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ABSTRACT

The performance of image classi ers largely depends on two
inter-related issues: (1) suitable frameworks for image con-
tent representation and automatic feature extraction; (2)

e ective algorithms for image classi er training and fea-
ture subset selection. To address the rst issue, a multi-
resolution grid-based framework is proposed for image con-
tent representation and feature extraction to bypass the
time-consuming and erroneous process for image segmen-
tation. To address the second issue, ahierarchical boost-
ing algorithm is proposed by incorporating feature hierar-
chy and boosting to scale up SVM image classi er training
in high-dimensional feature space. The high-dimensional
multi-modal heterogeneousvisual features are partitioned
into multiple low-dimensional single-modal homogeneous fea-
ture subsets and each of them characterizes certain visual
property of images. For each homogeneous feature subset,
principal component analysis (PCA) is performed to exploit
the feature correlations and a weak classier is learned si-
multaneously. After the weak classi ers for di erent featu re
subsets and grid sizes are available, they are combined to
boost an optimal classi er for the given object class or im-
age concept, and the most representative feature subsets ad
grid sizes are selected. Our experiments on a speci ¢ domain
of natural images have obtained very positive results.

Categories and Subject Descriptors

1.4.8 [Image Processing and Computer Vision ]: Scene
Analysis-object recognition, H.2.8 [Database Management  |:
Database Applications - image databases

General Terms
Algorithms, Measurement, Experimentation
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1. INTRODUCTION

As high-resolution digital cameras become more a ord-
able and widespread, high-quality digital images become
ever more available and useful. With the exponential growth
on high-quality digital images, there is an urgent need to
support more e ective image retrieval over large-scale archives.
However, content-based image retrieval (CBIR) is still ini ts
infancy and most existing CBIR systems can only support
feature-based image retrieval [1-6]. Unfortunately, the n aive
users may not be familiar with low-level visual features and
it is very hard for them to specify their query concepts by
using the low-level visual features directly. Thus there is a
great need to develop automatic image annotation frame-
works, so that the naive users can specify their query con-
cepts easily by using the relevant keywords. Image classi ca-
tion is one promising approach to enabling automatic image
annotation [13-28]. However, the performance of image clas
si ers largely depends on two inter-related issues: (1) suit-
able frameworks for image content representation and auto-
matic feature extraction; (2) e ective algorithms for imag e
classi er training and feature subset selection.

To address the rst issue, there are two widely accepted
approaches for image content representation and feature ex
traction [7-12]: (a) image-basedor grid-based approach that
extracts the visual features from whole image or image grids
(i.e., regular image partitions) [11-12]. (b) region-based or
object-basedapproach that extracts the visual features from
homogeneous image regions, image blobs, salient objects, ro
even semantic image objects [7-10].

The major advantage for the image-based or grid-based
approach is that no segmentation is incorporated, thus it
allows fast feature extraction and can be generalized for dif-
ferent image domains with diverse contents and qualities.
The major drawback is that it is very hard to support ac-
curate object class recognition and image annotation at the
object level. In addition, di erent image concepts may be
related to various textures that may need to use di erent
grid sizes to characterize the underlying visual propertie s,
but there is no existing works to automatically select the
most suitable grid sizes for di erent image concepts or ob-
ject classes. On the other hand, the region-based or object-
based approach is able to support image classi cation and
annotation at the object level and image contexts can be ex-
tracted to improve image classi cation at the concept level .
However, its performance may largely depend on the seg-
mentation results and automatic image segmentation is a
very fragile and erroneous process, and thus the automatic



image segmentation results may not be reliable to support
more accurate image classi cation [23]. Thus there is an
urgent need to develop more e ective frameworks for image
content representation and feature extraction, so that the
erroneous image segmentation process can be avoided and
automatic image annotation can still be achieved e ectivel y
at both the object level and the concept level.

To address the second issue for automatic image anno-
tation, two approaches are widely used to train the image
classi ers: (a) Model-based approachby using Gaussian mix-
ture models to approximate the underlying distributions of
image classes in the high-dimensional feature space [25-27
(b) SVM-based approachby using support vector machines
(SVM) to directly learn the maximum margins between the
positive images and the negative images [6,35,40].

