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요 약

본 논문은 특징을 효과적으로 병합하여 계층적 색인구조를 적용하는 광고영상의 분류기법에 대한 체계적 방법을 제안한다. 본

방법은 온라인 및 오프라인 상의 광고 영상 정보 관리를 위한 효과적인 응용으로써, 특별히 광고 영상정보의 추적을 위한 전처리

과정을 제공한다. 이를 위하여 전체 영상에 대한 일반적 정보를 포함하는 전역특징과 영상의 지역적 특성에 기반하는 지역특징을

고려한다. 고안된 지역특징은 영상 회전, 스케일링, 잡음추가, 빛의 변화에 불변하여 아핀(Affine) 변환에 의한 화면 차 영상에 대

하여도 신뢰성 높은 매칭 도를 얻을 수 있고 동질의 영상 쌍을 검색하는데 있어서도 높은 정확도를 보여준다. 제안 방법은 우선

전역특징으로 전체영상자료에서 다수의 영상 쌍들로 개략적인 영상 군을 구성한 후에, 영상군안에서 지역특징에 의한 동질 영상

쌍들 즉 정밀한 영상 군들로 분리하는 정밀 매칭을 실행한다. 실행시간을 단축하기 위해 전형적인 클러스터링으로 전역특성이 유

사한 영상들끼리 그룹화 함으로서 지역특징에 의한 동질 영상 쌍 간 과도한 매칭 시간의 문제점을 극복한다.

Abstract

We propose a framework for grouping photographic advertising images that employs a hierarchical indexing scheme

based on efficient feature combinations. The study provides one specific application of effective tools for monitoring

photographic advertising information through online and offline channels. Specifically, it develops a preprocessor for

advertising image information tracking. We consider both global features that contain general information on the overall

image and local features that are based on local image characteristics. The developed local features are invariant under

image rotation and scale, the addition of noise, and change in illumination. Thus, they successfully achieve reliable matching

between different views of a scene across affine transformations and exhibit high accuracy in the search for matched pairs

of identical images. The method works with global features in advance to organize coarse clusters that consist of several

image groups among the image data and then executes fine matching with local features within each cluster to construct

elaborate clusters that are separated by identical image groups. In order to decrease the computational time, we apply a

conventional clustering method to group images together that are similar in their global characteristics in order to overcome

the drawback of excessive time for fine matching time by using local features between identical images.

Keywords : Global feature, Local feature, Photo, Identical image

Ⅰ. Introduction

The recent ever-increasing use of image data in
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various areas through the internet has spurred much

research and development for tools for the advanced

storage, indexing, and retrieval of image data. There

are many online advertisement monitoring (i.e., Ad

tracking) services that allow any requests to be

made to a unified database of internet advertising.

Such services are a way of monitoring the

effectiveness of a certain brand’s performance in the

market by measuring the public’s level of
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awareness, the use and trials of this product, and

the way people see the brand in comparison with its

competitors. The purpose of ad tracking is to

provide baseline information to marketing for

differentiating and quantifying the role of advertising

in the market success of a product when compared

to other factors such as pricing and distribution. Ad

tracking depends on the time element and can be

conducted after certain lengths of time. Ad

monitoring or tracking studies that are being done

through the internet usually rely on a website’s

statistics. These techniques begin by measuring the

public’s responsiveness to the advertisement.

Nowadays, many Internet-based companies rely on

website tracking using web traffic analyzers to

monitor how much traffic they generate, how effective

their marketing strategies are, and how many of these

strategies are actually working.

In this paper, we focus on a specific application of

effective management tools for photographic

information through online and offline channels as a

means of preprocessing the tracking of advertised

images. Through an image grouping framework, we

provide a monitoring system for photographic

advertising images that are shown in magazines and

newspapers. Manual management systems have

limitations in terms of classifying, storing, and

retrieving the advertising images that pour in daily or

monthly. As a solution for such complicated problems,

we consider an efficient method of grouping identical

(i.e. semantically ground-truth) images. Due to various

geometrical transformations and the deterioration in

images that originate from the process of collecting

photographic images, more elaborate feature-selection

and matching algorithms are required in order to seek

identical images.

The idea of content-based image retrieval is to

extract characteristic features from an image for its

content-based search and represent and index images

by those features. Features are roughly classified into

global features (e.g., colors, textures, shape) and local

features (e.g., feature point-based local features)
[1～4]

.

