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Detection of Multitransition Abrupt Changes
in Multitemporal SAR Images
Ozan Dogan and Daniele Perissin

Abstract—This paper addresses the detection of abrupt and stepwise changes in multitemporal sequences of synthetic aperture
radar (SAR) images. Speciﬁcally, the major motivation is to deal
with the change detection of urban features with multitemporal step
patterns. In contrast to most techniques presented in the past, that
only use couples of adjacent images, in this work multi-SAR images
are used for the change detection purpose. The proposed method is
appropriate for the generation of new SAR satellite systems that has
a high revisit time, generating many successive image of the same
area. We attacked on two aspects of the problem: detection of multitransition instants (TIs) of the SAR amplitude time series and
detection of the probable changes. For this purpose, the analysis
of variance (ANOVA), technique is used. ANOVA achieves a
representation of the relation of all group changes. The features
extracted by ANOVA are utilized for the supervised classiﬁcation
procedure. The proposed technique provides promising results for
the classiﬁcation of abrupt changes like in urban areas.
Index Terms—Analysis of variance (ANOVA), change detection,
synthetic aperture radar (SAR), time-series analysis.

I. INTRODUCTION
RBAN area change detection is an important topic that
has many applications, such as damage assessment, land
usage awareness, land abuse detection, etc. There are many
works in the literature using a pair of synthetic aperture radar
(SAR) images for the change detection application [1]–[10].
These methods are mostly taking into account only a couple
of images of the same scene. The comparison of that much
limited number of observations suffers heavily from the corruption of independent random processes such as the system noise,
atmospheric effects, image misregistration, and radiometric and
geometric distortions of the two images. It is obvious that
increasing the number of observations and extending the data
set to extract a time-series analysis will improve the change
detection accuracy.
The availability of multitemporal SAR images gives the
opportunity for time-series analysis techniques such as multitemporal image ﬁltering [11], permanent scatterers (PSs) [12],
temporal behaviour of the PSs [13], and classiﬁcation of urban
structures [14], due to the increased capability of imaging
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sensors. However, there is still little effort about the application
of the state-of-the-art techniques to the multitemporal time series
of SAR images within the change detection perspective.
Taking into consideration the time series of a pixel, one can
observe at least four types of cases: abrupt changes (urban
constructions, deforestration area [20], etc.), evolutionary
changes (vegetation areas), no changed areas, i.e., stable areas
(urban regions), and periodic changes (vegetation evolution
according to seasons). For the urban area change detection
problem, as it is the case in this work, the major motivation is
to detect the abrupt changes.
In [18], in order to detect these abrupt changes, a maximumlikelihood approach is proposed assuming that the transition
instants (TIs) are known, single and in the middle of the data set
(to guarantee an equal number of groups). In order to relax these
strict assumptions, in [19], the TIs are computed through
maximizing the likelihood and the unequal number of groups
are taken into account with a lower performance; keeping the
single TI assumption. In [15], a multitemporal edge detection
procedure is followed by a multitemporal change detection
procedure. Although the proposed method utilizes multi-SAR
images, change detection is applied to the two images that
generates “the strongest temporal contrast,” disregarding the
opportunity of extracting a higher contrast between two different
groups of SAR pixels of the same region. In [16], the most stable
states of a pixel are taken as a reference in order to compare
with the whole series of the data following a supervised classiﬁcation and validation by using two simulated SAR images.
However, in this case, the most of the temporal combinations
are neglected and again, single and known TI assumption is still a
problem.
Given a set of SAR images for the abrupt change detection
purpose, two different criteria shall be considered: ﬁrst, the TIs
shall be localized. These TIs are not necessarily constant for each
changed region of the whole image area but, as it is mostly the
case, is varying region-by-region. Next, the number of TIs is
allowed to be more than one. A single TI approach can be
acceptable for a comparably low number of images (such as
seven images in [15] or ten images in [18]); however, once the
sequence is longer, forcing the region to only two states decreases the performance of the change detection technique.
Second, the change detection must be applied to a group of
data. Many state-of-the-art techniques are applied to detect a
signiﬁcant difference between two groups of data. Once the
number of TIs is more than one and TIs are assumed to be
localized, these methods can be applied to compare each group
pairs separately. However, considering the whole data set promises more statistical features than comparing in pairs, results in
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better false alarm performance. This fact is also known to be the
major motivation of the ANOVA over student’s -test.
In this work, we derive a method in order to process the whole
sequence to optimally estimate the TIs of possible step patterns;
then applied a further test to decide whether or not a step change
must be detected. For this purpose, we proposed the ANOVA
method that maximizes the ratio between the sum of squares
between the groups and within the groups. Instead of comparing
each couple of groups to detect a change, we utilized the ANOVA
also for the change detection purpose in order to take the advantage of ANOVA’s potentiality to express the relationship between
and within groups. The outputs of ANOVA, values, and TIs are
used as features for a further classiﬁcation procedure of the
changes. This paper is organized as follows. Section II presents
a detailed description of the problem deﬁnition. Section III is to
discuss the change detection, localization of the TIs, and the
classiﬁcation. Section IV includes the veriﬁcation and validation
of the method with the application to a series of TerraSAR-X data
of Chinese University of Hong Kong (CUHK).
II. PROBLEM FORMULATION
The amplitude of radar images is affected by several factors
including characteristics of the observed objects (such as material, shape, dimensions, etc.) and acquisition-related parameters
(such as time, geometry, and temperature). The goal of SAR
change detection in terms of monitoring is to detect meaningful
structural changes of images whose amplitude is changed. In
order to suppress the noise to distinguish the informative signals,
statistical techniques are needed to be applied to a set of
observations. This can be realized either comparing a statistically
relevant set of pixels from two images (along the spatial dimension) or by comparing a single pixel in a statistically relevant set
of images (along the time dimension).
In this paper, we start with analyzing the amplitude time series
of a single pixel in an interval of observation and next classifying
the changes. A reasonable number of images enable us to
statistically analyze the temporal characteristics for each pixel.
Next is to formulate the problem: let
be a group of SAR
images that are already coregistered to a preselected master
image. A misregistration may be held in between the two images,
but it is most likely to be detected as a change. The index
represents the group number and
is
the number of groups. The problem is to detect if there is a
“statistically signiﬁcant change” at instants of ’s.
Let us assume that there is only one TI of a sequence of a pixel,
as this is the case of the literature so far. Hence, there are two
groups:
and
, where
is the amplitude of SAR images and
is the number of SAR
images.
In this case, one can simply propose a -test to evaluate the
difference of the groups and assign a threshold by determining
the probability of false alarm. Another approach can be ﬁtting a
likelihood estimator and a thresholding in order to detect the
changes [14]. Also, a multitemporal edge detector that takes into
account the ratio of group means can be a solution for this
problem [11] as the abrupt changes mostly obey a strong mean

