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ABSTRACT

Owing to the rapid mounting of massive image data,
image classification has attracted lots of research ef-
forts. Several diverse research disciplines have been
confluent on this important theme, looking for more
powerful solutions. In this paper, we propose a
novel image representation method B2S (Bag to
Set) that keeps all frequency information and is
more discriminative than traditional histogram based
bag representation. Based on B2S, we construct
two different image classification approaches. First,
we apply B2S to a state-of-the-art image classifica-
tion algorithm SPM in computer vision. Second,
we design a framework DisIClass (Discriminative
Frequent Pattern-Based Image Classification) to
utilize data mining algorithms to classify images,
which was hardly done before due to the intrin-
sic differences between the data of computer vision
and data mining fields. DisIClass adapts the lo-
cality property of image data, and apply sequential
covering method to induce the most discriminative
feature sets from a closed frequent item set min-
ing method. Our experiments with real image data
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show the high accuracy and good scalability of both
approaches.
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1.4.10 [Image Processing and Computer Vi-
sion]: Image Representation; H.2.8 [Database Ap-
plications]: Data Mining, Image Databases

General Terms
Algorithms
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1. INTRODUCTION

Image classification, or image categorization, has
been intensively studied in several fields such as
image processing, computer vision, pattern recog-
nition, machine learning, and data mining. Some
specialized image representations and classification
models have shown great success in tasks such as
face recognition, iris recognition and fingerprint recog-
nition. However, these methods are designed for
specific objects and usually require high quality and
specialized training and testing images. Thus, they
are not suitable for general image classification prob-
lems.

In the early days, global features like histograms
of color, texture and edge information were used
to express and classify images [2, 11, 22, 23]. The
major drawback of this approach was that it cap-
tured not only the interesting target but also the
noisy background. To avoid this problem, there
were several works on subdividing an image into
smaller blocks to exploit locality properties of im-
age data [4, 18, 24]. They still got a problem that
the schemes using fixed sized blocks were not robust
on location translation which is common in real im-
age classification applications.

Recently, there has been a trend to merge two
or three fields together to take full advantage of
the strength of each field. In computer vision, it
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has been tried to use artificial intelligence, statis-
tics, and data mining techniques to gain higher per-
formances. ‘Bag-of- Words’, one of those interdisci-
plinary paradigms, emerged in computer vision [17],
which enabled the representation of an image as a
bag of codewords and applied several techniques
from other fields. The biggest difference of this
paradigm from previous studies is the use of local
features instead of global ones. Local features are
computed from local interest regions, whose loca-
tions are determined by scale and affine invariant
detectors.

In Bag-of-Words concept, an image is represented
as a bag of codewords from a dictionary named
codebook. To construct a codebook, we generally
obey the following three steps:

First, feature detection is performed through all
images. There are various methods on feature de-
tection, including a regular grid method [17] and
an interest point detection method [19]. The for-
mer is well known to have good results in natu-
ral scene categorization, but it cannot capture the
salient features in an image which would be more
useful in object recognition and image clustering.

Second, a feature is represented as a high-dimensional

vector which becomes a descriptor of the feature.
SIFT (Scale-invariant feature transform) [19] was
introduced to detect and describe local image fea-
tures based on the appearance of an object at par-
ticular interest points, which had very useful prop-
erties such as invariance to image scale and rotation.
SIFT achieved the best performance in comparison
with other descriptors [20].

Third, a vector quantization method is performed
on the detected feature descriptors to generate the
codebook. Each quantized vector becomes a code-
word, and the codebook is composed of those code-
words.

In Fig. 1, we illustrate the procedure to generate
a codebook, which was used in this paper. We used
interest point detection method and SIFT represen-
tation to extract features, and k-means clustering
algorithm for vector quantization. Finding a bet-
ter image processing technique such as designing a
better feature extraction method or a better vec-
tor quantization method is beyond the scope of this
paper.

Bag-of-Words is not a new concept in itself. It

was originated from natural language processing and
information retrieval where a document was repre-
sented as an unordered collection of words, ignoring
grammar and the order between words [16]. Ap-
plying this concept directly into different areas like
computer vision contains several inherent problems.

