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Abstract

This thesis introduces background information to gendrjea recognition prob-
lem to increase the accuracy. Most of works do not divide msag foreground and
background part, or only utilize foreground informatiom this thesis, we tried to
leverage background information to help object recognitio

A region of interest (ROI) detector is used to find the forega object in images.
Focusing on foreground object can reduce noisy features tnarelevant background
region. Furthermore, the complement area of ROI can be deredd as background
context. Since objects in a category usually appear in Bpedntext, we will show
that adding background clue can improve the recognitionf@oy in our experiment.

Another challenge problem is how to use different signajetoer. We compared
several methods of feature fusion for machine learningguSWM. Experiment re-
sult shows how well these methods can achieve and whethkgtmamd information

benefit them.



Vi



W%

R L EEOR » ARG T F A A — R8P RAL - AR
HBER BWTRFPOARERBHRONZTIRAT Z2REE > AR
AR FHER o £E—RALT > HOTRF W AT T AAARE— 9
B G A R o

AR R — 1848 Bl R & & A& B B (Region of Interest # 7 i R %1%
AR A9 AR R AR o — s AR A AR B R B 6 & AT AR
RIm & ARG o dAR — B G YA T TR E L RF TGS &M
A ERAA A H F E R — R PRI

A —ABAR A BB 6 B R T e R A R R 69 AR A HEAE R o KT T
%18 7Rl 89 7 ik 8 X F @ E % (Support Vector Machine E#5 & 3, o TR &R
BApig oy A e AR A LA BT ZEERA R & A AR R A

vii



Contents

Acknowledgments
Abstract

List of Figures

List of Tables

Chapter 1 Introduction

Xi

Xiii

1.1 Background . . . . . ... ...

1.2 Contribution . . . . . . . . . ...

Chapter 2 Related Work

2.1 Feature . . . . . . . .

Chapter 3 Feature Extraction

viii



3.1 GridofPyramid . . . . . . . .. ... 10

3.2 PyramidofHistogram. . . . . .. ... ... ... ... ... ..., 11
3.3 Pyramid MatchKernel . . . ... ... ... ... ... . ...... 11
3.4 Foreground Representation . . . . . ... ... ... ......... 12
Chapter 4 Region of Interest 15
4.1 ROIlforObjectDetection . . . . ... ... ... ... ... ..... 15
4.1.1 Low-level Feature-based Exhaustive Search . . . . . . .. 16
4.1.2 Learning-based Detection with VisualCue . . . .. ... .. 7 1
4.2 Apply ROI to Classification Problem . . . . . .. .. ... ...... 02
4.2.1 Background Representation . . . ... ... ... ...... 21
Chapter 5 Supervised Learning of Categories 23
5.1 SupportVector Machine . ... .. ... ... ............ 23
5.2 Feature Fusion . .. .. .. ... ... ... 24
5.2.1 AveragedKernel . . ... ... . ... oL 24
5.2.2 EnsemblelLearning . . ... ... ... ... ... .. ..., 24
5.2.3 Adaptive Grid Search of Weighting . . . . ... ... .. .. 26
5.2.4 SuperKernelFusion . . ... ... ... ... ..., 27
Chapter 6 Experiment 29
6.1 Caltech101 . . . . . . . . . . . 29
6.2 Feature ExtractioninROI . . . . ... ... ... ... ........ 30



6.3 Feature Fusion . . . . . . . . . ... 30

6.3.1 DiscusSION . . . . . ... 31

6.4 ExampleofResultimage . . .. ... ... ... ... ... ..... 32
Chapter 7 Conclusion 33
Bibliography 34



List of Figures

1.1

3.1

3.2

4.1

4.2

4.3

Object recognition problem aims to figure out what is iagies. These

are example images of Caltech101 dataset, which containgdt@i

goriesof genericobjects. . . . . ... ... oL

Visualization of pyramid fromdm=0tol=2. . . ... ... ... ..

Visualization of pyramid fronr. = 0to L =2inanROIl . . . . . ..

