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ABSTRACT

Conventional approaches to image retrieval are based on the
assumption that relevant images are physically near the query
image in some feature space. This is the basis of the cluster
hypothesis. However, semantically related images are often
scattered across several visual clusters. Although traditional
Content-based Image Retrieval (CBIR) technologies may utilize
the information contained in multiple queries (gotten in one step
or through a feedback process), this is only a reformulation of the
original query. As a result these strategies only get the images in
some neighborhood of the original query as the retrieval result.
This severely restricts the system performance. Relevance
feedback techniques are generally used to mitigate this problem.
In this paper, we present a novel approach to relevance feedback
which can return semantically related images in different visual
clusters by merging the result sets of multiple queries. Further
research topics, such as achieving candidate queries’ visual
diversity, are also discussed. We also provide experimental results
to demonstrate the effectiveness of our approach.

Categories and Subject Descriptors

H.2.8 [Database Management]: Database Applications — image
databases; H.3.1 [Information Storage and Retrieval]: Content
Analysis and Indexing; H.3.3 [Information Storage and
Retrieval]: Information Search and Retrieval — search process.

General Terms: Algorithms, Measurement, Performance,
Experimentation.

Keywords: Content-based image retrieval, multi-channel
CBIR, result merging.

1. INTRODUCTION

Content-base image retrieval (CBIR), which was proposed in the
early 1990’s [12], has been one of the most active research areas
in the past decade. A good survey can be found in [15, 20]. Many
visual features, such as color, texture and shape have been
explored to describe the content of the images and many systems
were built. Most existing CBIR systems search images via a
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query-by-example (QBE) [7, 12] interface. In QBE, the system
presents an initial page of representative image thumbnails to the
user. The user then marks one or more images as relevant or
irrelevant to his/her intention. These chosen positive/negative
examples are employed both to generate a query center and to re-
weight the visual space’s axes [8]. This feedback process can be
repeated continuously until the user is satisfied with the retrieval
result, or a predefined threshold is met.

No matter what feedback strategies, what visual features, and what
similarity measurements are used, current CBIR systems
unanimously assume all semantically relevant images are
clustered in some visual feature space. The function of the
feedback process is to move the query center toward positive
examples and away from negative examples and also to enhance
the importance of some visual features or some dimensions of a
specific visual feature. However, images with relevant concepts
might be spread out in the entire visual space and can be scattered
in several visual clusters rather than one. In this case, the
traditional  query-center-based feedback approach cannot
guarantee an improvement of performance when shifting the
query center. Even worse, the query center may get nothing when
the relevant images are widely scatted.

Relevance feedback has long been used to enhance retrieval
performance in text-based IR systems. More recently this notion
has been applied to CBIR systems. A number of techniques are
surveyed in [21]. The general idea is to use images identified by
the user as relevant to modify the current query so that in the next
search iteration the modified query can be used and will be more
effective, that is, retrieve more relevant images. The query is
modified by query point movement [8,19] or by query expansion
[9, 10]. In addition, the distance function might be reweighted [8,
18, 19]. The goal of query point movement is to find the “best”
query and generally assumes a convex region of interest [8, 19]
but more recently non-convex and disjoint regions [9, 10] have
been considered. The notion of disjoint regions is fundamental to
our work and our query formulation is similar to disjunctive
queries [18] at the feature level while still capturing a single
information need at the higher semantic level. Our main
contribution to query expansion is our techniques for introducing
diversity into the feedback images used in subsequent retrievals.

In this paper, we propose a multi-query retrieval strategy (called a
multipoint query in [10]) to solve this problem. Instead of finding
a query center for the selected positive examples, our approach
issues these positive queries individually and then merges their
results later into one synthetic list. This approach can gather a
retrieval result that is scattered in the visual space rather than
purely in the neighborhood of the query center. Our approach to



query reformulation is implicit, that is, we use the feedback
images as queries and merge their results rather than explicitly
modifying the original query in search of a “best” query. In this
way we simultaneously search along several trajectories in the
feature space and merge the outcomes for display to the user.
Chen et al. [22] have taken this approach of using multiple “seed”
queries but they use them to expand the frontier around the “best”
query and are still essentially searching a single region of the
feature space.

