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ABSTRACT

In this paper we study the Image Examination and Retrieval Problem (IERP). Consider the
scenario in which a user wants to browse through a database of images so as to retrieve a particular
image which he is interested in. Rather than specifying the target image textually, we instead permit
the user to access his image by using his subjective discrimination of how it resembles other
images that are presented to him by the system. The IERP is not merely viewed as one involving
recognition or classification, but instead as one that falls in the domain of classifying and
partitioning the set of images in terms of their "visual" resemblances. In the process, we intend to
not merely find images that match other images, but, in fact, to group all similar images together so
that subsequent searches will be enhanced. The intelligent partitioning of the image database is
done adaptively on the basis of the statistical properties of the user's query patterns. This is
achieved using learning automata and does not involve the evaluation of any statistics.

I. INTRODUCTION

There currently exist, in many institutions, large collections of images with historical and
scientific significance. For example, the Public Archives of Canada has over ten million
photographs. Other organizations such as the National Air Photo Library, the National Aeronautics
and Space Administration, the New York Public Library, and various university departments
throughout the world, maintain large collections of photo, film, and microfiche images. Due to the
large numbers of images, it is incredibly expensive and time-consuming to access these data sets,
and retrieve specific information. This is called "The Image Examination and Retrieval Problem"
(IERP). In this paper we shall present a new learning automaton solution for the IERP.

Image retrieval can be broken down into two components. There is the problem of indexing
the image database so that a search can be done for any given element. There is also the problem of
appropriately presenting the selected images to the user to confirm the correctness of the search.

Image presentation primarily depends on the technology used. One solution is that the images
be represented by a digitized equivalent that can be viewed using computer monitors. Although
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there is a large conversion cost, this cost can be justified because the images may be converted in
order to preserve them longer. Many older images will probably be digitized and stored on a
compact medium such as CD-ROM or video disk. Also, in all likelihood, current images are ina
digitized format. Thus any indexing system will have access to the digital format of many images.

This paper is concerned with the second and more important aspect of image retrieval, namely
the indexing and searching of images in the database. Regardless of image storage technology,
efficient methods of indexing and searching large numbers of images will have to be developed. In
order to search for an object in any database, some form of search mask has to be specified. This
requires that the database has a known indexing structure. In an analogous setting, text databases
have a fixed format for each member record and the search mask is based upon the fields of the
record. The constraints on valid field values are always known. For example, one particular field
may be restricted to integers ranging from one to one hundred and another field to all valid names
of 10 letters or less. The user forms a search mask with specific letter and number patterns. This
mask takes the form of a text record which is in the same format as all the records in the database.
Thus the search mask and the objects in the database share the same specific format.

The only way a similar interface for image databases could be attained is to have the user
draw a picture of the image sought for. The system would then search the database for all images
that match the user’s description. However, this does not account for searches such as "Find all
images of sport's heroes.", or "Find all images related to the Gulf War." There is no drawing tool
that would properly allow the user to specify all the possible types of images covering various
aspects of the Gulf War. Such searches would instead require some form of textual search mask
that is matched with descriptions of every picture in the database. If the phrase "a picture is worth a
thousand words" is valid, then there are a thousand different ways to describe a picture.

The problem of maintaining and querying image databases is very complex [1,5,6,12,14] -- it
also has potential applications in multi-media systems [7,14,17]. Due to the fact that the image is a
data type in its own right, some work has proceeded to incorporate it in object oriented databases
[17]. However, querying the database is a far more complex problem than just maintaining it.
Often, the picture that is to be retrieved is itself analyzed so as to render the search process efficient
[2,13,16]. In other systems which use fancier user-interfaces, (such as in VIEW-station) [11] the
V-Server does the image memory management with an objective specification of the query.

Present approaches for solving the IERP are based on one of two techniques. They use either
a textual description or a visual description for both indexing images in the database, and defining
the search criteria. In some cases a combination of the two methods is used. Textual descriptions
of database objects are achieved through image feature classification as follows. Initially, the
images in the system are given some text-based manually-assigned index. When a user searches
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for an image, he must first create an index for the image, and the system matches the user's textual
index with the system indices to find the target image.

Visual classifications are obtained through the use of heuristic search methods. A heuristic
scheme is a technique whereby a set of choices are evaluated and assigned values that reflect a
given choice's desirability. In searching a set of images the user would define his search heuristic
in terms of some mathematical or psychophysical measurement that can be applied to each image.
The most desirable images are then selected as the result of the search. Heuristic search methods
use a variety of approaches to examine and evaluate images. All the methods attempt to quantify the
visual content of images. Unlike the text-based feature classification method, these approaches do
not attempt to describe the contents in some language, but rather to describe the contents of the
image mathematically. The basic principle is that the system evaluates the images using various
mathematical criteria set out by the user. These approaches can be classified according to which of
the following methods they use : the use of exemplars for searching, the clustering of images into
discrete classifications, the application of problem solving algorithms derived from artificial
intelligence, or the application of the Two Domain Theory.

