‘SD’)
elseif Mode == ‘MD’
H;; < GetGlobalRepresentation(F;;, ‘MD")
end if
H; «— H; U (H;;,y) > y; is the label of class i
end for
H «— HU H;

: end for
18:
19:
20:

Step 2: Training SVM Classifier
C « SVM.Train(H)

Algorithm 6 Algorithm for Testing Phase of BoF-VMMR with SSVM

1:

—_
— O

D e A A

Input: A test image /,, its ground truth class-label y¢, Mode € [ ‘SD’, ‘MD’] indicating which
dictionary to use
Output: y” (the predicted class label of 1)
Initialize: Hy, the BoF histogram of /;
Step 1: Generating BoF Global Representation > Using Algorithm 2
if Mode == ‘SD’ then
H, <« GetGlobalRepresentation(F,, ‘SD’)
elseif Mode == ‘MD’
H, « GetGlobalRepresentation(F,, ‘MD")
end if
Step 2: Prediction

. y7 « C.Predict(H,)

67



4.2.2 Ensemble of Multi-class SVM Classifiers based on Attribute Bagging

In this section, we describe the ensemble of multi-class SVM classifiers approach we propose
for BoF-VMMR. Instead of training a single classifier over the entire set of feature vectors, we
explore the idea of building an ensemble of individual multi-class classifiers that are trained
over different random feature subspaces (i.e., random feature subsets). This concept is referred
to by different names in the literature: Attribute Bagging (AB), Multiple Feature Subsets, and
Random Subspace Method. The Random Subspace Method is a more generic term which could
refer to: (1) applying Random Subsampling over the training data samples to create bootstrap
subsets of the training dataset, or, (2) applying Random Subsampling over the feature-space to
create random subsets of feature-vectors (used in this work). We prefer to use the term Attribute
Bagging, as it best describes the technique with which feature subsets are created. In testing, the
predictions from each of the classifiers in the ensemble are combined using a certain combination

rule to produce the final prediction.

4.2.2.1 Motivation to use Attribute Bagging

The motivation to adopt Attribute Bagging (AB) for training the individual classifiers of the en-
semble arises from the following observation. In the MMR dataset used in this work, the training
samples per class are too few in number when compared to our feature vector dimensions, which
could lead to over-fitting problems for classifiers such as SVM. For example, while the average
number of training samples per class is 182 (See Table 5.1) in the 80-20 Dataset versions we
make from NTOU-MMR Dataset, the best performing feature vector length is 2000. Remember
that the feature vector length is equal to the size of the dictionary used to generate the feature, and
that each attribute of the feature vector corresponds to the votes assigned to the respective dictio-
nary codeword. Employing an ensemble of classifiers built using AB helps to avoid over-fitting

problems.

To avoid the over-fitting issue by reducing the difference between the number of training
data samples and the feature vector dimensions, random subsets of feature vectors are created

in a similar fashion to [131—-133]. Unlike them, we do not create random subsets of the training
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dataset, but we create random subsets out of training feature vectors. Moreover, several works
in the literature (e.g., [97]) have shown that the AB-based ensemble of classifiers could perform
better than the stand-alone individual classifiers (i.e. classifiers trained over whole feature vec-
tors). Motivated by their findings, we investigate if the AB-based ensemble of multi-class SVM
classifiers, hereby referred to as AB-SVM, could improve the performance of VMMR in com-
parison to the single classifier scheme of Section 4.2.1. Table 4.1 summarizes the symbols used

in regards to AB-SVM.

Table 4.1: Nomenclature (for symbols used in Section 4.2.2)

Symbol Meaning
N # of Random Feature Subspaces, # of Classifiers in Ensemble
S s Size of (#Attributes in) a Random Feature Subspace
N; # of training images of class-i
N, = ZZ ‘, Ni (i.e., total number of training images)
Sp Size of SD or MD, #Codewords in dictionary
A, Set of randomly chosen attribute indices for g subspace
H;; BoF feature vector of image- j of class-i
H;gj g" feature subset of H;;, extracted based on A,
H} Training set of class-i from g feature subspace (containing all Hfj’s)
H? Training set of all classes from g feature subspace (containing all Hf’s)
Cs a multi-class SVM classifier trained over H®
C the ensemble of C#8’s

4.2.2.2 Creating Random Feature Subsets by AB

We will illustrate the AB method of creating feature subspaces through a simple example. As-
sume we have BoF feature vectors such as F = [ay,...,a;0], where a, is the value of the x""
attribute. Let the number of random feature subspaces to create be Ny, = 4, each comprising of

S s = 5 attributes (or dimensions). Let A, denote the set of randomly chosen attribute indices for
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the g feature subspace, as described by Equation 4.58, where |A| = S, and g = 1, ..., Ny:

Ay = {xlx € [1,Spl} (4.58)

For example, consider A; = {9,6,2,5,8}, A, = {1,7,9,3,4}, A; = {8,1,6,10,3}, and A, =
{5,1,2,6,9}. So, out of each original feature vector F, we would extract Ny; = 4 random feature
subsets based on A,A;,A3 and A, respectively, resulting in the following random feature subsets
out of F: F| = lag,ae,a2,as,a3], F» = [a1,a7,a9,a3,a4], F3 = [ag,a;,as, ajo,az], and Fy =
las, ay, a», ag, ag]. We would then build an ensemble of N, = 4 classifiers, each trained over the

respective feature subspace.

Now, let us generalize the application of AB over our training dataset. Let H;; be the BoF

feature vector for a given image j of class i, comprised of S p attributes:

H,'j = [h];],. .. ahj,K] where K = Sp (4.59)

To create each feature subset Hfj, we must randomly select S, < Sp different attributes
(without replacement) from H;;, based on the attribute indices in A,. Sampling without replace-
ment ensures that within a subset, each attribute is selected only once. However, an attribute
could be chosen in more than one subset. All such feature subsets of class i (i.e. Hfj’s), are

collected in Hf as shown in Equation 4.60 where the dimensions of Hf are N; X S .

g _
HE = [HS, HY, .

S HE T (4.60)

The classwise pools of feature subsets (H;g’s) for all classes i = 1, ..., Nc¢ are then collected in

the respective overall training set for the g feature subspace (H#) as shown in Equation 4.61:
H® = [H}, HS, ...,Hic]T (4.61)

where each H? is of dimensionality N, X S ;.

4.2.2.3 Classification

The feature subsets in H® are used to train the corresponding multi-class classifier Cé. In this

way, we achieve an ensemble of classifiers C (composed of C¢’s), to predict the vehicle’s make
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and model in given test images. A greater value for Ny, will yield a larger number of feature

subspaces, which would increase the chances of having qualitatively different C¢’s, as discussed

by [131].

