Discovering Association Rules based on | mage Content

Carlos Ordonez and Edward Omiecinski *
College of Computing
Georgia Institute of Technology
Atlanta, Georgia 30332-0280

Abstract

Our focusfor dataminingin thispaper isconcerned with
knowledge discovery inimage databases. e present a data
mining algorithmto find association rules in 2-dimensional
color images. The algorithm has four major steps: feature
extraction, object identification, auxiliary image creation
and object mining. Our emphasisis on data mining of im-
age content without the use of auxiliary domain knowledge.
The purpose of our experiments is to explore the feasibility
of this approach. A synthetic image set containing geo-
metric shapes was generated to test our initial algorithm
implementation. Our experimental results show that there
is promise in image mining based on content. e compare
these results against the rul es obtained from manually iden-
tifyingthe shapes. We analyzethereasonsfor discrepancies.
We also suggest directions for future work.

1. Introduction

Discovering knowledge from data stored in typical d-
phanumeric databases, such asrel ational databases, hasbeen
the focal point of most of the work in database mining.
However, with advances in secondary and tertiary storage
capacity, coupled with a relatively low storage cost, more
and more non standard data (e.g., in the form of images)
is being accumulated. This vast collection of image data
can a so be mined to discover new and valuable knowledge.
The problem of image mining [14] combines the aress of
content-based image retrieval, image understanding, data
mining and databases. This is a first attempt to combine
association rules and images, athough there has been sig-
nificant research in image understanding in the Computer
Vision community. An initial step towards tapping into
the undiscovered wesalth of knowledge from mining image-
bases is the focus of this paper and more so, whether or not
thisisfeasible.
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There is a trend towards mining nonstandard and mul-
timedia data[7]. Digitized images can be considered as a
typeof multimediadata. Current knowledgediscovery tech-
nology is far from being able to extract al the knowledge
contained in such diverse data types.

Asrelated work to mining image content we can mention
thefollowing. Thereinan interesting prototypefrom Simon
Fraser University called MultimediaMiner [17]. One of its
modulesis called MM-Associator. Thismodule obtains as-
sociation rules which are more restricted and simpler than
the ones we obtain; these rulesrel ate information about the
size, the color and the description of the image, but they
do not involve specific objectsidentified automaticaly. An-
other important system used for discovering knowledgein a
set of imagesisthe Sky Image Catalogingand Anaysis Tool
(SKICAT) [6]. This program is used to study astronomical
images. SKICAT uses trees and statistical optimization to
classify objects obtained from an image segmentation pro-
Cess.

Image mining has two main themes. The first is mining
large collections of images and the second is the combined
data mining of large collections of image and associated
alphanumeric data. As of now we have concentrated on
mining only images; but our algorithm can be extended ina
straightforward manner to handle images and associated a-
phanumeric data. Anexample of thefirst case mightinvolve
a collection of weather satelliteimagery of variouscitiesin
the United States that has been recorded over an extended
period of time. The datamining objectivemight beto findif
there is some pattern that exists for an individual city (over
time) or if there is some pattern that exists between differ-
ent cities. An example of the second case might involve
medical imagery and patient (al phanumeric data) records.
To develop an accurate diagnosis or prognosis both image
data (such as Xrays, SPECT, etc.) and patient data (such as
weight, prior health conditions, family history, etc.) can be
examined together to find interesting associations.

Our data mining system is built on top of a content-
based image retrievd system (CBIR), the“Blobworld” sys-
tem from the University of Cdiforniaat Berkeley (UCB).



This CBIR system supports object-based queries and thus
eliminates the need for the manua indexing of image con-
tent. This is a magjor advantage since manually indexing
massive collections of images is impractica and prone to
errors. Although CBIR systems are proneto retrieving non-
related images.

2. Image mining background

2.1. Motivation

One of the typical data mining problemsis to find as-
sociation rules among data items in a database. In aretail
environment such as a grocery store, an association rule
might state that customerswho purchase spaghetti and Ital-
ian sausageal so purchase red wine. Thiscan be determined
by examining all the customer transactions (i.e., purchases).
In this case, the datais explicit, thereis a specific dataitem
for each of the three grocery items and an individua cus-
tomer transaction would include a subset of thoseitemsand
in genera a subset of al the items sold by the store. In the
case of image-bases, assumming that al the images have
been manually indexed (or their contents classified) may
not be feasible. This presents one major deviation (prob-
lem) from the typical data mining approach for numerical
data. If images can efficiently be labelled by a semantic
descriptor, then the mining can be done on those high level
concepts. However, with hundred’s of thousands of im-
ages, thiswill become impossible. An dternativeisto rely
on automatic/semi-automatic analysis of the image content
and to do the mining on the generated descriptors. For
example, color, texture, shape and size can be determined
automatically. Objects in an image can be determined by
the similarity of those attributes. This is the approach we
takein thisfirst implementation.

