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Abstract— This paper proposes a novel method based on
deformable dictionary learning for detecting the regions of
change between multitemporal image pairs. We build on our
previous work, which constructed a pair of dictionaries. The
main shortcoming of this method was its dependence on a large
amount of training data. In practice, there is often a shortage
of ground-truthed training images, which limits the expression
capability of the resulting dictionaries. This paper overcomes
this challenge by incorporating the concept of deformation,
wherein each atom of a dictionary is no longer a simple image
patch, but instead is a flexible image deformation function. This
enables the creation of more expressive dictionaries, capable of
generalizing to a far greater variety of image patterns, while using
a far smaller amount of ground-truthed images for supervised
dictionary training. Deformation similarity is employed for patch
matching to find the best set of atoms in the difference image (DI)
dictionary for reconstructing image patches for a new input DI.
Each such atom can be deformed to achieve a better match, thus
extending generality while reducing the number of atoms needed
in the dictionary. Multiple deformed atoms are weighted and
combined to best reconstruct the input DI patch. Then, the same
set of deformations and weights is projected to the corresponding
atoms in the CD dictionary to obtain the output change-detection
map. Experiments in six realistic synthetic aperture radar data
sets demonstrate the robustness and efficiency of the proposed
method in comparison with five other state-of-the-art methods
from the literature.
Index Terms— Change detection, deformable patches, remote
sensing, sparse representation, synthetic aperture radar (SAR)
image.
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I. I NTRODUCTION

I

MAGE change detection is the process of comparing two
registered images, captured at different times, to detect and
identify regions in the second image, which have changed
with respect to the first image [1]–[3]. The past few decades
have seen ever increasing numbers of satellites employing
remote sensing technologies, resulting in large numbers of
multitemporal image pairs being acquired. This has promoted
research interest in developing techniques for automatic analysis of these large and rich image data sets. In addition to
remote sensing using satellite images [4]–[6], change detection
methods have also been more widely used in other disciplines,
such as video surveillance [7], [8] and medical imaging [9].
Change detection in satellite images has numerous applications
of major societal importance, including the monitoring of
urban growth [10], deforestation surveys, flood monitoring,
and other applications. Because synthetic aperture radar (SAR)
is insensitive to weather and sunlight conditions, SAR image
data have significant potential to capture more information
than other types of imaging system for a variety of applications.
In general, change detection [11]–[14] consists of three
steps: 1) preprocessing the images; 2) generating a difference
image (DI) from a pair of multitemporal images; and 3) analyzing the DI image to achieve segmentation of the changed
regions.
The first step mainly includes registration of the image pair,
geometric correction, and denoising. The two multitemporal
images must first be aligned with a common coordinate
frame, including geometric correction and registration. SAR
images are usually significantly corrupted by speckle noise,
so that noisy pixels in the second image can easily lead to
false positive change detections. Therefore, a variety of noise
reduction methods are employed to relieve the effect of speckle
noise, e.g., Lee [15], Frost et al. [16], and Gamma-MAP
filter [17].
In the second step, the DI is usually generated by simple
image subtraction of the multitemporal image pair in the case
of optical images. In contrast, for SAR images, ratio operator
(log-ratio operator and mean-ratio operator) is often applied to
help improve the resulting DI. Log-ratio operator [18], [19]
converts the ratio of the image pair’s pixel values into a
logarithmic scale. This is useful because speckle noise in raw
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SAR images is multiplicative, i.e., the noise value is in direct
proportion to the intensity value of each pixel. Employing the
log-ratio operator effectively converts this multiplicative noise
into additive noise, thus enhancing the contrast between the
changed and unchanged pixel classes. Unfortunately, because
of the strong contractibility of the log-ratio operator, pixels in
marginal areas can easily become blurred, resulting in poor
preservation of region edges. The mean-ratio operator [20]
can also be used to generate a DI. The mean-ratio operator
incorporates information from the local neighborhood surrounding each pixel, thus providing some degree of constraint
on outliers. However, due to the lack of scaling transformation,
when the noise is concentrated in one area, the mean-ratio
operator performs poorly. In this paper, log-ratio operator is
applied to generate the DIs.
The final step is analyzing the DI to achieve segmentation
of changed image regions. The most popular methods are
threshold analysis [21]–[25] and clustering analysis [26]–[29].
Change detection algorithms can be divided into two main
approaches based on the analyzing methods: unsupervised
methods [5], [22], [29]–[32] and supervised methods [1].
Unsupervised methods do not require much prior information
about the images and typically approach the image segmentation task as a clustering problem. In contrast, supervised
methods [33] require substantial ground-truthed training data,
including many image pairs for which the true changed region
labels are known a priori.
A. Unsupervised Method for Change Detection
Because of their simple implementation and widespread
applications, unsupervised methods for change detection have
attracted much research attention, but they also have several shortcomings. The key advantage of clustering methods,
over thresholding methods, is that clustering methods do not
require DI image distribution models. However, clustering
methods are sensitive to initial values, which may lead to
premature convergence on local optima. Clustering methods
tend to perform poorly when the distributions of the changed
and unchanged classes are highly overlapping. Furthermore,
unlike the thresholding methods described above, conventional
clustering approaches are unable to exploit prior information
obtained from training data sets (i.e., a priori knowledge
extracted from image pairs with known ground-truth pixel
labels).
Because of their simplicity and easy implementation,
thresholding methods have been investigated by many
researchers over several decades. Bazi et al. [23] utilized the
Kittler–Illingworth (KI) [34] threshold selection criterion to
analyze a DI image generated by the log-ratio operator. This
method assumes that changed and unchanged classes obey
generalized Gaussian distribution, which is not always a valid
assumption in many images. Moser et al. [22] proposed a
generalized KI (GKI) method, which extended the KI concept
to include non-Gaussian distributions in DI images generated
by Nakagami, log-normal, and Weibull ratios.
Early attempts to employ the expectation maximization
(EM) algorithm [35] for computing thresholding parameters

