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Moti vationsand assumptions

(a) I t1 - Feb. 6, 1994 (b) I t2 - Feb. 16, 1994 (c) I t3 - Mar. 6, 1994
Rice plantations in Java Island. A �ood appears on I t 3 .

Hypothesis:

co-registered (geometry);

co-calibrated (re�ectivity).

Dif�culties:

Strong speckle noise;

Errors from calibration;

Plantations have grown.
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Moti vationsand assumptions

(d) I t1 - Feb. 6, 1994 (e) I t2 - Feb. 16, 1994 (f) I t3 - Mar. 6, 1994
Rice plantations in Java Island. A �ood appears on I t 3 .

Hypothesis:

co-registered (geometry);

co-calibrated (re�ectivity).

Dif�culties:

Strong speckle noise;

Errors from calibration;

Plantations have grown.
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Moti vationsand assumptions

(g) I t1 - Feb. 6, 1994 (h) I t2 - Feb. 16, 1994 (i) I t3 - Mar. 6, 1994
Rice plantations in Java Island. A �ood appears on I t 3 .

Hypothesis:

co-registered (geometry);

co-calibrated (re�ectivity).

Dif�culties:

Strong speckle noise;

Errors from calibration;

Plantations have grown.
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Outline
Change detection methods

Image Differencing (ID)

Post-Classi�cation Comparison (PCC)

Joint Characterization (JC)
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Changedetectionmethods
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ImageDiffer encing(ID)

I t 2

I t 3

I t 2 ¡ t 3

¡

­ = f ! c ; ! c g

Image ratioing

Image of mutual information

Image of local correlation
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Post-Classi�cation Comparison (PCC)
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Joint Characterization (JC)

I t 1 ;t 2 ;t 3

Multi-dimensional

histogram
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Vectorial HMC model
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Classi�cation methods

À Blind or Per-pixel (K-means)

Á Contextual

Â Global
Markov Random Fields (2D)
Markov Chains (1D) using the Peano scan

2D images ¡ ! 1D sequence
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Hidden Mark ov chain
Class process

X =( X 1;:::;X N );X n 2 ­= f ! 1 ;:::;! K g Class process (unknown, markovian)

Markov property: p( X n = xn j X 1= x1;:::;X n ¡ 1= xn ¡ 1) = p( X n = xn j X n ¡ 1= xn ¡ 1)
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Hidden Mark ov chain
Class process

X =( X 1;:::;X N );X n 2 ­= f ! 1 ;:::;! K g Class process (unknown, markovian)

Markov property: p( X n = xn j X 1= x1;:::;X n ¡ 1= xn ¡ 1) = p( X n = xn j X n ¡ 1= xn ¡ 1)

Observed process
Y =( Y 1;:::;Y N );Y n 2 RM Observed process (M -dimensional)
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Model dependencies
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Model parameters

À Stationary Markov chain

Transition matrix A ! i ;! j = p( X n = ! j j X n ¡ 1= ! i ) K £ K

Initial probabilities ¦ ! k = p(X n = ! k ) K

9
=

;
®̂(X )
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Model parameters

À Stationary Markov chain

Transition matrix A ! i ;! j = p( X n = ! j j X n ¡ 1= ! i ) K £ K

Initial probabilities ¦ ! k = p(X n = ! k ) K

9
=

;
®̂(X )

Á Class parametrization

Distributions p( Y = y j X = ! k )= f ! k (y )= f ! k (y1;:::;yM ) ?£ K

o
^̄(X ;Y )
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Parametersestimation

ICE "Iterative Conditional Estimation"

(It is like EM but it is not EM !)

For parameters ®(X ): Baum's "Forward/Backward"

procedure.

For parameters ¯ (X ; Y ): We only have access to the
marginals f ! k

¡
y1

¢
; : : : ; f ! k

¡
yM

¢
of f ! k

¡
y1; : : : ; yM

¢
.

Gaussian mixture f ! k

¡
y1

¢
; : : : ; f ! k

¡
yM

¢
are gaussians

Generalized mixture f ! k

¡
y1

¢
; : : : ; f ! k

¡
yM

¢
belong to the

Pearson system of distributions.