There are various inherent disadvantages associated with text-based methods and with any
heuristic-based methods. This is why we have attempted to develop a (hopefully superior) scheme
to solve the IERP. This new method is based on mapping the IERP to the Object Partitioning
Problem (OPP). Consequently, we shall attempt to solve the [ERP by viewing it as one that falls'in
the domain of classifying and partitioning the set of images in terms of their "visual" resemblances.
The goal is not just to find images that match other images, but, in fact, to group all similar images
together so that subsequent searches will proceed much faster. Furthermore, instead of using some
classification method that allows us to initially stipulate the membership of the images into groups,
we allow the system to adaptively decide the grouping by examining the statistical properties of the
user's query patterns. To do this, an algorithm is required that uses previous access patterns to
intelligently partition the whole set of images so as to minimize future user access times.

There are many advantages to this approach. Unlike classification methods, there is no pre-
interrogation of images to create indexes for each image. Instead, the images are indexed by the
user during system use. Also, unlike heuristic methods, a given search does not simply impose it's
own search criteria temporarily upon a set of images. Instead, the image database repartitioning is
maintained after each search and this repartitioning also helps improve future searches. Finally, a
user's interaction with such a scheme is also easier and faster than with the other two methods. The
user simply keeps a subjective mental picture of the image he is searching for while viewing many
images. Judgement of these images is made strictly on the basis of a quick visual impression.

In this paper we shall discuss the drawbacks of both the text-based systems and also the
heuristic approaches. We shall then describe our solution which associates a simple learning
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automaton (rule) with every image. The automaton adaptively learns how the image database
should be repartitioned as the users' subjective queries are examined. The design and
implementation details of this system (a prototype of which has been built) are described in detail in
this paper. The paper also describes the results of this implementation.

II. PREVIOUSLY KNOWN METHODS
In this section, we shall briefly describe the current methods of solving the IERP.
Subsequently, our new scheme based on object partitioning will be presented.

I1.1 Image Feature Classification

Image feature classification involves the assignment of keywords or phrases to describe each
image. Thus the image database is matched with an proportionately sized text database whereby
each image is represented by a text record. The first step in creating the image retrieval system is
for all the images in the database to be classified. This would have to be done by a team of people
operating with a set of guidelines.

The categories for description can be selected in quite a few ways. For example, images can
be classified by describing any or all of the following: subject matter, component elements,
viewing perspective, time period, colour scheme, or location. Thus, a picture of a car that is
defined with some of the above categories may be described as follows:

Subject : Automobile
Perspective : Side_View
‘Components : Tires, Glass, Metal
Colour : Red

This type of description is intended for searches such as the following :

Query I: "Select all images where Subject = Automobile."”

Query II: "Select all images where Colour = Red and Perspective = Side_View."

The text from the user's query would be matched with the above system database description to
locate the desired target image. Thus the search process is identical to that which is used in
standard textual databases.

One application of the above system is in Geographical Information Systems (GIS). A GIS
may contain thousands of images, where all the images are maps, or other geographically coded
images such as satellite or aerial photographs. These systems use text records that describe the
geographical location of an image in terms of a bounding box around the image. Special structures
can be used to index these bounding boxes and non-typical methods of defining a search mask are
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employed but the underlying principle is the same. For example, a search may be initiated by
selecting a pixel location in one image, and the system internally creates a search mask based on the
geographic location of the pixel. This mask then acts as a window for the system to look into the
image database and all maps whose bounding box surrounds that location can be retrieved.

Another variation on text-based searches is used for complex images in which a hierarchical
semantic image index is created [13]. The image is associated with a tree-like structure where the
root of the tree is a general description of the image. Each child describes the components of the
child's parent. In Figure I we see an outdoor scene that is mainly composed of the sky, the
ground, a tree, and a car. The ground contains grass, and rock objects. The tree consists of a
crown and a trunk, while the car consists of a body, windows, and tires.

sky

scene

gromﬂ

trunk crown

grass rock windows body tres

windows
bod
QO

car

SS

Figure I : An Image and its Semantic Hierarchical Indices

Searches in a database of this type require the user to specify the hierarchical structure of the
target image, and this structure would be matched to the structures of the images in the system.
Although there is now a comparison between two structural definitions of the images, the
components of the structures are still text descriptors, and consequently, strictly speaking, this is
just a variation on the original text-based system.

