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Abstract—From a perceptual standpoint, the subjectivity
inherent in understanding and interpreting visual content in
multimedia indexing and retrieval motivates the need for online
interactive learning. Since efficiency and speed are important
factors in interactive visual content retrieval, most of the cur-
rent approaches impose restrictive assumptions on similarity
calculation and learning algorithms. Specifically, content-based
image retrieval techniques generally assume that perceptually
similar images are situated close to each other within a con-
nected region of a given space of visual features. This paper
proposes a novel method for interactive image retrieval using
query feedback. Query feedback learns the user query as well
as the correspondence between high-level user concepts and
their low-level machine representation by performing retrievals
according to multiple queries supplied by the user during the
course of a retrieval session. The results presented in this paper
demonstrate that this algorithm provides accurate retrieval results
with acceptable interaction speed compared to existing methods.

Index Terms—Feature combination, fuzzy aggregation opera-
tors, interactive content-based image retrieval, MPEG-7 visual
descriptors, multiple queries, relevance feedback, similarity
calculations.

I. INTRODUCTION

OTH THE consumer and business worlds have witnessed

the recent and rapid growth in the generation, processing,
and sharing of multimedia data. This trend has resulted in the
emergence of numerous multimedia repositories that require ef-
ficient methods for storage, sharing, and organization of large
volumes of multimedia data. In addressing storage, distribu-
tion, and sharing needs of data repositories, data compression,
and network management have become relatively mature fields.
This has resulted in a subsequent shift of research attention from
storage and bandwidth considerations to the management of in-
formation content in multimedia applications [1]. For instance,
content-based image retrieval (CBIR) systems have received
much interest as a tool for locating relevant information within
image repositories. These systems rely on low-level represen-
tations of images in terms of their visual content such as color,
shape, and texture in order to compare images. In devising a
standard scheme for these low-level features, the MPEG-7 com-
mittee has finalized a set of tools for the description of multi-
media content [2]. The primary goal of this standard is to pro-
vide the means for interoperable searching, indexing, filtering,
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and access to multimedia content [3]. This interoperability is
essential in systems that allow retrieval and searching among
distributed repositories such as the Internet.

The low-level representation of images used by the MPEG-7
standard as well as most content-based visual data retrieval sys-
tems leads to several serious shortcomings when comparing and
retrieving images. The difficulty comes from two sources [4]: 1)
the semantic gap between low-level image representations and
higher level concepts by which humans interpret and understand
images and 2) the perceptual subjectivity of the users’ similarity
judgment.

The semantic gap between the low-level representation of im-
ages and the high-level user concepts has many consequences in
CBIR systems. First, the ideal query is unknown to the system if
it cannot be represented in terms of the low-level features. In ad-
dition, specification of a query to the system using an example (a
query specification type supported by most CBIR systems) results
inmany ambiguities in terms of the relevant features as well as im-
portance of each of these features to the user. A second problem s
that the mapping between low-level feature spaces and high-level
user concepts is notknown a priori and needs to be determined for
each query. The overall effect of this gap is that images that may
be similar to a query in terms of the low-level features are deemed
similar by the system even if they do not contain the conceptual
content intended by the user. In the same light, images that con-
tain the same high-level content may not have similar low-level
representations (e.g., concept of flower).

Perceptual subjectivity of similarity judgement comes about
as different users interpret the visual contents and the similarity
between them differently. The main implication of this subjec-
tivity in a CBIR system is that the measure used to calculate
similarity between images must be user and query dependent.

In order to alleviate the problems that come about because of
user subjectivity and the semantic gap, interactive systems have
been proposed that place the user in the loop during retrievals.
Such relevance feedback approaches aim to learn intended high-
level query concepts and adjust for subjectivity in judgement
by exploiting user input on successive iterations. Generally, the
user provides some quality assessment of the retrieval results
to the system by indicating the degree of satisfaction with each
of the retrieved results. The system then uses this feedback to
adjust its query and/or the similarity measure in order to improve
the next set of results.

Since image retrieval is a highly interactive service, ef-
ficiency and speed are of paramount importance. To fulfill
these requirements, most current approaches make several
restrictive assumptions that result in the simplification of
learning algorithms. One such assumption is that images that
are similar to the user according to some high-level concept also
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fall close to each other in the low-level feature space. Under
this assumption, it is possible to determine images that are
similar to each other by employing a distance measure between
the low-level feature representations. This presupposition,
however, is not generally true as high-level semantic concepts
may not be directly mapped to elements in a low-level feature
space. For example, the concept of “flower” is not uniquely
representable using the attributes such as color or shape. A
second presumption is that the ideal conceptual query in the
mind of a user can be represented in the low-level space and
used to determine the region of this space that corresponds
to images relevant to the query. Yet, as the mapping between
low-level features and the conceptual space is unknown, it is
not possible to represent a high-level query as a single point in
the low-level feature space. One way to address this issue is to
represent the user query in pieces corresponding to a number
of similarity regions in the low-level space in order to obtain a
better model of the conceptual intentions of the user.

This work proposes a novel approach for interactive con-
tent-based image retrieval that provides user-centered image re-
trieval by lifting the previously mentioned restrictive assump-
tions imposed on existing CBIR systems, while maintaining ac-
curate retrieval performance. The proposed system exploits user
feedback to generate multiple query images for similarity calcu-
lations. Employing multiple low-level realizations of one con-
ceptual query results in a more accurate description of user in-
tentions. The query-feedback system, thus, aims to resolve am-
biguities that come about during the query-by-example scheme.
The final similarity between a given image and a high-level user
concept is then obtained as a fusion of similarity of these images
to a set of low-level query representations.

