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ABSTRACT

Content based image retrieval (CBIR) is well-known in the field of image
retrieval. It uses the analysis of the content of an image from image processing to
retrieve images that users look for from an image search. In this paper, we used binary
images for demonstration. Fourier descriptors were used to analyze testing and
training images in the preprocessing step. Fourier coefficients were quantized into
multiple attributes, and rough set theory was used to generate a rule-based system.
Rough set theory was used as a data mining technique. When comparing similarity
measurements and rough set data mining in the image retrieval results, usage times,
and usage memories are all advantageous in rough set data mining. Precision and
accuracy are almost the same in both methods. Similarity measurement has an

advantage in recall.
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CHAPTER |
INTRODUCTION

1.1 Background and Problem Statement

We use a database system for storage information. The type of the
information such as images, texts, music and movies that a difference kind of
encoding and file types. The data images can use some methods of image retrieval
technologies for query the database of digital images. The most traditional and
common methods of image retrieval utilize some methods of adding metadata such as
captioning, keywords or descriptions to the images. The content based image retrieval
is @ method that uses the content of digital image for querying image. The contents of
images (such as color, shape, texture etc.) are used to process in numerical computing
of digital image retrieval. For example, we use a color for classify the groups or
species of flowers. We have many features of colors of each image and we can not use
all color features to process in all digital images. We might be used all color features
to process it but we use over time for processing. However, we can use the data
mining for solve this problem.

Data mining is the process of automatically discovering useful information
in large data repositories. Data mining techniques are deployed to scour large
databases in order to find novel and useful patterns that might otherwise remain
unknown. They also provide capabilities to predict the outcome of a future
observation, such as predicting whether a newly arrived customer will spend more
than $100 at a department store [1].

In the field of classification we can use the rough set theory for data
mining technique apply to image retrieval. This method use the features (such as color,
texture, shape and layout) of images data, which are done preprocessing before, for
mining images data and classify images data that receive from resources. The rough
set theory makes the rule sets from data for classifying. We not necessary to use all
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data to processing but we can use some data that unique from other for classifying and
processing.

1.2 Objectives
1.2.1 To study the theory and method for a classification of rough set
theory.

1.2.2 To create and develop image retrieval system using rough set theory.

1.3 Scope of Work

1.3.1 To retrieve an image by rough set theory.
1.3.2 To use general PNG files as the only binary image.
1.3.3 To test a method on MATLAB of 3000 binary images.

1.4 Step of Work

1.4.1 Study details of a theory and method for the rough set theory.

1.4.2 Collect images for testing.

1.4.3 Analysis and design of the rough set theory apply to image retrieval.
1.4.4 Develop the rough set for data mining.

1.4.5 Test and debug the rough set data mining.

1.4.6 Conclusion and recommendation.

1.5 Expected Results

1.5.1 The theory and method for classification of rough set theory apply to
image retrieval are clearly understood.

1.5.2 Image retrieval based on rough set data mining is developed in
MATLAB.
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CHAPTER I
LITERATURE REVIEW

2.1 An overview of content based image retrieval

Content-based image retrieval (CBIR), also known as query by image
content (QBIC). The content-based visual information retrieval (CBVIR) is the
application of computer vision to the image retrieval problem, which is a problem of
searching for digital images in large databases. The content of image might refer
colors, shapes, textures or any other information that can be derived from image itself.

The term CBIR seems to have originated in 1992, when it was used by T.
Kato to describe experiments into automatic retrieval of images from a database, based
on the colors and shapes present. Since then, the term has been used to describe the
process of retrieving desired images from a large collection on the basis of syntactical

image features [2].

2.2 Feature extraction technique for CBIR [3]

The commonest features used are the mathematical measurement of color,

texture or shape.

2.2.1 Color retrieval

Each image added to the collection is analyzed to compute a color
histogram which shows the proportion of pixels of each color within the image. The
color histogram for each image is then stored in the database. At search time, the user
can either specify the desired proportion of each color (75% olive green and 25% red,

for example), or submit an example image from which a color histogram is calculated.
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2.2.2 Texture retrieval

The ability to retrieve images on the basis of texture similarity may not
seem very useful. But the ability to match on texture similarity can often be useful in
distinguishing between areas of images with similar color (such as sky and sea, or
leaves and grass). A variety of techniques has been used for measuring texture
similarity; the best established rely on comparing values of what are known as second-
order statistics calculated from query and stored images. Essentially, these calculate

the relative brightness of selected pairs of pixels from each image.

2.2.3 Shape retrieval

Shape is a fairly well defined concept and there is considerable evidence
that natural objects are primarily recognized by their shape. A number of features
characteristic of object shape (but independent of size or orientation) are computed for
every object identified within each stored image. Queries are then answered by
computing the same set of features for the query image, and retrieving those stored
images whose features most closely match those of the query. Two main types of
shape feature are commonly used global features such as aspect ratio, circularity and
moment invariants and local features such as sets of consecutive boundary segments.

From these techniques of feature extraction, we can see that the features
have various data and large size. In searching technique, if data are very large that the
problem about the time. We can use the rough set data mining technique to solve this

problem and optimize some data for searching and classification data.

2.3 Fourier descriptor

Fourier Descriptor is the most techniques for extracting the contents of
image contour. The coordinate boundaries will be transformed to complex value to
calculate the Fourier coefficients. From the boundaries of images, we can make sure
that the image invariant for translation and rotating by moving the centroid to origin
(0,0) as following:

'

X; = Xj— Xcandy; = y;— yewithi=1,...,L (1)
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Where L denotes the number of boundary points.
X, 1s coordinate x of centroid.

yc 1s coordinate y of centroid.

The discrete Fourier Transform of image contour C v is given by:

1oL— _i
= Lk a2/t @

1 _ i
b = & Bkl yme 2Tm/L 3)

Where k=0, 1, ..., L-1
ag and by have to be changed to polar form and normalize.
re = +lakl?® + [bg|? 4)
From this polar form, cut DC component (ry) and normalize.

S5 = =X withk=1, ...,L-1 (5)

Fourier Descriptor (si) is now invariant to translation, rotation and

starting point.

2.4 Rough set theory [6]
The rough set methodology was introduced by Pawlak in the early 1980s

as a mathematical tool to deal with uncertainty. It is a formal approximation of a crisp
set in terms of a pair of sets which give the lower and the upper approximation of the

original set. In the standard version of rough set theory (Pawlak 1991), the lower and
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upper approximation sets are crisp sets, but in other variations, the approximating sets

may be fuzzy sets.

2.4.1 Information systems

An information system contains a data set represented in a table. Each row
in the table represents a core, an event, a patient, or simply an object. Every column
represents an attribute (a variable, an observation, a property, etc.) that can be

measured for each object, the attribute may be also supplied by a human expert or

user.
An information system, S, is defined as:

S=(UA {Va:€ A} (6)

Where U is a non-empty finite set of objects,

A is a finite, nonempty set of mappings,
a:U -V, and

V, is the value set of a.
Example 1: To illustrate the concept of information systems, we present an
example as a Table 2.1. There are five animals or objects, and four attributes (Size,

Type, Color, and Flying).

Table 2.1 An example information system

Size Type Color Flying
X1 Small Bird White Yes
X2 Medium Bird Black Yes
X3 Medium Cat Brown No
X4 Small Bird White Yes
X5 Big Horse White No

We interpret U as a set of objects (or situations) and A as a set of attribute

mappings each of which assigns to an object a value which a may take under the
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respective attribute. This information is expressed by one distinguished attribute called
decision attribute, the process is known as supervised learning. Information system of
this kind is called decision systems. The information system in table 2.1 is also a

decision system S = (U, {Size, Type, Color} U {Flying}) with decision attribute Flying.

2.4.2 Indiscernibility

One of the most important concepts of rough set theory is indiscernibility,
which is used to define equivalence classes for the objects. Each subset of attributes
Bc A defines an equivalence relation, denote IND(B) and will be called an

indiscernibility relation. This indiscernibility relation is defined as:
IND(B) = {(x,y) € Ux U: F(x,a) = F(y,a) for every a € B} (7)

In equation 7, the subset of attributes B will define a partitioning of the
universe into sets such that each object in a set cannot be distinguished from other
objects in the set using only the attribute in B. The sets of the condition as mentioned
on above are called equivalence classes. The family of all equivalence classes of the
equivalence relation IND(B) is denoted U/IND(B).

Example 2: In the information system shown in Table 2.1, we see that
objects X; and X, are indiscernible. The indiscernibility relations from the table 2.1

are as follows:
IND(Size) = {{xy, x4}, {X2, X3}, {xs}}
IND(Type) = {{xy, X5, %4}, {X3}, {x5}}
IND(Color) = {{xl, X4, X5}, {X2}, {X3}}
IND(Flying) = {{xq, X2, X4}, {X3,%5}}
IND(Size, Type, Color, Flying) = {{x,x,}, {x3}, {xs}, {xs}}

2.4.3 Decision systems
If we add the decision attributes into the information into the information

systems, this system is called a decision system. The decision systems is defined

(Bjanger, 1999)
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S=(U,Au{d}) (8)

Where d ¢ A is a distinguish attribute called the decision attribute,

The elements of A are called condition attributes, Since a decision system
is a special kind of information system, the decision is not necessarily constant on the
equivalence classes. That is, although the two objects belonging to the same
equivalence class, the values of the decision attribute may be different. In this case, the
decision system is inconsistent. The decision system is consistent if there exists any
class E € A U {d} for which a unique classification can be made.

Example 3: The simple information system S = (U, A) shown in Table 2.1
is a result of measuring the three characteristics Size, Color, and Flying of different
animals.

Now, let us extend the information system as shown in Table 2.1. The
additional object of animal has been stored to the table, which is shown in Table 2.2.

Table 2.2 An example of the extended information system

Size Type Color Flying
X1 Small Bird White Yes
X2 Medium Bird Black Yes
X3 Medium Cat Brown No
X4 Small Bird White Yes
X5 Big Horse White No
X6 Medium Bird Black No

From this example we can see some of the problems that rough set theory
addresses. For instance, objects x, and x4 belong to the same equivalence classes, but
they have different values for the decision Flying attribute. This means that the
information system in this example is inconsistent.

The objects are classified according to condition attributes C =

{Size, Type, Color}, and the classification is represented as the decision attribute set
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D = {Flying}. By removing the inconsistent attributes and their values. We can search
a set of equivalence relations from the decision table, and the objects are represented
in terms of object classes, each of which is supported by a number of examples, given
in the rightmost column of the table. Thus, there are three object classes such as x; and

X4, X3 and Xz classes respectively.

2.4.4 Set approximation

Approximation spaces are the core mathematical concept of rough set data
analysis, and their usage reflects the idea the granulation of information can be
described by classes of and indiscernibility relation. Given an information system,
S = (U,A), and subset of attributes, B € A, we would like to approximate a set of
objects, X, using only the information contained in B.

For X C U, and B € A we associate two sets defined as follows (Lken,

1999):
B.X = {x|[x]g € X} €)

Is the lower approximation or positive region of X, and
B*X = {x|[x]g N X # @} (10)

Is the upper approximation or possible region of X.

The lower approximation is the set containing all objects for which the
equivalence class corresponding to the object, which is a subset of the set we would
like to approximate. This set contains all objects, which with certainty belong to the
set X.

The upper approximation is the set containing the objects for which the
intersection of the object’s equivalence class, and this set we would like to
approximate is not the empty set. This set contains all objects, which possibly belong
to the set X.

A set BNg(X) = B*X — B, X will be called B-boundary of X.

If X € U is given by a predicate P and x € U, then
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- x € B,X means that x certainly has property P,
- x € B*X means that x possible has property P, and
- x € U\B*X means that x definitely does not have property P.

The area of uncertainly extends over B*X \ B, X, and the area of certainly
is B,XUB*X, respectively. The concepts of lower approximation, upper

approximation and B-boundary region are illustrated in Figure 2.1.

Boundary of Set X
RN Lower approximation of X

v Difference of upper and
lower approximation of X

Figure 2.1 Rough set approximation

Example 4: Approximating the set of animal sizes in Table 2.1 that can fly

is shown in Figure 2.2.

Figure 2.2 Approximation of the yes set

2.4.5 Core and reduction of attributes

The set of attributes in the information system describes objects in the
system. We use the set of attributes to classify the objects into classes that are
determined by anywhere from one to several attributes. Sometimes it happens that the
set of attributes provides more information about objects then is needed to distinguish

them. In such a situation some of the attributes may be reduced without losing the
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ability to group the objects. In the rough set approach, there are two fundamental
concepts used in the reduction of knowledge, a reduct and the core. Intuitively, a
reduct is one essential part of an information system, which can discern all objects that
are discernible by the original information system. The core comprises the attributes
that are indispensable to the discrimination of objects, the attributes that are contained
in all the reducts. These concepts are formally defined in Definition 1 and 2 (Lken,
1999), but first it is necessary to introduce some auxiliary notions.

Definition 1: (dispensability) Given S = (U, A), an attribute a is said to be
dispensable in B<S A if IND(B) = IND(B —{a}), otherwise the attribute is
indispensable in B. If all attribute a € B s are indispensable in B, then B is called
orthogonal or independent.

Definition 2: (Reducts) Given an information system S = (U, A), let B &
A. A reduct of B is a set of attributes B' € B such that all attributes A € B — B’ are
dispensable (B’ is orthogonal), and IND(B') = IND(B). The set of reducts of B is
denoted RED(B).

CORE(B) =N REDggperep(s) (11)

From these definition, we can say that attributes a € B is superfluous in B,
if IND(B — {a}) = IND(B), otherwise it is indispensable.

If all attributes a € B are indispensable in B. So the set of all indispensable
attributes in B will be called the core of B, and will denote CORE(B). The core is a set
of attributes such that the removal of a single attribute impacts on the original ability
to distinguish the objects. The core of attributes is the interaction of all reductions.

Example 5: To discern between the different equivalence classes in the
example in Table 2.1, only the attributes Size, Type, and Color are necessary. So

{Size, Type, Color} is an example of a reduct:

IND4 ({Size, Type, Color}) = IND,(A) (12)

Reducts can be computed on the basis of discernibility matrices and

discernibility functions.
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2.4.6 Discernibility matrices
A discernibility matrix of S is a symmetric n X n matrix with entries
(Bjanger, 1999)

Cij = a € Ala(x;) # a(x;) forij=12,...,n (13)

The entries for each object are thus the attributes that are needed in order

to discern object i from object j.

Example 6: The discernibility matrix for our example in table 2.1 is shown in table

2.3. For readability, the three attributes are abbreviated s, t, ¢ respectively.

Table 2.3 Discernibility matrix

X1 X2 X3 X4 X5
Xq 0) S, C s, t,c [0} s, t
X, 0) t, c S, C S, t,C
X3 0] s, t, ¢ s, t, ¢
X4 ) s, t
Xsg )

In a discernibility matrix the diagonal elements are naturally @ and
Cjj = Cji- Therefore, the lower triangular part in Table 2.3 is omitted. In the matrix,
C14 = @ because the values of decision attributes for object s, t, and ¢ are the same.
Ci2 = {s, ¢}, because only the values of condition attributes s and ¢ are different for

the case of examples x; and X4.

2.4.7 Discernibility functions
A discernibility function (Bjanger, 1999) is a Boolean product-of-sum
function that expresses how an object or a set of objects can be discerned from a

certain subset of the full universe of objects.
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From the discernibility matrix, we can build a discernibility function. A
discernibility function F, for an information system S is a Boolean function of m
Boolean variables aj, ...,ay, (corresponding to the attributes a, ...,a,,) defined as

below.

where Cj; = {a"|a € C;}

The discernibility function is a conjunction of all the entries in the
discernibility matrix that are not the empty set. The conjunction may, if possible, be
simplified. The results of simplification are the possible reducts for the information
system.

It is also possible to generate a discernibility function from the
discernibility matrix for one of the objects in the information system. This is done by
looking at only one row (or column) in the discernibility matrix, and forming a
conjunction of all the entries in this row (or column). When we simplify this

conjunction, we get possible reducts for the particular object in question.

2.4.8 Decision rules

For decision systems, S = (U,AU{d}), we would like to find an
approximation of the decision, d. This can be done by constructing the decision-
relative discernibility matrix of S. This matrix tell us how to discern an object from
objects elonging to another decision class. The process of computing this matrix is
called computing the discernibility matrix modulo the decision attribute.

We can obtain the decision rules from an information system or a
reduction of condition attributes. Some condition values may be unnecessary in the
decision rules, so we can remove them from the rules or change them into “don’t care”
values. The process of conditional value removed is called values reduction.

