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ABSTRACT:

Most of the existing change detection methods using full polarimetric synthetic aperture radar (PolSAR) are limited to detecting
change between two points in time. In this paper, a novel method was proposed to detect the change based on time-series data from
different sensors. Firstly, the overall difference image of a time-series POISAR was calculated by ominous statistic test. Secondly,
difference images between any two images in different times ware acquired by R;j statistic test. Generalized Gaussian mixture model
(GGMM) was used to obtain time-series change detection maps in the last step for the proposed method. To verify the effectiveness
of the proposed method, we carried out the experiment of change detection by using the time-series POISAR images acquired by
Radarsat-2 and Gaofen-3 over the city of Wuhan, in China. Results show that the proposed method can detect the time-series change

from different sensors.

1. INTRODUCTION

Due to the all-time and all-weather mapping capability of
synthetic aperture radar (SAR), which is independent of, for
instance, cloud cover, night-time, and severe weather, change
detection of SAR has played an important role in the
understanding of the relationships and interactions between
people and natural phenomena in recent years (Bruzzone, 2013;
Hachicha, 2014; Singh, 1989). Change detection with SAR
images has been used in applications such as disaster
monitoring ( Conradsen, 2003; Giustarini, 2013), ecological
monitoring (Zhao, 2014; Zhao, 2016), regulatory policy
development (Sun, 2016; Zhao, 2013), and environmental
impact assessment (Zhao, 2014). The Chinese Gaofen-3 (GF-3)
satellite was launched on 10 August, 2016.1t is the first multi-
polarization SAR imaging satellite to be developed in China
and it has promoted research into change detection based on
SAR images(Sun, 2017).Meanwhile, full polarimetric synthetic
aperture radar (PoISAR) data contain both phase and amplitude
information from radar returns transmitted in two different
polarizations, signifying that more scattering information can be
used for change detection(Zhao, 2017). Therefore, many
researchers have focused on change detection using bi-temporal
PoISAR images (Liu, 2014; Moser, 2006; Sumaiya, 2016).

Although the traditional pixel-based unsupervised change
detection method using bi-temporal PoISAR images can detect
the change between two different times with same sensor
(Akbari, 2016), they could not detect the total changes of the
entire time series from different sensors (Conradsen, 2016). To
solve these problems, some researchers simply compared the
pair-wise images in the time-series images and detected the
time-series change, which suffers from some deficiencies, such
as it is time-consuming and couldn’t detect some small
continuous changes (Conradsen, 2016). When analyze the
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difference images, traditional methods such as two-dimensional
entropic segmentation (TDES) algorithm  (Jansing, 1999),
Otsu’s algorithm (Otsu, 1975), improved K&l algorithm (Zhao,
2017) and Kapur entropy algorithm (Yetgin, 2012) and so on,
assume the probability density function (PDF) of the difference
image complies with the Gaussian distribution. While the
difference images calculated by ominous statistic test and R;
statistic test algorithm are not complies with the Gaussian
distribution (Conradsen, 2016). In consequence, traditional
algorithm is not suitable for the analysis of difference image
which obtained by ominous or R; statistic test algorithm.
Fortunately, Gaussian mixture models (GMM) can fit any
distribution of data (Rasmussen, 2000). In our previous work
(Liu, 2017), by improving the GMM algorithm, it can better
adapt to the analysis of difference image.

Focusing on above problems, a method (named OS_GMM) of
time series change detection using full PoISAR images from
different sensors is proposed in this paper. OS_GMM integrates
the respective advantages of the omnibus test (Conradsen, 2016)
and generalized GMM (Liu, 2018) techniques. The proposed
method should not be regarded as a combination of many
methods but as a fully unified algorithm with different steps. In
this method, the use of the omnibus statistic is an effective
strategy for obtaining the difference images from PoISAR time-
series images, and we use the generalized GMM algorithm to
help us to choose the threshold of change detection map.