The major advantage of the model-based approach is that
prior knowledge can be e ectively incorporated to train the
suitable concept models for accurate image classi cation and
annotation [13]. Due to the diversity and richness of object
classes and image concepts, the concept models may contain
hundreds of parameters in high-dimensional feature space
and thus large-scale labeled samples are needed for accu-
rate classi er training. In addition, there is a mismatch-
ing between Gaussian functions and the real class distribu-
tions of image data [25-27]. On the other hand, SVM-based
approach is able to enable more e ective classi er training
with small generalization error rate in high-dimensional f ea-
ture space [6,35,40]. However, searching the optimal mod-
els (i.e., SVM parameters) is very expensive and its per-
formance is very sensitive to the adequate choice of kernel
functions, but automatic kernel function selection heavil y
depends on the implicit geometric property of the image
data in the high-dimensional feature space [41]. Because tte
high-dimensional multi-modal feature space may be hetero-
geneous, itis very hard to select the suitable kernel functions
to e ectively characterize the underlying geometric prop-
erties of the image data. Another shortage of the SVM-
based approach is that its training complexity depends on
the number of training images, and the output of the SVM-
based approach is not probabilistic. Given the uncertainty
of object classes and image concepts, the outputs of the im-
age classi ers should be probabilistic.

Ideally, using more visual features for classier training
has more capacity to characterize di erent visual properti es
of images e ectively and e ciently. This may further en-
hance the classi er's ability on recognizing di erent imag e
concepts or object classes and result in higher classi cation
accuracy. However, learning the image classiers on such
high-dimensional feature space requires a large number of
training images that increase exponentially with the featu re
dimensions (i.e., curse of dimensionality). When only a lim-
ited number of training images are available, there is an
urgent need to develop new techniques that are able to se-
lect the optimal feature subset for image classi er trainin g.
Many feature selection algorithms have been proposed and
they can be generally classi ed into two categories: Iter and
wrapper [28-33,38]. However, both the lter and the wrap-
per approaches ignore theheterogeneity of high-dimensional
multi-modal visual features [42] and they can only select
the features with same type (i.e., single mode). They per-
form feature selection directly on the high-dimensional fe a-
ture space and thus they usually require a large number of
training images.

Recently, Tieu, Viola and Jones have developed a new fea-
ture selection approach by using AdaBoost to train a cas-
cade of linear classi ers [28,33], which can perform image
classi er training over high-dimensional feature space with
a small number of training images. However, each weak clas-
si er depends on one-dimensional single-modal Harr feature
and the feature correlations are ignored. When only a small
number of labeled images are available for classi er traini ng
and the underlying multi-modal visual features are hetero-
geneous and correlated, there is an urgent need to develop
new frameworks for feature subset selection.

In this paper, we have proposed a hierarchical boost-
ing framework by incorporating the feature hierarchy and
boosting to scale up SVM image classier training. The
advantages of our proposed framework include: (a) Par-
titioning the high-dimensional multi-modal heterogeneou s
feature space into a set of low-dimensional single-modal he
mogeneous feature subsets can scale up SVM image classi-
er training signi cantly because the number of the require d
training images for each homogeneous feature subset is re-
duced drastically; (b) Di erent homogeneous feature sub-
sets characterize di erent visual properties of images, thus
the corresponding weak classi ers are diverse and comple-
mentary and they can be combined to boost an ensemble
classi er with higher prediction accuracy; (c) It can suppo rt
more e ective kernel function selection because the geomet
ric property of image data on each single-modal homoge-
neous feature subset can be e ectively approximated by us-
ing certain kernel functions; (d) It can signi cantly reduc e
human e orts on labeling large-scale training images by in-
corporating unlabeled images and feature hierarchy for SVM
classi er training; (e) It is able to boost the image classi-
ers on dierent combinations of training images, feature
subsets, and grid sizes simultaneously, thus higher classk
cation accuracy can be obtained; (f) It is able to select the
most representative feature subsets and grid sizes for dif-
ferent object classes or image concepts and speed up image
classi cation; (g) It is scalable with the feature dimensio ns
e ectively.

The major di erences between our approach and the tech-
nigues proposed in [28,33] are: (1) multi-modal visual fea-
tures are extracted and feature correletions are exploited
to enable more accurate classi er training over multi-moda |
heterogeneous feature space; (2) an optimal classi er is larned
by boosting on dierent combinations of training images,
grid sizes and feature subsets simultaneously. The major dif-
ferences between our approach and the technique proposed
in [23] are: (1) automatic grid size selection is incorporat ed
to improve the classi er's accuracy; (2) boosting and featu re
hierarchy are incorporated to scale up SVM image classi er
training.

This paper is organized as follows: Section 2 introduces
our feature extraction framework; Section 3 presents our
new framework for image classi er training; Section 4 gives
our technique for automatic image annotation; Section 5
gives our extensive experimental results; We conclude this
paper in Section 6.

2. AUTOMATIC FEATURE EXTRACTION

As mentioned earlier, using the xed-size image grids for
feature extraction may not be able to e ectively charac-
terize various visual properties of images. On the other
hand, incorporating the semantic-sensitive image blobs or
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Figure 1: The proposed multi-resolution grid-based
framework for image content representation and feature
extraction.
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image objects for feature extraction may lead to worse per-
formance rather than improvement when the segmentation
results are fragile and erroneous [23]. Thus we propose
a multi-resolution grid-based framework for image content
representation and feature extraction as shown in Fig. 1,
where the images are partitioned into a set of regular grids
with di erent sizes and multi-modal visual features are au-
tomatically extracted for each image grid.