Let S = (U, A, C, D) be an information system with n objects, where U is a
finite set of objects. A is a set of attributes further classified into disjointed condition

attributes C and decision attributes D,A=CUD,V=UV,V, is the domain of
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attribute a € A. Hence, decision rules are often presented as implications and are often
called “If ... then ...”. If a, b, ¢, d are the condition attributes of set A, D is decision

attribute. We can express the rules as

Rule 1

IFa=1 THEN D =1 (for the class 1)
Rule 2

IFb=Sandc=M THEN D = 2 (for the class 2)
Rule n

IFc=L THEN D = n (for the class n)

2.4.9 Rough membership function

In classical set theory, either an element belongs to a set or it does not. The
corresponding membership function is the characteristic function for the set, i.e. the
function takes values 0 and 1, respectively, In the case of rough sets, the notion of
membership is different. The rough membership function quantifies. The degree of
relation overlap between the set X and the equivalence [Xg] class to which x belongs.

It is defined as follows (Komorowski et.al.):

[x]gNX

k: U - [0, 1]and p3(x) =
x|

(15)

where S = (U, B) is information system and @ # X € U.

2.5 Related Research

2.5.1 Image retrieval
Xiang Sean Zhou, Ira Cohen, Qi Tian and Thomas S. Huang proposed a
revised edge based structural feature extraction approach by following guidelines

obtained from summarizing the existing feature extraction approaches. The
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experiments showed that the proposed algorithm yield comparable results to original

set and better results than random sets.

Livari Kunttu, Leena Lepisto, Juhani Rauhamaa and Ari Visa presented a
new approach to the histogram based retrieval of the images. Methods based on the
binary histograms offer a simple and fast way to make image indexing for retrieval

purposes without segmentation.

Qasim Igbal and J.K. Aggarwal presented a study of the comparison of the
performance of content based image retrieval systems based on structure with those
based on histogram and texture analysis methods, where retrieval was concerned with
locating images containing manmade objects. The experiments showed the percent of

precision, recall and efficiency of 3 classes (building, non building and intermediate).

2.5.2 Fourier descriptor

Dengsheng Zhang and Guojun Lu build a java retrieval framework to
compare shape retrieval using Fourier descriptors derived from different signatures.
Common issues and techniques for shape representation and normalization are also

analyzed in the paper. Data is given to show the retrieval result.

Andre Folkers and Hanan Samet implement the abstraction of the contour
of the shape which is invariant against translation, scale, rotation, and starting point
that is based on the use of Fourier descriptors in the retrieval process. These
abstractions are used in a system to locate logos in an image database. The utility of

this approach is illustrated using some sample queries.

2.5.3 Rough set theory

Pisit Phokharatkul presented a various techniques for recognizing invariant
Thai printed characters to investigate ring projections and Fourier descriptors in an
invariant Thai printed characters recognition system. His thesis development consists

of two phases.
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The first phase involves a recognizer using a ring projection and rough set
method. The ring projection method is invariant to rotations, translations and scales,
which are based on the total number of foreground pixels as distributed along circular
rings. Then, the object’s attributes are set up by these values. The rough set system is
used to reduce the object’s attribute data and generate the decision-making rules for
coarse and fine classification.

The second phase involves a recognizer using Fourier descriptors and
neural networks.

The test character set consists of 2,752 characters. The recognition rated
87% accuracy for ring projection and rough set method and 91% for Fourier descriptor
and neural network method respectively. Some miss-classified to be groups are caused
in the first phase, which causes the total rate of recognition to be lower than the

method in the second phase.

Zia Akbar described a simple method of data classification using rough set
theory as implemented by the tool provided in Alexander Ohrn’s software application
ROSETTA. Details are given of one such tool, Jonson’s algorithm. The algorithm is

applied to a typical set of marketing data from satisfaction surveys.

Shusaku Tsumoto overviews the following two important issues on the
correspondence between Pawlak’s rough set model and medical reasoning. The first
main idea of rough sets is that a given concept can be approximated by partition-based
knowledge as upper and lower approximation. Interestingly, these approximations
correspond to the focusing mechanism of differential medical diagnosis; upper
approximation as selection of candidates and lower approximation as concluding a
final diagnosis. The second idea of rough sets is that a concept, observations can be
represented as partitions in a given data set, where rough sets provides a rule induction
method from a given data. Thus, this model can be used to extract rule-based
knowledge from medical databases. Especially, rule induction based on the focusing

mechanism is obtained in a natural way.
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CHAPTER I
METHODOLOGY

3.1 Step of research methodology
3.1.1 To study the rough set theory for image retrieval.
3.1.2 To collect the images.
3.1.3 To analyze and design the prototype.
3.1.4 To create and develop the prototype.
3.1.5 To implement and test the prototype.
3.1.6 To evaluate the efficiency of prototype.
3.1.7 To conclude the result.

3.1.1 To study the rough set theory for image retrieval.
¢ Rough set theory for pattern classification and retrieval.

e Design and architecture of the rough rule-based system.

3.1.2 To collect the images.

We use the total number of images training data is 71928
binary images for all our experiments and use the total number of images testing data
is 15984 binary images for testing the system. The images training data consist of 999
image classes and 72 rotations (initial angle is 1 degree and 1 rotation per 5 degree
increasingly). The images testing data for testing process that is 999 image classes and

16 rotations (initial angle is 3 degrees and 1 rotation per 23 degrees).
3.1.3 To analyze and design the prototype.
o Define the input and output of system.

e Define the algorithm and operation of system.

3.1.4 To create and develop the prototype.
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e Create and develop all algorithm and operation by
MATLAB

3.1.5 To implement and test the prototype.
e Testing sub-program.

e Testing whole program after testing sub-program.

3.1.6 To evaluate the efficiency of prototype.
Efficiency of prototype is performed by percent of accurate

retrieved images.

3.1.7 To conclude the result.
Conclude the researched result if correctly in line with the
objectives, present the idea in order to better the system and issue the research

document.

3.2 Research tools

3.2.1 Software
e Operating System: Window XP

Application program development: MATLAB

Graphics: Adobe Photoshop

Structure Design: Microsoft Visio

Document: Microsoft word

3.2.2 Hardware
e Personal Computer : CPU Pentium Core Duo 1.66 GHz up,
Memory 1 GB up, Hard disk 80 GB
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CHAPTER IV
EXPERIMENTAL AND RESULTS

4.1 Rough set method for image retrieval

4.1.1 System overview
We attempt to apply the rough rule based system to image retrieval. In our

experiments, we use the Fourier descriptor and Quantization in the preprocessing step.
The rough rule based system uses the Quantized Fourier descriptor to generate the rule

based.

Images

Fourier descriptor

Quantization

Roughset rule
based system

Result of rough
rule based

Figure 4.1 Process of rough set method for image retrieval.
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Figure 4.2 Example of training data.

4.1.2 Feature extraction and Quantization

The Fourier descriptors of training images are float value. They have to be
changed for classification and rough rule based generation by Quantization.
Quantization is the procedure of constraining something from a continuous set of

values (such as the real numbers) to a discrete set (such as the integers).

Table 4.1 Example of training images Fourier descriptors.

Decision
Fourier coefficients attributes Attribute

Image
al a2 a3 al4 als Class
0.10462 | 0.096699 | 0.055561 0.005693 | 0.005332 |1
0.3701 0.20715 | 0.127 0.005442 | 0.002445 |2
0.08215 | 0.080718 | 0.01913 0.001284 | 0.002858 | 3
0.05052 | 0.034928 | 0.024766 0.003413 | 0.002551 | 4
0.054908 | 0.047457 | 0.026874 0.001632 | 0.002636 |5
0.10071 | 0.048087 | 0.052778 0.002494 | 0.003303 | 6
0.029128 | 0.10884 | 0.013497 0.004474 | 0.002265 |7
0.035251 | 0.10177 | 0.019936 0.00258 | 0.003515 | 8
0.1274 0.050737 | 0.091551 0.000537 | 0.005549 |9
0.2101 0.090454 | 0.079208 0.005774 | 0.003158 | 10
0.041131 | 0.10114 | 0.014615 0.003071 | 0.003723 | 11
0.010128 | 0.11767 | 0.011232 0.003745 | 0.003134 | 12
0.018454 | 0.11126 | 0.008772 0.004318 | 0.001964 | 13
0.07529 | 0.11206 | 0.030993 0.001762 | 0.004511 | 14
0.033152 | 0.024563 | 0.033566 0.005592 | 0.002585 | 15
0.00962 | 0.11024 | 0.007374 0.004132 | 0.001023 | 16
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Table 4.1 Example of training images Fourier descriptors (continue).

Decision
Fourier coefficients attributes Attribute
Image
al a2 a3 ald als Class
0.37004 | 0.12003 | 0.12776 0.006674 | 0.006501 | 17
0.009883 | 0.10146 | 0.00413 0.004021 | 0.00192 18
0.007551 | 0.11077 | 0.004222 0.005099 | 0.002027 | 19
0.22829 | 0.075504 | 0.064461 0.003426 | 0.003199 | 20
0.009212 | 0.10755 | 0.003338 0.004867 | 0.001223 | 21
0.15389 | 0.044848 | 0.046393 0.004842 | 0.003655 | 22
0.28234 | 0.1056 0.085218 0.007637 | 0.002976 | 23
0.021768 | 0.095823 | 0.012351 0.003062 | 0.00239 24
0.060867 | 0.068595 | 0.017841 0.002665 | 0.000726 | 25
0.004061 | 0.10503 | 0.00247 0.004032 | 0.001807 | 26
0.068566 | 0.098481 | 0.033601 0.004628 | 0.003981 | 27
0.27086 | 0.19462 | 0.073008 0.006979 | 0.006221 | 28
0.011968 | 0.11702 | 0.011481 0.002076 | 0.002459 | 999
0.021108 | 0.10063 | 0.002689 0.002141 | 0.004016 | 1000
Table 4.2 Quantization of Fourier descriptors.
Decision
Quantized Fourier descriptors attributes Attribute
al a2 a3 al4d als Decision
5 6 10 15 15 1
3 4 5 15 15 2
7 7 14 15 15 3
10 12 13 15 15 4
10 11 13 15 15 5
5 11 10 15 15 6
13 5 14 15 15 7
12 5 14 15 15 8
5 10 6 15 15 9
4 6 8 15 15 10
11 5 14 15 15 11
14 5 14 15 15 12
14 5 15 15 15 13
8 5 12 15 15 14
12 13 12 15 15 15
15 5 15 15 15 16
3 5 5 15 15 17
15 5 15 15 15 18
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Table 4.2 Quantization of Fourier descriptor (continue).

Results / 22

Decision
Quantized Fourier descriptors attributes Attribute
al a2 a3 al4 als Decision
15 5 15 15 15 19
4 8 9 15 15 20
15 5 15 15 15 21
5 11 11 15 15 22
4 5 7 15 15 23
13 6 14 15 15 24
9 9 14 15 15 25
15 5 15 15 15 26
9 6 12 15 15 27
4 5 8 15 15 28
14 5 14 15 15 999
13 5 15 15 15 1000

Our Quantization uses a simple discrete value as following pseudo code:

if((temp_image_fdes_sum(k) <= 1) & (temp_image_fdes_sum(k) > 0.5))

attribute(index) = 1;

elseif((temp_image_fdes_sum(k) <= 0.5) & (temp_image_fdes_sum(k) > 0.4))

attribute(index) = 2;

elseif((temp_image_fdes sum(k) <= 0.4) & (temp_image_fdes_sum(k) > 0.3))

attribute(index) = 3;

elseif((temp_image_fdes_sum(k) <= 0.3) & (temp_image_fdes_sum(k) > 0.2))

attribute(index) = 4;

elseif((temp_image_fdes_sum(k) <= 0.2) & (temp_image_fdes_sum(k) > 0.1))

attribute(index) = 5;

elseif((temp_image_fdes sum(k) <= 0.1) & (temp_image_fdes_sum(k) > 0.09))

attribute(index) = 6;

elseif((temp_image_fdes _sum(k) <= 0.09) & (temp_image_fdes_sum(k) > 0.08))

attribute(index) = 7;

elseif((temp_image_fdes _sum(k) <= 0.08) & (temp_image_fdes_sum(k) > 0.07))

attribute(index) = 8;

elseif((temp_image_fdes _sum(k) <= 0.07) & (temp_image_fdes_sum(k) > 0.06))

attribute(index) = 9;

elseif((temp_image_fdes _sum(k) <= 0.06) & (temp_image_fdes_sum(k) > 0.05))

attribute(index) = 10;

elseif((temp_image_fdes _sum(k) <= 0.05) & (temp_image_fdes_sum(k) > 0.04))

attribute(index) = 11;

elseif((temp_image_fdes _sum(k) <= 0.04) & (temp_image_fdes_sum(k) > 0.03))

attribute(index) = 12;

elseif((temp_image_fdes_sum(k) <= 0.03) & (temp_image_fdes_sum(k) > 0.02))

attribute(index) = 13;
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elseif((temp_image_fdes_sum(k) <= 0.02) & (temp_image_fdes_sum(k) > 0.01))
attribute(index) = 14;
else
attribute(index) = 15;
end;
Which “temp_image_fdes_sum” is the Fourier descriptor attribute and
“attribute” is the Quantization attribute. Where k =1, 2, ..., 15and index =1, 2, ...,

15.

4.1.3 Training and testing data

The images training data consist of 999 image classes and 72 rotations
(initial angle is 1 degree and 1 rotation per 5 degree increasingly). Thus, the total
number of images training data is 71928 images training data. We use the images
testing data for testing process that is 999 image classes and 16 rotations (initial angle
is 3 degrees and 1 rotation per 23 degrees increasingly). The total number of images
testing data is 15984 images testing data.

From the preprocessing step, we use the Fourier descriptor and
Quantization to create the attribute for generating rule based system to use in testing

process. The training process will generate rule based from images training data.

Table 4.3 Image training data.

Decision
Quantized Fourier descriptors attributes Attribute
No. al a2 al4 als Decision
1 5 6 15 15 1
2 5 6 15 15 1
3 5 6 15 15 1
70 5 6 15 15 1
35929 7 4 15 15 500
35930 7 4 15 15 500
35931 8 4 15 15 500
35997 7 4 15 15 500
35998 7 4 15 15 500
35999 7 4 15 15 500
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Table 4.3 Image training data (continue).

Decision
Quantized Fourier descriptors attributes Attribute
No. al a2 al4d als Decision
71857 13 5 15 15 1000
71858 13 6 15 15 1000
71859 13 6 15 15 1000
71926 13 6 15 15 1000
71927 13 5 15 15 1000
71928 14 6 15 15 1000

Table 4.4 Image testing data.

Decision
Quantized Fourier descriptors attributes Attribute
No. al a2 ala albs Decision
1 5 6 15 15 1
2 6 6 15 15 1
3 5 6 15 15 1
7969 7 4 15 15 500
7970 9 4 14 15 500
7971 9 4 15 15 500
7972 8 4 15 15 500
15982 13 7 15 15 1000
15983 13 8 15 15 1000
15984 14 6 15 15 1000

4.1.4 Equivalence class

The equivalence class is generated in each training data (we assume the all
images training data is the objects) that all rows has same value attribute. From the
71928 objects, we found 24962 equivalence classes.

Table 4.5 Example of objects.

Object attributes Decisions

al a2 | a3 a4 a5 a6 a’ a8 a9 al0 all al2 | al3 ald alb D
5 6 10 | 11 14 |14 | 14 | 14 | 13 | 14 15 15 15 15 15 1
5 6 10 | 11 14 (14 |14 | 14 | 13 | 14 15 15 15 15 15 1
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Table 4.5 Example of objects (continue).

Object attributes Decisions
al a2 | a3 | a4 ab | a6 | a7 | a8 | a9 | al0 all al2 | al3 al4 al5 D
5 6 9 11 14 |14 |14 [ 14 |13 | 14 15 15 15 15 15 1
6 6 10 | 10 14 |14 |14 |14 |13 | 15 15 15 15 15 15 1
6 6 9 10 14 |14 |13 [ 14 |13 | 15 15 15 15 15 15 1
6 6 9 10 14 |14 |14 [ 14 |13 |15 15 15 15 15 15 1
5 6 9 10 14 |14 | 14 |13 |13 | 15 15 15 15 15 15 1
5 6 8 10 14 |14 |14 [ 13 |13 |15 15 15 15 15 15 1
5 6 8 10 14 |14 | 14 [ 13 |13 | 15 15 15 15 15 15 1
5 6 8 10 14 |14 |14 |13 |13 |15 15 15 15 15 15 1
5 6 8 10 14 |14 |14 |13 |13 | 14 15 15 15 15 15 1
5 6 8 10 14 |14 |14 [ 13 |13 | 14 15 15 15 15 15 1
5 6 8 10 14 |14 |14 |13 |13 | 14 15 15 15 15 15 1
6 6 8 10 14 |14 |13 [ 13 |13 | 14 15 15 15 15 15 1
5 6 9 10 14 |14 |14 |14 |13 | 14 15 15 15 15 15 1
3 4 5 7 14 |13 |12 [ 13 |14 | 14 15 14 15 15 15 2
3 4 5 7 13 |13 |12 [ 13 |14 | 14 14 14 15 15 15 2
3 4 5 7 13 |13 |12 [ 13 |14 | 14 15 15 15 15 15 2
4 5 5 11 13 |13 |14 [ 14 |14 | 14 14 14 15 15 15 2
4 5 6 11 13 [ 13 |14 |14 |14 | 14 14 15 15 15 15 2
4 5 6 11 13 |13 |14 [ 14 |14 | 14 14 14 15 15 15 2
4 5 6 12 13 [ 13 |14 |15 |14 | 14 14 14 15 15 15 2
4 5 6 12 13 |13 |14 [ 15 |14 | 14 15 15 15 14 15 2

Table 4.6 Equivalence class from example table 4.5.