2. METHODOLOGY
2.1 Omnibus Test
The omnibus statistic test algorithm effectively utilizes

polarimetric and temporal information from time-series PoISAR
images. The PoISAR image includes the backscattering
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coefficients of the four polarimetric channels of the object
(Conradsen, 2003). For orthogonal polarizations basis, the
scattering information of ground objects can be represented by
the following covariance matrix C:

|Shh|2 ShhSI'T\/ ShhS*

C= Shvsr:h |Shv|2 Shvs\jv €h)
SWSI:h SWStTv |SW|2

Different elements in covariance matrix C represent the
backscattering coefficients. For the multi-look conditions, the
covariance matrix C of PoISAR image obeys the complex
Wishart distribution ( X eW(p,n,XZ,) ) and probability
density functions (PDF) of C can be described as follows.

1 n-p 4
f(C)= C| "exp{-tr[.C
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Where, tr() is the trace of covariance matrix C, n is the number

of look of PoISAR image, and p represents the dimension of
matrix C. For fully PoISAR image, p is equals to 3 (Conradsen,
2016).

Assuming that the multi-parameters
2y L, e 2, 2, e 2x, O time-series (4, <t, <...<t,)
PoISAR images are independent, and they obey the complex
Wishart distribution:
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where p represents the dimension of X, X,,... X, |
n,n,,...nNn is the number of look of X;,X,,...X, |
and Xy Ey ... Ey
of X4, Xy - - X, .

represent the scattering  matrix

According to omnibus statistic test theory, H, hypothesis can
be described as Ho:Xy =Xy, ==Xy, =2y =-Xy, , which
means the matrixes of time-series POISAR images are equal. In
other words, if H0 hypothesis were the case, the feature has not
changed in the time interval [ T, , T, ]. On the contrary, the

feature has at least one change in the time-series [ t; , T, ] of
PoISAR images.

Supposing that the omnibus statistic test based on maximum
likelihood estimation (MLE) has a joint

density f(Xy, 2y, - 2x,. ), where 6 is the set of parameters of
the probability function that has generated the data. H, states

that @< H,, and the likelihood ratio of the omnibus statistic
test is shown as follows:
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If n,=n,=---=n_=n | this leads to the desired

likelihood-ratio omnibus statistic test:
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i=1

follows:
i=k
INQ = n{pkink + > In|X;|—kIn|X [} @
i=1

In general, the overall similarity of time-series POISAR images
is measured by —InQ . The larger the value, the greater the

probability that change will generally occur in time-series
PoISAR images.

2.2 Rj Statistic Test

The omnibus statistic test algorithm can be used to detect the
overall change of the time-series PoISAR images, but it is
limited to detecting the change between two any different times.
To compensate for the shortcoming of omnibus statistic test,

Conradsen et al. (Conradsen, 2016) formulated the R,- statistic

test algorithm, which is used to generate the different images
between any two images in different times (Conradsen, 2016).

According to R; statistic test, if the matrixes of any two
different POISAR images in time are equal (Ho:2Zx,, =2,), it
indicates that there is no change in the time interval
[ t;_1 , t; 1. Instead, if the matrixes are not equal

(Hi:Zx,, #Zy,), the change happens between the two images.
According to R,— statistic test, the likelihood ratio of the
statistic can be shown as follows:
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Equation (8) in logarithm form is as follows:
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Similarly, the similarity of PolSAR images from two any
different times is measured by —InRJ. . The larger the value, the

greater the probability that change will occur between the two
images.

2.3 The Generalized Gaussian Mixture Model (GGMM)
and Expectation Maximization (EM)

The GMM (Rasmussen, 2000) is an unsupervised statistical
learning approach that is widely used in statistical pattern
recognition. The GMM can represent an arbitrarily complex
PDF and is suitable to fit an unknown data distribution of the
difference images. The finite GMM with k components can be
calculated as:

f(x)= y . o,
(0= X p(x|0) o)

0:{%,__';[m,o‘12,...,o'i}

where, «,, represent the mixing probabilities of the mth
component, which must be positive and sum to one; £ are the

means; o} are the variances; and P(x|8,) is a normalized
Gaussian with specified mean and variance.

In general, the distribution of difference image ( P(X,)) can be

modeled as a weighted sum of two distributions. One represents
the ’changed’ class and another represents 'unchanged’ class
data distributions (Celik, 2011), i.e.

