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Abstract. In this paper, we propose a new region-based image match-
ing method to find the user defined regions in other images. We use color
histogram and SAR (simultaneous autoregressive) model parameters as
matching features. We characterize the spatial structure of image region
with its block features, and we match the image region in target images
with spatial constraints. SAR model was usually used to characterize the
spatial interactions among neighboring pixels. But the spectrum of the
transition matrix G in the SAR model is not well distributed. Therefore
in this paper, we use a regularized SAR model to characterize the spa-
tial interactions among neighboring image blocks, which is based on the
solution of a penalized LSE (Least Squares Estimation) for computing
SAR model parameters. The experimental results show that our method
is effective.

1 Introduction

Image matching is usually defined as the establishment of the correspondence
between various images. Image matching belongs to the class of inverse prob-
lems, which are known to be ill-posed [Heipke 1996]. There are two categories of
image matching method: area based matching (ABM) and feature based match-
ing (FBM) [Heipke 1996]. In ABM [Hannah 1989] [Ackermann 1984] [William
1995], each point to be matched is the center of a small window, and the window
is statistically compared with equally sized windows in target images. In FBM,
the image feature is extracted in the first place and then the feature is used to
match. Features are usually some local operators [Moravec 1979] [Schimid 1997]
[Gouet 2002]or edge features ( Sobel, Canny, Laplacian, etc.). The matching
problem is an ill-posed problem, some constraints are usually used to make it
to be well-posed. These constraints include epipolar constraint, continuity con-
straint, order constraint, uniqueness constraint, photometry constraint and so
on.
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The concept of content-based image retrieval (CBIR) can be traced back
to the early of 1990s. Recently, more and more researchers have realized that
the complete automatic CBIR is too difficult to implement. Therefore, human’s
involvement is emphasized [Rui 1999][Nozha 2003]. In [Nozha 2003], the author
has pointed out two ways that human participate in the system loop. One way
is to allow the user to select the region of interest, the other is to allow the user
to react on the system retrieval results. The latter method is commonly called
relevance feedback, and the former is region based image retrieval.

There are mainly four kinds of methods in region based image retrieval. The
first is based on image segmentation. In [Fauqueur 2002], image was segmented
by using the LDQC feature, and then the segment results were taken as regions.
This kind of method depends on the segment results. If the segment results are
unacceptable, the method does not work. Another way is to divide the image
into small blocks. In [Moghaddam 1999], an image was divided into blocks with
16 × 16 pixels. It utilizes the blocks’ color, texture and edge features to describe
the image region. The method is easy to implement and seems to be effective.
The third way is to generate image regions from interest points extracted by
local operator [Schimid 1997] [Gouet 2002]. They extract interest point and use
its neighboring area as features. There are two questions concerning this method.
First, can the point extracted by the local operator exactly describe the region?
Second, is it necessary that all points extracted by the local operator can be used
as feature points? The last one depends on vision clues. [Itti 1998] considered that
the contrast of foreground and background attracted most of the attention of
people. So the contrast was used as feature. But [Claudio 2000] claims that man’s
perception of image is a top-down and contextual process of eye focus motion.
This kind of method is usually complex, and not easy to be implemented as the
formers. In sum, more local features are used and more different constraints are
taken into account than before.

Our contribution in this paper is that we propose a new region-based image
matching method to find the user defined regions in other images and a stable
solution method for reducing instability in parameters estimation when solving
SAR model. In our method we use color histogram and SAR model parameters
as matching features. We characterize the spatial structure of image region with
its block features and match the image region in target images with spatial
constraints.

The rest of the paper is organized as follows. There are two parts in section
2. In section 2.1, we introduce the SAR Model for parameter estimation and
give analysis of the proposed penalized LSE method. In section 2.2, we present
a realistic region-based image matching method. In section 3, we give some
experimental results to show the effectiveness of our method. Finally in section
4, some concluding remarks are given.
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2 Our Methods

The problem we will solve is to find the user defined region in other images.
We do not concern what the user defined region is. In other words, the user can
define any image region as his region of interest. To simplify the problem in our
system, we assume that:

1. The user defined region is a rectangle region, and the region size could not
be smaller than a specified size. We consider that a rectangle image region is
representative and easy to be implemented. And if a region is too small, we can
not get useful spatial structural information of the region.

2. The user can only define one interest region in one image. This assumption
is just to simplify the problem.

Our method consists of three steps. First, we define the region of interest in
an image. Then, we extract region features in both the original region and the
image regions in target images. Finally, we match the image regions. We use color
histogram and regularized SAR model parameters as the matching features. We
characterize the spatial structure of the image region with its block features and
match the image region in target images with spatial constraints. We will give
an interpretation of the matching method in section 2.2.

The parameters of SAR model can be estimated by using the least square
estimation technique, which is known to be simple, easy to perform and less
time-consuming [Mao 1992]. However this method may be unstable due to the
rank-deficient, ill-conditioning of the input data or the observations, or due to
the data containing too much noise. It seems that this problem has not been
paid too much attention in the previous research works. Therefore, to increase
the stability in parameter estimation we propose a PLSE method in section 2.1,
which is a regularization of LSE.