Object attributes Decisions
al | a2 | a3 | a4 a5 [ a6 | a7 | a8 | a9 | all all al2 al3 | al4 al5

6 6 10 10 14 14 |14 |14 | 13 15 15 15 15 15 15 1
6 6 9 10 14 14 |14 | 14 | 13 15 15 15 15 15 15 1
5 6 8 10 14 14 | 14 | 13 13 14 15 15 15 15 15 1
6 6 8 10 14 14 | 13 | 13 13 14 15 15 15 15 15 1
5 6 9 10 14 14 |14 | 14 | 13 14 15 15 15 15 15 1
3 4 5 7 14 13 12 | 13 14 | 14 15 14 15 15 15 2
3 4 5 7 13 13 12 | 13 14 | 14 14 14 15 15 15 2
3 4 5 7 14 13 12 | 13 14 | 14 15 14 15 15 15 2
3 4 5 7 13 13 12 | 13 14 | 14 14 14 15 15 15 2
3 4 5 7 13 13 12 | 13 14 | 14 15 15 15 15 15 2
4 5 5 11 13 13 14 [ 14 |14 | 14 14 14 15 15 15 2
4 5 6 11 13 13 14 |14 |14 | 14 14 15 15 15 15 2
4 5 6 11 13 13 14 |14 | 14 | 14 14 14 15 15 15 2
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Table 4.6 Equivalence class from example table 4.5 (continue).

Object attributes Decisions

al | a2 | a3 a4 | a5 | a6 ar’ a8 a9 al0 | all al2 | al3 al4 [ al5 | D

4 |5 |6 |12 13|13 |14 |15 |14 14 |14 14 |15 15 |15 |2

4 |5 |6 |12 |13|13 |14 |15 |14 14 |15 15 | 15 14 |15 |2

4.1.5 Rough rule based system

The rough rule based system is generated from the training data that from

preprocessing step. In this stage, the rough set theory for classification is used to

discover knowledge from data and generate rule based from equivalence class. The

discernibility matrix is created for finding dispensable classes and reduction of

training data. The core attribute is found from dispensable classes. We use Johnson

reduction method [7] to reduce the rules that generated from equivalence class. The

attribute which is reduced will be defined to zero.

Table 4.7 Example of rough rule based system.

Attributes Decisions
al | a2 [ a3 |a4 | a5 | a6 | a7 | a8 | a9 | al0 all al2 | al3 | al4 | al5 D

0 6 |10 |11 |14 |O 0 0 13 |0 0 15 |0 0 0

0 6 |9 [11 |14 |0 0 14 |13 |0 0 15 |0 0 0 1

6 6 |10]0 0 0 0 0 13 |15 0 0 0 0 0 1

12 |5 13112 |14 |14 |14 115 |0 0 0 0 0 0 0 24
12 | 5 13112 |14 |14 [ 14 |15 | O 0 0 0 0 0 0 64
12 |5 13112 114 |14 114 115 |0 0 0 0 0 0 0 327
12 |5 |13 |12 [14 |14 |14 |15 | O 0 0 0 0 0 0 600
12 |5 13112 |14 |15 |14 |0 0 0 15 0 0 0 0 24
10 |9 |14 (12 |14 |0 14 |0 0 0 0 0 0 0 0 25
12 |7 12 |13 |13 |14 |13 | O 0 0 0 0 0 0 0 996
12 |7 |12 13 |13 |14 [13 |O 0 0 0 0 0 0 0 997
12 |7 |0 |0 14 |14 |13 |14 | O 0 0 0 0 0 0 996
12 |7 |0 |0 14 |14 |13 |14 |0 0 0 0 0 0 0 997
11 |6 |0 |14 |0 14 |13 | O 14 |0 0 0 0 0 0 996
13 | 6 15114 115 |0 0 14 |0 0 0 0 0 0 0 1000
13 |6 |14 (13 [15 |14 |14 |14 | O 0 0 0 0 0 0 1000
14 | 6 15113 |15 | O 14 | 0 0 0 0 0 0 0 0 1000
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The rough rules based are used in testing process to classify and retrieve the
images that similar to the image testing data.

Image testing data

I

preprocessing

-

Classification
And d——— Rough rule based
Retrieving

.

Result
of
Query
Images

Figure 4.3 Using rough rule based for classification and retrieving.

4.2 Precision, recall and accuracy

The results of the rough data mining for image retrieval will be shown in
three values of data retrieval evaluation. They are precision, recall and accuracy. We
use the similarity measurement of image signature to compare to rough rule base
system. For each retrieving, we only retrieved 20 first unique decisions.

In the context of classification tasks, the terms true positives, true
negatives, false positives and false negatives are used to compare the given
classification of an item (the class label assigned to the item by a classifier) with the
desired correct classification (the class the item actually belongs to). These are
illustrated by the table below:
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Table 4.8 The terms of classification table tasks.

Results / 28

correct result / classification
El E2
El tp fp
obtained result / (true positive) (false positive)
classification
E2 fn tn
(false negative) (true negative)
. . t
Precision = — (16)
tp+fp
tp
Recall = 17
tp+fn ( )
tp+tn
Accuracy = ——— 18
y tp+tn+fp+fn ( )
4.3 Result of rough rule based image retrieval
Table 4.9 Example results of rough rule based.
Testing
object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant Irrelevant | total total total class
1 0.15556 0.25 0.99725 7 38 28 21451 45 1
2 0.15686 0.28571 0.99707 8 43 28 21451 51 1
3 0.17391 0.28571 0.9973 8 38 28 21451 46 1
4 0.2 0.32143 0.99744 9 36 28 21451 45 1
5 0.19149 0.32143 0.99735 9 38 28 21451 a7 1
6 0.19643 0.39286 0.99711 11 45 28 21451 56 1
7 0.17391 0.28571 0.9973 8 38 28 21451 46 1
8 0.16667 0.32143 0.99702 9 45 28 21451 54 1
9 0.15556 0.25 0.99725 7 38 28 21451 45 1
10 0.17391 0.28571 0.9973 8 38 28 21451 46 1
11 0.17391 0.28571 0.9973 8 38 28 21451 46 1
12 0.25 0.35714 0.99777 10 30 28 21451 40 1
13 0.19149 0.32143 0.99735 9 38 28 21451 47 1
14 0.23684 0.32143 0.99777 9 29 28 21451 38 1
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Table 4.9 Example results of rough rule based (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant Irrelevant | total total total class
15 0.15556 0.25 0.99725 7 38 28 21451 45 1
16 0.25714 0.32143 0.9979 9 26 28 21451 35 1
17 0.09375 | 0.083333 | 0.99711 | 3 29 36 21443 32 2
18 0.20588 0.19444 0.99739 7 27 36 21443 34 2
19 0.15789 | 0.16667 | 0.99711 | 6 32 36 21443 38 2
20 0.038462 | 0.027778 | 0.99721 1 25 36 21443 26 2
21 0.09375 | 0.083333 | 0.99711 | 3 29 36 21443 32 2
22 0.19444 | 0.19444 | 0.9973 7 29 36 21443 36 2
23 0.2 0.25 0.99707 | 9 36 36 21443 45 2
24 0.14706 | 0.13889 | 0.99721 | 5 29 36 21443 34 2
25 0.16667 | 0.13889 | 0.99739 | 5 25 36 21443 30 2
26 0.2093 0.25 0.99716 | 9 34 36 21443 43 2
27 0.10638 0.13889 0.9966 5 42 36 21443 47 2
28 0.12821 | 0.13889 | 0.99697 | 5 34 36 21443 39 2
29 0.125 0.11111 0.99721 4 28 36 21443 32 2
30 0.10714 | 0.083333 | 0.9973 3 25 36 21443 28 2
31 0.076923 | 0.083333 | 0.99679 3 36 36 21443 39 2
32 0.16667 | 0.13889 | 0.99739 | 5 25 36 21443 30 2
33 0.14286 | 0.11628 | 0.99683 | 5 30 43 21436 35 3
34 0.18421 | 0.16279 | 0.99688 | 7 31 43 21436 38 3
35 0.052632 | 0.046512 | 0.99642 | 2 36 43 21436 38 3
36 0 0 0.99623 | O 38 43 21436 38 3
37 0.14286 | 0.11628 | 0.99683 | 5 30 43 21436 35 3
38 0.15556 | 0.16279 | 0.99655 | 7 38 43 21436 45 3
39 0.15556 | 0.16279 | 0.99655 | 7 38 43 21436 45 3
40 0.11364 0.11628 0.99642 5 39 43 21436 44 3
41 0.076923 | 0.046512 | 0.99697 | 2 24 43 21436 26 3
42 0.17143 0.13953 0.99693 6 29 43 21436 35 3
43 0.11905 | 0.11628 | 0.99651 | 5 37 43 21436 42 3
44 0.10526 0.093023 | 0.9966 4 34 43 21436 38 3
45 0.14286 | 0.11628 | 0.99683 | 5 30 43 21436 35 3
46 0.12121 | 0.093023 | 0.99683 | 4 29 43 21436 33 3
47 0.051282 | 0.046512 | 0.99637 | 2 37 43 21436 39 3
48 0.097561 | 0.093023 | 0.99646 | 4 37 43 21436 41 3
49 0.27778 0.22222 0.99716 10 26 45 21434 36 4
50 0.078947 | 0.066667 | 0.99642 | 3 35 45 21434 38 4
51 0.175 0.15556 0.99669 7 33 45 21434 40 4
52 0.0625 0.066667 | 0.99595 | 3 45 45 21434 48 4
53 0.1 0.088889 | 0.99642 4 36 45 21434 40 4
54 0.13636 | 0.13333 | 0.99642 | 6 38 45 21434 44 4
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Table 4.9 Example results of rough rule based (continue).
Testing
object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant Irrelevant | total total total class
55 0.19444 0.15556 0.99688 7 29 45 21434 36 4
56 0.21622 0.17778 0.99693 8 29 45 21434 37 4
57 0.29412 0.22222 0.99725 10 24 45 21434 34 4
58 0.1875 0.13333 0.99697 6 26 45 21434 32 4
59 0.24324 0.2 0.99702 9 28 45 21434 37 4
60 0.12195 0.11111 0.99646 5 36 45 21434 41 4
61 0.097561 | 0.088889 | 0.99637 4 37 45 21434 41 4
62 0.069767 | 0.066667 | 0.99618 3 40 45 21434 43 4
63 0.097561 | 0.088889 | 0.99637 4 37 45 21434 41 4
64 0.16667 0.15556 0.9966 7 35 45 21434 42 4
65 0.10638 0.15625 0.99679 5 42 32 21447 47 5
66 0.18182 0.25 0.99721 8 36 32 21447 44 5
67 0.17949 0.21875 0.99735 7 32 32 21447 39 5
68 0.18 0.28125 0.99702 9 41 32 21447 50 5
69 0.04918 0.09375 0.99595 3 58 32 21447 61 5
70 0.025641 | 0.03125 0.99679 1 38 32 21447 39 5
71 0.17949 0.21875 0.99735 7 32 32 21447 39 5
72 0.11905 0.15625 0.99702 5 37 32 21447 42 5
73 0.13333 0.1875 0.99697 6 39 32 21447 45 5
74 0.18182 0.25 0.99721 8 36 32 21447 44 5
75 0.19512 0.25 0.99735 8 33 32 21447 41 5
76 0.13514 0.15625 0.99725 5 32 32 21447 37 5
77 0.16667 0.25 0.99702 8 40 32 21447 48 5
78 0.15909 0.21875 0.99711 7 37 32 21447 44 5
79 0.14634 0.1875 0.99716 6 35 32 21447 41 5
80 0.13514 0.15625 0.99725 5 32 32 21447 37 5
81 0.085106 | 0.33333 0.99763 4 43 12 21467 47 6
82 0.086957 | 0.33333 0.99767 4 42 12 21467 46 6
83 0.086957 | 0.33333 0.99767 4 42 12 21467 46 6
84 0.11628 0.41667 0.9979 5 38 12 21467 43 6
85 0.085106 | 0.33333 0.99763 4 43 12 21467 47 6
86 0.11628 0.41667 0.9979 5 38 12 21467 43 6
87 0.13889 0.41667 0.99823 5 31 12 21467 36 6
88 0.085106 | 0.33333 0.99763 4 43 12 21467 47 6
89 0.085106 | 0.33333 0.99763 4 43 12 21467 47 6
90 0.11429 0.33333 0.99818 4 31 12 21467 35 6
91 0.10204 0.41667 0.99763 5 44 12 21467 49 6
92 0.085106 | 0.33333 0.99763 4 43 12 21467 47 6
93 0.085106 | 0.33333 0.99763 4 43 12 21467 47 6
94 0.13889 0.41667 0.99823 5 31 12 21467 36 6
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Table 4.9 Example results of rough rule based (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant Irrelevant | total total total class
95 0.078947 | 0.25 0.99795 | 3 35 12 21467 38 6
96 0.085106 | 0.33333 0.99763 4 43 12 21467 47 6
97 0.10204 | 0.15152 | 0.99665 | 5 44 33 21446 49 7
98 0.15217 0.21212 0.99697 7 39 33 21446 46 7
99 0.13636 | 0.18182 | 0.99697 | 6 38 33 21446 44 7
100 0.046512 | 0.060606 | 0.99665 2 41 33 21446 43 7
2100 0.036145 | 1 0.99628 | 3 80 3 21476 83 133
2101 0.032787 | 0.66667 0.99721 2 59 3 21476 61 133
2102 0.036145 | 1 0.99628 | 3 80 3 21476 83 133
2103 0.033898 | 0.66667 | 0.9973 2 57 3 21476 59 133
2104 0.033898 | 0.66667 | 0.9973 2 57 3 21476 59 133
2105 0.036145 | 1 0.99628 3 80 3 21476 83 133
2106 0.036145 | 1 0.99628 | 3 80 3 21476 83 133
2107 0.036145 | 1 0.99628 3 80 3 21476 83 133
2108 0.036145 | 1 0.99628 | 3 80 3 21476 83 133
2109 0.036145 | 1 0.99628 3 80 3 21476 83 133
2110 0.036145 | 1 0.99628 | 3 80 3 21476 83 133
2111 0.036145 | 1 0.99628 | 3 80 3 21476 83 133
2112 0.036145 | 1 0.99628 | 3 80 3 21476 83 133
2113 0.12195 | 0.22727 | 099753 | 5 36 22 21457 41 134
2114 0.13043 0.27273 0.99739 6 40 22 21457 46 134
2115 0.090909 | 0.18182 | 0.9973 4 40 22 21457 44 134
2116 0.15789 0.27273 0.99777 6 32 22 21457 38 134
2117 0.13953 | 0.27273 | 0.99753 | 6 37 22 21457 43 134
2118 0.052632 | 0.090909 | 0.99739 2 36 22 21457 38 134
2119 0.10638 | 0.22727 | 099725 | 5 42 22 21457 47 134
2120 0.13889 0.22727 0.99777 5 31 22 21457 36 134
2121 0.15789 0.27273 0.99777 6 32 22 21457 38 134
2122 0.15909 | 0.31818 | 0.99758 | 7 37 22 21457 44 134
2123 0.13043 0.27273 0.99739 6 40 22 21457 46 134
2124 0.13158 | 0.22727 | 0.99767 | 5 33 22 21457 38 134
2125 0.13953 0.27273 0.99753 6 37 22 21457 43 134
2126 0.13043 | 0.27273 | 0.99739 | 6 40 22 21457 46 134
2127 0.10256 0.18182 0.99753 4 35 22 21457 39 134
2128 0.095238 | 0.18182 | 0.99739 | 4 38 22 21457 42 134
2129 0.12903 0.26667 0.99823 4 27 15 21464 31 135
2130 0.18182 | 04 0.99832 | 6 27 15 21464 33 135
2131 0.14634 0.4 0.99795 6 35 15 21464 41 135
2132 0.15152 | 0.33333 | 0.99823 | 5 28 15 21464 33 135
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Table 4.9 Example results of rough rule based (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant Irrelevant | total total total class
2133 0.15152 0.33333 0.99823 5 28 15 21464 33 135
2134 0.14634 0.4 0.99795 6 35 15 21464 41 135
2135 0.125 0.33333 0.9979 5 35 15 21464 40 135
2136 0.14894 0.46667 0.99777 7 40 15 21464 47 135
2137 0.15152 0.33333 0.99823 5 28 15 21464 33 135
2138 0.078947 | 0.2 0.99781 3 35 15 21464 38 135
2139 0.10417 0.33333 0.99753 5 43 15 21464 48 135
2140 0.16667 0.46667 0.998 7 35 15 21464 42 135
2141 0.18182 0.4 0.99832 6 27 15 21464 33 135
2142 0.16667 0.46667 0.998 7 35 15 21464 42 135
2143 0.088889 | 0.26667 0.99758 4 41 15 21464 45 135
2144 0.13158 0.33333 0.998 5 33 15 21464 38 135
2145 0.19512 0.25 0.99735 8 33 32 21447 41 136
2146 0.18519 0.3125 0.99693 10 44 32 21447 54 136
2147 0.225 0.28125 0.99749 9 31 32 21447 40 136
2148 0.18182 0.1875 0.99753 6 27 32 21447 33 136
2149 0.29268 0.375 0.99772 12 29 32 21447 41 136
2150 0.2449 0.375 0.99735 12 37 32 21447 49 136
2151 0.18919 0.21875 0.99744 7 30 32 21447 37 136
2152 0.17391 0.25 0.99711 8 38 32 21447 46 136
2153 0.24444 0.34375 0.99744 11 34 32 21447 45 136
2154 0.2381 0.3125 0.99749 10 32 32 21447 42 136
2155 0.27907 0.375 0.99763 12 31 32 21447 43 136
2156 0.16279 0.21875 0.99716 7 36 32 21447 43 136
2157 0.22222 0.3125 0.99735 10 35 32 21447 45 136
2158 0.22222 0.3125 0.99735 10 35 32 21447 45 136
2159 0.2 0.21875 0.99753 7 28 32 21447 35 136
2160 0.24444 0.34375 0.99744 11 34 32 21447 45 136
2161 0.14286 0.27778 0.998 5 30 18 21461 35 137
2162 0.17949 0.38889 0.998 7 32 18 21461 39 137
2163 0.18919 0.38889 0.99809 7 30 18 21461 37 137
2164 0.24242 0.44444 0.99837 8 25 18 21461 33 137
2165 0.2 0.44444 0.99804 8 32 18 21461 40 137
2166 0.17949 0.38889 0.998 7 32 18 21461 39 137
2167 0.10811 0.22222 0.99781 4 33 18 21461 37 137
2168 0.18919 0.38889 0.99809 7 30 18 21461 37 137
2169 0.2 0.44444 0.99804 8 32 18 21461 40 137
2170 0.18919 0.38889 0.99809 7 30 18 21461 37 137
2171 0.10811 0.22222 0.99781 4 33 18 21461 37 137
2172 0.2 0.44444 0.99804 8 32 18 21461 40 137
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Table 4.9 Example results of rough rule based (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant Irrelevant | total total total class
2173 0.24242 | 0.44444 | 0.99837 | 8 25 18 21461 33 137
2174 0.17949 0.38889 0.998 7 32 18 21461 39 137
2175 0.10811 | 0.22222 | 0.99781 | 4 33 18 21461 37 137
2176 0.2 0.44444 0.99804 8 32 18 21461 40 137
2177 0.052632 | 0.11765 | 0.99763 | 2 36 17 21462 38 138
2178 0.13889 0.29412 0.998 5 31 17 21462 36 138
2179 0.11765 0.23529 0.998 4 30 17 21462 34 138
2180 0.11429 | 0.23529 | 0.99795 | 4 31 17 21462 35 138
2181 0.058824 | 0.11765 0.99781 2 32 17 21462 34 138
2182 0.13889 | 0.29412 | 0.998 5 31 17 21462 36 138
2183 0.11765 | 0.23529 | 0.998 4 30 17 21462 34 138
2184 0.11429 | 0.23529 | 0.99795 | 4 31 17 21462 35 138
2185 0.054054 | 0.11765 0.99767 2 35 17 21462 37 138
2186 0.18421 | 041176 | 0.99809 | 7 31 17 21462 38 138
2187 0.1 0.23529 0.99772 4 36 17 21462 40 138
2188 0.11429 | 0.23529 | 0.99795 | 4 31 17 21462 35 138
2189 0.026316 | 0.058824 | 0.99753 1 37 17 21462 38 138
2190 0.090909 | 0.17647 | 0.99795 | 3 30 17 21462 33 138
2191 0.10811 | 0.23529 | 0.99786 | 4 33 17 21462 37 138
2192 0.11111 0.23529 0.9979 4 32 17 21462 36 138
2193 0.16327 | 0.21053 | 0.99669 | 8 41 38 21441 49 139
2194 0.18 0.23684 0.99674 9 41 38 21441 50 139
2195 0.1 0.10526 | 0.99674 | 4 36 38 21441 40 139
2196 0.1 0.13158 | 0.99637 | 5 45 38 21441 50 139
2197 0.2 0.23684 | 0.99697 | 9 36 38 21441 45 139
2198 0.1875 0.23684 0.99683 9 39 38 21441 48 139
2199 0.1 0.10526 | 0.99674 | 4 36 38 21441 40 139
7854 0.063492 | 0.66667 | 0.99716 | 4 59 6 21473 63 492
7855 0.057692 | 0.5 0.99758 3 49 6 21473 52 492
7856 0.056604 | 0.5 0.99753 | 3 50 6 21473 53 492
7857 0 0 0.99465 | O 100 15 21464 100 493
7858 0 0 0.99544 | 0O 83 15 21464 83 493
7859 0.071429 | 0.26667 | 0.99707 | 4 52 15 21464 56 493
7860 0 0 0.99544 | 0O 83 15 21464 83 493
7861 0 0 0.99465 | 0O 100 15 21464 100 493
7862 0 0 0.99581 0 75 15 21464 75 493
7863 0.071429 | 0.26667 | 0.99707 | 4 52 15 21464 56 493
7864 0 0 0.99544 0 83 15 21464 83 493
7865 0 0 0.99465 | 0O 100 15 21464 100 493
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Table 4.9 Example results of rough rule based (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant Irrelevant | total total total class
7866 0.047619 | 0.26667 0.99576 4 80 15 21464 84 493
7867 0.046875 | 0.2 0.9966 3 61 15 21464 64 493
7868 0.038462 | 0.2 0.99595 3 75 15 21464 78 493
7869 0 0 0.99465 0 100 15 21464 100 493
7870 0 0 0.99544 0 83 15 21464 83 493
7871 0.046875 | 0.2 0.9966 3 61 15 21464 64 493
7872 0 0 0.99483 0 96 15 21464 96 493
7873 0.041096 | 0.33333 0.99646 3 70 9 21470 73 494
7874 0.058824 | 0.44444 0.99679 4 64 9 21470 68 494
7875 0.071429 | 0.44444 0.99735 4 52 9 21470 56 494
7876 0.072727 | 0.44444 0.99739 4 51 9 21470 55 494
7877 0.041096 | 0.33333 0.99646 3 70 9 21470 73 494
7878 0.058824 | 0.44444 0.99679 4 64 9 21470 68 494
7879 0.054054 | 0.22222 0.99804 2 35 9 21470 37 494
7880 0.056338 | 0.44444 0.99665 4 67 9 21470 71 494
7881 0.041096 | 0.33333 0.99646 3 70 9 21470 73 494
7882 0.058824 | 0.44444 0.99679 4 64 9 21470 68 494
7883 0.071429 | 0.44444 0.99735 4 52 9 21470 56 494
7884 0.068966 | 0.44444 0.99725 4 54 9 21470 58 494
7885 0.056338 | 0.44444 0.99665 4 67 9 21470 71 494
7886 0.071429 | 0.44444 0.99735 4 52 9 21470 56 494
7887 0.054054 | 0.22222 0.99804 2 35 9 21470 37 494
7888 0.056338 | 0.44444 0.99665 4 67 9 21470 71 494
7889 0.10256 0.14815 0.9973 4 35 27 21452 39 495
7890 0.085714 | 0.11111 0.99739 3 32 27 21452 35 495
7891 0.11429 0.14815 0.99749 4 31 27 21452 35 495
7892 0.18182 0.22222 0.99777 6 27 27 21452 33 495
7893 0.093023 | 0.14815 0.99711 4 39 27 21452 43 495
7894 0.076923 | 0.11111 0.99721 3 36 27 21452 39 495
7895 0.11429 0.14815 0.99749 4 31 27 21452 35 495
7896 0 0 0.99702 0 37 27 21452 37 495
7897 0.12903 0.14815 0.99767 4 27 27 21452 31 495
7898 0.15789 0.22222 0.99753 6 32 27 21452 38 495
7899 0.17073 0.25926 0.99749 7 34 27 21452 41 495
7900 0.18182 0.22222 0.99777 6 27 27 21452 33 495
7901 0.093023 | 0.14815 0.99711 4 39 27 21452 43 495
7902 0.17073 0.25926 0.99749 7 34 27 21452 41 495
7903 0.17073 0.25926 0.99749 7 34 27 21452 41 495
7904 0.097561 | 0.14815 0.99721 4 37 27 21452 41 495
7905 0.22642 0.18182 0.99558 12 41 66 21413 53 496