First, the meaning of the number of replicates
in an image is different from that of the term fre-
quency in a document. A document is represented
as a histogram of the terms used in it, and previous
works in computer vision also have used the same
framework: An image is represented as a histogram
of the codewords. In a document, frequency mea-
sures the importance of the term, where a higher
frequency implies more importance. In an image,
we can barely find such relationships. In this pa-
per, we propose a new representation B2S of an
image and show how this representation leads to a
higher classification accuracy.

Second, we cannot simply apply the same tech-
niques we used for document classification to im-
age classification. Unlike document data that has a
sparse distribution of words, image data has a dense
distribution of features. Due to this heavy density,
it is hard or sometimes impossible to directly use
data mining algorithms such as frequent itemset
mining even for a small number of images. In this
paper, we introduce a discriminative frequent item
bag mining algorithm DDB which finds discrimina-
tive features without generating all frequent item
bags.

Third, in an image, spatial information like ab-
solute or relative locations are quite important to
describe an object or a pattern in an image, while
spatial information of terms are not considered in
a document. Even worse, it is not robust on back-
ground noises if we consider the whole image as one
document and ignore spatial information. To en-
hance the accuracy of the algorithms, we need to
utilize spatial information in an image. There has
been a few attempts to accomplish this goal [14, 21],
but still there is much room left to be enhanced. In
this paper, we utilize the locality property of image
data and top-k probability voting to improve the
performance.

In summary, the contributions of this paper are
as follows.

e We analyze previous Bag-of-Words image rep-
resentations, and develop a novel image repre-
sentation method B2S.

e We show how B2S can be applied to existing
image classification algorithms.

e We propose an image classification framework
DisIClass based on a data mining approach by
use of B2S representation. DisIClass utilizes
the locality property of image data with the
help of top-k probability voting scheme, and



solves all three problems of applying Bag-of-
Words into computer vision.

e We perform experiments on two B2S based al-
gorithms with real image data and compare
with the state-of-the-art image classification
algorithm SPM [9] to show that B2S represen-
tation really helps to achieve higher accuracy.

The rest of the paper is organized as follows. Sec-
tion 2 presents a brief overview of related works.
In Section 3, we present a formal definition and
important properties of B2S representation, and
show how to apply it to SPM. Section 4 proposes
a frequent pattern mining based image classifica-
tion framework DisIClass with the help of B2S. In
Section 5, we report our experimental results which
reveal high performances of our new approaches.
Finally, we conclude the paper in Section 6 which
summarizes our work on B2S and its two applica-
tions.

2. RELATED WORKS

In this section, we briefly introduce related works
in computer vision and data mining.

2.1 Image Classification

The simplest way to describe an image is to use
histograms of color, texture and edge information
as global features. Many papers have been pub-
lished in this direction. [22] studied binary image
classification via color histograms using k-NN clas-
sifier. [23] proposed using histograms of colors and
edge directions together with Bayesian classifiers
for multiple class classification. [2] used color his-
togram features with SVM classifier for object clas-
sification. [11] used color information to construct
a classification tree. The major drawback of those
methods is that a global histogram representation
could not discriminate between the interesting tar-
get and the background noises.

To avoid the problems of global histogram repre-
sentations, subimage-based methods have been pro-
posed which divided an image into several rectangu-
lar blocks to exploit local and spatial properties [4].
[24] partitioned an image into smaller blocks and
represented them by use of wavelet coefficients in
high frequency bands, and set a threshold to control
a class prediction of each block. [18] proposed the
ALIP system which used two-dimensional multires-
olution HMM trained on color and texture features
of image blocks. The problem of these methods is
that fixed blocks are sensitive to the location change
of objects in the images, thus they are not robust
to location translation, which commonly happens
in real images.

Image clustering and natural scene categorization
fields have flourished due to the discovery of SIFT

(Scale-Invariant Feature Transform) [19] feature, which

was originated from the research of object recogni-

tion which required a good local feature to describe
an object.

[17] introduced the whole framework of construct-
ing codewords and a codebook from extracted fea-
tures. It tested and compared several well-known
feature extraction and description methods on a
natural scene categorization problem.