In the testing phase, the input image’s BoF feature vector H, is sub-sampled into subsets H?
based on the respective set of attribute indices A,. To create each subset, the same sequence of
S ¢ attributes indices (given by A,) that were selected in creating H® are used. The classifier C*
is then used to predict the label of H¥, adding a vote to the winning class. The class that wins
majority of the votes amongst all C¢’s (g = 1, ..., Ny,), is produced as the predicted make and
model of the test image. Algorithms 7 and 8 provide the pseudocode for training and testing

phases of BoF-VMMR with ABSVM.

71



Algorithm 7 Algorithm for Training Phase of BoF-VMMR with ABSVM

1:

[ NS T O T NS I S R N e e e e e e
W T2 YR DR 2o

[\
W

W LW W W N N N

R A A A

&)
.o -';

©)
3D

Input: The collection of sets of training images from all classes My = {Iy, L, ..., Inc}, The
Single- or Modular-Dictionary (D or Mp), Mode € [ ‘SD’, ‘M D’] indicating which dictionary
to use, The collection A = {A,lg = 1,..., N}, where A, is the set of selected attribute
indices for g feature subspace.
Output: The trained ABSVM classifier, C = {C®|g = 1, ..., Ny}
Initialize:
Hig, Ygell,...,Ng]|,Viell,...,Nc]
H&, Vg e [1,...,Ng]
Step 1: Generating BoF Global Representations of Images > Using Algorithm 2
for each classi € [1,...,N,.] do
for each image j € [1,...,N;] do
Initialise: H;;, and Hl.lj, e Hf;’
F;; « FeaturesExtraction(1;;)
if Mode == ‘SD’ then
H;; < GetGlobalRepresentation(F;j, ‘SD’)
elseif Mode == ‘MD’
H;; < GetGlobalRepresentation(F;;, ‘MD”)
end if
forg=1,...,N;,do
Higj «— SubSample(H;;, A%) > select S < §p attributes from H;;, based on A,
Hf — H? U (Hfj,yi) > y; is the label of class i
end for
end for

- end for

: Step 2: Collecting Training Data
forg=1,...,Nydo

fori=1,...,N.do
H® <—HgUHig
end for

: end for

: Step 3: Training the Ensemble of Classifiers
forg=1,...,Nydo

C¢ «— SVM.Train(H®)

: end for
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Algorithm 8 Algorithm for Testing Phase of BoF-VMMR with ABSVM

1:

R e A A

DN = = = = = = e e e e

Input: A test image /,, its ground truth class-label y¢, Mode € [ ‘SD’, ‘MD’] indicating which
dictionary to use, Mode € [‘SD’, ‘MD’] indicating which dictionary to use, The collection
A = {A;lg = 1,..., N}, where A, is the set of selected attribute indices for g™ feature
subspace.
Output: y” (the predicted class label of 1)
Step 1: Generating BoF Global Representations of Images > Using Algorithm 2
Initialise: H,, and H!, ..., H"*
F, « FeaturesExtraction(1;)
if Mode == ‘SD’ then

H, « GetGlobalRepresentation(F,, ‘SD’)
elseif Mode == ‘MD’

H, < GetGlobalRepresentation(F,;, ‘MD’)
end if

forg=1,...,Nydo

Hf « SubSample(H,, A%)

- end for

: Step 3: Prediction
: PY =1} > The list of prediction outputs of individual classifiers
cforg=1,...,N,do

P% «— P¥ U C8.Predict(Hf)

: end for
. ¥ = MajorityVoting(P%) > Select the class with maximum votes
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Chapter 5

Experimental Setup and Implementation

This thesis proposes and investigates unexplored approaches for real-time automated Vehicle
Make and Model Recognition (VMMR) based on BoF and multi-class SVMs. The three main
steps in the proposed BoF-VMMR approaches, as depicted in Figure 3.14, are: (1) Offline Dic-
tionary Building (to be used for Features Quantization), (2) BoF Features Representation and (3)
Classification, which involves classifier training and testing. In this chapter, we first describe and
discuss the target environment and dataset (Section 5.1). In Section 5.2, the performance metrics
used to analyse processing speed and accuracy of VMMR approaches are presented. The pa-
rameters for the optimized dictionaries and classifiers we propose for BoF-VMMR are discussed
in Section 5.3. Finally, in Sections 5.4 and 5.5 respectively, we present how vehicle ROIs are

extracted in VMMR works and describe the hardware and software platform we use.

5.1 Target Environment and Dataset Description

To demonstrate the effectiveness of the proposed BoF-based approaches for VMMR, we target
public areas that are highly vulnerable to security threats. Such scenarios include entrances or
exits of parking facilities at public places such as malls, airports, stadiums, etc. (See Figure 5.1).
The video/images sensor (camera) is fixed on the entrance/exit of a given parking facility or

cross-border checkpoint. Vehicles may be occluded by pedestrians or other objects. The pro-
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posed approaches for VMMR can be easily applied to other scenarios in which the camera is not

fixed, e.g., an on-board camera on a mobile surveillance vehicle, etc.

We find that the above characteristics of the target environment are best represented by the
NTOU-MMR dataset [10]. Itis a very recent and publicly available dataset for vehicle makes and
models, with published results of several VMMR works. Hence, it serves as a good benchmark
dataset to compare performances of our approach with other works. In what follows, we further

describe the dataset and note a few problems therein.

Published in the recent related work of Hsieh et al. [10], the NTOU-MMR dataset was col-
lected under the Vision-based Intelligent Environment (VBIE) project [ 134] and can be accessed
at [135]. Speeds of up to 65 km/h were allowed for the oncoming vehicles. The original dataset
1s divided into a training and a testing set. There are 2, 846 images for training, and 3, 793 images

for testing. The total number of classes is 29.

The motivation to use this dataset in our work stems from the following characteristics of
the dataset. The images have vehicles in different viewing angle pans ranging from —20° to
20°, which sufficiently represent real-life scenarios. Moreover, the dataset’s images were taken
throughout the daytime and night-time, and under weather conditions varying between sunny,
cloudy and rainy. In addition, there are also images with vehicles occluded by irrelevant objects
(such as pedestrians). As we shall present in Section 6.5, the effectiveness of our approaches is

proven even in such challenging scenarios (See Figure 6.6).

However, we note some problems with the NTOU-MMR dataset (downloaded from [135]):

o Wrongly placed images: some class directories have images belonging to other classes.

e Duplicated images: many classes have duplicate images (with different names).

e Biased partitioning of data: it is unclear which strategy is employed to partition data into

training and testing for each class.

