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ABSTRACT 
 
This paper proposes employing an efficient graph-
theoretic approach to estimate the region correspondence 
between two images. We represent each image as an 
attributed graph and transform the image matching 
problem into a graph matching problem. During the image 
retrieval process, we formulate the matching problem as a 
maximum likelihood estimation and propose an 
optimization technique to derive its closed-form solution. 
Hence, we are capable to measure the image distance in 
terms of both the estimated region correspondence and the 
low-level features. This paper has two main contributions. 
First, our proposed matching technique is efficient and 
applicable to the interactive process of image retrieval. 
Second, with the estimated region correspondence, the 
proposed matching criterion, which is defined in terms of 
matched regions and penalized with unmatched regions, 
achieve satisfactory performance for retrieval application. 
 

1. INTRODUCTION 
 
Region-based approaches [1-7] have been one of the 
important research issues in content-based image retrieval. 
Representing images in region level captures not only the 
regions’ local variations but also their spatial 
organizations. Since image distance is often defined as a 
combination of region distances, estimation of region 
correspondence becomes a prerequisite for a region-based 
image matching problem. Estimation of region 
correspondence for the application of interactive image 
retrieval is expected to have the following properties. First, 
both the region attributes (i.e. low-level features) and the 
adjacent relationship should be involved into the 
estimation. Second, the estimation should have as few 
manual control parameters as possible. Third, the 
estimation should be efficient and feasible to interactive 
process. Last, the estimated region correspondence should 
be easily incorporated into the subsequent relevance 
feedback steps. 

IRM [1] and EMD flow [2] employ linear 
programming approaches to find out region 

correspondence in terms of region attributes. Ko et al. [3] 
use region centroids as one of the region attributes and 
apply Hausdorff distance to measure the distance between 
two sets of regions. However, these works [1-3] takes no 
account of adjacent relationship between regions into their 
estimation. Consider the case when an object is segmented 
into multiple regions; employing region adjacency will 
greatly improve the accuracy of region correspondence. 

Hsieh et al. [4] integrate several techniques to 
construct templates for representing regions’ spatial 
organization. The major limitation of this work comes 
from their heuristic tuning of control parameters. When 
dealing with various types of databases, the retrieval 
performance will heavily rely on such tuning parameters.  

Graph representations are also widely used in region 
correspondence estimation. To incorporate both region 
attributes and adjacent relationship into estimation, image 
is usually represented as an attributed graph. Hence, the 
image matching problem is transformed into an attributed 
graph matching problem. Huet et al. [6] proposed a MAP 
graph matching technique to estimate the region 
correspondence. Our previous work [7] extends [8] and 
employs the EM algorithm to solve the inexact graph 
matching problem. However, the estimation of region 
correspondence in [6-7] is an iterative procedure and 
computational demanding. When performing query on a 
large database using the inefficient matching algorithm, 
the execution time would become unacceptable. 

Baeza-Yates et al. [5] also represent images as 
attributed graphs and adopt graph edit distance to 
calculate the image distance. The distance is measured by 
the cost of transforming from one graph to the other. 
However, this work produces no explicit correspondence 
result for further application in the relevance feedback 
steps. 

The objective of this paper is twofold. First, we aim to 
employ a graph-theoretic approach to estimate the region 
correspondence with the above-mentioned four properties. 
Second, we aim to define an image distance measurement 
based on the estimated correspondence as well as the 
region attributes. Since a database image may also contain 
unmatched regions, these regions should be incorporated 
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into the matching criterion and used to penalize the 
overall distance. 

The rest of this paper is organized as follows. Section 2 
elaborates the proposed graph-theoretic image matching 
approach. Section 3 defines the image distance in terms of 
the estimated region correspondence as well as the region 
attributes. Several experiments and comparisons are 
shown in section 5. Finally, Section 6 summarizes our 
work. 
 