How to achieve visual diversity in the candidate queries is an
important research topic for multi-query retrieval. We introduce
our multi-representation [6] and multi-system retrieval [5] to help
increase visual diversity in the retrieval result, thus the system
performance is improved further. These technologies have the
ability to improve individual system performance, but they can
also achieve extra benefits when combined together. A synthetic
retrieval model is proposed and experimental results are also
presented to show the effectiveness of these technologies.

The rest of the paper is organized as follows. The cluster
hypothesis and the traditional CBIR search problem are discussed
in section 2. Our multi-query retrieval is presented in section 3.
Section 3 also deals with achieving visual diversity in the
candidate queries and presents our synthetic retrieval model.
Afterwards, the analysis of our experimental results is shown in
section 4. Finally, we draw conclusions and discuss our future
works in section 5.

2. THE CBIR SEARCHING PROBLEM

The cluster hypothesis[16, p. 45] states that “closely associated
documents tend to be relevant to the same requests.” For CBIR
we substitute “images” for “documents.” This hypothesis is
widely assumed and forms the foundation of similarity-based
retrieval.

Current CBIR technology assumes that semantically related
images are physically clustered in some visual feature space.
Therefore retrieval can be performed by getting the images in the
neighborhood of the given query in the visual feature space. This
clustering phenomenon may hold for many images in image
databases, no matter if they are composed of pictures taken from
natural scenes, images generated by computer graphics, or
paintings drawn by artists. Many images with similar semantics
will more or less resemble each other perhaps because they were
taken in series at similar time and scene, generated in a series by
similar graphic models in computer, or drawn by the same artist in
a period time. Take the COREL database as an example. The
photos of the flowers (Figure 1) are taken in a series at similar
time and place, resulting in quite similar visual features, such as
illumination, color composition, etc.

84032 34031

Figure 1. Semantically related images resemble each other in
visual features.

However, not all images with the same semantics will be close to
each other in the visual space. Semantically related images may be
scattered in the visual space. Still considering the flower pictures
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in COREL database as an example, red flowers and yellow
flowers are quite different in their color histogram (Figure 2).
Therefore there is not a single cluster for the semantics “flower”.
Actually there exist several clusters in the visual space. Figure 3
shows such an example. There are yellow, white, and red flowers
in the image database, and they form at least three clusters
naturally in the visual space. Each cluster contains several images
with similar visual features.

(b) Color histogram of a red flower

Figure 2. Semantically related images can be quite different in
visual features.
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Figure 3. Semantically related images are scattered in several
visual clusters.

Traditional CBIR technologies often assume there only exists one
cluster. They try to find a “best” representative of the user
intention in the visual space and get the images in the
neighborhood of this optimistic query. Unfortunately, this
approach does not work well unless only one cluster exists. From
Figure 3 we can see that no matter how you choose such an
optimistic query and how you reshape the query neighborhood, it
is unrealistic to cover all the three scattered clusters in a tight
region. This results in poor performance of current CBIR
technology. Some traditional CBIR feedback approaches try to
move the query center by linear combination of the positive
feedback images and triy to adjust the neighborhood shape by
relevance feedback. Again, this approach may not be effective if
more than one cluster exists. Figure 4 shows such an example. In
Figure 4 (a), all positive queries happen to be located in one
cluster and adjusting the query center may improve retrieval
effectiveness. This is the theoretical foundation of traditional
relevance feedback technology in CBIR. However, this will not
work when the feedback queries are located in several clusters.
Figure 4 (b) shows that if the feedback queries are located in



several clusters, the query center may not be in any cluster. This
results in the neighborhood of the query center containing nothing
the user wanted.
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(a) When the queries are located in the same cluster, the query
center can help improve performance

Query 1 is in cluster A .
Query 2 is in cluster B

—
Ve \ P = N
@ } 1@
~ - \ N V4
-
@\ The query center doesn’t locate in

any cluster. Its neighborhood

— contains nothing relevant.

’ N
'\ ® ) Query 3 is in cluster C
/

~ -

(b) When the queries are located in different clusters, the query
center can degrade performance

Figure 4. Retrieval by query center of multiple queries may
achieve different effects when the queries are located in one or
more than one cluster.