For one certain grid size, 90-dimensional multi-modal vi-
sual features are extracted to characterize various visual
properties of images. These 90-dimensional multi-modal vi-
sual features include: 7-dimensional R,G,B average colors
and their variances, 62-dimensional texture feature from G a-
bor lter bank [11], 7-dimensional Tamura texture, 12-hin
color histogram and 2-dimensional grid locations.

It is worth noting that these multi-modal visual features
are heterogeneous and they are organized more e ectively
by using the feature hierarchy , i.e., homogeneous feature
subsets and feature dimensions for each homogeneous fea-
ture subset. Based on this observation, these 90-dimensioral
multi-modal heterogeneousvisual features are partitioned
into multiple low-dimensional single-modal homogeneoudea-
ture subsets to reduce the number of training images that
are required for accurate SVM classi er training.

These 90-dimensional multi-modal heterogenous feature
space are partitioned into 9 single-modal homogeneous fea-
ture subsets with unique physical meanings 3-dimensional
R,G,B average color; 4-dimensional R,G,B color variance;
2-dimensional average & standard deviation of Gabor Iter
bank channel energy; 30-dimensional Gabor average channel
energy; 30-dimensional Gabor channel energy deviation; 2-
dimensional Tamura texture features (coarse & contrast), 5 -
dimensional angel histogram derived from Tamura texture,
12-bin color histogram, and 2-dimensional locations.

It is important to note that the visual properties for var-
ious image concepts or object classes may be di erent and
characterized by di erent combinations of principal featu re
subsets. In addition, these image concepts or object classe
may be related to various textures that should be character-
ized by using di erent grid sizes. To support more e ective
image classi cation and object class recognition, there is an
urgent need to develop new techniques that are able to auto-
matically select the most representative feature subset and
grid size for each image concept or object class.

3. IMAGE CLASSIFIER TRAINING

For a given object class or image concept, ahierarchical
boosting framework has been developed to incorporate the
feature hierarchy and boosting to scale up SVM image classi-
er training and select the most representative feature sub -
sets and grid sizes simultaneously as shown in Fig. 2: (a)
The standard techniques for SVM classi er training have
O(m?) time complexity and O(m?) space complexity, where
m is the number of training images. In addition, the number
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Figure 2: Our hierarchical boosting framework by in-
corporating the feature hierarchy and boosting to speed
up SVM classi er training.

Table 1: The optimal parameter pairs (C; ) of the
SVM classi ers for some object classes.
object classes grass purple ower red ower
C 10 6 32
1.0 0.5 0.125
object classes rock sand eld sky
C 32 8 8192
2 2 0.03125
object classes snow water sunset
C 512 2 8
0.03125 0.5 0.5

of training images increase exponentially with the feature
dimensions. To speed up SVM image classi er training, a
weak SVM classi er is rst learned for each homogeneous
feature subset and thus the nhumber of the required training
images is reduced signi cantly because the feature dimen-
sions are relatively low. In addition, each homogeneous fea
ture subset characterizes certain visual property of images,
and thus the geometric property of image data on each ho-
mogeneous feature subset can be e ectively approximated
by using certain kernel functions. (b) To exploit the in-set
feature correlations, principal component analysis (PCA) is
performed on each homogeneous feature subset to select the
most representative feature components (i.e., in-set feature
selection ). (c) Di erent feature subsets and their combina-
tions characterize di erent visual properties of images, t hus
the corresponding weak classi ers are diverse and comple-
mentary and they can be combined to boost an ensemble
classi er with higher prediction accuracy. For one certain
grid size, a novel algorithm has been developed to train an
ensemble classi er by boosting on di erent combinations of
training images and feature subsets. (d) The feature sub-
set selection is then achieved by selecting the most e ective
weak SVM classi ers and the corresponding feature subsets
or their combinations (i.e., inter-set feature selection ).
(e) The ensemble classi ers for all these possible grid size
are integrated to boost an optimal classi er for the given ob -
ject class or image concept, thus the most suitable grid sizes
are selected to accurately characterize the underlying visual
properties for the given object classes or image concepts by
selecting the most e ective ensemble classi ers (i.e., image
content representation framework selection ).

To learn the accurate weak classi ers, we use support vec-
tor machine (SVM) because of its high strength shown in
various classi cation experiments [33-35]. To learn the en-
semble classi er from the weak classi ers, we use AdaBoost
method for weak classi er combination [28,37,39-40].