Fac. of Grad. Studies, Mahidol Univ. M.Sc. (Tech. of Info. Sys. Management) / 35

Table 4.9 Example results of rough rule based (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant Irrelevant | total total total class
7906 0.11628 | 0.075758 | 0.99539 | 5 38 66 21413 43 496
7907 0 0 0.99483 0 45 66 21413 45 496
7908 0 0 0.99432 | 0 56 66 21413 56 496
7909 0.12727 0.10606 0.99502 7 48 66 21413 55 496
7910 0.2 0.10606 | 0.99595 | 7 28 66 21413 35 496
7911 0.15909 0.10606 0.99553 7 37 66 21413 44 496
7912 0.037736 | 0.030303 | 0.99465 | 2 51 66 21413 53 496
7913 0.051724 | 0.045455 | 0.99451 3 55 66 21413 58 496
7914 0.098039 | 0.075758 | 0.99502 | 5 46 66 21413 51 496
7915 0.12245 | 0.090909 | 0.9952 6 43 66 21413 49 496
7916 0.073529 | 0.075758 | 0.99423 | 5 63 66 21413 68 496
7917 0.17647 | 0.13636 | 0.99539 | 9 42 66 21413 51 496
7918 0 0 0.99469 0 48 66 21413 48 496
7919 0 0 0.99474 | 0O 47 66 21413 47 496
7920 0 0 0.99451 0 52 66 21413 52 496
7921 0.097561 | 0.33333 | 0.9979 4 37 12 21467 41 497
7922 0.081081 | 0.25 0.998 3 34 12 21467 37 497
7923 0.068182 | 0.25 0.99767 | 3 41 12 21467 44 497
7924 0.10638 | 0.41667 | 0.99772 | 5 42 12 21467 47 497
7925 0.043478 | 0.16667 0.99749 2 44 12 21467 46 497
7926 0.081081 | 0.25 0.998 3 34 12 21467 37 497
7927 0.12821 0.41667 0.99809 5 34 12 21467 39 497
7928 0.10638 | 0.41667 | 099772 | 5 42 12 21467 47 497
7929 0.097561 | 0.33333 | 0.9979 4 37 12 21467 41 497
11074 0.20513 0.25 0.99744 8 31 32 21447 39 694
11075 0.15152 0.15625 0.99744 5 28 32 21447 33 694
11076 0.10638 0.15625 0.99679 5 42 32 21447 47 694
11077 0.13462 0.21875 0.99674 7 45 32 21447 52 694
11078 0.12245 0.1875 0.99679 6 43 32 21447 49 694
11079 0.18182 0.25 0.99721 8 36 32 21447 44 694
11080 | 0.12 0.1875 0.99674 | 6 44 32 21447 50 694
11081 0.13462 0.21875 0.99674 7 45 32 21447 52 694
11082 | 0.10345 | 0.09375 | 0.99744 | 3 26 32 21447 29 694
11083 | 0.15789 | 0.1875 0.9973 6 32 32 21447 38 694
11084 | 0.13043 | 0.1875 0.99693 | 6 40 32 21447 46 694
11085 0.13462 0.21875 0.99674 7 45 32 21447 52 694
11086 | 0.13333 | 0.1875 0.99697 | 6 39 32 21447 45 694
11087 0.20513 0.25 0.99744 8 31 32 21447 39 694
11088 | 0.20513 | 0.25 0.99744 | 8 31 32 21447 39 694
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Table 4.9 Example results of rough rule based (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant Irrelevant | total total total class
11089 0.21622 0.17778 0.99693 8 29 45 21434 37 695
11090 0.16667 0.15556 0.9966 7 35 45 21434 42 695
11091 0.13514 0.11111 0.99665 5 32 45 21434 37 695
11092 0.22222 0.22222 0.99674 10 35 45 21434 45 695
11093 0.18182 0.22222 0.99628 10 45 45 21434 55 695
11094 0.15217 0.15556 0.99642 7 39 45 21434 46 695
11095 0.13158 0.11111 0.9966 5 33 45 21434 38 695
11096 0.18605 0.17778 0.99665 8 35 45 21434 43 695
11097 0.17143 0.13333 0.99683 6 29 45 21434 35 695
11098 0.14634 0.13333 0.99655 6 35 45 21434 41 695
11099 0.17308 0.2 0.99632 9 43 45 21434 52 695
11100 0.2 0.17778 0.99679 8 32 45 21434 40 695
11101 0.13462 0.15556 0.99614 7 45 45 21434 52 695
11102 0.098039 | 0.11111 0.996 5 46 45 21434 51 695
11103 0.25641 0.22222 0.99702 10 29 45 21434 39 695
11104 0.18 0.2 0.99642 9 41 45 21434 50 695
11105 0.2973 0.32353 0.99772 11 26 34 21445 37 696
11106 0.26471 0.26471 0.99767 9 25 34 21445 34 696
11107 0.17647 0.17647 0.99739 6 28 34 21445 34 696
11108 0.24242 0.23529 0.99763 8 25 34 21445 33 696
11109 0.1875 0.17647 0.99749 6 26 34 21445 32 696
11110 0.23077 0.17647 0.99777 6 20 34 21445 26 696
11111 0.28125 0.26471 0.99777 9 23 34 21445 32 696
11112 0.11765 0.11765 0.99721 4 30 34 21445 34 696
11113 0.17241 0.14706 0.99753 5 24 34 21445 29 696
11114 0.20588 0.20588 0.99749 7 27 34 21445 34 696
11115 0.24324 0.26471 0.99753 9 28 34 21445 37 696
11116 0.3 0.26471 0.99786 9 21 34 21445 30 696
11117 0.30435 0.20588 0.998 7 16 34 21445 23 696
11118 0.21212 0.20588 0.99753 7 26 34 21445 33 696
11119 0.28125 0.26471 0.99777 9 23 34 21445 32 696
11120 0.2973 0.32353 0.99772 11 26 34 21445 37 696
11121 0.21951 0.15 0.99614 9 32 60 21419 41 697
11122 0.22222 0.16667 0.99604 10 35 60 21419 45 697
11123 0.16667 0.11667 0.9959 7 35 60 21419 42 697
11124 0.21622 0.13333 0.99623 8 29 60 21419 37 697
11125 0.16667 0.083333 | 0.99628 5 25 60 21419 30 697
11126 0.20588 0.11667 0.99628 7 27 60 21419 34 697
11127 0.20588 0.11667 0.99628 7 27 60 21419 34 697
11128 0.27027 0.16667 0.99642 10 27 60 21419 37 697
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Table 4.9 Example results of rough rule based (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant Irrelevant | total total total class
11129 | 0.2 0.11667 | 0.99623 | 7 28 60 21419 35 697
11130 0.27778 0.16667 0.99646 10 26 60 21419 36 697
11131 | 0.18182 | 0.1 0.99623 | 6 27 60 21419 33 697
11132 0.375 0.25 0.99674 15 25 60 21419 40 697
11133 | 0.22581 | 0.11667 | 0.99642 | 7 24 60 21419 31 697
11134 0.12903 0.066667 | 0.99614 4 27 60 21419 31 697
11135 | 0.275 0.18333 | 0.99637 11 29 60 21419 40 697
11136 | 0.19444 | 0.11667 | 0.99618 | 7 29 60 21419 36 697
11137 0.22727 0.34483 0.99753 10 34 29 21450 44 698
11138 | 0.2381 0.34483 | 0.99763 10 32 29 21450 42 698
11139 0.13514 0.17241 0.99739 5 32 29 21450 37 698
11140 | 0.16279 | 0.24138 | 0.9973 7 36 29 21450 43 698
11141 0.19149 0.31034 0.9973 9 38 29 21450 47 698
11142 | 0.13514 | 0.17241 | 099739 | 5 32 29 21450 37 698
11143 0.20455 0.31034 0.99744 9 35 29 21450 44 698
11144 | 0.23684 | 0.31034 | 0.99772 | 9 29 29 21450 38 698
11145 0.19149 0.31034 0.9973 9 38 29 21450 47 698
11146 | 0.2381 0.34483 | 0.99763 10 32 29 21450 42 698
11147 | 0.23684 | 0.31034 | 0.99772 | 9 29 29 21450 38 698
11148 | 0.1 0.10345 | 0.99753 | 3 27 29 21450 30 698
11149 | 0.19149 | 0.31034 | 0.9973 9 38 29 21450 47 698
11150 0.27027 0.34483 0.99786 10 27 29 21450 37 698
15964 | 0.11475 | 0.30435 | 0.99674 | 7 54 23 21456 61 999
15965 | 0.075472 | 0.17391 | 0.99683 | 4 49 23 21456 53 999
15966 0.071429 | 0.26087 0.99558 6 78 23 21456 84 999
15967 | 0.057692 | 0.13043 | 0.99679 | 3 49 23 21456 52 999
15968 0.075472 | 0.17391 0.99683 4 49 23 21456 53 999
15969 | 0.21154 | 0.32353 | 0.99702 11 41 34 21445 52 1000
15970 0.057692 | 0.088235 | 0.99628 3 49 34 21445 52 1000
15971 | 0.078947 | 0.088235 | 0.99693 | 3 35 34 21445 38 1000
15972 | 0.098039 | 0.14706 | 0.99651 | 5 46 34 21445 51 1000
15973 | 0.13158 | 0.14706 | 0.99711 | 5 33 34 21445 38 1000
15974 0.13158 0.14706 0.99711 5 33 34 21445 38 1000
15975 | 0.10256 | 0.11765 | 0.99697 | 4 35 34 21445 39 1000
15976 0.067797 | 0.11765 0.99604 4 55 34 21445 59 1000
15977 0.13158 0.14706 0.99711 5 33 34 21445 38 1000
15978 | 0.039216 | 0.058824 | 0.99623 | 2 49 34 21445 51 1000
15979 0.078947 | 0.088235 | 0.99693 3 35 34 21445 38 1000
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Table 4.9 Example results of rough rule based (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant Irrelevant | total total total class
15980 | 0.086207 | 0.14706 0.99618 5 53 34 21445 58 1000
15981 0.085714 | 0.088235 | 0.99707 3 32 34 21445 35 1000
15982 0.052632 | 0.088235 | 0.99604 3 54 34 21445 57 1000
15983 0 0 0.9966 0 39 34 21445 39 1000
15984 | 0.1 0.17647 0.99618 6 54 34 21445 60 1000