The first image is the original image, followed by theesalimap and
corresponding bounding box of ROI. The next three imagedese
tures, respectively multi-scale contrast, center-sumddustogram and

color spatial-distribution. . . . . . . ... ... ...
Example of good and bad results of ROl detection . . . . . . ..

Background plays an important role for object recognitio (a), wa-
ter lilies appear in similar context, while sometimes thare excep-
tions as shown in (b). Obviously, background context of (e)\ery

different to helicopter'sin(c). . ... .. ... ... ... .....

10

12

.71

21



6.1 Some positive and negative image by adaptive searchh@s posi-
tive results, (b) to (e) are incorrect predictions. Dedaipof negative
results shows the percentage of error to predict class A azgatNe

examples are picked from high error rate of A-B prediction... . . .

Xii

32



List of Tables

6.1 Accuracy of different methods. “FG” column shows theusacy of
using only foreground information, while “FG + BG” uses foregnd
and background together. For last two rows, they doesnisetjim-

age, and the numbers are for comparison. . . . . ... .. ... ...

Xiii



Xiv



Chapter 1

Introduction

Image understanding is not a new research topic in compig&my but it starts to
attract more attention from researchers in the pass fewsydémowledge in textual
documents can be searched accurately nowadays, but sepkclowledge in images
still has a long way to go. Many researchers aim to specifiedygd knowledge from
images, such as what or who is in a photo, but they are all veaijlenging problems
to be solved.

For example, face recognition researchers attempt to neoegvho are in photos;
surveillance is targeting to find out suspicious people @név for warning human
beings. These kinds of work focus on specific type of imaged aatually can be very
helpful to our life.

In this thesis, instead of focusing on any specific kinds gécts, we tried to
recognize what kind of object appeared in an image. A gea@pcoach should be de-

veloped, instead of any special procedure to a specific gated/e refer the problem
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asgeneric object detection

1.1 Background

Figure 1.1: Object recognition problem aims to figure out wkan images. These
are example images of Caltech101 dataset, which containsdt@gjories of generic
objects.

In contrast to identifying specific types of objects in imageis more difficult for
computers to recognize generic objects in images. Althcugih a task is accurate
and reliable to human beings, it is surprisingly difficult fammputers to archive the

same task.

In some sense, computer scientists are aiming to designcaguece for machine
to digest low level pixels and reduce to high level knowled@me of the key point
is how to transform pixels to low level features. A good featdesign can be more
distinguishable between different kinds of objects. SIHI][ orientation histogram

and texture, are examples of popular features.
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Once features are collected, ones can construct a modegbaoage features from
different categories into different groups. Features castiybe represented by a high
dimension vector, thus the most popular classifier for tihedolem issupport vector
machine(SVM). SVM can find a hyper-plane that split different catags into two
parts for training data, then prediction can be made bas&dhanside is the vector on

in testing phase.

Nevertheless, most people believe that there is no univezgture that can help
recognize every category, so that using different kindgafures together is one direct
solution. Since SVM works as a classifier of a single featang, might need to fuse
different classifiers together. That introduces a new @noldf how to fuse features to
archive better accuracy, and we have some comparisonsfefatift methods in later

chapter.

In most object recognition approaches, features wereagttdrom whole images,
which includes background context. Background context &emaoisy to the prob-
lem since the purpose is to know the type of foreground objHulisregion of interest
(ROI) was introduced to isolated foreground objects frorages, so that only features
of foreground object will be collected.

In addition to ROI region, we collected the complement afd@ as background
context. Since many kinds of objects usually appear in sgeeific context, we tried
to leverage this clue to improve recognition accuracy.

There are several popular published image datasets, inglu@altech101/256,
Pascal VOC. For evaluation, we used Caltech101 collected b¥fdtest al. [5] in

our experiment, which provides a unified framework for parfance evaluation and
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comparison. In Caltech dataset, all images contain only @ss of object.