The manner in which data is partitioned into training and testing greatly impacts performance
results. A biased partitioning can give misleading results of a system’s accuracy, as we demon-

strate in Figure 6.1 (Section 6.8). Unlike previous works based on the dataset, we repeatedly
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Figure 5.1: Examples of the targeted environment where VMMR is needed: (a)-(b) Gates of a
cross-border checkpoint, and (c) Entrance or exit of parking spaces in airports or malls, etc. The

cameras capture the front faces of vehicles, to be used for VMMR. (Courtesy: Google Images)
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randomly partition the original NTOU-MMR dataset to form Np number of different training
and testing splits for each class. For each split, 80% of images are randomly chosen for training,
and the remaining 20% for testing. We refer to these as 80-20 NTOU-MMR Datasets, or simply
80-20 Datasets. Table 5.1 outlines the number of training (#Tr) and testing (#Te) images in each
of the N datasets. The mean accuracies and processing speeds of our approaches are determined
by averaging the results over the N datasets. The 80-20 ratio for the training and testing split is
one of the standard dataset partitioning schemes employed by many works in object recognition

and image classification.

5.2 Performance Metrics

5.2.1 Speed

In order to be used in real-life scenarios, a good VMMR system needs to meet real-time pro-
cessing speed requirements, apart from being accurate. For the processing speed of a VMMR
approach, we take the inverse of average time taken per image (in seconds) in extracting features,
building the global features representation, and classifying it to predict the MM class label. We

report the processing speed of the VMMR approaches in frames-per-second (fps).

5.2.2 Accuracy

We have k = 1, 2, ..., Np different datasets, where each dataset is a random 80-20 training-testing
split of the original NTOU-MMR Dataset [10]. Let L = {/;|i = 1,2, ..., Nc} be the set of labels
for all Nc number of classes in a dataset. The accuracies of the VMMR approaches can be

represented by the following metrics:

o Average Correct Classification Rates (ACCR,): the classwise accuracies, based on the
ratio of the number of correctly classified images of /; to the total number of test images

for [;, averaged over N dataset splits.
Np

| #Correctly Classified Images of /; in dataset k
ACCR;, = — 5.1
"Ny ; Total # Images of /; in dataset k -1
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Table 5.1: Vehicle Make-Model Classes and #Ilmages in each 80-20 random partition of the
NTOU-MMR Dataset [135]

Label Make Model #Train | #Test
1 Altis 972 240
2 Camry 556 136
3 Vios 547 136
4 Wish 240 58
5 Yaris 244 60
6 foyota Previa 50 12
7 Innova 36 9
8 Surf 67 16
9 Tercel 145 36
10 RAV4 127 31
11 CRV 496 123
12 Honda Civic 265 66
13 FIT 84 20
14 March 157 38
15 Livna 203 50
16 Teana 76 19
17 Nissan Sentra 77 18
18 Cefiro 123 30
19 Xtrail 111 27
20 Tiida 208 51
21 Zinger 26 6
22 Outlander 36 8
Mitsubishi
23 Savrin 43 10
24 Lancer 64 16
25 Suzuki Solio 101 25
26 Liata 16 3
27 Escape 90 22
Ford
28 Mondeo 91 20
29 Tierra 52 13
Overall 5303 | 1299
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e Mean Average Correct Classification Rate (mACCR): the overall VMMR accuracy, a
metric similar to [ 1 36], which is the ratio of the total number of correctly classified images
(of all classes) to the total number of test images in the dataset, averaged over Np dataset
splits.

Nc

Np
1 1
ACCR= — - — #C tly Classified I f [; in dataset k 5.2
m Ne ND; kZ:; orrectly Classified Images of /; in datase (5.2)

5.2.3 Discriminative Capability

To visualize the discriminative capabilities of VMMR approaches, the confusion matrix serves
as a good tool. While the row indices of the matrix correspond to Ground Truth class labels, the

column indices correspond to Predicted class labels.

The value at " row and ¢ column, i.e. at (r,c), where r = 1,..,Ncand ¢ = 1,...,Nc,
represents the percentage of class-r’s images that are predicted to be of class-c by the VMMR
approach. The main diagonal values represent the ACCR,,. In other words, at each (r,r), the
value is the ACCR,, for class-r. The confusion matrix helps us identify the classes which could

be apparently similar (in the feature space) and could be leading to inaccurate predictions.

5.3 Optimal Parameters Selection

We obtain the optimal parameters for each step of our BoF-VMMR approaches by cross-validation
using the Np different 80-20 Datasets First, we find optimal dictionary parameters for both SD
and MD schemes. Then, we find the optimal classifier parameters for both single classifier and
ensemble classifier schemes. The best trade-off between processing speed and accuracy is con-
sidered in each case, to achieve the requirements of a real-time VMMR system. In Table 5.2, we

summarize the optimal set of parameters used in this work.
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Table 5.2: Optimal Parameters for BoF-VMMR

Dictionary Classifier
Type | Size (Sp) SSVM ABSVM
BoF-SD | SD 2000 C=50,y=5| Nyu=15,5, =500
BoF-MD | MD | 29-100 | C=50,y=5 | Nz =15,5, = 1500

Method

5.3.1 Optimized Dictionaries

To obtain the optimal SD and MD, we run extensive experiments on the BoF-VMMR approach
by employing SURF in local Features Extraction step and Single Multiclass SVM in Classifica-
tion step. The significant parameter affecting the processing speed and accuracy of the overall
BoF-VMMR system is the Dictionary Size, S p. In the Offline Dictionary Building step, varying
the S p in the SD scheme from 100 to 4000, we found that S , = 2000 yielded the best trade-off
between speed and accuracy (as shown in Figure 5.2). With S, = 2000, we obtain an accuracy
of 95.54% at a speed of 7.4fps. For S > 2000, one can observe that accuracy only improves
very slightly, while the speed falls rapidly. For example, S, = 4000 results in a higher accuracy
(96%), but the speed is reduced to 6.7fps. So, we choose S p = 2000 in all our experiments based
on BoF-VMMR with SD (BoF-SD), unless otherwise stated.

As for the MD scheme, we conducted similar experiments by varying the size of individual
dictionaries (S;p) that make up the main MD, and found that the S;, = 100 (which makes
the overall MD of size Sp = S;p - Nc = 100 - 29), yielded the best trade-off between speed
and accuracy (See Figure 5.3). Increasing the S;p beyond 100 gradually decreases both speed
and accuracy. Hence, in our experiments based on BoF-VMMR with MD (BoF-MD), we adopt
Sp = 100.

5.3.2 Optimised Classifiers

Based on the obtained optimized dictionaries, we then find the optimal classifiers for BoF-
VMMR. To build the two classification schemes proposed in this work for BoOF-VMMR, we
utilize the multi-class SVM library of OpenCV [137] which is based on LibSVM [106, ].
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VMMR. S p = 2000 yields the best trade-off between speed and accuracy.
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The values C = 50, y = 5 for the individual C-SVC SVMs were empirically determined to yield
the best results. So, we use these values in building the SSVM and ABSVM classifiers presented

respectively in Sections 4.2.1 and 4.2.2.

