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__________________________________________________________________________________________ 

Abstract 
 

Content-based Image Retrieval (CBIR) has been an active area of research for retrieving 

similar images from large repositories, without the prerequisite of manual labeling. Most 

current CBIR algorithms can faithfully return a list of images that matches the visual 

perspective of their inventors, who might decide to use a certain combination of image 

features like edges, colors, and textures of regions as well as their spatial distribution during 

processing. In practice, however, the retrieved images rarely correspond exactly to the results 

expected by the users, a problem that has come to be known as the semantic gap. In this 

paper, we propose a novel and extensible multi-dimensional approach called matrix of visual 

perspectives as a solution for addressing this semantic gap. Our approach exploits the 

dynamic cross-interaction (in other words, mix-and-match) of image features and similarity 

metrics to produce results that attempts to mimic the mental visual picture of the user. 

Experimental results on retrieving similar Japanese cultural heritage symbols called kamons 

by a prototype system confirm that the interaction of visual perspectives in the user can be 

effectively captured and reflected. The benefits of this approach are broader. They can be 

equally applicable to the development of CBIR systems for other types of images, whether 

cultural or non-cultural, by adapting to different sets of application specific image features. 

 
Keywords: content-based image retrieval; cultural heritage; interaction of visual perspectives 
__________________________________________________________________________________________ 

 

1. Introduction 

 

In recent decades, we have seen significant advancements in digital imaging and processing 

technologies [1]. The increasing volume of digital images archived in various domains such 

as remote sensing and medical imaging rendered it necessary for information processing 

systems to be constructed to manage them effectively. One type of information processing 

functions that has received much attention is related to retrieval from large image databases, 

sometimes on the order of tens of thousands of images.   

                                                 
*
 Correspondence author - email: paul.kwan@une.edu.au; phone: +61-2-6773-2034; fax: +61-2-6773-3312  

Revised manuscript
Click here to download Manuscript: revised-manuscript-final.pdf

mailto:paul.kwan@une.edu.au
http://www.editorialmanager.com/ijprai/download.aspx?id=25942&guid=d286d181-463a-42e9-a703-0fbb57fee15f&scheme=1


 

 
 

 

 

2 

While it was still adequate to manually annotate images in the earlier days, it has become 

increasingly impossible as the size of image databases grew exponentially. An entire new 

area of research called Content-Based Image Retrieval (or CBIR in short) was born out of the 

need for efficiently retrieve largely unlabeled images from large image archives using pattern 

recognition algorithms [2]. Most of current algorithms compare how database images are 

similar to (or different from) an input query based on low level image features extracted 

automatically. The main features include shape, colour, texture and in some instances their 

positions relative to one another [3-6]. 

 

In our own research, we have been studying CBIR since late 1990s by first applying 

results obtained from handwritten character recognition [7]. Our initial effort resulted in a 

CBIR method for trademark images based on matching contours of shapes in the images [8]. 

Later, we added colours and spatial relationships among regions to the list of image features 

and developed a CBIR method that was applied successfully to a Japanese Kaou Image 

Database [9]. Kaou, being a handwritten monogram of a nobility or political leader in ancient 

Japan, is very important to the research of Japanese historical documents, especially for 

resolving the author‟s identity such as name, family and social class. This research 

represented our first effort in applying CBIR techniques to faciliate the management and 

retrieval of objects with cultural heritage significance. It was a very promising effort, 

resulting in a prototype system that gave historians the ability to retrieve similar kaous for 

their analyses through a web-based graphical user interface. 

 

Building on the experiences of these early efforts, in 2003 our group began to collaborate 

with a national research center in Japan and an industrial partner on a project involving the 

CBIR of Japanese kamon images. Kamons are traditional family symbols (or crests) in Japan, 

that have both cultural heritage [10] and commercial values. In the past few years, our efforts 

on this collaborative project have resulted in a number of related publications [11-13]. While 

these earlier efforts, like many of the existing CBIR methods, aimed to retrieve a list of most 

similar images to the query, they could only come up with matches that were based on the 

perspective (in other words, the point of view) of the designer of the matching algorithm. We 

call this the designer-centered approach for CBIR. 

 

On the other hand, there have been a number of developments in adaptive information 

processing research like relevance feedback and personalized interest models that attempt to 

take a more user-centered approach for CBIR in recent years. That is to say, it exploits the 

user's feedback in the form of positive (relevant) and negative (irrelevant) images, which are 

taken as hints by the system to recalculate the list of ranked images. Its application in CBIR 

was inspired by earlier successes obtained from document retrieval research, and has been 

shown to dramatically improve the performance of a number of CBIR systems including [14-

16]. However, for the most part, the re-calculation would still be very much dependent on the 

underlying matching algorithm that in most instances would be a black box to the users. 