2.2. Content-based I mage Retrieval

Content-based image retrieval (CBIR) [10] systems will
be needed to effectively and efficiently use large image
databases. With a CBIR system, users will be able to
retrieve relevant images based on their contents. With
CBIR systems, queryingisfacilitated through generic query
classes. Examples of some query classes include col or, tex-
ture, shape, attributes, text and domain concepts. Color and
texture queries alow users to formulate the description of
theimages to be retrieved in terms of like color and texture.
Queries can aso be posed with regard to the text associated
with the images. For instance, in a medical setting, image
retrieval is not only based on image content but also on the
physician’sdiagnosis, treatment, etc. (i.e., additional textual
data). We should aso point out that CBIR differsfromtradi-
tional database systemsin that images are retrieved based on

adegree of similarity and that records are usually retrieved
from databases because of exactly matching specified at-
tribute values.

Various content-based retrieval systems (QBIC, Chabot
and Photobook) have focused on material-oriented queries
and have used low-level image properties (e.g., color and
texture) to implement these queries. On the other hand, a
content-based retrieval system developed at the University
of Cdiforniaat Berkeley [3, 4] focuses on object-oriented
queries. That is, queries that search for images that con-
tain particular objects. The approach to object recognition
at Berkeley is structured around a sequence of increasingly
specialized grouping activities that produces a* blobworld”
representation of an image, which is a transformation from
theraw pixel datato asmall set of localized coherent regions
in color and textual space. The “blobworld” representa
tion isbased on image segmentation using the Expectation-
M aximization a gorithm on combined color and texturefea-
tures.

The salient feature of the Berkeley work istheir approach
to object recognition. Their approach [3] isbased onthecon-
struction of a sequence of successively abstract descriptors
throughahierarchy of grouping and learning processes. The
image descriptors at alow level are color, texture, contrast,
polarity, etc. andthegrouping isbased on spati otemporal co-
herence of thelocal descriptors. Thecentral notionin group-
ing is coherence and four major issues have been identified
in [8] which are segmenting images into coherent regions
based on integrated region and contour descriptors; fusing
color, texture and shape information to describe primitives;
using learning techniques for developing the relationship
between object classes and col or, texture and shape descrip-
tors; and classifying objects based on primitive descriptors
and rel ationshi ps between primitives.

2.3. Data Mining

Database mining, an important part of knowl edge di scov-
ery, is defined as the automated discovery of previously un-
known, nontrivial, and potentially useful information from
databases. Theinformationisa statement that describesthe
relationshipamong aset of objectscontained in thedatabase
with a certain confidence such that the statement isin some
sensesimpler than enumerating all therel ationshipsbetween
the individual instances of objects[9]. Database miningis
the process of generating high-level patterns that have ac-
ceptable certainty and are also interesting from a database
of facts.

Knowledge discovery derives much of its success from
reasoning techniques in artificial intelligence, expert sys
tems, machine learning and statistics. Many paradigms
such as inductive learning [15], Bayesian statistics [11],
mathematical taxonomy [5], etc, have also been applied to



knowledge discovery. In general, knowledge discovery is
an ama gamation of concepts from diverse fields.
Efficiency is, ingeneral, important for any computati onal
problem. However, for database mining it also determines
whether a particular technique can be applied or not. For
example, the number of possible ways to cluster NV objects
intom clustersin unsupervised learning is exponentia in N
[12]. Hence, an algorithm which uses exhaustive search for
clustering is impractical for real-world databases. In gen-
era any algorithmwhich growsfaster than O (n?) isunlikely
to be useful for large databases. Over the years, database
systems, mainly relational, have made great stridesin im-
proving efficiency. The success of relational database sys-
tems in the business community can be attributed to these
improvements. Many techniques such as, efficient access
methods, buffer management, disk management, etc, are
well understood. However, most of these techniques have
been developed for on-line transaction processing (OLTP)
applications. The access patterns for OLTP applications,
which typically access a few hundred records, are consid-
erably different from database mining applications, where
entire tables may need to be scanned. One of the challenges
in database mining is devel oping more efficient algorithms,
better access structures, optimizing disk 1/0, and so on.

3. Image Mining

There are two major issuesthat will affect theimage data
mining process. One is the notion of similarity matching
and the other is the generality of the application area, that
is, the breadth of usefulness of data mining from a practical
point of view. For a specific application area, associated
domain knowledge can be used to improve the data mining
task. Since data mining relies on the underlying querying
capability of the CBIR system, which isbased on similarity
matching, user interaction will be necessary to refine the
data mining process.

The essential component in image mining is identifying
similar objects in different images. With typica basket-
market analysis, the data is usually constrained to a fixed
set of items that are explicitly labelled. It is dso quite
efficient to see if a transaction contains a particular item,
i.e, requires an examination of the item labels associated
with a transaction. In some cases the data might be pre-
processed into afixed record format where afield existsfor
each item in the domain and a Boolean value is associated
withit, indicating the presence or absence of that item inthe
transaction. This preprocessing can be done automatically.
In a general image mining setting, having a human label
every possible object in a vast collection of images is a
daunting task. However, we intend to capitalize on the
recent work in CBIR, in particular, Blobworld [8].