P(%s) = P(W,) P(Xs [W,) + p(w,) p(x, w,) (11)

where p(%s|w,) and P(x,|w.) are
and p(w,) and p(w,) are
classes W, and W,

posteriori PDFs,
priori  probabilities of
respectively.  The  data
distribution P(X4) can also be modeled using the k-component

GMM (Zivkovic, 2004), i.e.
P =2 p0PK 0= 3 p@R(IA) + 3 p@Ip(x|a) (12)

where P(K) is the prior probability of the data point having

been generated from component n of the mixture, and P(X4 |K)
is the nth component density modeled with a Gaussian density

function. The data distribution modeled with Equation (11) can
be separated into two distributions representing the data
distributions of the *changed’ and "unchanged’ classes.

In order to estimate € , it is usual to introduce the log-
likelihood function defined as shown in Equation (13):

l0g p(x16) = log T p(x" 10) = Y log Y-, p(x” 10, (13)

The EM algorithm is an iterative method used to find the
maximum likelihood or the maximum a posteriori estimates of
the components in the GMM (Dempster, 1977). The EM
iteration alternates between performing an expectation (E) step
and a maximization (M) step. The E-step creates a function for
the expectation of the log-likelihood evaluated using the current
estimate for the parameters:

Q(6.6(t)) = Ellog p(X, 7 |6)| X,6(t)]=log p(X,716)  (14)
where

i = El | 0] 22RO 180

>, (00 16,0)

(15)

The M-step computes the parameters maximizing the expected
log-likelihood found in the E-step.

2Q0.00)) _, (16)
o6

We update the parameter estimation according to Equation (16):

o = i?im /n
i=1
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The EM algorithm of the criterion of convergence is defined as:
|o-60] <5 (18)

For a certain class of traditional GMM algorithm, there is an
important parameter commonly referred to as K that specifies
the number of components to detect (Liu, 2017). However, the
correct choice of K is often ambiguous. Fortunately, it can
avoid the use of empirical methods for the selection of the
number of components for the GMM and find the optimal
number of components K in our previous work (Liu, 2017).

2.4 The Proposed Method of Time-Series Change Detection
Using Images from Different Sensors

The procedure of time-series unsupervised change detection
based on different sensors is shown as Figure 1.
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Figure 1. The process flow of the proposed method.

The process of change detection includes, 1) Data preprocessing,
including radiation correction, geometric correction, co-
registration and filtering. 2) Calculating the overall difference
image of a time-series image by ominous statistic test and
acquiring the difference images between any two images in

different times by R,— statistic test. 3) Modeling the difference

images by GGMM model, obtaining the statistic distribution of
changeable and non-changeable classes. 4) Making decision
analysis according to formula (19) and calculating the change.

- 1255, p(w,) p(x|w,) < p(w,) p(x|w,)
CD(,j) = )
0, otherwise
where, ‘0’ represents non-changeable class and ‘255’ represents
changeable classes.

3. EXPERIMENTS AND RESULTS
3.1 Study Area and Background

Wuhan (as shown in Figure 2) lies East Longitude 113°41'-
115°05', North Latitude 29°58'- 31°22', and it is the only
megalopolises in the China West. Wuhan is known as ‘River
City’ because the third largest river (Yangtze River) in the
world and the largest tributary of the Yangtze River (Han River)
across this city and many lakes were formed, such as East Lake,
LiangZi Lake and so on. Dramatic changes have taken place in
the city of Wuhan during the ‘Twelfth Five-Year Plan’ period
(from 2011 to 2015). In order to detect the dramatic changes of
city, time-series POISAR images were acquired by Radarsat-2
and GF-3 sensors. In this study, our aim was to detect the
dramatic changes of city and monitor the changes associated
with the tunnel construction on East Lake.

114°0'E M4°30'E 115°0'E

4

31°0'N

30°30'N

Yangze River

Legend

B e River
z District Line
e
> 0 10 20 40
L) [ = — ]

Figure 2. Location of the study area.