2. GRAPH-THEORETIC IMAGE MATCHING 
 
In our approach, we represent an image as an attributed 
and undirected graph ),( EVG = . Each node Vxa ∈  
corresponds to a region in the image and the node’s 
attribute corresponds to the region’s low-level features. 
An edge Exx ba ∈),(  exists if the two corresponding 
regions are spatially adjacent. In image retrieval, the 
query image is denoted by the data graph ),( DDD EVG = , 
while a database image is denoted by a model graph 

),( MMM EVG = . We use the two sets },,{ Kba  and 
},,{ Kβα  to index the regions in the data graph DG  and 

the model graph MG  respectively, and use adjacency 
matrices to represent the spatial organization of regions 
within each image. The data graph’s adjacency matrix D  
with dimension 

DD VV ×  is defined as 

⎩
⎨
⎧ ∈

=
otherwise. ,0

;),( if ,1 Dba
ab

Exx
D                           (1) 

Similarly, the model graph’s adjacency matrix M  with 
dimension 

MM VV ×  is defined as 

⎩
⎨
⎧ ∈

=
otherwise. ,0

;),( if ,1 MEyy
M βα

αβ
                       (2) 

The purpose of our image matching is to find out the 
best matching matrix to represent the region 
correspondence between the data graph (query image) and 
the model graph (database image). A matching matrix S  
with dimension 

MD VV ×  is defined as 

⎩
⎨
⎧

=
otherwise. ,0

; matches  if ,1 aa
a

yx
S α

                       (3) 

From (3), we see that each node in the data graph matches 
only one region in the model graph, while a region in the 
model graph could be matched by more than one region in 
the data graph. Hence, the model graph may contain 
several unmatched regions, which indicate the database 
image’s irrelevant regions to the query image.  

Given the data graph DG  and the model graph MG , we 
have the best matching matrix Ŝ  when the maximum a 
posteriori probability ( )MD GGP ,|S  is achieved, i.e. 

( )
( ) ( ).|,maxarg

,|maxargˆ

SS

SS

S

S

PGGP

GGP

MD

MD

=

=                       (4) 

In (4), the second equality holds because of the Bayes’ 
formula. If we further assume that all possible matching 
matrices have equal possibility, we obtain the following 
maximum likelihood formulation: 

( )SS
S

|,maxargˆ
MD GGP= .                 (5) 

To simplify (5) into a more tractable form, we assume that 
given a matching matrix, all possible correspondence 
between nodes of DG  and MG  are conditionally 
independent. Then we have 

( ) ( )∏∏
∈ ∈

=
D MVa V

aMD yxpGGP
α

α SS |,|, .              (6) 

In (6), the matching probability ( )S|, αyxp a  depends on 
the similarity between the region attributes of ax  and αy . 
Hence we define ( )S|, αyxp a  in terms of the region 
distance ( )αyxd a , : 

( ) ( ){ }ααα yxdwyxp aaa ,exp|, −=S .                 (7) 
We will detail the definition of the region distance 
( )αyxd a ,  in the next section. Note that, in (7), we 

introduce a new variable αaw  to weight the region 
distance. Given a matching matrix S , we propose using 
the term αaw  to measure the neighboring dissimilarity of 

ax  and 
αy  and thus use this term to penalize the region 

distance ( )αyxd a , . We define αaw  as follows: 

( )∑ ∑
∈ ∈

=
D MVb V

bbaba yxdSMDw
β

ββαβα , .            (8) 

In (8), the multiplication of abD , 
αβM  and 

βbS  
accumulates the distance ( )βyxd b ,  for all the matched 
nodes between ax ’s and αy ’s neighboring nodes. 

 In addition, since perfect segmentations rarely happen 
in nature images, we can further refine (8) by including 
the similarity between neighboring nodes. If ax  and bx  
are two regions belonging to the same object in the image, 
then the weight αaw  of ax  would be highly dependent on 
the node bx . Otherwise, if the two nodes ax  and bx  
correspond to different objects, then bx  will have less 
influence on αaw . Hence when the edges ),( ba xx  and 

),( βα yy  exist, we set abab uD =  and  
αβαβ vM = , where abu  

is a function of the similarity between ax  and bx , and 
αβv  

is a function of the similarity between 
αy  and 

βy . 
Substituting (7) and (8) into (6) results in the final 

likelihood function. To simplify the expression, we define 
2 matrices F and H , where ( )αα yxdF aa ,= and 
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( )βββ yxdSH bbb ,= . The log-likelihood function then 
becomes 

( )

[ ]
[ ]
[ ],Tr

Tr
Tr

|,log

T

TT

TT

Va V Vb V

T
ba

T
ba

Va V Vb V
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    (9) 

where FMDK T−= . 
      Our goal is to obtain the optimal H  by maximizing 
(10). Let TQPΣ  be the singular value decomposition of 
K , and let ∆  be a 

MD VV ×  matrix with 1=∆ii  for all i  
and 0=∆ij

 for all ji ≠ . From the extremum principle [8], 

the maximum value of [ ]TKHTr  occurs when TQPH ∆= ; 
i.e. the maximum value is the sum of singular values of 
K . 