3.1 Joint Weak Classi er Training and In-Set
Feature Selection

In order to learn the weak classi er accurately for each
homogeneous feature subset under a given grid size, we use
one-against-all rule to label the training images ¢, = fX;; Y]
1 =1; ;N_g: positive images for a given image concept
or object class C; and negative images. Each labeled train-
ing image is a pair (X;;Y;) that consists of multi-resolution
grid-based visual features X, and the semantic label Y;. The
unlabeled images g = fXkjk=1; ;N g are used to en-
able semi-supervised training of SVM classi ers. For the
given image concept or object classC;, we then de ne the
mixture training image setas = G _c,

The weak SVM classier is rst learned by using only
the labeled training images. For the positive images X
with Y, = +1, there exists the transformation parameters
W and b such that f(X;) = W ( X))+ b +1. Sim-
ilarly, for the negative images X, with Y, = 1, we have
fX))=W (X)+b 1. ( X)) is the function that
maps X, into higher-dimensional space and the kernel func-
tionisdenedas (Xi;X;)= ( Xi)T ( X;j). Inour current
implementation, the radial basis function (RBF) is selecte d,

(Xi;X;) = exp( jiXi X;jjj®; > 0. The margin be-
tween these two supporting planes is 2jWijj?. The weak
SVM classi er is then designed for maximizing the margin

with the constraints f(X;) = W ( X;)+ b +1 for the
positive images andf (X;) = W ( X)+ b 1 for the
negative images.

Given the set of the labeled training images ¢ = X Yjl =

1; ;N g, the margin maximization procedure Is then trans-
formed into the following optimization problem:

1 Nt
min - Skw K2+ C | (1)
1=1
subject to:
8l (YW (X)+b 1
where | 0 represents the training error rate, C > 0 is the

penalty parameter to adjust the training error rate and the
regularization term kW k.

We have incorporated a hierarchical search algorithm to
determine the optimal model parameters (C; ) for the weak
SVM classiers: (a) The labeled images in ¢, are parti-
tioned into  groups in equal size, where 1 groups are
used for classi er training and the residual one is used for
classi er validation. (b) The visual features for each homo -
geneous feature subset are rst normalized. Because inner
product is usually used to calculate the kernel values, this
normalization procedure is able to avoid the numerical prob -
lem. (c) The numeric ranges for the parameters C and
are coarsely partitioned into small pieces with M pairs. For
each pair, 1 sample groups are used to train the classi er
model. When the M classi er models are available, cross-
validation is then used to determine the underlying optimal
parameter pair (C; ). (d) After the optimal parameter pair
(C; ) at the coarse level is available, a hierarchical proce-
dure is further performed to determine more accurate pa-
rameter pair (C; ) by using a ne partition of the search
space around the given parameter pair (C; ). (e) With the
optimal parameter pair ( C; ), the nal model for the weak
SVM classi er (i.e., support vectors) is trained again by us -
ing the whole set of training images.

Table 2: The optimal parameter pairs (C; ) of the
SVM classi ers for some image concepts.

semantic concepts mountain view beach garden

C 512 32 312

0.0078 0.125 0.03125

semantic concepts sailing  skiing desert

C 56 128 8

0.625 4 2

The optimal parameter pairs ( C; ) for some object classes
and image concepts are given in Table 1 and Table 2.

To exploit the in-set feature correlations for weak classi-
er training, we have also used PCA to enable in-set fea-
ture selection as follows: (1) For a given homogeneous fea-
ture subset Sj, we use PCA to determine its feature com-
ponents and these feature components are ranked based on
the values of their Eigenvalues. (2) The unrepresentative
feature components with small Eigenvalues are sequentially
removed from the given homogeneous feature subsetS;,
and the residual feature components are used for learning a
new weak classi er. This new weak classi er is then tested
on the validation image set, and the relevant loss function
Ls, (Xn;Yn) = jf(Xn) Yajis also calculated. (3) For the
given homogeneous feature subsetS;, its goodness is de-
ned as:

1 N
G(S)=1 § Ls(Xni¥a) @)
n=1
(4) The above procedure for joint in-set feature selection
and weak classi er training is performed repeatedly untilt he
goodness of the given homogeneous feature subset is below
a pre-de ned threshold. (5) The learned weak classi er and
the corresponding most representative feature components
are produced and used as the inputs for ensemble classi er
training and feature subset selection.

The complexity for our SVM classi er training technique
is O(n®), where n << m is the dimensions of homogeneous
feature subset. Thus using the feature subsets for image
classi er training can reduce the number of training images
drastically, and our algorithm is able to scale-up SVM clas-
si er training and reduce human e orts on image labeling
signi cantly. In addition, each feature subset characteri zes
certain visual property of images, and thus the geometric
property of image data on each feature subset can be e ec-
tively approximated by using certain kernel functions.

3.2 Semi-Supervised Classi er Training

One problem for image classi cation is that it is very ex-
pensive to manually label enough training images for en-
abling accurate classi er training. Given this costly labe ling
problem, it is very attractive to take advantage of unlabele d
images for semi-supervised classi er training [30,34].