There was a different approach that expressed an
image as a graph [21]. A complete graph was con-
structed based on extracted features and their re-
lationships. A well-known graph mining algorithm
gSpan [25] was applied to the graph to mine inter-
esting subgraphs. This approach also tried to uti-
lize spatial information by representing an image as
a graph with the help of data mining techniques,
but it revealed a problem of high time and space
complexity.

A new approach SPM [14] came out that utilized
a kernel-based recognition method. It adapted the
pyramid matching scheme [9] which used the spa-
tial information indirectly. It could significantly im-
prove performance over the basic Bag-of- Words im-
age representation and even over methods based on
detailed geometric correspondence. The basic idea
of SPM is to repeatedly subdivide the image and
computes histograms of local features at increas-
ingly fine resolutions. Rough geometric correspon-
dence is computed on a global scale by utilizing an
efficient approximation method adapted from the
pyramid matching scheme of [8]. Experiments on
several benchmark data sets have shown that SPM
achieves the state-of-the-art accuracy performance
[7, 10, 14]. We perform the comparison experiments
with SPM in Section 5 and show that our two ap-
proaches outperforms it.

2.2 Frequent Itemset for Image Mining

In the field of data mining, there has been sev-
eral approaches to mine image data. They applied
several data mining techniques on the assumption
that a well-preprocessed image data is given as an
input.

In [27], an image was represented as a set of re-
current items. A progressive deepening method was
performed to mine association rules of predefined
spatial relationships between objects such as next-to
and overlap. Similar works appeared in spatial data
mining area like spatial collocation mining which
tried to find co-existing patterns of non-spatial fea-
tures in a spatial neighborhood [12, 28].

There were several works that used a grid-based
approach to explicitly code the location of objects
in each image, which could generate spatial associ-
ation rules by use of frequent pattern mining algo-
rithm [3, 15]. Recently, there was a work to find
semantically meaningful visual patterns based on a
frequent pattern mining approach [26]. For each im-
age, a k-NN clustering was performed on the code-



words to form a neighborhood as a meaningful vi-
sual patterns.

3. B2S REPRESENTATION
3.1 Foundation of B2S

Previously, all image mining algorithms based on
Bag-of-Words paradigm used feature histograms to
express an image. In other words, an image v could
be represented as a vector of features x1, zo, ..., Ty,.
Each feature x; became a dimension, and its fre-
quency (or the number of occurrences) v; became
the value of the corresponding feature dimension.

DEFINITION 3.1. Suppose X = {x1,22,...,Z,}
is a set of features in an n-dimensional vector space
V. of nonnegative integers. For any vector v in
Vi, we denote v = (v1,va,...,v,) where v; is the
frequency of x; in v.

Now, we propose a new discriminative represen-
tation B2S of an image. The main idea is to trans-
form a histogram based bag representation into a
set representation. For each value of a feature in
the bag representation, B2S creates a new feature
that corresponds to it.

DEFINITION 3.2. Define ¢; to be the cardinality
of a feature x; for i = 1,...,n. We define B2S
n
to be a function from V, to Var (M = Y ¢x) by
k=1
B2S(v) = (011,012, -+, Vley, U215+« + s Une,, ) for v =
(v1,v2,...,v,) € V,, where v;; =1 if j < v; and 0
otherwise.

By cardinality of x;, we mean the maximum fre-
quency v; of x;. We illustrate the definitions men-
tioned above by the following example.

EXAMPLE 1. Suppose x1 and xo are two features
of Vo, and their cardinalities are 3 and 2 respec-
tively. Then, we get five new B2S features x11, 12,
x13, T21 and xag in Vi. A vector v = (2,1) in Vs
becomes (1,1,0,1,0) in B2S representation.

Note that B2S representation defined in Def 3.2
is a one to one but not onto mapping by definition.
Any v in the original space V,, can be mapped into
a vector in V), but the contrary is not always true.
In Example 1, we cannot map any inverse value of
a vector (0,0,1,0,0).

B2S representation is useful since it is more dis-
criminative than histogram based bag representa-
tion, while still keeping all original information, in
the sense that any B2S(v) can always be recovered
to its original representation v because B2S is a
one-to-one function. We show several properties of
B2S in the following proposition and theorem.

PROPOSITION 1. Letv = (v1,va,...,v,) be a vec-

tor in V,, for a given attribute set X = {x1,xa,...,2,}.