2.1 Regularization by Penalized LSE (PLSE)

The basic SAR model for texture images is usually in the form (1)
∑

r∈I

θ(r)g(s + r) + µ + ε(s) = g(s), (1)

where g(s) is the gray level of a pixel at site s = (s1, s2) in an m × m textured
image, s1, s2 = 1, 2, · · · , m. I is the set of neighbors of pixel at site s, ε(s)
is an independent Gaussian random variable with zero mean and variance σ2,
θ(r), r ∈ I are the model parameters characterizing the dependence of a pixel
to its neighbors, and µ is the bias which is dependent on the mean gray value of
the image. All parameters µ, σ and θ(r), r ∈ I can be estimated by using the
least squares estimation technique, which is known to be simple, easy to perform
and less time-consuming. The parameters θ(r) are usually used for classification
and segmentation of textured features. (1) can be written in the following simple
form ∑

r∈I

g(s + r)θ(r) = gε(s) − µ, (2)
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where gε(s) = g(s) − ε(s), ε is random variable and ε ∼ N(0, σ2). For different
r and s, (2) can be written as a linear equation

Gθr = gµ
ε , (3)

with G = (gij) the matrix, θr, gµ
ε the corresponding vectors, where gµ

ε = gε(s)−
µ.

In theory, we can estimate the parameters θr by solving the above equations.
But we must keep in mind that, the matrix G is very ill-conditioning, hence the
solution will be unstable. In [Wang 2003], we have shown that the LSE method is
unstable, and apply standard regularization technique to overcome this problem,
i.e., we solve the minimization problem

min J(θr) =
1
2
‖Gθr − gµ

ε ‖2
l2 +

α

2
‖θr‖2

l2 , (4)

where ‖θr‖2
l2

serves as the stabilizer, α > 0 is the parameter to balance the
bias between the original and the new problem. However, this formulation is
conservative. No priori information is applied on the solution. If so, it is in fact an
identity operator E, i.e., ‖θr‖2

l2
= ‖Eθr‖2

l2
. If the solution has highly oscillatory

part, then it can not be suppressed by the above standard regularization. To
robustly solve for θr, we introduce the penalty technique, which is to say the
solution is penalized in an a-priori way. Denote the penalty operator as P , the
penalized LSE method [Wang 2002] is described as

min Ĵ(θr) =
1
2
‖Gθr − gµ

ε ‖2
l2 +

α

2
(Pθr, θr), (5)

where P is a symmetric, positive semi-definite or positive definite matrix. The
parameter α > 0 can be chosen by users, hence the coefficient matrix GtG+αP
can be positive definite. The new problem (5) can also be considered as the
least squares problem with nonnegative constraints [Wang 2002]. Numerically,
Cholesky decomposition can be employed to get the solution

GtG + αE = LDLt, (6)

where L is the lower triangular matrix with the diagonal elements all ones and
D is the diagonal matrix. With such configuration, the parameters θr are solved
through the following systems:

v = L−1Gtgµ
ε , θr = L−tD−1v. (7)

Note that L is the triangular matrix, the cost of computation of the above two
linear system is very small. For our problem, the parameters are determined by
the choice of the neighborhood I and the choice of the window. Using different
neighbor sets we can fit different resolution SAR model to the given image. Here,
for convenience, we choose a simple second-order neighborhood. The choice of
the parameter is an a priori. In this paper, we choose α = 0.01. Note that α can
not be too large or too small. For most of the time, α is chosen between 0 and
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1. The penalty matrix P is a discrete non-negative Laplacian with homogeneous
Neumann boundary conditions [Wang 2002]. The size of P is the same as G,
which is in the following form

P =





1 −1 0 0 · · · 0 0 0
−1 2 −1 0 · · · 0 0 0
0 −1 2 −1 · · · 0 0 0
...

...
...

... · · · ...
...

...
0 0 0 0 · · · −1 2 −1
0 0 0 0 · · · 0 −1 1





.

2.2 Image Matching Method

Our goal is to find the user defined region in other images. To simplify the
problem, we consider the target region has the same size with the original region.
If the original region size is M0 × N0, we use a M0 × N0 window moving in
the target image to match. At each position, the corresponding features are
extracted. Let X and Y denote the feature vectors, we compute the feature
similarity by the following equation

R =
n∑

i=1

XiYi/(

√√√√
n∑

i=1

X2
i

√√√√
n∑

i=1

Y 2
i ), n ∈ Z+, R ∈ [0, 1]. (8)

First of all, we separate an image region into small blocks (see Fig.1.(a)). In
general, we let the number of blocks be mb × nb. To ensure that each block
contains enough information, we enlarge the block size to be Mmin ×Nmin if the
block size is smaller than Mmin × Nmin.

In the system, color histogram and SAR model parameters are combined to
characterize the content of regions. They are applied in different ways to reflect
the information in different levels. When the SAR model is used to character
the interactions among neighboring image blocks in one region, we regard each
image block as a ”pixel” and its gray value is the mean gray value of the blocks’
pixels. Therefore, we can compute the region’s SAR features. After that, the
image blocks’ features are computed, which include color histogram and SAR
features. For the original region, we do not compute all blocks’ features. We
consider that the blocks in the main diagonal (see Fig.1.(a)) can characterize
the region’s spatial structure. Hence, only blocks in diagonal are processed.

