NORCAMA: Change Analysis in SAR Time Series by
Likelihood Ratio Change Matrix Clustering

Xin Su', Charles-Alban Deledallé, Florence Tupint and Hong Suri

1 LTCI, Institut Mines-Tekcom, Tebcom ParisTech, Par s, France
2 IMB, CNRS-Universie Bordeaux 1, Talence, France
3 EIS, Wuhan University, Wuhan, P. R. China

Abstract

This paper presents a likelihood ratio test based method of changetection
and classi cation for synthetic aperture radar (SAR) time seriespnamely
NORmalized Cut on chAnge criterion MAtrix (NORCAMA). This method
involves three steps: 1) multi-temporal pre-denoising step ovehd& whole
image series to reduce the e ect of the speckle noise; 2) likelihoodioa
test based change criteria between two images using both the origlimoisy
images and the denoised images; 3) change classi cation by a normedizut
based clustering-and-recognizing method on change criterion matCCM).
The experiments on both synthetic and real SAR image series showet
e ective performance of the proposed framework.

Keywords: Change detection, Change classi cation, SAR time series,
Change criterion matrix, Normalized cut, Likelihood ratio test

Notations
Images:
Vi Noisy image acquired at timet;
fYi: Y0 Yy 9 Noisy multi-temporal images;
Ug Noise-free image of;;
O¢ Denoised image of;;
aPpPe Denoised image of;, by PPB lter;
yist Output of the rst (temporal) step in the proposed

lter;
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1. Introduction

Change analysis in remote sensing images is the process of analyzifig d
ferences (including identifying, recognizing and so on) in regions ofarest
by observing them at di erent dates (Singh, 1989). Many applicatios of
remote sensing images involve change analysis, such as rapid mappingjs-
aster, land-use and land-cover monitoring and so on. Lu et al. (2Dlused a
change detection method to detect and locate the landslides forpid map-
ping. Similarly, a multi-sensor change detection method between agal and
synthetic aperture radar (SAR) imagery is proposed in (Brunnertal., 2010)
for earthquake damage assessment of buildings. For urbanizatioronitor-
ing, post-classi cation change detection methods are proposetaibenback
et al., 2012; Yin et al., 2011). From a methodological point of view, chge
analysis methods can be classi ed into two classdsinary-temporal change
analysis andmulti-temporal change analysis according to the number of im-
ages.

In the binary-date change analysis of two optical images, the most widely
used operator is di erence operator (Singh, 1989). For multi-sp&al images,
change vector analysis (Bruzzone and Prieto, 2000) is proposé&tople also
perform the analysis on the transformed data instead of the spgesd data
directly, such as Tasseled Cap transformation (Fung, 1990; Hugret al.,
2002), principal component analysis (Fung and LeDrew, 1987; Dt al.,
2008) and independent component analysis (Marchesi and Bruneg 2009).
Beyond change detection, Bruzzone and Serpico (1997) explicitlyeiti ed
land-cover transitions (changes amonBare soil, Corn, Soybean, Sugar beet,
Wheat) in multi-temporal remote-sensing images based on supervised elas
si cation. Given SAR images, two main approaches have been devetopin
the literature for change analysis: coherent change detectiondaimcoherent
change detection. The former uses the phase information in the BAmages
through the study of the coherence map (Preiss and Stacy, 2006n inco-
herent change detection, the amplitude log-ratio (Rignot and vany, 1993)
is the most common operator. Improvements have been propogednks to
automatic thresholding methods (Bazi et al., 2005) or multi-scale atysis to
preserve details (Bovolo and Bruzzone, 2005). Lombardo and OlyR001)
proposed a generalized likelihood ratio test given by the ratio betwegeo-
metric and arithmetic means for SAR images. Quin et al. (2013) extdad
this ratio of di erent means to a more general way with an adaptive rad
nonlinear threshold, which can be applied to not only SAR image pairs bu
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Figure 1: The global diagram of the proposed framework NORmalizedCut on chAnge
criterion MAtrix (NORCAMA). It consists of 3 steps, from left to rig ht: 1) the pre-
processing step using a multi-temporal SAR lter (2S-PPB) (Su et d., 2014) to denoise;
2) a change detection step using the proposed change criteria bed on likelihood ratio
test; 3) a change classi cation by the proposed clustering-and-&cognizing method.

also SAR time series.

Beyond change analysis between two dates, multi-temporal changnaly-
sis (more than 2 dates) mainly focuses on the long-term change imfation.
SAR image features consisting of long-term coherence and temglobback-
scattering is proposed for a classi cation purpose (Bruzzone et.,a2004).
Julea et al. (2011, 2012) propose a crop monitoring using satellite ige
time series by a frequent sequential pattern (a group of pixels givay com-
mon temporal patterns and satisfying a minimum spatial connectiwf). A
generic change detection approach is proposed in (Verbesselt ktf 2010a)
for multi-temporal images by detecting and characterizing break®r addi-
tive seasonal and trend changes. It integrates the decompositiof time
series into trend, seasonal, and remaining components within a lotegm
time series. An improved harmonic seasonal model which requires/ide ob-
servations has been presented in (Verbesselt et al., 2010b). Tséorm tools
(De Jong et al., 2011; Martnez and Gilabert, 2009) have also beersed for
analysis of the normalized di erence vegetation index time series.