Table 4.10 Overall results of rough rules based image retrieval.

total testing data 15,984 objects
total rough rules based number 21,479 rules
total usage times 13,286 seconds
total usage memory for rules based 2,886,948 bytes
average precision 0.1297

average recall 0.261

average accuracy 0.9971

4.4 Result of similarity measurement

The similarity measurement is the one of the retrieved techniques for
shape based image retrieval with Fourier descriptor. A model shape indexed by
Fourier Descriptor feature f,,, = [f;L, f;2, ..., f;N] and a testing data shape indexed by
Fourier Descriptor feature f; = [f, fZ, ..., fI'], since both features are normalized as
to translation, rotation and scale, the Euclidean distance between the two feature

vectors can be used as the similarity measurement.

d = (Co Ik — fil?)? (19)
Where N is the truncated number of harmonics needed to index the shape.

Table 4.11 Example results of similarity measurement.

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class

1 0.05 1 0.98098 72 1368 72 71856 1440 1

2 0.050035 | 1 0.98099 72 1367 72 71856 1439 1
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Table 4.11 Example results of similarity measurement (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
3 0.051502 | 1 0.98156 72 1326 72 71856 1398 1
4 0.050104 | 1 0.98102 72 1365 72 71856 1437 1
5 0.05 1 0.98098 72 1368 72 71856 1440 1
6 0.050491 | 1 0.98118 72 1354 72 71856 1426 1
7 0.052825 | 1 0.98205 72 1291 72 71856 1363 1
8 0.050139 | 1 0.98104 72 1364 72 71856 1436 1
9 0.05 1 0.98098 72 1368 72 71856 1440 1
10 0.050104 | 1 0.98102 72 1365 72 71856 1437 1
11 0.05225 1 0.98184 72 1306 72 71856 1378 1
12 0.050174 | 1 0.98105 72 1363 72 71856 1435 1
13 0.05 1 0.98098 72 1368 72 71856 1440 1
14 0.050633 | 1 0.98123 72 1350 72 71856 1422 1
15 0.052516 | 1 0.98194 72 1299 72 71856 1371 1
16 0.05 1 0.98098 72 1368 72 71856 1440 1
17 0.071642 | 0.66667 | 0.99102 48 622 72 71856 670 2
18 0.053156 | 0.66667 | 0.98778 48 855 72 71856 903 2
19 0.050209 | 0.66667 | 0.98704 48 908 72 71856 956 2
20 0.058111 | 0.66667 | 0.98885 48 778 72 71856 826 2
21 0.06867 | 0.66667 | 0.99062 48 651 72 71856 699 2
22 0.047198 | 0.66667 | 0.98619 48 969 72 71856 1017 2
23 0.042105 | 0.66667 | 0.98448 48 1092 72 71856 1140 2
24 0.055236 | 0.66667 | 0.98825 48 821 72 71856 869 2
25 0.61538 | 0.33333 | 0.99912 24 15 72 71856 39 2
26 0.053452 | 0.66667 | 0.98785 48 850 72 71856 898 2
27 0.045627 | 0.66667 | 0.98571 48 1004 72 71856 1052 2
28 0.07465 0.66667 | 0.99139 48 595 72 71856 643 2
29 0.51064 | 0.33333 | 0.99901 24 23 72 71856 47 2
30 0.35821 0.33333 | 0.99873 24 43 72 71856 67 2
31 0.04908 | 0.66667 | 0.98674 48 930 72 71856 978 2
32 0.63158 0.33333 | 0.99914 24 14 72 71856 38 2
33 0.05 1 0.98098 72 1368 72 71856 1440 3
34 0.05 1 0.98098 72 1368 72 71856 1440 3
35 0.05 1 0.98098 72 1368 72 71856 1440 3
36 0.05 1 0.98098 72 1368 72 71856 1440 3
37 0.05 1 0.98098 72 1368 72 71856 1440 3
38 0.05 1 0.98098 72 1368 72 71856 1440 3
39 0.049306 | 0.98611 | 0.98095 71 1369 72 71856 1440 3
40 0.05 1 0.98098 72 1368 72 71856 1440 3
41 0.05 1 0.98098 72 1368 72 71856 1440 3
42 0.05 1 0.98098 72 1368 72 71856 1440 3
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Table 4.11 Example results of similarity measurement (continue).
Testing
object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
43 0.05 1 0.98098 72 1368 72 71856 1440 3
44 0.05 1 0.98098 72 1368 72 71856 1440 3
45 0.049306 | 0.98611 | 0.98095 71 1369 72 71856 1440 3
46 0.05 1 0.98098 72 1368 72 71856 1440 3
47 0.049306 | 0.98611 | 0.98095 71 1369 72 71856 1440 3
48 0.05 1 0.98098 72 1368 72 71856 1440 3
49 0.05 1 0.98098 72 1368 72 71856 1440 4
50 0.05 1 0.98098 72 1368 72 71856 1440 4
51 0.05 1 0.98098 72 1368 72 71856 1440 4
52 0.05 1 0.98098 72 1368 72 71856 1440 4
53 0.05 1 0.98098 72 1368 72 71856 1440 4
54 0.05 1 0.98098 72 1368 72 71856 1440 4
55 0.05 1 0.98098 72 1368 72 71856 1440 4
56 0.05 1 0.98098 72 1368 72 71856 1440 4
57 0.05 1 0.98098 72 1368 72 71856 1440 4
58 0.05 1 0.98098 72 1368 72 71856 1440 4
59 0.05 1 0.98098 72 1368 72 71856 1440 4
60 0.05 1 0.98098 72 1368 72 71856 1440 4
61 0.05 1 0.98098 72 1368 72 71856 1440 4
62 0.05 1 0.98098 72 1368 72 71856 1440 4
63 0.05 1 0.98098 72 1368 72 71856 1440 4
64 0.05 1 0.98098 72 1368 72 71856 1440 4
65 0.05 1 0.98098 72 1368 72 71856 1440 5
66 0.05 1 0.98098 72 1368 72 71856 1440 5
67 0.05 1 0.98098 72 1368 72 71856 1440 5
68 0.05 1 0.98098 72 1368 72 71856 1440 5
69 0.05 1 0.98098 72 1368 72 71856 1440 5
70 0.05 1 0.98098 72 1368 72 71856 1440 5
71 0.05 1 0.98098 72 1368 72 71856 1440 5
72 0.05 1 0.98098 72 1368 72 71856 1440 5
73 0.05 1 0.98098 72 1368 72 71856 1440 5
74 0.05 1 0.98098 72 1368 72 71856 1440 5
75 0.05 1 0.98098 72 1368 72 71856 1440 5
76 0.05 1 0.98098 72 1368 72 71856 1440 5
77 0.05 1 0.98098 72 1368 72 71856 1440 5
78 0.05 1 0.98098 72 1368 72 71856 1440 5
79 0.05 1 0.98098 72 1368 72 71856 1440 5
80 0.05 1 0.98098 72 1368 72 71856 1440 5
81 0.05 1 0.98098 72 1368 72 71856 1440 6
82 0.05 1 0.98098 72 1368 72 71856 1440 6
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Table 4.11 Example results of similarity measurement (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
83 0.05 1 0.98098 72 1368 72 71856 1440 6
84 0.05 1 0.98098 72 1368 72 71856 1440 6
85 0.05 1 0.98098 72 1368 72 71856 1440 6
86 0.05 1 0.98098 72 1368 72 71856 1440 6
87 0.05 1 0.98098 72 1368 72 71856 1440 6
88 0.05 1 0.98098 72 1368 72 71856 1440 6
89 0.05 1 0.98098 72 1368 72 71856 1440 6
90 0.05 1 0.98098 72 1368 72 71856 1440 6
91 0.05 1 0.98098 72 1368 72 71856 1440 6
92 0.05 1 0.98098 72 1368 72 71856 1440 6
93 0.05 1 0.98098 72 1368 72 71856 1440 6
94 0.05 1 0.98098 72 1368 72 71856 1440 6
95 0.05 1 0.98098 72 1368 72 71856 1440 6
96 0.05 1 0.98098 72 1368 72 71856 1440 6
97 0.05 1 0.98098 72 1368 72 71856 1440 7
98 0.05 1 0.98098 72 1368 72 71856 1440 7
99 0.05 1 0.98098 72 1368 72 71856 1440 7
2421 0.05 1 0.98098 72 1368 72 71856 1440 153
2422 0.05 1 0.98098 72 1368 72 71856 1440 153
2423 0.05 1 0.98098 72 1368 72 71856 1440 153
2424 0.05 1 0.98098 72 1368 72 71856 1440 153
2425 0.05 1 0.98098 72 1368 72 71856 1440 153
2426 0.05 1 0.98098 72 1368 72 71856 1440 153
2427 0.05 1 0.98098 72 1368 72 71856 1440 153
2428 0.05 1 0.98098 72 1368 72 71856 1440 153
2429 0.05 1 0.98098 72 1368 72 71856 1440 153
2430 0.05 1 0.98098 72 1368 72 71856 1440 153
2431 0.05 1 0.98098 72 1368 72 71856 1440 153
2432 0.05 1 0.98098 72 1368 72 71856 1440 153
2433 0.05 1 0.98098 72 1368 72 71856 1440 154
2434 0.05 1 0.98098 72 1368 72 71856 1440 154
2435 0.05 1 0.98098 72 1368 72 71856 1440 154
2436 0.05 1 0.98098 72 1368 72 71856 1440 154
2437 0.05 1 0.98098 72 1368 72 71856 1440 154
2438 0.05 1 0.98098 72 1368 72 71856 1440 154
2439 0.05 1 0.98098 72 1368 72 71856 1440 154
2440 0.05 1 0.98098 72 1368 72 71856 1440 154
2441 0.05 1 0.98098 72 1368 72 71856 1440 154
2442 0.05 1 0.98098 72 1368 72 71856 1440 154
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Table 4.11 Example results of similarity measurement (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
2443 0.05 1 0.98098 72 1368 72 71856 1440 154
2444 0.05 1 0.98098 72 1368 72 71856 1440 154
2445 0.05 1 0.98098 72 1368 72 71856 1440 154
2446 0.05 1 0.98098 72 1368 72 71856 1440 154
2447 0.05 1 0.98098 72 1368 72 71856 1440 154
2448 0.05 1 0.98098 72 1368 72 71856 1440 154
2449 0.052709 | 1 0.98201 72 1294 72 71856 1366 155
2450 0.051687 | 1 0.98163 72 1321 72 71856 1393 155
2451 0.052863 | 1 0.98207 72 1290 72 71856 1362 155
2452 0.051028 | 1 0.98138 72 1339 72 71856 1411 155
2453 0.052902 | 1 0.98208 72 1289 72 71856 1361 155
2454 0.052632 | 1 0.98198 72 1296 72 71856 1368 155
2455 0.052174 | 1 0.98182 72 1308 72 71856 1380 155
2456 0.051986 | 1 0.98175 72 1313 72 71856 1385 155
2457 0.051502 | 1 0.98156 72 1326 72 71856 1398 155
2458 0.051687 | 1 0.98163 72 1321 72 71856 1393 155
2459 0.051502 | 1 0.98156 72 1326 72 71856 1398 155
2460 0.050919 | 1 0.98134 72 1342 72 71856 1414 155
2461 0.05267 1 0.982 72 1295 72 71856 1367 155
2462 0.051911 | 1 0.98172 72 1315 72 71856 1387 155
2463 0.051209 | 1 0.98145 72 1334 72 71856 1406 155
2464 0.050955 | 1 0.98136 72 1341 72 71856 1413 155
2465 0.05 1 0.98098 72 1368 72 71856 1440 156
2466 0.05 1 0.98098 72 1368 72 71856 1440 156
2467 0.05 1 0.98098 72 1368 72 71856 1440 156
2468 0.05 1 0.98098 72 1368 72 71856 1440 156
2469 0.05 1 0.98098 72 1368 72 71856 1440 156
2470 0.05 1 0.98098 72 1368 72 71856 1440 156
2471 0.05 1 0.98098 72 1368 72 71856 1440 156
2472 0.05 1 0.98098 72 1368 72 71856 1440 156
2473 0.05 1 0.98098 72 1368 72 71856 1440 156
2474 0.05 1 0.98098 72 1368 72 71856 1440 156
2475 0.05 1 0.98098 72 1368 72 71856 1440 156
2476 0.05 1 0.98098 72 1368 72 71856 1440 156
2477 0.05 1 0.98098 72 1368 72 71856 1440 156
2478 0.05 1 0.98098 72 1368 72 71856 1440 156
2479 0.05 1 0.98098 72 1368 72 71856 1440 156
2480 0.05 1 0.98098 72 1368 72 71856 1440 156
2481 0.05 1 0.98098 72 1368 72 71856 1440 157
2482 0.05 1 0.98098 72 1368 72 71856 1440 157
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Table 4.11 Example results of similarity measurement (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
2483 0.05 1 0.98098 72 1368 72 71856 1440 157
2484 0.05 1 0.98098 72 1368 72 71856 1440 157
2485 0.05 1 0.98098 72 1368 72 71856 1440 157
2486 0.05 1 0.98098 72 1368 72 71856 1440 157
2487 0.05 1 0.98098 72 1368 72 71856 1440 157
2488 0.05 1 0.98098 72 1368 72 71856 1440 157
2489 0.05 1 0.98098 72 1368 72 71856 1440 157
2490 0.05 1 0.98098 72 1368 72 71856 1440 157
2491 0.05 1 0.98098 72 1368 72 71856 1440 157
2492 0.05 1 0.98098 72 1368 72 71856 1440 157
2493 0.05 1 0.98098 72 1368 72 71856 1440 157
2494 0.05 1 0.98098 72 1368 72 71856 1440 157
2495 0.05 1 0.98098 72 1368 72 71856 1440 157
2496 0.05 1 0.98098 72 1368 72 71856 1440 157
2497 0.12224 1 0.99281 72 517 72 71856 589 158
2498 0.1073 1 0.99167 72 599 72 71856 671 158
2499 0.10405 1 0.99138 72 620 72 71856 692 158
2500 0.1791 1 0.99541 72 330 72 71856 402 158
2501 0.14257 |1 0.99398 72 433 72 71856 505 158
2502 0.15551 |1 0.99456 72 301 72 71856 463 158
2503 0.11784 1 0.99251 72 539 72 71856 611 158
2504 0.13714 1 0.9937 72 453 72 71856 525 158
2505 0.13309 |1 0.99348 72 469 72 71856 541 158
2506 0.12162 1 0.99277 72 520 72 71856 592 158
2507 0.13953 | 1 0.99383 72 444 72 71856 516 158
2508 0.16438 1 0.99491 72 366 72 71856 438 158
2509 0.13235 1 0.99344 72 472 72 71856 544 158
2510 0.10926 1 0.99184 72 587 72 71856 659 158
2511 0.12162 | 1 0.99277 72 520 72 71856 592 158
2512 0.12903 1 0.99324 72 486 72 71856 558 158
2513 1 1 1 72 0 72 71856 72 159
2514 0.85714 1 0.99983 72 12 72 71856 84 159
2515 0.9 1 0.99989 72 8 72 71856 80 159
2516 1 1 1 72 0 72 71856 72 159
2517 1 1 1 72 0 72 71856 72 159
2518 091139 |1 0.9999 72 7 72 71856 79 159
2519 0.86747 1 0.99985 72 11 72 71856 83 159
2520 0.9863 1 0.99999 72 1 72 71856 73 159
2521 0.97297 1 0.99997 72 2 72 71856 74 159
2522 0.84706 | 1 0.99982 72 13 72 71856 85 159
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Table 4.11 Example results of similarity measurement (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
2523 0.88889 1 0.99987 72 9 72 71856 81 159
2524 1 1 1 72 0 72 71856 72 159
2525 0.85714 1 0.99983 72 12 72 71856 84 159
2526 0.86747 1 0.99985 72 11 72 71856 83 159
2527 0.9 1 0.99989 72 8 72 71856 80 159
2528 1 1 1 72 0 72 71856 72 159
2529 0.05 1 0.98098 72 1368 72 71856 1440 160
2530 0.05 1 0.98098 72 1368 72 71856 1440 160
2531 0.050035 | 1 0.98099 72 1367 72 71856 1439 160
2532 0.050035 | 1 0.98099 72 1367 72 71856 1439 160
2533 0.05 1 0.98098 72 1368 72 71856 1440 160
2534 0.05 1 0.98098 72 1368 72 71856 1440 160
7959 1 1 1 72 0 72 71856 72 499
7960 1 1 1 72 0 72 71856 72 499
7961 1 1 1 72 0 72 71856 72 499
7962 1 1 1 72 0 72 71856 72 499
7963 1 1 1 72 0 72 71856 72 499
7964 1 1 1 72 0 72 71856 72 499
7965 1 0.94444 | 0.99994 68 0 72 71856 68 499
7966 1 1 1 72 0 72 71856 72 499
7967 1 1 1 72 0 72 71856 72 499
7968 1 1 1 72 0 72 71856 72 499
7969 1 1 1 72 0 72 71856 72 500
7970 0.97297 1 0.99997 72 2 72 71856 74 500
7971 0.97297 1 0.99997 72 2 72 71856 74 500
7972 1 1 1 72 0 72 71856 72 500
7973 1 1 1 72 0 72 71856 72 500
7974 0.9863 1 0.99999 72 1 72 71856 73 500
7975 0.9863 1 0.99999 72 1 72 71856 73 500
7976 1 1 1 72 0 72 71856 72 500
7977 1 1 1 72 0 72 71856 72 500
7978 1 1 1 72 0 72 71856 72 500
7979 1 1 1 72 0 72 71856 72 500
7980 1 1 1 72 0 72 71856 72 500
7981 1 1 1 72 0 72 71856 72 500
7982 1 1 1 72 0 72 71856 72 500
7983 1 1 1 72 0 72 71856 72 500
7984 1 1 1 72 0 72 71856 72 500
7985 0.05 1 0.98098 72 1368 72 71856 1440 501