difference. For the case where there are more than two groups
, one can simply extent one of these methods by
comparing the adjacent groups. However, in this case, the
advantage of evaluating all the relations of the groups is not
handled, yielding an increase in false alarm rate. Thus, a method
that handles the difference of all the groups will be useful. Also
the detection of the groups and localization of the instants shall be
included in this method.
In order to show the characteristics of multitransition case, the
time series of 70 TerraSAR-X images of CUHK, acquired during
the end of 2008 to the middle of 2010, is observed and typical
time series of three different pixels is shown in Fig. 1. From left to
right, single, double, and four TIs can be observed for an
amplitude time series.
There are two more typical changes that are observed especially in the vegetation areas: the ﬁrst is the evolutionary one,
where a gradual change is taken into account like the growth of
the vegetation, whereas the second is the periodic changes like
the seasonal changes. These two are out of the scope of this work
as the major motivation is urban monitoring.
III. METHODOLOGY
In this work, the ANOVA technique is used in order to detect
the changes. First, the possible TIs are estimated by maximizing
the values and second, the maximum values and the variance
of the instants are computed. These are given as input for the
classiﬁcation procedure.
A. Analysis of Variance
For a given test site, the collected radar reﬂectivity series can
be divided into groups along time, at the instant of changes, in
order to cover the abrupt changes. The ANOVA is a widely used
statistical technique, especially in experimental result analysis.
It simply deals with the ratio of the variances between the groups
and within each group and rejects the zero hypothesis, meaning a
change detection decision, when this ratio is high enough. For
this application, the “observed variable” is the radar reﬂectivity
and the “interested variable” is the step change due to the recently
constructed object.
Next is to formulate ANOVA for the time-series analysis of
SAR data. Given
independent observations of each size