We built our data mining system on top of a content-

based image retrieva system. One premise behind support-
ing object-based queries in a CBIR system is to diminate
the need for manual indexing of image content. The CBIR
systemwe useisfrom Berkeley [8]. Wewill refer toit asthe
“Blobworld” system. This system produces a “blobworld”
representation of each image. A “blob” isjust a2-D dlipse
which possesses a number of attributes. Animage is made
up of a collection of blobs, usualy less than ten. Each blob
representsaregion of theimage which isrelatively homoge-
neous with respect to color and texture. A blob is described
by itscolor, texture and spatial descriptors. The descriptors
are represented by multidimensional vectors. Most of our
limitations stem from the quality of the representation of
image content by Blobworld.

3.1. Data mining based on association rules

At this point, we will consider in detail, the problem of
finding associations. The problem of generating association
ruleswasfirst introduced in[1] and an algorithm called AlS
was proposed for mining all association rules. In[13], an
algorithm called SETM was proposed to solve this problem
using relationa operations. In [2], two agorithms called
Apriori and AprioriTid were proposed. These agorithms
achieved significant improvements over the previous ago-
rithms. The rule generation process was aso extended to
include multipleitemsin the consequent and an efficient al-
gorithmfor generating the ruleswas also presented. In[16],
we presented an efficient agorithm for mining association
rulesthat wasfundamentally different from prior algorithms.
Compared to previousa gorithms, our algorithmnot only re-
duced thel/O overhead significantly but a so had lower CPU
overhead for most cases.

Definitions

e AssociationRule. Anassociationruleisanimplication
of theform X — Y, where X, Y C Z,and X NY =
(). T isthe set of objects, aso referred to as items. X
iscalled the antecedent and Y is called the consequent
of the rule. In generd, a set of items, such as the
antecedent or the consequent of a rule, is called an
itemset.

e Support. Each itemset has an associated measure of
statistical significance called support. For an itemset
X C Z, support(X) = s, if the fraction of records in
the database containing X equals s.

e Confidence. A rule has a measure of its strength
called confidence defined as the ratio support(X U Y')
/ support(X).



Algorithm to mine association rules

The problem of mining association rulesis to generate all
rules that have support and confidence greater than some
user specified minimum support and minimum confidence
thresholds, respectively. This problem can be decomposed
into the following subproblems:

1. All itemsets that have support above the user specified
minimum support are generated. These itemset are
caled the large itemsets. All others are said to be
small.

2. For each largeitemset, all the rulesthat have minimum
confidence are generated asfollows: for alargeitemset
X andany Y C X, if support(.X)/support(X — Y) >
minimum.confidence, thentherule X — Y — Y isa
validrule

3.2. Image Mining Algorithm

In this section, we present the a gorithms needed to per-
form themining of associationswithin thecontext of images.
The four major image mining steps are as follows:

1. Feature extraction. Segment images into regionsiden-
tifiable by region descriptors (blobs). Ideally one blob
represents one object. Thisstep isaso called segmen-
tation.

2. Object identification and record cregtion. Compare
objects in one image to objects in every other image.
Label each object with an id. We call this step the
preprocessing algorithm.

3. Create auxiliary images. Generate images with identi-
fied objects to interpret the association rules obtained
from the following step (html page creation).

4. Apply datamining algorithmto produce object associ-
aionrules.

Here we explain the Image Mining processing in more
detail. Wekeep 1/0 at aminimum. Images are kept on disk.
For feature extraction each image is accessed once. These
features are stored in two files, oneisan image with all the
blobs and the other with the blob descriptors. These blob
descriptors are used to build an array with all the features
from all the images. Once features are extracted from im-
ages we perform object identification using only their blob
descriptors; this process is performed entirely in memory.
Auxiliary images are kept on disk; these images show each
identified object.

Images are not indexed because it is not necessary to
search their contents once thay are segmented. Arrays of
records are al that are needed to mine images once we

have their festures. Processing each image is performed
independently of each other for feature extraction and this
is done sequentialy.

Identified objects, object associations and association
rules are stored in sequential text files for interpreting re-
sults but not for processing. Our program can work with
a large number of transactions. It is only limited by the
amount of memory occupied by discovered associations.

Segmentation Step

It is not our intention to describe in detail the festure ex-
traction process from the blobworld system. We will rather
outline the main steps involved in identifying coherent im-
age regions.

1. Estimate scale color selection o.

2. Produce 6-dimensional feature vectors. These vectors
contain summary information about color and texture
only.

3. Produce severa clusterings of feature vectors using
the Expectation Maximization (EM) method. The 2
dominant colors are determined here. The number of
groupsin each clustering iscalled K.

4. Use the Minimum Description Length principleto de-
cidewhichisthebest .

5. Segment the image into K regions using the spatia
grouping of pixels. Each region is connected.

6. Apply a 3x3 max-vote filter to determine dominant
colors.

7. Generate blobs with summary information about each
region when such region has an area grester than 2%
of theimage area.