started to appear in 2000. Stolkin et al. [36] proposed the
use of the EM algorithm to iteratively combine observed
and predicted image data to compute a thresholded image
based on Gaussian models of both target and background
image regions. The thresholded image was then used to initialize further segmented image refinement using an extendedMarkov random field (MRF) framework [37], [38]. Bruzzone
and Prieto [24] also applied the EM algorithm for computing
the thresholding parameters for DI images based on Gaussian
models. Bazi et al. [25] improved this approach by using a
generalized Gaussian model and a robust initialization strategy
based on genetic algorithms in 2006. The advantages of
such thresholding methods are their relative simplicity and
flexibility, thus leading to their widespread use. However,
the main drawback of these methods is the need to establish
a distribution model of DI images in order to compute a
threshold. Inappropriate distribution models may affect the
reliability and accuracy of the final change-detection results.
In contrast to thresholding methods, clustering methods
do not rely on any assumptions about image distributions
and do not require distribution models of the DI images.
Thus, clustering methods are regarded as being more flexible than thresholding methods. Yetgin [26] and Celik [30]
adopted the k-means clustering method to produce CD change
maps. They computed cluster centers according to the criteria of maximizing the interclass distance, while minimizing
the intraclass distance. This method is effective when the
changed and unchanged classes are separated distinctly by
sharp boundaries. However, if the changed and unchanged
classes are highly overlapped, this method fails to obtain
satisfactory results. In order to overcome this shortcoming,
Ghosh et al. [27] proposed the fuzzy c-means (FCM) algorithm, which extends the conventional k-means clustering
method by incorporating fuzzy sets. Although FCM works
well in most instances, it is difficult to adjust the parameters
empirically and the method is very sensitive to noise. To overcome the shortcomings of FCM, Krinidis and Chatzis [28]
employed a robust fuzzy local information c-means clustering
(FLICM) algorithm. This method incorporates the gray level
information from local regions around each pixel into FCM to
reduce sensitivity to noise and help preserve fine image details.
Inspired by FLICM, Gong et al. [29] proposed a reformulated
FLICM (RFLICM) method. This method combines the meanratio image and log-ratio image together to produce a fusion
DI image. This method uses complementary information and
incorporates spatial context information to enhance changed
information while reducing the effect of speckle noise. These
clustering methods are the variations of FCM, which extend
FCM by incorporating neighborhood information. Additionally, there are a variety of other excellent well known methods
in the literature, including MRF methods, such as Chatzis and
Varvarigou’s MRF [39], Gong et al.’s MRFFCM [40], and so
on. For an introduction to MRF image segmentation methods,
see [37] and [38].
B. Supervised Method for Change Detection
A supervised automatic change detection map
called change-detection map learning using matching
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pursuit (MLMP) was proposed in our previous work [1].
This method, based on dictionary learning [41]–[43],
significantly outperformed previous methods in terms of
changed region detection accuracy. Two coupled dictionaries
are constructed. The atoms of the DI dictionary are created
by sampling patches from the DI image, while atoms of
the CD dictionary are created from the corresponding CD
patches. Any new patch obtained from an input DI image
can now be approximated by a linear combination of DI
dictionary atoms, where the weights of each atom are found
using the matching pursuit algorithm [44]. The corresponding
representation coefficients of each patch are then applied to
the CD dictionary to generate the output CD map of the input
DI image.
Experimental results on SAR data have demonstrated the
effectiveness and accuracy of the above method as compared
to the previous methods from the literature; however, there
are still some remaining problems to be considered. In order
to generalize the method to cope with a large variety of
images, we need to construct a very large dictionary with
a number of patches (order 20 000). This consumes a large
amount of computation resource. It also increases the difficulty
of the tuning key algorithmic parameters, which are critical to
the tradeoff between image detail preservation and speckle
noise removal. Moreover, this method relies on access to
a large amount of ground-truthed training data. A lack of
ground-truth data may impair the expression of the coupled
dictionaries, thus affecting the reliability and accuracy of the
change-detection map. How to fully exploit the expression
of the coupled dictionaries is one of the key problems to be
investigated.
C. Contributions of This Paper
Motivated by the above challenges, this paper proposes a
deformable dictionary learning (DDL) method for SAR image
change detection. First, the two coupled dictionaries of DI
and CD dictionaries are generated by sampling patches from
DI and CD images, respectively, such that each pair of DI
and CD patches shares the same position coordinates in their
respective images. Then, for each patch from an input DI
image, we deform these selected patches from DI dictionary
according to the input patches and then construct the input
patches as a weighted combination of the deformed patches.
Finally, we perform similar deformation for the corresponding
patches from the coupled CD dictionary and then build the
final output CD map as a linear combination of these deformed
CD patches.
In the proposed method, a patch is not regarded as a
fixed vector but as a flexible transformation flow. Through
deformable patches, the DI dictionary can generalize to a
much greater number of image patterns, thus becoming more
expressive.
In conclusion, we propose a novel deformable patches
method for automatic change detection, aiming to reduce the
size of dictionary, thus decreasing the computational expense
and fully exploiting the expression of the current dictionaries.
The main contributions of this paper can be summarized as
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follows: 1) we propose a novel automatic change-detection
method based on DDL; 2) we enable a decrease in the
size of the dictionaries, without any deterioration in the
expression capacity of the dictionaries, or any deterioration
in the resulting CD maps; and 3) we propose a deformation
technique applied to CD patches, which accurately projects the
deformation information of DI patches onto the CD dictionary.
The remainder of this paper is organized as follows. The
proposed method, DDL for SAR image change detection,
is described in Section II. In Section III, we present the
setup parameters of empirical experiments on six realistic
SAR image data sets and compare the performance of our
proposed method against five other state-of-the-art methods
from the literature. Section IV provides concluding remarks
and suggestions for the future work.
II. D EFORMABLE D ICTIONARY L EARNING
FOR C HANGE D ETECTION
A brief review for the concept of deformation is given in
Section II-A. Section II-B gives the main procedure of the
proposed algorithm. In Section II-C, we show how a selected
patch from DI dictionary patch is deformed to best fit the input
patch. In Section II-D, we describe the method for optimizing
the proposed deformation model in detail. In Section II-E,
we give the deformation similarity criterion for selecting the
best patches for deformation. In Section II-F, we demonstrate
on how to project the same deformation of DI dictionary to the
CD dictionary. Note that all the patches have been vectorized
for matrix representation in Sections II and III of this paper.
A. Brief Review for Concept of Deformation
The idea of deformation is derived from previous work
on optical flow [45]–[49]. Optical flow encodes important
information about the spatial arrangement of image features
and the change rate of that arrangement. The goal of optical
flow estimation is to compute an approximation of the motion
of features between two consecutive images. There are usually
two assumptions in this process: 1) the brightness of the
patch remains constant from one frame to next frame and
2) the apparent velocity of the brightness pattern changes as
smoothly as possible.
Optical flow method has been applied in many areas. For
example, discontinuities in optical flow can help to segment
moving scenes and estimate image motion via the differences
between successive image frames [50]. Sun et al. [50] utilize
optical flow to estimate underlying motion to improve the
video super-resolution performance. A deformable dictionary
is learned for simultaneous shape recognition and reconstruction, where the deformation is similar to optical flow [47].
The resulting dictionary has many desirable properties: it
captures much more generic patterns, includes intuitive lowlevel and midlevel structures, and contains useful elements
for discrimination. The deformation in [47] is actually a rigid
affine transformation. A deformable patches-based method
is developed for single image super-resolution in [48]. Via
deformation, the patches are regarded as a flexible deformation
flow rather than a fixed vector, and thus the dictionary covering
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patch. In Section II-E, we will explain how to choose appropriate patches from the DI dictionary. Note that we also use
pk to denote the intermediate result of reconstructed patch
estimation since the problem is solved by alternative iteration
algorithm.
Given a selected patch pk , the deformable patch pdf can be
formulated via deformation by the following equation:
pdf = α ∗ φ(pk ) + β

