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Abstract: In this letter, a novel method is proposed for jointly unsupervised change detection and image
registration over multi-temporal optical remote sensing images. An iterative energy minimization scheme is
employed to extract the pixel opacity. Specifically, we extract the consistent points which provide the initial
seed nodes and the feature nodes for random walker image segmentation and image registration, respectively.
And the seed nodes will be updated according to the analysis of the changed and unchanged regions.
Experimental results demonstrate that the proposed method can perform change detection as well as the state
of the art methods. In particular, it can perform change detection rapidly and automatically over unregistered
optical remote sensing images.
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INTRODUCTION

Automatic change detection in images of the same
scene taken at different time instances is of widespread
interest with respect to variety categories of applications
(Rouhollah and Shohreh, 2010; ChunLei et al., 2010;
Lawal et al., 2011). Important applications of change
detection consist of remote sensing, video surveillance
and medical diagnosis, which usually require an analysis
involving image registration and change detection over
large image areas. However, it is usually computational
expensive to perform image registration and change
detection separately. To reduce the time effort, it has
become an urgent task to develop the techniques of
analyzing the change information and registering the
image pair jointly.

At present, the methods of solving the problem of
change detection can be categorized into two classes,
namely supervised and unsupervised methods. Unlike the
former method, the latter mainly uses the automatic
analysis of change data, which can be created in terms of
some algorithms, such as image differencing, Principle
Component Analysis (PCA), image rationing, and change
vector analysis.

The  early  study  on image differencing-based
change detection method can be traced back to the
literature (Bruzzone and Prieto, 2000), which proposes
two automatic techniques for the analysis of the
difference  image,  i.e.,  Expectation-Maximization (EM)-
based   and  MRF-based  thresholding.  Recently, there
are   many   unsupervised   methods  that  are  proposed
for  different  image  sources,  such   as   the   PCA  and

k-means clustering method (Celik, 2009). 
There are two major challenges to detect temporal

changes of the image pair acquired from the interesting
region at two different times. One is spatial alignment,
which is known as multi-temporal image registration. The
other is the suppression of the signatures from common
regions of the input image pair, which is known as
analysis of change information. Accurate image
registration is essential for successful change detection. 
In current literature, traditional change detection methods
aim to quickly and efficiently perform change detection
for registered remote sensing images. Few studies have
been reported on joint image registration and change
detection, most of the works concentrate on registering
multi-temporal images and analyzing the changed data
separately.

In this letter, we propose a novel unsupervised
change detection method, which can jointly register the
input image pair and obtain the changed information from
them. The proposed method consists of three steps. The
consistent points of unchanged region are first extracted.
The model of changed and unchanged regions is followed
to generate the distribution of each region. An iterative
segmentation based on random walker is then performed
to obtain the optimal change detection map.

METHODOLOGY

Proposed joint change detection and image
registration method: Let us consider a couple of multi-
temporal image  X1 and X2without co-registration, which
are  captured  at  the  same  geographical area but at two
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Fig. 1: Flow chart of the proposed method

(a) (b)

(c) (d)

Fig. 2: Results of proposed method in each iteration (4 in all), (a) Input image X1, (b) Input image X2, (c) Feature points (yellow
points) extracted by modified SIFT for unchanged regions, (d) Registered image for (b) 

different time t1 and t2. Our goal is to build an
unsupervised change detection model, which can jointly
register the input multi-temporal image pair and obtain the
changes information from them. 

The flow chart of the proposed method is illustrated
in Fig. 1. This method mainly consists of three stages,
namely, feature points extraction and image registration,
color data modeling, and segmentation by iterative energy

minimization. Next, we will elaborate the proposed
method step by step.

Feature points extraction and image registration:
Some unchanged regions in a pair of input images have
common features (i.e., invariant to image scale and
rotation), which can provide robust matching across a
substantial range of affine distortion and addition of noise.
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In this letter, we aim to extract some consistent points
from these regions, and these points have two
applications, i.e., providing feature points for image
registration, and providing initial seed nodes of the
unchanged regions for random walker image
segmentation. 

There are many traditional methods can be used to
extract the consistent points, such as SURF and SIFT
algorithms (Lowe David, 2004). In our method, the SIFT
algorithm is used to extract the feature points and the
initial seed nodes of the unchanged regions for image
registration and random walker image segmentation,
respectively. However, this method is sensitive to the
change in illumination. In order to remove the consistent
points which are sensitive to the change in illumination,
we delete the consistent point pairs whose difference of
the intensity are higher than the threshold value T=50, and
use the remained consistent points to represent the initial
seed nodes of the unchanged region. 

For example, as shown in Fig. 2a and b, we give two
test areas, which have different sizes, i.e., 375 75 for input
image X1, and 537 37 for input image X2. They are taken
over Shuangliu airport in Chengdu (China), obtained on
June 26, 2007 and July 22, 2008, respectively. The yellow
points in Fig. 2c represent the extracted consistent points
using the modified SIFT algorithm. These extracted
consistent points will be used for random walker image
segmentation in the third stage. The final registered image
is shown in Fig. 2d according to these consistent points.