We would like to test the hypothesis that the means of all
distributions are equal

Under the null hypothesis

, one can deﬁne the

value as

with a distribution of
, is the mean of the whole data,
’s are the group means, and values are the amplitudes of the
pixel corresponding to each group.
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Fig. 1. Amplitude time series versus date for TerraSAR-X SAR data for three different cases of urban areas. Left: single transition, right: double transitions, and bottom:
more than two transitions.

In order to test

, one can deﬁne a decision rule
>

, is the threshold, and is the
where
level of signiﬁcance.
The ANOVA is simply testing the ratio of the between groups
and within groups. The term related with the difference of the
group means named as the sum of squares between groups
is the numerator of (3). Obviously, shall the
is higher, it will
be easier to separate the groups. The denominator of (3), called as
sum of squares within groups, reﬂects the deviation of the single
reﬂectivity values from the respective sample estimates.
Thus, the corresponding thresholding can be determined with
the distribution by
. We emphasize that (3) explicitly includes all the group relations in one expression and takes
the advantage of fully exploiting the SAR amplitude series.
B. Localization of TI
The TI estimation technique can be derived by maximizing the
values. First, we assume the single transition case

where
for this case. In order to compute the mean of a
group, we need at least two representatives of a group. This is

why the initial value of is one and the last value is
.
Therefore, the argument that maximizes the value will be the
TI. For the case of multitransition, the instant computed through
(5) shall be guaranteed to be the ﬁrst one, so the probable
following groups shall be disregarded. In order to overcome
this problem, we assigned a guard that guarantees the number of
pixels to generate a group. Hence, in this case, we have to write
the same formula by

where is the TI and is the guard. One can iteratively localize
the TIs by reinitializing the index value
and the loop
ends when the remained data are less than . Here, we have to
note that for each iteration, the value shall be guaranteed to be
higher than the previous one in order to avoid unnecessarily high
number of groups. From another point of view, (6) represents an
edge detector that the decision criterion is the maximization of
the value of the whole sequence.
It is interesting for this algorithm to analyze the no change
case. In this case, the algorithm will force the data to have
groups although there is no group. However, maximizing the
values does not generate a comparably high value to be assigned
as a change, as the means of each group are close to each
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The plots of TIs show a regionwise homogeneity meaning a
change at the same time in a region wider than a single pixel size.
Therefore, the variance of these homogenous regions is lower
than the unchanged regions. The idea simply means that the
computed TIs are mostly close to each other for a changed region
but is different for an unchanged region.
IV. RESULTS
A. Data Set
Data used in this work were acquired by the TerraSAR-X
sensor, collected between October 25, 2008 and February 5,
2012 for the area of interest in Hong Kong. The number of
images is 70. The investigation was conducted at the site CUHK
(Lat. 22.420’N, Long. 114.201’E).
B. Veriﬁcation

Fig. 2. Flow of the localization and

values computation.

other resulting in a lower
given in Fig. 2.