(1)

where φ(pk ) is the local warp along x and y coordinates,
and the intensity transformation is defined by contrast α and
mean value β. Here, the local warp φ(pk ) is first estimated by
ignoring α and β with normalization on the patches. Then, α
and β can be obtained separately based on the local warped
patch.
For the local warp function φ(pk ), the deformation in the
horizontal dimension u and vertical dimension v is modeled
separately and can be denoted as the deformation fields
u(x, y) and v(x, y). The grid indexes x and y are ignored in
later notation for simplicity. φ(pk ) can be written as follows:
Fig. 1. Overview of the proposed method. For each input patch, we choose
the best basic patches via deformation similarity criterion. After being
deformed, these patches are combined as a weighted linear combination. Here,
we select three patches for illustration.

more patterns and becoming more expressive. Here, the change
detection is formulated as a reconstruction problem from the
perspective of supervision. Under smoothness assumption,
[47], [48], and this paper all exploit the first-order Taylor
series expansion to model the flow field. The deformation
is imposed on patches in gray image (DI image) and binary
image (CD map), respectively. In addition, the main purpose
of deformation is to produce more accurate CD map, while
the direct deformation is applied on the deformation of DI
patches and projected to the corresponding CD patches. This
is the first time for deformation concept to be used to solve
the change detection problem.
B. Main Procedure
The main procedure of the proposed algorithm is shown
in Fig. 1. First, two coupled dictionaries are generated from the
known DI and corresponding CD images. Second, the input
image to be detected is partitioned into overlapped patches.
For each patch, several best patches from two dictionaries
are selected by deformation similarity criterion. Then, these
selected DI patches are deformed according to the input
patches, and the deformation field is projected to the corresponding CD patches. Finally, these deformed DI and CD
patches are weighted and combined to generate the final DI
and CD patches, which are used to reconstruct the CD map.
C. Deformation Strategy for Change Detection
Assume that p I denotes the input patch and pk denotes
the patch selected from DI dictionary for deformation. Here,
we try to deform pk as similar as possible to fit the input