Some examples of text-based classification methods and languages found in the literature
include the Extended Relational Model for Large, Flexible Picture Databases (ELF) [18], the
Graphics-Oriented Relational Algebraic Interpreter (GRAIN) [2], the Multi-Sensor Image Database
System (MIDAS) (6], and the Image Database System (IMDS) [5].
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There are some inherent problems with text-based methods. Although the storage needed for
text records is generally much less than that for images, such solutions require the system to use an
additional database that must be both maintained and serviced. Also, the classification of possibly
millions of images by human beings is an incredibly tedious, time consuming and expensive effort.
Although guidelines for image classification may be specified, it still requires a subjective
evaluation by people doing the classification, which may not match the subjective evaluation of the
users of the system. Besides this, judging the visual contents of images is an imprecise task in
itself. Finally, it is easy to see that the type of queries that can be performed on such systems is
typically restricted to pre-defined text attributes. One is therefore unable to search for images that
simply have visual similarities.

I1.2 Heuristic Search Methods

Heuristic search methods use a variety of approaches to examine and evaluate images. All the
methods attempt to somehow quantify the visual content of images. Unlike the text-based methods,
these approaches do not attempt to describe the contents in some language, but instead attempt to
describe the contents of the image mathematically. The basic principle is that the system evaluates
the images using various mathematical criteria set out by the system user. These approaches can be
classified according to which of the following methods they use: the use of exemplars for
searching, the clustering of images into discrete classifications, the application of problem solving
algorithms derived from artificial intelligence, or the application of the Two Domain Theory.

An exemplar is a restricted function that defines an image according to certain geometric
properties possessed by the image. A function is used to map pixel intensities so as to assess the
similarity of a collection of pixels to the desired pattern [4]. For example, a search for images of
aircraft may be defined by the geometries of wing and tail connection to the fuselage.
Unfortunately, the geometric description of one object can easily match the geometric description
of another. For example the rectangular geometry of a book is similar to that of a desk top.

Clustering methods cluster images that possess similar pixel histograms or patterns into
groups [3]. A proximity matrix would then be used for image patterns that share attributes with
two or more pre-determined feature sets.

Problem solving algorithms have also been applied in solutions which aim to classify images
[7]. For example, in analyzing satellite images, searching for sharp edges in images is used to
distinguish human-made objects from backgrounds and natural phenomena. The problem with this
approach is that the set of pictures that given algorithms distinguish between is typically, small.

The Two Domain Theory combines many of the strategies characterized in the other three
heuristic methods [10]. The main difference is in how the user defines the search criteria. Instead
of creating a set of machine based validity rules and meanings, the user is queried with several
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representative images and is asked to rate them on a scale according to the component break down
of the images. The components of images include such things as lines, edges, colours, textures,
and pixel distribution. Subsequently, clustering algorithms are used to select representative sets of
pictures and to select subsets of images that are closest to the user's descriptors.

The problem with any heuristic-based search method is that it evaluates the visual content of
the image and not the user's perception of the subject. For example the previous methods may be
able to satisfy specific searches such as, "Find all images that contain aircraft.”, but will fail on
searches such as "Find all images related to air travel." The problem with the last search statement
is that although one can mathematically define the exterior view of an aircraft, this definition does
not apply to images of the inside of aircraft, stewardesses, control towers, or baggage claim
carousels. The latter type of search is defined by the user's perception of the meaning of the image
as opposed to solely the content of the image itself. There is also the possibility that the search
method may be too complex for untrained users who do not have the time to understand various
complex search mask definitions. Finally, applying mathematical formulas to analyze images, and
asking users to provide image evaluation information is not only time consuming, but is also
inaccurate. By it's very nature a heuristic is a best guess in evaluating the suitability of one image
to match a search query. This is especially true since the heuristics involve the use of image
recognition techniques which intrinsically have various "grey areas" of imprecision. Indeed, at
what point does a block of pixels become an imagc of a house?

The most important drawback of both the text-based and the heuristic-based methods is the
lack of intelligence required to speed up subsequent searches. The amount of time the system takes
to process a given query is not decreased the next time an identical query is processed primarily
because these systems do not learn, or improve with time and frequency of use.

III. A SOLUTION USING OBJECT PARTITIONING

In this paper we propose that the IERP be solved by viewing the problem not as one of image
recognition or image classification, but instead as one that falls in the domain of object partitioning
problems. The goal is not just to find images that match other images, but to group all similar
images together so that subsequent searches will proceed much faster. Instead of using some
classification method which stipulates the membership of the images into groups, the system
adaptively decides the grouping by extracting information about the statistical properties of the
user's query patterns. The algorithm thus uses previous database access patterns to intelligently
partition the whole set of images so as to minimize the response times for future queries.