After solving H , we obtain S  by setting 
( )βββ yxdHS bbb ,/= . So far the elements of the derived 

matching matrix S  are not binary. We set the maximum 
element to be 1 and the other elements to be 0 for each 
row of S . Note that if ( ) 0, =βyxd b

, we set 1=βbS  and 

0=γbS  for βγ ≠ . 
In summary, we simplify the maximum formulation (5) 

into an optimization problem (9) and obtain its closed-
form solution via the singular value decomposition. Hence, 
given the data graph and the model graph, we first 
calculate all pairs of region distances to obtain the matrix 
F  and then perform singular value decomposition to 
derive H  and thus S . Since there is no iterative operation 
in our estimation, the overall region correspondence 
estimation is rather efficient. 
 

3. IMAGE REPRESENTATIONS AND DISTANCE 
MEASUREMENT 

 
This section elaborates our definition of image distance in 
terms of the estimated region correspondence and the low-
level features. Recall that each node (region) associates its 
low-level features as its attribute. We will first define the 
region distance in terms of low-level features and then 
define the image distance in a hierarchical manner. 

Let fN  be the number of low-level feature types and 
the attributes of nodes Da Vx ∈  and MVy ∈α  are 
represented by the sets of feature vectors 

},,,{ 21 faNaa qqq K  and },,,{ 21 fNααα fff K  respectively. We 

define the region distance between ax  and αy  as follows: 

( ) ∑
=

−=
fN

l
lala yxd

1

2

2
, αα fq ,                     (10) 

where 
2
⋅  denotes Euclidean distance. In section 2, we 

redefine abD  and 
αβM  using the two functions abu  and 

αβv , which are defined as follows: 

( ){ }baab xxdu ,exp −= ,  ( ){ }βααβ yydv ,exp −= .         (11) 
In section 2, we have determined the matching matrix 

S . As aforementioned, the model graph MG  may contain 
unmatched regions. These unmatched regions are often 
dissimilar to any of the query regions. We have to 
penalize the image distance by the dissimilarity between 
query regions and unmatched regions. Hence, we define 
the image distance as 

( ) ( ) ( )MDUMDMMD GGdGGdGGd ,,, += .           (12) 
Our image distance consists of two parts. ( )⋅⋅,Md  
represents the distance between query regions and 
matched regions, while ( )⋅⋅,Ud  stands for the distance 
between query regions and unmatched regions. We use 
the estimated matching matrix S  to define ( )⋅⋅,Md  as 

( ) ( ) ( )∑ ∑
∈ ∈

=
D MVa V

aaaMDM yxdSxrGGd
α

αα ,, ,             (13) 

where the function )(⋅r  denotes the region area 
normalized by the image size. A larger query region will 
have more weight in the calculation of ( )⋅⋅,Md . For the 
distance between query regions and unmatched regions, 
let MUM VV ⊂  be the set of unmatched regions in MG . 
Then ( )⋅⋅,Ud  is defined as 

( ) ( ) ( )∑ ∑
∈ ∈

=
UM DV Va

aMDU yxdyrGGd
γ

γα ,, .          (14) 

Since an unmatched region 
γy  has no corresponding 

regions in DG , we penalize the image distance by the sum 
of distances between 

γy  and all query regions. If an 
unmatched region occupies larger area, the image distance 
should be penalized more to reflect that many irrelevant 
regions exist in this image. 
 

4. EXPERIMENTAL RESULTS 
 
We select 30 categories from the Corel photo gallery as 
our database. Each category contains 100 images. We first 
perform the mean-shift based approach [9] to segment 
images into regions and extract four low-level features 
from each region. We average the colors of pixels in 

*** vuL  space to obtain color features. For texture features, 
we compute the normalized co-occurrence matrix and 
then extract 5 numerical features, including energy, 
entropy, contrast, homogeneity, and correlation. For shape 
features, we measure 7 moment variants by representing 
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the luminance variation along the location change as a 
probability distribution. The coordinates of the region 
center is extracted as spatial features. 