1.2 Contribution

There are several contributions in this thesis. First, vioduced an efficient vision
based ROI detection system to this problem. Second, weiawlality tried to leverage
background information to help foreground object recagnit Third, different trials
of fusion method have been compared.

We will introduce related work first in chapter 2, and thentdiea representation
used in this thesis. ROI extraction and combination withiuemextraction are fol-
lowed in chapter 4. Learning strategy for feature fusiomentdiscussed in chapter 5.

Experiment configuration is shown in chapter 6, and the ec@nah in chapter 7.



Chapter 2

Related Work

We split related work to several categories, includingdeatregion of interest (ROI)

and feature fusion, each will be introduced in later section

2.1 Feature

Currently, most popular and effective features are basethagnof feature(BOF)
model[11, 8, 1]. BOF model describes an image as a group of-teds, simpli-
fied representation of image patches, and no geometricomlaetween patches are
considered. By measuring co-occurrence of visual wordstegeaies, machines can
learn a model to tell the most likely category of an objectiireg an image.

BOF model does not regard spatial relation between patcheme $art-based
models try to model objects by compositing components wttial relation, but it

often took longer time to measure spatial similarity, arelahcuracy does not usually

5



6 CHAPTER 2. RELATED WORK

compete with BOF model[6, 4].

One interest variance of BOF is callpgramid of histogram of visual wo®HOW),
which collects visual word histograms in different gridesizmages are divided from
1 x 1ton x n grids, like an level pyramid. Histogram intersection in smaller grids
contribute more than larger grids. It has been demonstitatde very effective in
many work[8, 11, 2, 1].

There is another similar pyramid model callggramid of histogram of orientation
gradient(PHOG). It accumulates orientation information in diffiergrid size as pyra-
mid of histogram, combining with PHOW feature can furtherease the recognition

accuracy/[2].

Unlike those designed features, Fidler et al. [7] tried tordwo idea of visual
processing system of human brain from cognitive psychol@gpgarch, but it's not
easy to be further developed for lacking of knowledge ofror#ilso, the same logic

might not be suitable since our brains are not Turing mashine

2.2 ROI

ROI was recently introduced to object recognition problgnBbsch et al. for filtering
background noise, and has been shown helpful in this prdhlerNevertheless, the
proposed method of ROI detection needs pair-wise compafsall training images
in the same category. Besides, during testing phase, evageimeeds to compare to
all training images in all categories to find the ROI. Therefdahe whole process can

take very long computation time when number of images anejoaies increase, so
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that the scalibility is quite limited.

Liu et al. has developed an learning based ROI detectiorsysiThey created
an image database with human labeled ground truth of RO, ie@@ge contains exact
one object. A few weightings of the ROI detector need to bekeéfrom some training
images based on some visual clue, then the object in eaaigtestige can be detected

efficiently.

2.3 Feature Fusion

None of feature along is able to differentiate every kindatkgories. Different types
of features are often used together since different caegoan be better described by
different features. But how to combine features is still ayvanallenge problem. A
naive way is to performed exhaustive search to find weighdirdjfferent features[2].

Lin et al. [12] introduced ensemble kernel to fuse severatsyof kernels to make
them as similar as possible to a target kernel, but the ddsgps histogram inter-
section kernel used in PHOW and PHOG unapplicable. Detdlilb&i mentioned in
chapter 5.

Super kernel[16] targets to build an upper level SVM to camlautputs of differ-
ent SVM models. Prediction score of classifiers are transtorto probability vector.
Vectors can then be learned or predicted again in super &v#. This method is

compared in our experiment.
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Chapter 3

Feature Extraction

Pyramid feature[8] has been demonstrated to be an effefgiatare representation,
especially the two variances PHOW (pyramid of histogramis@ial word)[11] and
PHOG (pyramid of histogram of orientation gradient)[2].dar work, these two fea-
tures are further applied to foreground sub-image isolayeggion of interes{ROI)!

bounding box.