The M -dimensional densities f ! k

¡
y1; : : : ; yM

¢
can be

reconstructed from the marginals using PCA or ICA.
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Pearsonsystemof distrib utions
Densities f verifying : d ln f (x)

dx = ¡ x+ a
c0+ c1x+ c2x2

Coef�cients a, c0, c1 and c2 can be expressed by mean of
8
<

:

¯ 1 = ¹ 2
3

¹ 3
2

skweness

¯ 2 = ¹ 4
¹ 2

2
kurtosis

¹ 2; ¹ 3; ¹ 4 are the moments of order 2,3 and 4
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Pearsonsystemof distrib utions
Densities f verifying : d ln f (x)

dx = ¡ x+ a
c0+ c1x+ c2x2

Coef�cients a, c0, c1 and c2 can be expressed by mean of
8
<

:

¯ 1 = ¹ 2
3

¹ 3
2

skweness

¯ 2 = ¹ 4
¹ 2

2
kurtosis

¹ 2; ¹ 3; ¹ 4 are the moments of order 2,3 and 4

Pearson system

8
>>>>>>>>>>>>>><

>>>>>>>>>>>>>>:

Type 1,2 Beta of the 1st kind

Type 3 Gamma

Type 4

Type 5 Inverse Gamma

Type 6 Beta of the 2nd kind

Type 7 Student't

Type 8 Gaussian

¡ ! Pearson diagram
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Pearsondiagram
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Pdf estimation : sumup

! 1
! 2

! 3

(j) Simulation x jy (k) y =
©

y 1; y 2; y 3
ª
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Pdf estimation : sumup

! 1
! 2

! 3

(l) Simulation x jy (m) y =
©

y 1; y 2; y 3
ª

Class ! 1

y1 : (¹ 2; ¹ 3; ¹ 4) ! (¯ 1; ¯ 2) ! f 1
! 1

(y)

y2 : (¹ 2; ¹ 3; ¹ 4) ! (¯ 1; ¯ 2) ! f 2
! 1

(y)

y3 : (¹ 2; ¹ 3; ¹ 4) ! (¯ 1; ¯ 2) ! f 3
! 1

(y)

9
>>=

>>;
ë

f ! 1 (y1; y2; y3)

(PCA or ICA)
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Results
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Changedetectionin SAR images

(n) I t1 - Feb. 6, 1994 (o) I t2 - Feb. 16, 1994 (p) I t3 - Mar. 6, 1994

Rice plantations in Java Island. Flood on I t 3 .

Segmentation results with 3 classes and 50 ICE iterations:

À (I t 1 ; I t 2 ) ! St 1 ;t 2

Á (I t 2 ; I t 3 ) ! St 2 ;t 3

Â (I t 1 ; I t 2 ; I t 3 ) ! St 1 ;t 2 ;t 3
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(I t1; I t2) ! St1;t2

Sizes :

! 1 ! 45%

! 2 ! 54%

! 3 ! < 1%

Class ! 2 (last ICE iteration)

f 1
! 2

(y): Gamma (¯ 1 = 0:73, ¯ 2 = 4:12)

f 2
! 2

(y): Beta 2nd kind (¯ 1 = 0:64, ¯ 2 = 4:11)
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(I t2; I t3) ! St2;t3

Sizes :

! 1 ! 39%

! 2 ! 39%

! 3 ! 22%

Class ! 2 (last ICE iteration)

f 1
! 2

(y): Beta 2nd kind (¯ 1 = 0:83, ¯ 2 = 4:33)

f 2
! 2

(y): Gamma (¯ 1 = 0:68, ¯ 2 = 4:03)
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(I t1; I t2; I t3) ! St1;t2;t3

Sizes :

! 1 ! 40%

! 2 ! 38%

! 3 ! 22%

Class ! 2 (last ICE iteration)

f 1
! 2

(y): Beta 2nd kind (¯ 1 = 0:89, ¯ 2 = 4:42)

f 2
! 2

(y): Beta 2nd kind (¯ 1 = 0:67, ¯ 2 = 4:11)

f 3
! 2

(y): Gamma (¯ 1 = 0:65, ¯ 2 = 3:99)

Unsupervised change detection in SAR images. MultiTemp'03 - July 16-18, 2003, Ispra, Italy) – p. 21/22



Conclusionand perspectives

Conclusion

Change detection in multitemporal SAR images

Joint Characterization: ONE multi-dimensional process

Model: Vectorial Hidden Markov Chain and ICE

Class parametrization: Pearson' system and PCA/ICA

Perspectives

Distance between the marginals in the Pearson diagram to

get a change map.

Further tests ! Any set of images with ground truth

available ? for free ;-)
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