Given that the dimensionality of the BoF feature vectors is quite high, if the number of feature
subspaces N, and hence the number of classifiers, is not sufficiently large enough, there could
be cases where some attributes may never be chosen. In the illustrative example given at the
beginning of Section 4.2.2.2, if Ny, = 2, and say we choose the two feature subspaces as per A;
and A, only, then we see that the 10" attribute is left out. Similarly, if A; and A3 are chosen, 4t
and 7" attributes would be left out in the resulting feature subsets. It may occur that the omitted
attributes had high discriminative capacity or significance. We decide on the optimal values for

N;, and S §; based on experimental evaluations, as discussed below.

In this work, we choose the optimal values for feature subspace sizes (S ;) and the number of
feature subspaces (Ny,) by studying their effect on the processing speed and accuracy of BoF-SD
with AB-SVM (See Figures 5.4a and 5.4b). We varied S ;; from 100 to 1000 (in steps of 100),
for each test with Ng; = 10, 15,20, and 25. One can observe from Figures 5.4a and 5.4b that
while accuracy tends to increase with the increase in S ;; and N, speed tends to decrease. This
is obvious because a higher S, indicates greater dimensionality of the feature vectors, and a
higher N, represents a greater number of classifiers in the ensemble, both of which lead to an

increase in processing time consumption.

To find the optimal values of Ny, and S ;; for BoF-SD, we observe the accuracy vs. speed plot
as shown in Figure 5.5. In this figure, we see that for accuracies above 94%, the speed tends to
fall drastically while accuracy improves only slightly towards 95%. Our objective is to achieve
a processing speed of at least 5 fps to meet real-time requirements while having a minimum
accuracy of around 95%. We observe from these figures that S, = 500 and Ny, = 15 gives an
accuracy of around 95% and speed of around 5 fps (represented by the highlighted green square
datapoint in Figures 5.4a, 5.4b, and 5.5). Similar experiments were conducted for AB-SVM
based BoF-MD and Ny = 15, S, = 1500 yielded the best speed-accuracy trade-off. So, in our
experiments, we adopt the values (N, = 15, S, = 500) and (N, = 15, S, = 1500) for the
AB-SVM based BoF-SD and BoF-MD approaches respectively.
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5.4 Vehicle Region of Interest

In most VMMR works, instead of using the whole input image for features extraction, global
representation and classification, a narrow region of interest (ROI) over the vehicle is considered
such that it covers the front (or rear) face. This eliminates background regions of input images,
which could otherwise degrade VMMR performance. The works that focus on extracting this
vehicle ROI from input images are classified under Vehicle Detection (VD) systems, which have
been a very extensively investigated topic over the years. A comprehensive survey of VD tech-
niques and approaches can be found in [139]. Most VMMR works use a pre-built VD module.
Since the focus of our work is on improving methods to represent and classify vehicle makes
and models, vehicle detection is out of this thesis’ scope. Nonetheless, for the purpose of com-
pleteness, we provide here a brief overview of VD techniques that have been straight-forwardly

utilized in VMMR works.
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To detect and localize vehicles in a given image, cues such as bumper shadow [10, 140],
air-grille [16], license-plate [0, 9], etc. have been popular in VMMR works due to fast process-
ing speed and lower computational complexity than other advanced VD techniques. Since the
objective of VMMR works is to augment traditional ALPR-based vehicle identification and clas-
sification systems, it is more efficient to use the detected license-plates as a cue based on which
the vehicle ROIs can be defined around them. Many real-time and robust license-plate detec-
tion techniques such as our prior work of [141] have been proposed in the literature. Although
license-plate recognition systems are highly failure-prone, the license-plate detection techniques
have been proven to be highly robust to different lighting conditions and have the advantages of
higher processing speed, lower computational complexity and minimal failure cases [142—145].
Given the license-plate coordinates and dimensions, the ROI with corresponding dimensions and
aspect ratio is delineated. In fact, any real-time and robust VD technique can be coupled to our

VMMR approaches.

5.5 Hardware and Software Platform

In all our experiments, the computing platform used is an Intel(R) Core(TM) 15 3475S CPU
(2.9 GHz), with 16 GB RAM, Intel(R) HD Graphics 4000 card. The BoF-VMMR approaches
were implemented using C++ and OpenCV 2.4.8 libraries through Microsoft Visual Studio 12

Professional, on a 64-bit Microsoft Windows 7 Operating System.
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Chapter 6

Results and Discussions

In this chapter, we analyse the performance of proposed BoF-VMMR approaches. In Section 6.1,
we evaluate the accuracy and efficiency (processing speed) of SSVM-based BoF-VMMR. In
Section 6.2 we provide a comparative analysis of BoF-SD and BoF-MD, discussing pros and cons
of each. We present the results of BoF-VMMR with ABSVM and Random Forest classification
schemes, in Sections 6.3 and 6.4, respectively. Section 6.7 summarizes the results of the proposed
BoF-VMMR approaches. The effectiveness of our approaches is established even in extremely
challenging environmental and occlusion conditions, as shown in Section 6.5. In Section 6.8, we

prove the superiority of our approaches over the representative VMMR works.

6.1 Performance of SSYVM-based BoF-VMMR

In this section, we evaluate the performance of BoF-VMMR under both SD and MD schemes
for Global Features Representation (of Sections 3.3.3.2 and 3.3.3.3 respectively), and SSVM (of

Section 4.2.1) for Classification.
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Table 6.1: Performance of BoF-SD with SURF and SSVM (C-SVC)

Make Toyota

Model Altis | Camry | Vios Wish Yaris | Previa | Innova | Surf
ACCR(%) 99 97.35 97.57 96.38 98 90.83 | 95.56 | 90.63
Avg #Cor | 237.6 | 1324 132.7 55.9 58.8 10.9 8.6 14.5

Make Toyota Suzuki Nissan

Model Tercel | RAV4 | Solio Tiida March | Livna | Teana | Sentra
ACCR(%) | 89.72 | 99.35 | 94.40 92.94 9342 | 96.00 | 89.47 | 65.56
Avg #Cor | 323 30.8 23.6 474 355 48 17 11.8

Make Nissan Mitsubishi Honda

Model Cefiro | Xtrail | Zinger | Outlander | Savrin | Lancer | CRV Civic
ACCR(%) | 75.67 | 9296 | 80.00 75.00 82.00 | 98.13 | 99.43 | 96.67

Avg #Cor 22.7 25.1 4.8 6 8.2 15.7 122.3 63.8
Make Honda Ford
Overall
Model FIT Liata | Escape | Mondeo | Tierra
ACCR(%) | 90.50 | 66.67 | 79.09 88.00 80.77 94.84
Avg #Cor 18.1 2 17.4 17.6 10.5 1232

6.1.1 Accuracy

6.1.1.1 C-SVC based SSVM

Utilizing the C-SVC formulation for SSVM (described in Section 4.1.1.2), we evaluate the BoF
approaches based on SD and MD. The ACCR;;’s and the average number of correctly classified
images for BoF-SD and BoF-MD are given in Tables 6.1 and 6.2, respectively. The accuracies
are averaged over Np = 10 random 80-20 training-testing dataset splits. The dictionary sizes
used are S p = 2000 (for SD)and Sp = S;p- N, = 100 - 29 (for MD), as described in Section 5.3.
The mean average correct classification rates (mACCR) of our BoF-SD and BoF-MD approaches
are 94.84% (95% CI [93.7%, 96.0%]) and 93.7% (95% CI1 [93.3%, 94.1%]) respectively.