This paper is organized as follows. Section II will provide a
brief review of the state of the art in the field of content-based
image retrieval and discuss some of the limitations of the cur-
rent approaches. Section III presents an overview of the pro-
posed system. The details of image representation and similarity
calculations will be discussed in Sections IV and V, and the
query-feedback algorithm will be presented in Section VI. Fi-
nally, some experimental results and their interpretation will be
discussed in Sections VII and VIII and we will conclude the
paper with Section IX.

II. PRIOR WORK

As a subset of multimedia indexing and retrieval systems,
content-based image retrieval (CBIR) systems are considered in
this paper. Numerous interactive CBIR designs have been pro-
posed that implement relevance feedback to improve the accu-
racy of retrievals. In the interest of space, we review represen-
tatives of each approach and refer the reader to two surveys pa-
pers, [5] and [6], on this subject for a more detailed study.

Traditionally, there have been three main approaches to rel-
evance feedback [7], namely, retrieval based on query shifting,
feature re-weighting, and updating the probability distribution
of the database images. Each of these approaches are discussed
briefly in what follows.

A major problem in CBIR is that the ideal low-level repre-
sentation of the user query is not known due to the semantic
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gap previously discussed. Query-shifting systems aim to learn
the ideal query by moving the query toward the region of the
feature space that contains the relevant images paralleling the
approach of text retrieval algorithms. Therefore, in each itera-
tion of relevance feedback, the ideal query vector is determined
from some combination of images that are deemed relevant or
not relevant to the query by the user. In one version of the multi-
media analysis and retreival system (MARS) [8], the ideal query
is a weighted combination of the feature vectors of the relevant
and nonrelevant images. The system proposed in [9] moves the
query so that the relevant k£ nearest neighbors of the query are
in a region with a high probability of finding relevant images.
Methods based on query shifting impose a restrictive assump-
tion that there exists one query image which completely con-
veys the intentions of the user. In other words, it is assumed that
low-level feature space already models high-level concepts.

Feature re-weighting approaches exploit user feedback to
learn the optimal mapping between low-level features and
high-level concepts by adjusting the weights assigned to each
feature or by modifying the similarity measure used. The
system proposed in [10] updates the feature weights based on
the scores assigned by the user to each displayed image. Instead
of simply determining the feature-weights, biased discriminant
analysis is used in [11] to find the optimum feature transform
that minimizes the ratio of positive over negative scatter. Thus,
a new query and a discriminant transform are learned before a
nearest neighbor search is performed such that after the trans-
formation the images of interest to the user will fall near the
query image in the low-level feature space. Other classification
methods including [12] and [13] aim to determine the distribu-
tion of positive images in the feature space using support vector
machines (SVM). This is done by determining the boundary
that separates the relevant and nonrelevant classes.

In contrast to query-shifting methods, the feature
re-weighting techniques assume that similar images are
somehow grouped together in a connected region of the
feature space centered around the query. Thus, query shifting
and feature re-weighting can be considered complementary
approaches in the sense that one assumes the user query is
known and aims to find the best feature space, whereas the
other assumes that the feature space is fixed and aims to find
the query point that best represents user intentions. Several
techniques have been proposed that combine both of these
concepts to improve retrieval accuracy. These include the opti-
mization-based learning algorithms of [14] and [15] that aim to
find the optimum query vector and feature transformation with
respect to some optimality criterion such as the minimization
of the distance of relevant images to the ideal query. A general
problem with optimization methods is that they may get trapped
in a suboptimum solution and never reach the optimum solution
[16]. This situation arises because the optimization techniques
cannot differentiate between local (suboptimum solution)
and global minima (optimum solution). Optimization-based
systems also face the problem of small sample size as the
parameters in these approaches are learned from the feedback
provided by the user using some optimization criteria. Conse-
quently, the performance of the system will be compromised
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if the number of feedback images or training samples is small
with respect to the dimensionality of the feature space.

Probability-based approaches compute the probability that
any image is associated with a particular semantic label or cat-
egory. The PicHunter system [17] considers this label to be
the target image and aims to calculate the probability that each
image is the target using Bayes rule given the history of user ac-
tions and a user model. This approach employs a sigmoidal user
model that predicts the similarity judgment of the user at each
iteration of relevance feedback. A simpler approach is proposed
by MUSE [18] whereby database images are semiautomatically
clustered into groups such that images within each group exhibit
a high degree of similarity to each other. The total probability
law is then used to calculate the probability that each particular
cluster is the target. Other systems, such as [19] and [20], aim
to estimate the posterior probability that a given image belongs
to the relevant class. Probability-based approaches suffer from
restrictive assumptions regarding the density functions and in-
dependence of features. Furthermore, their performance is de-
pendent on the accuracy of the models and parameter estimates.