φ(pk ) = pk (x + u, y + v)

(2)

where x and y denote grid indices of the image. Because it
is obvious that large deformation field is not reasonable in
a small patch, the assumption of slow deformation field is
applied here. Under this assumption, φ(pk ) can be formulated
via the first-order Taylor expansion in
φ(pk ) ≈ pk + pkx · u + pky · v
= pk + diag(pkx ) ∗ u + diag(pky ) ∗ v

(3)

where the operator · denotes the pointwise multiplication. pkx
and pky are the derivatives of pk along the x and y dimensions,
respectively.
Two terms are considered here: 1) to minimize the error
between the deformable patch pk and the input patch p I and
2) the slowness and smoothness of the motion prior term
to regularize the deformation field ϕ(u, v). Therefore, both
the error and the prior terms of the deformation field are
minimized. The energy function can be expressed by
E(u, v) = pdf − p I 2 + ϕ(u, v)
= pd + px ∗ u + p y ∗ v2 + ϕ(u, v)

(4)

where
pI − β
α
px = diag(pkx )

pd = pk −

p y = diag(pky )
where pd is the difference between the input patch p I and
the selected patch pk . The standard deviation and mean value
of p I are employed to initialize α and β. It is reasonable
because pk is normalized in advance.
The slowness prior is associated with the intensity of
deformation field (u, v). In contrast, the smoothness prior
can be formulated in the form of the first- and second-order
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derivatives of (u, v). Then, the motion prior term can be
written as follows:




ϕ(u, v) = μ u22 + v22 + λ ∇u22 + ∇v22


(5)
+ η ∇ 2 u22 + ∇ 2 v22
where ∇ and ∇ 2 are the gradient and Laplace operators,
respectively. μ, λ, and η are the regularization coefficients
to balance the contribution between the prior components.
If the ideal warping is not shiftlike, the first-order derivative
prior restrains the deformation field intensity to reduce the
possible deformation or change in the neighborhood. The
second-order derivative prior does not only have similar deformation trend with the first order, but more natural and flexible.
So, here we set μ = 0, λ = 0, and η = 0.1 in this paper.
D. Optimizing the Energy Function
In this section, we focus on how to solve the minimization
problem in (4). After determining the selected patches in
DI dictionary and input patches, two variables pdf = φ(pk )
and (u, v) need to be calculated. Here, these two variables
are estimated alternatively until convergence. The deformation
field (u, v) is first estimated. Given a selected patch pk ,
the optimization problem of (4) is a quadratic problem under
the l2 norm regularization. Here, pk is the deformed patch
in the kth iteration. If k = 1, pk is the selected patch from DI
dictionary. The following notations are made for simplicity:
 
u
M=
, G = [ px p y ]
v




2
−∇ 2
(∇ 2 )
0
0
 = μ+λ
+η
2 .
0
−∇ 2
0
(∇ 2 )
Then (4) can be reformulated as the following:
E(M) = pd + GM2 + M T M.

(6)

If (∂ E(M)/∂M) = 0, we can obtain the optimized deformation field
M = −(GT G + )−1 GT pd .

(7)

After obtaining the field (u, v), the deformed patch pdf
can be calculated based on (3). In Section II-C, α and β are
ignored by normalizing the according patches. Now, we show
how to estimate these two coefficients. To prevent the model
from being more complicated or ill-posed, both α and β are
assumed to be scalars. By minimizing the difference between
the deformed and input patched, we can get the following:
(α̂, β̂) = arg min p I − αφ(pk ) − β2 .
α,β

(8)

This least square estimation problem can easily be minimized by the pseudoinversion method
 
α̂
= (AT A)−1 AT p I
(9)
β̂
where A = [φ(pk ), I ], I is an all-1 column vector with
the same dimension as the selected patch pk . Then, the final
deformed patch can be obtained by (3).

Fig. 2. Relationship between the selected patch pk , the corresponding CD
patch pcd , the deformed patch pdf , and the deformed CD patch pdcd . The
patch size here is 3 × 3 for illustration.

E. Patch Matching Method
Here, we explain on how to select the best match patch from
the DI dictionary for the input patch. For an arbitrary patch in
the DI dictionary, we estimate its ability to fit the input patch
p I by its deformation similarity rather than the similarity of
raw intensity or gradient features.
For a selected patch in the DI dictionary after deformation to best fit the input patch, we intuitively suppose two
criteria: 1) the patch for deformation should be consistent
with the input patch and 2) the deformation field (u, v)
should be as small and simple as possible to confirm the
assumption of Taylor expansion in (3). These two criteria
are also consistent with energy function equation [see (4)]
in Section II-C. Moreover, the closed-form solution of (4)
has been given in the estimation process of the deformation
field. So, the minimization of the energy function is also
employed as the deformation similarity to select the best basic
patches from the DI dictionary. The deformation similarity
can be defined by the minimized energy in the first iteration.
By substituting the solution in (7), we can obtain
sim(pk , p I ) = pTd pd − pTd G(GT G + )−1 GT pd .