In this paper, we address the problem of change classi cation of itiu
temporal SAR series. We will focus on same-sensor same-incidence case
and consider binary changes between two dates with applications tmban
areas. Although this is a restrictive case, this approach could beeseas a
screening stage for improved change analysis taking into accounhtnuous
evolution. A global processing chain in 3 steps, namely NORmalized Cut
on chAnge criterion MAtrix (NORCAMA), is de ned, as shown in Fig.1. In
the pre-processing step, a multi-temporal SAR image lter is usedtreduce
speckle phenomenon. After that, two change criteria based on lilkeood ratio
test combining noisy and denoised data are developed and comparddhe
nal step is a clustering-and-recognizing classi cation based on ¢hchange
criterion matrix, in which changes are classi ed into di erent types {ncluding
step change, impulse change, cycle change and complex changdge [Gast 2
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steps as well as the global framework are the main contribution diis paper.
Evaluation on synthetic and real images show the good performanof the
proposed approach.

This paper is organized as follows. Section 2 briey recalls the multi-
temporal denoising method for SAR images. The proposed approxta
likelihood ratio test and generalized likelihood ratio test change criter are
presented in Section 3. The proposed clustering-and-recognizoignge clas-
si cation method is then detailed in Section 4. This is followed by evaluain
(Section 5) and conclusion (Section 6).

2. Pre-Processing: Multi-Temporal Denoising

When dealing with multi-temporal images, lots of information is avail-
able and useful for estimation purposes in the time series. Howevéne
presence of high uctuations due to speckle in SAR images hampetseir
analysis. Based on this motive, we proposed a two-step probabilispatch
based (2SPPB) denoising method (Su et al., 2014) relying on non looa¢ans
(Buades et al., 2005) and probabilistic patch based weights (PPB) @edalle
et al., 2009) adapted to multi-temporal SAR images. To allow a self-otent
reading of this paper and to introduction the useful notations, wdriey
summarize the main steps of this approach. A complete descriptioarcbe
found in (Su et al.,, 2014). It consists of a temporal averaging stegnd a
spatial denoising step (summarized in Algorithm 1). Firstly, an aveige im-
age is created by combining stable pixels while keeping unchanged ttveefs
not in accordance with the other dates (temporal averaging stgpThen, on
this improved image, a spatial denoising step is applied. A key point in bo
the temporal and spatial averaging is the weights based on the sinmitg be-
tween pixels, which are measured by similaritetween surrounding patches
This section presents a brief summary of 2SPPB which will be usefalrfthe
following steps.

2.1. Pixel similarity

We denote byy; the observed SAR image, by (i) the noisy intensity
value at pixel index i at time t, and by & (i) the estimation of the ac-
tual pixel value u(i) (the true value that we are looking for). Considering

terion S y;(i); ywo(i); h; h® between pixelsy; (i) and y;o(i) is de ned through



the similarity of their surrounding patchesy(i) and y(i) (the lower, the
more similar they are supposed to be)

Setr Yi(i);yro(i) N Ske Be(i);0o(i)

S yi(i);yw(i); h;h® = - s (1)

S v:(i); yio(i); h; h® consists of the sum of a generalized likelihood ratfy &

(GLR) from noisy imagesy; and y;o and a Kullback-Leibler divergenceSy,

(KL) from currently denoised imagesufand . Sg r and Sk, are normalized
by parametersh and h®. For any pair of pixelsy(1) and y(2), the GLR

criterion Sg g Is comparing two small square patcheg(1) and y(2) of size
K surrounding pixels at the positions of/(1) and y(2), and is de ned as (Su
et al., 2014):

ScLr Q(l)JY(Z)] =
[L(1+k)+ L(2+ K)]log[L(1+ k)y(1+ k)+ L2+ k)y(2+ k)]
k2K (2)
[LA+k)+ L2+ k))log(L(1+ k)+ L(2+ k)]
L1+ k)log(y(1+ k)) L(2+ k)log(y(2+ k))

where, y(1 + k) is k-pixel in patch y(1) and L(1 + k) is the (equivalent)
number of looks ofy(1 + k) (idem for y(2 + k) and L(2 + k)). The KL

criterion S, is computed from a pair of denoised results; “and & of the
noisy imagey; and yo respectively. The criterionSy, is also de ned on two
patchest(1) and &(2) as (Su et al., 2014):

Sk [0 (1);8(2)] =
X a(2 + k) a(1 + K)
. L1+ k)0(1+k) 02+ k) LA+k) LE2+k @)
+L(A+K)[ (L(Q+K) (L(2 + K)) + In("u(1 + k) + In("'u(2 + k))]

L2+ k)[ (L(1+ k)) (L(2 + Kk)) + In("u(1 + k)) + In("u(2 + k))]

+ L2+ k)

where (}-is the digamma function.