All the aforementioned approaches based on query shifting,
feature re-weighting, and probability updating assume that sim-
ilar images belong to the same class or that they are grouped
together in some feature space. This assumption, however, does
not generally hold due to the fact that a direct mapping between
the low-level features and the high-level user concepts may not
exist. As a result, the high-level concepts will have to be repre-
sented using a combination of various regions of the low-level
feature space. Recently, systems have been developed to relax
this assumption by allowing images that are similar to the query
to belong to multiple classes or clusters in the feature space. A
common approach is to use a Gaussian mixture density to model
the likelihood of a particular image belonging to the class of
similar images [21]-[24]. These approaches, however, involve
parameter estimation for the probability density models. When
offline training is not used for parameter estimation, the assump-
tion of independent and identically distributed (iid) feature vec-
tors as well as that of Gaussianity of the probability density
model, are made to simplify the process. Furthermore, for an
accurate estimation, a population of labeled images greater than
the dimension of the feature space is needed to act as training
examples. Yet, during relevance feedback only a few positive
and negative examples are provided by the user.

In [25], the importance of each feature is taken into consid-
eration by using modified Gaussian basis function to model the
distribution of the relevant class. Furthermore, a method based
on a novel neural network is proposed to minimize the user par-
ticipation in the retrieval process. The Falcon system [26] pro-
poses a combination of the above-mentioned approaches that
does not require the use of probability density functions. In this
system, the distance between a given image and the query is cal-
culated as the aggregation of distances among this image and
the positive examples provided by the user. The complexity of
this algorithm, however, is rather high since the pairwise sim-
ilarity among each candidate image and all the positive exam-
ples needs to be calculated. Furthermore, many positive images
may carry the same information and, therefore, most of the extra
complexity may be redundant.

Low-level | Similarity Result Set
| Realization 1 Calculation 1
High-level : : : Merge
Concept - - - Results
| Low-level . Similarity Result Set
Realization N || | Calculatio

n N
Final Results

User

Fig. 1. Conceptual functionality of the query-feedback algorithm.

The query-feedback method proposed in this work allows
the similar images to come from various classes. The proposed
system selects a subset of the positive images provided by the
user as different realization of the high-level user query. A novel
aggregation scheme is then proposed to combine the results
from these different low-level representations and obtain the
overall similarity ranking for the database images.

III. OVERVIEW OF METHOD

The semantic gap between the machine representation of im-
ages and the human interpretation of visual content means that
some high-level concepts cannot be modeled directly using low-
level features. In light of this, we propose to consider a high-
level query as a combination of various points (exemplars) or
queries in the low-level feature space.

In order for a retrieval session to be initiated, the user com-
municates his/her query intentions to the system by providing
an example image. The low-level feature representation of this
query image is then compared to the low-level representation
of the images in the database using some distance measure. The
images that fall closest to the query in the low-level feature space
are then returned to the user. The initial example image provided
by the user, however, is simply one of the possibly many realiza-
tions of the concept in the user’s mind. Therefore, the low-level
description of the query used by the system may not capture all
aspects of the high-level query concept intended by the user. The
query-feedback algorithm overcomes this shortcoming by col-
lecting additional low-level realizations of the high-level user
concept during iterations of relevance feedback. After the ini-
tial retrieval, the user provides feedback on the quality of the
retrieved results. More specifically, a retrieved image is marked
as a positive example if it satisfies the user query and as a neg-
ative example otherwise. The system will exploit this feedback
to determine other images that represent the given user concept.
Then, the system retrieves a new set of results by considering
this set of example images or realizations of the user concept.
Fig. 1 illustrates the conceptual functionality of the proposed
system. This method essentially clusters the feature space using
the user-provided positive examples and combines the similarity
results from the various regions to obtain the final results. There-
fore, the ideal set of results is computed as a combination of
results from a set of different queries that partially reflect or
contain the concepts of interest to the user. It must be noted here
that the negative examples and the unlabeled images (neither
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negative nor positive) are also exploited to ensure convergence
of the algorithm as discussed in Section VI.

IV. IMAGE REPRESENTATION

The low-level features selected for image representation are
color and texture, as they both provide important visual cues
for the delineation and recognition of objects [27]. This work
conforms to the MPEG-7 standard color and texture descriptors
[28] as the chief objective of the MPEG-7 standard is to offer in-
teroperability among systems and applications aimed at genera-
tion, management, distribution, and consumption of multimedia
content [29]. This interoperability is essential for interactive ser-
vices over the Internet and various networks to ensure compat-
ibility among the different system components. The MPEG-7
metadata standard also plays an important role in next genera-
tion of multimedia applications geared toward Universal Multi-
media Access (UMA) [30]. Furthermore, this compact metadata
can be swapped without the need for communicating the actual
images.

Three of the MPEG-7 descriptors are used for color: the dom-
inant color descriptor (DCD), the color layout descriptor (CLD),
and color structure descriptor (CSD). The MPEG-7 texture de-
scriptors used are the edge histogram descriptor (EHD) and the
homogeneous texture descriptor (HTD).

A. Color

The DCD represents the image as a set of [NV color vectors ¢;,
together with their percentages p;. This descriptor is selected
since it compactly conveys global information regarding the
dominant colors present in the image. The recommended dis-
tance measure to be used with the DCD is [31]

o~ 1/2
Dpep(Q.1)= th‘f'ZPzJ 222011 2jP1iP2;j
=1 j5=1
(D

where the similarity coefficient aj; between two RGB color
vectors, ¢ and ¢, is calculated as

] = 1-
Kl 0.

In the previous expression, Di; = ||cx — ¢ represents the
Euclidean distance between two colors vectors, and 1Ty = 20,
a =1, and Dy ,x = a1y = 20 are determined experimentally.