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Table 4.11 Example results of similarity measurement (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
7986 0.05 1 0.98098 72 1368 72 71856 1440 501
7987 0.05 1 0.98098 72 1368 72 71856 1440 501
7988 0.05 1 0.98098 72 1368 72 71856 1440 501
7989 0.05 1 0.98098 72 1368 72 71856 1440 501
7990 0.05 1 0.98098 72 1368 72 71856 1440 501
7991 0.05 1 0.98098 72 1368 72 71856 1440 501
7992 0.05 1 0.98098 72 1368 72 71856 1440 501
7993 0.05 1 0.98098 72 1368 72 71856 1440 501
7994 0.05 1 0.98098 72 1368 72 71856 1440 501
7995 0.05 1 0.98098 72 1368 72 71856 1440 501
7996 0.05 1 0.98098 72 1368 72 71856 1440 501
7997 0.05 1 0.98098 72 1368 72 71856 1440 501
7998 0.05 1 0.98098 72 1368 72 71856 1440 501
7999 0.05 1 0.98098 72 1368 72 71856 1440 501
8000 0.05 1 0.98098 72 1368 72 71856 1440 501
8001 0.1141 1 0.99223 72 559 72 71856 631 502
8002 0.050104 | 1 0.98102 72 1365 72 71856 1437 502
8003 0.05 1 0.98098 72 1368 72 71856 1440 502
8004 0.052023 | 1 0.98176 72 1312 72 71856 1384 502
8005 0.089776 | 1 0.98985 72 730 72 71856 802 502
8006 0.057007 | 1 0.98344 72 1191 72 71856 1263 502
8007 0.052288 | 1 0.98186 72 1305 72 71856 1377 502
8008 0.11765 | 1 0.99249 72 540 72 71856 612 502
8009 0.12654 | 1 0.99309 72 497 72 71856 569 502
8010 0.05868 | 1 0.98394 72 1155 72 71856 1227 502
8011 0.064458 | 1 0.98547 72 1045 72 71856 1117 502
8012 0.073171 | 1 0.98732 72 912 72 71856 984 502
8013 0.083045 | 1 0.98895 72 795 72 71856 867 502
8014 0.050279 | 1 0.98109 72 1360 72 71856 1432 502
8015 0.06175 1 0.98479 72 1094 72 71856 1166 502
8016 0.056827 | 1 0.98339 72 1195 72 71856 1267 502
8017 0.2915 1 0.99757 72 175 72 71856 247 503
8018 0.21302 | 1 0.9963 72 266 72 71856 338 503
8019 0.11726 | 1 0.99246 72 542 72 71856 614 503
8020 0.15789 |1 0.99466 72 384 72 71856 456 503
8021 0.21752 | 1 0.9964 72 259 72 71856 331 503
8022 0.1618 1 0.99481 72 373 72 71856 445 503
8023 0.11632 |1 0.9924 72 547 72 71856 619 503
8024 0.17476 1 0.99527 72 340 72 71856 412 503
8025 0.23762 | 1 0.99679 72 231 72 71856 303 503
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Table 4.11 Example results of similarity measurement (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
8026 0.1295 1 0.99327 72 484 72 71856 556 503
8027 0.11356 1 0.99219 72 562 72 71856 634 503
8028 0.14118 1 0.99391 72 438 72 71856 510 503
8029 0.27481 1 0.99736 72 190 72 71856 262 503
8030 0.11502 1 0.9923 72 554 72 71856 626 503
8031 0.13187 1 0.99341 72 474 72 71856 546 503
8032 0.13115 1 0.99337 72 477 72 71856 549 503
8033 0.1033 1 0.99131 72 625 72 71856 697 504
8034 0.10573 1 0.99153 72 609 72 71856 681 504
8035 0.15352 1 0.99448 72 397 72 71856 469 504
8036 0.11374 1 0.9922 72 561 72 71856 633 504
8037 0.15418 1 0.99451 72 395 72 71856 467 504
8038 0.1194 1 0.99262 72 531 72 71856 603 504
8039 0.18321 1 0.99554 72 321 72 71856 393 504
8040 0.14845 1 0.99426 72 413 72 71856 485 504
8041 0.11707 1 0.99245 72 543 72 71856 615 504
8042 0.13067 1 0.99334 72 479 72 71856 551 504
8043 0.15031 1 0.99434 72 407 72 71856 479 504
8044 0.13163 1 0.9934 72 475 72 71856 547 504
8045 0.1152 1 0.99231 72 553 72 71856 625 504
8046 0.14118 1 0.99391 72 438 72 71856 510 504
8047 0.14008 1 0.99385 72 442 72 71856 514 504
8048 0.12435 1 0.99295 72 507 72 71856 579 504
8049 0.050209 | 1 0.98106 72 1362 72 71856 1434 505
8050 0.050104 | 1 0.98102 72 1365 72 71856 1437 505
8051 0.051173 | 1 0.98144 72 1335 72 71856 1407 505
8052 0.051576 | 1 0.98159 72 1324 72 71856 1396 505
12046 0.059406 | 1 0.98415 72 1140 72 71856 1212 754
12047 0.057371 | 1 0.98355 72 1183 72 71856 1255 754
12048 0.07611 1 0.98785 72 874 72 71856 946 754
12049 0.05 1 0.98098 72 1368 72 71856 1440 755
12050 0.05 1 0.98098 72 1368 72 71856 1440 755
12051 0.05 1 0.98098 72 1368 72 71856 1440 755
12052 0.05 1 0.98098 72 1368 72 71856 1440 755
12053 0.05 1 0.98098 72 1368 72 71856 1440 755
12054 0.05 1 0.98098 72 1368 72 71856 1440 755
12055 0.05 1 0.98098 72 1368 72 71856 1440 755
12056 0.05 1 0.98098 72 1368 72 71856 1440 755
12057 0.05 1 0.98098 72 1368 72 71856 1440 755
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Table 4.11 Example results of similarity measurement (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
12058 0.05 1 0.98098 72 1368 72 71856 1440 755
12059 0.05 1 0.98098 72 1368 72 71856 1440 755
12060 0.05 1 0.98098 72 1368 72 71856 1440 755
12061 0.05 1 0.98098 72 1368 72 71856 1440 755
12062 0.05 1 0.98098 72 1368 72 71856 1440 755
12063 0.05 1 0.98098 72 1368 72 71856 1440 755
12064 0.05 1 0.98098 72 1368 72 71856 1440 755
12065 0.05 1 0.98098 72 1368 72 71856 1440 756
12066 0.05 1 0.98098 72 1368 72 71856 1440 756
12067 0.05 1 0.98098 72 1368 72 71856 1440 756
12068 0.05 1 0.98098 72 1368 72 71856 1440 756
12069 0.05 1 0.98098 72 1368 72 71856 1440 756
12070 0.05 1 0.98098 72 1368 72 71856 1440 756
12071 0.05 1 0.98098 72 1368 72 71856 1440 756
12072 0.05 1 0.98098 72 1368 72 71856 1440 756
12073 0.05 1 0.98098 72 1368 72 71856 1440 756
12074 0.05 1 0.98098 72 1368 72 71856 1440 756
12075 0.05 1 0.98098 72 1368 72 71856 1440 756
12076 0.05 1 0.98098 72 1368 72 71856 1440 756
12077 0.05 1 0.98098 72 1368 72 71856 1440 756
12078 0.05 1 0.98098 72 1368 72 71856 1440 756
12079 0.05 1 0.98098 72 1368 72 71856 1440 756
12080 0.05 1 0.98098 72 1368 72 71856 1440 756
12081 0.05 1 0.98098 72 1368 72 71856 1440 757
12082 0.05 1 0.98098 72 1368 72 71856 1440 757
12083 0.05 1 0.98098 72 1368 72 71856 1440 757
12084 0.05 1 0.98098 72 1368 72 71856 1440 757
12085 0.05 1 0.98098 72 1368 72 71856 1440 757
12086 0.05 1 0.98098 72 1368 72 71856 1440 757
12087 0.05 1 0.98098 72 1368 72 71856 1440 757
12088 0.05 1 0.98098 72 1368 72 71856 1440 757
12089 0.05 1 0.98098 72 1368 72 71856 1440 757
12090 0.05 1 0.98098 72 1368 72 71856 1440 757
12091 0.05 1 0.98098 72 1368 72 71856 1440 757
12092 0.05 1 0.98098 72 1368 72 71856 1440 757
12093 0.05 1 0.98098 72 1368 72 71856 1440 757
12094 0.05 1 0.98098 72 1368 72 71856 1440 757
12095 0.05 1 0.98098 72 1368 72 71856 1440 757
12096 0.05 1 0.98098 72 1368 72 71856 1440 757
12097 0.05 1 0.98098 72 1368 72 71856 1440 758
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Table 4.11 Example results of similarity measurement (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
12098 0.05 1 0.98098 72 1368 72 71856 1440 758
12099 0.05 1 0.98098 72 1368 72 71856 1440 758
12100 0.05 1 0.98098 72 1368 72 71856 1440 758
12101 0.05 1 0.98098 72 1368 72 71856 1440 758
12102 0.05 1 0.98098 72 1368 72 71856 1440 758
12103 0.05 1 0.98098 72 1368 72 71856 1440 758
12104 0.05 1 0.98098 72 1368 72 71856 1440 758
12105 0.05 1 0.98098 72 1368 72 71856 1440 758
12106 0.05 1 0.98098 72 1368 72 71856 1440 758
12107 0.05 1 0.98098 72 1368 72 71856 1440 758
12108 0.05 1 0.98098 72 1368 72 71856 1440 758
12109 0.05 1 0.98098 72 1368 72 71856 1440 758
12110 0.05 1 0.98098 72 1368 72 71856 1440 758
12111 0.05 1 0.98098 72 1368 72 71856 1440 758
12112 0.05 1 0.98098 72 1368 72 71856 1440 758
12113 0.05 1 0.98098 72 1368 72 71856 1440 759
12114 0.05 1 0.98098 72 1368 72 71856 1440 759
12115 0.05 1 0.98098 72 1368 72 71856 1440 759
12116 0.05 1 0.98098 72 1368 72 71856 1440 759
12117 0.05 1 0.98098 72 1368 72 71856 1440 759
12118 0.05 1 0.98098 72 1368 72 71856 1440 759
12119 0.05 1 0.98098 72 1368 72 71856 1440 759
12120 0.05 1 0.98098 72 1368 72 71856 1440 759
12121 0.05 1 0.98098 72 1368 72 71856 1440 759
12122 0.05 1 0.98098 72 1368 72 71856 1440 759
12123 0.05 1 0.98098 72 1368 72 71856 1440 759
12124 0.05 1 0.98098 72 1368 72 71856 1440 759
12125 0.05 1 0.98098 72 1368 72 71856 1440 759
12126 0.05 1 0.98098 72 1368 72 71856 1440 759
12127 0.05 1 0.98098 72 1368 72 71856 1440 759
12128 0.05 1 0.98098 72 1368 72 71856 1440 759
12129 0.05 1 0.98098 72 1368 72 71856 1440 760
12130 0.05 1 0.98098 72 1368 72 71856 1440 760
12131 0.05 1 0.98098 72 1368 72 71856 1440 760
12132 0.05 1 0.98098 72 1368 72 71856 1440 760
12133 0.05 1 0.98098 72 1368 72 71856 1440 760
12134 0.05 1 0.98098 72 1368 72 71856 1440 760
12135 0.05 1 0.98098 72 1368 72 71856 1440 760
12136 0.05 1 0.98098 72 1368 72 71856 1440 760
12137 0.05 1 0.98098 72 1368 72 71856 1440 760
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Table 4.11 Example results of similarity measurement (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
12138 0.05 1 0.98098 72 1368 72 71856 1440 760
12139 0.05 1 0.98098 72 1368 72 71856 1440 760
12140 0.05 1 0.98098 72 1368 72 71856 1440 760
12141 0.05 1 0.98098 72 1368 72 71856 1440 760
12142 0.05 1 0.98098 72 1368 72 71856 1440 760
12143 0.05 1 0.98098 72 1368 72 71856 1440 760
12144 0.05 1 0.98098 72 1368 72 71856 1440 760
12145 0.05 1 0.98098 72 1368 72 71856 1440 761
12146 0.05 1 0.98098 72 1368 72 71856 1440 761
12147 0.05 1 0.98098 72 1368 72 71856 1440 761
12148 0.05 1 0.98098 72 1368 72 71856 1440 761
12149 0.05 1 0.98098 72 1368 72 71856 1440 761
12150 0.05 1 0.98098 72 1368 72 71856 1440 761
12151 0.05 1 0.98098 72 1368 72 71856 1440 761
12152 0.05 1 0.98098 72 1368 72 71856 1440 761
12153 0.05 1 0.98098 72 1368 72 71856 1440 761
12154 0.05 1 0.98098 72 1368 72 71856 1440 761
12155 0.05 1 0.98098 72 1368 72 71856 1440 761
12156 0.05 1 0.98098 72 1368 72 71856 1440 761
12157 0.05 1 0.98098 72 1368 72 71856 1440 761
12158 0.05 1 0.98098 72 1368 72 71856 1440 761
12159 0.05 1 0.98098 72 1368 72 71856 1440 761
12160 0.05 1 0.98098 72 1368 72 71856 1440 761
12161 0.011111 | 0.22222 | 0.97942 16 1424 72 71856 1440 762
12162 0.038889 | 0.77778 | 0.98054 56 1384 72 71856 1440 762
12163 0.038889 | 0.77778 | 0.98054 56 1384 72 71856 1440 762
12164 0.038889 | 0.77778 | 0.98054 56 1384 72 71856 1440 762
12165 0.011111 | 0.22222 | 0.97942 16 1424 72 71856 1440 762
12166 0.038889 | 0.77778 | 0.98054 56 1384 72 71856 1440 762
12167 0.038889 | 0.77778 | 0.98054 56 1384 72 71856 1440 762
12168 0.038889 | 0.77778 | 0.98054 56 1384 72 71856 1440 762
12169 0.011111 | 0.22222 | 0.97942 16 1424 72 71856 1440 762
12170 0.038889 | 0.77778 | 0.98054 56 1384 72 71856 1440 762
12171 0.038889 | 0.77778 | 0.98054 56 1384 72 71856 1440 762
12172 0.038889 | 0.77778 | 0.98054 56 1384 72 71856 1440 762
12173 0.011111 | 0.22222 | 0.97942 16 1424 72 71856 1440 762
12174 0.038889 | 0.77778 | 0.98054 56 1384 72 71856 1440 762
12175 0.038889 | 0.77778 | 0.98054 56 1384 72 71856 1440 762
12176 0.011111 | 0.22222 | 0.97942 16 1424 72 71856 1440 762
12177 0.05 1 0.98098 72 1368 72 71856 1440 763
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Table 4.11 Example results of similarity measurement (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
12178 0.05 1 0.98098 72 1368 72 71856 1440 763
12179 0.05 1 0.98098 72 1368 72 71856 1440 763
12180 0.05 1 0.98098 72 1368 72 71856 1440 763
12181 0.05 1 0.98098 72 1368 72 71856 1440 763
12182 0.050314 | 1 0.98111 72 1359 72 71856 1431 763
12183 0.05 1 0.98098 72 1368 72 71856 1440 763
12184 0.05 1 0.98098 72 1368 72 71856 1440 763
12185 0.05 1 0.98098 72 1368 72 71856 1440 763
12186 0.0511 1 0.98141 72 1337 72 71856 1409 763
12187 0.05 1 0.98098 72 1368 72 71856 1440 763
12188 0.05 1 0.98098 72 1368 72 71856 1440 763
12189 0.05 1 0.98098 72 1368 72 71856 1440 763
12190 0.05 1 0.98098 72 1368 72 71856 1440 763
12191 0.05 1 0.98098 72 1368 72 71856 1440 763
12192 0.05 1 0.98098 72 1368 72 71856 1440 763
12193 0.05 1 0.98098 72 1368 72 71856 1440 764
12194 0.05 1 0.98098 72 1368 72 71856 1440 764
12195 0.05 1 0.98098 72 1368 72 71856 1440 764
12196 0.05 1 0.98098 72 1368 72 71856 1440 764
12197 0.05 1 0.98098 72 1368 72 71856 1440 764
12198 0.05 1 0.98098 72 1368 72 71856 1440 764
12199 0.05 1 0.98098 72 1368 72 71856 1440 764
12200 0.05 1 0.98098 72 1368 72 71856 1440 764
12201 0.05 1 0.98098 72 1368 72 71856 1440 764
12202 0.05 1 0.98098 72 1368 72 71856 1440 764
12203 0.05 1 0.98098 72 1368 72 71856 1440 764
12204 0.05 1 0.98098 72 1368 72 71856 1440 764
12205 0.05 1 0.98098 72 1368 72 71856 1440 764
12206 0.05 1 0.98098 72 1368 72 71856 1440 764
12207 0.05 1 0.98098 72 1368 72 71856 1440 764
12208 0.05 1 0.98098 72 1368 72 71856 1440 764
12209 0.050244 | 1 0.98108 72 1361 72 71856 1433 765
12210 0.050035 | 1 0.98099 72 1367 72 71856 1439 765
12211 0.050491 | 1 0.98118 72 1354 72 71856 1426 765
12212 0.05 1 0.98098 72 1368 72 71856 1440 765
12213 0.05007 1 0.98101 72 1366 72 71856 1438 765
12214 0.050035 | 1 0.98099 72 1367 72 71856 1439 765
12215 0.05007 1 0.98101 72 1366 72 71856 1438 765
12216 0.05042 1 0.98115 72 1356 72 71856 1428 765
12217 0.05007 1 0.98101 72 1366 72 71856 1438 765
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Table 4.11 Example results of similarity measurement (continue).