Then, B2S(v) = (vi1,...,Vne,) preserves the fre-
quency value v; of each original attribute x;.

PROOF. We can recover v; using B2S(v;) by

V4 C;
SRS it

j=1 j=1
since v;; = for j <wv; by Def 3.2. O

Proposition 1 shows that B2S representation keeps
the frequency information of the original expression,
which is the most important feature in histogram
based representation. We also show that there is
a property that makes B2S different from previous
bag representation in the following theorem and ex-
ample. Before that, we first define separability of
two data sets.

DEFINITION 3.3. Let A and B be subsets of V.
We define A and B to be separable if there exists
a linear function f from V, to R! where f(v) > 0
forve A and f(v) <0 forv e B.

EXAMPLE 2. Suppose A = {1,3} and B = {2}
in RY. Then, there is no linear function from R!
to R that makes A and B separable. But, their
B2S representations B2S(A) = {(1,0,0),(1,1,1)}
and B2S(B) = {(1,1,0)} become separable in R>.

THEOREM 1. If two sets A and B are separable
in Vy,, then their B2S representations B2S(A) and
B2S5(B) also becomes separable in V.

PrOOF. Since A and B are separable, there exists
a linear function f(z1,xs,...,=y) = a121 + azxs +
<o+ + apx, from V, to R where f(v) > 0 for v €
A and f(v) < 0 for v € B by definition. Let’s
define another linear function f from Vi to R! by
f(@1, 12,000 T1ey, P21, -+ 5 Tpe,, ) = a1($11~+ st
Tiey) + o0+ an(Tp1 + -+ + ZTpe, ). Then, f(0) >0

for & € B2S(A) and f(¢) < 0 for & € B2S(B). O

COROLLARY 1. B2S enables the data sets to be
more separable which makes it more discriminative
than previous histogram based bag representation,
while containing all original information at the same
time.

Proor. By Proposition 1, Example 2, and The-
orem 1. []

Note that the frequency of any feature in B2S
representation is either 0 or 1, which makes it a set
expression. We can interpret B2S as a conversion
from Bag to Set representation.

In Fig. 2, we show the B2S procedure. Let V.
denote a set of images for training, Vi a set of im-
ages for testing, and V the set of all images in a give
data set. We use an integer to represent an item (or
an attribute in computer vision term) in V. Sup-
pose we have N distinct items 0,1,...,N-1 in V.
We define a table of features feature_table at line 1
of Fig. 2 which stores a list of item expressions for



Procedure B2S

inputl: preprocessed transactions in Virn, and Vist

input2: the number of distinctive features N in V

output: transactions in Vi and Vige in B2S representation
begin

1 feature_table = ()

2 new_feature = N

3 for each transaction ¢t € Virn {

4. sort items in ¢

5. for each item i € ¢ {

6 if feature_table contains key ¢ {

7 i_count = current frequency of ¢ in sorted ¢

8 replace i with feature_table.get(i).get(i_count)
9

. } else {
10. if i_count is 1 {
11. add (i,1,7)
12. } else {
13. add (4,1, N)
14. N=N+1
15.
16. replace ¢ with feature_table.get(i).get(i_count)
17. }
18. }
19.

20. Do the same procedure for transactions in Vgt
with feature_table and new_feature induced from above
end

Figure 2: B2S Procedure

each corresponding item. For example, if we have a
transaction ¢ of (a, a), then we will create a new item
a’ for the second item a of ¢, and ¢ becomes (a,a’).
Also, feature_table will contain a list [a, a'] for the
key a. To find out which item name is used for
the duplicated items, we can simply reference this
feature_table. At line 4, we sort the transaction to
make the computation easier. At lines 3-19 of Fig. 2,
we do the parsing and fill in the feature_table with
training image data V;,.,. Once it is done, then we
use this feature_table to parse the test image data
Vist- The reason for this two-step approach is to
simulate the real situations, since we would not be
given the test data in advance.

Of course, B2S will increase the number of fea-
tures in image data. To reduce the computational
burden caused from this increment, we use SV M
classifier [1] which works well even in a high dimen-
sional vector space. In Section 5, we provide the
experiment results of the comparison between bag
and B2S representations, which reveals the discrim-
inative power of our B2S representation.