There are many advantages to this approach. Unlike classification methods, there is no pre-
interrogation of images to create indexes for each image. Instead, the images are indexed by the
user while they are used. Also, unlike heuristic methods, a given search does not simply impose
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it's own search criteria temporarily upon a set of images. Instead, the database is conceptually re-
partitioned after each search, and this repartitioning helps improve subsequent search times. As
Figure II shows, the other two methods of image retrieval are unidirectional in the sense that the
image indexing is either stagnant as in classificaton methods (Case A), or is only temporary as in
heuristic methods (Case B). In contrast, the object partitioning method (Case C) can be described
as a cyclical method of image retrieval in that the data indexing is dynamic and adaptive.

A user's interaction with an object partitioning method is also easier and faster than with the
other two methods. This is because both the feature classification and heuristic methods expect the
users to first translate their query into either some relational database type language, or into some
mathematical and/or statistical representation. Certainly in the latter case, the methods for
transforming a query into a heuristic search can be quite complicated. With the new method, these
problems are avoided. The user simply keeps a subjective mental picture of the image he or she is
searching for while viewing many images. J udgement of these images is made strictly on the basis
of a quick visual impression.

index indexed
images

Case A: Preclassification Method

current

system — images
heuristic

Case B: Heuristic Method

partition

modified partition

Case C: Object Partitioning Method

Figure II : The System-Database Interaction for Three Image Retrieval Methods
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The object partitioning problem (OPP) can be defined as follows: Let A= {A;,...,Aw]} bea
set of W objects to be partitioned into K classes (m1,....,nk}. The objects are partitioned such that
the objects that are frequently accessed together lie in the same class. This implies that there is a
correct partitioning, called a grouping, for the objects. In the most straightforward form of the
OPP, objects are accessed in pairs <Aj, Aj>. A pair of accessed objects will be called a "Query". It

.is assumed that the objects within the same grouping are accessed more frequently together than
with objects in other groupings. Thus, the solution to the OPP will process a sequence of queries
50 as to increase the likelihood that the pair of objects accessed will reside in the same class the
next time an identical query is formed.

Throughout this study we consider the special case of the OPP where all the classes are of
equal size. This problem is referred to as the Equi-Partitioning Problem (EPP). All objects are
initially placed randomly into the various classes. It is assumed that the number of classes, K, is
equivalent to the number of groupings of objects. In specific cases where it is not possible to
conveniently equally partition objects into groups, some groups will simply have objects that do
not correspond to an image. These objects have a NULL value.

There are a few well-known solutions to the EPP. The best non-automaton solution is the
method due to Yu et. al. [19]. In this method, initially each member object, Aj, is associated with a
real number X;. As each query <Aj, Aj> is processed, the quantities {Xj, X;} are moved towards
their centroid by some amount 1. Then, a random pair <Xp, Xg¢>, (1< p,gs W) is moved away
from its centroid by some amount &. The result is that similar objects will gradually cluster
together and dissimilar objects will separate.

I11.1 Learning Automata Fundamentals

Our solution to the problem involves learning automata. Learning automata have been used
in the literature to model biological learning systems and also to learn the optimal action which an
environment offers. Learning is achieved by interacting with the environment and processing its
responses to the actions that are chosen. Such automata have various applications such as
parameter optimization, statistical decision making and telephone routing [10,19,20]. Since the
literature on the field is extensive, we refer the reader to an excellent book on the field by Narendra
and Thathachar [20] for a review of the families and applications of learning automata.

The learning process of an automaton can be described as follows: The automaton is offered
a set of actions by the environment with which it interacts, and it is constrained to choose one of
these actions. When an action is chosen, the automaton is either rewarded or penalized by the
environment with a certain probability. A learning automaton is one which learns the optimal
action, which is the action that has the minimum penalty probability. Hopefully, the automaton will
eventually choose this action more frequently than other actions.
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Stochastic learning automata can be classified into two main classes : (a) Fixed Structure
Stochastic Automata (FSSA) and (b) automata whose structure evolves with time. Some examples
of the former type are the Tsetlin, Krinsky and Krylov automata [9,15,20]. Although the latter
automata are called variable structure stochastic automata, because their transition and output
matrices are time varying, in practice, they are merely defined in terms of action probability
updating rules [20].

A FSSA is a quintuple (o, @, B, F, G) where :

(1) o = {ay, ..., ar } is the set of actions that it must choose from.

i) P = {¢1,..., s} is its set of states.

(i) P =1{0, 1} is its set of inputs. The input 'l' represents a penalty.

(iv) Fisamap from ® x B to ®. It defines the transition of the state of the automaton
on receiving an input. F may be stochastic.

(v) G isamap from ® to a, and determines the action taken by the automaton if it is in
state ¢;. With no loss of generality G is deterministic [15,20].

The selected action serves as the input to the environment which gives out a stochastic
response B(n) at time 'n’. B(n) is an element of B = {0,1} and is the feedback response of the
environment to the automaton. The environment penalizes (i.e., B(n) = 1) the automaton with the
penalty cj, which is action dependent. On the basis of the response B(n), the state of the automaton
o(n) is updated and a new action chosen at (n+1). Note that the {c;} are unknown initially and it is
desired that as a result of interaction with the environment the automaton arrives at the action which
presents it with the minimum penalty response in an expected sense.