. The proposed methodology is

C. Classiﬁcation
The outputs of the proposed method are the values and the
TIs. Here, we propose three methods for the decision making:
fully unsupervised thresholding of the
values, supervised
thresholding of the values, and classifying by giving the
values and the variance of the TIs as input to the SVM classiﬁer.
First, under the assumption of distribution of the ANOVA,
one may explicitly compute a threshold by deﬁning a level of
signiﬁcance of
. This approach is fully
unsupervised. However, once the numbers of group members are
not distributed homogenously, this method results in many false
alarms. This is why we propose to apply a threshold for a
probability of false alarm by selecting the “known to be unchanged regions,” a supervised approach. Third, one may give
values as inputs to a state-of-the-art classiﬁer, like SVM. In this
section, we focused on the last one.
values are discriminative features and can be obviously
representative features for classiﬁcation. One can use only these
values for the classiﬁcation procedure. However, in order to
improve the performance of the proposed approach we preferred
to use also the variance of TIs.
Till now, we only deal with the
value of a pixel, as a
temporal approach and disregarded the relation of the pixel with
its neighborhood. A spatio-temporal effort for the change detection purpose will have the opportunity to make a decision by
taking into account the pixelwise and regionwise changes together. For the case of TerraSAR-X data that have a resolution of
few meters or even one, it is more likely for an urban change to be
observed in a region covering more than a single pixel. In our
work, we took the advantage of spatial distribution of changes by
considering the estimated TIs as a region is likely to have equal or
close instants.

In this section, a qualitative analysis is done in order to present
the potentiality of the proposed method. For this reason, we ﬁrst
compared the Google Earth images that are acquired in 3
September 2008 and 12 June 2010, within an interval overlaps
with the ﬁrst half of the corresponding SAR data acquisition
interval. These two images are shown in Fig. 3. In order to do
further analysis, we had an onsite analysis to obtain the ground
truth map shown in Fig. 4.
In Fig. 4, the regions that are rounded with the color yellow
present the new roads, whereas the blue areas are construction
sites where no complete buildings are observed at the last
acquisition date of the Google Earth. The regions that are
windowed or ﬁlled with black color are the changed areas.
In the left, there is a black rectangle rounded by forest representing a house built inside the interval of SAR data acquisition.
Also, the upper site of the image includes two newly built village
houses. The black areas even inside the blue areas are the new
buildings. The other black areas present a bridge over the road
and the barriers on the road that are constructed during the SAR
data acquisition.
It is a good exercise to evaluate the fully unsupervised
automatic thresholding mechanism with the assumption of
distribution with the degrees of freedom and
. Level
of signiﬁcance
is set to 0.95, and threshold is computed
numerically by
. This change detection
image is extracted and overlaid on the Google Earth image in
Fig. 5. In this ﬁgure, the background is seen for the areas below
the threshold and blue is the lowest value of , whereas red is the
highest. As it is seen, the most of the scene is detected as changes,
meaning a high false alarm rate. However, the
values are
higher for the changed areas, like the buildings, whereas lower
for the unchanged areas like the forest regions.
The false alarm rate for this case is observed to be relatively
high. Especially for the cases that the number of group samples
are not distributed homogenously, as it is also the case for the
maximum-likelihood estimator [14], the
values can be still
high although there is no signiﬁcant difference.
In order to observe the supervised potentialities of the
ANOVA, the values are low pass ﬁltered to lower the false
alarms and manually thresholded to evaluate the performance
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Fig. 3. Google Earth images of the site, acquired on 12 June 2010 and on
3 September 2008.

Fig. 4. Ground truth. Blue: construction area, yellow: roads, blacks: new
buildings, a bridge over the road, and barriers on the road, and yellow: constructed
roads.

Fig. 5.
values are overlaid onto the Google Earth image by automatic
thresholding the values according to the distribution of . Red is the highest
and blue is the lowest. Google Earth image is seen for the regions that are lower
than the threshold.

qualitatively. The threshold is determined by computing the
distribution of the values of a forest region that is known to
be unchanged. For an unchanged region, the value shall be
lower. Hence, by determining 5% of probability of false alarm,
the threshold is computed empirically. The resulting change
detection map is overlaid on the Google Earth image and shown
in Fig. 6. The blue regions in Fig. 5 are mostly disappeared and it
is observed that for the forest area, where very little changes are
known to be occurred, the manual thresholding promises a low
false alarm rate. Also in this image, the new buildings that are
shown in red regions in Fig. 4 are detected.

5

Fig. 6.
values are overlaid onto the Google Earth image by manual thresholding the values. Red is the highest and blue is the lowest. Google Earth image
is seen for the regions that are lower than the threshold.

Fig. 7. Classiﬁed changes overlaid onto Google Earth image. Red regions are the
detected changes. Google Earth image is seen for the regions that are detected as
unchanged.