The CLD complements the DCD by providing information
about the spatial color distribution within images. In contrast
to the DCD, Y C,C, space and the discrete cosine transform
(DCT) are used in the extraction of the CLD descriptor, making
it resolution-invariant and very compact. Since these color de-
scriptors employ different color spaces and may be represented
in different domains (spatial domain as opposed to frequency
domain of the DCT), the information that cannot be captured in
one space/domain may be captured by another. This descriptor
is extracted in the Y C,C,. space and the DCT coefficients are
used to represent the image. Six coefficients corresponding to

D1
5. Dei<Ty
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Dy > Ty @
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the Y component and three for each of the chromatic compo-
nents are used here, and the matching of images based on the
CLD is performed through the calculation of Dcyp as shown
below [31]

DCLD Q P \/Zwyz qi i)2
+ \/Z wei (Ch
+ \/Z wori(Crgi — Cryi)2. (3)

qi — Cbpi)2

In (3), w; represents the weight associated with coefficient i
and is chosen in a manner paralleling the approach of JPEG
quantization. The weights decrease in zigzag scanning order to
reflect human perceptual characteristics.

Since the number of dominant colors extracted using the
DCD is not the same for all images, some existing methods are
not able to use the DCD, as explained in Section VII. Therefore,
a third color descriptor, the MPEG-7 CSD, is used to carry
out parts of the experiments. The CSD provides information
regarding color distribution as well as localized spatial color
structure in an image. The image is represented by a modified
color histogram that incorporates the spatial distribution of
each color into the description. The distance between two CSD
histograms for images () and [ is calculated using the L; norm
as follows:

127

> |(Hgi— Hi)l “4)

=0

Desp(Q, 1) =

where Hg ; represents the sth bin of the color structure his-
togram for image () and a 128-bin histogram has been.

B. Texture

The rationale behind the use of the EHD and the HTD is sim-
ilar to the argument of complementarity made for the color de-
scriptors. The two texture descriptors chosen complement each
other, since the EHD performs best on large, nonhomogenous
areas (such as complicated natural scenery) while the HTD op-
erates on homogeneous texture regions (e.g., portraits).

The EHD captures the edge distribution within an image. It
extracts edge information from 16 subimages and categorizes
each subimage into five edge classes: horizontal, vertical, 45°,
135°, and nondirectional [2]. The similarity between two his-
tograms is determined by calculating the L; norm of the 80-di-
mensional feature vectors Hg and Hy [31]

79

= |(Hqi— Hi,)l. ®)

1=0

Dgup(Q, 1)

The HTD represents the mean and energy deviation of 30 fre-
quency channels modeled using Gabor functions [31]. Since this
descriptor is represented in the frequency domain, it captures in-
formation that complements the EHD.
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In a manner similar to histogram intersection, the distance
Durp between two vectors Ty and 17 is calculated as follows:

(I, — Tr,)

Durp(Q,I) = Z (k)

k

(6)

where the parameter «(k) = 1 was determined experimentally.

V. SIMILARITY MEASURE

The Unified Framework for Similarity Calculation (UFSC)
[32], [33] is used in this work to obtain the similarity between
two images based on multiple features and descriptors. In this
framework, each low-level descriptor distance, Dpcp, DcLp,
Dgpr, and Dyrp [(1)—(6)], is passed through a fuzzy mem-
bership function to obtain a decision about the similarity of two
images for a particular descriptor. The form of the membership
function is highly dependent on the nature of the descriptors and
distance measures. For the purposes of this paper, it was experi-
mentally determined that the Cauchy membership function pro-
vides reasonable performance. The form of this function is

1

pi(I) = W

)

where D;(Q, I) is the distance in descriptor j between images
Q and I, A = Median;(D(Q, I;)) is the median of the distances
of all database images to the query, and p is a parameter deter-
mined experimentally to equal 4.25, —1, —1, 4, and —1 for the
DCD, CLD, CSD, EHD, and HTD, respectively.

The descriptor decisions, upcp, HcLDs MCSD, MEHT, and
ppTp obtained through (7) for each image I, represent the
membership grade of that image to the set of images similar
to the query based on that particular descriptor. The overall
similarity calculation is, therefore, based on decisions obtained
from descriptor distances using the membership functions
rather than actual feature distances. Since each descriptor or
feature similarity comes from its own space and represents a
different concept, the raw distances cannot be directly com-
bined. To illustrate this, consider the distance in the dominant
colors reflecting the distance between RGB values whereas
the color layout difference refers to Y C,C,. DCT coefficients.
In such a case, it is not meaningful to directly combine these
completely different concepts. In contrast, the UFSC algorithm
first maps all of these distances to a decision space by using
a membership function and then combining the decisions.
As a result, aggregation is performed in a decision space
where all the values represent the same concept: a decision on
the similarity between two images. Fig. 2 shows the overall
structure of the UFSC framework.

Similarity calculation between two images is performed as a
combination of the feature descriptor decisions using a compen-
sative operator as follows:

s, (Ii) = [pep © perp © pesp] © [penT © paTp)- (8)

FINAL SIMILARITY
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Fig. 2. Similarity calculations are based on aggregation of decisions in the
unified framework for similarity calculations.

The aggregation operator ® is defined as follows:
10, . .. S Zn)

©)
where the z;’s are the elements being aggregated and v € [0, 1].
Equation (9) represents a family of logical operators ranging be-
tween the logical AND and the logical OR. More specifically, the
logical behavior of this aggregator can be adjusted based on the
compensation parameter «: for v = 0, a conjunctive operator
(AND) is obtained, for v = 1, a disjunction (OR), and for all other
values of this parameter, the operator is a compromise between
these two logical extremes. This compensative operator offers
many advantages in modeling the structure of conceptual user
queries. Based on user needs, the final similarity between two
images can be obtained as a conjunction, disjunction, or com-
promise between the individual descriptor similarities. More de-
tails on the rationale behind the choice of this operator, its de-
sirable properties for similarity measurement between images,
and adjustment of the parameter  are discussed in [32].