Note that, B2S runs in a linear time of the num-
ber of total items in a data set, and scans the data
set only once.

3.2 B2S Applications

B2S is quite useful in the sense that it can be eas-
ily applied to state-of-the-art algorithms in various
domains including text mining and image classifica-
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Figure 3: DisIClass Procedure

tion. It can be considered as a preprocessing part of
the input data, which transforms it into the similar
but more powerful format. In the experiment, we
applied B2S to SPM [14] and show that B2S helps
to improve its accuracy performance over 20%.

In Section 4, we describe a novel framework Dis-
IClass that utilizes B2S as a connection between
image classification in computer vision and frequent
pattern mining in data mining domain. Lots of
powerful data mining algorithms including frequent
pattern mining could not be easily adapted into
computer vision because of the intrinsic differences
within their data. B2S enabled to translate the fre-
quency information (used in computer vision and
text mining fields) into a set representation (used
in most data mining algorithms) without any loss
of information.

4. DISICLASS FRAMEWORK

In this section, we propose a novel framework Dis-
IClass for image classification. The whole proce-
dure is described in Fig. 3. Once we get the prepro-
cessed image data based on Bag-of-Words expres-
sion, we first perform the localization procedure for
each image to utilize the locality property of im-
age data. Then, we will have multiple transactions
for each image data. We apply B2S method on
those transactions to change the representation of
images. Then, we use DDB algorithm to mine dis-
criminative frequent item bags of the given training
image data. Finally, we do the classification by use
of SVM on those transactions, and conduct a top-k
probability voting of transactions of each image to
predict the class label of the test image data. The
details of each step are described in the following
subsections.

4.1 Localization

In image data, we observe the locality property
that objects of an image are composed of a neigh-
borhood of features. If we do not consider this prop-
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erty, we might miss to generate important discrim-
inative patterns.

ExampLE 3. In Fig. 4, we see that a group D of
a triangle feature, a diamond feature, and a circle
feature forms a discriminative item set which will be
used to judge whether an image is in class 0 or in
class 1. But, in fact, all images contain D. Unless
we pay attention to the locality property like ‘the
item set D should be within a quarter of the im-
age’, we will miss the most important pattern that
discriminates class 0 from class 1.

There have been several approaches that utilize
this locality property. In [14], a grid-based approach
was proposed which shows a drawback in translated
or rotated images. In [26], a k-NN clustering ap-
proach was proposed, where the clusters were over-
lapped and & had to be a small number (less than
10) to restrict the number of items in each trans-
action resulted in a low recall. In this paper, we
use k-means algorithm to divide an image into sev-
eral transactions, and change our image classifica-
tion problem into a transaction classification prob-
lem. By use of k-means clustering algorithm, we
are able to find discriminative patterns even for the
translated or rotated images.

In fact, we can use any clustering algorithms for
localization. The reason that there has been no
work on these approaches for localization except k-
NN (with a small k) is that sometimes these ap-
proaches might generate big-sized transactions which
makes it impossible to mine all frequent patterns.
In this paper, we mine the most discriminative fea-
ture bags without generating all frequent patterns,
which works even with the big-sized transactions.
The details are explained in Sec 4.2.

4.2 DDB Mining Algorithm

The study in [5] shows that discriminative power
of some frequent patterns is much higher than that
of single features, since a pattern which is a com-
bination of several items is likely to capture more
underlying semantics of the data. We cannot use
frequency information to mine the most discrimi-
native patterns, since their frequencies are neither
too high nor too low.

To find them, we can simply generate all closed
frequent patterns (if possible), and then choose dis-
criminative patterns with a high information gain.
But this approach does not work on image data
since the features in image data are so dense that it

would generate exponential number of patterns that
makes the computation infeasible. In [6], a new ap-
proach DDPMine was proposed to overcome this
difficulty. Based on some pruning rules, it directly
mined discriminative patterns by applying sequen-
tial covering method without generating all frequent
item sets.

To mine a discriminative frequent item bag of im-
age data, instead of mining item bags directly from
the bag representations of image data, we first apply
B2S to transform each image from a bag of items
into a set of items, and then run DDPMine. We call
this procedure DDB (Direct Discriminative Item
Bag Mining). In this way, B2S enables not only
to use a powerful data mining method but also to
increase the accuracy of the image classification.