The classwise ACCR,,’s with 95% confidence intervals, of our SURF- and SSVM-based BoF-
SD and BoF-MD approaches, over the N = 10 different 80-20 training-testing dataset versions,
are shown in Figure 6.1 Each of the ten dataset versions is populated by randomly choosing

80% of the total images for training and the rest for testing. While most of the classes have high
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Table 6.2: Performance of BoF-MD with SURF and SSVM (C-SVC)

Make Toyota

Model Altis | Camry | Vios Wish Yaris | Previa | Innova | Surf
ACCR(%) | 98.67 | 97.65 97.21 95.00 97.50 | 90.83 | 95.56 | 90.63
Avg #Cor | 236.8 | 132.8 132.2 55.1 58.5 10.9 8.6 14.5

Make Toyota Suzuki Nissan Nissan

Model Tercel | RAV4 | Solio Tiida March | Livna | Teana | Sentra
ACCR(%) | 88.61 | 98.06 | 93.20 88.82 9342 | 96.00 | 89.47 | 65.56
Avg #Cor | 319 304 233 45.3 355 48 17 11.8

Make Nissan Mitsubishi Honda

Model Cefiro | Xtrail | Zinger | Outlander | Savrin | Lancer | CRV Civic
ACCR(%) | 75.67 | 9296 | 83.33 80.00 75.00 | 99.38 | 99.27 | 94.24

Avg #Cor 22.7 25.1 5.0 6.4 7.5 15.9 122.1 62.2
Make Honda Ford
Overall
Model FIT Liata | Escape | Mondeo | Tierra
ACCR(%) | 89.00 | 70.00 | 80.00 84.00 77.69 93.70
Avg #Cor 17.8 2.1 17.6 16.8 10.1 1217.2

ACCR’s, some classes consistently performed badly across the 10 different dataset versions, such
as: classes 18 (Nissan Cefiro), 17 (Nissan Sentra), 18 (Nissan Cefiro), 22 (Mitsubishi Outlander),
23 (Mitsubishi Savrin), and 27 (Ford Escape).

It is noteworthy to mention that for some classes with low accuracy, e.g: classes 21 (Mit-
subishi Zinger), 26 (Ford Liata), 28 (Ford Mondeo), and 29 (Ford Tierra), BoF-SD had ACCR’s
of 95 — 100% with at least one of the dataset splits (see Figure 6.1). Similarly, for Class 27
(Ford Escape), although the accuracy (averaged over all Np datasets) turned out to be 79.09%,
for at least one of the 80-20 dataset splits, an ACCR;, of more than 90% was achieved. This
clearly indicates that accuracy greatly depends on how images were distributed into training and
testing. Whereas we assign images to training-testing sets randomly, the assignment of images
into training and testing sets in the original NTOU-MMR Dataset [10] is not clear and seems to

be biased (described in Section 5.1).
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Figure 6.1: Classwise ACCR;,’s with 95% Confidence Intervals for BoF-SD and BoF-MD with
SSVM (over the Np = 10 different 80-20 Dataset splits).

6.1.1.2 v-SVC based SSVM

We investigated another formulation of SSVM classifiers: the v-SVC (described in Section 4.1.1.3).
Since BoF-SD outperformed BoF-MD, we evaluate v-SVC with BoF-SD. Tables 6.1 and 6.3
shows the results of BoF-SD with SSVM based on C-SVC and v-SVC, respectively. These re-
sults were obtained using the empirically determined optimal values of v = 0.02 and y = 5.
Interestingly, with these optimal values, v-SVC performed similarly to C-SVC in terms of over-
all accuracy mACCR. However, its average processing speed was about 7.4 fps, while that of

BoF-SD with C-SVC was around 7.5 fps.

6.1.2 Speed

The average processing speeds of the SD- and MD-based BoF-VMMR approaches with SSVM
are 7.5 fps and 6.99 fps respectively, which proves the suitability of BoF for real-time VMMR

applications. Higher speeds can be obtained with a slight compromise in accuracy by decreasing
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Table 6.3: Performance of BoF-SD with SURF and SSVM (v-SVC)

Make Toyota

Model Altis | Camry | Vios Wish Yaris | Previa | Innova | Surf
ACCR(%) | 99.13 | 97.50 | 97.65 96.72 98.00 | 90.83 | 95.56 | 91.25
Avg #Cor | 2379 | 132.6 132.8 56.1 58.8 10.9 8.6 14.6

Make Toyota Suzuki Nissan

Model Tercel | RAV4 | Solio Tiida March | Livna | Teana | Sentra
ACCR(%) | 89.17 100 94.0 91.96 92.11 95.0 89.47 65.0
Avg #Cor | 32.1 31 235 46.9 35 47.5 17 11.7

Make Nissan Mitsubishi Honda

Model Cefiro | Xtrail | Zinger | Outlander | Savrin | Lancer | CRV Civic
ACCR(%) | 75.67 | 92.96 85.0 73.75 84.0 97.5 99.67 | 96.52

Avg #Cor 22.7 25.1 5.1 59 8.4 15.6 122.6 63.7
Make Honda Ford
Overall
Model FIT Liata | Escape | Mondeo | Tierra
ACCR(%) | 89.0 66.67 80.0 88.0 80.0 94.80
Avg #Cor 17.8 2 17.6 17.6 10.4 1231.5

the S p (as previously shown in Figures 5.2 and 5.3). Depending on the requirements of the spe-
cific application, the BoF parameters could be easily adapted to meet high processing speeds with
a slight compromise in accuracy, or vice-versa. Common surveillance cameras have a frame rate
of 25-30 fps [146, 147]. However, to run the VMMR on each and every incoming frame would
waste computational resources. Instead, every 5" incoming frame can be processed seamlessly
for VMMR purposes, which effectively requires only 5-6 frames per second to be processed. In

this manner, both of our BoF approaches are highly suitable for real-time VMMR applications.

6.2 Comparison of BoF-SD and BoF-MD

6.2.1 Accuracy and Speed

Observing the accuracies of BoF-SD and BoF-MD in Tables 6.1 and 6.2 respectively, one can

see that the overall performance of BoF-SD is superior to that of BoF-MD. Contrary to our
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expectation that BoF-MD would perform better than BoF-SD, the results indicate otherwise.
One reason could be the fixed size of individual sub-dictionaries of all classes, which could
lead to many less discriminative and noisy features being selected as codewords in the overall
dictionary. In future, we shall investigate dictionary pruning methods to build a more robust
Modular Dictionary. However, we note that, for some classes, BoF-MD had better ACCR’s than
BoF-SD. See for example: Toyota Camry, Nissan Sentra, Mitsubishi Zinger, Outlander, Lancer,

Ford Liata, and Escape.