2.2. Two steps denoising

The rst step of 2SPPB is to average the temporal pixels with binary
weights:

1 X . . .
ytlSt(I):Z S vi(i);yeo(i); hast; hs  Yioi) 4)
with, Z = " S yi(i); Yio(i); hast; hig (5)
tOZ[tl;tN]
) . 1, ifS i):vo(i): hyg; h9., < 1
S yi():yel): sy = YD s <L )

0; otherwise

where, S y;(i); yio(i); hisi; hYg  is computed from noisy imagesy (i) and
yio(i), and denoised images by PPB. The quantity is the weight normalizing
parameter. The second step of 2SPPB approach is to exploit similaixpls

in the temporally average image/*' rather than in the stack fy;,;:::; %, 9
The estimation at time t is thus given by
-_lx 0. iV hows O 1st(;
0:()==  exp S yi(i)iyeoli)i honaihong ¥~ (J) (7
12
X . - 0
Z= exp S yi(i); yio(i); hong; hopg (8)

i2 i

where the GLR criterion inS vy, (i); yio(i); hang; D9,y is computed using the
temporal step (the rst step) result y;*. To improve the nal 4 estima-
tion, the KL criterion is iteratively re ned by using the previous estimate.
According to (Deledalle et al., 2009) and (Su et al., 2014), the numbef
iterations is set to 10. The nal result of this temporal denoising step will
be denoted byut for date t (with a map of corresponding number of looks
(*,). Algorithm 1 summarizes the multi-temporal denoising processing.



Algorithm 1 The multi-temporal denoising (2SPPB) algorithm.

Input:

A date t, of interest.

Output:

O, : the denoising result of imagsy, .
[ Step 1 (Temporal step): |||

denoisey; using PPB lter (Deledalle et al., 2009);
obtain pre-denoised resultsi”*® ;

end for

for each pixel indexi do
Calculate y;5'(i);

end for

T _
[ Step 2 (Spatial step): |||

8: Setd, = 1;

15:

: for Iteration from 1 to 10 do
10:
11:
12:
13:
14:

for each pixel indexi do

Calculate Sy (i); yio(i); hang; h9,q  Usingy{s'(i) and @, (i);

Update &, (i) using EQ.8;
end for
end for

return Denoised resultuf, ;

(Eg. 5)

3. Change Detection

of two hypothesesH, and H; (Radke et al., 2005):

Ho :u(l) = u(2) = u(12) (null hypothesis)
Hi:u(l) 6 u(2) (alternative hypothesis)

In statistics, change detection problem can be considered as a gamson

(9)

where Hq is unchangedcase and hypothesi$l; is changedcase. Likelihood
ratio tests are classical techniques that can be used here to declgetween
both of our hypotheses by thresholding the response of the foliog likeli-



hood ratio (see e.g., (Kay, 1998)):

 p(Yju(12): Ho)
RO oviu(): u@); Hy)

whereY is an observation or a set of observations that typically depends on
u(l) and u(2). In this section, we propose to develop the likelihood ratio
test using the multi-temporal denoising results. Contrary to moslikelihood
ratio tests which only use noisy data, both the denoised data and &moisy
data are involved in the proposed criteria.

(10)

3.1. Change Criterion by Approximate Likelihood Ratio Test

Recall that by y we denote a pixel intensity value. Under the speckle noise
model described in (Goodman, 1976y, is a realization of a random number
characterized by the Gamma probability density function (pdf)p(yju). The
guantity u is the parameter of this Gamma pdfdenoted asthe noise-free
pixel value. According to Eq.10, thechangecriterion betweeny(1) and y(2)
using likelihood ratio can be de ned as:

p(y(1);y(2)ju(12);Ho)
p(y(1);y(2)ju(1); u(2); Hy)

The criterion in Eqg. 11 is a composite hypothesis problem because itteres
the noise-free valual which is unavailable in practice. Instead of using usual
generalized likelihood ratio extensions, we propose to use an appmation
which replaces theunknown noise freeu by their estimated valuesu® Com-
bined with the Gamma probability density function, the likelihood ratio in
Eq. 10 becomes:

RAT (y(1);y(2)) = (11)

p(y(1); y(2)ju(12); Ho)
P(y(1);y(2)ju(1);u(2); Hy)

1 02 0() -

) @ + @ +2 (12)
y(1) , y@ Zy1)+2y()
0(1) a2 o)+ ()

RART (y(1);y(2)) =

exp L

whereL = L(1) = L(2) is the original spatially-invariant (equivalent) number
of looks. Note that the approximate likelihood ratioRAR" highly depends



on the denoised valuesi(1) and &(2), since RART (y(1);y(2)) 1 when
0(1) = u(2) whatevery(1) and y(2).