This CBIR search problem occurs because many CBIR
approaches, no matter what feedback strategies, what visual
features, and what distance formulations are used, all tend to find
a single query center to perform retrieval task. This single query
center does not sufficiently utilize the information contained in
several feedback queries. In order to solve this problem,
approaches using multiple queries have been developed, e.g.
multipoint queries [9,10], or support for disjoint regions
(disjunctive queries) [18]. We propose a novel multi-query
retrieval technique, which can return semantically related images
in different visual clusters by merging the result sets of multiple
queries.

For a given retrieval task, the user may pick different queries,
which are all semantically related to the images the user desires.
These queries will generate different retrieval results by the same
CBIR system. These different result lists (referred to as channels
in this paper) can be thought of as different viewpoints [3]
regarding the retrieval task in user’s mind. The retrieval results in
these two viewpoints have the potential to be merged into a better
synthetic channel.

Merging the channels of multiple queries has two advantages.
First, merging the channels of queries in one cluster, called intra-
cluster merging, can help filter some irrelevant images in the list,
because the likelihood that an irrelevant image is similar to all the
given queries will tend to be very low, although it may be quite
similar to some query. This effect can improve retrieval precision.
Second, merging the channels of queries in different clusters,
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called inter-cluster merging, can help to insert images from
different clusters into the synthetic channel. Therefore images in
different clusters will get the chance to appear in the synthetic list
fairly. This effect can improve retrieval recall. Consequently, both
retrieval precision and recall can be improved if we merge the
channels of multiple queries.

In earlier work we conducted a preliminary investigation of the
effects of query diversification in CBIR systems [4]. The work
reported here extends that work by applying query diversification
to the query process. This idea is analogous to the work in text IR
on combination-of-evidence strategies and dates back to the early
90’s. Two approaches have generally been used to capture an
information need more precisely by a diversity of queries [1, 2].
The first approach combines the queries Q; to Q, before
searching, and then submits the synthetic query to the search
engine to the get the result R (Figure 6(a)). The second approach
issues search Q; through Q,, individually and then merges the
results of each query R; to R, afterwards into a synthetic list R
(Figure 6(b)). Query point movement approaches take the first
strategy, while our approach adopts the second one.

Q
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Q —p| SearchEngine |, p
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(a) Combine queries before search
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Q —™ = R;
Q » | Search Engine » R3 R
Q@ [ R

(b) Combine results after search

Figure 6. Two strategies for multiple query retrieval.

Our previous work [5, 6] has already shown that merging
channels of different representations and different systems can
improve retrieval effectiveness. In this paper we extend the work
to multiple queries. This can greatly improve retrieval
effectiveness. And such improvement will be even greater when
combined with our multi-representation and multi-system retrieval
technologies.

3. ACHIEVING VISUAL DIVERSITY OF
THE CANDIDATE QUERIES

According to the cluster hypothesis, it is easy to see that the more
clusters the queries cover, the higher the potential of performance
improvement. In a QBE user interface, multiple relevant images
are selected by the user as feedback queries after the original
query is performed. However, in a single channel CBIR system
[6], the candidate queries provided by the user interface are
usually in one cluster, because they are quite similar to the
original query in visual space. For example, if the user only
chooses candidate queries from the cluster of red flowers (see



Figure 3), how can the system have the chance to retrieve yellow
and white flowers? Therefore, diversity of visual clusters in the
images provided to the user is required. Our multi-channel
retrieval approaches, such as multi-representation and multi-
system, provide such an opportunity.

3.1 Multi-representation Retrieval
Representations are the processing results of certain
transformations. Unlike extracted features, these representations
will still keep the original media format and can be directly
processed by the retrieval system. For example, a color histogram
of a given image is not a representation as we define it, for it is
not a viewable image anymore and cannot be processed by the
image retrieval system directly. A grayscale image is a
representation of the original color image. Figure 7 shows four
representations for a yellow flower, 84060.jpg, in COREL
database. We use the original color image (C+) together with the
grayscale image (B+) and both the color negative (C-) and the
grayscale negative (B-) to form four different representations in
this paper. These representations form the channels of our
augmented CBIR system.

