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Summary

My research addresses the need for an efficient, effective and interactive access
into large-scale image collections. In many cases the data of different modalities
are inter-related, as for example photos and annotations in photo-sharing repos-
itories, pictures and captions in news web-sites or x-ray scans and reports in
medical databases, and I am investigating retrieval approaches that are capable
of exploiting such inter-relationships (ie. multimodal information retrieval).

Most of the image retrieval approaches require an initial query before offering
relevance feedback tools. The problem is that the user retrieval needs are often
difficult to describe in terms of keywords and relevant images may be easily
filtered out. Ferecatu and Geman proposed an innovative query-free approach.
Starting from an heuristic sampling of the collection, this approach does not
require any explicit query. It relies solely on an iterative relevance feedback
mechanism. At each iteration, it displays a small set of images and the user is
asked to show the image that best matches what he is searching for. After a
few iterations, the displayed set starts to include images that satisfy the user.

My main contribution so far is an extension of the state-of-the-art approach
for annotated image collections. This extension integrates indexing information
extracted from both image’s visual content and their associated annotation key-
words. Implemented as a web-application, the approach has been evaluated by
2 groups of 30 users each, and shown to be intuitive, easy to use and efficient.
For a collection of 35000 images, the approach succeeds to retrieve images that
satisfy the user in less than 5 iterations in 60% of the cases. The evaluation
results obtained so far motivate further investigations.

My research will remain focused on exploiting multimodal inter-relationships for
increasing the retrieval capabilities of this query-free approach. A particular goal
will be to adapt the relevance feedback mechanism for large-scale applications
and thus one step closer to commercial applications. The starting point will be
to find ways to shrink the indexing information, which will reduce the storage
capacity as well as the computational effort. Another goal will be to extend
and evaluate the retrieval approach for other types of multimedia (eg. medical
reports, songs, movies), hopefully in collaboration with other researchers.
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Introduction

Modern digital technologies produce large amounts of multimedia data that
includes different modalities like images, audio, video and text. Some of the
largest collections for such data are Flickr, YouTube, FaceBook, Twitter and
of course the whole World Wide Web. Such amount of information creates
enormous possibilities and challenges at the same time. While it is easy to get
everything on-line any time, it is hard to look for anything specific.

Information retrieval needs are evolving beyond the capabilities of the straight-
forward text-based retrieval systems in both public and private domains. There
is a noticeable need for multimedia retrieval systems that are able to provide
efficient access to these large-scale multimedia collections containing millions of
items. In fact, nowadays less than 1% of the World Wide Web data is in textual
form, the rest being of multimedia/streaming nature.

A key characteristic of multimedia collections is that data of different modalities
are inter-related as for example photos and annotations in photo-sharing collec-
tions, songs and lyrics in music collections or movies and soundtracks/transcripts
in video collections. These different modalities can provide complementary in-
dexing information that would contribute to the retrieval capabilities.

My research objective is to use inter-relationships such as the ones mentioned
above and to integrate the information provided by all modalities in an unified
retrieval process. Specifically, my research focuses on image collections, on
combining indexing features extracted from both image’s visual content and
their accompanying textual information. However, the expected research results
can be extrapolated to the other types of multimedia collections.

This report is organized as follows. In section 1, the research topic is defined
and motivated by an overview of relevant state-of-the-art. In section 2, the
preliminary research is presented along with the conducted experiments and the
results obtained so far. In section 3, the research issues that will be addressed
during my PhD are anticipated and linked to an estimated timetable.



1 State-of-the-art

Image retrieval, as a field of multimedia information retrieval, resides at the
intersection of various disciplines such as computer vision, machine learning,
information retrieval, human-computer interaction, database systems and psy-
chology [44]. T am approaching this field from the engineering point of view,
and I am trying to pay attention to aspects from other disciplines as much as
possible.

My research main idea is to exploit the multimodal inter-relations of multimedia
data within relevant feedback mechanisms. Specifically, my research aims to
bring contributions on two main directions. Regarding the multimodal inter-
relations, my research focuses on combining textual-based features with visual
content-based features. Regarding the relevance feedback, my research focuses
on issues related to efficiency, usability and scalability.

1.1 Image collections and indexing information

The value of a collection depends on its accessibility, which in turn depends on
a corresponding relevant indexing. A decade ago, the largest image collections
were the stock photography collections such as Getty Images' and Corbis? con-
taining hundreds of thousand images. Images were annotated carefully with
keywords from a well specified vocabulary by people with a homogeneous and
professional knowledge.