To incorporate the unlabeled images ¢, for semi-supervised
training of weak SVM classi ers, we have developed an in-
cremental framework  to predict the labels for the unla-
beled images in ¢ and estimate a hyperplane < W;b >
so that this hyperplane separates both the labeled images

¢, and the unlabeled images ; with maximum margin
[34]. Thus the problem for semi-supervised training of SVM
classi er is formulated as:

1 NL Ny
Min 5jjwj'j2+<: i+ C j )
i=1 j=1



subject to:
8Nt Yi[wW

8l 1 YW (Xj)+h 1 ; ;>0

For a small number of unlabeled images, the above problem
for semi-supervised training of SVM classi ers can be solved
simply by trying all possible label assignments for the un-
labeled images in ;. However, this simple solution is too
expensive and the outlying unlabeled images may mislead
the weak SVM classi ers.

To address this problem, we have developed an incremen-
tal framework for semi-supervised training of SVM classi e rs
and it takes the following major steps: (1) For a given image
concept or object class, a weak SVM classi er is rst learned
from the labeled images (; by using the technique intro-
duced in Section 3.1. (2) The weak SVM classi er is used
to predict the labels for the unlabeled images in _c, In ad-
dition, the con dence score for the predicted label of the
unlabeled image X; is calculated by applying an additional
sigmoid function [34]:

(Xi)+b 1 4 >0
4

1
1+ ef (Xj )+ (5)

P(Xj)=
where f (X; ) is the output of the weak SVM classi er for
the unlabeled image X; . The parameters and can be
determined by minimizing the negative log-likelihood (NLL )
function on the validation image set. If the con dence score
P(X;) for the predicted label of a given unlabeled image
X; is bigger than a pre-de ned threshold , i.e., P(X;)
> , the given unlabeled image X; is incorporated to enable
semi-supervised training of a new SVM classi er. Other-
wise, P(X;) , the given unlabeled image X; is detected
as the outlying unlabeled image and is removed from the
training image set. (3) By incorporating the high-con dent
unlabeled images for semi-supervised classi er training, a
new SVM classi er can be learned incrementally. (4) Incor-
porating the high-con dent unlabeled images for classier
training may cause a small shift of the hyperplane of the
SVM classi er. Thus the new SVM classi er is then used to
predict the new labels for these unlabeled images with high
con dence scores. All these unlabeled images with incon-
sistent predicted labels are restored as the unlabeled images
and they are not incorporated for semi-supervised SVM clas-
si er training in current iteration. (5) By integrating the se
unlabeled images with consistent predicted labels for clas
si er training, our algorithm performs this semi-supervis ed
classi er training procedure repeatedly until it converge s.

By incorporating the unlabeled images for semi-supervised
SVM classi er training, our proposed algorithm is able to
signi cantly reduce human e orts on image labeling.

3.3 Joint Ensemble Classi er Training and
Inter-Set Feature Selection

To enable joint feature subset selection and classi er trai n-
ing, we have incorporated boosting for weak classi er combi-
nation. By taking advantage of our two-level feature hierar -
chy (i.e., the rst level of feature dimensions and the second
level of feature subsets), we can perform feature selection
at two di erent levels simultaneously and learn the accurat e
image classi ers by using a small number of training images.
At the rst level, we treat each individual feature dimensio n
as a selection unit, and thus any Iter or wrapper feature

No T<=507?

Yes

Search the most effective weak classifier and its
feature subset via their goodness measurement

'

[Add the most effective feature subset to ourput %et S

T=T+1

HLOutput the optimal feature set S & ensemble image cIas}

Figure 3: The owchart for our boosting-based frame-
work for classi er training and feature selection.

selection method can be applied. As mentioned above, we
currently use PCA to exploit the feature correlations and
select the most representative feature components. At the
second level, we treat each feature subset or its combinatin
as an individual selection unit, and measure its goodnessby
estimating the performance of the relevant weak classi er on
the cross-validation image set. As shown in Fig. 3, inter-
set feature selection at the second level can be achieved
by selecting the most e ective weak classi ers and their cor -
responding feature subsets or their combinations.

It is important to note that the process for inter-set fea-
ture selection at the second level is also a process for ensem-
ble classier training. For one certain grid size, the weak
classi ers for 9 feature subsets and their potential combin a-

tions % = 36 are integrated to boost the ensemble classi-
er:
T 45 o T 45 i
Hi(X) = sign LX) =1 (6)
t=1 j=1 t=1 j=1

Whereflj (X)) is the weak classi er for the jth feature subset
or combination feature subset S; at the tth iteration, and T
is the total number of iterations. The weak classi ers and
the corresponding feature subsets which have large values
of | play more important role on nal prediction. Because
the nal prediction of the ensemble classi er combines the
predictions of the weak classi ers that depend on di erent
combinations of feature subsets and training images, higher
prediction accuracy is expected.