In contrast to the global features which have an

advantage in terms of computational speed, local

features are robust against geometric distortion and

occlusion. However, the speed of matching is much

slower than that for global features due to the

correspondence problem in terms of finding matching

pairs among the extracted local pairs. Several methods

of local-feature representation have been developed

such as Harris corner detection which is based on

local auto-correlation
[5]

, and SIFT (Scale Invariant

Feature Transform), which describes local features

around the feature points
[6]

based on multi-resolution

modeling and the extracted feature points.

In terms of a concise representation of a system’s

behavior, cluster analysis is the basis for modeling

large data sets and is useful in data retrieval,

grouping, pattern classification, etc. Clustering is to

identify natural groupings of data from a large

dataset and consequently create groups of objects in

such a way that the profiles of objects in the same

cluster are very similar. The grouping of data

samples into clusters makes the data points in one

cluster to be more similar to each other and the data

points in separate clusters to be less similar to each

other. This is termed unsupervised learning since

learning is done by observation. There are examples

of image retrieval systems that use the clustering

and integration of image content features. To

improve the efficiency of retrieval, cluster-based

image retrieval approach was introduced for

clustering images dynamically and reducing the

semantic gap that appears between images that have

high feature similarities but differ in terms of

semantics
[7]

. For improving the consistency of color

printing, a method for classifying color images was

proposed by Hewlett Packard & Co.
[8]

. They

presented an unsupervised image clustering technique

using a cross-correlation function to measure the

color histogram similarity for sending similar color

images to the same printer. In indoor-outdoor scene

classification[9], a combination of weaker features was

better than the use of single good feature. In this

(207)



68 특징의 효과적 병합에 의한 광고영상정보의 분류 기법 정재경 외

method, high-level scene properties can be inferred

from the classification of low-level image features.

This approach is performed by content-based

image retrieval that combines global and local image

features and by image clustering using the

representative global features in a hierarchical

scheme. The present study improves upon our

previous study that was undertaken with only one

global feature
[10]

and replaces the feature with three

representative kind of global feature of which the

performance was confirmed in one of our earlier

studies on image identification
[11]

. Moreover, it uses

the developed local feature, which is robust against

geometric distortion and also proved useful in our

earlier study
[12]

.

Key characteristics of this paper is summarized as

follows (see Fig. 1).

1. The global feature selection is appropriate for

representing image properties across various

environmental modifications. Therefore, a coarse but

fast grouping –in advance- of a large image

dataset with respect to those features can be

performed that focuses on the reduction of the

processing time to overcome the problem of

computational time in the context of local features.

2. The developed local feature is robust against

geometric distortion and occlusion, since it is

extracted from local images that are based on

feature points and the small size of local images is

not affected too much by spatial distortion.

3. Our approach combines the merits of both

global and local features for the efficient description

그림 1. 제안방법의 주요 특징

Fig. 1. Key characteristics of this work.

of image content.

4. We construct an efficient hierarchical scheme

by first clustering images into groups of similar or

identical images according to the global feature and

subsequently matching in finer terms according to

the local feature.

This paper is organized as follows. In Sections Ⅱ

and Ⅲ, we discuss the feature extraction process and

their properties employed in our method. In Section

Ⅳ, we explain the proposed hierarchical scheme

based on feature combination. Section Ⅴ discusses

the experimental conditions and results. Section Ⅵ

presents conclusions.

Ⅱ. Global features for clustering data 

1. Feature extraction

We compute quantized color histogram, edge

histogram, and pattern of applied Radon transform as

global features in our method. As preprocessing, color

space conversion and cropping to equal resolution are

performed. In computing edge histogram and pattern

feature of applied Radon transform, RGB color space

is converted into YUV to obtain Y values for

monochrome intensity processing and the image is

cropped to equal resolution of M X N.

The computation of the quantized color histogram

is performed in RGB and HSV color spaces. The

3-dimensional color histogram, P(R,G,B), is translated

into a 3-dimensional color histogram, C3(i, j, k),

using some quantization number, N, for the R, G, and

B channels. The final 1-dimensional vector, C(l), is

obtained through Eq. (1) as shown in Fig. 2. The

indices i, j, and k, together refer to a bin in the

quantized RGB space. The translation of the

3-dimensional color histogram into a 1-dimensional

vector in HSV color space is performed in a similar

manner as in RGB: an appropriate quantization

number is selected for each of H, S, and V

(customarily a large number for H and a small

number for S considering human visual perception).
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kj*Ni*Nl),k,j,i(C)l(C 2
3 ++== (1)

The edge histogram is computed following the

MPEG-7 specifications[1]. We segment an image into

4x4 sub images and generate a histogram of the edge

distribution for each sub-image. Since the histogram

has five types and there are 16 sub-images in an

image, a total of 5x16=80 histogram bins are

generated.

