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Abstract This paper considers the semantic gap in
content-based image retrieval from two aspects: (1)
irrelevant visual contents (e.g. background) scatter the
mapping from image to human perception; (2) unsupervised
feature extraction and similarity ranking method can not
accurately reveal users’ image perception. This paper pro-
poses a novel region-based retrieval framework—dynamic
region matching (DRM) to bridge the semantic gap. (1) To
address the first issue, a probabilistic fuzzy region matching
algorithm is adopted to retrieve and match images precisely at
object level, which copes with the problem of inaccurate seg-
mentation. (2) To address the second issue, a “FeatureBoost”
algorithm is proposed to construct an effective “eigen” fea-
ture set in relevance feedback (RF) process. And the signif-
icance of each region is dynamically updated in RF learning
to automatically capture users’ region of interest (ROI). (3)
User’s retrieval purpose is predicted using a novel log-learn-
ing algorithm, which predicts users’ retrieval target in the
feature space using the accumulated user operations. Exten-
sive experiments have been conducted on Corel image data-
base with over 10,000 images. The promising experimental
results reveal the effectiveness of our scheme in bridging the
semantic gap.

R.Ji (X)) - H. Yao - D. Liang

Visual Intelligence Lab, School of Computer Science

and Technology, Harbin Institute of Technology, West Dazhi Street,
Harbin 150001, China

e-mail: rrji@vilab.hit.edu.cn

H. Yao

e-mail: yhx@vilab.hit.edu.cn

D. Liang

e-mail: dwl@vilab.hit.edu.cn

Keywords Image retrieval - Region matching -
Relevance feedback - AdaBoost - Long-term learning

List of symbols

FJQuery the jth feature of query image

F;mage the jth feature of the image in current
segmentation procedure

N; the ith iteration (from 2 to 6)

o the geometrical circularity of a region

S the size of a region

P the geometric center pixel in a region

Hp.g the center scatter of a region

Xc the x coordinate of the geometric center pixel
in a region

Ve the y coordinate of the geometric center pixel
in a region

R; the ith block in a region.

I and I, two matching images for similarity calculation

R;and R; theith and jth region of these two images,
respectively

Wi the weight between two corresponding regions
R; and R; from different images

S(R;, Rj) the visual similarity between these two regions

using the feature set
w: the weights of regions in query image

S@ N the region similarity matrix

Nmax the maximum matching pair to which the
DRM matching stops

(w?, wlj‘.) matching region pairs

w(l)ws1 rewarding vector of DRM in RF learning

Feature; ith feature in the basis feature set

Pos; ith positive relevance feedback example
Neg; Jjth negative relevance feedback example
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W; ith classifying accuracy weight of the
selected eigen feature

wp; ith positive feedback example

wnj Jjth negative feedback example

Featuregejecieg  the “eigen” feature selected in the current
FeatureBoost loop

T; the ith retrieval central matrix

F i(j;“rrem the ith feature in the jth central retrieval
matrix of current retrieval

F;Og” the ith feature in the jth of the pth
retrieval log

Nrelated the number of related images returned
to users

Nreturn the number of images returned
to users

no the number of images in each image class

Precision retrieval precision

Recall retrieval recall

( query s 1 target)

the target and query pair for retrieval

performance test

1 Introduction

Content-based image retrieval (CBIR) is a technique that
effectively indexes and retrieves images based on their visual
contents. It is a long-standing research hot-spot over the past
decade [1]. Many practical systems have been put forth over
the years, such as BlobWorld [2], QBIC [3], PhotoBook [4],
VisualSEEK [5], MARS [6], Netra [7], SIMPLIcity [14].
MPEG-7 (multimedia content description interface), the next
generation visual information organizing standard, enables
content-based structural description of images for media
portals and content broadcasting [8,9]. However, the per-
formances of state-of-the-art CBIR systems are still unsatis-
factory due to the semantic gap between image visual fea-
tures and human’s image perception. In our consideration, the
issue of semantic gap can be summarized into these two-fold
problems as follows: (1) traditional methods index images
using their visual content at global level, which induces
the mapping from visual content to human’s image percep-
tion imprecisely; (2) traditional methods extract visual fea-
ture and rank visual similarities between two images in a
pre-defined, unsupervised manner. However, each specific
retrieval task has its “eigen” feature set. Such redundant fea-
ture extraction and similarity ranking method can not accu-
rately reveal the semantic meaning of images in each specific
retrieval task.