Each blob hasthe most important informati on about each
region. Thisinformationincludescolor, texture, shape, area
and position, but only thefirst three are considered rel evant.

Preprocessing Algorithm

The basic agorithm for finding associations between im-
ages/blobs is similar to our association finding agorithm
Partition[16], as long as we preprocess the image data. By
preprocessing the image data, we will identify and label
obj ects contained in the images using the image query pro-
cessing algorithm [4]. The output of the preprocessing step
will beaset of records, Ry, Ry, . . . R, onefor each image,
containing the object identifiersfor the objects contained in
the image. This step is quite intensive since it is a sm-
ilarity search between images, actually image descriptors.



INPUT: » segmented images, {1, I, ..., I},
where [; isarecord containing:

an id number and a blob descriptor vector bd
OUTPUT: n records, { R1, Rz, ..., Rn}
containing the object identifiers for the blobs

FORi1 = lton DO
Ry = 0
ENDFOR
objectad =0
FORi1=1T0On—-1D0O
FOR j1 =1T0 size(I;.bd)
first_time = true
FORiz=1+4+11T0n
IF I;,.bd;, ts not matched yet THEN
IF similar(l;,.bd;,, I;,.bd;,) THEN
IF firsttime THEN
objectad = objectad + 1
first_time = false
ENDIF
Ry = Ry U {objectid}
Ri, = Ry, U {objectid}
Mark I;,.bd;, as matched
ENDIF
ENDIF
ENDFOR
Mark I;,.bd;, of matched
ENDFOR
ENDFOR

Filter out unwanted matched objects

Figure 1. Preprocessing Algorithm

However, once thisis accomplished, the actual data mining
step will not requirethe expensive similarity searching. Our
preprocessing agorithmis shownin Figure 1.

First of al we initiaize the n records, which store the
object id’sfor each of the n images. Thisagorithm hasfour
nested loops. These loops are required to compare every
blob against therestintheimagedatabase. Inthismanner we
do not miss any potential match. Note that comparisons are
always made between blobsin different images. Assuming
the blob descriptor vector dimension is bounded, then this
agorithmisO(n?). Thisisareasonableasumptionsincethe
segmentation step cannot produce a high number of blobs.
Nevertheless, if the number of objects in each image can
also grow without bound this algorithm is O(m?n?) for m
thenumber of possibledifferent objectsand n the number of
images. This can render the agorithm slow if n and m are
similar; in general thisagorithmis fairly fast if m << n,
whichisthe usua case in practice.

The variable first_time is used to generate new object
id’'s when one blob is matched for the first time. Thisis

necessary because a single object in one image may be
similar to many other objectsinthefollowingimagesand all
these objects should have the same id. When one blob turns
out to be similar to another one we add the object id to their
corresponding records. The first is the record that is being
compared against the rest and the second one is the record
for which a match was found. The second object in the
comparison will be discarded avoiding afuture unnecessary
comparison. The similarity function to compare blobs is
expensive to compute as we will see. So thishas an impact
on the overall performance of the algorithm.

Each segmented imageistreated asarecord and itstrans-
formation to a set of identified objects will also produce a
record. This representation will aso give us a direct way
to incorporate aphanumeric information associated with
the image into the image mining process. The algorithm
can handle such informati on without modification, provided
those additional attributes are treated as boolean values.

Similarity Function

The similarity function[4] between two blobsisessentia for
our image mining program. Thisfunctiontakesfour param-
eters, the two blobs to be compared, a similarity threshold
and a vector of standard deviations. The similarity function
ismathematically defined as:

o . _ distance(bloby,bloby)
stmilarity = e 2 ,

where

distance(bloby, bloby) =
[(bloby — bloby) T ==Y (bloby — bloby)]M2.

In these formulas blob; and blob, are vectors containing
summary features and >~ represents the vector containing
thestandard deviationsallowed for matching on each desired
festure. The —1 power means we divide each distance by
the corresponding entry of this vector; this is clarified in
Figure 2. This similarity measure is 1 if there is a perfect
match on al desired features and approaches zero as the
match becomes worse. A low similarity can mean every
object issimilar to any other object.

It isimportant to note that the distance for color is com-
puted in a specia manner. Colors are stored as three coor-
dinates for a point located in a color-cone, referred as the
hue saturation value (hsv). The distanceis computed as the
minimum pairwise distance of the two dominant colors of
the object. Each color is a point in 3-dimensional space
affecting its third coordinate by aweight of 0.5 and leaving
thefirst two unchanged. Thisiscomputed as amatrix prod-
uct between the color vector and the weights. This distance
congtitutesthe first entry of the difference vector. For al the



INPUT : bdy,bdy, stmilarity_threshold, std_dev
OUTPUT : 1 for a match, 0otherwise

d11 = (bloby.cone; — bloby.coner) * [ 110.5]
d22 = (bloby.coney — bloby.conez) * [ 110.5]
dl = |d11] + abs|d22|

d12 = (bloby.cone1 — blobz.coney) * [ 11 0.5]
d21 = (bloby.cones — bloby.coneq) * [ 11 0.5]
d2 = abs|d12| + abs|d21|

dist; = min(dl,d2)

disty1n = blobi. features — bloby. features

score — ol —05% sqri(ZiL ((dist;/std_dev;)?)) )

return score >= similarity_threshold

Figure 2. Similarity function

remaining 10 features the distance is just computed as the
difference between each blob entry.