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
12218 0.050035 | 1 0.98099 72 1367 72 71856 1439 765
12219 0.050174 | 1 0.98105 72 1363 72 71856 1435 765
12220 0.0511 1 0.98141 72 1337 72 71856 1409 765
12221 0.05007 1 0.98101 72 1366 72 71856 1438 765
15932 0.05 1 0.98098 72 1368 72 71856 1440 997
15933 0.05 1 0.98098 72 1368 72 71856 1440 997
15934 0.05 1 0.98098 72 1368 72 71856 1440 997
15935 0.05 1 0.98098 72 1368 72 71856 1440 997
15936 0.05 1 0.98098 72 1368 72 71856 1440 997
15937 0.05007 | 1 0.98101 72 1366 72 71856 1438 998
15938 0.050174 | 1 0.98105 72 1363 72 71856 1435 998
15939 0.05074 1 0.98127 72 1347 72 71856 1419 998
15940 0.05007 | 1 0.98101 72 1366 72 71856 1438 998
15941 0.050314 | 1 0.98111 72 1359 72 71856 1431 998
15942 0.050955 | 1 0.98136 72 1341 72 71856 1413 998
15943 0.051429 | 1 0.98154 72 1328 72 71856 1400 998
15944 0.050035 | 1 0.98099 72 1367 72 71856 1439 998
15945 0.050244 | 1 0.98108 72 1361 72 71856 1433 998
15947 0.050526 | 1 0.98119 72 1353 72 71856 1425 998
15948 0.05007 |1 0.98101 72 1366 72 71856 1438 998
15949 0.04934 | 0.98611 | 0.98097 71 1368 72 71856 1439 998
15950 0.05007 |1 0.98101 72 1366 72 71856 1438 998
15951 0.050633 | 1 0.98123 72 1350 72 71856 1422 998
15952 0.050491 | 1 0.98118 72 1354 72 71856 1426 998
15953 0.05 1 0.98098 72 1368 72 71856 1440 999
15954 0.05 1 0.98098 72 1368 72 71856 1440 999
15955 0.05 1 0.98098 72 1368 72 71856 1440 999
15956 0.05 1 0.98098 72 1368 72 71856 1440 999
15957 0.05 1 0.98098 72 1368 72 71856 1440 999
15958 0.05 1 0.98098 72 1368 72 71856 1440 999
15959 0.05 1 0.98098 72 1368 72 71856 1440 999
15960 0.05 1 0.98098 72 1368 72 71856 1440 999
15961 0.05 1 0.98098 72 1368 72 71856 1440 999
15962 0.05 1 0.98098 72 1368 72 71856 1440 999
15963 0.05 1 0.98098 72 1368 72 71856 1440 999
15964 0.05 1 0.98098 72 1368 72 71856 1440 999
15965 0.05 1 0.98098 72 1368 72 71856 1440 999
15966 0.05 1 0.98098 72 1368 72 71856 1440 999
15967 0.05 1 0.98098 72 1368 72 71856 1440 999
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Table 4.11 Example results of similarity measurement (continue).

Results / 52

Testing

object Relevant | Irrelevant | Retrieved | Corrected
No. Precision | Recall Accuracy | Relevant | Irrelevant | total total total class
15968 0.05 1 0.98098 72 1368 72 71856 1440 999
15969 0.05 1 0.98098 72 1368 72 71856 1440 1000
15970 0.05 1 0.98098 72 1368 72 71856 1440 1000
15971 0.05 1 0.98098 72 1368 72 71856 1440 1000
15972 0.05 1 0.98098 72 1368 72 71856 1440 1000
15973 0.05 1 0.98098 72 1368 72 71856 1440 1000
15974 0.05 1 0.98098 72 1368 72 71856 1440 1000
15975 0.05 1 0.98098 72 1368 72 71856 1440 1000
15976 0.05 1 0.98098 72 1368 72 71856 1440 1000
15977 0.05 1 0.98098 72 1368 72 71856 1440 1000
15978 0.05 1 0.98098 72 1368 72 71856 1440 1000
15979 0.05 1 0.98098 72 1368 72 71856 1440 1000
15980 0.05 1 0.98098 72 1368 72 71856 1440 1000
15981 0.05 1 0.98098 72 1368 72 71856 1440 1000
15982 0.05 1 0.98098 72 1368 72 71856 1440 1000
15983 0.05 1 0.98098 72 1368 72 71856 1440 1000
15984 0.05 1 0.98098 72 1368 72 71856 1440 1000

Table 4.12 overall results of similarity measurement.

total testing data

15,984 objects

total signature number

71,928 signatures

total usage times 19,365 seconds
total usage memory for signature | 8,631,360 bytes
average precision 0.1619
average recall 0.9651
average accuracy 0.9851
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CHAPTER V
DISCUSSION

This research proposed the rough set data mining of shape based image
retrieval using the Fourier descriptor feature extraction.

From chapter 1V, the results between a rough set method and a similarity
measurement were found that the data miner techniques can be applied to the field of
image retrieval. A rough set method can reduce the usage time for retrieving, yet the
precision and the accuracy of a rough set method is not different much with a
similarity measurement. The usage memory of a rough set method can be reduced
depend on reduction rules; beside, one of a similarity measurement is depend on a
number of image data in database. The recall is very interesting; the overall recall
values between a rough set method and a similarity measurement are very different.
This can be explained that because the rough set method is focused in a rule based
system while, the similarity measurement is interest in a pattern matching, so it
retrieved all of image data that match or similar to an input image, but the rough set
method retrieves image data that be accepted by rules. These are a cause why recalls
between them very different. This recall issue was resolved by improving quantization
process. After that, the recalls were better than previous, but they were not good
enough. On the other hand, when recall values were improved, the precision values

became lower significantly.

5.1 Tools in the research

The Matlab is a numerical computer environment. Developed by the
MathWorks, Matlab allows matrix manipulations, plotting of functions and data,
implementation of algorithms, creation of user interfaces and interfacing with
programs written in other languages. It is easy to use Matlab for researching and

calculating.
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5.2 Problem during researching

In the preprocessing stage, we found that the binary images for researching
in the same class are some objects in the images were split more than 1 part of objects
cause of rotating. The objects that split from main objects in images have a small area,

so it will be cut off.

5.3 Advantages

The rough set data mining is used to apply to image retrieval. It discovered
the knowledge from the raw image feature extraction data and generated the rules
based system. This method will reduce the usage memory for classifying data and
usage times in the retrieving stage. Moreover, the rough set data mining can be applied

to find some pattern of other image feature extraction.

5.4 Disadvantages

The training stage of a rough set data mining uses the much time but it
depends on amount of data. In this experiment, use the many class images (999
classes). Then, the pattern of various classes has a same involuntarily pattern. Some
pattern is classified into other class that is the cause of miss retrieving data in the

testing stage.
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CHAPTER VI
CONCLUSION AND RECOMMEDATION

6.1 Conclusion
This research uses the rough data mining for image retrieval. The results
were compared to the similarity measurement. From the chapter 1V, the usage times
and the usage memory are less than the similarity measurement method. The precision
and accuracy are little different. The recalls of two methods are absolutely difference.
In other words, the average recall of rough set method is 0.261 but the average recall
of similarity measurement method is 0.9651. The similarity measurement retrieved
data that is all relevant data in each retrieving for the various amount of irrelevant data
in each retrieving. From the table 4.2 and 4.4, we will see the total retrieved data in
each row of two tables are very different. The rough data mining method has the total
retrieved data less than or equal 100 data in each retrieving but the similarity
measurement has the total retrieved data more than 1000 data.
We found that the rough set data mining method uses the resource less than the
similarity measurement but the overall is a little different. The usage time, usage

memory and accuracy are advantage to the rough set data mining method.

6.2 Recommendation

The rough set data mining method can be used with other image pattern
feature extraction. The thing that we have to consider is the image feature extraction
we want to discover the knowledge from raw data. The accuracy depends on the image
feature that we choose to extract from image.

The training time is the much usage time for training process. For the large
image data, we can separate the classification stage into various steps such as first

step, we use some features for rough classifying and second step, we use the all feature
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for fine classifying to decrease training time and testing time in learning and

evaluating stage.
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APPENDIX A
Some MATLAB Code

Preprocess.m
clear;
disp(‘preprocessing raw data......");
for i=1:1000
atr_index = 1;
eval(sprintf('load ./trainData/load TraingData%(d;',i));
if sum(sum(trainingData{1,1})) ==
%do nothing
else
eval(sprintf('load "./rawdata/%d"i));
[row col] = size(image_fdes_sum_for_shape);

forl=1:col
[R C] = size(image_fdes _sum_for_shape{l});
test_result_circular(l) =
image_fdes_sum_for_shape{l}(2)/sum(image_fdes_sum_for_shape{l}(2:R));
test_result_symmetry(l) =
sum(image_fdes_sum_for_shape{l1}(2:2:R))/sum(image_fdes_sum_for_shape{l}(2:R));
temp = checkMod(image_fdes_sum_for_shape{l1}(3:R),3);
test_result_kFold(l) = sum(temp)/sum(image_fdes_sum_for_shape{l}(2:R));
biRtemp = real(image_fdes_sum_A{l} + image_fdes sum_B{I});
biltemp = imag(image_fdes_sum_A{l} + image_fdes_sum_B{l});
biSumtemp = sum(abs(biRtemp)+abs(biltemp));
test_result_bilateral(l) = sum(abs(biRtemp))/biSumtemp;
end;

[row col] = size(image_fdes_sum);

forj=1lirow
index = 1;
temp_image_fdes_sum = image_fdes_sum(j,2:16);
for k = 1:15
if(temp_image_fdes_sum(k) > 1)
attribute(atr_index,index) = roundn(temp_image_fdes_sum(k),0);
elseif((temp_image_fdes_sum(k) <= 1)&(temp_image_fdes_sum(k) > 0.5))
attribute(atr_index,index) = 1;
elseif((temp_image_fdes_sum(k) <= 0.5) & (temp_image_fdes_sum(k) > 0.4))
attribute(atr_index,index) = 2;
elseif((temp_image_fdes_sum(k) <= 0.4) & (temp_image_fdes_sum(k) > 0.3))
attribute(atr_index,index) = 3;
elseif((temp_image_fdes_sum(k) <= 0.3) & (temp_image_fdes_sum(k) > 0.2))
attribute(atr_index,index) = 4;
elseif((temp_image_fdes_sum(k) <= 0.2) & (temp_image_fdes_sum(k) > 0.1))
attribute(atr_index,index) = 5;
elseif((temp_image_fdes_sum(k) <= 0.1) & (temp_image_fdes_sum(k) > 0.09))
attribute(atr_index,index) = 6;
elseif((temp_image_fdes_sum(k) <= 0.09) & (temp_image_fdes_sum(k) > 0.08))
attribute(atr_index,index) = 7;
elseif((temp_image_fdes_sum(k) <= 0.08) & (temp_image_fdes_sum(k) > 0.07))
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attribute(atr_index,index) = 8;

elseif((temp_image_fdes_sum(k) <= 0.07) & (temp_image_fdes_sum(k) > 0.06))
attribute(atr_index,index) = 9;

elseif((temp_image_fdes_sum(k) <= 0.06) & (temp_image_fdes_sum(k) > 0.05))
attribute(atr_index, index) = 10;

elseif((temp_image_fdes_sum(k) <= 0.05) & (temp_image_fdes_sum(k) > 0.04))
attribute(atr_index, index) = 11;

elseif((temp_image_fdes_sum(k) <= 0.04) & (temp_image_fdes_sum(k) > 0.03))
attribute(atr_index, index) = 12;

elseif((temp_image_fdes_sum(k) <= 0.03) & (temp_image_fdes_sum(k) > 0.02))
attribute(atr_index, index) = 13;

elseif((temp_image_fdes_sum(k) <= 0.02) & (temp_image_fdes_sum(k) > 0.01))
attribute(atr_index, index) = 14;

else
attribute(atr_index, index) = 15;

end;

index = index + 1;
end;

atr_index = atr_index + 1;
end;
output_attribute = i;
eval(sprintf(‘'save ("./initial_data/%d","attribute","output_attribute")',i));
end;
end;

ProcessDiscernibility.m
clear;
clc;

load 'dataUniqueClass';

DiscernibilityMatrix = cell(1,length(uniqueClass));
for i = 1:length(uniqueClass)

for j = 1:length(uniqueClass)
if(~(i==}))
DiscernibilityMatrix{j} = findDiffField(uniqueClass(i,:),uniqueClass(j,:));

else
DiscernibilityMatrix{j} = [1;
end,
end,;
eval(sprintf(‘'save("./discernibilities/discernibilities%d","DiscernibilityMatrix"); ,i));
eval(sprintf(‘'disp("process discernibility......%d");",i));
end;

clear;