To address the first issue, region-based image represen-
tation is a feasible strategy to precisely index and retrieve
images at object level [10-13]. For instance, Berkeley
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BlobWorld system [2] utilized object-level feature extraction
forretrieval. By automatically segmenting image into regions
which roughly correspond to objects or parts of objects, Blob-
World allows users to query photographs based on region of
interest. Stanford SIMPLIcity system [14] adopted a fuzzy
logic approach, unified feature matching (UFM), for region
retrieval, which alleviated the imprecise segmentation by
fuzzy matching of regions (similar work in [15]). Recently,
Zhang [16] proposed a hidden semantic concept discovery
method for region retrieval. In their approach, each image is
segmented into regions associated with homogenous color,
texture and shape features. Then by exploiting the regional
statistical information, their method employed a vector
quantization strategy to achieve a uniform and sparse region
representation, where the Expectation-Maximization (EM)
technique is applied to this probabilistic model to analyze
the semantic concepts hidden in the image database. Specifi-
cally, the integrated region matching (IRM) [17] in SIMPLIc-
ity is considered as one of the most effective region matching
methods. It maps a region of one image to several regions of
another image. Hence, the similarity between two images is
the weighted sum of region distances. Comparing to tradi-
tional single region-to-region approaches, IRM largely alle-
viated inaccurate segmentation by smoothing over the impre-
cise distance. Since IRM does not take into consideration
the spatial relationship of regions, Wang [18] proposed a
constraint-based region matching (CRM) approach to inte-
grate spatial information of regions into IRM. Though effec-
tive in some cases, it is arguable that this spatial dependency
is obligatory in retrieval task. In the case that the relation-
ship between foreground and background regions is out of
users’ attention, this dependency would be even a drawback
for region-based retrieval.

To address the second issue, relevance feedback [19] was
introduced into CBIR as an online, reinforcement learning
strategy. Treating users’ feedback results as the training sam-
ples of their retrieval semantic target, many heuristic strate-
gies are adopted (e.g. feature reweighting, FRE [20]; query
point movement, QVM, [21]) and query expansion [22], in
which many sophisticated learning methods are utilized (e.g.
SVM [23] and Bayesian Framework [24]). Recently, He [25]
utilized manifold ranking strategy instead of Euclidean dis-
tance to construct semantic sensitive similarity metric. Cai
[26] proposed a hierarchical clustering approach for Internet
image retrieval using both images and their related textural
in web page. In short, these approaches aim at learning algo-
rithm application based on original feature space. However,
each specific retrieval task owns its specific “eigen feature”
which could not be pre-defined without any user participa-
tion. And in the case that the original feature space is naturally
unsuitable for classification, no matter how sophisticated the
learning algorithms are, the retrieval performance enhance-
ment would be still limited.
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This paper proposes a novel region-based retrieval
framework: dynamic region matching (DRM) to cope with
the issues mentioned above. Firstly, a clustering-based seg-
mentation algorithm is applied to partition image into homo-
geneous regions and a probabilistic fuzzy mapping approach
is proposed to associate two images by the assembling of
region similarity, which in nature overcomes the negative
effect of inaccurate segmentation. Secondly, users’ relevance
feedback results are integrated into an online AdaBoost algo-
rithm to construct a semantic sensitive feature set which
reveals users’ retrieval perception. Furthermore, the region
significance in query image is dynamically adjusted using
feedback result. And the region of interest (ROI) in query
image can be automatically and effectively located after lim-
ited RF operations. Finally, a long-term learning strategy is
proposed to predict users’ retrieval target using their former
operations. This procedure can be considered as a trajectory
prediction problem of users’ action sequence using time-axis
filters. This DRM framework is described in Fig. 1.

In the consideration of computational efficiency, our
framework adopts a coarse-to-fine image filtrating approach
in similarity calculation. Firstly, a global similarity ranking
strategy is adopted to construct a candidate image collection
which is coarsely similar to query example in global scene.
Secondly, the DRM process is conducted on this image sub-
set for accurate similarity calculation.

Three innovations distinguish our method from others,
which in our consideration is crucial to narrow down the
semantic gap in content-based image retrieval:

1. Our region matching algorithm utilizes a probabilistic
fuzzy strategy to calculate image similarity. Using weigh-
ted multiple mapping and probabilistic region similarity
combination, our algorithm can alleviate the negative

effect of inaccurate segmentation. Since the region sig-
nificance can be automatically updated using users’ feed-
back results, the ROI can be automatically located with-
out user specification. This region-based strategy can
remove irrelevant visual contents and reserves the seman-
tic mapping from visual contents of ROI to
human’s image perception.