Nowadays, the on-line image collections such as Flickr® or FaceBook* are orders
of magnitude larger. Although many images are annotated, the keywords are
less reliable due to subjective perception and less consistent due to uncontrolled
vocabulary. Moreover, it is almost impossible to annotate manually all images.
In order to build satisfactory retrieval applications, the indexing information
should be acquired/derived automatically.

1.1.1 Textual information

The main source of textual information that is exploited by the existing search
engines (eg. Yahoo!, Google) is the image’s captions or the paragraphs found
in the proximity of the images as they are arranged in multimedia documents
(eg. web-pages with news, articles, reviews) [22]. Photo-sharing repositories
and social networking web-sites support and encourage the users to provide
annotation keywords for their own images and write feedback comments for the
images of other users [6].

Textual-based features have been extensively investigated researched for text re-
trieval systems and, basically, any such features can be imported by the image

Thttp://www.gettyimages.com
2http://www.corbisimages.com
3http://www.flickr.com
4http://www.facebook.com



retrieval systems. After the textual information is cleaned up by parsing, stem-
ming and other techniques, the textual-based feature vectors are constructed
to reflect the presence of the indexing terms [34]. My research work done so
far is using textual features based on LSA (latent semantic analysis) [11]. LSA
takes advantage of the implicit associations between keywords, and it escapes
the unreliability, ambiguity and redundancy of individual keywords.

1.1.2 Contextual information

Modern digital equipment associates automatically images with meta-data such
as date/time, location (ie. Global Positioning System coordinates), and acquisi-
tion technical details (eg. device type and configuration, resolution, luminosity,
exposure settings) [10].

Photo-sharing repositories and social networking web-sites accumulate meta-
data such as the number of accesses/viewings, number of references/links, pop-
ularity rankings or comments of users. These kinds of contextual information
could be exploited in retrieval applications [9].

Another source of information that is currently emerging, at least in the re-
search community, is the implicit tagging from the nonverbal behavior displayed
by users while interacting with multimedia data (eg. facial expressions, vocal
outbursts) [43].

1.1.3 Visual information

However, the textual and contextual information cannot fully characterize the
visual content of the images. Making abstraction of its feasibility, the manual
annotations are subjective and incomplete by nature. For this reason, there have
been proposed the use of image processing techniques to capture automatically
the visual content of images [24]. The IBM QBIC project [17] developed in 1995
is regarded as the pioneer of visual content-based retrieval systems.

The visual content, or appearance, of the images is described mathematically
in vector spaces based on image processing techniques (eg. global color, texture
and shape information, or a combination of these). Contrary to textual informa-
tion, the visual information is abstract and does not allow for intuitive search.
There is no unique explanation for the difficulties encountered in content based
retrieval [37].

e The concept of “semantic gap” has been extensively used in the research
community to express the discrepancy and un-correlation between the
abstract vectorial representations and the actual semantic interpretation
of the visual content. That is why these abstract representations were
called low-level features in the first place.

e The “numerical gap” refers to the incapacity of the low-level features
to characterize sufficiently the visual content of the images in order to
discriminate appropriately between “relevant” and “irrelevant” images.



There are two main paradigms for using the visual content-based features. The
first paradigm is to use them directly in order to define some similarity metric
between images, in the same way as textual-based features are used. The second
paradigm is to use them indirectly, to translate automatically the visual content-
based features into textual information (eg. annotation keywords) as a pre-
processing operation [21]. The main idea is to achieve automatic annotation via
automatic image interpretation [12] or annotation propagation [27]. Automatic
translation is a complex task, involving computer vision problems such as object
recognition, and this research direction make slow progress.

Many visual content-based features have been proposed to characterize globally
the color distribution, texture and edge layout and many are already included
in the MPEG-7 standard [26]. My research work done so far is using visual
features based on SIFT (Scale Invariant Feature Transform) [25]. SIFT feature
vectors are highly distinctive and robust to affine transformations, changes in
illumination and limited changes in 3D viewpoint.

1.1.4 Multimodal information

In the recent years, research confirmed that both visual content-based and
textual-based features have inherent limitations, and the retrieval systems are
better off if they exploit both feature types in a multimodal fashion, in order to
compensate each other for their own limitations (see Smeulders et al. [37]).

The simplest approach is to simply concatenate the visual content-based and
textual-based features or to combine them in other rigid manner in order to
obtain composite features. Since the results have been encouraging [23, 14, 36],
they motivated the research of more advanced combinations such as dynamically
weighted features [47]. This research direction shows potential for progress.