In the UFSC framework, the final similarity scores are repre-
sented using a fuzzy set which indicates the grade of member-
ship of each image to the query’s similarity set. The similarity
set of a query image (), denoted as S, is a conceptual fuzzy set
that contains images similar to this query. Using this definition,
the similarity set becomes

Sq = {usq(I)/ 11, isq (IN)/In }

where N is the number of images in the database, I; is the ¢th
database image, and j15,, (I;) is the decision made on similarity
of images () and I; using (8). The higher the grade of member-
ship of a database image I; to this set, the more similar it is to
the query. Further details on interpretation of the similarity set
can be found in [32].

, Gy, =y max(z1,...,%,)+(1—y)min(zq, ..

(10)
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RETRIEVAL PREVIOUS
RESULTS ITERATION
(PREV. QUERY)
MERGE RESULTS |
(AGGREGATION)
RETRIEVAL
RESULTS
(NEW QUERY)
POSITIVE
EXAMPLE
1
[ ]
. NEW QUERY
SELECTION
[ ]
POSITIVE
EXAMPLE
USER N

Fig. 3. Overall structure of query-feedback system.

VI. QUERY FEEDBACK

In calculating the similarity scores using (8), it was assumed
that there exists exactly one ideal low-level representation of the
query. Similarity measurements were then performed by com-
paring each image to this ideal image. Unfortunately, such a pre-
supposition is not justified because of the subjective interpreta-
tion of images. The example image provided upon initiation of
the query is believed to contain the concepts of interest as per-
ceived by the user. This example image, however, is simply a
starting point and may not be a complete representation of the
user needs. For example, the user may be interested in retrieving
all images containing cars. To this end, he provides a picture of
a yellow Ferrari as the example. This, however, does not mean
that other makes and colors of cars will not be acceptable to
this user. It is, therefore, possible for a high-level concept to
have different low-level manifestations. Considering this fact,
the query-feedback algorithm performs the retrieval based on
multiple low-level queries. The objective of relevance feedback
is, therefore, to exploit user feedback to locate various partitions
of the decision space that correspond to intended high-level con-
cepts. The conceptual functionality of the query-feedback algo-
rithm is depicted in Fig. 3.

A. Query-Feedback Algorithm

Since the query image provided by the user may not com-
pletely convey the intentions of the user to the system, the query-
feedback algorithm aims to improve the retrieval results by per-
forming the retrieval based on several query images. To this
end, a subset of images marked as positive examples by the user
during relevance feedback will be selected to serve as new query
images. The subsequent retrieval is then performed based on a
set of images rather than on a single one. The query-feedback
algorithm presented in this section is summarized in Fig. 4.

The new query images should be chosen in a systematic way
to maximize the amount of information the system gains. For ex-
ample, it is likely that the top two images are close to each other
in the low-level feature space. Adding the second image to the
set of examples, therefore, will not bring much new knowledge
to the system because of the redundancy that exists between the
low-level representations. In addition to the positive examples,
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Input:
O0<ao,B<1,
set of positive examples P and set of negative examples V.
Output:
A set of rankings for the images in the database.
Query feedback algorithm:
Step 1. Modify the previous similarity set based on positive and negative examples.
from the user:
VI € P, psrg, (Ii) = psq, (1),
VI € N psg, (1) =0,
VI § PV N, psig, (Ii) = apsg, (L),
Step 1. Choose the new query, Iney,, from the positive examples provided by the user
(using Query Selection algorithm).
Step 2. Perform the rankings based on the new query to obtain Sy
Step 3. Calculate final ranks:
50141 = Min(Spew, S'Q, ) max(Snew, S’Q,)(l‘ﬂ].

Fig. 4. Outline of the query-feedback algorithm.

the negative and unlabeled images may be used for determina-
tion of the new query points as well.

A number of ways to choose the set of new queries from the
positive examples provided by the user exist. The most intuitive
approach to pick the next query image is to select the one posi-
tive image that maximizes a given distance function to the query.
This ensures that the clusters of similarity are as far as possible
in the decision space and, thus, provide complementary infor-
mation. In its simplest form, this method translates to choosing
the positive image ranked last during similarity measurement to
the query. The distance measure in this case will be the L; norm
between the query and the final similarity decisions in Sg ob-
tained through (8). To be precise

Qnew = arg HlIaX |1 — HSq, . (Il)| (11)
There is, however, no indication that this distance is a mean-
ingful measure in the decision space. Thus, a novel set distance
measure is introduced here for choosing the next query image
to be considered.

As previously mentioned, the query-feedback algorithm per-
forms the retrievals based on a set of query images rather than
just one. This is achieved by selecting a subset of the positive
examples provided by the user as the new query images. For
simplicity, we only add one extra query image during each it-
eration of relevance feedback as opposed to using multiple im-
ages. Clearly, there is a direct relationship between the number
of exemplars chosen and the computational complexity of the al-
gorithm. Furthermore, it is not clear that increasing the number
of exemplars will improve the performance of the system. This
is due to the fact that the user only marks the positive examples
among the set of images that are presented to him/her during
each retrieval. This set generally contains a small set of im-
ages that are deemed to be similar to the query in terms of their
low-level feature representation. As a result, the set of positive
images chosen by the user are not very far away from each other
during the initial iterations of the feedback algorithm. In light of
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this, a small number of exemplars should be sufficient to char-
acterize the set of positive examples. The effect of the number
of new queries on the accuracy of the results is further investi-
gated in Section VII. In addition, the set distance algorithm used
to choose the most informative representative will be discussed
in Section VI-B.