The standard deviation vector permits adjusting parame-
ters for the image mining process to use or discard features
inan easy way. If wewant to pay close attention to one spe-
cific feature we set the standard deviationto avaue close to
zero, but never zero. If we do not consider some festure to
be relevant to the mining process we set the standard devia
tionto ahigh value. For most of the features the blobworld
system requires standard deviationsto bein specific ranges.
More specifically standard deviations for color, anisotropy,
and contrast require standard deviationsat amaximum value
of roughly 0.5. For areaat most 0.1 is permitted. For al the
remaining features any positive standard deviation is legal.
If some feature is considered as completely irrelevant an
infinity value is assigned to the corresponding entry.

A more detailed description of the similarity function
between two blobsisgivenin Figure 2.

Auxiliary Image Creation

It isimportant to mention that the auxiliary image creation
step is necessary in order for the user to make sense out of
theimage mining results. We use aweb browser as the tool
tohaveanintegrated view of images, image features (blobs),
object ids, associations, and association rules.

The association rules shown to the user are of the form:

{idl, idy . . de} — {id;ﬂ_]_, .. Zdn}, s = X%, c=Y%

For each image we show the original image with dl the
geometric shapes and then one blob image per matched
blob. Ideally, each blob should correspond to one shape but
this does not always happen as we will discuss. Each of
of the blobs is labeled with the object id generated by the
preprocessing algorithm. These are the id's that appear in

the rule. Right now this step is somewhat slow because it
involves generating one image per matched blob, but this
process is done only once if the image mining program is
run several times over the same image set. And aso, this
step is dleviated by the fact that unmatched blobs are not
displayed and thus no image for them is generated.

After showing all the images there are two linksto view
the association text file and the association rule text file
generated by the previous step. These files contain al the
associations and rules as well as statistical information that
help the user interpret and verify the correctness of the ex-
perimental results.

3.3. Example

At this point we show a simple example illustrating how
our image mining algorithmswork with n» = 10. The orig-
inal images and their corresponding blobs are shown on
Figure 3. Association rules corresponding to the identified
objects are shown on Figure 4. We chose 10 representative
images from the image set we created for our experiments.
Thisset of syntheticimagesisexplained in detail inthe next
section.

In Figure 3 we show the origina image at the left with
several geometric shapes and white background. These im-
agesarelabeled withanimageid. Theseimagesaretheonly
input data for our program; no domain knowledge is used.
Then we show a series of blob images, each containing one
blob. These images are labeled with the id obtained in the
preprocessing agorithm. Each blob has a close (most times
equal) positionto its corresponding geometric shape. There
are some cases in which one blob corresponds to several
geometric shapes.

For instance in image 004 the object 2 corresponds to
the triangle. Object 1 is the background and is eliminated
from consideration by filtering out the blobs corresponding
toit. Note that in the image 033 the circle has two blobs
corresponding to it (6 and 11). Some of the blobs do not
correspond to one shape, but to a set of shapes. This the
case for blob 8 in image 103 and image 131, or the first
blob9inimage 119. It isimportant to note that these object
identifiersare undesirabl e but the association rule algorithm
eliminates them because they only appear in a couple of
cases because their support islow. Also, it isimportant to
note that object 9 isreally the ellipse but there are no rules
involving 9. Also object 2 is always the triangle except in
image 108 in which it aso corresponds to an dlipse. It is
interesting that the ellipse gets such identifier because this
only happenedinthiscase; that is, thereisnoimageinwhich
the ellipse gets 2 and thereis no triangle. Thisisagain, a
problem arising from the feature extraction step.

As parameters for object identification we set color stan-
dard deviation to 0.5, contrast standard deviation to 0.5 and



IMAGE MINING RESULTS
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Figure 3. Images and blobs
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Figure 4. Association rules for identified ob-

jects



anisotropy also to 0.5. The similarity threshold as needed
by the similarity function was set to 0.6. We tuned these pa-
rameters after severa experiments. These parameters maxi-
mized the number of associationsand decreased the number
of undesirable matches. The remaining parameters did not
improve object identification for this set of syntheticimages
so their values were set to infinity.

The data mining algorithm was run with a 30% support
and 70% confidence. The outputisaset of association rules
whose support and confidence are above these thresholds.
The 83 rulesobtained by the program are shown on Figure4.
The ruleswe are going to explain here are marked with ***
on the Figure 4. We preferred to show the entire output of
our program in order to give the reader atruthful assesment
of theresults.