The importance factor | is updated as [37]:

11 Ys)
I =z - \AJ
= 31997y

where '(S;) is the error rate for the weak classi er of the
j th feature subset S; at the tth iteration. Thus the impor-

tance factor | is updated according to the error rate of the
relevant weak classi er in the current iteration. The error

rate is updated as [37]:

@)

+ 1 Iyt (Xn
() = Z‘(sj)e Yt Xn) (8)

where Z; =2 Y(S§)@A
tor. The importance factor

t(Sj)) is a normalization fac-
! decreases with the error rate



Figure 4: The relationship between the goodness of the
ensemble classi er and the number of feature subsets for
boosting.

Figure 5:  Major steps for multi-level image annotation.

'(S;), and thus more e ective weak classi ers have more
in uence on the nal prediction.

By combining the most e ective weak classi ers to boost
the ensemble classier, the corresponding feature subsets
are also selected for image classi cation. We formally de-
scribe our algorithm for joint inter-set feature selection and
ensemble classi er training as shown in Fig. 3: (a) The
optimal set for storing the selected feature subsets is initial-
ized as empty set, i.e., Spropose = . (b) For each boosting
iteration, the procedure for weak classi er training is per -
formed on 9 feature subsets and their 36 potential combi-
nations, and the error rate '(S;) for each weak classi er is
obtained by using Eq. (8). (c) For current boosting iter-
ation, the most e ective weak classi er, which has largest
value of the importance coe cient 1, is selected to boost
the ensemble classi er. In addition, the corresponding fea-
ture subset is selected and added into the optimal set of the
selected feature subsetsSyropese - (d) The procedure for joint
inter-set feature selection and ensemble classi er training is
performed repeatedly until the given iteration threshold i s
reached (T =50 in our current experiments).

Figure 6: Multi-level image annotation results.

To illustrate the evidence for the correction of our idea for
feature subset selection, the optimal number of feature sub-
sets for the object class \sea water" is given in Fig. 4. One
can conclude that only the top 3 feature subsets may boost
the classi er's performance signi cantly, and thus only th ese
top 3 feature subsets and the corresponding weak classi ers
are selected to boost the ensemble classi er.

Rather than boosting the ensemble classi er by using the
weak classiers that are learned from dierent combina-
tions of training images iteratively (i.e., AdaBoost [37-3 9])
or learned from dierent combinations of feature subsets
(i.e., FeatureBoost [28,32-33,40]), our proposed framewak
has taken advantage of both AdaBoost and FeatureBoost to
achieve more e ective ensemble classi er training and fea-
ture subset selection by boosting on di erent combinations
of feature subsets and training images simultaneously. The
most representative feature set for each image concept or
object class is determined by selecting the optimal combi-
nation of the homogeneous feature subsets such that the
corresponding weak classi ers yield the lowest classi cation
error rate.

By selecting the most e ective weak classi ers to boost an
optimal ensemble image classi er, our proposed technique
for ensemble classi er training has jointly provided a nove |
approach for automatic feature subset selection. While most
existing image classi cation methods su er from the prob-
lem of curse of dimensionality, our proposed hierarchical
boosting framework can take advantage of high dimension-
ality to enable more e ective feature subset selection and
classi er training. Thus our proposed framework is scalabl e
with the feature dimensions e ectively.

3.4 JointOptimal Classi er Training and Grid
Size Selection
To generate the optimal classi er H (X) for the given ob-
ject class or image concept, we have also incorporated our
hierarchical boosting algorithm to simultaneously combine
all these ensemble classi ersH; (X)) at the third level:

K K
iHi(X) ; i=1 (9

i=1 i=1

H(X) = sign

where H;(X) is the ensemble classi er for the given object



Figure 7: Multi-level image annotation results.

class or image concept underith grid size, K is the total
number of potential grid sizes, and ; is the relative impor-

tance factor for the ith grid size. ; is de ned as:
1 1 (Gi)
i = 5log —Gy (10)

where (G;j) is the error rate of the ensemble classier Hi()
for the ith grid size G; that is used for image content repre-
sentation and feature extraction. The importance factor
decreases with the error rate (G;) for the relevant ensemble
classi er Hi(), and thus more representative grid sizes have
more in uence on the nal prediction. By selecting the most

e ective ensemble classi ers, it is able to select the most rep-
resentative grid sizes for the given object classes or image
concepts (i.e., image content representation framework
selection ).

For the given object classes or image concepts, the nal
prediction of the optimal classi er combines the predictio ns
of these SVM classi ers that depend on dierent combi-
nations of feature subsets, training samples, and grid sizes
for image content representation. Without performing erro -
neous image segmentation, our hierarchical boosting tech-
nique is also scalable to the diversity of image contents and
image qualities. The classi er for each image concept or ob-
ject class is trained independently, and thus our hierarchi cal
boosting technique is also scalable to the numbers of image
concepts and object classes.