(C)
Figure 7. Multiple representations of the same image.

Extra information can be acquired through other channels. By
doing so, the system can gain wider bandwidth through different
representations. Our previous work [6] has shown that merging
the retrieval results of multi-representations introduces some
diversity of images in visual space. We claim this characteristic
will help achieving diversity of candidate queries in our multi-
query retrieval.

3.2 Multi-system Retrieval

Different retrieval systems will generate different viewpoints and
retrieve different results for the same retrieval task. On one hand,
two systems may have different opinions on some images of
whether they should be returned to the user. On the other hand,
both of the systems may agree on some images that should be
returned to the user. This partial duplication is extremely valuable
for it shows that merging the retrieval results of multi-systems has
the potential to gain extra benefits. It can help improve retrieval
effectiveness, including precision and recall. Our previous work
[5] has already shown this fact. It also introduces some diversity
of the relevant images in visual space.
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3.3 A Synthetic Retrieval Model

Putting multi-representation, multi-system, and multi-query
technologies together, we get a synthetic' CBIR model (Figure
10). This synthetic retrieval model is composed of different
channels at different levels. Each channel is a viewpoint of the
user intended images. These channels will be merged into one and
provided to the user in an integrated user interface. Relevance
feedback is also employed to let the user pick up relevant images
from the synthetic channel. Weights of different channels can be
adjusted. The integrated retrieval system gains wider bandwidth
through different representations and systems, and improves
performance further by different queries, thus better performance
is achieved than with any individual approach.
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Figure 10. The framework of the Synthetic Retrieval Model.
4. EXPERIMENTAL RESULTS

In this section, we report on experiments that evaluate the effects
of combining multi-representation, multi-system retrieval, and
multi-query retrieval together.

4.1 Test Environment

We selected 34 categories from COREL, each with 100 images, to
form our test set with 3,400 images. The selection principle was
whether the images contained one salient foreground object. The
purpose of this is so that the image set can work well under
segmentation-based image retrieval systems.

We use the COREL category as a ground truth, i.e., we regard all
the images inside the same COREL category to be relevant. Four
image representations are employed in this experiment, which are
color, color negative, grayscale, and grayscale-negative. Two
typical CBIR systems are employed in our evaluation. One is
global-feature-based and the other is region-based. The global-
feature-based system is referred to as the Basic CBIR system in
this paper. It is built similar to MiAlbum system [11] with seven
visual features, including three color features and four texture
features. All these features are compared respectively to get a
similarity and then linearly combined with equal weights. The
region-based system employed in this experiment is SIMPLIcity
[17]. This system performs image segmentation and then uses an
integrated-region-matching (IRM) approach in distance
calculation.

4.2 Simulated Relevance Feedback

In order to mimic proper user behavior, we perform simulated
relevance feedback in our test bed. First, an original query is used

"'We call this a synthetic model because we merge a variety of
channels to synthesize new channels.



to generate an initial retrieval result. Then we simulate the user
interaction by selecting up to k relevant images from the retrieval
result according to the ground truth. These selected relevant
images are issued individually and then their retrieval results are
merged together to generate a synthetic channel. Relevance
feedback is performed according to the following strategies:

¢ Random relevant in all

k relevant images (including the original query image) are
randomly selected from the relevant images. This feedback
strategy has nothing to do with what the system returns for
the original query. It is just like randomly sorting all the
3,400 images in the image set in a list, and then asking the
user to pick & relevant images from it, no matter how many
images he/she finally looked at. Unfortunately, this
optimistic case will never happen in a real application, for
the task of finding relevant images from a random list is
completely impractical. However, this strategy is a good one
to use for performance upper bound analysis, because it will
provide queries that are widely distributed in the visual space
and let us know the potential of how well multi-query
retrieval can do.

