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Multispectral remotely sensed image change detection based on
EM algorithm and MDL rule
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Abstract; In order to overcome the disadvantages of multispectral remotely sensed image change detection due to
the difficulty in determining the actual ground object type, a change detection algorithm is proposed through
combination of the minimum description length ( MDL) rule and the EM algorithm. First, the difference images
were constructed by the principal component analysis ( PCA) and the correlation coefficient fusion method. Then, a
distribution model for the difference images was built with the Gaussian mixture model (GMM) , and its related
parameters were estimated adaptively by the minimum description length-expectation maximization ( MDL-EM )
algorithm. Finally, the change detection was implemented by the threshold determined by the Bayes rule.

Experimental results on the multispectral images show that the proposed algorithm is feasible and effective.
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Table 2 Performance evaluation of three algorithms in experimental group 1
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Table 3 Performance evaluation of three algorithms in experimental group 2
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CVA-EM 26.05 11. 60 82.23 0.6376 56. 58
PCA fili-EM 17. 69 5.71 88. 89 0.7734 113.68
FEiERES 7.29 9.10 91.70 0.8333 149. 44
‘
R 5

I FIA PCA ASH I 45 G A 5 28 B Ak R M 22 52348 R MDL D 51 A EM 533k il it s S i
BTN 73 SRS 7y SR SRR iR W] BT i R AR B A A . BT SRE R MM i) BR
O SRR R R T8 R AR IR AR IR E 25 5 R ARG T IR A LM T B ER L REA TR IR TR SO
23 IS 2R, AMDRE I Ao 2 ] 5 ZR A B8 ARG I B0 3k v B veg R 00 P B AR 2 5 i 5 B — 2B P A TR AL

SE 3k

[ 1] SING A. Change detection techniques using remotely sensed data[ J]. International Journal of Remote Sensing, 1989, 10(6) :
989-1003.

[ 2] LU D, MAUSEL P, MORAN E. Change detection techniques[ J]. International Journal of Remote Sensing, 2004, 25(12) .
2365-2407.

[ 3] BOVOLO F, BRUZZONE L. A split-based approach to unsupervised change detection in large-size multi-temporal images
application to tsunami-damage assessment[ J]. IEEE Transactions on Geoscience and Remote Sensing, 2007, 45(6): 1658-
1670.

[ 4 ] CHINI M, PACIFICI F, EMERY W. Comparing statistical and neural network methods applied to very high resolution satellite
images showing changes in man-made structures at rocky flats[ J]. TEEE Transactions on Geoscience and Remote Sensing,
2008,46(6) : 1812-1821.

[ 5] GABRIELE M, ELENA A, SEBASTIANO B S. Multiscale unsupervised change detection on optical images by Markov random
fields and wavelets[ J]. IEEE Geoscience and Remote Sensing Letters, 2011, 8(4) . 725-729.

[ 6 ] MERCIER G, SERPICO S. Conditional copulas for change detection in heterogeneous remote sensing images [ J]. IEEE



176 ERCPNE N B4

Transactions on Geoscience and Remote Sensing, 2008, 46(5) : 1428-1441.

[7] LUOW, LI H L. PCA based unsupervised change detection for color satellite images under the quaternion model [ C]//
International Symposium on Intelligent Signal Processing and Communication Systems. Chengdu: Journal of University of
Electronic Science and Technology of China, 2010.14.

[ 8 ] GABRIELE M, ELENA A, SEBASTIANO B S. A contextual multiscale unsupervised method for change detection with
multitemporal remote-sensing images[ C]//2009 Ninth International Conference on Intelligent Systems Design and Application.
Pisa: Journal of University of Pisa,2009 . 572-577.

[9] Bor &, PPl s, sk EEE, 5. BEBSYERA I AEN AR )]. 2=, 2010, 14(6) : 1204-1211. ( WEI Lifei,
ZHONG Yanfei, ZHANG Liangpei, et al. Adaptive change method of remote sensing image fusion[J]. Journal of Remote
Sensing, 2010, 14(6) ; 1204-1211. (in Chinese) )

[10] MRS, FEEEAS, BRAIN. DRIRGLRLG 10 2 70 BRI B OB (A [ ], sBI&~A 4, 2011, 15(4): 846-862. (LIU
Sicong, DU Peijun, CHEN Shaojie. A novel change detection method of multi-resolution remotely sensed images based on the
decision level fusion[ J]. Journal of Remote Sensing, 2011, 15(4) ; 846-862. (in Chinese) )

[11] BRUZZONE L, PRIETO D F. Automatic analysis of difference image for unsupervised change detection[ J]. IEEE Transactions
on Geoscience and Remote Sensing, 2000, 38(3) . 1171-1182.

[12] A7, AR50, B3, %5, HF PCA 5 EM HiLM 26 i5E Bog AR B oE [ ], THE PRk, 2010, 37(3) .282-
284. (WU Ke, NIU Ruiqging, WANG Yi, et al. Change detection of multispectral remote sensed images based on PCA and EM
algorithm [ J]. Computer Science, 2010, 37(3) : 282-284. (in Chinese) )

(3] ARFRF, 3%, 2086, 45 5T EM [ B 7 USSR SR A [ T]. i E R EJE 24, 2005, 10 (11) : 1458-1462.
(ZOU Danping, FENG Tao, LI Xianwei, et al. Histogram approximation based on expectation maximization algorithm and its
application[ J|. Journal of Image and Graphics, 2005, 10(11) ; 1458-1462. (in Chinese))

[14] XIE W B, WANG X H. EM algorithm based MDL application to estate the mixture model clustering parameters [ C]//The 9th
International Conference on Signal Processing. Beijing: International Journal of Scientific & Technology Research, 2008 :1637-

1640.

- B .

Tk FHEANDELAEF S0 B I AR
HFHAA R P8 20130223 A T “2012 FFE A R+ A
BAEW S0 L7 %% AR F 2012 FHEERLF A I 199 4,
AL A SR H 47 1%,

(AT 2 B3R B0 AR

e mer—herhon et —pmee—her—her st —her—herhor e —pmee—her—hor et st —her—her et —fmsr et —hse s pese—fmrr—hsr—her s pere X



