
Multi-path SAR Change Detection
Z. Hu∗, Michael Bryant†, and R. C. Qiu∗

∗Cognitive Radio Insitute, Department of Electrical and Computer Engineering,
Center for Manufacturing Research, Tennessee Technological University,

Cookeville, Tennessee 38505, USA
Email: zhu@tntech.edu, rqiu@tntech.edu

∗Air Force Research Laboratory, Wright Paterson AFB, OH 45433, USA
Email: Michael.Bryant@wpafb.af.mil

Abstract—Synthetic aperture radar (SAR) is a form of imaging
radar. The defining characteristic of SAR is the usage of relative
motion between an antenna and its target region to provide long-
term coherent-signal variations that can be exploited to obtain
fine spatial resolution for radar image. Due to the improvement of
SAR data acquisition technique and the flexibility of SAR sensor
deployment, multi-pass SAR imageries can be easily obtained.
More information and intelligence can be extracted from SAR
imageries. This paper will address one challenging issue for SAR
data fusion, i.e. multi-pass SAR change detection. Two methods
are proposed in this paper to perform multi-pass SAR change
detection. One method is based on robust principal component
analysis (PCA) and the other method uses template matching
plus thresholding. Both methods explore the local statistics to
indicate the change of each pixel in the SAR imageries. The
visualization performances illustrate the potential of these two
methods for the issue of SAR change detection.

Index Terms—SAR, Change Detection, Robust PCA, Template
Matching plus Thresholding

I. INTRODUCTION

The motivation of this paper is from a new initiative of
distributed aspect synthetic aperture radar (SAR). SAR is a
form of imaging radar. The defining characteristic of synthetic
aperture radar is the usage of relative motion between an
antenna and its target region to provide distinctive long-
term coherent-signal variations that can be exploited to obtain
fine spatial resolution for radar image. SAR can be widely
used both at daytime and night. Meanwhile, SAR can even
work well in the harsh weather conditions, e.g. clouds and
strong rain which will make optical sensors unusable. This
new concept tries to leverage our research about large scale
cognitive radio network by adding function of SAR. Cognitive
radio network is a cyber-physical system with the integrated
capabilities of control, communication, and computing. It can
provide an information superhighway for the next-generation
intelligence, surveillance, and reconnaissance.

The static cognitive radio network can be extended to
dynamic cognitive radio network. Unmanned aerial vehicle
(UAV) can be incorporated into cognitive radio network to
perform SAR function. Due to flexible mobility and easy con-
trol of UAV, distributed aspect SAR can be deployed. A fleet
of UAV can fly to anywhere at anytime in any situation to form
the image of target of interest. Because of the improvement
of SAR data acquisition technique and the flexibility of SAR
sensor deployment, multi-pass SAR imageries can be easily

obtained. More information and intelligence can be extracted
from SAR imageries. In this paper, “multi-path” is equivalent
to “multi-pass”. This paper will address one challenging issue
for SAR data fusion, i.e. multi-pass SAR change detection.
SAR change detection tries to find differences by comparison
of SAR images from different moments in time [1] to indicate
whether or not a change has occurred, or whether several
changes might have occurred and even identify the times of
any such changes. These differences can imply moving target,
terrain deformation, and so on. Hence, SAR change detection
is a very important technique for homeland security, military
mission, and environmental earth observation. Besides, multi-
pass SAR change detection can be treated as one realization
of signal processing for the “Big Data”.