1.2 Image retrieval needs and approaches

There are two extreme image retrieval needs: exploration and exploitation.
The expectations of the users will always be somewhere in between, and always
different. Ideally, the retrieval system should support a seamless transition
between them.

e exploration — The user wants to browse the collection while committing
to a rather vague notion of relevancy that may vary over time.

e exploitation — The user wants to find all the images that share some
specific characteristics.

Most of the image retrieval approaches follow the standard retrieval process. A
search session is initiated by submitting a query to the retrieval system. The
most common type of query is a set of keywords, as in the case of text retrieval.
After it retrieves the first results, some retrieval systems offer relevance feedback
tools that support the user in refining the results in an iterative manner. Some
retrieval systems offer more complex interfaces for tuning algorithm parameters
or profile/preference parameters.



1.2.1 Query-based retrieval process

The classical image retrieval approach was to annotate each image manually
based on a limited vocabulary of keywords (ie. to create manually the textual
information) and, basically, to reduce image retrieval to text retrieval and to
make use of the well-known and well-researched query-by-keywords approach
[5, 41]. As in the case of text retrieval, formulating a query is more suited for
the exploitation stage than for the exploration stage of the retrieval process. For
exploration, the user must rely on his creativity to reformulate queries and to
understand the indexing miscarriages.

The trend in the recent years shows that image retrieval systems must evolve
beyond the capabilities of the straight-forward text-based surrogates [33]. For-
mulating a query might not be anymore the most efficient way of searching for
images. If the annotation keywords are not fully consistent, even the most opti-
mal query may easily exclude relevant images and include non-relevant images.
Moreover, users not familiar with the keywords vocabulary will likely formulate
only sub-optimal queries. All these difficulties add on top of the fact that the
retrieval needs are often difficult to describe in terms of keywords.

In consequence, research proposed alternative approaches that use the visual
content-based features directly in the indexing/retrieving operations. The main
idea consists of specifying the query as a set of feature vectors and, then, search-
ing the collection for the best match. The difficulty is now shifted into specify-
ing such abstract queries, which can be done only indirectly. The most generic
meanings are query-by-visual-examples, in which the user must provide image
examples similar to what he is searching for [38], and query-by-sketching, in
which the user must hand-draw some simple colors, textures or shapes [17].
These unconventional types of queries have their own limitations by assuming
suitable image examples at hand or reasonable drawing skills [2].

1.2.2 Relevance feedback mechanisms

Another way of identifying what the user is looking for is by using relevance
feedback mechanisms. In general, relevance feedback is any information about
the retrieved results, given by users to a retrieval system. Whereas introduced in
text retrieval [18], relevance feedback has attracted more considerable attention
in the content-based image retrieval [8, 48]. Replacing the burden of formulating
explicit complex queries, or having good image examples at hand, by some
similarity judgments is very appealing in this new field.

One could think to make use of many sorts of information from subsequent
retrieval sessions [8]. In my research, relevance feedback refers only to the
information acquired in the current retrieval session by including the user in
the retrieval loop [32]. For this, the session is divided into several consecutive
iterations; at every round the user provides feedback regarding the retrieval
results, indicating relevant images (ie. positive feedback) and sometimes also
non-relevant images (ie. negative feedback). The system use this new informa-
tion in order to refine the results.



While early works in MARS[4] and MindReader[19] developed mechanisms for
rich feedback information (eg. ranking many images, tuning many parameters),
the current consensus is that mechanisms should deal with scarce feedback (eg.
marking a few “relevant” images and no tuning parameters) [7]. Obviously, the
minimalist relevance feedback mechanism would require marking as “relevant”
one single image at each iteration.

As reported in surveys [37, 42], there are many content-based image retrieval
systems in research form but very few have been commercially developed. Scal-
ability is crucial for an image retrieval system to be practical and realistic [46].
Some of the recently proposed pro-scalable approaches are Vimas Image Search
Engine [45], Virage VIR Image Engine [1] and Cortina [31].

1.2.3 Query-free retrieval process

An innovative idea of searching images without any explicit query appeared
in the work of Cox et al. [7]. The backbone of their approach was a relevance
feedback mechanism based on a Bayesian framework. Fang and Geman [13] and
Ferecatu and Geman [15, 16] extended the Bayesian framework and provided
theoretical explanations for the main algorithms. Their work focused on using
a rigid similarity metric based on low-level features extracted from the visual
content of images (ie. global descriptors of color, texture and shape).

Starting from an heuristic sampling of the collection, this approach does not
require any explicit query. It relies solely on an iterative relevance feedback
mechanism. At each iteration, it displays a small set of images and the user is
asked to show the image that best matches what he is searching for. After a
few iterations, the displayed set starts to include images that satisfy the user.
By hiding entirely the indexing features, the user interface is effortless and
self-explanatory. Moreover, this approach is intuitively suitable to support a
seamless transition between the exploration stage and the exploitation stage of
the retrieval process.