3.2. Change Criterion by Generalized Likelihood Ratio Test

In a more general way, we can take into account the denoised vaduend
consider the likelihood probability ofH, and H; asp(y(1); y(2); 0(1); &(2)jH o)
and p(y(1);y(2); 0(1); a(2)jH 1). To simplify this likelihood probability, we
can assume thatfy(1);0(1)g and fy(2); 0(2)g are independent, although
this assumption is not well justi ed (since, typically y(1) can intervene in
the estimation of¥(2)). Thus,

p(y(1);y(2); 0(1); 0(2)jH o) = p(y(1); 0(1)ju(12); Ho)p(y(2); 0(2)ju(12); Ho)
p(y(1);y(2); 0(1); a(2)jH 1) = p(y(1); 0(1)jus; H1)p(y(2); 0(2)juz; Hy)
The likelihood ratio test is given by:

p(y(1);0(1)j u(12); Ho)p(y(2); 0(2) j u(12);Ho) (13)
p(y(1); 0(1)j u(1); H)p(y(2); 0(2)j u(2);Hy)

Sinceu(12), u; and u, are not available, they can be replaced by their max-
imum likelihood (ML) estimation:

REST (y(1);y(2) =

_ Ly(1)+ £(1)a(1)
u, =
L+ £Q)
_ Ly(@)+ £(2)0(2)
L+ L@
Ly (1) + Ly (2) + C(1)0(21) + £(2)0(2) |
2L + L)+ £(2) '

(14)

u(l12) =

L = y(1) = y(2), £(1) and ['(2) are the number of looks ofy(1), 0(1) and
0(2) respectively. Note that this is very similar to (Lombardo and Olive,
2001). Nevertheless, the multi-temporal denoised values used imetpro-
posed approach can provide more accurate estimation without loskspatial
resolution. It was not the case in (Lombardo and Oliver, 2001) wherspa-
tial partitioning and averaging were introduced as post-procesgrsteps. In
case of Gamma distributions with di erent number of looks, each ptmbility
term p(y; 0ju) in Eq.13 can be approximated under conditional independence

10



assumption by:

p(y: 0ju) = p(yju)p(ju) |
_ oyt (Ly)(Cof Ly + Lo
SO uet P u

(15)

Finally, the change criteriongiven by the generalized likelihood boils down
to:

! L+td ! L+
Ly (1) + C()a) ‘o Ly (2) + £(2)0(2) t@

L + £Q) L+ £(2)

REST (y(1);y(2) =

2L+ L)+ L)
2L+ L)+ L2

Ly (1) + £(1)a(1) + Ly (2) + £(2)0(2)

(16)

Unlike RAYRT | the generalized likelihood raticR©-RT does not rely much on
the denoised valuesi(1) and #(2). Indeed, even thoughu(1l) = 4(2), RGLRT
still depends on the noisy valueg(1) and y(2).

3.3. Thresholds for Change Detection

In (Kervrann and Boulanger, 2006), the authors proposed to de the
parameters according to the quantiles of the similarity criterion wheit is
subject to identical and independent distributed random variablesPursuing
this idea, we propose to choose the thresholds according to theaqtiles of
RART and RCRT | The change detection threshold can be set by*-RT =
quantile(RA*RT ; =0:01) (and ©'RT = quantile(R®RT; =0:01)), which
means the false alarm rate is 1%. However, it is not easy to obtain the
distribution of RA-RT and RCRT since they depend on the number of looks
of noisy images, the number of images used in the denoising process all
the parameters of multi-temporal Iter (such as theh, h® search window size,
patch size and so on). ThusRA*RT and RCRT distributions are simulated
using synthetic SAR images to choose the thresholds.

For our purpose of parameter setting, any picture can be used generate
multiple speckle images with no change. Note that all the synthetic niti+
temporal noisy images use the samrie image, which guarantees no changes
among them. The same number of images and the same number of bak
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Figure 2: The simulated histograms ofRA'RT and RCRT using synthetic images. The
red lines are thresholds A*RT and CYRT with false alarm 1%. The blue lines are the
histograms of unchangedRA"RT and RCRT |