DDB mining showed a solution to the intrinsic
problem of high density of image data. It enabled to
overcome the restriction of the size of transactions,
which was less than 10 [26], by more than an order
of magnitude.

4.3 Classification with Top-k Probability Vot-
ing

In this paper, we used SVM classifier [1] since it
has showed high quality results even for a data set
in a high dimensional vector space. But, of course,
any other high-quality classifier can be applied for
the rest of the procedure.

Now, we are ready to classify images. All im-
ages are transformed into a set of transactions for
localization in Section 4.1, changed into B2S rep-
resentation and found the most discriminative item
bags using DDB and integrated them into the im-
age data in Section 4.2.

At first, it seems reasonable to perform the fol-
lowing two steps to use SVM classifier to classify
images:

1. Training step: Train the transformed train-
ing image data set (B2S + DDB)(Vi,) and
get its SVM model.

2. Testing step: Apply the trained model to
predict the transformed testing image data set
(B2S + DDB)(Vist)-

But, in fact, we have to classify images, not trans-
actions. Moreover, many transactions contain noisy
background information, which might lead to mean-
ingless or misleading results. Therefore, we cannot
merely use the predicted class labels of transactions
of an image v and do a voting to determine class
label of v, since there might be more transactions
of noisy background information than transactions
with meaningful patterns in v.

EXAMPLE 4. Suppose we want to do a binary clas-
sification of an tmage v in Fig. 5 which contains 3
transactions. Suppose that to is the only transaction



Figure 5: Example of Top-k Probability Vot-
ing

that is classified to class 0 while the others are clas-
sified to class 1. In this case, if we use the voting
of the transactions, v will be misclassified to class
1. Therefore, we cannot simply use the voting of
the transactions to determine the class label of v,
because t1 and t3 do not contain the main discrim-
inative features to determine the class of the whole
image.

Due to the reasons mentioned above, we use the
classifier not to predict the class label of each trans-
action but to predict the probabilities for a transac-
tion to be in each class. In binary classification, we
have observed that transactions containing garbage
information predicted the probability for being in
the correct class as around 50% whereas transac-
tions containing meaningful information predicted
the probability for being in the correct class with a
high score around 90%. Now, we perform the top-
k probability voting: the class label of an image is
determined by the label which scored the highest
average of top-k probabilities of each class label.

EXAMPLE 5. Suppose we want to do a binary clas-
sification of an tmage v in Fig. 5 which contains 3
transactions t1, to and ts. Suppose that the proba-
bilities of transactions to be in class 0 are Py(t1) =
55%, Po(t2) = 91%, and Py(ts) = 52%. If we use
the average value of top-2 probabilities of each class,
then we get Py(v) = 73% and Py(v) = 46.5%, and
allocate v to class 0.

The reason that we use top-k instead of all values
is to consider the case where the number of transac-
tions per image is big. In that case, the accumulated
effect of the background transactions might mislead
classifier to a wrong result.

S. EXPERIMENTS

In this section, we describe our experiments to
show the performance of two B2S applications, Dis-
IClass and SPM+ B2S. We conducted experiments
with real image data sets to show the performances
of our algorithms. Experiments were done on a PC

with a dual 3.4GHz Pentium D CPU and 1 GB
RAM.

We used six image classes from Caltech-101 database
[7], and conducted experiments on 3 pairs of classes
for binary classification and compare our results
with a state-of-the-art image classification algorithm
SPM with 2-level pyramid kernel [14].

Based on the results in [14], we chose two classes
(minaret, windsor chair) which achieved the best
performances in SPM, two classes (ant, crocodile)
with the worst performances, and we chose the other
two classes (airplane, car) which contained many
images. For data set A (minaret and windsor chair),
we used 30 images from each class for training data
and the remaining images (minaret:46, windsor chair:
26) for testing data. For data set B (ant and crocodile),
we used 30 images from each class for training data
and the remaining images (ant:12, crocodile:20) for
testing data. For data set C' (airplane and car), we
used 50 images from each class for training data and
70 images from each class for testing data. We per-
formed a binary classification for each data set. For
the feature quantization, we used k-means cluster-
ing algorithm, and chose & = 200 based on the set-
tings of [14]. The parameter setting of DisIClass are
mainly from [14] for the fair comparison with SPM
since those settings would have been optimized to
its performance.