1.3 Motivation to further work

The recent evolution of multimedia collections towards including inter-related
modalities motivates the research of retrieval systems that are able to exploit
multiple types of indexing information into a unified framework (ie. multimodal
retrieval) [9, 47]. Yet, most of the existing research rely exclusively on indexing
features extracted from either the image’s visual content or their accompanying
annotation keywords, in an uni-modal fashion.

Moreover, only a few of the existing retrieval systems are powered specifically by
relevance feedback tools. Although research agrees on their potential benefits,
public image search engines provide very limited functionality of this kind [9].
More research is needed for achieving maturity in terms of efficiency, usability
and scalability, which are essential characteristics for a successful system.



2 Preliminary work

My research done so far consists in an extension of an innovative retrieval ap-
proach with the major advantage of being query-free. The original retrieval
approach was proposed by Ferecatu and Geman [15, 16]. Starting from an
heuristic sampling of the collection, this approach does not require any explicit
query. It relies solely on an iterative relevance feedback mechanism. At each
iteration, it displays a small set of images and the user is asked to show the
image that best matches what he is searching for. After a few iterations, the
displayed set starts to include images that satisfy the user.

The original approach uses a rigid similarity metric based on low-level features
extracted from the visual content of images (ie. global descriptors of color, tex-
ture and shape). My main contribution is an extension for integrating indexing
features extracted from both visual content and annotation keywords of images.
I propose an adaptive similarity metric that weights dynamically, at each itera-
tion, between the visual content-based and textual-based features, depending on
what the user is searching for. The effectiveness of this approach is illustrated
by 2 independent user-based evaluations with 30 users each.

2.1 Retrieval process

As it was proposed in [16], the backbone of the retrieval process is based on a
Bayesian framework. Having a collection Q = {1,2,...k,... N} of annotated
images, the objective of the retrieval process is to identify the small subset S C €2
containing all the images that match the retrieval objectives of the user. In the
retrieval process, the probabilities of relevance p(k) = P({k € S}) are estimated
as conditional probabilities depending on the relevance feedback events.

2.1.1 Statistical framework

It is assumed that the user can decide without doubt if an image belongs to S
or not. Thus, for any image k € ) there are two distinct possibilities, k € S or
k ¢ S, and this can be interpreted as a binary event. Naturally, S is unknown
to the system and it is considered to be a random variable.

Relevance feedback is accumulated iteratively as shown in Figure 1. After the
system displays a small set of images D; C Q, || D¢|| = 8, the user must indicate
one single image =} € D, that he consider to be the most similar to S, and this
relevance feedback event is denoted as {Xp, = «} }. Thus, the cumulative event
up to iteration ¢ can be expressed as:

By = Ni—o{Xp, =2} Vt>0 (1)

The conditional probabilities p:y1(k) = P(k € S|B;) are estimated after each
relevance feedback event. Initially, when there is no relevance feedback yet, the
probabilities pg (k) are initialized with 0.5 for all k£ € Q. Subsequently, assuming
that the events { Xp, = z}} are conditionally independent from each other given



Estimate for all k € Q |
T pen(k) = P({k € S}HBY)
|~

Select the display set
— -
Dy cQ, [|Df] =8

B = Ni_o{Xp, = a7}

Figure 1: Relevance feedback loop. At iteration ¢ the system displays D;. The
next iteration ¢ + 1 is triggered by the relevance feedback event {Xp, = z}}.
The system will update p;11(k) for all & € Q and then it will select the new
display set Dy .

the retrieval objectives, and using the Bayes theorem, p;(k) can be expressed
recursively:

pi(k) - B (k)
pe(k) - Pt (k) + (1 = pe(k)) - Py (k)

pr1(k) =

where,

One may observe that the probabilities (3, 4) enclose the user subjective per-
ception of image similarities. My system models these probabilities based on
both visual and textual features of images. I shall return to this issue in §2.2.

2.1.2 Displayed images

Sets of displayed images, namely D; with || D, || = 8, are generated by a clustering
algorithm proposed by Fang and Geman [13]. Basically, the algorithm is growing
clusters and is selecting subsequent image seeds based on the image’s similarity
metric (see §2.2) and their current probabilities of relevance, p;(k) for all k € .

Instead of simply selecting the images with the highest probabilities of relevance,
this algorithm samples the image collection with the purpose of minimizing the
redundancy between the displayed images (ie. in particular, avoiding dupli-
cates), and thus maximizing the efficiency of relevance feedback.