In relevance feedback learning, a novel feature-based
AdaBoost algorithm “FeatureBoost™ is proposed to pre-
cisely capture users’ retrieval concept by boosting an
“eigen” feature subset for current retrieval task. Since
our boosting approach is conducted on the feature vec-
tor, each feature dimension once, it naturally avoids the
over fitting problem which is prevalent in traditional rel-
evance feedback learning.

Our framework owns along-term learning ability to accu-
mulate users’ semantic image perception and accelerate
retrieval process. Using users’ retrieval log, a retrieval
prediction approach is proposed to accelerate retrieval
process. Users’ current retrieval action sequence is con-
sidered as a time-domain # 4 1 dimension signal (n is the
feature dimension, 1 means the time axis), a log-based
filtering technique is applied to predict users’ retrieval
target, where the region-based former retrieval sequences
in the log are considered as empirical signal patches
for prediction. After each retrieval operation, the query
image and the positive results are recorded as a series of
region-based features as the log accumulation.

The rest of this paper is organized as follows: Sect. 2 pro-
poses our image segmentation approach and probabilistic
fuzzy region matching strategy; Section 3 presents our Fea-
tureBoost algorithm and our region significance adjustment
algorithm. The long-term learning algorithm is presented in
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Sect. 4; and the experimental result is shown in Sect. 5;
Finally, this paper concludes in Sect. 6 and discusses our
future research directions.

2 Image segmentation and probabilistic fuzzy region
matching

Though region-based feature extraction can capture users’
image perception more effectively, its performance is stron-
gly restricted by inaccurate segmentation, which is still an
open problem in image processing. Traditional region match-
ing algorithm adopts a single region-to-region strategy where
each region in one image is only mapped into the most simi-
lar region in another image. This single mapping is strongly
influenced by inaccurate image segmentation. Many efforts
have been carried out to overcome the negative influence
of inaccurate segmentation in region-based image retrieval.
Recently, researchers focus on multiple region-matching
to address this issue. For instance, IRM is such a representa-
tive technique [17] which allows multiple matching of image
regions. However, two drawbacks in our consideration are
unaddressed:

1. Multiple mapping is based on fixed feature set; hence the
reluctant or irrelevant features would scatter the mapping
from visual contents to image perception.

2. The retrieval system could not automatic concentrate on
users’ ROI, while manually outline the ROI is a burden
to reluctant users.

To address these two issues, a novel probabilistic fuzzy map-
ping approach—DRM is proposed in this paper. Comparing
to traditional region matching strategies, our main advanta-
ges lie in:

1. No particular matching region pairs are specified, each
region is assigned a matching probability to all the
regions of the other image. This probability, which is lin-
early normalized into [0, 1], describes their fuzzy mem-
bership in similarity matching. It largely alleviates the
influence of inaccurate segmentation.

2. The significance of each region is dynamically updated
using users’ relevance feedbacks. It enhances the
retrieval accuracy by automatically eliminating the irrel-
evant visual regions without users’ elaborated coopera-
tion and automatically concentrated on users’ ROI.

3. Features for region matching are different from features
for segmentation. In RF learning, an “eigen” feature sets
are dynamically selected from the basis feature set using
a novel AdaBoost algorithm.
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2.1 Image segmentation based on block assembling

As apreprocessing procedure, image segmentation is essential
to the efficiency of the final region-matching. Most com-

monly used image segmentation methods include pixel region
growing, watershed in mathematical morphology [27], elas-

tic contour based edge segmentation, mean shift [28,29]. In

this paper, we adopt a clustering procedure to automatically

assemble pixels into regions. For computational efficiency

consideration, the image is divided into four blocks, based

on which a six dimensional feature vector is constructed as

follows: the former three dimensions are the average of L, U

and V component in LUV color space; the later three are the

variances of HH, HL., and LH high-frequency coefficients of
Daubechies-4 wavelet bands from the L component in each

block, which is similar to Chen’s work [14].

Based on this six dimensional feature vector, a k-means
clustering process is conducted to assemble blocks into
regions (hence segment image into regions). This procedure
does not specify the cluster number, but gradually iterate this
number from 2 to 6, seeking a best image partition by maxi-
mizing an evaluation criterion as follows:

8

1 | 2
Nselected = arg fnax ﬁl Z ( F]Query _ ijage) )
Jj=

where the is the jth feature of query image, the F;mage

is the jth feature of the image in current segmentation pro-
cedure. N; is the ith iteration (from 2 to 6), and the query
image is pre-segmented into four regions.

