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Multi-temporal Hyperspectral Anomaly Change Detection Based on Dual Space Conjugate
Autoencoder

LI Shasha' , XING Hongjie' and LI Gang®**

1 Hebei Key Laboratory of Machine Learning and Computational Intelligence, College of Mathematics and Information Science, Hebei University,
Baoding, Hebei 071002, China

2 Department of Computer, North China Electric Power University,Baoding, Hebei 071003, China

3 Engineering Research Center of Intelligent Computing for Complex Energy Systems, Baoding, Hebei 071003, China

Abstract Hyperspectral anomaly change detection can find anomaly changes from multi-temporal hyperspectral remote sensing
images. These anomaly changes are rare.different from the overall background change trend,difficult to be found,but very intere-
sting. For the problems of small-sized data sets,existing noise disturbance,and limitation of linear prediction models, the detection
performance of the conventional hyperspectral anomaly change detection methods are greatly degraded. At present, Autoencoder
has been successfully applied to hyperspectral anomaly change detection. However, when processing multi-temporal hyperspectral
images,a single autoencoder only focuses on the reconstruction quality of images, while usually ignores the complex spectral chan-
ges in these images as it obtains bottleneck features. To tackle this problem,the multi-temporal hyperspectral anomaly change de-
tection based on dual space conjugate Autoencoder(DSCAE) method is proposed. The proposed method contains two conjugate
autoencoders that construct their own latent features from different directions. In the training process of the proposed method,
first,two hyperspectral images at different times respectively obtain their corresponding feature representation in the latent space

by their encoders. Then,the predicted image at another time can be obtained by their decoders. Second, different constraints are
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imposed in the sample space and the latent space, respectively. Moreover, the corresponding loss functions are minimized in the

two spaces. Finally.the anomaly loss maps are obtained by the conjugate autoencoders for the two images. The minimization oper-

ation is conducted on the two obtained anomaly loss maps to derive the final anomaly change intensity maps to simultaneously de-

crease the background spectral difference between the two input images and highlight anomaly changes. Experimental results on

the benchmark data sets for the hyperspectral anomaly change detection demonstrate that DSCAE achieves better detection per-

formance in comparison with its 10 pertinent methods.
Keywords

perspectral images
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Fig.5 Network structure of autoencoder in DSCAE model
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BRI RRAE . SIS R BOR 2 by =100, h, = 80 Bf, DS-
CAE BRI fE EX1 Al EX2 B¥E4E b AUC i B 5 KA . 43 931
0. 8502 1 0.8716, P BL¥EH 2y =100, h, =80 fEH DS-
CAE #AI7E EX1 Fl EX2 ¥4 b e i 5802 S oo 8ot
F# 1 78 EX1 S & DSCAE B8 W BUR [ 2y 01 s {1
23 AUC {8

Table 1 AUC values obtained by selecting different 2 and h»
values for DSCAE model on EX1 dataset
ho M
120 100 80 60 410
100 0.8489 - - - -
80 0.8423 0.8502 - - -
60 0.8353 0.8439 0.8398 — —
40 0.8359 0.8480 0.8320 0.8376 —
20 0.8322 0.8329 0.8292 0.8309 0.8305

s TSI PR g > he  BRES — 7RO AR EAR N Y AUC .,
%2 1€ EX2 $¥E4E I+ DSCAE BRI BUR A 2y A Ao (8
#43H AUC
Table 2 AUC values obtained by selecting different A1 and h»
values for DSCAE model on EX2 dataset

h
ho !

120 100 80 60 40
100 0.8672 — - — -
80 0.8661 0.8716 - - -
60 0.8653 0.8707 0.8642 - -
40 0.8678 0.8593 0.8604 0.8606 -
20 0.8615 0.8645 0.8562 0.8434 0.8552
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S35 N 6 Ca) ATE 6 (b) FF7s, Al KRB Ay =2, =0. 2,4, =
0. 6} ,DSCAE ##7E EX1 1 EX2 $¥ 4 119 AUC {8 g
THeRAE . 2059 0.8502 F1 0. 8716, IR A, =24, =
0.2,; =0. 6 f£2 DSCAE B HI7E EX1 Fl EX2 (484 82k
PR L AR AR SR .
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hy =80,A1 =21, =0.2,; =0. 6, I 5 A0 &Y 57 5 A2 A A 77 v
DL R S A R I 2 4E EXT A EX2 BodE 45 bk fr tbdr, A
Ji AL S PCALCVA, £ Jt72 L% Wl (Multivariate Alteration
Detection, MAD) ™ | 3% 8 5 il A 19 £ 56 28 Ak A6 W (Tterative
Reweight Multivariate Alteration Detection, IRMAD)) | %k
T35 A ALY Ja H8 s XF 5 8 7 % (Spectral Angle Weigh-
ted-based Local Absolute Distance, SALA)PS | JL F 4 %t i 5
B 77 % ( Absolute Distance, AD)F™ | 3 F %F 7 43 #r 49 5 3%
(Correspondence Analysis, CA), ACDA, 3t T it 28 [ 2% fi8) 3k
0 E5 AS A 46 77 15 (Change Detection in Overhead Imagery
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Fig. 6 AUC values of DSCAE on EX1 and EX2 datasets at
different A3