In PHOW and PHOG features, images are subdivided to pyraomgposed by
I-by-l grid wherel is from 0 to L where L is the max level of pyramid. Example
is shown in figure 3.1. For both features, every grid has agram in every level,
and that becomes a histogram of pyramid. Similarity betwe&nimages is defined
by accumulated histogram intersection of correspondimgsgn two histograms of
pyramids, with different weighting for different levelsh& similarity function is called

pyramid match kernel

1ROl will be introduced in chapter 4
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Figure 3.1: Visualization of pyramid from= 0to [ = 2

In this chapter, we will first introduce histogram compasitfor PHOW and PHOG

features, and then pyramid match kernel for these two featur

3.1 Grid of Pyramid

We need to define how the histogram is accumulated in eachFgsrdPHOW feature,
visual words are simply counted in every grid. A visual wadisually defined by first
collecting SIFT features[14] from training images, andntlygiantizing SIFT vectors
into fixed number of groups. The numbers of different visuaids in a grid compose
the visual word histogram of the grid.

For PHOG feature, Sobel mask is used to retrieve an orientatap from an im-
age. In practical implementation, orientations are ugualiformly divided to several
slices. Orientation on a pixel is then projected to someeskmd corresponding in-
tensity is added to the slice. At the end, the feature will beetor of accumulated

guantity of every orientation slice.

At this point, we have defined the pyramid features. Pyramatcimkernel will be

introduced in next section.
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3.2 Pyramid of Histogram

For PHOW, histogram of visual word is counted for théh grid at levell, which
can be considered as a pyramid of histogram. PHOG with histo@f orientation is
defined similarly. Additionally, histogram intersectiamiction of two imagesY and

Y is defined as

odl

I(HY, HY) me H (i), Hy (1))

whered is the dimension of histogrami (HY;, H..) will be abbreviated td' in the

following.

3.3 Pyramid Match Kernel

Thought there exists many popular SVM kernels (e.g. radial®function and linear
kernel), they are not able to fully utilize pyramid featurByramid match kernel is able
to better leverage pyramid feature since it has prior kndgeeof pyramid features.
Pyramid match kernel gives more weighting to histogramragetion of grid at
finer level. Specifically, the kernel sums histogram intetisa of levels inversely
proportional to the grid number of the level. Following i®tdefinition of pyramid

match kernel of PHOW/[11]:



12 CHAPTER 3. FEATURE EXTRACTION

1
_ 0 !
- Q_L] + Z 9L—1+1 (1)

And also kernel used in PHOGJ2]:

RE(XY) =Y aydy(X,Y)

leL

«y is the weighting ofl-th level of pyramid. The weighting used in this thesis is
chose from GLW experiment in [2].

An important attribute of these two kernels are positiverdefness. Histogram in-
tersection kernel or the linear combination have been prawée positive definite[15,
8]. Without this attribute, SVM might trap into local minimu

After pyramid features are collected, we use SVM with pyimiatch kernel to

classify categories. Detail will be described in chapter 5.

3.4 Foreground Representation

Figure 3.2: Visualization of pyramid froth = 0 to L = 2 in an ROI
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Usually foreground objects do not often occupied the imaggly. Focusing on
the object can reduce unnecessary information and may reptte classification

accuracy[1]. Figure 3.2 visualizes the pyramid feature givan ROI.

In section 4, we will introduce an algorithm of ROI detectidavery image will
have an ROI represented as a bounding box. Foreground deatine extracted by
treating sub-image inside the bounding box instead of tharmage. In this work,

PHOW and PHOG are extracted from the bounded sub-image.
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Chapter 4

Region of Interest

Region of interest (ROI) of an image often refers to the ditra@rea for human be-
ings. For object classification problem, focusing on theeobgan reduce background
noise greatly, thus ROI was introduced to object recogmifimblem recently[1]. An
ROI detector is adapted from ROI research to this work. Intamd we tried to lever-

age background information to help recognition of foregibobjects.

4.1 ROI for Object Detection

In this section, we will talk about previously purposed aition of ROI detection for
object recognition problem and the limitation. Then an atga based on visual clue

will be introduced after.