In the next experiment, the variance of the TIs and the values
are given as features to the support vector machines and classiﬁcation is done by visually selecting a training set of 397 pixels
labeled as change and 301 pixels labeled as no change. The visual
selection procedure is achieved with the ground truth knowledge.
A linear kernel is used for the SVM structure. One may use
different classiﬁers, however, as the goal of this paper is to show
the potentiality of the ANOVA, the performance of different
classiﬁers are not compared. SAR data are trained with this
sample set and the change detection map is extracted, as shown in
Fig. 7. In this case, comparing with the manual thresholding, a
better performance is obtained in terms of probability of detection. One may apply additional image morphology techniques
like dilation for decreasing the false alarm rate. Another method
is to apply erotion for increasing the probability of detection in
order to improve the quality of this map.
We emphasize that the results in the previous three ﬁgures are
maps, that once many SAR images are given as input, all the
changes occurred at any time during the observation period is
detected. Thus, there is no more a need to generate change
detection maps for each image couples, but a single map for a
series of a SAR image is already possible.
We have to also note that without time-series analysis, one
must know the date of the change to select the suitable SAR
images for the change detection map generation. The ANOVA
can be applied to the series of SAR images without the preliminary knowledge on the ground truth, one can detect the changes.
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TABLE I
DETECTION PERFORMANCE OF CLASSIFIER, SVM, AND THE MANUAL THRESHOLDING.
FIRST FOUR REGIONS SHOW THE PERFORMANCE OF DETECTION AND MISSED ONES. LAST
TWO SHOWS THE PERFORMANCE OF FALSE ALARMS

Fig. 8. SAR image index of the changed pixels. Blue: change occurred during
2008–2009. Red: change occurred during 2011–2012. Rest of the colors: change
occurred between 2009 and 2011.

Fig. 10. Detected changes. Left: Google Earth image and right: amplitude time
series.

Fig. 9. Selected regions for validation. Red regions are the changed areas,
whereas the orange ones are not changed areas.

In Fig. 8, the SAR image indexes, the ﬁrst TIs, which are related
with the acquisition dates of the data are presented. Also, this
image shows that the TIs are likely to be homogenous for same
regions, as an expectable result.
C. Validation
After the qualitative evaluation, more quantitative results by
running three different experiments are given in this section.
First, changed and unchanged regions are determined and the
probability of detection and probability of false alarm is extracted
for the manual thresholding and SVM cases. The automatic
thresholding is disregarded as the false alarm rate which is too
high. Second, the classiﬁcation performance is assessed. Then
another region of CUHK campus is studied for evaluating the
small region detection performance. Third, the possible application of the proposed method, a land abuse case is presented.
1) CUHK Campus Experiment-1: In Fig. 9, four red windows
present the changed areas, whereas the two orange ones are the
unchanged regions. Region-1 is a bridge road that is constructed
onto the highway. Regions-2–4 are the building areas. Region-5
is the forest area. The survey analysis also shows that this area
still remains as forest, meaning no change inside the duration of
SAR data acquisition. Region-6 is intentionally selected as a
man-made structure including a building, a grandstand of a
stadium to evaluate the algorithm robustness for the unchanged urban areas that have comparably higher intensities.

The TIs are computed by maximizing the values. The guard
is selected as 3, meaning a group must be at least this amount of
representatives. Increasing the guard region decreases the false
alarm with the cost of poor probability of detection. Two
experiments are done. First, the manual thresholding is evaluated
in order to show the performance of the values to represent the
changes. Second, the SVM is utilized and those two are
compared.
In Table I, the percentage of detection ratio is given. First, we
emphasize that the values for the ﬁrst four regions are the
probability of detection, which are supposed to be high, whereas
the last two are the probability of false alarm, which are supposed
to be low. In order to assess the size of the region, the number of
pixels of the corresponding regions is also given in Table I.
For Region-1, a comparably lower detection ratio is extracted.
The major reason of this case is probably that the region was
before a highway and after a bridge road, those structures that
backscattering is comparably lower resulting in a lower intensity.
For Region-2, a good matching is seen to be extracted. Region-3
was a village house and all the pixels of the house are achieved to
be classiﬁed as a change by SVM while manual thresholding
misses one of the pixels. Region-4 has also good performance for
both manual thresholding and SVM in terms of detection. For the
last two regions, SVM and manual thresholding seem to have
close and good results showing low false alarm rates.
In order to evaluate the performance of the classiﬁcation, the
labeled sample set is divided into two equal sized sets for training
and test sets. These sample sets are visually classiﬁed. The
randomly selected pixels are plotted and classiﬁed as change,
no change, and unclassiﬁeds. The SVM is ﬁrst supervised with
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Fig. 11. CUHK campus. values computed by ANOVA. The most signiﬁcant
spots are highlighted in white circles.