The initial display set Dy is generated by running the clustering algorithm with
the initial probabilities of relevance, po(k) = 0.5 for all k € Q. The algorithm is
still growing clusters but is choosing randomly between equally probable image
seeds.



2.2 Extended similarity metric

For modeling the probabilities (3, 4), namely P;"(k) and P (k), I consider
models of the form:

PtJr(k)_ ¢ ( ?)

" e, 0 (h2) ®)
Py (k) = ) 0

> vep, ¢ (k@)

where ¢* and ¢~ will be designed to capture as much as possible the user
subjective perception of image similarities and his decision-making behavior.

2.2.1 Joint adaptive metric

My approach uses features extracted from both visual content and annotation
keywords of images. The visual-based features are derived using SIFT and
the textual-based features are derived through LSA. My particular choices are
specified in §2.3.2. Then, for every two images k,l € €2, the visual-based dis-
tances dyisual(k,1), and the textual-based distances dic.t(k,l) are obtained as
Euclidean distances between the corresponding feature vectors.

Both distance types are calibrated with two monotonous functions, one for ¢t
and one for ¢~ (see Figure 2). 011 and f2; can be viewed as saturation thresh-
olds, above which the similarity judgments are not reliable and thus the dis-
tances are flatten out. 615 and 695 control the degree of coherence between the
distances and the similarity judgments.

¢t and ¢~ in (5, 6) are defined as a weighted sum of both visual-based and
textual-based distances:

¢ (k) = @ O uar (dvisuar (K, )+
(1= ) - bt (dicar(k, )
¢ (k) = o iy (dvisual (K, )+
(1= @) Grepi(dicar(k, 2))

(7)

(8)

This is motivated by the intuition that the retrieval objectives as well as the
subjective perception of image similarities are sometimes modeled better by
visual features, sometimes by textual features and sometimes by a combination
of both.

Figure 2: Calibration functions. They normalize the distances and also aim to
compensate for the partial match between the distances and the user subjective
perception of image similarities as explained in [15].



2.2.2 Weighting parameter

In the first iterations, both distance types are equally weighted by setting « in
(7, 8) to 0.5. Subsequently, the weighting parameter « is estimated based on a
Maximum Likelihood approach:

. pe(7)
Qi ] =arg max ——————— 9
t+1 aE[O,l] ZzeDt pt(iﬂ) ( )

Immediately after the relevance feedback event {Xp, = «;}, before updating
the probabilities p;y1(k) for all k& € Q, the probabilities p;(z) for the displayed
images x € D; are re-estimated for 11 discrete values of a € {0,0.1,...1}. The
optimal value ajf,; is the o that distinguishes the most z} from all z € Dy,
and in consequence it will make the most out of the relevance feedback event

{Xp, = =7}

2.3 System overview

A considerable amount of effort has been invested in implementing the retrieval
algorithm as a working prototype [40]. This retrieval system prototype is meant
to provide a good development platform for pursuing the forthcoming research.

2.3.1 Software design

The retrieval system is designed as a web-application powered by the Apache®
web-server. Besides the direct advantage of permanent availability for demos
and evaluations, the web-server configuration encourages the adherence to a
realistic system architecture from the first research steps.

The web-application is developed in Python based on the Django® framework.
For optimizing the low-level critical routines, Cython was employed in translat-
ing Python into C++ and then wrapping C/C++ into Python. The application
interface is shown in Figure 3.

At the heart of the system, there is a relational database based on MySQLdb”.
Several tables store the indexing information and other meta-data (eg. location
of the actual data). The pre-processing operations for extracting the image
features and creating the indexing information are implemented to run efficiently
in parallel processes managed by a Sun’s Grid Engine (SGE®).

Besides the retrieval system, there is infra-structure for testing purposes. The
web-application handles user accounts and stores evaluation data. Moreover,
there is implemented functionality for inspecting the stored data and computing
several statistics.

Shttp://www.apache.com
Shttp://www.djangoproject.com
"http:/ /www.mysql.com
8http://gridengine.sunsource.net
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Search images through relevance feedback SEARCH HELP

u The system initializes by itself
without any user input.

Keywords: Search now Size: 34777. On page, from 0. << / >> u Searching Is an iterative
process. At each iteration,
you have to click on the
image that is the most
similar to what you search
for.

= In a few iterations, the system
aims to display images relevant
to what you search for.