N— § — F : : e =
| Changed «{—| Unchanged L : Changed < Unchanged

I T S B

T R S |

RALRT sfled|  frswendd ; 5 RGLRT

o 0s 1 15 0 02 04 08 08 1

(a) RALRT (b) RGLRT

Figure 3: An example of the normalized histograms(peak normalization) of RA'RT and
RCGLRT using real SAR imagesParis (detailed in section 5). The red lines are thresholds
ALRT and CGLRT with false alarm 1%. The blue lines are the histograms of unchanged
RALRT “and RCLRT | The green lines are the histograms of changeRB”"RT and RCRT |

the real SAR images to be processed have to be used. Then, theltmu
temporal denoising process in section 2 is performed. The approzgite and
generalized likelihood ratio test change criteria calculated from thesmages
are considered asure distributions of RART and RCS-RT | As shown in
Fig.2, the histograms ofR*RT and RSRT are truncated by the thresholds
(red lines) with false alarm 1%. The parts on the right of the threshds
are considered as unchanged case, the left part is changed c&3$g.3 shows
the RALRT and RCYRT histograms of changed and unchanged pixels in real
SAR data Paris (image information detailed in section 5). Those changed
pixels are labeled manually. The robustness of the proposed chargkeria
RART and RCYRT can be epitomized by the overlap oRA'RT and RC-RT
histograms.
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(b) Impulse change.

Figure 4: Examples ofstep changes andimpulse changes. From left to right: original
multi-temporal SAR images at time tq;t;;t3;t4;t5, change criterion matrix of a pixel in
the red rectangle (cold color: unchanged; warm color: changed).

4. Change Classi cation

Change detection between 2 dates aims at detecting a binary patte
(change or no-change). When dealing with a multi-temporal data sémore
than 2 dates), the analysis among them is much more compleAs said in
the introduction, we will focus in this work on binary changes which nans
that we will not take into account continuous changes. This is well agbted
for few time series and urban applications. This approach can also §&en as
a preliminary step of screening before improved classi cation of dimious
changes.For instance, the temporal behaviors of a new building usually can
be considered as atep changewhich means that comparing the oldest date
with other dates, it was unchanged at the beginning but it changedrse a
certain date (shown in Fig. 4.a). Similarly, we can de ne the boats in riars
or cars on the roads asnpulse changegFig. 4.b). These change information
can be used in the multi-temporal image interpretation tasks. Thefore, a
clustering-and-recognizing method is proposed to classify chaageto di er-
ent types. This method consists of two steps, clustering using moalized cut
on achange criterion matrix (to assign a same label to similar or unchanged
temporal pixels) and classi cation according to their temporal bedwviors.
The following subsections detail the proposed approach.

13



4.1. Change Criterion Matrix (CCM)

(denoised data by multi-temporal Iter of section 2) and associateequivalent
number of looksf Ly, (i);::;; Ly, (1)g. The change criterion matrix (CCM) at
position i is de ned as:

2 3
R(y;y1) R(ynyz2) =i R(yiiyn)
M (i) = gR(yf:; i) ROz R(y_z:;'yN)é a7

R(y@;yl) R(le";yz) . R(yQEyN)

whereR (Yn; Ym) shorts for R [y;, (i); Y4, (i)] and denotes the change criterion
(RALRT or RCLRT) petween pixely,, (i) and y;,. (i). Note that R(y,;ym) =1
whenn = m. Contrary to the multi-date divergence matrix in (Atto et al.,
2013) performing at the image or sub-image level, the CCM preseritse
change information at pixel level. Each CCMM (i) denotes the temporal
behavior of the pixel series at position.

4.2. Clustering by Normalized Cut

Spectral clustering techniqgues make use of the similarity matrix ohée
data to perform clustering. Since the CCM can be considered as a #arity
matrix of the time series, spectral clustering method has been dga on
CCM to cluster the temporal pixels. In this case, no more similarity e
surements is needed compared with other clustering methods (likeNfeans
algorithm for which new similarity to cluster center has to be computh.

Normalized spectral clustering proposed by Shi and Malik (2000) isne
ployed in this work, which can be summarized in Algorithm 2. In this algo-
rithm, the normalized Laplacian matrixM Y(i) is computed by:

M“(i)=I2VIPS(i) M (i) 3 (18)
RGysy) p 0 0
wp=f 2R e ]
« 0 « 0 o R(Yn;Yn)
R(Ym:Yn) = R (Ym: Yn)

14



The only parameter in Algorithm 2 is the number of clustergp. Choos-
ing the number of clustersp is a general problem for all clustering algo-
rithms, and a variety of successful methods have been devisedofm details
in (Von Luxburg, 2007)). Eigengap heuristic is one of them and padularly
designed for spectral clustering. The main idea is to choose the ruen p
such that all eigenvalues 4;:::; ,, are very small, but ., is relatively larger
(all eigenvalues are sorted in ascending order). However, this hstic fails
when the clusters of the data are overlapping (because of nois&). solve this
problem, we binarize the CCMM (i) using the change detection threshold.