Images in the same category are defined as relevant. 
We select 15 categories from our database as test queries 
to perform the experiment. This experiment has two 
purposes. First, we compare our work with IRM [1] to 
show that employing region adjacency indeed improves 
the accuracy of region correspondence estimation. We 
restrict the elements of the estimated matching matrix in 
IRM to be binary. In order to have a fair comparison, we 
do not use penalization for unmatched regions in this part. 
Second, we will show that the proposed image matching 
criterion which incorporates penalization for unmatched 
regions will improve the retrieval performance. We 
perform experiments over all 1500 test queries and show 
the averaged precision-recall curve in Figure 1. GRPM 
and GPM stand for our work with and without 
penalization for unmatched regions respectively. 

We use a PC with 2.4GHz CPU and 512 RAM to 
perform experiments. For each query, our method takes 
about 5 seconds to estimate the region correspondences 
for all database images and rank the retrieved results. The 
response time is applicable for the interactive requirement 
in image retrieval. In addition, since our approach 
incorporates the adjacent relationship to estimate the 
region correspondence, Figure 1 shows that the retrieval 
performance of our method (GRM) outperforms that of 
IRM. We also show that with penalization for unmatched 
regions (GPRM), the proposed image matching criterion 
further improve the performance. 
 

5. CONCLUSIONS 
 
In this paper, we develop a graph-theoretic approach for 
the image matching problem. We propose a maximum 
likelihood formulation to estimate the region 
correspondence. The region correspondence is 
represented by a matching matrix. Our framework 
incorporates regions’ adjacent relationship as weight to 
penalize the region distance. Note that our work doesn’t 
include any tuning parameters. We use the extremum 
principle [8] to derive the closed-form solution for the 
matching matrix. Thus the estimation in our approach is 
very efficient. In addition, we define image distance based 
on estimated region correspondence. Our matching 
criterion penalizes the image distance by unmatched 
regions to take account of irrelevant parts in database 
images.  
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Figure 1. The average precision-recall curve. The image 
matching criterion with and without penalization are abbreviated 
to GRPM  and GRM respectively. 

424


	Index
	ICIP 2004 Home Page
	Conference Info
	Welcome Message
	Techincal Program Overview
	Technical Program Committee
	EDICS Categories
	ICIP2004 Paper Submission Statistics
	ICIP2004 Paper Statistics - Final Program
	ICIP2004 Organizing Committee
	Sponsors
	Exhibition
	Venue Access
	Social Activities
	Other Information
	Call for Papers for ICIP2005

	Sessions
	Monday, 25 October, 2004
	MA-S1-Computational Radar Imaging
	MA-L1-Watermarking I
	MA-L2-Face Recognition
	MA-L3-Video Compression Standards I
	MA-L4-Biomedical Image Processing: Segmentation and Qua ...
	MA-L5-Error Resilience / Concealment I
	MA-P1-Image Segmentation: By Color, Texture, and Edge
	MA-P2-Image Filtering and Morphological Processing
	MA-P3-Image Enhancement I
	MA-P4-Video Segmentation
	MA-P5-Low-level Image Indexing and Retrieval
	MA-P6-DCT-based Video Coding
	MA-P7-Image Compression and Applications
	MA-P8-Distributed Source Coding and Others
	MP-S1-Deformable Models and Applications
	MP-S2-Media Security Issues in Streaming and Mobile App ...
	MP-L1-Face Detection, Recognition, and Classification I
	MP-L2-Video Summarization and Browsing
	MP-L3-Image Filtering and Partial Differential Equation ...
	MP-L4-Image/Video Indexing and Retrieval
	MP-L5-Watermarking II
	MP-P1-Video Compression Standards II
	MP-P2-Error Resilience/Concealment II
	MP-P3-Biometrics I
	MP-P4-Image Segmentation: By Multiple Features and Othe ...
	MP-P5-Image Enhancement II
	MP-P6-Video Object Tracking
	MP-P7-Biomedical Image Processing: Compression and Regi ...
	MP-P8-Video Coding