 

In this paper, we present the result of the first stage of researching a user-centered CBIR 

system for Kamon Image Database. Instead of conventional relevance feedback exploited 

through selection of positive (relevant) and negative (irrelevant) images in successive returns 

of ranked images, here we propose a novel and potentially multi-dimensional matrix of visual 

perspectives idea that takes the dynamic cross-interaction of shape features and similarity 

metrics to produce results that attempts to mimic the mental visual picture of the user. We 

will demonstrate through the results of retrieving similar kamons by a prototype system that 

the interaction of visual perspectives of the user can be potentially captured and reflected. 
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The rest of this paper is organized as follows. In section 2, we review relevant literature 

on CBIR as applied in cultural heritage research, followed by a summary of our earlier efforts 

on CBIR of kamon images. In section 3, we explain the user-centered approach for CBIR of 

kamon images based on the proposed interaction of visual perspectives idea. In addition, we 

briefly mention a related approach introduced by Kushki et al. in [17]. In section 4, we 

describe the set of kamon image features used in this research and their roles in the overall 

visual perspective of the user. These features represent elements along one dimension of the 

perspective matrix. In section 5, we describe several commonly adopted similarity measures 

(or distance functions) that are used to measure the similarity between kamon images. They 

represent elements along a second dimension of the perspective matrix. Here, we emphasize 

that they are not the only image features, nor the only similarity measures that are applicable. 

Their choices reflected our own research in image features extraction and recognition, but can 

equally be applicable to other types of image features and matching metrics. In section 6, we 

present a CBIR prototype system developed based on the proposed approach and illustrate by 

a number of retrieval experiments that the interaction of visual perspectives of the user could 

be potentially captured. Lastly, in section 7, we conclude and give a brief description of the 

agenda for the next stage of this research. 

 

 

2. Related Works 

 

2.1 General CBIR 

 

Since its inception, CBIR has been applied to constructing a number of experimental and 

commercial systems including [18-20]. While different CBIR systems employed different 

image features, retrieval methods and similarity metrics, more or less they shared a common 

high-level processing architecture, which was characterized by the presence of components 

like features extraction, content-based indexing and retrieval methods. Over the past decade, 

many of these areas have witnessed considerable advancements.  

 

However, by far the hardest problem faced by CBIR researchers has been the problem 

that is commonly called the semantic gap. The semantic gap occurs when low-level features 

extracted automatically from images cannot sufficiently capture the actual intent of a user‟s 

query. In Eakins [21], the author described a framework that classifies user queries into three 

levels according to increasing complexity. Level 1 queries are associated with retrieval by 

primitive features. An example of a query in this level would be “find pictures that have a red 

object on a white background”. Level 2 queries are related to retrieval by derived features 

that often require some degree of logical inference about the identity of the image objects. An 

example would be “find a picture of the Japanese flag”. Level 3 queries are characterized by 

retrieval through abstract attributes, which usually involve a substantial amount of high-level 

reasoning about the meaning and purpose of the objects or scenes depicted. One example 

would be “find pictures of award ceremonies involving Japanese athletes at the 2008 Beijing 

Summer Olympics”. In his conclusion, the author contended that while a number of CBIR 

systems have performed well against Level 1 queries, to date none existed that possesses the 

necessary capabilities to support Level 2 and Level 3 queries, in an effective manner. 

Similarly, in Smeulders et al. [22], the authors agreed that the semantic gap is still very much 

an open problem for CBIR. They suggested that one way to narrow the semantic gap would 

be to exploit external information beyond the extracted image features that would include 

annotations, images embedded in text, natural language query processing, relevance feedback 

that aimed to exploit the user‟s intention, etc. 
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2.2 CBIR in Cultural Heritage Research 

 

Among the many areas of application of CBIR, one that has been growing in significance and 

impact is digital cultural heritage research. Its growth has been triggered by the practical need 

from museums and libraries worldwide for more efficient cataloguing and retrieval 

mechanisms on digital image archives than by existing keyword queries. In Tsai [23], the 

author reviewed a sample of CBIR related techniques for digital cultural heritage resources 

published in recent years (refer to Table 1 of the same paper). In addition, a number of recent 

papers on applications of image and video computing techniques to cultural heritage research 

have been published including [24-25]. 

 

Apart from related publications in academic journals and conferences, research projects 

on applying CBIR in making digital cultural heritage resources accessible to wider audiences 

have been part of a number of major initiatives worldwide in the past decade. Among these 

are the European Commission‟s MINERVA (MInisterial NEtwoRk for Valorising Activities 

in digitization) project that began around 2003 [26], the DigiCULT project which started in 

2001 with initial funding from the EC‟s 5th Framework Programme (FP5) [27], and the series 

of EVA (Electronic Imaging & the Visual Arts) conferences that began in the VASARI 

project established in 1993 as a consequence of the EC's ESPRIT project [28]. 