15
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4.1.1 Low-level Feature-based Exhaustive Search

Bosch et al. [1] has modeled ROI using bounding boxes spdbfficaamages contain
only one object in the middle. The method is only able to findlagptimal ROI due

to computational complexity, and is still not efficient egbuo find good ROIs.

In the proposed algorithm, every training image has a glidimdow as hypothezises
ROI for every category. A hypothesis ROI can be considerealsamaller image. Ev-
ery ROI sub-image is compared to all other ROI sub-imagesaafihg images within
fixed, centered bounding boxes. They assumed that objextikely to appear in the
middle of images overall. The hypothesis region which istsosilar to all other ROI

images is chosen as the ROI.

Time complexity is a serious problem. Given training imageseeds calculate
pair-wise similarity. For each calculation, a sliding wavd is shifted to find a good
match of sub-optimal. Note that to find a good ROI bounding, laifkerent area and
aspect-ratio of sliding windows need to be tried since tHeatbmay have variant size
and aspect-ratio. Each sliding window moves around the @fi@gmany times, which
depends on the image size. Thus the computation time to firRiGls can be very
long.

Another problems of this algorithm is the definition of ROindarity. Similarity
is calculated by adding PHOW (pyramid of histogram of viswalrd) and PHOG
(pyramid of histogram of orientation gradient) (see chapewith equal weighting,
whereas different classes may have different type of ediettature. There is no prior

of preference for classes, thus the preferred weightingdest features are unknown.
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Bosch et al. used a fixed weighting of PHOW and PHOG featurdsein work.

In the testing phase, a testing image needs to be searchiedtadiraining images
for every category, since one doesn’t know which categorly iShus testing process

is very time consuming.

4.1.2 Learning-based Detection with Visual Cue

Figure 4.1: The first image is the original image, followedthg salient map and
corresponding bounding box of ROI. The next three images$emteires, respectively
multi-scale contrast, center-surround histogram andraspatial-distribution.

Instead of exhaustive search and dilemma of choosing featpes, we introduced
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a salient object detection method in learning approachlidped by Liu et al. [13].
Given that only one object in an image, the proposed alguoriihds a salient image
that indicates likelihood of location of the object. In thnerk, three types of images as
signal is computed for each training image, respectiveljtirsaale contrast, center-
surround histogram and color spatial-distribution, assshim the bottom row of figure

4.1.

Three Feature Maps

Multi-scale contrast tries to focus on detail informatiaomdadrop coarseness in an
image. The original image is scaled down to half for sevamaés$ to reduce high
frequency, andlifference of Gaussia(DoG) between levels are added together to

form the final salient map. Specifically, the salient map f&nael as following:

Z Z [11(z) = I'(a")]|*

where!' is thel-th level of image anaV is a window for blurring.

Center-surround histogram first defines a rectaigla the given image, an®¢
surroundsRk with the same center and same areazasnd bothRR and Rg together
form a bigger rectangle similar t8 but with twice of area. The idea is that the more
difference between pixels iR and in kg, the more chanc& bounds the foreground.
Then color histogram is collected for both regions aAdlistance is used to calculate

the similarity. The salient map is defined as
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fh(xvl) (S8 Z wa:x’X2<R*(x/7Rg(x/))

{a'|lzeR*(z')}
wherew,,, = exp(—0.50.°||z — 2’| [?).

Color spatial-distribution models an image by sevéalussian mixture models
(GMMs), and then gives each pixel in salient map smallemisitg if the spatial vari-
ance of Gaussian component is big. Intuitively, it can giveaakground pixel lower
intensity since background usually has a big spatial vagaispecifically, the defini-

tion is

fula, 1) o 3 plel L) {1 = V()

wherec is Gaussian component ahtc) is spatial variance of component

These features are linear combined as the final salient mayeafn the combi-
nation weight, the problem was modeled using conditionadloan field (CRF), and
learned with human labeled ROI given as bounding box iningimages. A learned
vector of weighting will be used in testing phase to combimed feature images.
Thus, this algorithm is much efficient than exhaustive deaansidering time com-

plexity for both training and testing phase.