Once the new query I, is chosen by the query-feedback
algorithm, the similarity set Sy containing the rankings of
the database images is generated using (8). The next step is to
merge these results with the results based on the previous query
image at iteration ¢ of the algorithm Sg, . In order to guarantee
the convergence of the query-feedback algorithm, modifications
are made to the previous set of rankings that generate a new set
&', before merging of the two sets is performed. Specifically,
the ranks of the images that are unlabeled or not visited by the
user are first multiplied by a forgetting factor « € (0,1). The
rank of an unlabeled image thus decreases every time the user
does not mark it as a positive image. Thus, if an image is not la-
beled in many consecutive iterations, its rank will approach zero
and it will be treated a negative example. The forgetting factor v
determines the strictness in outlier filtering. The outliers are im-
ages that are conceptually dissimilar to the query but have some
low-level features in common with it. The ranks of the images
that are not deemed relevant (i.e., are not ranked within the top
N relevant images to a query) are multiplied by this forgetting
factor. Thus, at iteration k, the rank of an image that is not sim-
ilar to any of the previous k queries is decreased by a*. This
method has the effect of implicitly filtering the outlier data and
is a result of the assumption that the truly relevant images are
likely to be similar to more than one query (or positive example).
If an image is similar to several positive examples, it has a higher
likelihood of being retrieved during initial iterations since it will
receive a high rank using any of such positive examples as the
query. In Section VII, the effects of this parameter on the accu-
racy of retrievals are further investigated.

The second modification made to the previous similarity set
before merging involves changing the ranks of negative images
to zero. As a direct consequence of the merging scheme used
here, these negative examples will not show up in the top results
in subsequent iterations of the algorithm. Finally, the set of re-
sults from the previous iteration Sy, and the set of results from
the current iteration Syey are merged to generate the new rank-
ings for the images based on user feedback. A compensatory
operator is used to perform the merging, as follows:

18 (12

SQt+1 = HliIl(Sth ? SHOW)ﬂ Ina’X(SIQt ? SHOW)
The operator in (12) has been chosen since it offers several de-
sirable and essential properties. This operator’s logical behavior
ranges between the logical AND and OR depending on the param-
eter 3. For § = 1, a logical AND (or intersection) of the two re-
sult sets is obtained and 3 = 0 results in a logical OR (or union)
of the two resulting sets. For all other values of 3, a compromise
between the AND and OR (or a soft intersection or union) is ob-
tained. This compensation parameter J can be set based on the
distance between new query images generated. For instance, if
the two exemplars are too close, this parameter can be set closer
to 1 to result in an intersection of the two result sets. This is

based on the assumption that the two exemplars should provide
more or less similar results and, therefore, anything outside their
intersection can be considered an outlier or irrelevant. The ef-
fects of the compensation parameter on the retrieval results will
be investigated in Section VIIL.

Another advantage of the operator of (12) is that it provides
a null element that can be used to completely determine the
decision regardless of the other elements. If an image is chosen
as negative even once, it never again shows up in the top results
regardless of its similarity to any of the exemplars.

An important consideration in designing relevance-feedback
algorithms is their convergence. This ensures that there is an im-
provement in the retrieval results from one iteration to another.
In light of this, a theorem on the convergence of the query-feed-
back algorithm is presented next. The proof can be found in [32].

Theorem I: Let P, U, and N denote the set of images
marked by the user as positive, undecided, and negative,
respectively, during the tth iteration of the algorithm. Then,
Ja, B, i such that ps,, | (VI; € P) > lsq, ., (VI; e U) >
HSq, . (VL; S ./\/)

Theorem 1 states that there exists a value of the system param-
eters such that images labeled by the user as positive will always
receive a higher ranking than the unlabeled and negative images.
This property ensures that these images will not be presented to
the user before the positive labeled images. Furthermore, this
theorem shows that by properly choosing «, the number of pos-
itive images can never decrease in successive iterations of the
relevance-feedback algorithm. Thus, the accuracy of the results
never decreases during successive iterations, meaning that the
query feedback can never degrade the quality of the results.

The next section discusses the choice of new query images
during relevance feedback.

B. Query-Point Selection

Clearly, many choices for the query-selection algorithm exist
ranging from heuristic methods such as choosing the last pos-
itive image to more involved methods. This section proposes a
theoretical method for selecting the new query image based on
set distances. Other heuristic methods will be discussed in the
experiments section.

In order to minimize the probably of overlap between two
clusters, it is important to ensure that the chosen cluster seeds
are the farthest possible from each other. It is not theoretically
clear, however, whether this heuristic method is sound for mea-
suring distances in a low-level decision space. Therefore, a new
measure is introduced for quantifying the amount of overlap be-
tween the information conveyed by each the cluster center.