 

Furthermore, there was the well-known MESL (Museum Educational Site Licensing) 

project that took place in the United States between 1995 and 1997 [29]. MESL started off as 

a demonstration project, involving seven major US universities and their respective cultural 

heritage repositories. Although MESL did not specifically focus on CBIR applications within 

its project duration, it was reported in Stephenson and McClung [30] that the project 

participants were able to make a number of useful observations that eventually paved the way 

for the development of CBIR facilities for several of the cultural heritage repositories even 

after the project has formally ended. 

  

2.3 Summary of Earlier Efforts on CBIR of Kamon Images 

 

Building on our successes in applying CBIR to Japanese Kaou Image Database, since 2003 

we began to participate in another project on digital cultural heritage with members of the 

National Institute of Advanced Industrial Science and Technology (AIST) in Japan and an 

industrial partner on researching novel CBIR method for retrieving Japanese kamon images. 

A major goal of this collaboration was to develop CBIR functions which could be added as 

additional features in an existing software package where the only available retrieval method 

was by keywords or some pre-defined categories [31]. In the last few years, our efforts have 

resulted in several publications including [11-13], which we will summarize briefly below. 

 

In [11], we introduced a CBIR method based on matching the shape of geometric patterns 

in a pair of kamon images by relaxation labeling in which objects and labels were represented 

as function approximated contour segments. In [12], we proposed a three-step “prune-filter-

refine” query processing strategy for similarity retrieval from kamon image database. The 

proposed strategy, when compared with the usual two-step “prune-refine” approach, achieved 

a considerable reduction in the number of distance calculations but without causing obvious 

degradation in the retrieval performance. Finally, in [13], we proposed a novel framework for 

improving the similarity evaluation of kamon images based on user‟s feedback. This was 

accomplished by optimizing the parameters embedded in the relevance evaluation algorithm 

using Particle Swarm Optimization (PSO) according to the criteria defined by the user. 

http://en.wikipedia.org/wiki/European_Commission
http://en.wikipedia.org/wiki/FP5
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3.  “User-Centered” Approach for CBIR of Kamon Images 

 

3.1 Motivations 

 

Like most existing CBIR methods, our earlier efforts were based on low-level image features 

like contour segments (both kaous and kamons) [9,11], and additionally colour regions and 

spatial relationships (for kaous) [13]. Naturally, these methods were able to return a list of 

similar images that matched the visual perspective of their designers. In practice, however, 

these rarely correspond exactly the results expected by the users. In other words, there exists 

a gap between the actual intent of a user‟s query and the semantics that underlie the low-level 

features extracted automatically from the images of concern. 

 

When we studied how kamon historians and practitioners commonly classify kamons in 

their research or use, we discovered two important requirements that should be considered in 

order to reduce the semantic gap between current methods and the user‟s expectation: 

(1) global similarity is treated with a high degree of significance when judging similarity 

(such as descending from a similar lineage or sharing a genealogical tree) even though 

sometimes the local fine details of the shapes might differ; and 

(2) different visual perspectives can cross-interact to arrive at similarity models that are 

characterized by dynamic combinations of the corresponding shape features. 

 

The justification for requirement (1) is based on our analysis of a commercial software 

called Come on KAMON developed by System Product Co., Ltd in Japan [31]. This software 

categorized 2,000 commonly used kamons into nine categories including Round, Triangle, 

Quadrangle, Pentagon, Hexagon, Octagon, Crossing, Fan-Shaped, and Rhombus based on 

their global shape similarity as illustrated by the examples shown in Table 1.  

 

In regard to requirement (2), it is based on the fact that classification of kamons according 

to their global shape similarity is not always unique, with some equally likely to be classified 

into more than one categories depending on the visual perspective that the user is focusing on 

mentally. For example, highlighted in gray background in Table 1, the fourth kamon on the 

Quadrangle row is the same as the third kamon on the Octagon row. Similarly, the fifth 

kamon in the Crossing group is the same as the sixth kamon in the Rhombus group.  

 
Table 1. Examples of kamon from each of the nine shape categories included in the database of [31]. 

Round 

       

Triangle 

   
 

   

Quadrangle 

  
 

    

Pentagon 
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Hexagon 

       

Octagon 

       

Crossing 

 
 

     

Fan-Shaped 

       

Rhombus 

  
 

    

 

 

3.2 Interaction of Visual Perspectives 

 

The subjectivity of human‟s visual perception was one of the major questions studied by 

Gestalt psychologists in the 1930s and 1940s [32]. The now well-known Gestalt Laws (or 

Principles) of Perceptual Organization collectively stated that people perceive visual forms as 

organized patterns or configurations, rather than their many individual parts. Based on these 

principles, six major groupings in visual perception could be identified, including proximity, 

similarity, closure, symmetry, common fate and continuity. However, in the original theory, 

interactions between these major groupings were not clearly considered. 