Thefirst rule {4 = 2} tellsusthat if thereis an hexagon
thereisatriangle; therule has confidence 1.0 and it isindeed
correct. A similar ruleis {10 = 2} that saysthat if thereis
a sguare then there is a triangle. Note that these two rules
have acorrect confidence but their supportisactualy higher.
This happens because the hexagon got two identifiers (4 and
5) and the square also got two identifiers (7 and 10). This
also originates the problem of having repested rules since
{5= 2} isthesame as {4 = 2}.

Now, looking at larger rules we see that the rule
{47 11} = {2}, which says that an hexagon, a square
and acircle imply a triangle is right. In fact, there is no
image in this example in which these 3 shapes happen to-
gether and there is no triangle. A rule which has a lower
confidencethan 1is {211} = {7}. The confidencefor this
ruleisactualy lower because image 029 has atriangle and
acircle but it does not have asquare, asimplied by therule;
thishappened because thecirclein thisimage wasidentified
as object 6 and was not also identified as object 11.

Some of therulesare redundant asisthe casefor therule
{5 = 4}. Thisrule says an hexagon implies an hexagon.
An analog case is the rule for the square {10 = 7}. This
problemisoriginated from the Blobworld system tht assigns
two blobs to the same shape. However, in larger collections
of imagesit may bethe casethat somerulecan bediscovered
with one blob and not with the other one and therefore this
might be helpful.

For this set of images none of therulesshown arefaseas
can be verified. In some cases Their support or confidence
arehigher or abit lower because the objectswereincorrectly
matched; but that differenceisnot significant. Itisimportant
to note that running the program with the lowest possible
support (10%) does produce severa incorrect rulessince any
rulevalid for one image becomes valid for the entire set.

4. Experimental Results
4.1. Synthetic Image Generation

To test our image mining algorithm we created synthetic
images. We used synthetic images as a starting point in
showing the feasibility of mining images. Also, with our
constrained image set, we can more readily determine the
weaknesses and strengths of our approach. Theseimagesare
192x128 color JPEG format becausethe Blobworld software
from UCB needed this specific size. It isimportant to note
that this format uses a lossy compression scheme and thus
image quality is deteriorated. This was not a problem for
our synthetic images, but it may be a problem for images
with rich information content, such as photographs.

Our images contain a combination of plain geometric
shapes. The seven shapes for our experiments were; trian-
gle, circle, square, rectangle, hexagon, elipse and an irreg-
ular shape similar to the letter L. Each of the shapes had a
different uniform color and ablack border. The background
was always white. The texture for each shape was uniform
with one exception, the irregular shape. For technical rea-
sonstwo additional littleobjectswere added to two opposing
cornersof each imageto delimititssize. Theselittleobjects
areignored by the feature extraction step because it discards
objects whose area does not represent more than 2% of the
total image area.

Each geometric shape has the same size and color in
each image where it appears. All shapes have a similar
size with respect to each other. However, their position
and orientation can differ between images. To make the
mining process more interestingand realistic, in some cases
we overlapped shapes or placed them very close to each
other so they would seem to be part of the same object by
the segmentation a gorithm.

With the guidelinesmentioned above wemanually gener-
ated 100 basi cimages and we replicated some or all of these
images to obtain larger image sets for our experiments. In
Table 1 we show summary information for the images we
created. We partitioned images into classes according to
their content complexity. Image id’s below 100 indicate
easy to mine images and image id’s greater than 100 mean
difficult images, that is, images with complex content. In
the easy images we have no more than 4 shapes plus the
background. Shapes are in different positions but they are
not close to each other and they are not overlapping either.
For difficult images we have up to 7 shapes plus the back-
ground. In thiscase shapes overlap and also may be closeto
each other. This certainly makes the image mining process
more difficult. We want to stress that our synthetic images
are not as complex as images from the real world. Thisis
afirst attempt to mine association rules and thus we created
simpleimages to carefully study the experimental results.



Category Manua | Automatic
No of associations 63 30
No of rules 330 44
Max association size 6 4
Avg support 045 043
Avqg rule confidence 0.80 0.82

Table 1. Manual versus automatic image con-
tent mining

4.2. Quality of results

We should mention that there were no false association
rules. 1t did not happen that an object wasincorrectly identi-
fied and then arule was generated with the incorrect identi-
fier. In general when we found a match between two objects
they were the same shape. All the incorrect matches are fil -
tered out by the support parameter and then the association
rules are generated for objects correctly ideintified. Also,
some redundant matches happened because of the blobsthat
represented severa shapes but these matches arefiltered out
by the rule support.

In Table 1 we present a summary of our experimental
results with 100 hundred images. We compare the results
obtai ned by manually identifying objectsin each image and
then generating associ ation rulesfrom such identifiers(Man-
ual Column) against the results obtained by our current im-
plementation (Automatic Column). Ideally, our image min-
ing al gorithm should produce the same resultsas the manual
process. So, thetable givesastandpoint to assessthe quality
of our experimental results. For these 100 images unwanted
matches, either incorrect or involving many objects, hap-
pened in at most 4 images, and therefore their support was
well below the minimum support frequency which was at
30.