4. AUTOMATIC IMAGE ANNOTATION

Once the classi ers for the pre-de ned object classes and
image concepts are in place, our system takes the follow-
ing steps as shown in Fig. 5 for object class recognition
and image classi cation: (1) Given one certain test image,
the multi-modal visual features are extracted automatical ly
under di erent grid sizes. It is worth noting that one cer-
tain test image may consist of multiple object classes. (2)
The multi-resolution image grids are then classi ed into th e
most relevant object classes. (3) The neighboring image
grids which are classi ed into the same object class are then
merged as a single image grid. (4) With the recognized ob-
ject classes, the test image is classi ed into the most relevant
image concept. (5) By recognizing the object classes and im-

Figure 8: Multi-level image annotation results.

Figure 9: Multi-level image annotation results.

age concepts, multi-level image annotation can be achieved
automatically.

In our current experiments, we focus on recognizing 29
object classesand 15 image concepts It is important to
note that once an unlabeled test image is classi ed into one
certain image concept, the text keywords that are used for
interpreting the relevant image concept and object classes
become the text keywords for annotating the multi-level se-
mantics of the corresponding image. The text keywords for
interpreting the object classes (i.e., dominant image com-
pounds) provide the annotations of the images at the con-
tent level. The text keywords for interpreting the relevant
image concepts provide the annotations of the images at the
concept level. As shown in Fig. 6, Fig. 7, Fig. 8, and Fig.
9, one can conclude that our grid-based approach is able to
achieve accurate image annotation results at both the con-
cept level and the object level, and the object locations can
be obtained coarsely.

One advantage of our grid-based approach is that it is
able to bypass the time-consuming and erroneous image seg-
mentation process, but it can still achieve image annotatio n
e ectively at the object level.



Figure 10: The comparison results between our ap-
proach (hierarchical boosting), linear SVM, and Ad-
aBoost.

Figure 11: The relationship between the classiers' er-
ror rates and the number of homogeneous feature subsets
and the optimal grid sizes for boosting.

5. ALGORITHM EVALUATION

Our experiments are conducted on two image databases:
image database from the Google image search engine and
Corel image database. The image database from Google
image search engine consists of 30,000 pictures, and the
Corel image database includes more than 3,800 pictures. All
these 33,800 pictures cover 15 image concepts and 29 object
classes. For each object class or image concept, 50 images
are manually labeled for classi er training.

Under the same classi er training condition , we have per-
formed three sets of experiments to evaluate the e ectiveness
of our proposed framework for automatic image annotation.
In addition, the classi er's performances under di erentc on-
ditions are compared: (a) comparing the performance dif-
ferences of our algorithm by using di erent combinations of
weak classi ers (i.e., di erent feature subsets and grid si zes);
(b) comparing the performance di erences of our algorithm
with or without performing image segmentation; (c) com-
paring the performance di erence between our algorithm,
AdaBoost, and linear SVM.

The benchmark metric for algorithm evaluation includes
precision and recall % They are de ned as:

# #
= : %=
’ % #+

(11)

Table 3: The performance comparison (i.e., preci-
sion/recall) for some object classes.

object classes

grass

purple ower

red ower

grid-based
region-based

95% /94.8%
83.8% /84.2%

88.8% /90.2%
76.9% /75.8%

92.4% /93.6%
78.5% /80.2%

object classes

rock

sand eld

sky

grid-based
region-based

86.2% /90.3%
75.1% /74.8%

93.5% /95.6%
83.2% /78.9%

94.2% /93.6%
81.2% /82.6%

object classes

snow

water

sunset

grid-based
region-based

85.2% /80.5%
72.8% /70.2%

96.8% /95.7%
80.5% /83.6%

92.4% /93.6%
80.2% /81.5%

object classes

building

road

car

grid-based
region-based

84.6% /83.8%
73.2% /74.5%

90.4% /91.5%
79.8% /81.3%

93.2% /93.8%
81.4% /82.8%

object classes

human

sh

street

grid-based
region-based

80.2% /81.2%
76.3% /77.2%

82.5% /81.8%
72.4% /71.6%

90.5% /92.6%
80.8% /81.5%

object classes

tra c light

tra ¢ sign

parking

grid-based
region-based

93.8% /93.6%
80.8% /84.2%

94.6% /95.2%
82.5% /81.8%

92.5% /93.2%
80.6% /81.3%

where # is the set of true positive images that are related

to the corresponding image concept or object class and are
classi ed correctly, is the set of true negative images that

are irrelevant to the corresponding image concept or object

class and are classi ed incorrectly, and is the set of false
positive images that are related to the corresponding image
concept or object class but are misclassi ed.