Reduction To Binary Label

The output of this algorithm is a salient image, indicatirtgaf pixel is more confident
to be the salient object. Graphcut[10] algorithm is thenliapgdo separate foreground

and background pixels. We use Graphcut to split foregroumtieckground pixels
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on salient map. Graphcut is modeled as a minimization probiéth the following

energy function:

E(I) :ZUP_I;H‘ Z K(p,q)T(Ip%Iq)

pepP (p,9)EN

where? is the observed pixel intensity on salient map dpds the truth. The truth
pixels here are defined by simply threshol#(p, q) is the cost of giving different
label to two neighboring pixels, depending on color diffese and intensity difference.
Once pixels are labeled, a bounding box is used to repreg@inoR simplicity in this

work.

Limitation

An issue of applying this learning method is that the tragrimages need ground truth
of ROI labeling. Lacking of the ground truth in Caltech10le #ame weighting from

Liu et al. [13] is borrowed in our experiment. Some resulesstrown in figure 4.2

4.2 Apply ROI to Classification Problem

After the ROIs are found, images can be separated into fouegk and background.
With bounding box of detected ROI, PHOW and PHOG featuresesapplied in the

sub-image, which has been proved helpful in recent resgdrch
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(b) Example of bad results

Figure 4.2: Example of good and bad results of ROI detection

4.2.1 Background Representation

Besides foreground features, remaining background camstiiseful for other kinds
of features. Objects of some categories often appear ifagimontext, which can
give us a clue to better recognize foreground object. Figu3é) shows an example
of water lilies. Though exceptions often exist (4.3(b)} 4till helpful to distinguish

from other categories, such as helicopter in figure 4.3(c).

To describe the background context, we use BHOW (backgro@@}and BHOG
(background HOG) feature in our work. Both features are ctélg from the area out-

side ROI, and form a histogram of words and orientation gnatdi

For background features, histogram intersection is usekieasel function for
learning. Although background information may not be sfrknowledge to recognize
specific categories, it could be helpful to differentiat@nfirsome categories which of-

ten appear in irrelevant background context. Consequewtlyyse BHOW and BHOG
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(c) Different background in other category

Figure 4.3: Background plays an important role for objecbogedtion. In (a), water
lilies appear in similar context, while sometimes thereexeeptions as shown in (b).
Obviously, background context of (a) are very different éidopter’s in (c).

together with PHOW and PHOG to boost our recognition.
An upcoming problem is how to use different features togetiAe will introduce

our solution in the next solution.



Chapter 5

Supervised Learning of Categories

Features are vectors representation of images. Based omefgah supervised learn-
ing approach tries to separate features from a class to emo8tate-of-the-art re-
search shows that support vector machine (SVM) is a veryi@fti@pproach for this

problem[8, 11, 2, 12].

5.1 Support Vector Machine

SVM classifies input instances based on kernel function.cipally, given vectors
(y, ) where the class labgl= 1, —1 andz is the vector, SVM can find a hyper plane
that separates vectors of two classes with a positive defeitnel functiork(zq, 7).

k1 and ko are two kernel functions for foreground object as definedhapter
3. Additionally, histogram intersection is the kernel ftion applied to background

features BHOW and BHOG. Fusion method will be introduced inaker section.

23
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Note that the kernel functions used in this thesis are hiatagntersection, or lin-
ear combination of histogram intersection. Both form of letmere proved positive-
definite[15, 8.

One-versus-rest learning for different categories wap®med in the experiments.

5.2 Feature Fusion

A followed up problem is how to combine multiple featuresdtiger to compose the
final classifier. In this section, we will compare differension strategies, including
averaged kernel, ensemble learning and adaptive searehmnelkevel, and super ker-

nel works in super level.

5.2.1 Averaged Kernel

A naive method is to simply average the kernel functions. Wagared this method to

others, and found its superior than some purposed methoguuif features are good.