¢  Blind feedback

The top k images (including the original query itself), no
matter relevant or irrelevant, in the synthetic channel of the
original query, are used as the feedback queries. If blind
feedback itself can improve system performance, we can
improve system performance without any human
intervention.

e Top relevant in truncated

Top k relevant images (including the original query itself) are
selected from the truncated synthetic channel of the original
query. Obviously, the worst case is there is nothing relevant
except the original query. And the best case is there are more
than k-7 relevant images in addition to the original query.
Consequently, the feedback query number can vary from 1 to
k (including the original query). This strategy is used to
simulate a practical user interface. Only part of the synthetic
channel will be returned to the user, and the user will only
look for relevant images in this much smaller image set. We
assume the user tends to choose the first £ relevant images
from the image list.

. Random relevant in truncated

This strategy is actually a mix of the first and the third
strategies. First we randomly sort the truncated synthetic
channel, and then let the user choose up to & relevant images
from this list. We still assume the user tends to choose the
first k relevant images seen from the image list. Hence top &
relevant images (including the original query itself) will be
chosen from the resorted synthetic channel. Similar to the
third strategy, the feedback query number can vary from 1 to
k, including the original query. Obviously, this is also a
practical user interface. We do not introduce more work for
the user to do than in the previous strategy.

0

4.3 Merging Technology

There are many varieties of merging technologies. In this paper,
we use an intuitive but effective merge strategy called mid-rank
merge [6]. In this merge strategy, all channels will be treated as
having the same importance, i.e., they have same weights. This
strategy is basically a rank sum that is adjusted for ties. Although
we could use a more complex merge strategy, which may improve
the performance further, we want to show that even a simple
merging strategy results in greatly improved retrieval
performance.

Each query is presented to two different systems having 4
representations (channels) each. The resulting 8 channels are
merged to get a synthetic channel for the query. Then these
independent synthetic channels are merged further to generate a
single synthetic channel. This channel is presented to the user as
the retrieval result.

4.4 Evaluation Metrics

All the 3,400 images are issued individually as queries. Average
precision? at 50 (P50) and average precision at 100 (P100) are
used as evaluation metrics. We claim P50 and P100 to be suitable
metrics for image retrieval, for each screen can hold about 50
thumbnails and the user seldom clicks more than twice to turn the
pages to view more images. Moreover, we argue that including
the rank of image in the evaluation is meaningless because the
content of all the images in one page can be viewed at a glance
and does not require a great deal of work to be checked one by
one (this is different from text retrieval). Finally, we do not use
average non-interpolated precision as the evaluation metric
because the merged list will be longer in length, thus resulting in
unfair comparisons.

4.5 Performance Evaluation
The system performance is affected by many factors, such as the
number of feedback queries, feedback iterations, truncation
lengths of the channels, feedback strategies, the composition of
the synthetic channel, etc. In this section, we mainly analyze three
factors’ affect on the system performance:

¢ The number of feedback queries

Six different settings are used for comparison, single query
(just the original query without any feedback), and 4, 8, 12,
16, 20 queries. We expect multi-query retrieval to be better
than single query retrieval. The more queries employed, the
better the performance. Therefore 20 queries should have the
highest performance and a single query should have the
lowest.

e The composition of synthetic channel

Five different settings are used for comparison, including
single system with single representation, single system with
multi-representations, and multi-systems with multi-
representations. The 5 different configurations are: Basic C+,
SIMPLIcity C+, Basic 4 (with 4 representations),
SIMPLIcity 4 (with 4 representations), and all 8 (2 systems
with 4 representations each). We expect multi-representation

% Precision is the ratio of the number of relevant images in the
result list to the number of returned images.



and multi-system retrieval technologies to help to improve
the performance further due to diversity of the queries in
visual space. Therefore, all 8 channels should have the
highest performance and Basic C+ or SIMPLIcity C+ should
have the lowest.

¢ Feedback strategies

Four feedback strategies are used for comparison. We expect
random relevant in all have the highest performance,
because this strategy can introduce more diversity of queries.
We don’t expect blind feedback to improve performance,
because the feedback queries have high possibility of being
in one visual cluster. And we expect random relevant in
truncated to have higher performance than fop relevant in
truncated and lower performance than random relevant in
all. Because it should cover more visual clusters than the fop
relevant in truncated strategy, but fewer visual clusters than
random relevant in all strategy.