SEARCH INFO

Collection size: 34785
Performed iterations: 1
Visual/text weights: (0.5, 0.5)
Timing sys: 0:00:01.739662
Timing usr: 0:00:11.695576

CONFIG INFO
New

Model V: (20.80, 0.06, 20.80, 0.29)
Model T: (2.10, 0.06, 2.10, 0.29)
Weighting V/T: (0.5, 0.5);ADAPTIVE

Reinitialize the system!
USER INFO
Update profile / Change password
No one alike
Logout

No feedback

Figure 3: Web interface of the retrieval system

2.3.2 Set up details

The system was set up for a subset of the COREL image collection (ie. about
35000 photos with annotations). Each image is associated with 5-7 keywords
from a vocabulary of about 5000 keywords [28, 35].

For the visual-based metric, SIFT features [25] were extracted for each image by
detecting points of interest at 4 scales (ie. this resulted in 50-300 features per
image). A subset of 300000 features was chosen randomly and clustered in 500
classes with the K-means algorithm. A reference SIFT vocabulary was formed
by the resulted centroids. Then, a histogram-like feature vector was derived
for each image by computing the membership of its own SIFT features to the
centroids in the SIFT vocabulary.

For the textual-based metric, the Boolean image—keyword matrix was created
by considering a vocabulary of about 5000 keywords, all the keywords that were
used to annotate at least 3 images. Then, LSA was applied as explained in [11]
to obtain vector representations of dimension 500.

For the calibration functions, #1; and 63; were chosen to saturate only after
including, in average, 10% of the images in the collection. #15 and 02 are given
the same optimum values as derived in [15], namely 0.06 and 0.29.

Computational effort required by the approach depends linearly on the collection
size. Currently supporting multiple users, the web-application takes 1 second
per iteration and uses 300KB cache memory per user between iterations.



2.4 User-based evaluation

Evaluation has been conducted with 2 groups of 30 users not familiar with the
system. Evaluation does not rely on any apriori defined ground truth. Instead, it
relies on comparing several configurations. Bimodal-adaptive is using both visual
and textual features as described in §2.2. Unimodal-visual and unimodal-textual
are particular cases obtained by setting « to 1.0 and respectively 0.0. Pure-
sampling is a special configuration in which « is set to 0.5 and the probabilities
pi(k) are fixed to 0.5 and never updated (ie. it uses the similarity metric but
discards the relevance feedback). Thus, pure-sampling provides a fair base-line
for showing the real contribution of the relevance feedback itself.

2.4.1 Evaluation scenario

Each group was assigned with 3 configurations: the first group with bimodal-
adaptive, unimodal-visual and pure-sampling; the second group with bimodal-
adaptive, unimodal-visual and unimodal-tertual. For ensuring sufficient diver-
sity, there were 12 semantic categories described only in words (eg. bird on
water, historical site, city panorama). For ensuring comparable difficulty, they
were chosen to be relevant for 1-1.5% of my collection of 35000 images.

Each user was asked to perform one searching session for each semantic category,
thus 12 sessions in total. The interpretation of the semantic category in the sense
of visual content was left to the user. The users were only told to end the session
when they were satisfied by at least one image.

For avoiding any bias, the searching sessions were presented in a random fashion
and the configurations were randomized as well. The users were not aware of
which configuration was activated at a certain time. In fact, they were not
aware even about the existence of these different configurations. One third of
the users was available to perform 36 searching sessions in total, one for each
configuration and each semantic category.

2.4.2 Results analysis

Evaluation shows that the approach is viable. All configurations using relevance
feedback perform consistently better than pure-sampling (see Figure 4.A), and
this means that the system is intuitive and able to deal with the user subjectivity
in making similarity judgments.

Table 1 tells about the statistical significance of the evaluation. For each couple
of configurations, I counted how many times one performed better than the other
for the same user and the same semantic category, whenever there was available
data. Then, I computed the binomial probabilities. In principle, a difference is
statistical significant if the corresponding probability is smaller than 0.05.

12
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Figure 4: System performance as the cumulative percentage of successful ses-
sions per number of iterations. Plots A-B show the average performance of
the first, respectively the second group, for each of the assigned configurations.
Plots C-D show the average performance of half of the corresponding group, the
hardly-satisfied half.

By adding textual features, bimodal-adaptive and unimodal-textual perform sig-
nificantly better than unimodal-visual (see Figure 4.B). Bimodal-adaptive and
unimodal-textual are not significantly different (see Table 1). Since the seman-
tic categories were specified textually, it is likely that the textual features were
favored. In other contexts, visual features may become prevalent. Further eval-
uations should definitely address this issue.

These total averages flatten out the differences between users. One can divide
the users in two sub-groups based on their performance over all configurations:
easily-satisfied and hardly-satisfied users. Figures 4.C-D show how the hardly-
satisfied users benefit from bimodal-adaptive.