(10)

For an input patch, all the patches in DI dictionary are
traversed to select the best patch for the input patch estimation
pk = arg min sim(pk , p I ).
pk

(11)

F. CD Map Deformation
In Sections II-C–II-E, we elaborate the basic idea of how
to implement the deformation field on the DI dictionary. Now,
we are ready to explain how to make an equivalent deformation
on the corresponding CD dictionary to obtain the changedetection map, which is of great importance because this step
is the key for the success of the proposed method.
In this section, our task is to obtain the deformed CD patch
according to deformed DI patch. Fig. 2 shows the relationship
between the four patches. The selected patch pk and the
corresponding CD patch pcd are chosen from the coupled
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TABLE I
N EIGHBORHOOD -BASED D EFORMATION FOR CD PATCH

III. E XPERIMENTS AND D ISCUSSION
In this section, in order to validate the effectiveness of
the proposed change detection method, experiments on six
realistic SAR image data sets are demonstrated, which show
the superior performance of the proposed methods by qualitative and quantitative compositions with other five stateof-the-art methods: MLMP [1], GKIT_LN, GKIT_WR [22],
PCA_KM [25], and RFLICM [29].
A. Evaluation Indicator and Parameters Setup

dictionaries. The deformed patch pdf is obtained based on pk .
We aim to label the deformed patch pdcd according to the other
three patches.
Here, we discuss the main difference between patches
pk and pdf for DI dictionary. For an arbitrary pixel p̂ki in
pk , the deformation mainly reflects on the change of its
gray level G( p̂ki ). Consider a simple example, if a pixel p̂ki
i ) = 1] in
before deformation is labeled as changed [L( p̂cd
the corresponding CD map and its gray level is increased
i ) ≥ G( p̂ i ), intuduring the deformation process, e.g., G( p̂df
k
itively, we assume that this pixel should still be classified
i
as the changed class, e.g., L( p̂dcd
) = 1, whereas if a pixel
is labeled as unchanged and its gray level decreased after
deformation, it should also be labeled as unchanged in the
CD map.
However, there are still two situations to be discussed: 1) a
pixel labeled as changed while its gray level decreased after
i ) ≤ G( p̂ i ) and L( p̂ i ) = 1 and 2)
the deformation G( p̂df
k
cd
a pixel labeled as unchanged while its gray level increased
i
i
after the deformation G( p̂df
) ≥ G( p̂ki ) and L( p̂cd
) = 0.
What class should the pixel in these two situations to be
labeled? For the two situations described above, we consider
the neighborhood of the pixel to decide its class label. As the
image is divided into overlapped patches to deal with, here
we consider the selected patch pk as the neighborhood of the
pixel. For the situation 1), if there exists a pixel p̂ki0 , such
i0
i
that G( p̂ki0 ) ≤ G( p̂df
) and L( p̂cd
) = 1, then the pixel is
i
changed after deformation L( p̂dcd
) = 1. Otherwise, the pixel
is unchanged. For the situation 2), if there exists a pixel
i0
i
p̂ki0 , such that G( p̂ki0 ) ≥ G( p̂df
) and L( p̂cd
) = 0, then the
i
pixel is unchanged after deformation L( p̂dcd
) = 0. Otherwise,
i ) = 1. Here, we denote the smallest
the pixel is changed L( p̂dcd
gray level of the selected patch pk among the changed classes
as G sml and the biggest gray level of pk among the unchanged
classes as G bg . In conclusion, if the gray level of the deformed
pixel is larger than G sml , its corresponding deformed CD
map is denoted as changed. Otherwise, if the gray level of
the deformed pixel is smaller than G bg , its corresponding
deformed CD map is denoted as unchanged. The process of the
CD map deformation is summarized in Table I, where Npatch
is the number of pixels in the patch.

1) Evaluation Indicator: Here, four criteria are employed
to evaluate the performance of the proposed method and
the comparison with other methods, which are false positive (FP, unchanged pixels that are wrongly classified as
changed pixels), false negative (FN, changed pixels that are
not detected), overall error (OE, the sum of FP and FN),
Kappa [51]. Kappa is calculated as
PCC − PRE
1 − PRE
PCC = (TP + TN)/(TP + FP + TN + FN)
(TP + FP) ∗ Mc + (FN + TN) ∗ Mu
PRE =
(TP + FP + FN + TN)2