The preprocessing of PoISAR time-series images is important
for change detection. In this study, the preprocessing consisted
of radiometric calibration, speckle filtering, geometric
correction and image co-registration. After the radiometric
calibration, the pixel values of the PoISAR time-series images
from different sensors are directly related to the radar
backscatter of the scene. This condition is necessary for the
comparison of PoISAR images acquired at different dates.
Speckle filtering and image co-registration were also performed.
From 2011 to 2017, construction of a new tunnel and its
ancillary buildings took place on East Lake in Wuhan, China.
After the new tunnel constructed, the ancillary buildings were
removed in 2016. The land-cover types of this area are lake,
bridge, city, and forest. POISAR images acquired by Radarsat-2
and GF-3 sensors display the changes associated with the
construction of the new tunnel on East Lake and the RGB
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images(1200 rows, 1000 columns) in Pauli basis (| Sy, =Sy, |
for red, | S,, | for green, and | Sy, +S,, | for blue) are shown in
Figure 3.

Figure 3. RADARSAT-2 PoISAR images acquired on (a)
December 07, 2011. (b) June 25, 2015. (c) July 6, 2016; and
GF-3 PoISAR images acquired on (d) April, 30, 2017. (e)
May, 29, 2017.

The validity of the proposed algorithm applied to different
sensors is verified in this part. OS_GMM method was used to
detect the change in the construction process of East Lake
Tunnel. Dramatic changes have taken place around East Lake
from 2011 to 2017 and the changes of different period over East
Lake are shown in Figure 4.

(a) (c)

(d)

(h)

Figure 4. Time-series change detection over tunnel of East Lake
from 2011 to 2017(a) between December, 2011 and June,
2015.(b) between December, 2011 and July, 2016.(c) between
June, 2015 and July, 2016.(d) between December, 2011 and
April, 2017.(e) between June, 2015 and April, 2017.(f) between
July, 2016 and April, 2017.(g) between December, 2011 and
May, 2017.(h) between June ,2015 and May, 2017.(i) between
July ,2016 and May, 2017.(j)between April, 2017and May,
2017.

To give a visual impression of the results, Figure 4 shows the
time-series change detection results over the East Lake tunnel
from 2011 to 2017. Figure 4a shows the change detection result
from December 2011 to June 2015, where the changes reflect
the construction of the new tunnel and urbanization. Figure 4b
shows the change detection result from 2011 to 2016, where the
changes again reflect the construction of the new tunnel and
urbanization. Figure 4c shows the change detection result from
June 2015 to July 2016, where the changes reflect the removal
of the ancillary buildings and urbanization. Figures 4d and 4g
show the change detection result from December 2011 to April
2017 and from December 2011 to May 2017, where the changes
reflect the urbanization. Figures 4e and 4h show the change
detection result from December 2011 to April 2017 and from
June 2015 to May 2017, respectively, where the changes reflect
the removal of the ancillary buildings and urbanization. Figures
4f and 4i show the change detection result from July 2016 to
April 2017 and from July 2016 to May 2017, where the changes
reflect the removal of ancillary buildings. Figure 4j shows the
change detection result from April 2017 to May 2017, where
few changes can be observed.

4. CONCLUSIONS

Most of existing unsupervised change detection methods using
PoISAR images are limited to detecting change between two
points in time, in this paper, omnibus statistic test algorithm is
designed to detect the change over the entire time period, and R;
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statistic test is used to detect changes in different time interval.
The proposed approach is based on automatic generation of the
different images using an omnibus statistic and a statistical
clustering approach. The omnibus statistic is a good strategy for
obtaining the difference images from time series PolISAR
images from different sensors. Using the proposed method, we
were able to accurately detect the changes associated with the
construction of a tunnel on East Lake from 2011 to 2017,
dramatic changes in the city of Wuhan during ‘Twelfth Five-
Year Plan period’. The experimental results indicates that the
proposed method can detect changes in a series of images from
Radarsat-2 and GF-3 sensors. However, some further
improvements are still necessary in future. For example, the
results of change detection are easy affected by the speckle
noise when use PoISAR images, and the method may be time-
consuming to arrive at the convergence criterion in this paper.
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