In the proposed scheme, each image in the database I, will be
associated with a fuzzy subset Sy, by utilizing (8) and consid-
ering the low-level representation of image I, to be the low-level
query image. This fuzzy subset represents the grade of similarity
of each of the images in the database to image I,,. These fuzzy
subsets are then used to measure the degree of redundancy be-
tween the information carried by two images, I, and I,.. If S 1,
and S are close, the database images will have similar rank-
ings using either I, or I,. as the query. Therefore, the two images
more or less convey the same information. On the other hand,
if Sy, and S, are dissimilar, it can be concluded that the two
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Input:
Set of positive images P = {I1, I,...,In}.
Output:
New query image.
Set-Distance Algorithm:
Step 1. Calculate membership of database images to similarity set of images in /,
Sty Siy-
Step 2. Calculate set overlaps OVy,, OVyp,, ..., OV, and the query set:
(Equation 13).

Step 3. Iney = argmin; OVy,.

Fig. 5. Outline of the set-distance algorithm.

images carry different information and as a result, new informa-
tion may be obtained by combining the two. Various distance
measures can be used to find the difference between two fuzzy
sets. For simplicity, the absolute distance is employed here. The
amount of overlap between two images, OV, is, therefore, de-
fined as follows:

OV(I,,I,) = S1, — 51,

N
= Z lus,, (L) — ps,, (L:)]- (13)
i=1
A summary of the query-point selection algorithm is shown
in Fig. 5.

VII. EXPERIMENTS

Various experiments were conducted to evaluate the retrieval
performance of the proposed relevance-feedback algorithm with
respect to accuracy and convergence speed. Furthermore, the
effects of system parameters on the results are examined.

A. Dataset

These experiments were carried out on a database of 2850
general images containing a wide variety of subjects such as
flowers, sunsets, ancient ruins, people, and animals. This type
of database is chosen because large variations exist between
the low-level representation of images in the same semantic
class. For example, images of natural scenery may have varying
color composition or texture depending on the type of image.
Our experiments show that despite this semantic gap, the pro-
posed algorithm performs well in learning the mapping between
the low-level features and high-level user concepts. Further-
more, this general database is selected to reflect the wide range
of CBIR user needs in a distributed network. In these types
of environments, the retrieval may be performed using various
databases containing different high-level concepts and, hence,
the retrieval and relevance-feedback engines should be able to
handle such repository generality.

It must be emphasized here that since this work does not
focus on optimization of search speed, the distribution of im-
ages within the test database is the important factor to consider
rather than the the database size. For example, consider a case
where the distribution of feature descriptors is similar for a given
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TABLE 1
OVERALL IMPROVEMENT IN RECALL AFTER TEN ITERATIONS OF
RELEVANCE FEEDBACK

Method Improvement in Recall
Query Feedback 26%

Integrated Probability Function | 3%

Bayesian estimation 6%

Falcon 3%

class (in-class) and very distinct from the remaining classes (be-
tween-class). Since a one-to-one mapping exists between the
low-level representation and high-level concepts, the retrieval
is greatly simplified regardless of the size of the database. The
test database used in this paper has been manually selected such
that different degrees of in-class and between-class descriptor
variations are exhibited for the various semantic topics.

B. Performance Measures

The performance of the proposed algorithm in terms of accu-
racy is evaluated using the Recall measure [34]

Nrelevant (Z)
N total
where Nyclevant(4) Tepresents the number of retrieved images
relevant to the user query after ¢ retrievals and Vo4 is the total
number relevant images to the query as determined a priori by
a human subject (ground truth). The Recall measure is an in-
dication of the percentage of the ground truth retrieved at each

iteration of the algorithm.
The Recall measure was averaged over 20 different classes to
obtain Recall

Recall(i) = (14)

20
Recall(i) = ZRecallj(i). (15)
j=1

In order to compare the speed of convergence for the various

methods examined, the Recall Rate of Change (RRC) measure

was used. This measure is defined as the derivative of Recall:

dRecall
di

The RRC is a measure of the rate of change in Recall at each

iteration of the algorithm. It is essentially an indication of the

speed of convergence to the final recall value.

RRC = (16)

C. Comparison to Other Methods

Performance of the proposed system is compared to represen-
tatives of some of the existing methods in the literature, namely,
the integrated probability function (IPF) [19], Bayesian esti-
mation (BE) [20], and the aggregated dissimilarity measure of
Falcon (AD) [26].

It must be noted that the Euclidean distance approach em-
ployed by each of these three methods requires that the de-
scriptor vectors are of the same length and type. This restric-
tion, therefore, prevents the usage of the MPEG-7 DCD since
the number of dominant colors extracted from various images
may not be the same.

A quantitative performance comparison between query feed-
back, IPF, BE, and AD is provided in Fig. 6. Specifically, a plot
of Recall versus iterations of the relevance-feedback algorithms
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is shown in Fig. 6(a) and the convergence speeds as defined
by the RRC are shown in Fig. 6(b). The overall improvement
achieved inrecall after ten iterations of relevance feedback for all
methods is summarized in Table I. These results show that query
feedback outperforms the other three methods by providing 26%
improvement compared to 3%, 6%, and 3% by IPF, BE, and AD,
respectively. Furthermore, the proposed method achieves the
highest RRC during the initial iterations of the algorithm, indi-
cating that most of the improvement is achieved in these stages.
This is an advantageous characteristic as users generally desire to
achieve accurate results with only a small number of iterations.

D. Effect of System Parameters

Fig. 7(a) shows the Recall plots for various values of « versus
the number of iterations of the relevance-feedback algorithm. It
can be seen that values of this parameter close to unity cause
instability in the algorithm in terms of convergence. This in-
stability manifests itself as a sudden drop in RRC shown in

I )
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=& ALFHA=0.9
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003

0.02

5
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(b) Effect of o on convergence rate.