 

Recently, in two related papers namely Han and Humphreys [33] and Han [34], research 

that have connections with the interaction of visual perspectives idea proposed in this paper 

were recorded. In Han and Humphreys [33], the authors reported their study on compound 

stimuli based on the interactions between Gestalt‟s perceptual groupings. Their experimental 

results suggested that groupings between local elements facilitate the perception of global 

structure, and that “visual processing over time may also be differentially sensitive to the 

hierarchical structure of stimuli”. Subsequently in Han [34], the author specifically studied 

the interactions between the proximity and similarity perceptual groupings by examining 

neural substrates of the subjects caused by event-related brain potentials (ERPs). Interestingly, 

based on the recorded ERP indices, the author observed in most subjects the dominance of 

proximity over similarity in guiding their visual perception when both perceptual groupings 

were present in the stimulus. 

 

In the case of kamons, we argue that geometric categories (or groupings) such as those 

illustrated earlier in Table 1 play a likely role as the Gestalt perceptual groupings, although 

on a higher level of semantics. Furthermore, one could observe interactions between these 

geometric categories in the visual stimuli recognized in some of the kamons. For instance, 

Table 2 illustrates several kamons and the interactions that were present. 
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Table 2. Interactions between geometric categories recognized in some of the kamons 

Interactions between geometric categories Kamons 

Round (primary) and Triangle (secondary) 

 

Triangle (primary) and Hexagon (secondary) 

 

Hexagon (primary) and Triangle (secondary) 

 

Hexagon (primary) and Round (secondary) 

 

Crossing (primary) and Rhombus (secondary) 

or 

Rhombus (primary) and Crossing (secondary)  

 

3.3 Matrix of Visual Perspectives 

 

Implementation of the interaction of visual perspectives idea into practical algorithm is via a 

novel two-dimensional matrix of visual perspectives approach. In doing this, we extend the 

definition of visual perspective to include similarity measures, which are represented as 

distance functions in this paper. The overall idea of this approach is illustrated in Figure 1. 

The matrix of visual perspectives approach attempts to mimic the interactions of geometric 

categories by allowing both: 

 

(1) Mix-and-match of image features chosen by the user (cf. section 4 on Row Dimension 

in Matrix of Visual Perspectives), and 

(2) Simulating the effects of different visual judgment by varying the similarity measures 

used (cf. section 5 on Column Dimension in Matrix of Visual Perspectives). 

 

In Figure 1, each row represents one of the image features and each column represents 

one of the similarity measures (or distance functions). By activating two or more rows in a 

particular column, an effect similar to the interaction of visual perspectives can be potentially 

achieved. In the figure, several examples of visually alike kamons retrieved by the prototype 

system to be illustrated in section 6 on Experimental Evaluation are also presented. 

 

Before describing the image features and similarity measures used in this research, we 

briefly note a recent approach introduced in Kushki et al. [17] that has certain similarities to 

our approach. Similar to us, in [17], the authors proposed a framework for content-based 

retrieval of art images based on a combination of low-level features and different similarity 

measures. Whereas in our framework we concatenate individual features into a single vector 

before measuring the similarity using a selected distance function, in [17] the image 

similarities are obtained through a decision making process based on individual low-level 

feature distances using fuzzy theory. A comparison between our approach and [17] based on 

the kamon images will be a major focus for the next stage of this research.    
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Fig. 1. A matrix of visual perspectives approach for implementing the interaction of visual perspectives 

idea. Here, rows denote kamon image features while columns the distance functions. 

 

4. Row Dimension in Matrix of Visual Perspectives 

 

In the matrix of visual perspectives, each row represents a single feature extracted from the 

kind of images that are processed by an application. In the case of kamons, which are binary 

images, a set of five features grouped into two categories are extracted. The first category 

includes three features that individually captures one facet of the global perspective of an 

image. They are the horizontal, vertical and rotational autocorrelation features. The second 

category includes two features that aim to capture the local fine details of an image. They are 

a pair of higher order autocorrelation features obtained from the source and its edge images.  

 

Here, we again emphasize that these are not the only image features suitable for kamon. 

The proposed framework is neither tied down to any specific set of features nor to any 

particular type of images. It will work for non-binary images as well. We refer our readers to 

Veltkamp et al. [3] for a survey of features used in content-based image retrieval. In the sub-

sections below, the features we used and their extraction processes are explained. 

 

4.1 Global Features 

 

In this research, we will apply an approach for extracting global features from kamon images 

that is based on both the horizontal and vertical autocorrelation plots derived from each 

image (see Figure 2 for an example). By treating the pair of autocorrelation plots as two 

individual time series, the Discrete Fourier Transform (DFT) algorithm was applied to 

generate a sequence of Fourier series coefficients, one for each of the autocorrelation plots. 

The method used in constructing these plots is similar to that of Nagashima et al. [35]. 