We show the confusion matrix for the 29 make-model classes using BoF-SD and BoF-MD
approaches (with SURF and SSVM) in Figures 6.2a and 6.2b, respectively. One can observe
that most of the inaccurate classifications are towards Classes 1 (Toyota Altis) and 2 (Toyota
Camry). One of the major reasons for this effect could be a considerably greater amount of
training data available for these classes (as we can see from Table 5.1) which may have lead to
a biased classifier. Under such imbalanced training data, even the dictionary could have become

biased by retaining more codewords from classes 1 and 2 than from other classes.

The average processing speeds of the BoF-SD and BoF-MD with SSVM are 7.5 fps and 6.99
fps, respectively. The BoF-MD works slightly slower than BoF-SD due to its greater size of
the overall dictionary. Whereas the overall SD has size S, = 2000, the overall MD has size
Sp=3S8p-29 =2900, i.e. size of MD is around 45% greater than that of SD.

6.2.2 Dictionary Training Time

Although the accuracy and speed of BoF-MD-VMMR is slightly less than compared to BoF-
SD, the time required to build or re-build the MD, i.e. the Dictionary Training Time (Tpr,), 1S
drastically less than compared to SD’s Tpr,. One can observe in Figure 6.3 that there is a huge
difference in Tpr, for MD and SD. Unlike SD, the increase in dictionary size does not cause the
Tpr, of MD to increase rapidly. The cost in time for training and re-training of MD is therefore
significantly less than that of SD. In real-life scenarios, security personnel may be looking for
different subsets of vehicle makes and models at different times. Therefore, a VMMR system
should recognize only those makes and models, rather than all that are passing by. In such ap-

plications where re-building of dictionaries due to addition or removal of desired or undesired
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Figure 6.2: Confusion Matrices for (a) BoF-SD and (b) BoF-MD, both using SURF and SSVM;

values averaged over the ten 80-20 Datasets.
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make-model classes is needed, BoF-MD would be a more efficient choice. However, in applica-
tions where the reconstruction of the dictionary is unnecessary, then BoF-SD stands as a better

choice.

6.3 Performance of AB-SVM based BoF-VMMR

Motivated by the success of using AB to build an ensemble of classifiers in several works such as
[97], we investigate whether the AB-based ensemble of multi-class SVM classifiers (AB-SVM),
trained over BoF representations of different makes and models, could improve the performance

of VMMR in comparison to the SSVM classifier of Section 4.2.1.

The classwise ACCR,’s and average number of correctly classified images for AB-SVM
based BoF-SD and BoF-MD approaches are shown in Tables 6.4 and 6.5, respectively. Fig-
ure 6.4 shows the ACCR,,’s with their 95% confidence intervals. These results are obtained using

(Ngs =15, 8 i = 500) for BoF-SD, and (N, = 15, S, = 1500) for BoF-MD, as obtained in Sec-
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Figure 6.4: Classwise ACCR;,’s with 95% Confidence Intervals for BoF-SD and BoF-MD with
AB-SVM (over the Np = 10 different 80-20 Dataset splits).

tion 5.3. The average processing speed with these configurations was around 5 fps with SD, and
around 3 fps with MD. The average accuracies with SD and MD turned out to be around 93.02%
(95% CI [92.5%, 93.6%]) and 93.7% (95% CI [93.4%, 94%]), respectively. It can be observed
that BoF-MD with AB-SVM had very similar accuracy as BoF-MD with SSVM, although pro-
cessing speed was compromised. However, the performance of BoF-SD with AB-SVM (in terms
of accuracy and speed) is slightly reduced, compared to SSVM-based BoF-SD and BoF-MD. The
reduced performance of AB-SVM based BoF-SD could be attributed to the random selection of
dictionary codewords to form feature subsets, without considering the importance (or discrim-
inative capacity) of the selected codewords. This could have led to the selection of noisy or
non-discriminative codewords. By incorporating the discriminative capacity of the codewords,
or by increasing N, (as discussed in Section 5.3), AB-SVM could perform better with BoF for
VMMR.

We also observe that with AB-SVM, BoF-MD yields higher ACCR;,’s than BoF-SD, for the

following classes: Toyota Altis, Toyota Camry, Toyota Wish, Toyota Yaris, Toyota Innova, Toy-
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Table 6.4: Performance of BoF-SD with AB-SVM

Make Toyota

Model Altis | Camry | Vios Wish Yaris | Previa | Innova | Surf
ACCR(%) | 98.58 | 96.40 | 96.54 93.97 98.00 | 90.00 | 94.44 | 91.88
Avg #Cor | 236.6 | 131.1 131.3 54.5 58.8 10.8 8.5 14.7

Make Toyota Suzuki Nissan

Model Tercel | RAV4 | Solio Tiida March | Livna | Teana | Sentra
ACCR(%) | 90.00 | 98.71 93.6 88.04 88.68 | 9520 | 86.32 | 57.22
Avg#Cor | 324 30.6 234 44.9 33.7 47.6 16.4 10.3

Make Nissan Mitsubishi Honda

Model Cefiro | Xtrail | Zinger | Outlander | Savrin | Lancer | CRV Civic
ACCR(%) | 63.67 | 90.00 | 73.33 77.50 76.00 | 96.88 | 99.84 | 95.45

Avg #Cor 19.1 24.3 44 6.2 7.6 15.5 122.8 63.0
Make Honda Ford
Overall
Model FIT Liata | Escape | Mondeo | Tierra
ACCR(%) | 92.00 66.7 73.64 77.00 76.92 93.02
Avg #Cor 18.4 2.0 16.2 15.4 10.0 1210.5

ota Tercel, Suzuki Solio, Nissan Tiida, Nissan March, Nissan Livna, Nissan Sentra, Mitsubishi
Zinger, Mitsubishi Outlander, Mitsubishi Savrin, Mitsubishi Lancer, Ford Liata, Ford Escape,
and Ford Mondeo. That is, for around 18 out of 29 classes, BoF-MD actually outperforms BoF-
SD. BoF-MD yields lower accuracies only for 8 of the 29 classes: Toyota Vios, Toyota Previa,
Toyota Surf, Toyota RAV4, Nissan Cefiro, Honda CRV, Honda Civic, Honda FIT. The decreases
in accuracies of BoF-MD for these 8 classes leads to the decrease in overall BoF-MD’s accuracy

when compared to BoF-SD’s.