Fig. 7(b). As discussed previously, this forgetting factor causes
the filtering of outliers. The higher this value, the less strict the
filtering process, thus, for a values close to unity the outliers
will not be ignored, causing a performance degradation as a re-
sult of the false positives.

The compensation parameter [ is used to merge the results of
the various queries to obtain a final set of rankings. The higher
this value, the more this combination will resemble a union or a
logical OR (more optimism in believing that the similarity set for
each individual query provides us with a true ranking of images
based on the user intentions). Similarly, for smaller values of
the compensation parameter, the merging operation will behave
closer to a logical AND with more pessimism. The choice of this
parameter is dependent on the system, the database, and on the
user needs. The Recall and RRC graphs for various values of 3
are shown in Fig. 8(a) and (b) indicating that a value of 0.5 for
this parameter results in the highest accuracy in terms of Recall
and an acceptable RRC.
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Fig. 9. Recall versus iterations of the relevance-feedback algorithm using
various query-selection methods.

E. Effect of New Query Image

In this section, the query-selection algorithm based on set
distances is compared to possible heuristic methods. Fig. 9
depicts Recall for three different methods using the proposed
method, choosing the last and middle positive examples se-
lected by the user as the new query. It can be seen that although
all methods have similar performance, the proposed method
performs slightly better than the heuristic ones. From these
results, it can be concluded that the complexity of the system
can be greatly reduced by employing the heuristic method
based on choosing the last positive image as the new query.

Fig. 10 shows the retrieval performance using different number
ofnew queries. Specifically,itisobserved thatusingall positive ex-
amples as representations of the high-level query degrades the re-
trieval performance. Since most of the positive images lie close to
the original query in the feature space, employing multiple queries
selected from the positive set may introduce some bias toward the
initial query. This bias causes the system to only consider the re-
gion of the feature space close to the original query and this results
in a performance degradation.
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Fig. 10. Recall versus iterations for different number of query images.

It must be emphasized that the choice of the query-selection
algorithm is a design issue that should take into account the
specific system requirements in terms of the tradeoff between
complexity and accuracy.

VIII. DISCUSSION

A. Effectiveness

The query-feedback method proposed in this paper removes
several of the restrictive assumptions made by existing rele-
vance-feedback techniques and yet achieves high accuracy in
retrieval results. The main advantage of the proposed method
is its flexibility and ability to bridge the gap between the ma-
chine representation of visual content and its semantic meaning
to humans. This ability comes about because the query-feedback
model does not assume a one-to-one mapping between a low-
level feature space and high-level user concepts. Instead, this
method allows retrievals based on multiple low-level represen-
tations. Therefore, after a few iterations of relevance feedback,
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the system identifies regions of the low-level space that corre-
spond to different manifestations of the concepts of interest. The
overall results are then obtained as a union of these low-level
concepts. Furthermore, it must be noted that the query-feedback
algorithm also takes advantage of the negative and unlabeled im-
ages to ensure convergence of the algorithm.

Query feedback incorporates the history of user actions into
its design (as opposed to methods such as Falcon). This is im-
portant to ensure that once an image is marked as nonrelevant to
the query, it will not be shown to the user again. Furthermore, if
an image is chosen as relevant during multiple iterations of the
relevance feedback, its rank increases relative to other images.

B. Generality

In addition to its effectiveness in retrieval and flexibility in
closing the semantic gap, the query-feedback system does not
require any assumptions of user models, probability density
functions, or the nature of the feature space. It must be noted
that the performance of this algorithm can even be further
optimized using methods such the one proposed in Garlic [35].

The design of the query-feedback algorithm is general
enough to accommodate various databases, users, and environ-
ments. The parameters, such as the query-selection algorithm
component, forgetting factor, and compensation parameter, can
be adjusted independently of the actual algorithm in order to
satisfy the specific system requirements.

C. Complexity

Each iteration of the query-feedback algorithm involves the
selection of a new query image, retrieval based on this new
query, and merging of the results. Since the new query image
is simply the positive image with the lowest ranking during the
previous iteration, this operation does not incur any extra com-
putational cost. Since the query-feedback scheme allows for any
descriptor distance measure to be used, the complexity of the
new retrieval is variable and design dependent. The merging op-
eration is performed for all database images and is linear in the
size of the database. It must be noted that the min and max op-
erators are applied to two elements only, namely, previous rank
and current rank. The complexity of the combination operator,
therefore, remains constant.

IX. CONCLUSION

Most content-based image retrieval systems assume that the
high-level user concepts can be modeled as single points in the
low-level feature space. This presumption, however, is an incor-
rect one due to the semantic gap that exists between high-level
user concepts and low-level features. Query feedback, an in-
teractive, user-centered retrieval technique, has been proposed
in this paper to address these shortcomings by performing re-
trievals based on multiple query examples rather than just one.
These query examples are determined during relevance feed-
back to obtain an accurate representation of high-level user con-
cepts as a combination of various low-level features regions.

The query-feedback algorithm uses a subset of images
marked as positive by the user to perform the retrieval. Al-
though the negative and unlabeled are implicitly used to ensure

the convergence of the algorithm, they are not directly used in
similarity calculations. Future work will focus on incorporating
these images into the method. In addition, further work will be
done to consider different weights indicating the relative im-
portance of each positive image during similarity combination.
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