Kappa =

(12)
(13)
(14)

where TP denotes for true positives [52], which is the number
of changed pixels correctly classified and TN is true negatives,
which is the number of unchanged pixels correctly classified.
Mc and Mu represent the actual number of pixels in changed
class and unchanged class, respectively. Kappa is a measure of
agreement or accuracy based on the difference between error
matrix and chance agreement [51].
2) Setup of the Dictionaries: The more patterns in a dictionary, the better expression of the dictionary is. A good dictionary is critical to achieve good performance. Deformation on
dictionary is a good way to construct a dictionary to cover as
many patterns as possible without increasing the size of the
dictionary. Six data sets are used for experiments. When an
experiment is conducted on a data set, the coupled dictionaries
are generated by randomly sampling patches from the DI and
CD images of the other five data sets, respectively. The patches
can be divided into three kinds: partially changed, complete
changed, and complete unchanged patches. Complete changed
and complete unchanged patches are the patches with all-1 or
all-zero entries, which make the variance of these two kinds
zero. The variance indicates the difference between the entries
in the patch. The larger the variance, the more different the
entries are in the patch (partially changed patches). Therefore,
partially changed patches can provide much more information
than the other two kinds, e.g., geometric structure. In the
process of generating the dictionaries, patches are randomly
selected with high possibility on the selection of large variance
patches. This ensures that the majority of patches in the dictionaries are these partial changed patches, which maximizes
the expression capability of the dictionary. There are only a
small amount of complete changed and unchanged patches as
the variances of both patches are zero.
As we can see from Fig. 3, when the size of dictionary
increases from 500 to 2000, the value of OE is decreased
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Fig. 6. Bern data set. (a) Image acquired on April 1999. (b) Image acquired
on May 1999. (c) DI produced by (a) and (b). (d) Reference image of this
area.
Fig. 3.

Influence of different sizes of dictionary on Farmland data set.

Fig. 4. Influence of different patch sizes on Farmland data set. (a) Value of
FP, FN, and OE in different patch sizes. (b) Value of Kappa in different patch
sizes.

Fig. 7. Change detection results on Bern data set. (a) Proposed. (b) MLMP.
(c) GKIT_LN. (d) GKIT_WR. (e) RFLICM. (f) PCA_KM with h = 5.

Fig. 5. Influence of different iteration numbers on Farmland data set. (a)
Value of FP, FN, and OE in different iteration numbers. (b) Value of Kappa
in different iteration numbers.

and the value of Kappa is greatly increased, while the size
of dictionary is larger than 2000, the value of Kappa and OE
becomes stable. The experiment indicates that the dictionary
with 2000 patches can meet the requirements. So, in the
following experiments, we set the size of dictionary as 2000.
3) Setup of Patch Size: Here, we focus on the size of the
patches in the process of deformation and reconstruction. n iter
denotes the iterations of the algorithm. First, we fix n iter = 7.
The relationship between FP, FN, OE, Kappa, and the size
of patch is shown in Fig. 4, which is obtained from Farmland
data set. The sizes of the patches H are set from H = 7 × 7 to
15 × 15. As we can see, FN and OE decrease gradually from
7×7 to 11×11 and then increase from 11×11 to 15×15, while
FP always decreases from 7 × 7 to 15 × 15. Kappa increases
from H = 7 × 7 to 11 × 11 and then decreases from 11 × 11.
When the patch size is 11 × 11, OE has a minimum value and
Kappa has a maximum value. In conclusion, H = 11 × 11 is
chosen as the patch size.
4) Setup of the Iterations: Here, we set patch size as 11×11
to find the relationship between FP, FN, OE, Kappa, and
n iter . The results are shown in Fig. 5 and n iter are set to
1, 3, 5, 7, 9, 11, 13, and 15, respectively. From Fig. 5(a), FP
decreases and gets the minimum value in n iter = 7. FN
first increases with increase in n iter and then remains stable.

OE reaches the minimum value, while Kappa has a maximum
value in n iter = 7. In conclusion, better results can be obtained
when n iter = 7. So, in the following experiments, we set the
iteration number as 7.
B. Experimental Results
In order to illustrate the superiority of the proposed DDL
algorithm, comparison results with five other state-of-the-art
algorithms, including MLMP [1], GKIT_LN, GKIT_WR [22],
RFLICM [29], and PCA_KM [30], are demonstrated and
analyzed on six pairs of change detection images. Note that the
size of the dictionaries is set to 20 000 in MLMP, while in the
proposed algorithm, the size of the dictionaries is 2000, which
also illustrates the effectiveness of the proposed algorithm.
1) Experimental Results on Bern Data Set: The first pairs
of SAR images (301 × 301 pixels) are an area near Bern
in Switzerland, which were acquired by European Remote
Sensing 2 satellite SAR sensor on April and May 1999,
respectively. From the image, the river Aare flooded parts of
Bern and Thun and the airport of Bern. So this section is
selected for detecting the changed areas. Fig. 6(a) and (b) is
the images required on April and May 1999. Fig. 6(d) is the
reference image (ground truth) produced by integrating the
prior information.
The first experiment is conducted on Bern data set and
the results are shown in Fig. 7 and Table II. The proposed
method and MLMP obtain better results than other algorithms.
As shown in Table II and Fig. 7, MLMP has fewer false
alarms and smaller OE than the proposed method (156 versus
236 and 437 versus 447), while the proposed method achieves
smaller FN and larger Kappa value than MLMP (211 versus

4612

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 56, NO. 8, AUGUST 2018

TABLE II
C HANGE D ETECTION R ESULTS ON B ERN D ATA S ET

Fig. 9.
Change detection results on Farmland data set. (a) Proposed.
(b) MLMP. (c) GKIT_LN. (d) GKIT_WR. (e) RFLICM. (f) PCA_KM with
h = 5.
Fig. 8. Farmland data set. (a) Image acquired on June 2008. (b) Image
acquired on June 2009. (c) DI produced by (a) and (b). (d) Reference image
of this area.