These experiments were run using the same parameters
for object identification as in our small example with 10
images. The parameters for object identification had the
following values. We set color standard deviation to 0.5,
contrast standard deviationto 0.5 and anisotropy also to 0.5.
The similarity threshold as needed by the similarity function
was set to 0.6. We tuned these parameters after severa
experiments. These parameters maximized the number of
associations and decreased the errors in unwanted matches.
The association rule program was set to look for ruleswith
a 30% support and 70% confidence.

The background represents an object itself. Since associ-
ation rules with the background were not interesting for our
purposesit was eliminated from consideration by the object
identification step. It isimportant to note that thisis done

after objects have been identified.

We tuned the object identification step to find similar ob-
jects changing valuesfor severa parametersinthefollowing
manner. The most important features used from each ob-
ject were color and contrast. We alowed some variance for
color (0.5) and the maximum allowed variance for contrast
(0.5). The anisotropy helped eliminate matches involving
several geometric shapes. We ignored shape, because ob-
jects could be partially hidden and rotated. Position was
considered unimportant because objects could be anywhere
in each image. Anisotropy and polarity were ignored be-
cause amost al our shapes had uniform texture. Areawas
given no weight because objects could be overlapping, and
thustheir area diminished; thiscan be useful to make perfect
matches when objects are apart from each other.

A few rules had high support. One problem that arose
during our experiments was that the same shape could have
two different blob descriptors, and these blob descriptors
could not be matched with two other descriptors for the
same shape in another image. This caused two problems.
First, a rule could be repeated because it related the same
shapes. Second, arule did not have enough support and/or
confidence and therefore was discarded. So, therulesfound
were correct and in many cases had an actual higher support
and also higher confidence.

To our surprise in some cases there were no object
matches because an object was very close to another one
or was located in a corner of the image. When two or more
objects were overlapping or very close they were identi-
fied as a single object. This changed the features stored
in the blob. The problem was due to the dlipsoida shape
of the blobs and the fact that when a geometric shape was
located in a corner thta changed its anysotropy and polarity
descriptors. Given a blob for an object very close to one
corner means determining an adequate radius for the blob
(i.e., dlipse).

Regular shapes such as the triangle, square and hexagon
were easily matched acrossimages. Thisis adirect conse-
guence of the circular blob representation produced when
the image is segmented. In this case neither position nor
rotation affect the mining process at dl. It was surprising
that in some cases there were no matches for the circle; in
these cases it was in a corner or some other shape was very
close or overlapping. Another important aspect about shape
isthat we do not use it as a parameter to mine images, but
shape plays an important rol e during the segmentation step.
So, shape does affect the image mining results quality.

The rectangle and the dllipse are the next shapes that are
easily matched even though we did not use the shape feature.
Themost complicated shapewastheL. Inthiscase anumber
of factorsaffected matches. Whenthisshapewasoverlapped
with other shapes a few matches were found because a big
blob was generated. Also, orientation changed dominant



# of images 50 100 150 200
1. feature 50292 | 80777 | 127038 | 185080
2. obj identif 210 338 547 856
3. aux image 3847 | 6911 | 10756 | 13732
4. assoc rules 6 3 6 4

Table 2. Measured times in seconds for each
Image Mining step with different image set
sizes

colorsand contrast. When the L was close to another shape
itscolorswere merged makingit dissimilar to other L shaped
objects. Thissuggeststhat irregular shapesin general make
image mining difficult.

Weworkedwith colorimages but itisal so possibleto use
black and white images. Color and texture were important
in mining the geometric shapes we crested. However, we
ignored shape as mentioned above. Shape may be more
important for black and white images but more accurate
shape descriptors are needed than those provided by the
blobs.

4.3. Performance evaluation

We ran our experiments on a Sun Multiprocessor
(forge.cc.gatech.edu) computer with 4 processors (each run-
ning at 100 MHz) and 128 MB of RAM. The image mining
program was written in Matlab and C. The first three steps
are performed in Matlab.

The feature extraction process is done in Matlab by the
software we obtained from UCB. Object identification and
record creation were also done in Matlab by a program
developed by us. An html page is created in Matlab to
interpret results. The association rules were obtained by a
program writtenin C.

I n thissection we examine the performance of thevarious
components of the image mining process, as shownin Table
2 for several image set sizes. These times were obtained by
averaging the ellapsed times of executing the image mining
program five times.

4.4. Running time analysis

Feature extraction, although linear in the number of im-
ages, is dow and there are several reasons for this. If im-
age sizeincreases performance should degrade considerably
since feature extraction is quadratic in image size. Never-
theless, this step is done only once and does not have to be

repeated to run the image mining algorithm severa times.
Object identification is fast. This is because the agorithm
only compares unmatched objects and the number of objects
per image isbounded. For our experimental resultstimefor
this step scales up well. Auxiliary image creation isrela
tively slow but itstime grows linearly since it is done on a
per image basis. Thetimeit takesto find rulesisthe lowest
among al steps. If theimage mining program isrun several
times over the same image set only the times for the second
and the fourth step should be considered since image fea
tures already exist and auxiliary images have already been
Created.

