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Abstract 2 State-of-the-art IR systems

Image Retrieval (IR) is one of the most exciting and fastest/mage retrieval is a very fast growing research area in the last
growing research areas in the field of multimedia technologyfew years. Famous early examples include the QBIC system
We present here a highlight of recent research for IR. Som&om IBM [1] which allows users to retrieve images based on
trends and probable future research directions are presente®lor, texture, layout and by a sketch; the Photobook system
We expose the major problems that we have recognized: thiey MIT Media Lab [2] which is very powerful for retrieving
lack of a good measurement of visual similarity, the little im- images from homogeneous collections; the Virage system by
portance accorded to user interaction and feedback, and thérage company [3] which can be tailored to many applica-
neglect of spatial information. Answering these concerns, wéions; the Chabot system from UC Berkeley [4]. These sys-
describe the solutions implemented by recent IR systems. W&MS provide interactive human-machine interfaces forimage
also present the current image retrieval projects in our labosearching and browsing,

ratory, which are motivated to a large extent by these samé&he most recent version of Photobook includes FourEyes [5].
considerations. This system has a distinguishing feature of benefiting from
user interaction to help segmentation, retrieval and annotation
of an image database. Data is dynamically organized into
groups according to relevance feedback from users. In order
to classify images, instead of using just one model, FourEyes
employs a “society of models”.

Large and distributed collections of SCientiﬁC, artiStiC, andOther IR Systems incorporate automatic image segmentation
commercial data comprising images, text, audio and videgy allow more accurate retrieval. VisualSEEk [6] proposed
abound in our information-based society. To increase humag feature back-projection scheme to extract salient image re-
productivity, however, there must be an effective and precisgions and therefore the system is able to provide joint content-
method for users to search, browse, and interact with thesgysed and spatial search capacity. Cartai. [7] employed
collections and do so in a timely manner. a so called “blobworld” representation which is based on seg-
The fundamental operation of yesterday's databases wasentation using EM algorithms on combined color and tex-
matching determining whether a data element is the sameture features. In another system, NETRA [8], images are seg-
in some predefined sense, as the query. Today, with commented into homogeneous regions using a technique called
plex multimedia data, matching is not expressive enough, antkdge flow” at the time of ingest into the database. Image
database systems will move to systems in which the fundafeatures that represent each of these regions are computed for
mental operation isimilarity assessmentThis reflects the indexing and searching.

preference in image retrieval of general users, who want t§ome recent IR systems exploited wavelet inspired ap-
retrieve a number of similar images and then use them to itproaches. Jacobst al. [9] proposed a fast image query-
eratively refine their queries. Therefore IR systems should bing system which uses spatial information and visual features
designed to be an effective and efficient tool for browsing andepresented by dominant wavelet coefficients. Another sys-
navigating in image databases. tem, WaveGuide [10], uses a joint feature set of texture, color
We first present a brief overview of existing systems and ofind shape which are all based on significant wavelet coeffi-
research work in the field. The presented systems are thosgents. Content descriptors are extracted from a wavelet cod-
which seem to promote the most relevant issues. Then we dég scheme through the successive approximation quantiza-
velop the general motivations and directions of research. Ition (SAQ) stage.

section 4 we briefly expose the work underway in our labora-The above are only a few of the best known approaches, much
tory. work is being carried out on specific areas used by these sys-
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tems, in particular by the computer-vision and pattern recogMost systems use thguery by examplapproach, where the
nition specialists, for developing better segmentation, classidser selects one or several images, and the system returns
fication and interpretation algorithms of the image contentthe ones judged similar. An alternative way of querying the
An example of a more complete bibliography on the state-ofimage database based on content, is by allowing the user to
the-art, can be found in [11], as well as on various dedicatedketchthe desired image’s color/texture layout, thus abstract-
sites on the World Wide Web (WWW). ing himself, the objects searched for [18, 19, 1]. Other more
targeted systems allow the user to specify spatial constraints
) ! ] on the dominant objects. All of these methods suffer some-
3 Image retrieval: directions & trends  what from the drawback that the system relies on the users

) . o ) . abilities and does not adapt to his/her needs.
In this section we try to subjectively identify some of the cur-

rent trends in the research for image retrieval systems. Table 1: Overview of commonly used features in IR.
A common ground in most of current IR systems is to exploit
low-level features such as color, textu're and shape, whlchg MShape Segmentation & contour extraction followed by :
be extracted by a machine automatically. While semantic contour matching, moments, template matching
level retrieval would be more desirable for users [12], given Texture directionality, periodicity, randomness, Fourier-

_Color histograms, color co-occurrence histograms

the current state of technology in image understanding, this domain characteristics, random fields
is still very difficult to achieve. This is especially true when [ Others wavelet coefficients, eigenimages, edge-mapg of
one has to deal with a heterogeneous and unpredictable image user made sketch, image context vectors

collection such as from the WWW.