The similarity between two regions is defined as their
Euclidean distance in the feature space. Different from the
features used for segmentation, features utilized for region
description could contain more perceptually meaningful
information. To describe the region more effectively, our
algorithm extends Chen’s feature extraction methods by com-
bining shape information, the region’s geometrical circular-
ity Eq. 2 and its center scatter Eq. 3.

Query
Fj

4 S
o= P2 (2)
1 NBlock 1
Hpg=—— > D (x—x) 4G =y 3)
16 nBrock = (T2,

In Eq. 2, o represents the geometrical circularity of this
region; S and P are its size and perimeter respectively. In
Eq. 3, 1tp,4is its center scatter; x. and y. represents the x—y
coordinate of the geometric center pixel in this region; and
nBlock represents the number of blocks in this region; R; is
the ith block in this region (Fig. 2).
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2.2 Probabilistic fuzzy region matching

We define the region-based similarity metric of two images
using Eq. 4, where Iy and I, represent two images; R; and R;
represent the ith and jth region of these two images, respec-
tively; w;; represents the weight between two corresponding
regions R; and R; from different images (these images are
segmented into M and N regions, respectively); S(R;, R;)
means the visual similarity between these two regions using
the feature set constructing using the “FeatureBoost” algo-
rithm described in Sect. 3. This is analogous to the soft assign-
ment strategy in graph matching, where instead of “hard”
assignment of matching nodes between two graphs, “soft”
assignment is used. This fuzzy relationship can provide a
more robust and sophisticated graph similarity calculation
strategy comparing to “hard” strategy.

M N

Similarity(I1, I,) = Z Z w;jS(R;, R})
i=1 j=1

M N
S.t. Zzwij =1 4)

i=1 j=1

To accelerate retrieval process, a coarse-to-fine strategy is
adopted for similarity calculation. Initially, the coarse
(global-scale) similarity computation step using Euclidean
distance is conducted and the candidate image collection
(200 images) is constructed. Then after segmenting both the
query image and the candidate images, the fine similarity dis-
tances are calculated based on the DRM algorithm described
below. The nearest 50 images are selected as the feedback
result returning to users (Table 1).

3 FeatureBoost: dynamic feature selection based on
AdaBoost for relevance feedback learning

In relevance feedback, the variety of users’ retrieval intention
restricts the efficiency of RF learning based on fixed fea-
tures. Each specific retrieval task needs its eigen features
to capture users’ retrieval purpose. In the scenario of fixed
feature extraction, even some features could capture users’
current retrieval purpose, the irrelevant features would still

Table 1 Dynamic region matching (DRM) procedure

1. Initially set the weights of regions in query image as w? as the pro-
portion of its pixel number to all image pixels,i = 1... M (M is
the number of regions in query image); set the weights of regions in
each candidate image: w¥ as the proportion of its pixel number to
all image pixels, where k = 1...200 represents the 200 candidate
images after coarse image selection; j = 1...Nj represents the
number of regions in kth candidate images;

2. For the query image and the kth candidate image in the candidate
image collection (suppose the kth candidate image has N regions),
construct the region similarity matrix S’jl > Which has M rows and
N columns. The element in S',{,, w 1s the distance between region R;
in the query image and region R; in the candidate image through
local similarity calculation in Euclidean feature space;

3. Select the minimum value in similarity matrix, for example s{‘j,
assign w;jin Eq. 4 as l/s{‘,. , then set s;‘l as oo forall/ ;

4. 1f wi1 < w’j‘., set w]l, =0, p # i; otherwise set w’l‘, =0,p #J;

1 _ ., _ 1 kye ook ks 1 ky.
5. Setw; = w; mm(wi,wj),wj_wj mtn(wi,wj),

6. Assign the region pair (i, j) as a matching region pair, store it in a
matching queue belonging to each candidate images;

7. If Zf‘il w! >0 and Z;-V:l wk > 0, or the number of matching
regions < ny4y, g0 to step 3, otherwise adopt a normalization oper-
ation onto all regions in each image, go to step 8; (in our experiments
we set the npaxas 5)

8. Similarity calculation between query image and candidate images
using Eq. 4, select 50 most similar candidate images, return to the
user for relevance feedback procedure;

9. Use the user’s feedback result to dynamic update the importance
(weight) of query region as follows: for each matching region pairs
(w?, w];) in positive relevance example (initially, set w? =1,i =