The best known solution for the EPP is the Object Migrating Automaton (OMA) proposed by
Oommen and Ma [9]. The OMA moves all the W objects around within its states as opposed to the
automata simply moving from one state to another. Thus, when applied to the EPP a solution is
not defined by the current state of the OMA, but instead by the entire structure of the automaton.
The mapping function defining the transition of the automaton from one state to another, essentially
defines the motion of two or three objects within the structure of the automaton. Whenever a query
<Aj, Aj> is received, if A; and A; are in the same class, they are both rewarded and moved towards
the state which represents the state of Maximum Certainty for that class. This motion is executed
one step at a time. However, if A and A; are in different classes, they are moved towards the states
of Minimum Certainty for their respective classes one step at a time, and whenever one of them is
in the state of Minimum Certainty, it migrates towards the corresponding state of the other action.
We shall later adapt this philosophy for the IERP and demonstrate how the migration can be
executed efficiently so as to ensure an excellent partitioning.

The OMA is extremely accurate and fast. Experimentally, it converges to the true solution all
the time, and does so in a speed which is an order of magnitude faster than the scheme due to Yu
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et. al. [19] especially when all the objects are initialized to be in the boundary states of their
respective classes (the states of Minimum Certainty) instead of initalizing to random states.

IV. THE IMAGE DATABASE LEARNING AUTOMATON

The learning automaton presented in this paper is called the Image Database Learning
Automaton (IDLA) which is an interesting generalization of the OMA. The differences between the
OMA and the IDLA will be clarified later, but suffice it to mention that the user does not have to
describe his queries explicitly. The philosophy of the OMA is applied to the IERP by assuming that
once the images are properly sorted and indexed, there is an underlying unknown grouping. For
example, a given set of images based on transportation may divide into four image groups. These
groups may represent cars, airplanes, boats, and trains. At system start-up these images may be
randomly scattered amongst the four available partitions. As the system is used, and the user
selects images by informing the system that he considers various images to be similar to his target
image, the IDLA will utilize the "similarity" between these images intelligently. Consequently, the
images will be migrated and partitioned in a fashion similar to the underlying grouping.

The IDLA deals with images that are partitioned equally into groups. These groups can be
conceptually considered to be sub-databases, but in actuality, these sub-databases merely contain
pointers to the images within their groups. Each image is thus represented by its abstract
representation which is merely an index and a pointer which points to the location of the actual
image. Effectively, the IDLA attempts to partition the abstract images based on the subjective
information about the actual images themselves. Whenever an abstract image isin a certain action,
it is equivalent to the image being in the class represented by that action. Whenever the search for
the target image is initiated, the user is presented with a single image from each class which is the
one closest to the state of Maximum Certainty of that class. The user then reports whether any of
these is the target image. He also informs the system which of them is similar to the target image.
This information is then utilized by the IDLA to reward or penalize the individual abstract images
which are "moved" to further support this subjective information.

It is clear from the above discussion that the different states within a given class (action)
quantify how certain we are that a given image belongs to that class. At system start-up all images
are placed in the boundary state of their initially randomly chosen classes indicating that the system
is initially uncertain of the placement of all the images. As the system is used, certain images will
be rewarded for their being present in a given class and will move towards the most internal state
of the class, indicating that the system is more certain that the images belong there. Likewise other
images will be penalized and are either moved towards their boundary state or to another class,
indicating the system's uncertainty in the appropriate class for a given image.
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For the

rest of this section we shall not differentiate between the actual images and their

abstract representations. Let A = {Ay,..,Aw} be the set of images in the database. These images
are to be partitioned into K groups. Let X be the user's target image. We define the Image Database
Learning Automaton (IDLA) asa 6-tuple as below :

(A
)
(i)
(1i1)

(iv)
v)

(vi)

{61, 030 s 0k, Lap @ o 0g)e (0, 1), QG GE) ), where,

A is the set of images.

{01, 02, ..., OgN] is the set of states.

{ay, 0, ..., ag ) is the set of K actions, each representing a certain class into which
the elements of A must fall.

B = {0, 1} is its set of inputs. The input ']’ represents a penalty.

Q, the transition function is quite involved and will be explained in detailed
presently.

To describe the function G, we partition the set of states for the various classes. For
each action aj, there is a set of states {&¢-1)N«1s - o;N}, where N is the depth of
memory and 1 <j < K. Thus,

G (6)) = g if (G-DN+1<i<jN N
Observe that since this means that the automaton chooses a; if it is in any of the first
N states, it chooses as if it is in any of the states from ¢ny1 1O 92N » €IC. The states
of the automaton are automatically partitioned into groups, each group representing
an action.With no loss of generality, we assume é(j.;yN+1 t0 be the most internal
state of action ajs which is the state of Maximum Certainty, and ojN 10 be the

boundary state, which is the state of Minimum Certainty.