	Tuesday, 26 October, 2004
	TA-S1-Content-based Analysis of Multi-modal High Dimens ...
	TA-S2-Image Forensics
	TA-L1-Feature-based Image Segmentation
	TA-L2-Denoising and Deblurring
	TA-L3-Biometrics II
	TA-L4-Lossy Image Coding
	TA-L5-Wavelet Video Coding and Scalability I
	TA-P1-Stereoscopic and 3-D Processing I
	TA-P2-Face Detection, Recognition and Classification II
	TA-P3-Motion Detection and Estimation: Block Matching
	TA-P4-Feature Extraction and Analysis: Color and Textur ...
	TA-P5-Watermarking III
	TA-P6-Video Indexing, Retrieval and Editing
	TA-P7-Interpolation
	TA-P8-Geosciences and Remote Sensing and Environment
	TP-S1-What is the Latest in Networked Video?
	TP-L1-Super-resolution and Interpolation
	TP-L2-Deblocking, Restoration, and Enhancement
	TP-L3-Motion Estimation and Detection
	TP-L4-Image Segmentation
	TP-L5-Biomedical Image Processing: Compression, Registr ...
	TP-P1-Stereoscopic and 3-D Processing II
	TP-P2-Face Detection, Recognition and Classification II ...
	TP-P3-Video Streaming and Networking
	TP-P4-Shape Extraction and Analysis
	TP-P5-Watermarking IV
	TP-P6-Image/video Storage and Retrieval
	TP-P7-Wavelet Video Coding and Scalability II
	TP-P8-Image Modeling

	Wednesday, 27 October, 2004
	WA-S1-Content Understanding for Home Photograph and Vid ...
	WA-S2-Pattern Discovery in Real-world Broadcast Video
	WA-L1-Image Scanning, Display, and Printing I
	WA-L2-Image Formation I
	WA-L3-Stereoscopic and 3-D Coding &amp; Processing
	WA-L4-Image Coding I
	WA-L5-Source-Channel Coding I
	WA-P1-Motion Detection and Estimation: Optical Flow and ...
	WA-P2-Watermarking V
	WA-P3-Feature Extraction and Analysis I
	WA-P4-Image Segmentation: Level Set and Active Contour
	WA-P5-Transcoding
	WA-P6-Implementations and Systems
	WA-P7-Document Image Processing and Other Applications
	WA-P8-Biomedical Image Processing: Segmentation and Com ...
	WP-L1-Image Representation, Rendering, and Quality Asse ...
	WP-L2-Stereoscopic Image Processing and 3D Modeling
	WP-L3-Feature Extraction and Analysis II
	WP-L4-Image/Video Segmentation and Tracking
	WP-L5-Distributed Source Coding and Scalability
	WP-L6-Video Streaming
	WP-P1-Image Coding II
	WP-P2-Source-channel Coding II
	WP-P3-Stereoscopic and 3-D Coding
	WP-P4-Super-resolution and Mosaic
	WP-P5-Image Formation II
	WP-P6-Motion Detection and Estimation: Other Methods
	WP-P7-Watermarking and Cryptography
	WP-P8-Image Segmentation: Clustering and Statistical Me ...
	WP-P9-Image Scanning, Display, and Printing II

	Tutorials
	Plenary Sessions
	Special Sessions
	Table of Contents of Printed Proceedings