; : 0: : 0 _
1... M), set the corresponding region w;’ in query image as w;" =

1.5 x w?; for each matching region pairs (w(l),, w;) in negative rel-

0

P

as w;, 0.5 x w?,, After this process, we gain a set of rewarding

vectors w? ... w2, of query image.

evance example, set the corresponding region w
0 _

in query image

10. Go to Step 2 for new relevance feedback retrieval procedure, until
users gain a satisfied result.

scatter the similarities between images and query example.
Hence, the RF learning methods based on fixed features are
unsuitable due to the semantic variety of CBIR tasks. Further-
more, the performance of traditional RF learning methods
is usually restricted by limited or asymmetry training sam-
ples [38]. For instance, the classification hyperplane of SVM
is unstable when the training samples are insufficient and
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would be biased when the positive and negative samples are
asymmetric [30].

Recently, research attentions of RF learning are
concentrated on adaptive online feature selection. For
instance, Tieu [31] adopted AdaBoost for RF learning, which
selected single “highly selective” feature from a high-dimen-
sional feature space each round. After several rounds’ boost-
ing process, a “distinct” feature set is constructed based on
the combination of single features. However, the compu-
tational efficiency of Tieu’s Boosting strategy is low since
over 46,000 features are extracted for each image. Hertz [32]
proposed a DisBoost algorithm to learn a distance function
by boosting binary classifiers with a confidence interval in
product space. However, over-fitting problem would happen
in DisBoost algorithm while training weak classifiers using
insufficient feedback samples.

This paper proposes a Boosting feature selection algo-
rithm “FeatureBoost” for adaptive relevance feedback learn-
ing. Our method adaptively utilizes users’ feedback samples
to construct n eigen feature sets for n most representative fea-
tures from the basis feature set and combines them together to
form a sophisticated classifier using weighted majority vot-
ing. Different from traditional AdaBoost algorithm which is
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carried out on the sample space, our method conducts boost-
ing process on the feature vector itself, and dynamically uti-
lizes the boosting results in each feedback round to construct
a best mapping function from visual features to image per-
ception (Fig. 3).

In each specific retrieval task, users’ retrieval semantic
concept is variable and changeable. Hence, fixed and unsu-
pervised feature extraction is unsuitable for similarity rank-
ing. Furthermore, the feedback samples are usually limited
since the reluctant of user cooperation. Two critical issues
in our consideration are of great importance to learn user’s
retrieval concept in RF. Select features adaptively and avoid
over fitting problem. This section presents our FeatureBoost
algorithm for dynamic, supervised “eigen” feature selection
to address these two issues.

1. For each feature dimension, we construct a correspond-
ing feature set, each feature in which needs only a weak
classifying ability. Then these feature sets are combined
to form a strong classifier. It adopts a weighted majority
voting for similarity ranking, which derives from clas-
sical classifier committee voting method. The weights
of each classifier are the classifying accuracy of these
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classifiers. The weighted voting result is treated as the
similarity between corresponding regions in DRM.

2. Different from traditional AdaBoost algorithm, the Fea-
tureBoost is carried out over the feature basis set. Each
feature set is trained sequentially and each feature in them
is selected independently using users’ feedback results.
Since each time only one dimension is considered, the
sample volume is sufficiently enough to overcome the
over fitting problem in learning.

Derived from AdaBoost, the FeatureBoost algorithm has the
following distinct characteristics: (1) our method is con-
ducted on the feature basis set. In each relevance feedback
iteration, a series of feature sets are selected from the fea-
ture basis set, and their weighted combination in subspace
dynamic region matching can effectively reflect users’
semantic perception. These feature sets could be considered
as weak classifiers in traditional Boosting algorithm. (2) our
method is conducted on the classifier of small feature set
at each time. Hence, it can naturally avoids the over fitting
problem which is prevalent in classical relevance feedback
learning methods (Table 2).

Table 2 FeatureBoost for relevance feedback learning

4 Log-based long-term learning algorithm for retrieval
target prediction

Traditional content-based image retrieval has a major
drawback: every time the same retrieval task is carried out
(with the same searching target and the same query exam-
ple), and users have to conduct again the former relevance
feedback procedure to find the desired result. It is tedious and
time consuming. Sometimes it would cause retrieval failure
due to the imprecise feedback operation comparing to the
former successful course. Hence, it is a natural inspiration
that the user’s retrieval log should be accumulated during
each query process for further usage. In a long-term learning
precept, the accumulated retrieval logs could be served as an
important resource to enhance CBIR system performance.
Limited researches have been carried out for this purpose
[33,34]. Though certain contributions have been made, there
are still some drawbacks in their methods. He’s strategy [34]
considered only positive examples in the semantic accumula-
tion procedure. And Hoi’s method [33] was time consuming
and lack robustness in the condition that the dimension of
log session is large or the log contains some errors.