As mentioned before, current research fights to bridge th@nother active research direction is to speed-up the retrieval
gap between low-level, statistical, descriptions and high-leveprocess. As discussed above, since image searching is only
semantic content. Thus methods inspired by artificial intelbased on primitive-features, the results might not meet the
ligence [13], textual retrieval [14, 15], and psychology & user’s expectation at the first result. Therefore IR systems
human-computerinteraction [16, 17], are starting to influencenust supporinteractive queryingi.e. letting users view
the research. Synthetically, image retrieval starts off by thehe results quickly, refine their queries and try again. This
design of a robust, meaningful and flexible feature set to charequires the retrieval process to be fast, even with a large
acterize all plausible images in the collection. Then clevedatabase (typically over 10000 images). In this approach the
manipulation of the features tries to uncover some higheruser must be able to specify in a natural way what he/she
level similarity between the query and the database candivants, and do this using the entire range of available features,
dates. An interactive, iterative, and user-oriented query proeither in conjunction or separately. Other issues become of
cess then improves on the raw results. This is schematicallyapital importance, such as transmission times (even more
shown on Figure 1. Each of the elements presented is studritical in video-applications), security and the distributed na-
ied by groups of specialists, but rarely, the whole system isure of today’s databases.

examined. First attempts in speeding-up the retrieval process were based
on pre-filtering, using high dimensional database structures
Similarty assesment such as R-trees, or on the Principal Component Analysis
— St cation im ([20, 21]). However, those techniques only alleviate the high
Relevance | <— dimensionality of the feature data set but neglect one impor-
! Y ﬁ tant fact: the semantic structure of natural images. More re-
Feature Quay o }_, . cent approaches gear toward this direction. Among those are
processing . . .
7 tree-structure vector quantization [22] and multi-scale search
/ [23, 10]. These techniques organize images or the search pro-
Distributed storage cess into a hierarchical structure. Images are considered in
Figure 1: Typical image retrieval process. multiple resolutions —or semantic levels— where the search

can be applied in the coarse resolution first (see Figure 2).
Early IR systems [1, 2, 3, 4] mainly relied orglobalfeature  High resolution search is selectively guided by results of the
set extracted from images (see Table 1 for typical features)ow level search. Note that this is exactly what happens in
For instance, color features are commonly represented by lljuman eyes when searching for information [24]. Wavelets
global histogram. This provides a very simple and efficientprovide a powerful and efficient mathematical tool to process
representation of images for the retrieval purpose. Howeveimages at multiple scales.
the main drawback with this type of systems is that they hav@here are still several aspects, in our opinion, which have re-
neglected spatial information. More recent systems have adteived little attention from the image retrieval research com-
dressed this problem. Spatial information is either expresseahunity. First of all, is the consistence of similarity measure-
explicitly by the segmented image regions [6, 7, 8] or implic-ment with human perception. The recent work done by San-
itly via dominant wavelet coefficients [9, 10]. tini and Jain [25] establishes some connection with psycho-



Wavelet decomposition Semantic abstraction levels

usage and implicitly solves the problems of polysemy and

coarse*y low-level high-level . . =4
wz cor | [exne] [shape | [spatar] [Wiagd synonymy. This .method.has'glvgn very promising results
deals i +|Oxs [+ S|+ ‘ in text retrieval, information filtering, thesaurus construc-
= -%‘f . tion and other term-document oriented information process-
' llow, d 3 red appl i
By o batiouna ing tasks.