Starting from a complete overlap of an image by a copy of itself, the horizontal 

autocorrelation is measured by shifting the image one pixel at a time to the right while 

calculating for each shift the degree of autocorrelation based on the number of non-
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background pixels (black pixels in this paper) that overlap. The shifting process is repeated 

until there is no more overlap between the image and its copy. A similar procedure is applied 

when the vertical autocorrelation is computed by shifting the image against its copy one pixel 

at a time downwards instead. 

 

 

        
 

a b Fig. 2.   (a) and (b) illustrate the horizontal and vertical autocorrelations of a kamon with itself 

  c d    (c) and (d) are the constructed horizontal and vertical autocorrelation plots, respectively. 

 

 

Formally, let x and y be two variables that measure the amount of shiftings in both the 

horizontal and vertical direction, respectively. The horizontal and vertical autocorrelations, 

AChz(x) and ACvt(y), can be expressed in terms of x and y as: 
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Here, f(·,·) returns 0 for a background pixel and a 1 for a non-background pixel. lX and lY 

measure the horizontal and vertical sizes of the image, respectively. Based on Eq. (1) and Eq. 

(2), the horizontal and vertical autocorrelation plots shown in Figure 2(c) and (d) can be 

obtained. Taking the horizontal and vertical autocorrelation plots as separate time series, the 

DFT algorithm generates for each a set of 150 (the value of a parameter that can be adjusted 

for different sizes of the source images) Fourier series coefficients in the following manner.  

 

X 
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lY 
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X lx 
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Let a time sequence ][ txx   for t = 0,1,…, n-1 be a finite duration signal. The DFT of x , 

denoted as ][ fXX  , is given by:  

1,...,1,0
1 1

0

2

 






nfex
n

X
n

t

n

tfj

tf



   (3) 

 

Here, 1j  is the imaginary unit. 

 
Table 3. Horizontal, Vertical and Rotational Autocorrelation Plots for two pairs of look-alike kamons 

 

Horizontal Autocorrelation Plot            Vertical Autocorrelation Plot 

Rotational Autocorrelation Plot 
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Horizontal Autocorrelation Plot            Vertical Autocorrelation Plot 

Rotational Autocorrelation Plot 

  

 

 

  

 

 

In this paper, we have incorporated an additional global feature based on the rotational 

autocorrelation of each image. It is measured by rotating an image against a copy of itself one 

degree at a time in a counter-clockwise direction. After each rotation, the autocorrelation is 

calculated based on the number of overlapping non-background pixels. This is repeated until 

the image has rotated 360 degrees. Formally, the rotational autocorrelation, ACrot(), can be 

expressed in the following equation as:  
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     (4) 

 

Similar to Eq.(1) and Eq.(2), f(·,·) returns 0 for a background pixel and a 1 for a non-

background pixel. lX and lY are the horizontal and vertical widths of the image. Furthermore, 

f(·,·) is similar to f(·,·) but operates on the image after it has been rotated  degrees. Based on 

Eq.(4), the rotational autocorrelation plot shown in Table 3 (together with the horizontal and 

vertical autocorrelation plots) for two pairs of look-alike kamons can be obtained. Taking the 

rotational autocorrelation plot as yet another time series, the DFT generates a set of 72 (based 

on a parameter setting of 5 degrees per rotation) Fourier series coefficients based on Eq.(3).  

 

It is noteworthy in Table 3 that kamons which resemble globally often have quite similar 

autocorrelation plots. This is apparent from the second pair of kamons in Table 3. However, 

global features alone might not be sufficient enough to capture the similarity or difference of 

two kamons. This is where local features would be useful in assessing similarity based on 

interaction of two or more visual perspectives. 

 

4.2 Local Features 

 

The merits of having local features complement global features in object representation and 

recognition have been demonstrated in a number of recent studies like Sounder and 

Murugesan [36], etc. Global features like colour or intensity histograms could be sensitive to 

varying lighting conditions and occlusions. The ability to make use of local features to 

improve the differentiation capacity of object recognition algorithms has proven to be 

effective. 

 

In this research, we have chosen to use the Higher Order Local Autocorrelation (HLAC) 

features proposed in Otsu and Kurita [37]. HLAC is an example of local structural features, 

which has been successfully applied in a number of practical applications such as biometric 

recognition involving face and gesture, and object recognition, etc., as pointed out by Toyoda 

and Hasegawa [38]. In [38], the Nth-order autocorrelation functions ),...,,( 21 N
N
f aaax  with 

N displacements a1,…,aN are defined as follow: 

 

drarfarfrfaaax NPN
N
f )()...()(),...,,( 121      (5) 

 

where P denotes an image plane, f(r) the gray level of the image f at pixel r  P, and a1,…,aN 

the N displacements. In their paper, the authors pointed out that due to the large number of 

combinations of displacements possible over the image f, it is important to restrict the order N 