To obtain the pattern feature of the applied Radon

transform, the decomposition of the image, I(i ,j), is

carried out by summating over intervals that run in

the y direction as shown below.

),(
1

jiIX
M

j
i å

=

= for all Ni ~1= (2)

This is equivalent to projecting strips over the

image, thus, we have a number of strings that consist

of these values, viz., },...,{ 1 nXXX = . Subsequently the

values are normalized to numbers between 0 and 1,

respectively. Here, we figure out that the pattern of

an image is analogous to that of its modified image

even though the absolute value varies according to

the kind of modifications. The detected pattern

similarities can be strengthened by normalizing one of

the values; thus, we can achieve more reliable

similarities of patterns through by the properties of

normalization
[16]

.

그림 2. RGB 컬러 히스토그램의 양자화

Fig. 2. Quantization of the RGB color histogram.

2. Feature properties

In this section, we explain the general properties of

the global features in our method. We analogically

infer global feature’s characteristics by examining the

feature variance through modifications that might

originate from the environment.

The color histogram, which is a typical instance of

global features, is invariant with translation and

rotation about the viewing axis and changes very

slowly with changes in the angle of view, scale, and

occlusion. However, it cannot discriminate between

images that have similar color distributions. As a

powerful global feature, the edge histogram[1]

represents the frequency and the directionality of the

brightness that can be changed in an image. It is

relatively discriminative since it has spatial restriction

partially as it divides an image into equal sub-blocks.

As a tool for reconstructing an image, the Radon

transform[2] is well known as it can fully reconstruct a

2D function from the knowledge of its integrals along

straight lines that are defined in its domain. We apply

the Radon transform in our method as an efficient

means of reducing the processing time by providing a

lower degree since the two-dimensional correlation

between images is reduced to a one-dimensional

correlation. Moreover, the similarities between the

original image and its modified version can be inferred

although there is a slight difference in the absolute

values of the transformed pattern. The similarities

between images that are originally identical can be

Geometric
modification

Test
condition

Filtering
modification Test condition

Translation 10% Brightness
change +10%

Rotation 10˚ Grayscale change Yes

Scaling 90% JPEG
compression QF80

Cropping 90% Gaussian noise
addition 4.0

Skewing
(x-axis) +4˚ Auto-level

change Yes

Perspective
projection +4˚ Blurring 3x3

Flipping Yes

표 1. 변형 형태

Table 1. Types of Modification.
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그림 3. 변형종류에 따른 전역 특징의 분산정도

Fig. 3. Global feature variance by types of modification.

detected. Also, the transformed patterns of independent

images are not analogous to each other.

We try to analogize the deterioration of an image

from 13 types of typical modification in the environment

as shown in Table 1, and display global feature

variance through the modifications in Fig. 3. There are

differences between the features of original and

modified images, respectively. The differences are

calculated by the Histogram distance and the Euclidean

distance measure for histogram types of features such

as edge histogram and two color histograms, and the

Euclidean distance and the City block metric for the

applied Radon Transform features. If we inspect the

result of feature-variance comparison in relation to

modifications, the two color histogram feature

distribution does not change much following geometric

modifications such as cropping, flipping, perspective

projection, rotation, scaling, skewing, and translation in

contrast to filtering modifications such as blurring,

jpeg compression, Gaussian noise addition, brightness

change, auto-level change, and gray-scale change. On

the other hand, the pattern of the applied Radon

transform is almost identical even after such filtering

modifications while the pattern of the filtering

modification does not correspond with the original. The

edge histogram feature shows moderate variance across

all sorts of modifications when compared with the other

features. The result of feature comparison in relation to

modifications shows that for more robustness against

all types of modification, several features should be

combined to represent an image
[13]

.