Generally, the change detection methods belong to two
basic categories. One category is for coherent methods and
the other includes non-coherent methods. Coherent method
requires phase information in the SAR imagery while non-
coherent method only uses amplitude information. Two-pass
SAR change detection has been reported in [2]. The perfor-
mance of coherent change detection is shown. The weakness
of coherent change detection is the high false alarm rate when
it is applied to urban scenario [2]. One potential algorithm
to reduce the false alarm rate is called the clutter location,
estimation, and negation (CLEAN) method [3]. In this way,
multiple classes of false alarms can be removed. Repeat-pass
SAR change detection has also been studied [4]. The detection
problem is formulated as a hypothesis testing problem which
leads to a new log likelihood change statistic [4]. Complex
coherence is estimated. A new statistical similarity measure for
change detection has been mentioned in [5]. Two co-registered
SAR intensity images are used. The local statistics are esti-
mated, which approximates probability density functions in the
neighborhood of each pixel in the image. The degree of change
of the local statistics is measured using the Kullback-Leibler
divergence [5]. A wavelet-based change-detection Technique
has been proposed in [6]. Two co-registered intensity SAR
images are considered. This approach exploits information at
different scales which can be obtained by a proper wavelet-
based multiscale decomposition of the log-ratio image [6]. In
this way, speckle reduction and preservation of geometrical
details can be compromised [6]. Entropy image instead of
coherence map is explored for change detection in [7]. The
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change detection performance can be improved in both low co-
herence ares and high coherence areas [7]. Similar discussion
can be found in [8]. Principal component analysis has been
explored for change detection in [9]. However, the embedded
feature or characteristic for no change existence has not been
explicitly used.

The goal of this paper is to perform change detection from
multi-pass SAR intensity imageries jointly. Two state-of-the-
art PCA-based methods are proposed. One is robust PCA
and the other is template matching plus thresholding. Both
methods explore the local statistics and extract some particular
features for change detection. PCA is widely-used linear
dimensionality reduction technique which performs a linear
mapping of the high-dimensional data to a low-dimensional
space such that the variance of the low-dimensional data is
maximized. In reality, the covariance matrix of the data is
constructed and the eigenvectors of this matrix are computed.
The eigenvectors corresponding to the largest eigenvalues can
be exploited to obtain a large portion of the variance of the
original data. Thus, the original high-dimensional space can be
reduced to a space spanned by a few dominant eigenvectors.

The rest of the paper is organized as follows. Section II
presents two change detection methods. one method is based
on robust PCA and the other method uses template matching
plus thresholding. The visualization performances about these
two methods are given in section III, followed by some
remarks in section IV.

II. CHANGE DETECTION ALGORITHMS

Multi-pass SAR intensity imageries are used for change
detection. Assume s (i, j, k) is the value of pixel at the ith

row and the jth column of the kth SAR imagery. There are
total K SAR imageries. The change detection map is defined
as c (i, j). The local area (set) for pixel (i, j) is Λ (i, j). Define
sample vector a (i, j) as,

a (i, j) =


s (i, j, 1)
s (i, j, 2)

...
s (i, j,K)

 (1)

From the perspective of local statistics, if there is no change
for pixel (i, j), we assume for all (il, jl) ∈ Λ (i, j)

a (il, jl) = s (il, jl, k)


1
1
...
1

 (2)

which is the starting point of two proposed methods in this
paper.

A. Robust PCA

The background of robust PCA [10] [11] [12] [13] is to
decompose a given large data matrix M as a low rank matrix
L plus a sparse matrix S, i.e.,

M = L + S (3)

Specifically speaking, PCA finds a rank-r approximation
of the given data matrix M in an l2 sense by solving the
following optimization problem,

minimize ‖M− L‖
subject to
rank (L) ≤ r

(4)

This problem can be easily solved by singular value decom-
position (SVD). An intrinsic drawback of PCA is that it can
work efficiently only when the low rank matrix is corrupted
with small and i.i.d. Gaussian noise. That is PCA is suitable
for the model of M = L + N where N is the i.i.d Gaussian
noise matrix. PCA will fail when some of the entries in L are
strongly corrupted as shown in Eq. (3) in which the matrix S
is a sparse matrix with arbitrarily large magnitude.

In order to find L and S from M, robust PCA tries to solve
the following optimization problem,

minimize rank (L) + λ ‖S‖1
subject to
M = L + S

(5)

From the convex optimization point of view, the rank
function is non-convex function. Solving the optimization
problem with a rank objective or rank constraint is NP-hard.
However, it is known that the convex envelope of rank (L) on
the set {L ∈ Rm×n : ‖L‖ ≤ 1} is the nuclear norm ‖L‖∗ [14].
Hence, the rank minimization can be relaxed to a nuclear norm
minimization problem which is a convex objective function.
In this regard, there are a series of papers that have studied
the conditions required for successfully applying the nuclear
norm heuristic for rank minimization from different perspec-
tives [14] [15] [16]. Hence, the optimization problem (5) can
be relaxed to,

minimize ‖L‖∗ + λ ‖S‖1
subject to
M = L + S

(6)