(i.e., N = 0, 1, 2) for practical applications. Furthermore, they limit the range of the 

displacements to within a local 3 x 3 neighborhood, centered on the observing pixel r. By 

removing duplicates that are similar by the displacements, the authors were able to reduce the 

number of combinations to 25. By using Eq.(5), each of the xj can be computed from one of 

the 25 HLAC masks, and is called a primitive feature. In practice, it is done by scanning each 

3 x 3 mask across and down the image plane P, while accumulating the sums of the products 

of the gray levels at those positions that correspond to „1‟. Altogether, 25 primitive features 

are obtained for each image. 
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In this research, in order to further increase the discriminatory power of the local features, 

an edge-only version of each kamon image is additionally used. Thus, there are two sets of 25 

primitive features, one for each kamon image and the other for its edge image, resulting in a 

50 dimension local features. 
 

 

5. Column Dimension in Matrix of Visual Perspectives 

 

In the matrix of visual perspectives, every column denotes a different similarity measure that 

simulates the effects of different visual similarity judgment made according to the feature(s) 

(i.e., the rows) chosen by the user. In this paper, each similarity measure is represented by a 

distance function, which defines how far an element of a set is apart from the others in the 

features space. In our case, the elements are the images while the set is the entire database.   

 

As mentioned earlier, we have selected a set of five distance functions that are commonly 

used in calculating the distances between feature vectors derived from their source images. 

They are the Euclidean, City Block, Cosine, Mahalanobis as well as Correlation distances. 

Similar to our remarks on the image features, we stress that these are not the only similarity 

measures that can be used in the proposed framework. The framework is able to 

accommodate other types of similarity measure such as those that operate on non-vectorial or 

structured data [39]. In recent years, a number of studies have been conducted on 

understanding the characteristics of different similarity measures on the accuracy of content-

based image retrieval, including Dickinson et al. [40], etc. 

 

5.1 Similarity Measures 
 

The similarity measures used in this paper are distance functions that measure the difference 

between any two vectors in the features space. A set of five distance functions chosen from 

two categories, namely computational geometry and statistics, have been chosen. In the 

computational geometry category, the Euclidean distance, the City block distance, and the 

Cosine distance are selected. In the statistics category, the Mahalanobis distance and the 

Pearson‟s correlation distance are chosen.  

 

In the following sub-sections, each of the distance functions will be briefly explained. For 

ease of explanation, we assume any two random vectors x and y from the features space be 

denoted as x = (x1, x2,…, xm) and y = (y1, y2,…, ym), where m is the dimension of the space 

and all xi, yj R. 

 

5.1.1 Euclidean Distance 

 

The Euclidean distance is very often used in content-based image retrieval applications as a 

(dis)similarity measure. It is a special case of the Minkowski family of distances in which the 

order p = 2. It has a natural geometric interpretation, that is the length of the difference vector 

of x and y. Formally, it is defined as: 
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It is a metric distance. In other words, it satisfies the three atomic properties of positive 

definiteness, symmetry and triangle inequality. 

 

5.1.2 City Block Distance 

 

Similar to the Euclidean distance, the City block (also called Manhattan) distance is a special 

case of the Minkowski family of distances in which the order p = 1. It measures the distance a 

car would have driven from one point to another in a city that is laid out in square blocks. 

Mathematically, it is defined as: 
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),(       (7) 

 

Interestingly, empirical experiments have confirmed that City block distance outperforms 

a number of other similarity measures used in CBIR, including the Euclidean distance. 

 

5.1.3 Cosine Distance 

 

The Cosine distance is formulated using the angle between the vectors x and y, irrespective of 

their norms. Mathematically, it is define as: 

 

yx

yx
yxd


 1cos1),(       (8) 

 

Here, || denotes the norm of a vector. The value of  , which will be in the range of [0,], 

equals 0 if x and y are the same, equals /2 when they are independent, and equals  when 

they are opposite, with other values in between indicating varying degrees of (dis)similarities. 

 

5.1.4 Mahalanobis Distance 

 

The Mahalanobis distance is a statistical dissimilarity measure. It is often used in multivariate 

statistics, which takes into account the covariance among variables when calculating the 

distance between an unknown distribution and a known one. By assuming that vectors x and 

y are from the same underlying distribution with covariance matrix , the Mahalanobis 

distance between the two vectors can be computed as: 

 

)()(),( 1 yxyxyxd T       (9) 

 

Here, 
-1

 denotes the inverse of . One advantage that the Mahalanobis distance has over 

the Euclidean distance is that it is scale-invariant, due to the fact that it takes into account the 

correlations within the input data. 

 

5.1.5 Pearson’s Correlation Distance 

 

The Pearson‟s correlation distance is another statistical distance measure, derived from the 

Pearson‟s correlation coefficient. The correlation coefficient, denoted by r, is computed from 

the set of sample values and their standard deviations. In the case of random vectors x and y, 

the sample values are the xi and yi, where i = 1,…,m. The value for r ranges from -1 which 
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indicates a large negative correlation to +1 which indicates a large positive correlation. Based 

on the correlation coefficient, the Pearson‟s correlation distance is calculated as:   

 

,1),( ryxd        (10) 
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From Eq.(10), it is obvious that the larger the value of |r|, the smaller the distance 

between x and y, and the more similar x and y would be. 