2 3
RE(Ylin) e RE(YliYN)

Rb((yN;Y1) - Rb(YN;YN)
0 if R(Ym:yn) <

by v ) =
R¥(ymivn) = R (Yo Yn) >
The Eigengap heuristic performed on the binary change criterion nr&
M P(i) can easily be used to estimate the number of clusteps(see the ex-
ample shown in Fig. 5). The toy model in Fig. 5.a has 2 clusters. Using
CCM M (i) in 5.b, the di erence between eigenvalues, and 3 is not large
enough compared with the one between; and ,. It is very easy to nd
the best estimation ofp using the binary CCM M (i) in 5.c because of the
large gap between , and ;. It is obvious that this estimation of p highly
depends on the choice of the thresholds. However, the robustaef the pro-
posed change criteria (especialliR ®:RT shown in Fig.3) can guaranty the
estimation accuracy ofp.

4.3. Recognizing

seriesf i, (i); 5 1, (1)g, in which |, (1) 2 f 1;:::; pg. We can identify di erent
types of change according to the transformation in the cluster lab series
fle, (1); 51, (i)g. For example, if p = 1, there is no change among this
pixel series. Ifp = 2 with cluster label seriesfl;1;:::;1;2;2;:::;2g, it is a
step change. Impulse change usually hgs= 2 and cluster label series is
f1,1,::51,2,2;, ;21,1 1g. When p > 3, the transformation is complex
and changes are de ned as complex case. According to these ideations
(details in Table 2), changes can be classi ed into several classes.
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(c) Binary CCM M (i) and its eigenvalues.

Figure 5: Estimation of number of clusters. (a). a pixel seriesfy, (i);:::; Y, 2(i)g which
should be clustered into 2 groups; (b). Estimation of the number ofclusters using CCM

M (i), the gap between , and 3 is not obvious; (b). Estimation of the number of clusters
using binary CCM M (i), the gap between , and 3 is larger.
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Algorithm 2  Clustering of the pixel series (Normalized spectral clustering
(Shi and Malik, 2000))
Input:

ber p of clusters to construct.
Output:

The clustering labelsf I, (i); :::; I, (i)g for pixel seriesfyy, (i); 35 i, (1)9

1. Compute the normalized Laplacian matrixM “(i) using Eq.18.

2: Compute the rst p generalized eigenvectorsvy;::;;v, of M Y(i)
(MY@)v=1v).

3: Let v?be the matrix containing the vectorsvy; :::; v, as columns.

4: Consider each row of/® as a sampley®= fv?;::;v3g.

5: Cluster the samplesvy;:::;vQ with the k-means algorithm into clusters
with K = p as the number of clusters. The cluster labels of;::;;v) are

6: return Cluster labelsl, (i);:::; 1, (1)
Types p | Label seriesfl;, (i);::5 1, ()9
Unchanged| 1 |f1;1;::g
Step 2 |fL1,1,:052,2000
Impulse 2 | fTLL052,20551 000
Cycle 2 | 1105220001002, 2,000
Complex >3 (11;1,:52,2::;3,3:4;, 409

Table 2: The identi cations of di erent types of change.

5. Experiments

The proposed methods are evaluated on both synthetic images areal
multi-temporal SAR images.

5.1. Experiments of Change Detection
5.1.1. Data Set

Synthetic images: Fig.6.a shows the noisy synthetic imageg; and
yio corrupted by single-look multiplicative speckle noise respectively artde
ground truth of changes between them. The four squares are 322 pixels
with true value 128. The darker frame is 8 pixels width with 32 as truealue
and the true value of background is 64.
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Realistic SAR synthetic images: A denoised image of 21 single-look
TerraSAR X-band images in Paris (France) sensed in 2011 is consetéras
the noise-free image (multi-temporal denoising approach in secti@), as
shown in Fig.6.b. Two single-look noisy imageg and y;o are generated with
changes added inyo. These changed regions are about 15-25 pixels width
and length, for instance a 20 20 pixels patch of vegetation is replaced by a
same size patch of building and so on. The right of Fig.6.b shows the gnal
truth of changes.

Real SAR images 1: 26 single-look TerraSAR images in Saint-Gervais-
les-Bains (France) (13 images are sensed in 2009 and the other 1&ges in
2011) are shown in Fig.7.a, identi ed asSaint-Gervais-les-Bains Reference
Ground truth of changes is labeled manually in the right of Fig.7.a.

Real SAR images 2: Experiment in Fig.7b uses 21 single-look Ter-
raSAR X-band images identi ed asParis in Paris (France) sensed in 2011.
We label the ground truth of changes manually, as shown in right ofi.7.b.

Real SAR images 3: Experiment in Fig.9 uses 24 CARABAS-II mag-
nitude images acquired in Vidsel, Sweden 2002, identied a8SARABAS
(Sensor Data Management System (SDMS) Public web site, 2008).eWnly
detect the changes between imag®2 2_1_1 and imagev02_4_1_1, while all
the 24 images are used in the multi-temporal denoising process.

Real SAR images 4: Experiment in Fig.10 uses 9 single-look TerraSAR
X-band images identi ed asSendaiin Sendai Harbor (Japan) sensed in 2011.
Fig.10a and b show the images acquired respectively on May 6, 2011 and
June 8, 2011. All the 9 images are used in the multi-temporal denoigistep.