5.2.2 Ensemble Learning

Local ensemble kernel[12] attempts to find a weighting betweifferent kernels by
solving a maximization problem ddernel alignmentfl(Kl, K,). It tries to approxi-

mate target matrixy with fused kernel matrix. Kernel alignment is defined as:
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A(Kl Kg): <K1,K2 >r
’ V< K, K, >p< Ko, Ky >
l
where < Ky, Ky >p =Y Ki(z;, 2;)Ka(w;, 1)

ij=1

And the vector of weighting of kernets:

argmax A(K,G)

M
subjectto K =) o'K",

r=1

trace(K) =1

a" >0, forl <r < M.

In which K is the fused kernel and is the target kernel matrix to approach:

G(i,j) =
—1 otherwise.

In fact, Hoi et al. [9] have reduced the above problem to a tatadprogramming
problem. Nevertheless, the same reduction can not be dgdplidistogram intersec-
tion features, which has domain (A, 1) but not(—1, 1) asG and make the terms in
kernel alignmentd unbalance. Shifting the kernel matrix frofd, 1) to (—1,1) will

remove the positive definiteness and could trap the optiiizénto local minimum.

Another possible solution is to represent cell of differelas inG as 0 instead of

-1, denoted by~’. But it will remove the information of negative examples. Tdiber



26 CHAPTER 5. SUPERVISED LEARNING OF CATEGORIES

way to utilize both positive and negative examples coulddbmaximizeA(K, G') +

A(l1— K,1—G"), but the optimization problem becomes harder. Even thowgtstill

simply searched on different weighting to evaluate theqrerince.

5.2.3 Adaptive Grid Search of Weighting

We will try to select parameters to find the best one which mé&e overall accuracy.
Basically it's selected manually with some strategy. At thd,ehis strategy will select

a sub-optimal solution.

Features are separated into foreground and backgrounggaitthe beginning.
By intuition, foreground features are stronger signals cammg to background, since
similar background often appears with different foregieategories. Thus we fixed
foreground features first, and then use additional backgtaformation for tuning.

In the first step, different weighting vectors for kerneliuwsin foreground group
are evaluated on the validation data, by exhaustively gryiith some fixed weighting.
For the weighting with the best validation accuracy, one tearadditional neighbor
points in the weighting space to find a local maximum.

Then for the fixed weighting, we added background featurds avfferent combi-
nation of weighting for more validation. Again, one can kégng other parameters
which are near the weighting for local maximum accuracyi ardatisfying weighting
is achieved.

This manner can find a sub-optimal solution, and provide giptesupper bound

for other kernel level fusion algorithms in the experiment.
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5.2.4 Super Kernel Fusion

Super kernel Fusion[16] doesn’t attempt to fusion kerndrixan contrast with previ-
ous method. In super kernel, different features are trasegérately as several SVM
models. For each model, training instances are predictddttan returning scores
are converted to probabilities given a mapping function OWH PHOG, BHOW and
BHOG are trained individually by SVM, and sigmoid functionapplied to convert
scores to probability.

Concatenation of probabilities forms a higher level of featuector for a new
SVM. Different kernel can be selected. The kernel used inraptementation is RBF
(Radial basis function).

We had deployed the mentioned strategies in our experirRasults will be shown

in chapter 6.
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Chapter 6

Experiment

In this section, we will talk about the configuration and teséiour experiment. We

run the experiments for three times, and the reported acgisaveraged.

6.1 Caltech 101

The dataset used in the experiment is Caltech101[5], celiday Fei-Fei et al. . This
dataset provides a benchmark to evaluate one’s method.e Hnertotally 101 cate-
gories in it, each contains about 40 to 800 images, mostlytifx Image resolutions
are roughly 300 x 200 pixels.

Each image in the dataset contains exactly one categorjeinayht well-aligned.

Rotation artifacts exist in the dataset.

29
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6.2 Feature Extraction in ROI

In the experiment, SIFT features are collected in imagesye8epixels and quan-
tized to 300 vocabularies in the codebook using KMean algari For PHOG feature,
orientations are quantized to 8 directions, and correspgnagnitude are added to

histogram for every pixels.