Color data modeling: In this stage, we begin to construct
the energy function by modeling the color data of the
difference image.

We first generate the difference image  Xd from the
registered image pair X1 and  X2. It can be defined as:

(1)X X X x x x xd n N= − =| | ( , ,..., ,..., )2 1 1 2

The Gaussian Mixture Models (GMMs) is used to
model the difference image. Here, we build two GMMs,
one for the unchanged region and the other for the
changed region. Each GMM is taken to be a full-variance
Gaussian mixture with K components. The segmentation
of the difference image is expressed as an array of
“opacity” values  = ( "1, …, "N) with "n correspondingα
to each pixel. Where "n , {0,1}, with 0 for changed
regions and 1 for unchanged regions .  describes theθ

parameters of GMMs. In order to make GMM tractable to
handle, an additional vector  k = {k1, …, kn, …, kN} is
introduced to assign each pixel a unique GMM
component, where kn , {1, …, m}.

The energy function  E for change detection, which
can evaluate the fit of the opacity distribution  to theα
data x, is defined as:
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where, B  denotes the probability learned from the prior
information. µ and 3 represent the mean and covariance
of a Gaussian distribution, respectively.

The minimum of (2) corresponds to the optimal
solution for a “binary” problem (Rother et al., 2004). It is
guided by both the observed unchanged and changed
region GMMs. Therefore, the change detection map can
be estimated as a global minimum:

(3)α α θ
α

= arg min ( , , , )E k x

In our study, the minimization of (3) is implemented
by using the following iterative random walker algorithm.

Segmentation by iterative energy minimization: The
energy minimization scheme in our proposed approach
works iteratively. It has the advantage of allowing
automatic refinement of the labeled result. At the
beginning, we will introduce the initialization for the
iterative energy minimization.

We first initialize unchanged seed nodes Su which
could be represented by the extracted unchanged feature
points. The GMM of the unchanged region Ru is
initialized with respect to the unchanged seed nodes. The
changed region is set to Rc =  , and the GMM of theRu

changed region is initialized with respect to the changed
region.

Assume that the area of unchanged region is larger
than the area of changed region. The initial seed nodes for
the changed region are set according to the following
method  which  is based on the theory in Benedek and
Sziryi (2009). We give a multi-model description of the
observed data. As shown in Fig. 3a and b, X1 and X2 are
the two registered grayscale images which have an
identical pixel lattice  N. For a pixel n , N  of  Xi the gray
values are represented by Xi (n), i = 1, 2. 
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Fig. 3: (a) Input image  X1 (S). (b) Input image X2 (S), (c) 2-D histogram of the changed regions, (d) 2-D histogram of the
unchanged regions, (e) Uniform density estimation of (c). (f) Mixture of Gaussians approximation of (d)

Let us consider the 2-D histogram of the (n) =X
[X1(n), X2(n)]r vector extracted from the changed and
unchanged regions of the images X1 and X2, which are
shown in Fig. 3c and d, respectively. We approximate the
histogram of the changed and unchanged regions by a
mixture of K Gaussian distributions and uniform density
(Benedek and Sziryi, 2009), respectively. From Fig. 3e
and f, we can see that the changed region has a low value
of probability density function (PDF), whereas the
unchanged component has a high value. Therefore, we
select pixels which exhibit the lowest values of PDF as
the initial seed nodes for the changed region, and select
pixels with highest values of PDF as the updated seed
nodes of the unchanged region. The parameter "n  is
initialized to “0” for  n , Ru, whereas “1” for n , Rc.
Accordingly, the GMMs of the changed and unchanged
regions are initialized from sets "n = 0 and "n = 1,
respectively. 

The obtained initial seed nodes could be used to
perform the random walker image segmentation. For the
algorithm of random walker image segmentation (Grady,
2006), a small number of pixels with known labels, e.g.,
hanged region and  nchanged region  are treated as seed
nodes. Then, the unlabeled pixels are imagined to release
a random walker. The probability is computed that each
pixel  random walker first arrives at a seed bearing each
label. Finally, the pixel is assigned to the label for which
a random walker is most likely to reach first.

Next, we introduce the iterative energy minimization
scheme. The detailed steps are shown as follows.

C Initialize GMM parameters 2-  and vector  k;
C Estimate change detection map  using randomα

walker image segmentation algorithm. And calculate
the energy E ( ,k. 2- ,x).α

C Update GMM parameters 2-  and vector k according
to  the  change  detection  map  with the minimum E
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Fig. 4: Results of proposed method in each iteration (4 in all), (a) Result of the first iteration, (b) Result of the second iteration, (c)
Result of the third iteration, (d) Result of the fourth iteration, (e) Ground truth, (f) The energy E approaches its minimum over
4 iterations

C Update the seed nodes of the changed and unchanged
regions. The pixels of the changed region obtained
from the segmentation result are treated as additional
seed nodes for the changed region. And the pixels
with highest values of PDF are selected as the update
seed nodes for the unchanged region. 