As we described before, there are 6 different settings of feedback
query number (1, 4, 8, 12, 16, 20), 5 different settings of synthetic
channel composition (Basic C+, SIMPLIcity C+, Basic 4,
SIMPLIcity 4, all 8), and 4 different settings of feedback
strategies (random relevant in all, blind feedback, top relevant in
truncated, random relevant in truncated). So there are 120
different configurations altogether. In our experiments, we run all
the 3,400 queries under these 120 configurations to get the
average Psy and Po. All merging is performed on the truncated
channels of length 150. And the synthetic channel is also
truncated to be 150. Therefore, the user can only look for relevant
images from the top 150 images in the synthetic channel. This is
based on the assumption that the user seldom looks for images
after three full screens, each with 50 thumbnails. Moreover, only
one time feedback is employed in our current experiment. Due to
space limitations, we only make our analysis based on Pjq, but
from Py we can draw quite similar conclusions. The experimental
results are shown in Figure 11. The horizontal axis shows the
feedback query number, which can be 1, 4 ... and 20. The vertical
axis shows the precision at 100. Different settings of synthetic
channel compositions are shown by 5 curves. And the 4 feedback
strategies are shown in four sub-figures, respectively.

We can draw the following conclusions from Figure 11. Multi-
query retrieval does help to improve system performance. From
Figure 11(a)(b)(c), the system precision will rise with the
increment of horizontal axis. The more queries are employed in
the retrieval, the higher the system performance. We also can see,
the improvement is greater when the query number increased from
1 to 4 than increased from 4 to 8. For instance, in random
relevant in all (Figure 11(a)), the performance of Basic C+
relatively improved 37.7% when merging 4 queries, and improved
10.5% again when merging another 4 queries (thus getting 8
queries). Although merging multiple queries will help improve the
performance, this improvement will become smaller and smaller
as more queries are added, until all clusters are covered.

Blind feedback does not improve performance at all because its
feedback queries are usually located in the same visual cluster.
Figure 11(d) shows the 5 curves all remain flat with the increase
in number of queries. Even worse, some curves indeed drop a
little, this is because the feedback images maybe not semantically
relevant to the user intention.
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Random relevant in all has the highest performance due to its
high coverage to visual clusters. An unusual phenomenon here is
the performance of random relevant truncated is better than the
performance of top relevant in truncated, especially when the
query number is small. This is contrary to a widely accepted
belief. For many years in the CBIR world almost all feedback
strategies tend to pick up the top relevant images from the result
list. But our result shows that this is not necessarily the best
strategy. When we randomly reshuffle the truncated result list and
present it to the user, we might move some bad examples forward
and put some good examples backward. But actually, this strategy
works much better under our multi-query retrieval environment
because it introduces more chances for the user to select positive
examples from different visual clusters. That is, this strategy tends
to create more query diversity in the top & relevant images.

Comparing Figure 11(a), (b), and (c), we can see that the
performance curve increases differently. In Figure 11(a) and (c),
the performance curve increases sharply from a single query to 8
queries, and then increases gradually from 8 queries to 20 queries.
But the curve in Figure 11(b) is quite different. It increases
sharply from single query to 8 queries, and then remains almost
unchanged when more queries added. In the random relevant in
all strategy, when more queries are added, more clusters are
covered, hence the performance is continually increased. But in
the random relevant in truncated strategy, the images provided
for selection is a subset of all images, hence it only covers some
visual clusters. After adding 8 queries, there is almost no chance
of adding more queries to cover more clusters. This is why the
curve almost does not increase after 8 queries added. However, in
the fop relevant in truncated strategy, the situation changes again.
This strategy will return images, which are most visually similar
to the original query. Therefore the selected images have high
possibility to reside in some restricted clusters. Consequently,
under this strategy, adding more queries will no doubt help the
query set to cover more clusters.

Another interesting proof of our cluster hypothesis is the different
behavior between the two CBIR systems, Basic and SIMPLIcity.
We see that SIMPLIcity C+ improves its performance much better
than Basic C+. This is because our basic CBIR system is merely
based on global visual features, and it has a high tendency to have
its retrieval results reside in the same visual cluster. Therefore,
relevant images from the channel of Basic C+ do not help as much
to achieve visual diversity. But in the random relevant in all
strategy, relevant images are selected widely from the whole
image set, this can compensate for this vulnerability.