Fig. 12. Amplitude time series of site A1 and A2 versus date of data acquisition.

Fig. 15. Left: SAR image and right: amplitude time series of the selected pixel.

7

Fig. 13. Onsite survey of site A2.

Fig. 14. (a) Birdview of the area of interest and (b) result of single pair
comparison, red and yellow color: change in the recent image, blue: change in
the previous image, and green: no change.
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the training set and the tested with the remained. The test results
show %1 false alarm, %90.32 right detections.
2) CUHK Campus Experiment-2: The second experiment
is focused on smaller-sized urban changes, like Region-3 in
Fig. 9. The major motivation behind is to assess the ANOVA
performance alone for applications like land abuse which involves in a small region. Google Earth image of the application
area is shown in the left of Fig. 10. The 12 yellow pins are the
points of change and the right plots are the corresponding SAR
amplitude series. SARPRoz [17] is used to handle and visualize
data.
In Fig. 11, the values are shown. The two points circled,
shown as A1 and A2, are given more detailed attention and
survey analysis is done.
In order to compute the probability of accepting
hypothesis, an unchanged region is selected and the distribution of the
values is extracted. For site A1, the probability to accept
hypothesis is as low as
, which strongly indicates
that something changed in the site. However, the onsite survey
failed in ﬁnding out any new structure in the location. By
analyzing the time domain data (Fig. 12), it is observed that the
amplitudes show a 2-step pattern with change dates of September
2009 and July 2010, meaning there was a temporal change that is
no more valid. For site A2, the probability to accept
hypothesis is 0.0011 meaning there is probably a change happened in
site A2. Furthermore, in Fig. 12, it is shown that the time series
shows a one step change in July 2010. An onsite survey of site A2
concluded an installation of a garbage bin as shown in Fig. 13.
3) Land Abuse Application: Another area of interest, where a
change is known to be happened in October 2008, is cropped
from the data for the purpose of change detection. The Google
Earth view and the change detection map generated by simply
Wiener ﬁltering the difference of the images are shown in
Fig. 14. There are change detection algorithms better than
Wiener ﬁltering; however, as the proposed work has no claim
on a change detection algorithm for comparing two images, in
order to show the difference image simply, this method is
utilized. In Fig. 15, the SAR images and the corresponding
time-series analysis are presented. According to this ﬁgure, this
area, which is supposed to be an empty ﬁeld, is concluded to be
used illegally. Onsite observations show that the area is occupied
by some containers. Therefore, it is presented that the time-series
analysis change detection can be a good method for the application of land abuse detection.
V. CONCLUSION
In this work, the statistical method, named ANOVA, is applied
for the multitemporal SAR data as a time-series analysis technique in order to detect the changes. Automatic and manual
thresholding mechanisms and the classiﬁcation performances
show that the method has the potentiality to detect the multi-TIs
and the possible changes given an amplitude time series as input.
The validation and experimental results show that the proposed
algorithm can achieve to provide a highly accurate change
detection map of an area of interest. The change date and
probability of detection are also the outputs of the algorithm.
The application of the algorithm to the TerraSAR-X data of Hong

Kong shows that the algorithm can provide promising applications for the CUHK campus and also for the land abuse detection.
For the future works, an improvement on spatio-temporal analysis of the method and the automatic thresholding mechanism
will be considered.
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