Group A Group A* Group B Group B*
adapt /visual adapt/visual adapt/visual || adapt/visual
(117/207) 0.025 || (61/99) 0.007 || (75/132) 0.048 || (52/84) 0.010
adapt/sample || adapt/sample adapt /text adapt/text
(130/217) 0.002 || (66/108) 0.008 || (72/133)0.149 || (43/77) 0.128
visual/sample || visual/sample text/visual text/visual
(127/210) 0.001 || (62/101) 0.007 || (76/133) 0.041 || (43/73) 0.050

Table 1: Binomial-test for statistical significance. (eg. for group A, bimodal-
adaptive performed better than unimodal-visual in 117 times out of 207, and
the probability of this to happen by chance is 0.025)
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About 60% of the sessions are successfully terminated in less than 5 iterations,
and 80% in less than 10 iterations. The system performance remains very rea-
sonable when thinking of the two most extreme cases. If the collection would be
arranged as a tree with 8 branches at each node, the perfectly-structured search
will need around 2 iterations in average and logg N ~ 5 iterations at maximum.?
If the collection would be totally unstructured, the pure-random search will need
around N/(n- (L 4 1)) ~ 12 iterations in average and N/n — [L/n] > 100 it-
erations at maximum. One can remark that even the pure-sampling search
outperforms by far the pure-random search.

2.4.3 Discussion

Although I did not organize an appraisal questionnaire, I received favorable
informal feedback regarding the user experience. The system is unconventional
but intuitive and it becomes understood in very short time, even in the first
searching session. All users confirmed that the kind of similarity judgments
required by the system seems natural.

Suggestions have been made to improve the user experience. For example,
when users cannot make reliable similarity judgments, they would rather give
negative feedback (ie. none of the images resembles what the user is searching
for) or, at least, give mo feedback and just ask for new images. Also, users
would appreciate the possibility to undo the last relevance feedback iteration.
Such functionalities fit well in the technique, but they were intentionally not
supported in the evaluation scenario.

2.5 Conclusions

My research done so far consists in an extension of an innovative query-free im-
age retrieval approach. Evaluation shows that exploiting the complementarity of
visual content-based and textual-based features can provide better performance.
Moreover, evaluation gives evidence that the approach is intuitive and able to
deal with the user subjectivity in making similarity judgments. By hiding en-
tirely the indexing features, the user interface is effortless and self-explanatory.
The evaluation results give motivation for further investigations.

9N = 35000, L ~ 350, n = 8 are the sizes of the image collection, semantic category
and display set, respectively.
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3 Research Plan

The preliminary research and the results obtained so far give me confidence to
concentrate on the research direction I have chosen. The user-based evaluation
helped me to identify and prioritize the most important research issues for the
medium term. In this section, the research issues that will be addressed during
my PhD are anticipated and linked to an estimated timetable.

3.1 Multimodal indexing information

The current retrieval system is using visual features based on SIFT (Scale In-
variant Feature Transform) [25] and textual features based on LSA (latent se-
mantic analysis) [11]. The visual-based and textual-based similarity distances
are obtained as Euclidean distances between the corresponding feature vectors.
Although there will be no research on new features, there will be an analysis of
how the system could benefit from more advanced state-of-the-art features.

For the visual features, I will consider the generic MPEG-7 descriptors [26].
One reason is that CoPhIR image collection, for which I am planning to set up
the retrieval system (see §3.3), has pre-computed and provides freely 5 global
MPEG-7 descriptors for color and texture, namely the Scalable Color, Color
Structure, Color Layout, Homogeneous Texture and Edge Histogram. Another
reason is that the MPEG-7 standards are largely accepted and used in the
research community. For the textual features, I will consider weighting methods
such as tf-idf (ie. term frequency - inverse document frequency).

The current adaptive similarity metric is based on a Maximum Likelihood ap-
proach that takes in consideration only the last relevance feedback iteration. I
will study and analyze other suitable approaches for combining and weighting
the multimodal features according to the entire relevance feedback history.

3.2 Relevance feedback mechanism

The current retrieval system shows encouraging performance. Starting from an
heuristic sampling of the collection, the system succeeds to identify what the
user is searching for. Still, one can observe that the retrieval performance itself
depends somehow on the collection size along with the reliability of the similar-
ity judgments on the displayed images. Also, the computational effort required
by the current approach increases linearly with the collection size. Therefore,
scalability potential of the retrieval system will be investigated thoroughly con-
sidering both the functional aspect and the computational aspect.