5.1.2. Change detection methods

The proposed change criteria approximate likelihood ratio tesRA-RT
and generalized likelihood ratio tesRC'RT are compared with some state-
of-the-art methods, such as Log-Ratio operator (Rignot and wazZyl, 1993),
the generalized likelihood ratio test (GLRT) proposed in (Lombardo rad
Oliver, 2001), Wilcoxon Test based change criterion (Krylov et al., 2@)
and Method for generallzed Means Ordered Series Analysis (Quin &it,
2013), summarized in Tab.3.

5.1.3. Results

The change detection results are assessed by the True-Positiversus
False-Positive curves using the reference map of changes as shimwFig.6.c
and Fig.7.c. The proposed methodRA-RT and R®RT can generally obtain
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Name Reference Description
Log-Ratio Rignot and van Zyl (1993) | Log-Ratio operator
Lombardo and Oliver

GLRT (2001) Generalized likelihood ratio test

Change detection using a Wilcoxon

Wilcoxon Krylov et al. (2012) Test
. Method for generallzed Means Or-
MIMOSA Quin et al. (2013) dered SeriesgAnaIysis
RALRT ) The proposed approximate likeli-
hood ratio test
R GLRT ) The proposed generalized likelihood
ratio test

Table 3: The change detection methods used in the comparison expments.

higher receiver operating characteristic (ROC)xurves than others. The ex-
periments onCARABAS and Sendaidata in Fig.9 and 10 show that the pro-
posed GLRT change detection has comparable performance with MDSA

(Quin et al., 2013). RART and RCRT outperform other change criteria, but
the latter is more reliable than the former (the ROC curves oRC®LRT are

higher than RART in Fig.6 and 11).

In Saint-Gervais-les-Bainsdata set, there are only 1817 changed pixels
according to the reference map. While, the synthetic data set aritle Paris
data set have 8116 and 28941 changed pixels respectively (acecmdo the
reference map). Too less changed pixels cause the 'noise' in the R&Eves
(and all the change detection methods on th&aint-Gervais-les-Bainsdata
set have this 'noise' phenomenon).

5.2. Experiments of Change Classi cation

5.2.1. Test on realistic SAR synthetic images

This experiment uses one denoised image of 21 single-look TerraSAR X
band images of Paris (France) sensed in 2011 as the noise-free an@gulti-
temporal denoising approach in section 2), as shown in Fig.6.a. 6 sinfglek
images are generated with di erent changes added in them. As shown
Fig.6.c, di erent kinds of changes have been introduced, such aggtchange
(in red), impulse change (in green) and cycle change (in blue). Fig.6.kosvs
the change classi cation result byR®RT with confusion matrix shown in
Tab.4.
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(a) Synthetic images. From left to right: synthetic image y;, Synthetic image y;o and
the reference map of changes.

Ty P LR i e

(b) Realistic SAR synthetic images. From left to right: synthetic imagey;, Synthetic
image yio and the reference map of changes.
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(c) False positive alarm vs true positive curves of synthetic images rad realistic SAR
synthetic images

Figure 6: Change detection results for synthetic SAR images.
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(a) Saint-Gervais-les-Bains data set. From left to right: noisy image vy, , noisy image
Vi,6 and the reference map of changes.

-

(b) Paris data set. From left to right: noisy image yi,, noisy imageyi,s and the
reference map of changes.
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(c) False positive alarm vs true positive curves ofSaint-Gervais-les-Bains and Paris
data set.

Figure 7: Change detection results for real SAR imageSaint-Gervais-les-Bains and Paris
data set.
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Reference  log-ratio  GLRT  Wilcoxon RAWRT R GLRT

(a) Change detection results of Fig.6.a with True Positive rate 95%.

(b) Change detection results of Fig.6.b with True Positive rate 90%.

(c) Change detection results of Fig.6.b with True Positive rate 90%.

0 ]
s
*

(d) Change detection results of Saint-Gervais-les-Bains data set with True Positive
rate 80%.

(e) Change detection results ofParis data set with True Positive rate 75%.

(f) Change detection results ofParis data set with True Positive rate 75%.

Figure 8: Change detection results.
22



(@) Image v022_1_1 in CARABAS. (b) Image v02.4_1_1in CARABAS.

(c) The proposed change criterionR®-R" . (d) Results using a threshold with =
0:1%.

Figure 9: Change detection results of real SAR image€ARABAS (Sensor Data Manage-
ment System (SDMS) Public web site, 2008).
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(a) Image on 06/05/2011 in Sendai data. (b) Image on 08/06/2011 in Sendai data.

(c) The RGB composition between a and b(d) The change detection results by MiI-
by MIMOSA (Quin et al., 2013). MOSA (a prior FAR is 1%) (Quin et al.,
2013).

(e) The proposed change criterionRC-RT | (f) Results using a threshold with =
0:1%.