(2)CVA J5 ik B3 X R [ i 200 i i 4% P 45 A D B il
Bt AT 22 A2 B, AT 10 B U BRI a5 R R AL R,

(3)MAD 77 & Il FH AN [ Bt 20 85 06 3% B4 04 5 AE {8 7 22
KRS MR ERERA LA L. IRMAD ik 7E MAD Jrik
Y SE R D AT 3% AR F AR AR O 45 A5 R B LR AR 1R
1L e AR A AR T AR L AR i AR ) AR 2 AR A X
. B ERREIRECH 10,385 BUR 5 — UG0S 509 45
VE R f R L,

(4 CA J7 138 b 313 A [ B 20 19 5 06 3% B % w45 A~ 1%
S0 BEES L3 I AR 22 AR A 0 X I B

(5) AD J5 ¥ 3R B AR 2 40 1 19 7 vk, 38 2o 17 B A48 n 14 7
2RO [ B 20 i o' 1 PG rh 45 ik B i AR 0 5 B EAT 8 X
A5 B — Y B e AT A 18 B e A A5 R

(6)SALA J5 ¥k R AR R 4 0 19 Jr 25 38 i A 4 &
B 208 AN T B 20 e o 3 AR b 45 D B i AR A S B A ol
— U B | 0 U R R T 4 SR AT AR IE AT B A A
Fo HAPAME O R/NEEN 3, NE D RANREN 1,

(7) ACDA J5 ¥ 06 7K [l B 2 1) e o 1 PB4 B A 30 4% A 1
B 4 25 v A5 30 55— Bt 220 A T I, o 3R U S 48 2k R
INBEAE R I 0 R AR R . RRZ B IT R R
K hy =60,h, =40, B B i KIERRECR 200, B B AR T 72
) d5e FABLAE Sy e 22 445

(8)CDNN Jik i ABMR & it — A =R 2 EH M AN
25 J5 15 3 53 — B 20 0 35000 PR1 A5, AR e A L A R T ] 4R A5
REZBI 2R FIENBRR LG EAE R E Bk, KRz
TR E N by =127, h, =200, B B it RIEAR R B A
200, 3% Bk AR B 9 de KB AR R e & 45 2R

(9RSCDT 7 ¥: 1 4E %} ResNet M £ £ Bt (1) A [R] /) %)



AUV A5 TR TN [ 3L A e B 5% B4 2 I A R DG S A AR T 181

1o i R RRAE AT PR B L T 28 2o G T 4 R £ A 28 45 IR
[vi) F 2] %) 500 457 4F o S 3 ok U A5 B AR AR AG T S5 R B
I R IERKECH 200, 356 B A R 09 die KABAE o e A 45 41

DSCAE #8545 3¢ J5 2 7 EX1 Ml EX2 $0#E 4 E iy 5=
W AR LR B R A A 7 A 8 s, A 7 (D AE 8D 4
Sy EX1 AN EX2 5 48 % N 09 B AE &, 5 KO R R R AR AR
# ., PCA,CVA.CA,AD I K& SALA Jrikfe EX1 3 4
StH AR AR B R AR A O T PR R 1 R L BB X 5 R
ARG ZWAE RN, MAD fl IRMAD B9 5 % 728 {58 & [’ a0
B 7B 7(D iR, BAAR K AEBMMNE R EBE —%

Ty _

(b CVA

B4 AR 58 AR fh IR R AR R BB . T DSCAE M8 F
ACDA,CDNN Lk K RSCDT Jy 2 3k Ut 68 % 76 9 il 5 5t 142 K
1 [R) Bt 28 H R SR ARG, I RE M MR IR 8 i E EX2 B diE
£ L1530 5 % A5 {5 B B T LA & B, PCAL CVA, CA, AD
DL K SALA 53 58 B E RS, B R Z WA 1453
R G i I N e A B R -0 Sl i B v NG ¥ S
PR ' BR S B i O 7 AR A BT 2 . MAD Ml IRMAD 9 57 %
AL B TR o SR AR AL R R BB . BT ACDA,
CDNN LA} RSCDT J5 % K it . DSCAE ¥ & 754 2| T 1R 4 /9 1)
il LS AR A0 A 2R T 0 A 2, (A HE O R S Y AR AR AR T R