Recalling the discussion about the general user retrieval needs in §1.1, the eval-
uation done so far is covering well the exploration stage, but it is referring only
indirectly to the exploitation stage of the retrieval process. In fact, the current
retrieval system is not well suited for the ezploitation stage. The system per-
formance is degrading when the probabilities of relevance become unbalanced
concentrated in a small part of the collection. The clustering algorithm that
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selects the displayed images is still sampling the entire collection and the rele-
vance feedback is obviously less efficient. This effect is expected to accentuate
for large collections where there are very many relevant images.

As the two stages have different requirements, Ferecatu and Geman in [15, 16]
suggested to invoke other more suitable retrieval approaches in the exploitation
stage. Nevertheless, the relevance feedback mechanism should aim to support
a seamless transition from one stage to another. Of course, this versatility of
the relevance feedback mechanism is desirable in its own from the user interface
point of view. But in my opinion, the scalability potential of the retrieval system
depends closely on it as well. Therefore for the functional aspect, the starting
point will be to find ways to support a seamless transition from the exploration
stage to the exploitation stage of the retrieval process.

For the computational aspect, the starting point will be to find ways to shrink
the indexing information, in order to reduce the storage capacity as well as the
computational effort of the pre-processing operations. A breakthrough will be
to find a suitable hierarchical indexing and updating strategy. This is a crucial
milestone for bringing the relevance feedback mechanism up to another order
of magnitude. Alternative solutions will be considered and analyzed for their
impact on the system performance.

3.3 User-based evaluations

Choosing the most promising alternatives, a new retrieval system will be de-
signed, implemented and set up for a much larger image collection. Most prob-
ably, T will set up the retrieval system for the CoPhIR image collection [3],
containing images crawled from Flickr!©.

CoPhIR collection contains over 100 million high-quality digital images and
each image is associated in average with 5 keywords from a vocabulary of about
4000000 keywords. As reported, this collection is already used by more than 50
research institutions worldwide. The access to this collection is granted freely
for research purposes through the CoPhIR Access Agreement!!.

As soon as the working prototype will be ready, user-based evaluations will be
designed and organized in a similar fashion as the evaluation done so far. This
new system will be used to evaluate the scalability beyond the technical aspects,
on its impact on the user subjective relevance feedback.

3.4 Suitable applications

Alternative user interfaces will be integrated and evaluated, hopefully in col-
laboration with other researchers. The minimalist user interface assumed by
our retrieval system seems appropriate for unconventional human-computer in-
teractions [20]. For example, the eye-gazing trackers or real-time EEG (ie.

Ohttp://www.flickr.com
Hhttp://cophir.isti.cnr.it
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electroencephalography) neurofeedback. One application could help disabled
people to communicate simple needs. Another application could let doctors to
search in medical databases during surgeries.

In addition, the adaptation of the retrieval system for different applications will
be explored. One of the most meaningful applications in the medical domain,
where medical patient databases associates intrinsically images and reports. As
clinical diagnoses benefit from comparing similar cases [29], such a retrieval
system as ours could be highly appreciated.

If time allows, adaptation to other multimedia collections will be addressed as
well. Movie retrieval could be an interesting application, as raw textual infor-
mation can be derived from the speech transcript [39]. This textual information
is of course completely different from the visual content of the underlying im-
ages, and thus the movie retrieval could benefit greatly from the multimodal
approach. Songs with lyrics in music databases constitute a similar case [30].

3.5 Estimated timeline

The following timeline indicates the anticipated monthly progress of the pro-
posed research. Some of the proposed items may be conducted in parallel.

Month 1-6 (6 months)

The scalability potential of the retrieval system will be investigated. The start-
ing point will be to find ways to shrink the indexing information, in order to
reduce the storage capacity as well as the pre-processing computational effort.

Month 3-6 (3 months)

More advanced state-of-the-art features will be considered for both the textual
information and visual content of the images. There will be an analysis of how
the system could benefit from them.

Month 7-12 (6 months)

Choosing the most promising alternatives, a new retrieval system will be de-
signed, implemented and set up for a much larger image collection. This system
will be used to evaluate the scalability beyond the technical aspects, on its
ability to cope with the user subjective relevance feedback.

Month 13-18 (6 months)

Alternative user interfaces will be integrated and evaluated, hopefully in collab-
oration with other researchers. The minimalist user interface assumed by the
system seems appropriate for unconventional human-computer interactions.

Month 19-22 (4 months)

Adaptation of the retrieval system for different applications (eg. medical re-
ports) will be explored. If time allows, adaptation to other multimedia collec-
tions (eg. songs, movies) will be addressed as well.

Month 23-26 (4 months)
The last four months will be devoted to synthesize my work and write my thesis.
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