C Repeat from step 2), stop iteration until E approaches
its minimum.

By employing the iterative energy minimization
scheme, the optimal change detection map can be
obtained.

EXPERIMENTAL RESULTS

To demonstrate the effectiveness of our proposed
method,  a  qualitative  example  is  given. As show in
Fig. 2a and b, we use two aforementioned test areas as
input image pair. For the proposed method, in the first
iteration, the initial seed nodes of changed regions, which
are represented by the yellow points in Fig. 2c, are
extracted according to the modified SIFT method. And
the initial seed nodes for unchanged regions are extracted
from the remained area. From Fig. 4a, we can see that the
result of the first iteration has large difference from the
ground truth which is shown in Fig. 4b, c and e show the

results of the second and third iteration in which the seed
nodes of unchanged and changed regions are updated.
However, the energy of the result of this iteration is not
minimum one. Therefore, the algorithm goes to the fourth
iteration. Each of steps (2) to (5) of the iterative
minimization can guarantee a minimization of the total
energy E. Therefore, this algorithm could obtain an
optimal change detection map. As shown in Fig. 4d, the
obtained optimal result is similar to the ground truth. A
demonstration of minimization is also shown in Fig. 4f
which shows the energy E approaches its minimum over
4 iterations in this experiment.

Next, in order to demonstrate the detection accuracy
of the proposed method, we will make qualitative and
quantitative comparisons against the two state of the art
methods, i.e., EM-based method (Bruzzone and Prieto,
2000) and PCA+k-means based method (Celik, 2009).
Both of the two methods perform change detection on
registered images. Under the assumption that pixels in the
difference image are independent of one another, the EM-
based method allows an automatic selection of the
decision threshold that minimizes the overall change
detection error probability. The PCA+k-means based
method consists of three steps. First, The eigenvector
space is generated using PCA on h  non-overlapping
difference  image  blocks.  Then,  the feature vectors are
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Fig. 5: Change detection results by using different methods, (a) Input image X1, (b) Input image X2, (c) Ground truth, (d) EM-based
thresholding (Bruzzone and Prieto, 2000), (e) PCA+k-means based thresholding (Celik, 2009), (f) Proposed method

 
Table I: False alarms, missed alarms, and total errors (in the form of number of pixels and percentage) resulted from different methods of change

detection
False alarms Missed alarms Total errors 
------------------------------------ --------------------------------- -----------------------------------

Change detection method Pixels PFA(%) Pixels PMA (%) Pixels PTE (%)
EM based method
(Bruzzone and Prieto, 2000) 3431 47.53 642 8.89 4073 40.73
PCA+k-means (Celik, 2009) 806 11.16 1516 21.00 2322 32.16
Proposed 902 12.49 1747 24.20 2649 36.69

extracted by projecting h  local data onto eigenvector
space.   Finally,   k-means   clustering   is   used  for  the
extracted feature vectors to obtain change detection map.
The first method uses the default parameters. For the
second method,  h = 3.

In this experiment, we consider a set of real data
which consist of two multitemporal optical images. They
have been coregistered. Figure 5 shows some qualitative
results for the set of optical images. The input images
shown in Fig. 5a and b are taken from the various parts of
Lake Tahoe, Reno, Nevada, which were captured on
August 5, 1986 and August 5, 1992, respectively (Sayler,
2003). These images show extensive change resulted from
a forest fire. The ground truth of change detection mask
which is obtained from Celik (2010) is shown in Fig. 5c.
Compare with the ground truth, we can see that the EM-
based thresholding (Fig. 5d) holds the highest rate of false
alarms. As shown in Fig. 5e, the number of false

detections is reduced via the use of PCA+k-means based
thresholding. Higher values of h provides lower false
detections, inversely, brings about higher miss detections.
As shown in Fig. 5f, the result of our proposed method is
similar to the result of PCA+k-means based thresholding.

Table 1 shows the results of the quantitative
experiments, where PFA represents the false alarms, which
equals the number of unchanged pixels that are
incorrectly detected as changed. PMA denotes the missed
alarms, which corresponds to the number of changed
pixels that are incorrectly detected as unchanged. Here,
PTE is the sum of the PFA and PMA. From Table I, we can
see that the value of PTE for the results of Bruzzone and
Prieto (2000) is 40.73%. For the results of Celik (2009),
the value of PTE is 32.16%. Our proposed method uses
iterative energy minimization to perform the segmentation
for the changed and unchanged regions where the value of
PFA and PMA are 12.49 and 24.20%, respectively. And the
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average value of PTE for the proposed method is 36.69%.
Therefore, our proposed method can achieve the similar
performance of the above two methods.

CONCLUSION

In this letter, an unsupervised changed detection
technique is developed. It achieves change detection by an
iterative energy minimization scheme. The advantage of
the proposed method is that change detection and image
registration can be performed jointly over unregistered
image pair. It provides convenience for quick and
efficient change detection. Comparisons between the
proposed method and the state of the art methods are
reported. Experimental results demonstrate that the
proposed method can achieve the similar performance of
the state of the art methods.
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