	Authors
	All Authors
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z

	Papers
	All Papers
	Papers by Session
	Papers by Topics

	Topics
	1.1.1: Lossy coding
	1.1.2: Lossless coding
	1.1.3: Image compression standards
	1.2.1: DCT-based video coding
	1.2.2: Wavelet-based video coding
	1.2.3: Model-based video coding
	1.2.4: Scalability
	1.2.5: Transcoding
	1.2.6: Video compression standards
	1.2.7: Other
	1.3: Stereoscopic and 3-D Coding
	1.4: Distributed Source Coding
	1.5.1: Source/channel coding
	1.5.2: Networking
	1.5.3: Error resilience / concealment
	1.5.4: Video streaming
	1.5.5: Other
	2.1.1: Linear filtering
	2.1.2: Nonlinear filtering
	2.1.3: Level set and fast marching
	2.1.4: Partial differential equations
	2.1.5: Other filtering techniques
	2.2.1: Multiframe image restoration
	2.2.2: Contrast enhancement
	2.2.3: Deblocking / artifacts removal
	2.2.4: Deblurring
	2.2.5: Denoising
	2.2.6: Other restoration techniques
	2.2.7: Other enhancement techniques
	2.3.1: By edge
	2.3.2: By color
	2.3.3: By texture
	2.3.4: By multiple features
	2.3.5: By other features
	2.3.6: Active-contour / snake-based methods
	2.3.7: Clustering-based methods
	2.3.8: Model-fitting-based methods
	2.3.9: Statistical-classification-based methods
	2.3.10: Morphological-based methods
	2.3.11: Level-set-based methods
	2.3.12: Other segmentation methods
	2.4.1: Video object segmentation
	2.4.2: Temporal segmentation
	2.4.3: Video shot segmentation
	2.4.4: Tracking
	2.4.5: Other video segmentation techniques
	2.4.6: Other tracking techniques
	2.5: Morphological Processing
	2.6.1: Stereo image processing
	2.6.2: 3D modeling &amp; synthesis
	2.6.3: Other techniques
	2.7.1: Color
	2.7.2: Texture
	2.7.3: Shape
	2.7.4: Shading
	2.7.5: Other features
	2.8.1: Perceptual / human visual system
	2.8.2: Source modeling
	2.8.3: Noise modeling
	2.8.4: Other
	2.9.1: Face detection, recognition and classification
	2.9.2: Fingerprint analysis and coding
	2.9.3: Iris analysis
	2.9.4: Human activity, gait analysis, and gaze analysis
	2.9.5: Goal-oriented analysis tasks
	2.9.6: Other
	2.10.1: Interpolation
	2.10.2: Super-resolution
	2.10.3: Mosaic
	2.10.4: Registration / alignment
	2.10.5: Other techniques
	2.11.1: Block matching
	2.11.2: Optical flow
	2.11.3: Parametric model for motion estimation
	2.11.4: Change detection
	2.11.5: Camera calibration
	2.11.6: Other motion detection techniques
	2.11.7: Other motion estimation techniques
	2.12.1: Hardware and software co-design
	2.12.2: Embedded and real-time systems
	2.12.3: Paralleled and distributed systems
	2.12.4: Other system platforms
	3.1.1: Super-acoustic imaging
	3.1.2: Tomographic imaging
	3.1.3: Nuclear and x-ray imaging
	3.1.4: Magnetic resonance imaging
	3.1.5: Other
	3.2.1: Radar imaging
	3.2.5: Multispectral / hyperspectral imaging
	3.2.6: Other
	3.4: Optical Imaging
	3.5: Synthetic-Natural Hybrid Image Systems
	4.1: Scanning and Sampling
	4.2: Quantization and Halftoning
	4.3: Color Reproduction
	4.4: Image Representation and Rendering
	4.5: Display and Printing Systems
	4.6: Image Quality Assessment
	5.1: Image and Video Databases
	5.2.1: Low-level image indexing and retrieval
	5.2.2: Relevance feedback and interactive retrieval
	5.2.3: Content addressable browsing
	5.3.1: Video partition/shot detection
	5.3.2: Video features for retrieval
	5.3.3: Low-level video indexing and retrieval
	5.3.4: Semantic video retrieval
	5.3.5: Content summarization and editing
	5.4: Multimodality Image/Video Indexing and Retrieval
	5.5.1: Watermarking
	5.5.2: Cryptography
	6.1.1: Image segmentation and quantitative analysis
	6.1.2: Computer assisted screening and diagnosis
	6.1.3: Visualization
	6.1.4: Image compression
	6.1.5: Image registration and fusion
	6.2.1: Astronomy
	6.2.2: Geosciences
	6.2.3: Remote sensing
	6.2.4: Environment
	6.3: Document Image Processing and Analysis
	6.4: Other Applications

	Search
	Help
	Browsing the Conference Content
	The Search Functionality
	Acrobat Query Language
	Using Acrobat Reader
	Configurations and Limitations

	About
	Copyright
	Current paper
	Presentation session
	Abstract
	Authors
	Chiou-Ting Hsu
	Chuech-Yu Li