281 and 0.8061 versus 0.7976). Although the proposed method
and MLMP achieve very similar results, MLMP employs
coupled dictionaries with 20 000 patches to reconstruct the
CD map. In contrast, the proposed method only use coupled
dictionaries of 2000 to obtain comparable results by applying
deformation on the dictionaries to cover more patterns. The
thresholding methods GKIT_LN and GKIT_WR obtain poor
results. Although with zero FN, the FP of the two methods
is much higher (11 382 pixels), which illustrates that lognormal and Weibull-ratio cannot describe the distribution of
changed and unchanged pixels properly in the DI. As shown
in Fig. 7(c) and (d), due to the interference of noise, the false
alarm of these two methods is astonishingly large. The clustering methods RFLICM and PCA_KM obtain better results
than these two thresholding methods from the visual results
in Fig. 7(e) and (f) and Table II. From this data set, the proposed method achieves better results than the other methods
and also shows great effectiveness.
2) Experimental Results on Farmland Data Set: Three
segments from different regions of Yellow River Estuary in
China are used here, which are Farmland in Figs. 8 and 9,
Coastline in Figs. 10 and 11, Inland-Water in Figs. 12 and 13.
The three pairs of SAR images were required by Radarsat-2 on
June 2008 and 2009. Different SAR images show different
types of change region. Farmland images show the change of
farmland in Fig. 8. Fig. 10 shows the change in the coastline.
Fig. 12 shows the change of river, where the change areas are
mainly from the edges of river.
Experiments on Farmland data set are carried out and
the results by different methods are showed in Fig. 9 and
Table III. This data set is not only affected by speckle noises,
but the changed and unchanged pixels are also intertwined
together. Even so, the proposed method obtains the best
results. Compared to MLMP, the proposed method dramatically reduces false alarm (1447 versus 527), which is also
shown in Fig. 9(a) and (b). The OE of the proposed method
is much lower (1007 versus 2266) than MLMP and Kappa
of the proposed method is the highest (0.8989). From the

TABLE III
C HANGE D ETECTION R ESULTS ON FARMLAND D ATA S ET

TABLE IV
C HANGE D ETECTION R ESULTS ON C OASTLINE D ATA S ET

criteria in Table II, GKIT_LN and GKIT_WR achieve good
FN results but obtain very high false alarms. As shown
in Fig. 9(c) and (d), the outline of the changed area is
remained, but the local unchanged regions inside the changed
area are wrongly classified, resulting in blurred details. The
clustering methods RFLICM and PCA_KM obtain better
results than GKIT_LN and GKIT_WR with fewer false alarms.
As shown in Fig. 9(e) and (f), they detect the tiny details of
the changed areas (low FP), but both are seriously suffered
from the noise (high FN). Compared to the other algorithms,
the proposed method can have the details commendably and
reduce the effect of noises greatly, which proves that deformation on the dictionaries plays a critical role in improving
the performance of the proposed method.
3) Results on Coastline Data Set: The results on Coastline
data set are presented in Fig. 11 and Table IV. It is evident
that algorithms GKIT_LN and GKIT_WR cannot keep details
well (very high false alarms), and RFLICM and PCA_KM
retain better details but suffer seriously from noises. The
proposed method and MLMP achieve better results than the
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Fig. 10. Coastline data set. (a) Image acquired on June 2008. (b) Image
acquired on June 2009. (c) DI produced by (a) and (b). (d) Reference image
of this area.

Fig. 13. Change detection results on Inland-Water data set. (a) Proposed.
(b) MLMP. (c) GKIT_LN. (d) GKIT_WR. (e) RFLICM. (f) PCA_KM with
h = 5.
TABLE V
C HANGE D ETECTION R ESULTS ON I NLAND -WATER D ATA S ET
Fig. 11.
Change detection results on Coastline data set. (a) Proposed.
(b) MLMP. (c) GKIT_LN. (d) GKIT_WR. (e) RFLICM. (f) PCA_KM with
h = 5.

Fig. 12. Inland-Water data set. (a) Image acquired on June 2008. (b) Image
acquired on June 2009. (c) DI produced by (a) and (b). (d) Reference image
of this area.

other algorithms, but MLMP has larger false alarms than the
proposed (227 versus 152), which is also shown by comparing
the top left area in Fig. 11(a) and (b). The proposed method
obtains the best results with Kappa value 0.9 by keeping a
good tradeoff between noise reduction and detail preserving.
4) Results on Inland-Water Data Set: The results on InlandWater data set are shown in Fig. 13 and Table V. From
Table V, the proposed method yields the lowest FP. But
due to high FN, the proposed method cannot obtain the
best Kappa value. Compared to other methods, because of
making a better tradeoff between noise reduction and detail
preserving, our method gets the best visual effect, as shown
in Fig. 13. Although FN of MLMP, GKIT_LN, and GKIT_WR
is lowest compared with other methods, FP of these three
methods is highest, which leads to inferior Kappa value.
GKIT_LN and GKIT_WR get the similar results with very