ProcessDiscFunc.m

clear;

clc;

load './classes/classes’;

%find unique class and unsort rows for real class not sorted rows
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[bEquiv ,mEquiv ,nEquiv] = unique(equivClass(:,1:15), rows");
uniqueClass = equivClass(sort(mEquiv),1:15);
lenClass = length(uniqueClass);
SllllIITHIITTTTT T T T T T
clear bEquiv mEquiv nEquiv equivClass;
for im = L:lenClass
eval(sprintf('load "./discernibilities/discernibilities%d";',im));
index = 1;
sortCellObj = sortCell(DiscernibilityMatrix);
for i = L:length(sortCellObj)
if(i ~= 1)%coz discernibilities matrix of class 1
if(index == 1)
discFunction{index} = DiscernibilityMatrix{sortCellObj(i)};
index = index + 1;
else
temp = intersect(discFunction{1},DiscernibilityMatrix{sortCellObj(i)});
if(isempty(temp))
dontCare = 0;
for j = 1:length(discFunction)
temp = intersect(discFunction{j},DiscernibilityMatrix{sortCellObj(i)});
if(~isempty(temp)) & (isequal(temp,discFunction{j}))
dontCare = 1,
end;
end;
if(dontCare == 0)
discFunction{index} = DiscernibilityMatrix{sortCellObj(i)};
index = index + 1;
end;
end;
end;
end;
end;

eval(sprintf('save("./discFunctions/discFunctions%d","discFunction™);',im));
clear discFunction sortCellObyj;

eval(sprintf('disp("process discFunction.....%d")',im));

end;

ProcessEquivClass.m

clear;

clc;

load "./objects/objects’;
index = 1;

equivClass(index,:) = object(1,:);
index = index + 1;
for i = 2:length(object)
if((checkObjects(object(i,:),equivClass)) == 0)
equivClass(index,:) = object(i,:);
index = index + 1;
end;
eval(sprintf(‘'disp("processEquivClass.....%d"); ,index));
end;
save('./classes/classes’,'equivClass’);
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JohnsonAlgo.m
clear;

clc;

load './classes/classes’;

load 'dataUniqueClass';

lenClass = length(uniqueClass);
for im = L:lenClass
eval(sprintf('load "./discernibilities/discernibilities%d";',im));
index = 1;
disTempindex = 1;
atrCount =[]J;
disTemp{disTemplndex} = [];
forj=1:15
atrCount(j) = 0;
end;

for k = 1:length(DiscernibilityMatrix)
if ~isempty(DiscernibilityMatrix{k})
for | = 1:length(DiscernibilityMatrix{k})
atrCount(DiscernibilityMatrix{k}(l)) = 1 + atrCount(DiscernibilityMatrix{k}(l));
end;
disTemp{disTemplndex} = DiscernibilityMatrix{k};
disTemplindex = disTemplndex + 1;

end;
end;

while checkEmpty(disTemp)
[value,i] = max(atrCount);

discFunction{im}(index) = i;
setEmptyValue = i;
index = index + 1;

for disIndex = 1:length(disTemp)
if ~isempty(disTemp{disindex})
if intersect(setEmptyValue,disTemp{disindex}) == setEmptyValue
disTemp{disindex} =[];
end;
end;
end;
atrCount(:) =0;

for k = 1:length(disTemp)
if ~isempty(disTemp{k})
for | = 1:length(disTemp{k})
atrCount(disTemp{k}(l)) = 1 + atrCount(disTemp{k}(l));
end;
end;
end;
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end;
clear disTemp

eval(sprintf('disp("process discFunction.....%d")",im));
end;

save('dataDiscFunction’);
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IMAGE RETRIEVAL USING CONTOUR FEATURE WITH ROUGH SET
METHOD
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Abstract—Content based image retrieval (CBIR) is well-
known in the field of image retrieval. It uses contents of an
image from image processing and analysis to retrieve images
that users were looking for from an image search. Shape
based image retrieval was focused in this paper. A data
mining was considered to find knowledge in the image
database. Fourier descriptor is a most technique to extract
contour feature of images. It was used to analvze the testing
and training images in the preprocessing step. Fourier
coefficients were quantized into multiple attributes and
rough set theory was used to generate a rule-based system.
Rough set theory is used as a data mining technique. It was
compared to similarity measurement. We use 15,984 testing
image data with 71,928 training image data in this
experiment. A total usage time of rough set method is 13,286
seconds. A total usage time of similarity measurement is
19.365 seconds. A total usage memory of rough set method
and similarity measurement are 2.8 Mbytes and 8.6 Mbytes
respectively. An average precision, an average recall and an
average accuracy of rough set method are 0.1297, 0.261 and
0.9971. An average precision, an average recall and an
average accuracy of similarity measurement are 0.1619,
0.9651 and 0.9852. The rough set method is advantage to the
usage time and the usage memory.

Keywords- Rough ser; Image retvieval; Fourvier descriptors

1. INTRODUCTION

We use a database system for storage information. The
type of the information such as images, texts, music and
movies that a difference kind of encoding and file types.
The image data can use some methods of image retrieval
technologies for query database of digital images. The
most traditional and common methods of image retrieval
utilize some methods of adding metadata such as
captioning, keywords or descriptions to the images. The
content based image retrieval is a method that uses the
content of digital image for querying image. The contents
of images are used to process in numerical computing of
digital image retrieval. For example, we use a color for
classify the groups or species of flowers. We have many
features of colors of each image and we cannot use all
color features to process in all digital images. We might
be used all color features to process it but we use over
time for processing. However, we can use the data mining
for solve this problem.

Data mining involves fitting models to or determining
patterns from ob served data. The fitted models play the
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Department of Computer Engineering
Faculty of Engineering, Mahidol University
Nakhon Pathom, 73170 Thailand
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ole of inferred knowledge. Data mining techniques are
deployed to scour large databases in order to find novel
and useful patterns that might otherwise remain unknown
[1]. A particular data mining algorithm is usually an
mstantiation of the model, preference, and search
components.

In the field of classification we can use the rough set
theory for data mining technique apply to image retrieval.
This method use the features [2] (such as color, texture,
shape and layout) of images data, which are done
preprocessing before, for mining images [3] data and
classify images data that receive from resources. The
ough set theory makes the rule sets from data for
classifying. Wenot necessary to use all data to processing
but we can use some data that unique from other for
classifying and processing.

II.  PRE-PROCESSING

The preprocessing is to extract coordinates of the
contour binary images. The block diagram for
preprocessing is shown in Figure 1.

binary images.

attibutes data

Figure 1. Preprocessing ofcontour feature.

The first step & to find coordinates of the contour
binary image by using 8-connectivity contour tracing
technique. Fourier descriptor [4, 5] is the most techniques
for extracting the contents of image contours. Coordinates
of the contour binary image will be transfbrmed to
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complex value to calculate the fourier coefTicients. We
can make sure that the image invariant for translation and
rotating by moving the centroid to origin (0,0) as
following:

X = %— %,andy = y,— y.,withi=1, ..,L (1)
where L denotes the number of boundary points,
X, 18 coordinate X of centroid, and

¥ 18 coordinate y of centroid.

The discrete Fourier Transformof image contour Ciyyy
is given by:

1 ~ -] "
X = rztmloxme feshaontl 2)
3 i 2zl /)
bi = [ Z5ch yme ML 3)
wherek=0, I, .., L-1,and

Xms ¥ mare the co-ordinates ofboundary contour.

a, and by have to be changed to polar form and
normalize.

———
e = o lag[? + by |2 4)

From this polar form cut DC component (r,) and
normalize.

ly

5 = f,wilhk=1,._.,r_-1 5)

Fourier Deseriptor (s,) is now invariant to translation,
rotation and starting point. The Fourier coefficients have
to be changed for classification and rough rule based
generation by Quantization. Quantization is the procedure
of constraining something froma continuous set of values
(such as thereal numbers) to a discrete set (such as
the integers ).

M. ROUGH SET THEORY
Rough set Theory [6, 7, 8] is proposed by Pawlak in the
garly 1980s as a mathematical tool to deal with
uncertainty. It is an exiension of conventional set theory
that supports approximations in terms of a pair of sets
which give the lower and the upper approximation of the
original set. In the standard version of rough set theory
(Pawlak 1991), the lower and upper approximation sets
are crisp sets, but in other variations, the approximating
sets may be fuzzy sets. An information system contains a
data set represented in a table. Each table row represents
an object. Every column represents an attribute that can be
measured for each object.
An information system, S, is defined as:

S=(U,A{V;:eADd (6)

Where U is a non-empty [inite set of objects,
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A is a finite, nonempty set of mappings,
a:U —V,,and
V, is the value set of a.

One of the most important concepts of rough set
theory is indiscernibility, which is used to define
equivalence classes for the objects. Each subset of
attributes B € A defines an equivalence relation, denote
IND(B} and will be called an indiscermbility relation.
This indiscernibility relation is defined as:

IND(B) = {(x,y) € U x U: Flx,a) =
F(y, a) forevery a € B} M

If we add the decision attributes into the information
into the information systems, this system is called a

decision system. The decision systemis defined (Bjanger,
1999)

S = (UAU{d}) (8)

where d€ A s a distinguish attribute called the
decision attribute.

Suppose an information system S = (U,A), X < U,
and BE A. Let us define two operations assigning to
every X = Utwo sets B=(X) and Bk(X)‘ called the B-lower
and the B-upper approximation of X, respectively. The
boundary approximation defined as follows:

B.X = {x|[x]g € X} (9)

Is the lower approximation or positive region of X,
and

B*X = {x|][x]gn X = 0} (1
Is the upperapproximation or possible region of X.

The lower approximation is the set containing all
objects for which the equivalence class corresponding to
the object, which is a subset of the set we would like to
approximate. This set contains all objects, which with
certainty belong to the set X,

The upper approximation is the set containing the
objects for which the intersection of the object’s
equivalence class, and this set we would like to
approximate is not the empty set. This set contains all
objects, which possibly belong to theset X.

Indiscernibility relation reduces the data by identifying
equivalence classes, ie, objects that are indiscernible,
using the available attributes. Only one element of the
equivalence class is needed to represent the entire class.
Reduction can also be done by keeping only those
attributes that preserve the indiscernibilitty relation and,
consequently, set approximation. Sometimes it happens
that the set of attributes provides more information about
objects then is needed to distinguish them In such a
situation some of the attributes may be reduced without
losing the ability to group the objects. In the rough set
approach, there are two fundamental concepts used in the
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reduetion of knowledge, a reduct and the core. Intuitively,
a reduct is one essential part of an information system,
which can discern all objects that are discemnible by the
original information system. The core comprises the
attributes that are indispensable to the discrimination of
objects, the attributes that are contained in all the reducts.

I'V. ROUGH ST METHOD FOR IMAGE RETRIEVAL

The Fourier descriptors of training images are floating
coefficient values. They have to be changed for
classification and rough based generation by
quantization. The example of Fourier coefficient attributes
and quantized Fourier coefficient attributes as shown in
Table [ and 11, respectively.

rule
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Finally, the rough set theory is used to discover
knowledge from data attributes and generate rule based
ffom equivalence classes. The discemnibility matrix is
created for finding dispensable classes and reduction of
training data. The core attribute is found fromdispensable
classes. We wse Johnson reduction method [7] to reduce
the attributes and generated rule based from equivalence
classes. The attribute which is reduced will be defined to
zero as shown in Table 1V,

Table IV Example of reduced attrbutes for rough rule
based.

Altributes Decisions

al | a2 | a3 | . al? | ald alsd D

Table I Example of Fourier coefficient attributes. 0 6| o 0 0 0 1
Decision
Fourier coefficients attributes Attribute b b | 10 0 U 0 L
Image
al a2 al4 als Class
37 2003 % 5 7 i g : 2
3[;[]';:?; E :a?ﬂ; SEESE;: []U'[][E][]ﬁl';ll :3 We can obtain the decision rules froman information
[]U[]“l"\:'\j D107 3 [][]__‘0;9 5 []U‘U": T system or a reduction of condition attributes. Some
[]',_,_‘3','9 3 [J““.[H 0 OO [J.[]U;\;t_.a T condition values may be unnecessary n the decision rules,
P [1_[1_9:1* [i I.[]“ . [].[][]-_JS;T []'m];,ﬂ :l so we can remove them from the rules or change them
01589 | 004848 0001842 | 0.003655 29 into “don’t care” values. The process of conditional value
w5nd | 0inE oo | 000257 o removed is called values reduction.
UU_‘-W_:G‘-} []U%-H"l []'[][]:[];; U.[][l :; Let § = (U,A,C,D) be an information system with n
0.060867 | 0.068595 0002665 | 0.000726 75 objects, where U is a finite set of objects. A is a set of
0003061 | 010503 0004032 | 0001807 36 attributes  further classified into disjointed condition
0.068366 | 0.098481 0.004628 | 0.003951 27 attrbutes C and decision attributes D,A=CUD,V =U
027086 0.19462 0006979 | 0006221 ) V., V, is the domain of attribute a € A. Hence, decision
rules are ofien presented as implications and are often

Table I1 Example of quantized Fourier coefficient
attributes.

Quantized Fourier descriptors attributes Decision
Attribute
al il .. ald uls Decision
T3 3 13 T3 19
4 5 15 15 20
15 5 15 15
3 T1 13 T3
4 5 15 15
13 3 15 15
9 9 15 15
15 5 15 15
9 3 15 15 27
5 15 15 28

The next step, we use the quantized Fourier attributes
to create equivalent classes for generating the rule based
systemas shown in Table 1L

Table Il Example of equivalent classes.

Object attributes Decisions
No. [ Al | A2 A3 .| A4 AlS D
1 5 6 9 15 15 1
2 5 6 8 15 15 1
3 3 4 5 15 15
4 3 4 5 15 15 2

called “If ... then ... If a, b, ¢, d are the condition
attributes of set A, D is decision attribute. We can express
the rules as

Rule 1
IFa=1THEN D=1 (for the class 1)

Rule 2
IFb=Sand ¢ =M THEN D=2 (for the class 2)

Rule n
IF ¢ =L THEN D =n (for the ¢lass n)

IV.  SIMILARITY MEASUREMNT

The similarity measurement is the one of the retrieved
techniques for shape based image retrieval with Fourier
descriptor. A model shape indexed by Fourier Descriptor
feature f,, = [f1,f2,...fY] and a testing data shape
indexed by Fourier Descriptor feature
fo =fi ff, o fi'], since both features are normalized
as to translation, rotation and scale, the Euclidean distance
between the two feature vectors can be used as the
similarity measurement.
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d= (o = fiI*)? (16)

where N is the truncated numberof harmonics needed
to indexthe shape.

V. RESULTS

The results of the rough data mining for image
retrieval will be shown in three values of data retrieval
evaluation. They are precision, recall and accuracy. We
use the similarity measurement of image signature to
compare to rough rule base system For each retrieving,
we only retrieved 20 first unique decisions.

In the contexd of classification tasks, the terms true
positives, true negatives, false positives and false
negatives are used to compare the given classification of
an item (the class label assigned to the item by a
classifier) with the desired correct classification (the class
the item actually belongs to). These are illustrated by the
table below:

Table V The terms ofclassification table tasks.

correct result / chssification

El E2
El tp P
ohtamed result (Lrue positive) (false positive)
classification
E2 fn n
(false negative) {Lrue negative)
P p
Precision = - (16)
tp+fp
t -
Recall = —=— (amn
tp+fn
_ tp+tn
Accuracy - tp+tn+fp+in ( 8)

Table VI Overall results of rough rules based image
retrieval.

total testing data 15,984 objects

total signature num ber 71,928 signatures

total usage Limes 19,365 seconds

total usage memory for signature 8,631,360 bytes

4V erage precision 0.1619
average recall 11.9651
AV Erage acc uracy .9851

Table VII overall results of similarity measurement.

total testing data 15,984 objects

total rough rules based number 21,479 rules

total usage times 13,286 seconds

total usage memory for rules based 2,880,548 bytes

4V erage precision 0.1297
average recall 0.261
AV CTHEC 8CC Uracy 09971
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VI CONCLUSION

This research uses the rough data mining for image
retrieval. The results were compared to the similarity
measurement. From the chapter 1V, the usage times and
the usage memory are less than the similarity
measurement method. The precision and accuracy are
little different. The recalls of two methods are absolutely
difference. In other words, the average recall of rough set
method is 0.261 but the average recall of similarity
measurement  method is  0.9651. The similarity
measurement retrieved data that is all relevant data in each
retrieving for the various amount ofirrelevant data in each
retrieving, We have seen the tofal retrieved data in each
ow of two tables are very different. The rough data
mining method has the total retrieved data less than or
equal 100 data in each retrieving but the similarity
measurement has the total retrieved data more than 1000
data.

We found that the rough set data mining method uses
the resource less than the similarity measurement but the
overall is a little different. The usage time, usage memory
and accuracy are advantage to the rough set data mining
method.
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