Figure 10: Change detection results of real SAR imageSendai
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(&) "Noise-free" image with synthetic
changes (only 1 image has been shown).

(b) Ground-truth map of changes (c) Change classi cation results by R ¢-RT

Figure 11: Change classi cation of synthetic SAR images (6 single-IldoSAR images). (a)
"noise-free" image with synthetic changes (only 1 image has been stwn); (b) Ground-
truth map of changes; (c) Change classi cation results byR-RT (black: no change,red:
step change green: impulse changgblue: cycle changeand
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Confusion Classi cation results

Matrix (%) | Unch. Step Impl. Cyc. Comp.
Unch | 99.42 0.17 0.12 0.17 0.11
Step| 11.52 78.71 3.12 4.05 2.60
Impl. 6.25 450 80.25 5.63 3.38
Cyc.| 1750 2.92 1.5t 75.58 2.42

Comp.| 4.27 552 285 6.2081.14

Actual class

Table 4: Confusion matrix of change classi cation results. Unch.: urthanged, Step: step
change, Impl.:impulse change, Cyc.: cycle change and Comp.: complekange.

5.2.2. Test on real SAR images

We have 21 single-look TerraSAR X-band images identi ed aaris in
Paris (France) sensed in 2011 and 6 single-look TerraSAR X-band iges
identi ed as San-Franciscosensed in San-Francisco, U.S.A. 2007 and 2011.
These images have been accurately registered using the sensoarpaters.
Fig.12.a and b only show the rst noisy image and its denoising result.
Fig.12.c shows the results of the change classi cation approach BFRT
in which red regions denote step changes, green are impulse changed
blue are cycle changes. We can observe that many boats in river bdveen
classi ed as impulse changeFig.13 gives an illustration of examples of step
change, impulse change; cycle change and complex change with tbeez
sponding optical imagesc Google (but the dates of the optical images are
not exactly the same as the SAR images). We can see that the stépanges
probably corresponds to the presence of some facilities in the stad, im-
pulse and complex changes corresponds to boats that are mooatiers,
while cycle changes might correspond to the river bank.

6. Conclusion

In this work, a global framework NORmalized Cut on chAnge criterion
MALtrix (NORCAMA) for change classi cation of multi-temporal SAR t ime
series has been presented. To reduce the e ect of speckle, a anporal
denoising approach is applied in the pre-processing step. Using baotbisy
data and denoised data, the approximate likelihood ratio and the geralized
likelihood ratio are computed as change criteria. The change classton is
performed by clustering on change criterion matrix and classifyingf ¢abel
transformation. Di erent types of change, like step changes, inytse changes
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(a) Paris, 21 single-look TerraSAR-X images

(b) San-Francisco, 6 single-look TerraSAR-X images

Figure 12: Change classi cation on Real SAR images. From top to babm: Paris, 21
single-look TerraSAR-X images andSan-Francisco, 6 single-look TerraSAR-X images.
From left to right: noisy image yi,, multi-temporal denoising result of y;, and change
classi cation results by criterion RC-RT | (black: no change,red: step change green:
impulse changg blue: cycle change )
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(&) The AT&T park in San-Francisco. Example of step change inSan-Francisco. From
left to right, the change classi cation results, the noisy image fromdate t; to tg.

(b) The Pier 48 in San-Francisco. Example of impulse change irBan-Francisco. From
left to right, the change classi cation results, the noisy image fromdate t; to te.

(c) The bank of the river in the Mission Creek Garden. Example of cyte change in
San-Francisca. From left to right, the change classi cation results, the noisy image from
date t; to tg.

(d) The Pier 50 in San-Francisco. Example of complex change irsan-Francisca From
left to right, the change classi cation results, the noisy image fromdate t; to tg.

() (f) (9) (h)

Figure 13: Details of change classi cation results ofSan-Francisco data set. (a-d) from
top to bottom: from left to right: the AT&T park, the Pier 48, the b ank of the river in
the Mission Creek Garden and the Pier 50. They are step change, imylse change; cycle
change and complex change. (black: no changegd: step change green: impulse changg
blue: cycle changeand ). (e-h) the optical images (imagery data
2014.02.24) corresponding to images (a-d).
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and cycle changes, have been de ned by the proposed methodjchihcan be
used for multi-temporal SAR image interpretation.Our proposed framework
is exible enough to consider alternative methods during the thregeps, for
instance other denoising approaches for the pre-processingpstnd other
change criteria for the change detection step.

The future work will be focused in introducing spatial information inb
change analysis such as combining types of change and shapes tatiiye
objects and developing a temporal-spatial SAR image analysis frawak.
The spatial information should allow us to extend this approach to niti-
incidence imagesExtension of our method for the classi cation of complex
changes with more than three clusters constitutes another peexctive. This
would require a more detailed analysis for the complex change and mor
information on the application context.
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