Input: Feature basis set: Feature; ... Feature,, n1 positive feedbacks: Pos; ... Pos,1, n2 negative feedbacks: Neg; ...Neg,,

Output: a series of feature sets C| . .. C,, and corresponding classifying accuracy weight Wy ... W,

Begin
For(i = 1 tom)
Begin
Initialize wpy ... wp,; = 1/nl, wny ... wn,y = 1/n2;

Select Feature; with highest discriminative ability to classify training sample set in DRM;

If(there is still misclassified samples or the selected feature set i is larger than a given threshold)

Begin
2

Reweighting wp; = e~ x wp; if Pos; is incorrectly calssified; wp; = e

2

Reweighting wn; = e” x wn; if Neg; is incorrectly calssified; wn; = e

172 wp; if Pos; is correctly classified;

172 % wn; if Neg; is correctly classified;

In the rest of basis feature set, select the unselected feature which maxizes the error-modifying criterion:

Featuregejected = arg max Z (wp; +wnj) (5)

(Where k demotes the kth unselected feature and i and j represent the ith and jth correctly classified sample in DRM by former selected

features, respectively)
Add this feature to this feature set C;;
End

Rank the similarity of these feedback images and the original query image based on this selective feature set C;, record its classifying

accuracy as its weight;
End

Utilize a weighted majority voting for image classification (similar vs. dissimilar), each voting is a DRM procedure in current feature

subspace. The voting result is recorded as the ranking value.
End
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This paper proposes a novel long-term learning strategy
for retrieval target prediction. The users’ feedback string
(retrieval log) in each retrieval course is recorded as a region-
based feature matrix. It is realized as a weighted three dimen-
sional n X m X t matrix, where n is the number of regions;
m is the features used to segment these regions described in
Sect. 2. The two dimensional feature matrix (n x m) repre-
sents users operation at each specific query iteration, where
the weight of region vector n represents the significance of
this region. This vector reveals users’ retrieval semantic con-
cept which is presented in DRM as Wio. This vector is the
central feature vector of both query and positive images in the
feature space. ¢ is the number of users’ feedback iterations,
as shown in Fig. 4.Then each center matrix (n X m) is pro-
jected onto its feature dimension m (Fig. 5). The projections
of all matrixes form a two dimensional retrieval trajectory
matrix (m x t), constructed by the feature vectors and their
time axis (Fig. 6). Then, from Tj to T}, Eq. 6 is conducted to
transform this matrix to a difference matrix for each retrieval

WiH,
W.H,
W N,
WM,

Region Based Query Center Matnx
User Operation 1

Tune

F. F. Fi F, Fu

Fig. 4 Aretrieval sequence is represented as a three-dimensional series

=

Accumulated Region Value

F1 F2 F3 F4  weeeeeeer Fm

Fig. 5 Projection of each query center onto its feature dimension
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Fig. 6 Projection of query trajectory to its feature dimension

sequence:

Fr,

i

= Fr,_, — Fr, ©)

In current retrieval, the current retrieval sequence is
constructed using the same method described above, which is
represented as a partial difference matrix (77 to 7;). The simi-
larities between current retrieval and former retrieval logs are
calculated as the derivations of two difference matrix using
Eq. 7. The most similar log is selected as the prediction of
current retrieval. Its retrieval target is from [ to k (/ is the
length of current retrieval and k is the length of this former
retrieval sequence).

I m
1 Log,
Logselected = arg max 7 Z Z (Fl_?urrent - Fij p)2 )

P i=1 j=1

Then, this result (k —/ images, which is selected as the nearest
image of each prediction in the m-dimensional feature space)
is presented to the user as the prediction result of users’ log
learning.

5 Experimental results and discussion

All our experiments are performed on a 2.5GHz Intel®
Celeron® machine with 512 MB RAM. The algorithms are
implemented using C++ in Microsoft Visual Studio envi-
ronment. A retrieval Demo system: “ImageSeek” is devel-
oped to verify the effectiveness of our DRM framework.
Three critical components of “ImageSeek™ are as follows:
(1) image segmentation and dynamic region matching; (2)
FeatureBoost dynamic region feature selection for relevance
feedback learning; (3) retrieval prediction using accumulated
log learning (Fig. 7).