Fig. 14. California data set. (a) Image acquired on August 2003. (b) Image
acquired on May 2004. (c) DI produced by (a) and (b). (d) Reference image
of this area.

poor performance on detail preserving. In contrast, the clustering methods PCA_KM and RFLICM suffer from high false
alarm. By incorporating local spatial and gray information,
RFLICM enhances the changed information and relieves the
effectiveness of noises; therefore, it has smaller FN and obtains
the highest Kappa value. Although the proposed method has
higher FN than RFLICM (1062 versus 593), it remains as the
basic structure and has better denoising effect than RFLICM
in Fig. 13(a). As shown in Fig. 13(e), the CD map yielded by
RFLICM is still seriously affected by the noises.
5) Results on California Data Set: Fig. 14 is the California
data set, which were obtained by ESA ERS-2 satellite on
August 2003 and May 2004. The size of each image is
512 × 512 pixels, which is tailored from the SAR image of
7713 × 7749 pixels acquired in San Francisco, USA.
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Fig. 15.
Change detection results on California data set. (a) Proposed.
(b) MLMP. (c) GKIT_LN. (d) GKIT_WR. (e) RFLICM. (f) PCA_KM with
h = 5.
TABLE VI
C HANGE D ETECTION R ESULTS ON C ALIFORNIA D ATA S ET

Fig. 17.
Change detection results on Ottawa data set. (a) Proposed.
(b) MLMP. (c) GKIT_LN. (d) GKIT_WR. (e) RFLICM. (f) PCA_KM with
h = 5.
TABLE VII
C HANGE D ETECTION R ESULTS ON O TTAWA D ATA S ET

Fig. 16. Ottawa data set. (a) Image acquired on May 1997. (b) Image acquired
on August 1998. (c) DI produced by (a) and (b). (d) Reference image of this
area.

The visual change detection results on California data set
produced by different methods are presented in Fig. 15.
In addition, the criteria results are shown in Table VI. From
Table VI, the proposed method has similar FP but much
smaller FN than MLMP, resulting in a better Kappa value
(0.7861). GKIT_LN and GKIT_WR can generally remain as
the outline of the changed areas, but they fail to construct
the details of the changed areas. RFLICM and PCA_KM get
better results than GKIT_LN and GKIT_WR but with very
high false alarms. The proposed method obtains the best CD
map and the best value of OE and Kappa. The noises of the
CD map are suppressed finely and the details and structure are
both reserved.
6) Results on Ottawa Data Set: The data set in Fig. 16
was provided by Defense Research and Development
Canada, which contains two images acquired on May and
August 1997 with the size of 290 350, respectively. These
images present areas that were afflicted by floods.
Fig. 17 and Table VII present the results of Ottawa data set
by the six different methods. Compared with MLMP, the proposed method obtains smaller FN and OE, thus resulting in

Fig. 18. Comparison of different dictionary sizes between the proposed
method and MLMP on six data sets.

higher Kappa value (0.8301 versus 0.8163). From Table VII,
GKIT_LN and GKIT_WR obtain a small FN value but too
many false alarms, which results in that these two algorithms
can only have general frame of the changed areas but fail to
preserve the details [as shown in Fig. 17(c) and (d)]. Compared with these two methods, clustering methods RFLICM
and PCA_KM obtain better results from Table VII and
Fig. 17(e) and (f). Although RFLICM and PCA_KM have a
smaller FN value than the proposed method, they have a much
higher FP value, which results in a smaller Kappa value than
the proposed method.
7) Comparison of Different Dictionary Sizes Between Proposed and MLMP: As shown in Fig. 18, the solid lines are the
results of the proposed method, while the dashed lines are the
results of MLMP method with different dictionary sizes. Lines
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with different marker types or colors represent different data
sets. It is obvious that the solid lines of different colors are
higher than these dashed lines, which means that the proposed
algorithm DDL achieves a better Kappa value than MLMP
with the same dictionary size. This also shows that deformable
dictionary is more expressive and efficient than the original
dictionary.
IV. C ONCLUSION
In this paper, we proposed a novel automatic changedetection method based on deformable dictionary learning
for SAR images. First, the two coupled dictionaries of
DI and CD dictionaries are generated by sampling patches
from DI and CD images, respectively, such that each pair of
DI and CD patches shares the same position coordinates in
their respective images. Then, for each patch from an input
DI image, we deform these selected patches from DI dictionary according to the input patches and then construct the
input patches as a weighted combination of the deformed
patches. Finally, we perform a similar deformation for the
corresponding patches from the coupled CD dictionary and
then build the final output CD map as a linear combination
of these deformed CD patches. Note that here we proposed
a deformation technique applied to CD patches, which accurately projects the deformation information of DI patches onto
the CD dictionary. In our deformable patches approach, a patch
is not regarded as a fixed vector but as a flexible transformation
flow. Through deformable patches, the DI dictionary can
generalize to a much greater number of image patterns, thus
becoming more expressive. The experimental results on six
different data sets and comparisons with other five state-ofthe-art algorithms demonstrate that the proposed method can
greatly reduce speckle noise, while also preserving the fine
details of image features.
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