5. Application

Image mining could have an applicationwithrea images.
The current implementation could be used with a set of
images having the following characteristics:

¢ Homogeneous. Theimages should have the same type
of image content. For instance, the program can give
useless results if some images are landscapes, other
images contain only people and the remaining images
have only cars.

¢ Simpleimage content. If theimages are complex they
will produce blobs difficult to match. Also, the associ-
ation rules obtained will be harder to interpret. A high
number of colors, blurred boundaries between objects,
large number of objects, significant difference in ob-
ject size make the image mining process more proneto
errors.

o A few objects per image. If the number of objects per
image is greater than 10 then our current implementa:
tionwould not give accurate resultssince Blobworldin
Most cases generates at most 12 blobs per image.

o New information. Theimage itself should should give
information not already known. If al the information
about the image is contained in associated alphanu-
meric data, then that data could be mined directly.

6. Future Work

Results obtained so far ook promising but we need toim-
prove several aspectsin our research effort. Weare currently
working on the following tasks.

We also need to analyze images with repeated geometric
shapes. If we want to obtain simple association rules this
can make our program more general. This can be done
without further modification to what is working. However,
if we want to mine for more specific rules then we would
need to modify our algorithm. For instance, we could try to



produceruleslikethefollowing: if there are two rectangles
and onesquarethenwe arelikely to find threetriangles. The
issues are the combinatorial growth of al the possibilitiesto
mine and also a more complex type of condition. We will
also study more deeply the problem of mining images with
more compl ex shapes such astheirregular onesimilar tothe
letter L.

We need a systematic approach to determine an optimal
similarity threshold or at least a close one. A very high
threshold means only perfect matches are accepted. On the
other hand, a very low similarity threshold may mean any
object is similar to any other object. Finding the right simi-
larity threshold for each image typelookslike an interesting
problem. Right now it is provided by the user but it can be
changed to be tuned by the agorithmiitself. Also, thereare
many waysto tunethe eleven parametersto match blobsand
the optimal tuning may be specific to image type.

There also exists the possibility of using other segmen-
tation algorithms that could perform faster or better feature
extraction. It is important to note that these agorithms
should giveameans to compare segmented regions and pro-
videsuitableparametersto perform object matchingin order
to be useful for image mining. From our experimental re-
sultsit is clear that this step is a bottleneck for the overall
performance of image mining.

We can change the object identification algorithms to
generate overlapping object associations using more fea
tures. Our agorithm currently generates partititons of ob-
jects, that is, if one object is considered similar To another
one, the latter one will not be compared again. By gener-
ating overlapping associ ations we can find even more rules.
For instance ared rectangul ar object may be considered sim-
ilar to another rectangular object and at the same time be
similar to another red object. Mining by position is aso
possible; for instance two objects in a certain position may
imply another object to be in some other position. Since
the software we are using for feature extraction produces
eleven parameters to describe blobswe have 21! possibilites
to match objects.

7. Conclusions

We presented anew algorithmto perform datamining on
images and an initia experimental and performance study.
The positive points about our agorithm to find association
rulesinimagesand itsimplementationincludethefollowing.
It does not use domain knowledge, it is reasonably fadt, it
does not produce meaningless or falserules, it isautomated
for the most part. The negative pointsinclude: some valid
rulesarediscarded becauseof low support, therearerepeated
rules because of different object id's, unwanted matches
because of blobs representing severa objects, dow feature
extraction step, a careful tuning of several parameters is

needed, it does not work well with complex images.

We studied this problem in the context of data mining
for databases. Our image mining agorithm has 4 major
steps: feature extraction, object identification, auxiliary im-
age creation and identified object mining. The slowest part
of imageminingisthefeatureextraction step, whichisrealy
apart of theprocess of storingimagesinaCBIR system; and
is done only once. The next slowest operation is creating
the auxiliary blob images which is also done once. Object
identification and association rulefinding are fairly fast and
scale up well with image set size. We also presented several
improvements to our initial approach of image mining.

Our experimental results are promising and show some
potentia for future study. Rulesreferring to specific objects
are obtai ned regardl ess of object position, object orientation,
and even object shape when one object is partially hidden.
Image mining is feasible to obtain simple rules from not
complex images with afew simple objects. Nevertheless, it
requires human intervention and some domain knowledge
to obtain better results.

Images contain a great ded of information, and thus the
amount of knowledgethat we can extract fromthemisenor-
mous. Thiswork is an attempt to combine association rules
with automatically identified objects obtained fromamatch-
ing process on segmented images. Although our experimen-
tal results are far from perfect we show that it is better to
discover some reliable knowledge automatically than not
discovering any new knowledgeat all.
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