5.1 Experimental setup

Our experiments are conducted on a subset of Corel image
database, with over 2,000 general-purpose images based on
20 CD-ROMs published by Corel Corporation. Typically,
each Corel CD-ROM consists of 100 images representing one
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Fig. 7 ImageSeek system
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distinct category. In our experiments, eight images of each
category are randomly selected to form a test collection with
160 images. Two commonly used performance evaluating
criterions, Precision and Recall, are adopted. In Egs. 7 and 8,
Nrelated Tepresents the number of related images returned to
users; Nreqm represents the number of images returned to
users; ng is the number of images in each image class (in
Corel image database, there are 100 images in each
category).

. . Nrelated
Precision = ———< (8)
Nreturn
Nrelated
Recall = —— 9)
no

We present the visual features we used as the feature basis
set below, which is used in our global-level candidate image
selection algorithm and FeatureBoost RF learning algorithm.
It should be addressed that these features are different from
the features used for image segmentation. In segmentation,
the computational efficiency is crucial, hence less and effec-
tive features are proper. However, in FeatureBoost, which is
similar to AdaBoost, the features are extracted as a basis fea-
ture set for Boosting feature selection. Hence, we extracted
elaborated color and texture features from the images offline
to form such feature basis set. They can be easily replaced
by more sophisticated versions:

1. Color feature: both accumulated color histogram of 1
component in HSI color space and its color moment
[35] are adopted as color features. The color histogram
is quantized into 64 bins for computational efficiency
consideration. A smoothing operation is applied to this
quantized histogram to filter image noise.

2. Texture feature: the texture co-occurrence matrix is
calculated for texture feature representation, which is
popular for texture representation [36]. And the mean
and variance of energy, contrast, entropy and correlation
of this co-occurrence matrix are extracted as the texture
features.

3. Color texture moment: the H component of image is con-
voluted using eight specified templates, then the mean
and variance of each convoluted image is calculated, con-
structing 16-dimension feature [37].

For computational efficiency consideration, image segmen-
tation of the whole image database is performed offline. Dur-
ing the query procedure, after the segmentation process is
implied on the query image, the DRM region matching pro-
cedure is then performed on both query images and the image
collection (selected from database through the coarse candi-
date image selection). Initially, the weight of each region in
query image is set as the proportion of pixels in the whole
image.

After user finished current retrieval operations, the retri-
eval operation sequence is recorded into the retrieval log. The
sequence queue is of fixed size (300 in our experiment). If
its number is over length, we delete the least frequently used
sequence and add the current sequence into this queue.

5.2 Experimental results and discussions
Our DRM algorithm overcomes the imprecise segmentation
through multiple mapping between regions of two images

(Fig. 8). And the region matching is justified in RF learning
where the ROI is automatically located. A detailed example
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Fig. 8 Multiple region
matching

Table 3 Region significance

updating procedure in Fig. 8 Wil Wi2 w2l w22 W3l w32
Similarity 10.846154  60.415386 56.153847  37.53846 31.046154  17.984615
Matching weight ~ 0.1084615 0.985385 0.5224616 0.3787692  0.3104615 0.2513846
Query region Regionl:Tiger Region2:Grass Region3:Sky
RF 0.854226 0.445559 0.11804

of this multiple mapping based region matching is presented
briefly in Table 3.

To verify the efficiency of our strategy, the traditional sin-
gle region matching (SRM) strategy is applied as the base-
line comparison. In SRM, the distance between two images
is calculated as the sum of differences of every region in
one image and its most similar region in the other image.
Figure 9 shows the comparison between our method with
global-scale feature similarity ranking and single region
matching (SRM), in Top 100 returning images. Five global-
scale feature extraction methods are realized as the basis
performance evaluation criterion for our algorithm: color his-
togram, texture co-occurrence, color-texture moment [37],
HSI moment, and the combination of the later two meth-
ods. Using these feature extraction and similarity ranking

Percentage
o

0.2 —+—1. Color Histogram
==, 051 Moment

—8—2 Texture Co-occurence
= [N

—o— 3. Color-Tecture Moment ___ gpy

0 1 2 3
RF Operation

Fig. 9 Relevance feedback performance comparison

@ Springer

methods, the classical reweighting relevance feedback learn-
ing strategy (FRE) [38] is carried out. As demonstrated in
Fig. 9, our method outperforms SRM during relevance feed-
back procedure by an average precise enhancement over
15%; outperforms global feature set methods by 8-26%
(color histogram based 26%; HSI moment 16%; Texture
co-occurrence 12%; color-texture moment: 8%) after three
RF iterations.