In these experiments, we did not use any anno-
tation information, and transformed all images into
gray scale even when color images were available.
We showed the accuracy of the prediction of test
image labels for different SIFT thresholds (0.015-
0.03). If the threshold of SIFT descriptor is set to
be lower, then it detects and outputs a greater num-
ber of SIFT features. Depending on the threshold,
features are extracted in the number of hundreds or
even thousands per image. For the following exper-
iments, we define the accuracy of binary classifica-
tion by

num_cp

(1)

where num_cp is the number of correct predictions
for both classes and num_tst_images is the number
of total test images of both classes.

accuracy = —————————
num-tst_images

5.1 Bag vs. B2S Representations

In this subsection, we show the usefulness of B2S
representation versus bag representation by com-
paring the accuracy performance of SPM+ B2S and
SPM. As already shown in Corollary 1, B2S repre-
sentation has more discriminative power than bag
representation, and the experiment results in Fig.
7 also reveal the same fact. For any data sets,
SPM+ B2S shows higher accuracy performance than
SPM itself, as expected. Even data set B which
contains the most complicated images shows the ac-
curacy improvement by around 10%.

Because of the page limit, we do not show all
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experimental results in this paper, but we have to
mention that we also observed that the difference of
accuracies becomes bigger when the SIF'T threshold
becomes lower. This implies that the discriminative
power of B2S representation becomes bigger when
more features are extracted from an image. In gen-
eral, it is better to extract more features not only for
image classification but also for other algorithms on
image data, and we believe it would also be useful
to apply B2S representation to those tasks.

5.2 DisIClass vs. SPM and SPM+B2S

In this subsection, we compare the performances
of DisIClass with SPM and SPM+B2S. We used
5 transactions for each image in localization pro-
cedure, and obtained top-4 probability voting for
DisIClass.

Fig. 7 shows that DisIClass outperformed SPM

and even SPM + B2S. In fact, DisIClass outperformed

SPM in all cases, and outperformed SPM+ B2S in
all data sets for almost all thresholds. Considering
that most images do not have any transformations,
we can expect DisIClass will show bigger gaps com-
pared to SPM and SPM+B2S in accuracy perfor-

mances on the data sets containing image transfor-
mations. DisIClass is a good example that applies
frequent pattern mining techniques to image clas-
sification which was seldomly done before in com-
puter vision, and it shows promising results.

DisIClass showed the lowest accuracy in data set
B from three data sets. Since its images were quite
complicated, it was hard to separate meaningful
transactions from background transactions. Even
in this hard data set, DisIClass showed better ac-
curacy than the other two algorithms.

5.3 Transaction vs. Top-k Probability Vot-
ing (DisIClass)

In this experiment, we performed k-means clus-
tering for each image with kK = 5, and used top-
4 probability voting to see how much the locality
property of image data can improve the prediction
accuracy. Since transactions are input data instead
of images, we modified our accuracy function in
Equation 1 for localization case by counting the
number of transactions instead of the number of
images. For the case of top-k probability voting,
we used the accuracy function defined in Equation
1 because its results were based on an image unit.

As shown in Fig. 7, simply dividing image into
several transactions was not enough to achieve higher
accuracy. On the contrary, it frequently performed
worse than not using the localization method, be-
cause many transactions of images were the noisy
backgrounds. Merely predicting transactions based
on those transactions really did harm the perfor-
mance because it might confuse the classifier, and
that is the reason we devised a novel way to predict
correctly the class label of each image.

Noisy background transactions of each image achieved

around 50% of prediction for both classes since their
information gain were low. Based on this observa-
tion, we designed a top-k probability voting method
for each image and it really outperformed the sim-
ple transaction-based approach in Fig. 7. It is be-



cause each image contained at least one discrimi-
native transaction which determined the class label
correctly, and for that transaction the information
gain was high which resulted in a high probability
(around 90%) of prediction. The probability voting
method could really catch those discriminative sub-
division and reflect them into correctly predicting
image class label.

Considering the number of test images of data set
B is small, we can mildly assume that the result of
data set B shows that even if we use the probability
voting scheme, the performance might be lower than
the normal case if the image set contains a lot of
noise inside.