To evaluate our hierarchical boosting technique (i.e., boo st-
ing on di erent combinations of feature subsets, grid sizes
and training images), we have compared our hierarchical
boosting technique with the traditional algorithms such as
linear SVM classi er and AdaBoost of SVM classi ers. As
shown in Fig. 10, one can observe that our hierarchical
boosting technique can obtain higher classi cation accura cy.
We have also obtained the e ectiveness of our hierarchical
boosting technique on selecting the most representative fea-
ture subsets and grid sizes for image content representatian.
As shown in Fig. 11, one can observe that adding more fea-
ture subsets may improve the classi cation accuracy (i.e.,
reduce classi cation error rate), but it cannot achieve sig nif-
icant improvement after some iterations. This observation
has also given a good evidence for the correction of our idea
for hierarchical feature subset selection, i.e., selecting the
most e ective weak classi ers and the corresponding homo-
geneous feature subsets for image classi cation can achiee
acceptable accuracy. From Fig. 11, one can also nd that se-
lecting the most representative grid sizes for image content
representation can achieve the highest classi cation accu-
racy (i.e., with smallest error rate).

To evaluate the e ectiveness of our grid-based approach
for object class recognition and image classi cation, we have
also compared the performance di erences between our grid-
based approach and the region-based approach [25]. For
the region-based approach, the error rate comes from two
sources: (@) error rate for the image classier; (b) error
rate for the underlying automatic image segmentation tech-
niques. For our grid-based approach, its error rate only
depends on the performance of the image classier. As
shown in Table 3 and Table 4, one can nd that our grid-



Table 4: The comparison results (i.e., preci-
sion/recall) for some image concepts.
concepts mountain view beach garden
grid-based 80.6% /85.6% 90.4% /90.6% 89.5% /88.3%
region-based 75.2% /77.2% 85.6% /83.4% 74.6% /72.8%
concepts sailing skiing desert
grid-based 85.8% /84.6% 83.6% /84.2% 79.5% /74.7%
region-based 70.9% /70.4%  75.3% /75.4% 73.3% /75.2%
concepts ocean view waterway prairie
grid-based 82.3% /81.5% 85.4% /85.7% 80.5% /82.4%
region-based 71.2% /70.8% 77.8% /74.9% 74.2% /73.6%
concepts shopping oce bathroom
grid-based 83.6% /84.2% 89.8% /88.7% 86.5% /87.3%
region-based 74.1% /74.5% 78.9% /79.3% 78.5% /76.8%
concepts sidewalk corridor kitchen
grid-based 85.4% /84.9% 86.4% /85.8% 89.6% /90.2%

region-based

74.6% [77.3%

77.9% /80.1%

77.6% /78.5%

based approach can obtain more accurate results. Even
image segmentation is not performed, our grid-based ap-
proach can still provide very competitive annotation resul ts
as shown in Fig. 12 and Fig. 13, where the image areas
that roughly correspond to the relevant object classes are
coarsely provided. Without performing the erroneous and
time-consuming process for image segmentation, our pro-
posed framework can still achieve automatic image anno-
tation e ectively at both the object level and the concept
level.

6. CONCLUSIONS AND FUTURE WORKS

We have proposed a hierarchical boosting framework by
incorporating the feature hierarchy and boosting to scale u p
SVM image classi er training, which is scalable to the fea-
ture dimensions e ectively. By selecting the most e fectiv e
weak classi ers to boost the image classi ers, our proposed
framework is able to achieve higher prediction accuracy for
image classi cation and object class recognition. In addi-
tion, our proposed framework has also supported a novel so-
lution for multi-level image annotation and image retrieva |
via keywords. Without performing erroneous image segmen-
tation, our proposed framework is scalable to the diversity of
image contents and qualities. Our experiments on a speci ¢
domain of natural images have also obtained very positive
results. Obviously, our proposed algorithm can also be ap-
plied to other image domains with diverse image contents
and qualities because segmentation is not performed.

Another problem for image classi cation is the large range
of possible variations within the same image concept or ob-
ject class because of various viewing and illumination con-
ditions. Thus it is also very important to develop new tech-
niques that are able to handle the changes of viewing and
illumination conditions e ectively. By treating variousv iew-
ing conditions or illumination conditions as the additiona |
selection units, we will label the training images to learn
the relevant classi ers under various view or illumination
conditions, and our proposed hierarchical boosting frame-
work can be used to combine these classi ers e ectively for
nal prediction and thus our algorithm is able to be gener-
alized across di erent viewing and illumination condition s.
Obviously, the homogeneous feature subsets may also have
strong correlations (i.e., inter-set feature correlations ), thus

Figure 12: The comparison results on automatic im-
age annotation: (a) our grid-based approach; (b) object-
based (region-based) approach [25].

the inter-set feature correlations will be exploited in the near
future to enhance image classi er training.
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