 

 

6. Experimental Evaluation 

 

6.1 Prototype CBIR System 

 

In order to demonstrate the usefulness of the proposed framework, a prototype CBIR system 

has been constructed. In Figure 3, a sample snapshot of the graphical user interface (GUI) of 

the system is shown. Of particular importance are the two regions marked as Image 

Feature(s) and Distance Function(s) on the upper half of the GUI. They represent the row 

and column dimensions of the matrix of visual perspectives, respectively (cf. section 3.3 on 

Matrix of Visual Perspectives). In the final system, a file chooser will be provided to the users 

for selecting the particular kamon image against which similar kamons are to be retrieved. 

 

 
 

Fig. 3. A prototype CBIR system, developed based on the interaction of visual perspectives approach. 
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6.2 Experimental Results 

 

  
Crossing or 

Quadrangle 

Round or  

Octagon 

 
Fig.4. The query kamons used in the experiments and their visual shape categories. 

 

Experiments were conducted on a database of 2,000 kamon images which came with the 

Come on KAMON software developed by System Product Co., Limited of Japan [32]. All 

images are in bi-level black and white. The size of each image is within 450 × 450 pixels. 

The purpose of these experiments is to evaluate the effectiveness of the proposed framework 

in enabling multiple visual perspectives to be interacted and explored simultaneously based 

on feedback from three subjects. All three subjects possess a good understanding of kamons, 

acquired either by research or their cultural heritage. We have chosen two kamons, shown in 

Figure 4, as queries for our experiments. Both kamons are equally likely to be classified in 

more than one geometric categories. The experimental results are presented in Tables 4-7. 

 
Table 4. Compare retrieval results when using different row (or feature) but same column (or measure). 

Feature  

+  

Measure 

Subject scores 

 

 Average 

Most similar k = 10 kamons retrieved (excluding the query) 

Rotational 

Auto 

Correlation 

+ 

Cosine distance 

0+0+0 = 0 

Average = 0.00 

Query 

 

 

Horizontal 

Auto 

Correlation  

+ 

Cosine distance 

1+0+0 = 1 

Average = 0.33 

Query 

 

 

Vertical Auto 

Correlation 

+ 

Cosine distance 

1+1+1 = 3 

Average = 1.00 

Query 
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Edge HLAC 

+ 

Cosine distance 

3+3+4 = 10 

Average = 3.33 

Query 

 

 

 

In Table 4, we present the retrieval results of the first kamon by varying the image feature 

selected for matching. This is identical to choosing a different row of the matrix of visual 

perspectives in each query, while keeping the choice of the column unchanged. The first row, 

which corresponds to using rotational autocorrelation only, did not return any similar image 

according to feedback given by the three subjects. The second row, which uses the horizontal 

autocorrelation only, is judged to have an average of 0.33 match to the query. Finally, for the 

third and the fourth row, which use the vertical autocorrelation and edge HLAC respectively, 

the matches are 1.00 and 3.33 on average. It is obvious that by selecting either the vertical 

autocorrelation or the edge HLAC feature as the row dimension, one can obtain better results 

than when either rotational or horizontal autocorrelation feature is used. 

 
Table 5. Compare retrieval results when using multiple rows (or features) but same column (or measure). 

Features  

+  

Measure 

Subject scores 

 

 Average 

Most similar k = 10 kamons retrieved (excluding the query) 

Edge HLAC 

+ 

Cosine distance 

3+3+4 = 10 

Average = 3.33 

Query 

 

 

Edge HLAC  

and  

Horizontal 

Auto 

Correlation 

+ 

Cosine distance 

2+0+0 = 2 

Average = 0.66 

Query 

 

 

Edge HLAC  

and  

Vertical     

Auto 

Correlation 

+ 

Cosine distance 

3+2+2 = 7 

Average = 2.33 

Query 
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Edge HLAC  

and  

Rotational 

Auto 

Correlation 

+ 

Cosine distance 

5+3+4 = 12 

Average = 4.00 

Query 

 

 

 

In Table 5, we attempt to assess whether improvement can be obtained by dynamically 

mixing multiple visual perspectives (i.e., more than one feature). In the first row, the result of 

using the edge HLAC only is replicated. From second to the fourth row, the edge HLAC are 

mixed with horizontal autocorrelation, vertical autocorrelation, and rotational autocorrelation 

respectively. It is interesting to observe that the combination of edge HLAC and rotational 

autocorrelation returns more matches on average than the cases of horizontal autocorrelation 

and vertical autocorrelation. In fact, it is better than using edge HLAC alone. In contrast, we 

observe that while using rotational autocorrelation alone did not return any similar images as 

judged by the three subjects (cf. Table 4), it actually complements edge HLAC by raising the 

average score from 3.00 to 4.00. This supports our claim that the mix-and-match of image 

features captures one aspect of the interaction of visual perspectives. 