5.4 Efficiency

In this subsection, we analyze the efficiency of two
B2S applications SPM + B2S and DisIClass. Let m
be the number of total items in the given data set,
and n be the number of images.

Since B2S creates new attributes, it seems that
B2S will make the whole process inefficient. But it
is not quite true for image classification by the fol-
lowing two reasons: First, image data has a dense
distribution of features and each feature has low
frequency. Thus, B2S creates a reasonable number
of features which can be considered as O(m). Sec-
ond, there are classification algorithms that work ef-
ficiently even in a high dimensional space. In the ex-
periments, we used SV M classifier which is claimed
to run in linear time [13].

In theory, SPM+ B2S has the same time complex-
ity with SPM, and it turned out to be true in all
experiments which showed similar running times.
So for the rest of the subsection, we focus on the
efficiency of DisIClass.

Like other works in computer vision, the most
time consuming part is the image preprocessing job
including feature extraction and feature quantiza-
tion. The other parts are negligible compared to
it. Excluding preprocessing part, we found localiza-
tion and DDB spend longer time than the rest of
DisIClass procedures. It takes O(m) time for both
B2S and top-k probability voting procedures, which
means that they are linear to the number of total
items of the data set. For localization procedure, it
takes O(nP) times for localization procedure where
P is the time taken for 2-dimensional clustering on
an image, since each image needs to be localized.
For a fixed SIFT threshold, we could say that the
number of items per image has an upper bound,
and consider P as a constant. Thus, we can say
that localization procedure is linear to the number
of images. Even though DDB mining is not linear
operation, we can still claim its efficiency by the
experiment results of [6], and we could improve the
efficiency even more by utilizing minimum support
and maximum support thresholds. In this way, we
are able to claim that DisIClass is scalable.
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Figure 9: DDB Information Gain

We showed the DDB running time to get the first
discriminative item bag in Fig. 8 and its informa-
tion gain in Fig. 9, since the first pattern has the
highest information gain, and it usually means the
most critical one. As shown in Fig. 8, DDB mining
works faster when the threshold becomes higher for
both data sets. The reason is because the higher
the threshold, the smaller the number of features
are extracted for an image. Once the number of
features becomes smaller, the number of items for
each transaction also becomes smaller. For this rea-
son, DDB mining can be done more efficiently.

One interesting observation is that the number of
test images in data set A (72) is bigger than that
in data set B (32). In general, a smaller data set
should run faster than a larger one. So, in this case,
DDB should mine data set B at least 2 times faster,
but the result is rather different from what was ex-
pected. The reason is because data set B is harder
to classify. Of course, we can directly check the
images to see which data set is harder to classify.
But, there are a couple of ways to prove it objec-
tively. First, we can check the classification result
and compare their accuracies. It was already shown
previously in [14], and also we showed the result in
Fig. 7. Second, we can see the difference of max-
imum information gain value of selected patterns
between those two data sets. In fact, the discrimi-



native patterns from data set A got higher informa-
tion gain than the patterns from data set B in Fig.
9. It means that mining the pattern with higher in-
formation gain enabled more pruning that resulted
in a faster running time of DDB mining. In other
words, if discriminative patterns from a data set get
higher information gain, it would be easier to clas-
sify the data set with high accuracy and efficiency.
Note that, the information gain scores are low in
Fig. 9. It is because we used transaction count in-
stead of image count, but they were enough to see
the relative differences and trends.

6. CONCLUSION

In this study, we designed a new representation
B2S of image data to make it more discriminative
than the previous histogram-based bag representa-
tion. Based on B2S, we proposed two image clas-
sification algorithms SPM+B2S and DisIClass.
The former is based on existing algorithm SPM
and the latter is utilizing various data mining tech-
niques. We showed three problems of the Bag-of-
Words paradigm in previous computer vision stud-
ies, and solve all of them with this new framework
DisIClass.

Our extensive experiments on different settings as
well as our comparison of the results with a state-
of-the-art image classification algorithm, SPM [9],
have shown the high performances of our two B2S
applications.

We believe this new image representation has a
high promise for effective image classification and
object identification in many applications, and also
gives an opportunity to use other powerful data
mining techniques to mine image data.
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