3. Features for grouping identical images 

We intend to have the same advertising images in

an identical image group. However, advertising photos

are not necessarily collected under exactly the same

conditions; thus, more care is required for developing

effective features in order that groups of identical

images are distinguishable from each other. To detect

an identical image group of an image from other

groups, the features inside an identical image group

should be more similar to each other than those of

between groups

We try to recognize more appropriate features for

such identical-image groupings by comparing the

distance with regard to features between paired

images within a group and between non-paired images

across groups in several ways. Firstly, the global

features of some examples of identical pairs of images

are given in Fig. 4. We recognized that the global

features are similar but not exactly the same between
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그림 4. 영상에 따른 전역 특징

Fig. 4. Images and their global features.

identical pairs of images. It is inferred that the

differences originate from various geometrical

transformations and the deterioration of images in the

various processes of image collection. Then, the

distance distribution of paired and non-paired images

is presented in Fig. 5. We figure out that the distance

distribution in the color histogram nicely differentiates

the paired case from the non-paired case but the

distances of some pairs cannot be differentiated from

that of non-paired case. In the case of the applied

Radon transform feature, the distances of a lot of pairs

cannot be differentiated from the non-paired case but

the edge histogram feature very clearly differentiates

the distances of pairs from those of non-paired cases.

We also statistically calculate the distance distribution

ratio between the two cases, as shown in Table 2.

From the comparison in terms of the color space and

method of measuring the distance, the RGB color

histogram for the color space and the Euclidean

그림 5. 거리 분포

Fig. 5. Distance distribution.

Color
histogram

(RGB)

Color
histogram

(HSV)

Edge
histogram

Applied

Radon
transform

Feature
Hist
dist.

Eucli
dean
dist.

Hist.
dist.

Euclid
ean
dist.

Hist.
dist.

Eucli
dean
dist.

City
Block

Eucli
dean
dist.

Non
pair

Mean 0.94 0.34 1.18 0.32 4.52 1.34 2.35 2.98

Std

dev.
0.40 0.24 0.37 0.18 1.11 0.44 1.75 2.07

Pair

Mean 0.09 0.03 0.17 0.03 0.96 0.21 0.33 0.39

Std

dev.
0.12 0.08 0.17 0.05 0.33 0.08 0.50 0.57

ratio

Mean 10.2 13.5 6.8 10.1 4.7 6.3 7.1 7.7

Std

dev.
3.2 2.9 2.2 3.5 3.4 5.6 3.5 3.7

표 2. Non-paired 와 Paired 영상간의 통계적 거리

분포 비교

Table 2. Statistical comparison of the distance distribution

between non-paired and paired images.

distance for the distance measure show larger ratios

between the two cases; thus, they are appropriate for

our application[13].
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Ⅲ. Local features for fine matching 

The whole process for constructing the proposed

local feature-vector is shown in Fig. 6. It consists of

two steps: local image creation and local feature

extraction
[12]

.

그림 6. 제안 방법

Fig. 6. The proposed method.

1. Local image creation

In local image creation, the noise is first removed

by Gaussian filtering the normalized image in

preprocessing. In order to extract feature-point-based

local features, we use the well-known Harris-corner

detection algorithm
[5]

to identify the feature points

(interest points) in the given images. As shown

below, we create local images (local patch and local

region) of a specified size around the feature points

in the given image.

The Harris-corner detector is a popular

interest-point detector with strong invariance with

rotation, scale, illumination, and image noise [17]. It is

based on the local auto-correlation function of a

signal, which measures local changes of the signal

with patches that are shifted by a small amount in

different directions. The Harris-corner detector has

some positive properties such as rotational invariance

and partial invariance with the change in affine

intensity, but is not invariant with the image scale.

Rotational invariance is explained as follows: the
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그림 7. 추출된 특징점들의 예

Fig. 7. Examples of extracted feature points.

shape (i.e., eigenvalues) of a corner remains the same

even if the corner rotates. Partial invariance with

change in the affine intensity, such as, shift in

intensity and scale, is maintained since only

derivatives are used. However, it is not invariant

with the image scale because all points at a corner

will be classified as edges in the case of an enlarged

corner. Fig. 7 shows examples of extracted feature

points with regard to an identical image group; these

exhibit rotational invariance and partial invariance

with change in the affine intensity using the

Harris-corner detector.

2. Local feature extraction

With regard to local features, we compute a vector

that consists of the angle of eigen-vectors and

average intensity values in each local image. By
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translating the spherical coordinate system into a

rectangular system, we finally obtain feature-vector

values in the rectangular coordinate system.

The local-feature elements are computed as

follows. Suppose the number of pixels in each block

is N, the number of blocks in each local image is M,

and the number of feature points is L. For computing

the angle of the eigen-vector, the first step is to

compute the gradient value of each sub-block. That

is, we produce a 2x2 matrix Ai, which consists of

differential coefficients for each pixel in each

sub-block and another 2x2 matrix, Cj, by summating

up all the Ai matrices in each sub-block, as shown

below.