As in the case of the OMA, we have all the elements of A move around in the states of the
machine. If the image a; € A is in action a;;, it signifies that it is in class j (or in the j- sub-

database). Observe too that if the states occupied by the images are given, the actions chosen by

the images of
chosen by the

A can be trivially obtained using (1) above, and these specify the partition currently
IDLA.

Let &,(n) be the index of the state occupied by a e A at the nth time instant. Also let,

Zm)=(En)lae A}

Based on =(n), let TI(n) be the current partition which the automaton decides. Observe that, as .

mentioned above, this partition is trivially obtained by repeatedly using (1) above on the various

elements of

Z(n) to determine the action chosen by each image a € A. Using this notation we

shall later describe the transition map of the IDLA. However, in what follows, in the interest of

brevity, we shall omit the reference to the time instant 'n'.

We now

briefly describe the actual operation of the prototype system. The user is always

presented with a set of images on the view screen. At the initiation of a query, this set represents an
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overview of all the available classes of images. This overview set consists of one single image
from each class, where that image is the one closest to the state of Maximum Certainty for the
respective class. As the query search proceeds, the set presented to the user represents all the
images of a particular chosen class.

Figure II illustrates the partitioning and viewing of images. In this case, four classes each
containing four images are shown. In the centre of the diagram is an overview of the classes, in
which one image from each class is displayed. These representative images are not permanent
members of their classes -- they will be the ones closest to the states of Maximum Certainty.

Class 1 Class 3

a ] -8
i ~L . | B =
Class 2 Class 4

C ‘_::3/ — ¢ D\\‘ D I

Overview

Figure III : An Example of the Partitioning and the Viewing of the Images

Initially, the IDLA begins its learning process by starting from an arbitrary partition [1(0),
which is obtained randomly or otherwise. Thereafter, for every query, the user is first presented
with ONE representative image from each class -- the one closest to its most internal state. The
user tags M 2 1 of these images to be similar to X, his target image. Let S = {Sy, ..., SM} be
these tagged images. He also associates a confidence value, Aj, to his evaluation of each tagged
image, Si. The value Aj is a real number in the interval (0,1], and can be considered to be an
objective measure of the user's confidence in the tagged image, Sj, being similar to X. It is thus a
measure of the confidence with which he is willing to assert that X and S; are similar.

Clearly, if one of these, say Spis his target image, X, the search is terminated. If none of
these is the target image, the images in the individual classes represented by the the elements of S
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are presented to the user, in the decreasing order of the {A;}. At every juncture, S, the set of
similar images is updated and the corresponding confidence values associated with the images
which are also recognized to be "similar" are also updated. Thus, at every instant, the IDLA is
aware of the fact that all these elements are considered to be subjectively similar to each other, and
the "degree of subjectivity"” is also available.

The system utilizes this information as follows. Every pair <Sj, X> is now considered by the
IDLA. If they are both in the same class, they are both rewarded with a probability ;. If,
however, they are in different classes, they are both penalized with a probability A;. Subsequently,
every pair <S;, Sj> in S is considered by the IDLA. Again, if they are both in the same class, they
are both rewarded, but this time with with a probability p;j, which takes into consideration the
mutual similarity between S; and S; as inferred from {2, A;}. Typically, the value p;jcan be
computed using either a "fuzzy" relationship or a probabilistic one. In this paper,we shall assume
that pj j is probabilistically defined as :

Pij € Apedj.
Analogously, if they are in different classes, they are both penalized with a probability p;;.

We now describe the actual transitions which are executed on selections being rewarded and
penalized. Let us assume that the images in question are Ay and Ay. On being rewarded, since Ay
and A, are in the same class, say, oj, both of them are moved toward the most internal state of that
action, j.1)N+1» One step at a time. See Figure IV(a). If Ay and Ay lie in different classes, say a;
and o, respectively, (i.e. Ay is in state &, where §y € {¢0_1)N+1,..., ¢jN}, and Ay is in state &y,
where &y € {6(m-1)N+1> -+ OmN]), they are moved away from ¢(j.1)N+1 and ¢(m-1)N+1 as follows:

a) If&# ojnand &y # omN: then move A, and Ay one state towards ¢;n and émN
respectively. See Figure IV (b).

b) If at least one of A, or Ay is in the boundary state of Minimum Certainty, (i.e. either
Eu=djN Of &y = omN)!, then move the object in the boundary state, say Ay, t0 émN;
the boundary state of am. In this case, since this will result in an excess of objects
in ag, one of the objects in ay which is not accessed is moved 0 ¢, the boundary
state of oj. We choose to move the one closest to &y. See Figure IV(c).