Figure 10 shows the P-R curves of DRM and SRM method
in the case of different number of returning images. It is
obvious that our P-R Curve excellently outperforms SRM by
a precision enhancement over 20% constantly, while recall
enhancement increases from 4% to 20% by the increasing of
returning images. It strongly supports the efficiency of our
DRM strategy.

Percentage
=
(-]

0.2 —+—Recall of DRM —8—FPrecise of DRM
—a—Recall of SEM —%—Recall of SRN
0 n s I n I
0 20 40 60 80 100 120

Top n Images

Fig. 10 P-R curves comparison between DRM and SRM
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Fig. 11 P-R curves of Top 20 using our RF learning
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Fig. 12 P-R curves of Top 40 using our RF learning
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Fig. 13 P-R curves of Top 60 using our RF learning

Figures 11-14 demonstrate the effectiveness of our region
significance updating method and FeatureBoost learning
strategy in DRM. This group of P-R curves, especially the
mono-increasing characteristics of the disparity of DRM over
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Fig. 14 P-R curves of Top 100 using our RF learning

Table 4 Relevance feedback operation reduction using target predic-

tion

Without Prediction Integrate Prediction

Image Category  RF Operation  Image Category  RF Operation
Rose 1.6656 Rose 1.3581
Elephant 2.0359 Elephant 1.4790

Eagle 1.8285 Eagle 1.1802

Car 2.4453 Car 2.1180
Sunset 1.7186 Sunset 1.2414

SRM, illustrates the effectiveness of our RF learning strategy
in automatically ROI concentration and “eigen” feature set
construction.

Table 4 shows the average RF operation reduction using
our long-term learning strategy. The prediction results are
provided in a separated result presentation window; hence,
its prediction failure does not affect our retrieval efficiency. In
our experiments, 16 image pairs are randomly selected from
each of these five image categories to form a (/query, ftarget)
collection. The former image is considered as the query image
while the later as target image. The average RF operations
reduction in Table 4 is under the assumption that we search
the targets Iiager using the query Iquery. The retrieval log
of “ImageSeek” is accumulated from the query operation in
these five image categories (Fig. 15).

6 Conclusion

As main cause of the semantic gap, the imprecise semantic
representation is the dominating drawback of CBIR system

Fig. 15 Query center sequence of a retrieval series. This prediction sequence is presented to users to accelerate retrieval once the same query:

0.jpg is provided to system interface

@ Springer



70

SIViP (2008) 2:59-71

performance. To address this issue, this paper proposes a
dynamic region matching (DRM) framework for region-based
image retrieval. The main contribution of our DRM frame-
work is three fold:

1. The DRM method adopts a probabilistic fuzzy region
matching strategy to overcome the negative influence of
imprecise segmentation.

2. The RF learning in DRM would eliminate the uncon-
cerned regions during the relevance feedback procedure
while preserving ROI. Furthermore, a novel Feature-
Boost algorithm is proposed for supervised “eigen” fea-
ture selection in each retrieval task, which addresses the
over-fitting problem in traditional RF learning.

3. A long-term learning algorithm is proposed for retrieval
target prediction. It elaborately utilizes users’ former
operation to predict the target of current retrieval.

The experimental results are promising, which shows: remark-
able performance enhancement of dynamic region matching

over both global-scale similarity ranking methods and single

region matching similarity ranking method (SRM); remark-

able performance enhancement of FeatureBoost learning

over Rui’s classical relevance feedback learning algorithm;

retrieval acceleration of target prediction algorithm using our

long-term learning strategy.

For future application of our DRM retrieval framework,
two crucial issues should be coped with: On one hand, for effi-
cient semantic representation, the user could determine not
only the feedback results but also the reasons to select these
results. But the more users are engaged into the system mech-
anism, the less intelligent and pellucid this system becomes.
Hence there should be a compromise between user engage-
ment and system’s understandability. On the other hand, the
segmentation and region matching are time-consuming,
which may work well under small image database (e.g. over
10,000 images in the Corel image database), but would meet
great troubles in real-time, Internet-based applications.
Hence the efficiency of the segmentation and region match-
ing should be improved for real-world application.
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