In our case, "terms” or "words” are content descriptors (fea-
tures) which are extracted from images. Currently these fea-
tures are based on color, texture, layout, and meta-data de-
logical studies. More empirical evidences, and a method o§criptors, later on wavelet-based features will be added (see
assessing the agreement between humans and machines, batow). One of the interesting capabilities of LSl is that the
be found in [16]. However, in most of current IR systems, thenature of the features used is irrelevant, thus allowing the in-
similarity measurements are still eithebitrarily definedor  tegration of visual, and non-visual descriptors of the image
obtained from a training procedure usingra-selecteduery  into a unique and user-invisible index. Therefore if textual
set. The similarity measurement is even more complex if oneélescription of the images is available (typical case in existing
wants to combine several models of similarity operating adatabases, CD-collections or WWW), it can be easily inte-
the same time to obtain a global measurement. The weighgrated with other content-based and visual features.
given to different models depends on the particular task arhe first version of the system has been implemented. Its user
hand [25]. This is also applied when the system is used bynterface is written in Java so that image queries can be made
different users. Therefore the kind of systems which can infrom anywhere via WWW. Query construction allows the use
teractively learn from relevance feedback like FourEyes [5]of relevance feedback. Rather than a single example image,
should be emphasized. This might require the extracted featsers can specify a set of relevant images and non-relevant
tures to be flexible enough so that the similarity metric couldmages (e.g. among the result images from the last query).
bedynamicallymodified during the query time. For more details and results of the system, see [15].
The lack of a coherent and complete way of expressing th&he work in progress is concentrated on the study of faster ap-
user’s information needs and query process, still has to bgroximation techniques, like the wavelet-packet optimal ap-
realized by the IR research community. Using feedbackroximation. This method chooses from a vast collection of
from image producers (museums, archives, photographergasis the one that best approximates the input matrix. The
and scientific imagery) and image consumers (private usergriterion ofoptimalitycan be any additive function on the ba-
intranets, news agencies, scientists and scholars), would gis set. Another direction of research is targeted at the study
the community the grasp on what their true goals are. of the interaction between features. Unlike the more tradi-
Another aspect, which has also been raised elsewhere [9], inal approaches, we do not want to have a restricted and
the lack of a common database or benchmark for testing angpecific set of descriptors, rather we prefer to consider the
assessing the performance of IR systems. Apart from the rel&roadest possible “library” of features, from which to choose
vance of retrieved images, other factors should be considerage optimalset. With this goal in mind we are establishing an
as well, such as retrieval time, storage overheads, flexibilityinformation-theory based method for detecting redundancy
etc. Results reported from recent work are various and somemnd importance in the feature sets. In conjunction with the
what subjective. above techniques, we are studying a metric for the distin-
guishing power of a given set of features. This arsenal of
novel techniques allows us to decide — perhaps even at query
4 Research at LCAV time — which descriptors the system should consider and in
parallel to exploit the user’s relevance judgment to guide the
convergence of the similarity metric.

Figure 2: Multi-level representations

The current research at the Laboratory for Audio-Visual
Communications (LCAV) is mainly targeted at a) the devel-
opment of novel methods for similarity metrics and for inte-
gration of incommensurate descriptors, and b) at the desigh.2 |nvariant feature extraction using wavelet
of robust, efficient and effective feature sets. maxima

Automatic feature extraction is an important part of an IR sys-
tem. As mentioned in section 3, most current feature extrac-
The initial work at the LCAV for IR [15] was based on tion techniques suffer from the problem that they do not retain
a method adapted from the text retrieval literature. Thisany spatial information. Some more recent systems exploited
method, called Latent Semantic Indexing (LSI), uses a termwvavelet basis coefficient to cope with this problem [9, 10].
by document occurrence matrix as a representation of the irln addition, wavelet decomposition provides a very good ap-
formation content of the collection. This matrix is then ap-proximation of images and the underlying multi-resolution
proximated by a lower rank truncated Singular Value De-ability allows the retrieval process to be done progressively.
composition (SVD). This approach alleviates noise in termThe main drawback with wavelet bases is their lack of trans-
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lation invariance. This is because the wavelet coefficientsie]
are obtained by sampling uniformly the continuous wavelet
transform via a dyadic scheme [24]. An obvious cue to this
problem is to apply a non-subsampled wavelet transform, ie.[]
skip the down-sampling step. However this creates a highly
redundant representation and we have to deal with a Iarg%]
amount of feature data.
To reduce the representation size, to facilitate the retrieval
process while maintaining translation invariance, an alterna-[g
tive approach is to use an adaptive sampling scheme. This can
be achieved via the wavelet maxima transformation [26, 27],
where the sampling grid is automatically translated when thél0]
signal is translated. Wavelet maxima have been shown to
work well in detecting edges which are likely key features in al11l
query. Moreover this method provides flexibility in choosing
filters and the size of extracted data. By varying the applied*?!
filers, one could control the amount of data to be recorded.
We are currently experimenting with this approach and resultﬁ3]
will be reported soon.
(14]

5 Conclusion

: . . . [15]
This paper presented a brief review of recent methods for im-
age retrieval. The mentioned systems were categorized and
we highlighted their ability to express and exploit spatial in-[16]
formation either via automatic image segmentation or wavelet
decomposition. Further emphasis was made upon the novel
techniques of speeding-up retrieval processes using hierarchi-]
cal searches, and wavelet approaches. We also tried to stress
the major advantages and shortcomings of the existing re-
search, both in particular cases and globally. We express
the concern for tighter collaboration between the three par[-19]
ties involved in image retrieval applications: image produc-
ers, image consumers and system designers. We have insisi?
on the open questions in the domain, like good measurements
of visual similarity, robust features, the importance of the usef,,;
in the query process, and the gap between image understand-
ing and image retrieval.
We have also briefly presented our current research, under
the aspects which seemed to us as the most important in th]
problematic context exposed above.
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