In this way, L and S can be recovered.
For pixel (i, j), each column of M contains

a (il, jl) , (il, jl) ∈ Λ (i, j). Ideally, if there is no change in
pixel (i, j), M should be the low rank matrix whose rank
is one. However, due to the change in the target scene, M
cannot be the low rank matrix. We perform robust PCA to
M. The low rank matrix L will correspond to the stable or
background scene and the sparse matrix S will represent the
potential change in the scene. The change detection map
using robust PCA is given as,

c (i, j) = ‖S‖F (7)

where ‖·‖F denotes matrix Frobenius norm.
This procedure will be repeated for each pixel one by one

to get the final change detection map for multi-pass SAR
imageries. The larger value in the change detection map means
the more chance of change occurrence.
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B. Template Matching plus Thresholding

Traditionally, template matching is a technique used in
digital image processing for finding small parts of an image
which match a template image. Template matching can be
used in computer-aided diagnosis [17], image watermark [18],
mobile robot navigation [19] and so on.

For multi-pass SAR change detection, we will try to find
a certain template or feature when no change exists. Similar
to robust PCA method, change detection will be performed
to each pixel based on its local statistics. For each pixel, if
the extracted feature matches the template, there is no change
for this pixel. If the extracted feature is deviated from the
template, the change happens in this pixel.

For pixel (i, j), the covariance matrix C(i, j) is defined as,

C (i, j) =
1

|Λ (i, j)|
∑

(il,jl)∈Λ(i,j)

(a (il, jl)− u) (a (il, jl)− u)
T

(8)
where |Λ (i, j)| is the cardinality of Λ (i, j), u =

1
|Λ(i,j)|

∑
(il,jl)∈Λ(i,j) a (il, jl), and T denotes transpose oper-

ator.
If there is no change for this pixel, due to the representation

in Eq. (2), the rank of covariance matrix C(i, j) for local sam-
ple vector a (il, jl) , (il, jl) ∈ Λ (i, j) is one and the dominant
eigenvector of this covariance matrix is 1√

K

[
1 1 · · · 1

]T
.

This dominant eigenvector can be used as the template to
indicate the potential change in the SAR imageries.

Template matching plus thresholding will be performed for
each pixel one by one. Covariance matrix for each pixel will be
calculated and the dominant eigenvector of covariance matrix
will be extracted as the feature. The inner product between the
feature and template will be computed. If the value of inner
product is greater than the pre-determined threshold, there will
be no change for this pixel; otherwise change will be detected.

III. PERFORMANCE

GOTCHA data are used to demonstrate the performances
of the proposed multi-pass change detection algorithms. Fig. 1
and Fig. 2 show the two SAR images from GOTCHA data [2].
Fig. 3 shows two-pass SAR coherent change detection and
Fig. 4 shows two-pass SAR non-coherent change detection [2].
In order to improve the performance of change detection,
two-pass change detection is extended to ten-pass change
detection. K = 10. Fig. 5 shows ten-pass SAR non-coherent
change detection using robust PCA and Fig. 6 shows ten-pass
SAR non-coherent change detection using template matching
plus thresholding. Both methods explore the local statistics to
indicate the change of each pixel in the SAR imageries.

IV. CONCLUSION

This paper proposed two methods to address the issue of
multi-pass SAR change detection. Robust PCA is exploited for
one method and template matching plus thresholding is used
for the other one. Both methods explore the local statistics to
represent the differences among multi-pass SAR imageries.
In this way, more information can be extracted. We will

Fig. 1. The first SAR image.

Fig. 2. The second SAR image.

Fig. 3. Two-pass SAR coherent change detection.
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Fig. 4. Two-pass SAR non-coherent change detection.

Fig. 5. Ten-pass SAR non-coherent change detection using robust PCA.

Fig. 6. Ten-pass SAR non-coherent change detection using template matching
plus thresholding.

continue this line of work and quantify the performances of
multi-pass non-coherent SAR change detection algorithms.
Besides, multi-pass coherent SAR change detection is still
under investigation.
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