6.4 Performance of Random Forest-based BoF-VMMR

We also investigated the use of Random Forest, a tree-based classifier, with BoF-VMMR. In
these experiments, we use the best performing BoF-VMMR approach, i.e., BoF-SD with SSVM.
Table 6.6 summarizes the results obtained. The optimal Random Forest parameters were em-
pirically determined for these experiments. One can observe that tree-based classifier such as

Random Forest didn’t work well with BoF-based representations for VMMR. Although Random
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Table 6.5: Performance of BoF-MD with AB-SVM

Make Toyota

Model Altis | Camry | Vios Wish Yaris | Previa | Innova | Surf
ACCR(%) | 99.08 | 97.65 96.32 94.66 98.17 | 89.17 | 95.56 | 90.63
Avg #Cor | 237.8 | 132.8 131.0 54.9 58.9 10.7 8.6 14.5

Make Toyota Suzuki Nissan

Model Tercel | RAV4 | Solio Tiida March | Livna | Teana | Sentra
ACCR(%) | 90.56 | 98.06 | 94.80 89.22 89.74 | 95.60 | 86.32 | 65.56
Avg #Cor 32.6 30.4 23.7 45.5 34.1 47.8 16.4 11.8

Make Nissan Mitsubishi Honda

Model Cefiro | Xtrail | Zinger | Outlander | Savrin | Lancer | CRV Civic
ACCR(%) | 60.33 | 90.00 | 83.33 82.50 77.00 | 97.50 | 99.43 | 94.55
Avg #Cor 18.1 24.3 5.0 6.6 7.7 15.6 122.3 62.4

Make Honda Ford

Overall

Model FIT Liata | Escape | Mondeo | Tierra
ACCR(%) | 89.00 | 70.00 | 78.64 86.00 76.92 93.7
Avg #Cor 17.8 2.1 17.3 17.2 10.0 1217.9

Forest may be a good classifier for VTR (as in [
text of VMMR. This clearly shows that VMMR is a much more challenging problem than VTR.
By observing the confusion matrix in Figure 6.5, one can see that the confusions are scattered
between classes, indicating the poor discriminating capacity of Random Forest classifier for the
BoF-SD-based global representations of vehicle makes and models. The low performance of
Random Forest could be attributed to the high-dimensionality of BoF-VMMR’s global features

representations, and possible dependencies among their attributes. So, we recommend multi-

class SVM-based classifiers for BoF-VMMR.

6.5 Performance in Challenging Conditions

The BoF-based approaches for VMMR perform well even in challenging scenarios such as vehi-
cles under occlusion, non-frontal views, and low lighting, as depicted in Figure 6.6. The invari-

ance to such challenging conditions could be attributed to the sparse nature of BoF-based global
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Table 6.6: Performance of BoF-SD with Random Forest classifier

Make Toyota

Model Altis | Camry | Vios Wish Yaris | Previa | Innova | Surf
ACCR(%) | 71.67 | 69.85 | 86.03 96.55 96.67 | 91.67 | 77.78 | 81.25

#Cor 172 95 117 56 58 11 7 13

Make Toyota Suzuki Nissan

Model Tercel | RAV4 Solio Tiida March | Livna Teana | Sentra
ACCR(%) | 86.11 100 84.00 82.35 55.26 98.00 84.21 33.33
#Cor 31 31 21 42 21 49 16 6

Make Nissan Mitsubishi Honda

Model Cefiro | Xtrail | Zinger | Outlander | Savrin | Lancer | CRV Civic
ACCR(%) | 66.67 | 81.48 | 83.33 62.50 70.00 | 93.75 | 9431 | 96.97

#Cor 20 22 5 5 7 15 116 64
Make Honda Ford
Overall
Model FIT Liata | Escape | Mondeo | Tierra
ACCR(%) | 95.00 | 66.67 | 72.73 50.00 69.23 81.29
#Cor 19 2 16 10 9 1056

Actual Class

1 5 10 15 20 25 29
Predicted Class

Figure 6.5: Confusion Matrix of Random Forest based BoF-SD, using a 80-20 NTOU-MMR

dataset.
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representations, in which the non-zero values are the aggregated votes of similar keypoint-based

patches.

When the vehicle face is under occlusion, there can be two cases: (a) The occluding object
has a relatively texture-less surface (e.g., a uni-color umbrella), or (b) the occluding object has
a highly varying texture or appearance (e.g., a person). In the former case, there are little or no
keypoint-based patches (due to scarcity or absence of corners), and hence it doesnt affect the
overall BoF representation. In the latter case, the occluding object may also result in keypoint-
based patches (due to presence of corners). These occluding patches would cast votes to the
dictionary codewords, thereby adding noise to the overall BoF representation. There could be
two sub-cases in such a scenario: (a) The occluding patches are very widely scattered in feature-
space and hence cast scattered votes (noise per bin of the BoF histogram is very minimal), or
(b) The occluding patches may be close in feature-space and hence add a considerable noise to
the overall BoF histogram. In the former sub-case, since the noise is distributed, the overall BoF
histogram’s shape will not be affected considerably. However, in the latter sub-case, the overall

BoF histogram’s shape could be severely affected, leading to inaccurate predictions.

6.6 Testing in a Mobile Scenario

In order to test our BoF-VMMR in a mobile scenario, we conducted a simple experiment on a
video captured from a moving vehicle in a parking lot. There were 6 different vehicles in this
video: Audi Q5, Nissan Sentra, Volkwagen Jetta, Mazda 5, Audi A3, and Honda Civic. To the
best of our knowledge, most VMMR works are based on images/videos from a fixed-camera
only. In contrast, we make an attempt to test the feasibility of our approaches in a scenario where

the camera is moving, representing a police vehicle patrolling in a parking lot.

The video was captured at a rate of 29 fps, by SONY HDR-PJ710V camera. The vehicle ROIs
were manually constructed, assigning the respective ground-truth labels. For training, around 4-
5 images for each make-model were used. Since every vehicle is captured in many number of
frames and it would waste computational resources and time to operate on every frame, we run

our BoF-SD on every 5th frame.
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(n)

Figure 6.6: Some challenging cases of vehicles under occlusion (6.6a-6.6h), partially out of the
camera’s view (6.6i-6.6j), non-frontal views (6.6k-6.6m), or under low lighting (6.6m-6.6n). The
BoF-based VMMR approaches were successful in predicting the make-model class in the above

cases.
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Figure 6.7: Testing BoF-SD in a mobile scenario

All 6 of the vehicle MMs were recognized correctly, as demonstrated in Figure 6.7. These
results indicate the high potential of our BoF-VMMR approaches to be applied in real-world

mobile scenarios.