These migrations are exactly analogous to the ones used in the OMA. The primary difference
is that these migrations are done for all pairs <Sj, S;>in §, and every pair <Sj, S;> is migrated
with a probability p; ;. Furthermore, all the migrations are executed only after the target image X is
located. Thus, these pairs are not known as the query is being generated. Indeed, the set S is
updated and stored as the system searches for the target image X, and all migrations are executed
only after the latter has been identified.

1Yf both are in their respective boundary states of Minimum certainty, one of them is randomly chosen to be moved.
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Figure IV (a) : Reward process for the 2N-state Image Database Learning Automaton.
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Figure IV (b) : Penalty process for the 2N-state Image Database Learning Automaton
when neither of the images is in the boundary state.
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Figure IV (c) : Penalty process for the 2N-state Image Database Learning Automaton
when one of the images (Av is in the boundary state).

Figure IV : The Transitions of the IDLA when the Images to be migrated are in

o and in a; Respectively.
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4.1 System Design and Implementation Considerations

We shall now discuss objectives considered in designing the image retrieval system.

First of all, the system must correctly and efficiently implement the IDLA, which essentially
implies that the Reward/Penalty Operations of the machine must be correctly executed. The system
must be able to demonstrate the correctness by providing the user the partitioning of the objects as
dictated by the Reward/Penalty Operations. This essentially involves intelligently providing the
user the information about all the images in the system, their current classes, and their current
states. In the design of the system we aimed at presenting these pieces of information in a
straightforward way, with the capability of permitting the user to step through the scheme one
query at a time and examine the dynamics of the machine. The user was also permitted the
capability of executing several parallel experiments, and of having the individual experiments
process queries indefinitely until the scheme converges.

In the prototype system which we implemented we assumed that the degree of confidence, A;,
associated with every tagged image S; was always unity.

We also spent a fair bit of effort on the system's user interface which presented the user with
good graphical displays, pull-down menus, mouse capabilities, and easy file selection methods.
The interface conformed to a well-acclaimed standard, and provided the ability to display colour
images of various sizes. Thus, if the user is presented with a set of 16 images (and the resolution
of the original images is 512 x 480), then each image is correspondingly scaled (or compressed) to
be of resolution 128 x 120. The prototype system requires a machine with a supporting VGA card
with at least 16 colours and a 320 x 200 resolution, which is the lowest accepted standard for
graphics cards. The various options that are available at the top level menu are given in Figure V,
and the screen 1éyout for the manual operation mode in Figure V1.

With regard to implementation, the system was written so as to permit a "Simulation" mode,
:n which a Simulation module interacted with the IDLA module. In this mode the images and their
similarities to the other presented images were randomly selected based on an underlying grouping
which was unknown to the IDLA. The system and the user interface were implemented using the
Microsoft Windows programming library, and thus, instead of spending a lot of time writing low-
level graphics routines and higher-level menu routines, these were inherited and utilized to render
the system more user-friendly. Windows currently supports a variety of high and low-resolution
graphics cards, and so our prototype system can also be demonstrated on a large variety of systems
with a potential future cross-platform capability.
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Figure V : The Various Menu Options Available on the Prototype System
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Figure VI : The Screen Layout for the Manual Operation Mode of the Prototype.
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Figure VII shows the various software modules involved. The "Menu Input" and "Display
Output” modules are collections of user /O routines that include Microsoft Windows functions
from the Software Development Toolkit. The "Menu Input” module also handles switching
between the various kinds of simulations that the system supports. At the heart of the system is the
module which handles the Reward/Penalty Functions of the IDLA. It manipulates the automaton
data structure and processes the queries made by either the "Simulation Module" or the "Image
Catalogue" module. These modules provide three methods of testing the system, two in the former
and one in the latter. In the former, the user is permitted to view the state of the automaton after
processing each query or after the machine has converged (which occurs when all the images are in
their states of Maximum Certainty). The "Image Catalogue" module also uses the automaton
module to process the queries received from the "Menu Input” module. Finally, the "Image
Catalogue" module interacts with the Catalogue Files for the purpose of re-configuration, and thus
whenever the IDLA demands a change in the partitioning, the new partitioning information is
passed to the "View Catalogue" module. This module uses the Image Files on disk to obtain the bit
maps of the images and displays them by invoking the "Display Output" module.