In matching process, we have two thresholds Tcolor and TPLSE to make de-
cision, which are obtained by statistical method. The matching process consists
of three main steps.

Step 1, we examine the global color distribution and the whole region’s SAR
feature. If the similarity of color histogram between the query region and the
current window is lower than Tcolor, the current window will be declared to fail
to match. Otherwise, further check based on PLSE model parameters of the
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window will go on. If SAR features’ similarity is lower than TPLSE , the region
in the current window will be rejected.

Step 2, we check the remaining regions by spatial constraints. The matching
process is shown in Fig.1(b). We denote the continuous image blocks in the
diagonal of the original region by b1, b2, b3, · · · , bm and call these blocks the
key blocks. First, we match b1 in the target region. It should be pointed out
that the matching block can be any block in current window. In other words,
the matching block in target region is not restricted to the diagonal ones of the
region. If there is no matching block, we match the next block. Once we got the
matching block of bi (the grid block in Fig.1(b)), we match the next block bi+1
in its down right corner’s four blocks (the blocks with parallel lines in Fig.1(b)).
We use these blocks to confirm the continuous spatial relationships between the
neighboring blocks, and to hold some image distortions at the same time. Thus,
we can get a matching sequence which maps onto a sequence of key blocks. The
sequence of key blocks is denoted by bibi+1 · · · bi+n−1, where 1 ≤ i ≤ m − n + 1.
If n ≥ N , we add current region into a matching region’s queue. Here N is also
a threshold, and we choose N = 5 in our experiments. If n < N , we match bi+1
in the whole region and repeat the process.

Step 3, a matching region’s queue is constructed after step 2. The result is
the region which has the longest matching sequence in the queue.

Clearly our method can not work directly in the condition that the image
region has some scale and rotation operations. But we can solve the problem
by using a series of windows (with different scale and angular) to match in the
target image.

3 Experimental Results

We choose examples from Brodatz album [Brodatz 1966] to compare the behavior
of LSE and PLSE for computing the SAR features. We use the norm of the
extracted SAR features as a quantity of the feature’s stability. A large norm
value means that the results are far away from the true value, which also means
that the texture of the image may be very coarse or contains too much noise
and hence that the corresponding method is unstable. Small norm values mean
that the results are better and the corresponding method is stable. The norm
of the SAR feature values is denoted by Norm. Fig.2 is a plot of the stability
comparison of LSE and PLSE. The axis X denotes the number of images, and
the axis Y denotes the norm distribution by log10 Norm; the ’*’ line (the upper)
is the results obtained by LSE and the ’+’ one (the lower) is the results by
PLSE. From the figure, we can see the PLSE is much more stable than the LSE
method. It deserves to point out that the choice of the parameter α is a delicate
matter. In our tests, the choice of α as 0.01 is not optimal. The best value of
should be matched with the error due to noise and machine precision. But this
is difficult to realize.

We use about 7000 Corel Images and some video frames as test data for
image region matching. We choose Corel images to test whether the spatial
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Table 1. The image matching results

Precision Recall

Video Frames Of Advertisement 1 90.0% 85.3%
Video Frames Of Advertisement 2 86.5% 90.0%

Video Frames Of Golf 90.2% 85.6%
Pet Images 82.4% 80.1%

Flower Images 81.0% 79.3%
Mean Value 86.0% 84.1%

Fig. 1. (a) The description
of image region; (b) the
matching process of blocks
with spatial constraints

Fig. 2. Stability compari-
son of LSE and PLSE. The
top ’*’ line denotes the
SAR model solved by LSE
and the bottom ’+’ line
denotes the SAR model
solved by PLSE

Fig. 3. Matching results of
a Golf video

constraints is effective or not. Most of Corel images from the same class have
similar global color distribution. Also many image retrieval systems use Corel
images as image database. We choose video frames to test the matching method
with the distortion among continuous I frames. Note that most of continuous
I frames have similar contents. Table 1 lists some results of our experiments.
We do not have a quantitative standard to say whether the result is better or
not. So, we use the similar way as was done by other researchers. The data we
use is a mean result of 15 different people. We get a mean precision 86% and
a mean 84.1%. Fig.3 is a plot of the matching example on Golf video frames.
The top image gives the user defined region in the image, the lower three rows
list some matching results. We can see clearly in fig.3 that the matching region
does hold distortions. Though the matching region is not exactly the same as the
defined region, it is very similar to the defined region. The experimental result is
consistent with the analysis in section 2.2. Hence we say our method is effective.

4 Conclusion

In this paper, we propose a new region-based image matching method to find
the user defined region in other images and a stable method PLSE for reducing
instability in parameter estimation of SAR model. From the computation, we
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find that, for the matching method, by using the extracted features from SAR
model solved by PLSE , we have a high precision and a high recall. Hence we
conclude that our methods are effective.
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