6.7 Performance Summary of BoF-VMMR Approaches

A summary of mACCR’s and processing speeds of our BoF-based approaches for VMMR is
given in Table 6.7. All our approaches yielded high accuracies for VMMR on the real-world
dataset. Overall performance of BoF-SD is slightly better than that of BoF-MD. Interestingly
however, for some classes, BoF-MD yielded higher accuracies than BoF-SD. We also observed
in Section 5.3.1 that BoF-SD yields even higher accuracies (upto 96%), with a slight compro-
mise on speed, when dictionary size is increased. So, depending on the specific application’s

requirements, respective parameters can be adapted.
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Table 6.7: Performance Summary of our BoF-VMMR Approaches

mACCR (%) Speed (fps)
Approach | Classifier Tpr, (min)
Max | Avg. | Min 95% CI | Max | Avg. | Min | 95% CI
SSVM | 95.77 | 94.84 | 94.00 | 93.7-96 7.6 75 | 125 | 7.4-1.51
BoF-SD 101.5
AB-SVM | 94.53 | 93.02 | 91.46 | 92.5-93.6 | 5.01 | 4.97 | 494 | 4.95-4.99
SSVM 9438 | 93.7 | 923 | 93.3-94.1 | 725 | 6.99 | 6.51 | 6.82-7.15
BoF-MD 3.95
AB-SVM | 943 | 93.68 | 92.76 | 934-94 | 2.83 | 2.81 | 2.78 | 2.8-2.83

With regards to dictionary training time, BoF-MD can re-train dictionaries 26x faster than
BoF-SD. So, for applications with frequently changing requirements, BoF-MD is recommended.
Comparing between the classification schemes, ABSVM performed with comparable accuracies

but slightly slower speeds than SSVM.

Based on our findings, we recommend using a single multi-class SVM-based BoF-SD or
BoF-MD for real-time VMMR systems, owing to their higher processing speeds and accuracies.
The BoF-SD with ABSVM (which offers an average processing speed of around 5 fps) could

also be a good choice, depending on the application’s requirement.

6.8 Comparisons with Related Works on NTOU-MMR Dataset

The proposed BoF-based approaches for VMMR presented in this paper outperform several re-
lated VMMR works, both in terms of processing speed and classification accuracy. A perfor-
mance comparison of our work with results of other related works on the NTOU-MMR Dataset
is presented in Table 6.8. Both of our BoF approaches (BoF-SD and BoF-MD) significantly
1,[72], and [15]. The work in [

scheme of the local SIFT features, making it highly inefficient for real-time VMMR systems.

outperform the works of [ ] employs a brute-force matching

The approach of [72] results in the worst performance, due to its reliance on edge pixels to
build global representations of vehicle makes and models, which are prone to image noises and
occlusions, and which lack discriminating power. The low accuracy of [15]’s work indicates

the inefficiency of corner- and gradient-responses based global feature vectors for the VMMR

problem.
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Table 6.8: Performance Comparison of BoOF-VMMR with Other Works

Method mACCR (%) | Speed (fps)

[65] 90.52 -

[72] 67.33 -

[15] 85.9 -
FID-SRC-HDC [7] 91.1 0.46
BoF-SD-(SVM) 94.84 7.5
BoF-SD-(AB-SVM) 93.02 4.97
BoF-MD-(SVM) 93.7 6.99
BoF-MD-(AB-SVM) 93.68 2.81

More recently, a sparse representation scheme and a Hamming Distance-based classification
for VMMR was proposed by Chen et al. [7]. Considering the average accuracy and speed of
their best performing scheme (referred to as FID-SRC-HDC) on the 29 make-model classes of
the NTOU-MMR Dataset [ 135], we see in Table 6.8 that our approaches prove to be significantly
better (atleast 15x faster). Based on the above comparisons, one can conclude that the BoF-
VMMR approaches presented in this thesis are superior in terms of both accuracy and processing

speed.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

This thesis proposes and investigates unexplored approaches for highly robust and real-time au-
tomated vehicle make and model recognition (VMMR) based on the Bag-of-Features paradigm.
The major contributions of this work are as follows: (1) Two distinct schemes for optimized
Dictionary Building are proposed and investigated to address the multiplicity and ambiguity
problems of VMMR; (2) The optimal dictionary sizes for both dictionaries are recommended
via experimental evaluations in the context of VMMR; (3) Two different multi-class classifica-
tion schemes are proposed and evaluated for accurate and efficient make-model prediction: (a)

Single-SVM and (b) Attribute Bagging based Ensemble of SVMs (AB-SVM).

Both the Single and Modular dictionaries performed with high accuracies and speeds. While
the former yielded slightly higher overall accuracy and speed, the latter demonstrated an advan-
tage of having a drastically lower dictionary training time (around 26x faster than that of the
former). So, in applications that require often re-training of dictionaries (e.g., due to changes in
the list of makes and models being targeted), the latter serves as a better choice for VMMR. This
thesis showed that the dictionary size is a parameter that can be adapted to increase accuracy

with a slight compromise on speed, or vice-versa, depending on the application’s requirements.
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Amongst the classification schemes, both SSVM and ABSVM classifiers performed with
high accuracies, with SSVM being slightly faster. However, tree-based classifiers such as Ran-
dom Forest yielded very low accuracies, indicating their lack of discriminating capacity over the

BoF-based global representations of vehicle makes and models.

This thesis also demonstrated that the way datasets are split into training and testing can yield
varying accuracies. Hence, unlike most related works, the effectiveness and superiority of our
approaches over the related works are validated using random training-testing splits of the recent
real-world NTOU-MMR Dataset [ 135]. Thorough experimental evaluations have shown that our
BoF-based VMMR approaches are highly suitable for real-time automated vehicle classification
applications. The superiority of our approaches has been demonstrated even in challenging cases

such as partial or non-frontal views, occlusions, low illumination, and in mobile scenarios.

7.2 Future Work

For future work, we plan to enhance state-of-the-art in VMMR along the following directions.

e As an enhancement to the proposed BoF-based VMMR approaches, the optimized dictio-
naries learned from different make-model classes could be further enhanced by pruning
non-discriminative codewords. This could result in more compact, accurate and discrimi-

native global features representations, thereby enhancing VMMR accuracy and speed.

e A plethora of feature encoding schemes have been proposed for other image classifica-
tion problems. Many of them remain unexplored in the context of VMMR. We plan to

investigate state-of-the-art feature encoding techniques to solve the VMMR challenges.

o All the more, necessitated by the lack of a standard publicly available benchmark dataset
for VMMR, we plan to build a comprehensive VMMR dataset that exhibits the real-world
challenges in VMMR and includes vehicles of a wider variety of colors, types, makes and

models.

e Most current works focus on stationary VMMR systems, relying on the fixed traffic and

surveillance cameras. A future direction of research is to develop real-time mobile VMMR
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systems which could be installed in mobile devices such as smart phones, or even on

patrolling security vehicles.

Another direction to explore is towards a large-scale and distributed real-time VMMR
system that can be deployed in a city-wide context, utilizing the networked vehicles and

other components of the ITS infrastructure.

A relatively untouched area of research is on Vehicle Make, Model and Generation Recog-
nition (VMMGR), which involves identifying the year-range or generation of vehicles,
besides their makes and models. This could possibly be achieved through a two-stage
approach, in which the first stage identifies the make and model, while the second stage

identifies the generation.
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