Menu Input
Reward/
Catalogue Image P:x:valty Simulation
Files <«a—» | Catalogue - Functions - Module
l l
- .
Image View View
i Catalogue Simulation
iles - Module
>
l Display
Output

Figure VII : The Modules of the Image Retrieval System
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The prototype system is both accurate and fast. The image database can currently contain up
to 256 pictures which are to be partitioned into 16 sub-databases containing images of cars, boats,
trucks, airplanes, hunting scenes etc. Typically, if the images are randomly assigned into the sub-
databases, the system converges to the optimal configuration in a few dozen queries -- it rarely
needs more than a hundred queries. It is difficult to objectively test the efficiency of the system
because the input queries, the tagged images and the degrees of confidence are subjective. We are
still in the process of investigating how rigid benchmark tests can be made on the system. We
have some new ideas which we believe will help us objectively demonstrate the effectiveness of the
system, but unfortunately these are yet to be rigorously verified.

The Pseudo-Code for the system is given in the Appendix.

V. CONCLUSIONS AND OPEN PROBLEMS

In this paper we have considered the scenario in which a user wants to browse through a
database of images to retrieve a particular target image which he is interested in. This is called the
Image Examination and Retrieval Problem (IERP). Rather than specifying the image textually, we
permit the user to access his target image using his subjective discrimination of how the latter
resembles the other images that are presented to him by the system. The query is processed by
repeatedly presenting various representative images to the user who responds by tagging images
which are "similar" to his target image. By extracting the information content in these responses,
the IERP is not merely viewed as a problem involving recognition or classification. Instead it is
viewed as one that falls in the domain of partitioning the set of images in terms of their "visual"
resemblances. We have shown how queries can be used to not merely locate images, but, in fact,
to group all similar images together so that subsequent searches will be enhanced. The intelligent
partitioning of the image database is done adaptively on the basis of the statistical properties of the
user's query patterns. This is achieved using leaming automata and does not involve the evaluation
of statistics.

We are currently investigating techniques by which we can objectively test the efficiency of
our scheme. The question of partitioning the images into non-equally sized sub-databases remains
open.
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APPENDIX
THE IMAGE RETRIEVAL SYSTEM

Assumption : The system has W images, {A,....Aw}, to be partitioned into K classes. Most of
the procedures are self-explanatory. The central procedure, Process_IDLA, follows the Algorithm
IDLA_System. With regard to notation, & is the state of the image S;. Itis an integer in [1..KN],
where, if (j-1)N +1 <&; < jN, then object Sj is assigned to a;.

PROCEDURE IDLA_System
Se{} (* Initalize set of similar images S *)
Initialize randomly &; for 1 <i < W, to the boundary states of the classes,
each class having W/K images
Repeat
Get ( User_Operation )
Case ( User_Operation ) Of
View_Top_Tevel : (* Overview of all classes *)
For (each of k image classes ) Do
Show image closest to the most internal class state
EndFor
End View_Top_Tevel

View_Class
Get_Class_No (k)
For (each image in class k ) Do
Show image
EndFor
End View_Class

Select_Image_As_Similar :

Get_Image_Index_and_Simiarity (Y,1)

S«<SuU Y (*Add Y to similarity set S *)
End Select_Image_As_Similar

Select_Image_As_Found:
Get_Image_Index (Y)
Display_Image (Y)

S«<S uY

Fori« 11t Size (S)-1by 1 Do (Migrate A to Ay, with prob. ;)
Process_IDLA ( Ay, Agis A;)

EndFor

Forie< 1toSize (S)-2by 1 Do
For j—i+ 1to Size (S)-1by 1 Do

Process_IDLA (Aj, A, p;)) (Migrate Aj&A,, with prob. p; «AiAj)
EndFor
EndFor
EndCase
Se{} (* Re-initalize S *)
View_Top_Level
ForEver (* Ends Repeat -- Wait next query *)

END PROCEDURE IDLA_System
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PROCEDURE Process_IDLA (Aj, A, 7t)

p « Random(0,1)
If (p <= ) Then ‘
If ((¢idiv N) « (§jdiv N)) Then (*The partidoning is rewarded*)
If (& mod NJ = 1) Then (*Move S; towards the internal
§l & &l - 1 Stanc*)
EndIf
If ((¢j mod N) # 1) Then (*Move §; towards the internal
& <& -1 state™)
EndJIf
Else (* The partitioning is penalized *)
If (((¢; mod N) = 0) and ((§; mod N) = 0)) Then (* Both are in internal states *)
Gieditl
Eje§j + 1
Else If(¢; mod N #0) Then (* S; is in an internal state *)
Gie&i+ 1
temp « §&; (* Store the state of S; *)
gj & (* Move S; to same group as S; *)
t'« index of an unaccessed object in group of JSi
where S; is closest to &;
E; « temp (* Move Sy to the old state of Sj *)
Else (* S; has to be moved *)
If (¢j mod N) = 0) Then (* Move S; if necessary *)
Ei—&i+1
Endif
temp « &; (* Store the state of S; *)
. i (* Move S; to same group as S; *)
t « index of an unaccessed object in group of S; .
where S; is closest to §;
St « temp
EndIf
EndIf
EndIf
EndIf

END PROCEDURE Process_IDLA
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