The synthetic channel helps to improve performance further.
Figure 11(a)(b)(c) shows this phenomenon. As we described
before, multi-representation retrieval does not improve the
performance directly, but introduces some visual diversity. This
can enhance performance improvement under multi-query
retrieval. Take the basic CBIR system as an example, Basic C+
(0.2032) and Basic 4 (0.2056) have quite similar precision when
performing single query retrieval. When performing 8-query
retrieval, both settings increase their performance. The precision
of Basic 4 is improved to 0.2925 and performance of Basic C+ is
improved to 0.2564 under random relevant in truncated feedback
(Figure 11(b)). Although both settings increase their performance,
the synthetic channel no doubt gains more advantage from multi-
query retrieval technology. Another example, the synthetic
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channel of all 8 channels has a precision of 0.2428, which is
higher than a Basic C+ channel, which has a precision of 0.2032.
But when merging multiple queries, this difference has been
increased. Under random relevant in truncated feedback (Figure
11(b)), we can see Basic C+ channel improves its performance to
0.2564, relatively improving 26.2%, while the synthetic channel
of all 8 channel improved its performance to 0.3440, relatively
improving 41.7%. Therefore, multi-representation and multi-
system retrieval cannot only improve the system performance
directly, but also can achieve a latent benefit, which will be
released by the multi-query retrieval technology.

From the analysis above, we conclude that combing multi-
representation,  multi-system, and  multi-query retrieval
technologies together would greatly improve system performance.
Our random relevant in truncated feedback strategy can perform
better than merely picking up the top & relevant images. On the
other hand, although more queries will provide more information
and guarantee a better performance, it also introduces more
computation. It is also unlikely that a user will choose so many
relevant images in the user interface. In our system, it seems that 8
queries is a good compromise between performance and
computational expenses.

When using the random relevant in truncated feedback strategy
(feedback 8 queries), the synthetic 8 channels will achieve a
precision of 0.3440. If using the traditional CBIR technology as a
baseline, Basic CBIR at 0.2032 or SIMPLIcity at 0.2087, our
technology improves the performance relatively about 67.0%.
This is a great improvement of the performance of image retrieval.
On the other hand, we claim our random shuffle will not increase
the workload much for the user. The synthetic channel has an
initial precision at 0.2428 when performing the original single
query. This means that on average there are 24 relevant images
ranked in top 100 returned by the synthetic channel. Even if no
more relevant images appear in the next 50 images, these 24
images already guarantee when we randomly distribute them in
the top 150 images, that on average § relevant images will appear
in the top 50, i.e., the first page. Consequently, in most cases, a
user can find enough relevant images (8 in this paper) already in
the first page of the retrieval results.

5. CONCLUSIONS AND FUTURE WORK

In this paper, we present a novel multi-query retrieval technology
to improve retrieval effectiveness in CBIR. And also introduce
our multi-representation and multi-system retrieval technologies
to improve the visual diversity in the candidate queries, thus the
system performance is improved further. Different feedback
strategies are also compared. Our experimental results show that
the more visual clusters are covered in the candidate queries, the
higher the potential of performance improvement when we merge
these queries together.

Tahaghoghi et al. [14] have demonstrated improved retrieval
performance when using two images but question the usefulness
of using more than two claiming that “further improvements in
using more than two examples may not justify the added
processing required.” [14, p. 138] Our results show that there is
added benefit when more than two queries are used. The apparent
discrepancy is due, we believe, to the fact that our techniques
increase visual diversity and allow us to find related images from
other parts of the visual space.



Achieving the diversity in the candidate queries is an important
research issue of our future work. There is a tradeoff between the
precision of the retrieval result and the visual diversity in the
images presented to the user. If we want to keep a relatively high
precision in the results presented to the user, we’d better show the
top rank images to the user. But this strategy will result in the user
selected images tending to be co-clustered. On the contrary, if we
introduce some randomness in the retrieval result, such as
randomly sorting part of them, we can achieve more visual
diversity, but perhaps with a lower precision in the retrieval result.
Therefore, we should present relevant images in different visual
clusters to the user as earlier as possible. Proper user interface
study and clustering technologies are our further research issues.
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