 
Table 6. Compare retrieval results when using same rows (or features) but different column (or measure). 

Features  

+  

Measure 

Subject scores 

 

 Average 

Most similar k = 10 kamons retrieved (excluding the query) 

Edge HLAC  

and  

Rotational 

Auto 

Correlation 

+ 

Cosine distance 

5+3+4 = 12 

Average = 4.00 

Query 

 

 

Edge HLAC  

and  

Rotational 

Auto 

Correlation 

+ 

Euclidean 

distance 

2+3+3 = 8 

Average = 2.66 

Query 

 

 

Edge HLAC  

and  

Rotational 

Auto 

Correlation 

+ 

City Block 

distance 

0+2+1 = 3 

Average = 1.00 

Query 
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Edge HLAC  

and  

Rotational 

Auto 

Correlation 

+ 

Mahalanobis 

distance 

0+0+0 = 0 

Average = 0.00 

Query 

 

 

Edge HLAC  

and  

Rotational 

Auto 

Correlation 

+ 

Correlation 

distance 

3+3+3 = 9 

Average = 3.00 

Query 

 

 

 

In Table 6, instead of varying the choice in the row dimension, we attempt to assess the 

effect of selecting a different column (or similarity measure). The row selections are fixed at 

edge HLAC plus rotational autocorrelation. The first row replicates the result of the last row 

of Table 5, where the cosine distance is selected. From the second to the fifth row, the 

Euclidean, City Block, Mahalanobis, and Correlation distance are used respectively. Other 

than the Mahalanobis distance, the rest of the similarity measures are mostly able to return a 

number of visually similar kamons based on the subjects‟ feedbacks. Among these measures, 

the cosine distance achieves the best result on average for kamon images.  

 
Table 7. Compare retrieval results when dynamically varying both features and measure simultaneously. 

Features  

+  

Measure 

Subject scores 

 

 Average 

Most similar k = 10 kamons retrieved (excluding the query) 

Whole set 

+ 

City Block  

distance 

2+1+1 = 4 

Average = 1.33 

Query 

 

 

Whole set 

+ 

Cosine  

distance 

4+2+1 = 7 

Average = 2.33 

Query 
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Edge HLAC  

and  

Rotational 

Auto 

Correlation 

+ 

Cosine  

distance 

4+2+3 = 9 

Average = 3.00 

Query 

 

 

Edge HLAC  

and  

Rotational 

Auto 

Correlation 

+ 

City Block  

distance 

5+4+4 = 13 

Average = 4.33 

Query 

 

 

 

Finally, in Table 7, we want to show how the proposed framework is able to improve the 

result of the second query of Figure 4 simply by dynamically varying both the features and 

similarity measure involved. It is interesting to note that the “usual” assumption, that when all 

features are used together then the retrieval result would be best, is incorrect if we compare 

the first and the last row of the table. Here, it shows that by only choosing two of the features, 

namely edge HLAC and rotational autocorrelation, while keeping the similarity measure the 

same, a better retrieval result can be obtained. Considering the results of row 1 to row 4 as a 

whole, one can observe a successive improvement in retrieval accuracy (in terms of average 

score) which can be attributed to the ability of capturing the user‟s intent by the interaction of 

visual perspectives approach. 

 

 

7. Conclusions 

 

In this paper, we have proposed a novel and extensible multi-dimensional approach called 

matrix of visual perspectives as a solution for addressing the semantic gap of Content-based 

Image Retrieval. Our approach exploits the dynamic cross-interaction of image features and 

similarity measures to produce retrieval results that could potentially mimic the mental visual 

picture of the user. Among the image features used, we have introduced a new rotational 

autocorrelation feature to capture the radial symmetry appeared in some of the kamons and a 

Higher Order Local Autocorrelation of edge image, which has not been done in any related 

work previously. Experimental evaluation on retrieving similar Japanese cultural heritage 

symbols called kamons by a prototype CBIR system illustrates that the interaction of visual 

perspectives in a user can be effectively captured and reflected. The benefits of this approach 

are not restricted to only cultural heritage images. They can be applied to the development of 

CBIR systems for other types of images, whether cultural or non-cultural, by simply adapting 

to different sets of application specific image features and their similarity measures. 

 

Future works, which constitute the next stage of this research, include the study of how 

non-vectorial image features and appropriate similarity measures might be incorporated in the 

proposed framework, the comparison of different clustering methods on pre-grouping images 

in the database, and conducting further empirical experiments to gain insight on the cognitive 

aspects of human visual perception that can inform our research in CBIR. 
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