ú
û

ù
ê
ë

é
=

dydydxdy
dxdydxdx

Ai (3)

å
=

=
N

i
ij AC

1
(4)

The next step is the computation of the

eigen-vector and value by calculating the matrix, Cj.

We can obtain θm, the angle with regard to the x

axis of the mth block, through the eigen-vector and

finally obtain a vector, Θ, whose elements are θm, m

= 1, …, M as shown below.

T
M ],...,,[ 21 qqq=Q (5)

For computing the average intensity, we obtain a

matrix, Φ, consists of mj , m = 1, …, M, viz., the

average intensity of each sub-block, after normalizing

the intensity value.

T
M ],...,,[ 21 jjj=F (6)

We produce in a spherical coordinate system

through the angle of the eigen-vector and the

average intensity as shown below. We translate it

into in a rectangular coordinate system as depicted

in Fig. 8, where the final local feature, (x, y, z), is

easily calculated by Eq. (7).

),(Π qfG= (7)

그림 8. Spherical 좌표계

Fig. 8. The spherical coordinate system.

그림 9. 지역특징 벡터

Fig. 9. The local feature vector.

(8)

For each local image, the local feature, P, is

produced as many times as the number of blocks in

each local image, M. Consequently, the local-feature

collection is produced as many times as the number

of feature points, L, in an image as shown in Fig. 9.

Ⅳ. Hierarchical Clustering Scheme

The block diagram of the proposed identical image

grouping is shown in Fig. 10. The method is based

on the image contents such as color and texture

descriptors using composite clustering especially for

advertising images grouping (identical image,

ground-truth image) [10].

1. First clustering by global feature

Firstly, we use the conventional clustering

algorithm, viz., K-means clustering [14], to cluster

similar images into groups in terms of the global

features. Each of the original global features, color

histogram (RGB), edge histogram, and applied Radon

transform is transformed into one dimension using

singular-value decomposition (SVD) [14]. The full

SVD of an MxN matrix involves an MxP matrix U,

an NxP matrix V, and a length-P vector S, where P
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(a) Diagram of the proposed method

(b) Illustration of the proposed method

그림 10. 계층적 군집화 방법

Fig. 10. Hierarchical clustering scheme.

= min (M, N). Singular-value decomposition is an

appropriate tool for analyzing a mapping from one

vector space into another space that possibly has a

different dimension. The global features that are

transformed to singular values (SV) are combined

together to represent a global feature that is used in

our method as shown below.

We choose a silhouette plot to have an idea of

how well-separated the resulting clusters are. The

silhouette value for each point is a measure of how

similar that point is to points in its own cluster when

compared to points in other clusters. It ranges from

-1 to +1 [14]. We calculate the mean of the silhouette

values of all clusters to analyze the result for each

clustering condition by varying the feature

combination and dimension in terms of the number of

clusters. A higher value can be obtained by lowering

the feature dimension. The three singular-value

그림 11. 실루엣 값

Fig. 11. Silhouette values.

combinations that reflect balanced feature properties

also have stable values that are unrelated to the

number of clusters even though the values are

somewhat lower in comparison with the case of

binary combinations and single features.

TVSdiagUA ××= )( (9)
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ú
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ê
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zyxV ),,( (10)

2. Expanding the cluster through edge feature

While we intend several similar image-groups to

be clustered into one cluster, every identical image of

one group is not exactly included in the same cluster

by the first clustering. This is because identical

images may have lower similarity due to various

transformative effects (i.e. deterioration) than other

images even though they seem identical to human

vision. By inspecting the difference between identical

images as shown previously in Fig. 4 and the

distance distribution between identical paired and

non-paired images as shown in Fig. 5, we ascertain
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that the distances of some identical pairs are rather

greater than those of non-paired images and a lot of

pairs cannot be differentiated from the non-paired

case for this reason.

To increase the accuracy in the grouping of

identical images as every identical image is to be

included in the same cluster, we consider expanding

the cluster by selecting nearest-neighbor images for

each image in a cluster as a seed. Since the edge

histogram feature among the presented global

features can very clearly differentiate the distances of

pairs from non-paired cases as shown in Fig. 5, we

learn the edge histogram distance between multiple

identical-image pairs (i.e., a training set) through the

Euclidean distance presented in Table 2 and use the

result as a threshold for selecting nearest-neighbor

images. However, the overlapping of partial data is

willingly accepted in this step of expanding the

cluster so that duplication should be eliminated after

the fine matching, as shown in part (b) of Fig. 10.