ROI detection method by Liu et al. [13] needs a weighting eeftir three feature
maps. Since Caltech dataset do not have ground truth of R®le#tined weighting

-

A =0.24,0.54,0.22 in Liu et al. 's work was applied.

One difference between our implementation and Liu et aluggestion is that in
color spatial-distribution feature, they add an additldeam to reduce weighting of
distant pixels from the center. Since some objects in imaf&3altech101 occupy
most images, we remove the suggested term in the experiment.

Both maximum pyramid level of PHOW and PHOG are 2, i.e. 4-bg-#he bottom

level in our implementation.

6.3 Feature Fusion

The well-known library LIBSVM[3] was used in our experimeahd one-versus-reset
learning strategy was chosen.
We compared different methods for using foreground only also using both

foreground and background information in table 6.1.
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FG FG + BG
Averaged Kernels | 71.53%| 68.72
Adaptive Search | 73.61%| 75.38
Kernel Alignment | 58.32% -

Super Kernel Fusion 64.79%| 66.08%

[1] 81.3% -
2] 77.08%
[11] 64.6%

Table 6.1: Accuracy of different methods. “FG” column shaWws accuracy of us-
ing only foreground information, while “FG + BG” uses foregra and background
together. For last two rows, they doesn’t segment image,taedcumbers are for
comparison.

6.3.1 Discussion

Finding a good weighting at kernel level is a difficult praibleln a sense, the problem
is to estimate which fused kernel would work better in SVMetatin the experiment,
we can see that only super kernel and adaptive search ceme W@ckground features
instead hurt by them. Specifically for adaptive search esgsatthe best weighting
between PHOW, PHOG, BHOW, BHOG in three runs arel.5 : 0.2 : 0.2,1: 1.5 :
0.2:0.3andl:1:0.1:0.3, which shows using background information can improve
the accuracy during adaptive Search procedure. AccurasypsEr kernel, however, is

still far from adaptive search.

Average kernel works surprisingly well, but it does not halmlity to reduce
weighing of worse signal. Kernel alignment are not able tetea good weighting,
but suggested a ratib: 0 between PHOW and PHOG, i.e. to use PHOW along. Thus

we do not further run it with background information in thggperment.

Comparing to the result of Bosch et al. [1], our adaptive seaiith only fore-
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ground is about 7.7% behind. We believe that the ROI featwghting plays an
important role here, and can improve our result a lot if we R&d ground truth for
Caltech101. ROI detectors can even be learned for each catéggain, if ROl ground

truth was supported, the accuracy might be improved here.

6.4 Example of Result Image

THE PERFECT FRIEND

(b) Predicted ewer ag) Predicted lotus afl) Predictede) Predicted
barrel (20%) water lilly (15%) schooner as ketctrocodile as
(25%) crocodile head (20%)

Figure 6.1: Some positive and negative image by adaptivelseéa) shows positive
results, (b) to (e) are incorrect predictions. Descriptidmegative results shows the
percentage of error to predict class A as B. Negative exangsepicked from high
error rate of A-B prediction.



Chapter 7

Conclusion

In this thesis, we introduced an ROI detection method toalygcognition problem.
For this salient object detection method, it's more timdhcent than the previously
purposed method. Although the final result is not as good ed#st one of state-
of-the-arts, fusion of foreground features is close to théie believe that it can be
further improved if human-labeled ROI of the dataset is $adpIn this case, we will
have weighting vectors. for each category’, and likely better ROIs can be found.

Though not all of the ROIs are perfectly fit, the backgrounrimation outside
ROI area can still provides clue and improves the classificatccuracy. Experiment
shown that methods can benefit from background information.

To fuse different features well is a challenge problem. Is thesis, we have com-
pared different methods and shown restriction of some nasth@daptive search pro-
vides an approximate upper bound for development of fudiabegjy, which indicates

there are much improvement can be done in the future.
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