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Change detection approach based on cooperative clustering and weighted-
attention sparse autoencoder

HAN Min', LIN Kai, ZHANG Cheng-kun
(Faculty of Electronic Information and Electrical Engineering, Dalian University of Technology, Dalian 116023, China)

Abstract: Remote sensing change detection plays an important role in the supervision and management of land resource
utilization. A change detection approach based on collaborative clustering and weighted-attention sparse autoencoders is
proposed, which aims at the disadvantage of human intervention in training samples in supervision change detection, the
problem of unbalanced data and the phenomenon of “salt and pepper” in change detection based on pixel-level. Fuzzy
c-means and K -means are adopted to cluster difference image for training data and data to be classified. Meanwhile, the
gray level co-occurrence matrix feature is considered in the samples, and the synthetic minority oversampling technique is
utilized to expand the changed samples for solving issues of sample imbalance. Through the layer-wise weight-attention
module that enhances the learning of positive weights and weakens the impact of negative weights, the classification
performance of autoencoder is improved, and classification results of which in the mapping space of the superpixel
segmentation boundary of the difference image eliminate “salt and pepper” noises for generation of change detection
map according to the specific constraints. The change detection approach achieves the balance of missing detection and
false detection, which increases the accuracy of change detection and reduces the human intervention at the same time.

Keywords: change detection; weighted-attention sparse autoencoder; collaborative clustering; gray level co-occurrence

matrix; superpixel segmentation; spatial constraints
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JEMAKS B3 T DAE. A&7 VE M NCAE (1) Kappa %
BB 7 0.8 LA E, RIPIFI TR ShR e A A R 47
(¥ —E . NCAE ) FN ik T- SAE A1 DAE, {H & FP #f]
L. AEFTA J7 19, A LT AE FP. FAL Kappa
FOAFRbR LS T B, FNFFA IR 2 T A, R B
AL VAR A U A s R A I T TR TR G )
A

%<3 Landsat 8 G LIMFEE

Jii: FP  FN MA FA  Kappa OA

CVA-K-means 7623 2930 0.1379 0.2936 0.7558 0.9627

SAE 3100 5250 0.2470 0.1622 0.7766 0.9705
DAE 3221 5322 0.2504 0.1681 0.7717 0.9698
NCAE 3260 4380 0.2061 0.1618 0.8002 0.9730
ARITTHE 2948 3888 0.1830 0.1450 0.8219 0.9758

9T VR A I 8% X6 T AR Ak e N YD 4 2 A R,
F) H L BH % (true positive rate, TPR) FI % FH 3 (false
positive rate, FPR) 2 il| ROC 28, [7] i F il & 1 X
(area under curve, AUC) 5& & 40 #T. H #7: TPR A =256
H 73 FERARRE A 5 BT AR AR 1 B 43, FPR Ry
S HR A o SO AR FE AT B AR AR RE AR T B
.

S gy #h 2% 40 & 5 Bt 7, SAE A1 DAE ) ROC i 2%
BONFEL, H AUC 45124 0.865 1 F10.863 5, SAE 43 2
PEfE 7 T DAE. NCAE [ AUC 4 0.886 2, 4> 2K fiE 11
T SAE 1 DAE. WASAE [ ROC HHfi £& 7& FT 3 77 2 iif
4 By HR SRS e B A, H AUC 4 0.9007, 3
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3.3 SARHUE

AT BeAIE Fr 7 iR 2 A6 M, 7E Landsat 8 52
155256 1 Al 48— 2H SAR 3 ¥, A SC SAR %4
K H T Berne, H13% T 1999 -4 HF119994E5 H, SAR
U o 54 Mg 110 2 SR A v, DR AR SR B AR 3 40
1) [B) 249 SRl B . TR 6 /9 SAR 5445 A4 1) S 4 TR
%.

(b) 199945 H
6 SAR®&E%

S (1 AR AR TR B DAk 7 v 5 3.2 T A
7). A AR DA FE 4 4 P 7. SAR PR AR Ak Al 45
Rl 7 fros. SEse a8 R, AE TR J5 ik AR ST
M FP. FA. Kappa fll OA RFRIE S| T 1k, 54
3.2 745 B By 25 AR TR, BBk v] LLE BR AR SC 7 VEAE
Landsat 8 5214 Fl1 SAR 524 %48 v 373& H, 7E £ iR A
DR 53 U S I 7 T 2 A AR e )~ A 12

SAR % #i% ROC i £ 40 ¥ 8 B 7~. DAE ] AUC
A%, 4 0.693 3. SAE 43 K1 fiE =1 T DAE, H AUC iy

0.889 5. 1] LU tH, NCAE ) AUC 4 0.924 6, .4 25 G
J15 T SAE #1 DAE. WASAE ] ROC B £k 75 Fr A5 5
i 2R 1 b7 B SEir A2 A, H AUC 24 0.9304, 2 B
WASAE i i 12 2 A By & 12 S8 m 7 e,
BRI 2 RFRRRE ).

4 SAREBEGTRNEE

T FP FN MA FA  Kappa OA

CVA-K-means 2172 41 0.0355 0.9512 0.0703 0.7598

SAE 3260 71 0.0615 0.7505 0.3818 0.9632
DAE 2256 92 0.0797 0.6797 04651 09741
NCAE 2028 141 0.1221 0.7428 0.3858 0.966 1
@RS 186 319 02762 0.2163 0.8032 0.9926
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BT J2 90 265 711 A

TS5 OA-MELEHK R

fa=24 20 40 60 80 100
20 0.9263 0.9458 09655 0.9584 0.9210
40 0.9658 0.9513 0.9882 09750 0.9267
60 0.9527 0.8638 0.9807 0.9436 09105
80 0.9589 0.8621 09123 0.8725 0.9556
100 0.9036 0.8553 09715 09510 09317
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5 Kappa REM R R, i E 9 FioR. BHE 9 AT, 24
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