3. Fine matching in terms of local feature

The fine matching is based on the developed local

features. Distinctive invariant features are extracted

from images that can be used to perform reliable

matching between different views of an object or

scene, as explained in Section 3.2. Those features are

invariant with image rotation and partially invariant

with the change in intensity; thus, they enable robust

matching across affine transformation, the addition of

noise, and changes in illumination. An image is

described by a local feature vector that is computed

on the regions that are associated with the interest

points (i.e., feature points) as shown in Fig. 9. Then,

the similarity between images is computed by

calculating the distances of the vectors that have

local information. The method is accurate for

matching since it determines point-to-point

correspondences using the similarity measure

however, the iterative matching process entails

enormous computational time as is the case with

other detecting feature point-based local-feature.

Ⅴ. Experimental Results

The proposed method is implemented on a

workstation with a Dual-core AMD Opteron

processor 2218 with a 2.6 GHz CPU and 4G RAM

using Visual C++ 6.0. The test dataset consists of

14,000 advertising images on magazines and

newspapers over several months. Each image is

photographed and normalized to the same resolution

of 200x200.

The performance is measured in terms of the

computational time and accuracy of matching. The

computational time is measured by the total time that

is spent for clustering similar images, expanding the

clustering, and fine matching. It is compared with the

SIFT-only matching method, which does not use

clustering through global features. The accuracy is

measured in terms of the ratio of number of identical

images that are correctly grouped to the total number

of images. It is compared with that of SIFT. The

SIFT is robust against geometric distortion and

occlusion because the small size of a local image is

affected less by space-distortion than the large size

of a global descriptor. However, its speed of

matching is much slower than that of the global

descriptor in general due to the correspondence

problem since it must find matching pairs among the

extracted local pairs. Furthermore, a relatively large

amount of storage is necessary for saving local

descriptors.

Data
Computational

time/image(sec.) Accuracy (%)

Type
Data
set

number
of image SIFT

Proposed
method SIFT

Proposed
method

News

paper

images

1 2,328 30.00 1.70 94.26 93.30

2 2,104 25.32 1.54 95.13 95.20

3 1,923 22.28 1.50 93.71 93.24

4 583 8.03 0.62 92.14 90.05

Magazine
images

5 3,613 33.38 1.49 95.64 95.27

6 2,637 29.76 1.64 96.48 96.44

7 766 9.87 0.94 95.11 95.17

표 3. 연산 시간과 정확도

Table 3. Computational time and accuracy.
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그림 12. 동일 영상의 그룹핑 한 결과들

Fig. 12. Results on the grouping of identical images.

Fig. 12 shows several examples of the results of

grouping. We could obtain such results even though

the images were from another media and were

distorted with regard to color contamination or image

cropping in the image-digitalization process; they still

could be grouped into an identical group. In the case

of some advertisements that feature other models, the

advertisements are to be grouped into other groups

but we encounter difficulties in distinguishing the

differences between images that arise from

non-identical models and distortion.

The desirable results could be obtained by raising the

threshold of the descriptor in comparison of local

image blocks and lowering the threshold for distance

comparison.

Ⅵ. Conclusions

In this paper, we proposed a method for identical

image grouping for photo images in commercial

advertising that appear in magazines and newspapers.

The method uses a combination of image features to

properly represent image content. It employs a

hierarchical schematic algorithm for efficiently

comparing images. Since the data on images of

advertising photographs experience various

geometrical transformations and deterioration due to

the image collection process, we need more elaborate

feature selection and matching algorithms to seek out

identical images (i.e., the same advertising photo

images). By examining feature-variance comparison

through the 13 types of typical filtering and

geometrical modification, we can propose a

combination of global image features by considering

the feature properties. We can also find a more

appropriate kind of color feature and distance

measure through a statistical analysis of the distance

distribution between identical paired and non-paired

images. Moreover, we develop feature point-based

local features that enable the reliable matching

between image pairs and make it easier to seek out

identical images. Also, an efficient hierarchical

scheme that clusters images into groups of similar or

identical images in terms of global features and

employs subsequent fine matching with regard to the

developed local features can decrease the

computational time so that overcome the drawback of

excessive time for fine matching is overcome by

using local features. As a result, the accuracy of

identical-image grouping is 95% on the average,

which is the case with fine matching that uses only

SIFT. Moreover, the computational time is

considerably decreased so that the larger is the

dataset the more effective the result is expected to

be. According to the findings of this study, the

proposed approach can be used in terms of

preprocessing for advertising-image information

tracking and can be an effective monitoring tool for

image data information through both online and

offline channels.
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