(c)MAD (D IRMAD

(i) CDNN ())RSCDT

(g)SALA (h) ACDA

(k)DSCAE (D FLAH &

Bl 7 ARJ7EE EXT 8o 4 FIRC g 5 i 28 i 15 P

Fig. 7 Anomaly change intensity maps of different methods on EX1 dataset
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Fig. 8 Anomaly change intensity maps of different methods on EX2 dataset
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DSCAE #5 541 3¢ ik AUCE i3k 3 o, 7
EX1 $t¥ln 4 I, HoCEREA 25 [ 1) ACDA J5 36 U/ T
B A A 0 BE L AUC {E R 0. 836 2. 1i1f DSCAE #5 1 B 56
TR A 2 ] MG E W AE &5 6], H AUC A R 0. 850 2, L A4
TR AL BRI fE . 7R EX2 $dE 45 b, ACDA J7 ¥k [ B
B T R A B AR IR fE L e AUC M 0. 8400, DSCAE #5
RUHCAR T f O B I M R L AUC{E R 0,871 6, b4k,
DSCAE # # #£ EX1 fl EX2 $4E 4 - 1) F 3 AUC {4 Hu 5
THKRAE.H 0.8609, 4T ACDA J5 ¥, 10 FhAH 56 07 i
e EX1 A EX2 Bdi4E By AUC {5 #8581 , J5 IR 2 At

SR AR R OR, R RE A A OR A SR K.
i k& T DSCAE # R 78 EX1 Ml EX2 548 4 |- @
TR RABMERE. K9 41 T DSCAE # 8 Fl AH 56 J5
HAE EXL I EX2 £l 8 FHUM 9 ROC i & B, 78 EX1
BRAE - ACDA J7 ¥ 5 DSCAE B #I o fig 4% S 3, {H
DSCAE &L A A, it &% F- %, H & 3 1 DSCAE ##
R AUCHE & . 78 EX2 J046 4 1, DSCAE £ R b H 4
10 AR G ¥k 19 ROC M &R #RSE JE 3 42 [ ff B A T & b
Jr s iR . B, 3R 3 A 9 Bk I DSCAE #%
AU JE LTS O R R

3 ARIJEE EX1 M EX2 B4 S AUC 8
Table 3 AUC values of different methods on EX1 and EX2 datasets

datasets PCA CVA MAD IRMAD CA AD SALA ACDA CDNN RSCDT DSCAE
EX1 0.6697 0.6676 0.6065 0.6836 0.6609 0.6236 0.6900 0.8362 0.7810 0.8066 0.8502
EX2 0.5165 0.5319 0.5089 0.5333 0.5505 0.5968 0.6352 0.8400 0.8133 0.8228 0.8716
AVG 0.5931 0.5998 0.5577 0.6085 0.6057 0.6102 0.6626 0.8381 0.7972 0.8147 0.8609
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JE TR 1) 3 BRORT S AR Ak RS I &5 SR Y 5% L FE EXT A EX2 #K
P L X r 2 DSCAE L8 gE 47 T 4 il iF 58, 45 R 3% 4
s,
4 fE EX1 M EX2 $t4E 4 F DSCAE B8l FH R 5] (0 4% 25+
S5 H AUC {4

Table 4 AUC values of DSCAE model with different network
structures on EX1 and EX2 datasets
datasets DSCAE-W/L, DSCAE-W/OL, DSCAE
EX1 0.8300 0.7524 0.8502
EX2 0.8414 0.7133 0.8716
AVG 0.8357 0.7329 0.8609

F AP T 3 BB S — AR B R AR 23 [
B T T 4% 5 55 — st 2 g A R 22 TR B A 3R, e DSCAE-
W/L, X5 5 ACDA J5 k2Bl Il 25 iy B AL F R AR 28
Vi) o f 00 48 2 P R O ik B DX A T BRORER S Oe B Y
WE AR ACDA R 2 F T8 B & ) hy =60, h, =40, 7F
EX1 F1 EX2 34 F AUC B 43514 0. 8300 F1 0. 8414545
PR O A R R T 45 2 e AR AR s [ AT 29 SR A TR 5 A
L, i8N DSCAE-W/OL. . 76 EX1 il EX2 45 %&£ -
AUC {53 %14 0. 752 4 F1 0. 713 3; 45 =l {5 & 4 DSCAE

ROC curves of different methods on EX1 and EX2 datasets

TR, o o} Hf A 2 [ 0 A7 24 AN L 38 78 W 7 2 ) 51 A FRAE 45
2, LAfE RE A% it IR 2 0 6 R AE L 7E EXT R EX2 B & b
AUC B 43 5140. 8502 F1 0. 8716, SLIZs R LW, 45 3 Fiig
LY AUC H RT3 AUC (A #F B T i KAH , 13X 3% WX FE A
2 [B) FLVE 7 25 (8] AT 24 3 58 0% 1 458 0 Jo 300 e A0 1 A ) 1 i
e AR R Z0 5 A % 28 5 DSCAE Ji nl 3545 7 I8 5
WHRE LA 2 FiR 8 ¢ B 20 A BR gt L8 A G
WIESE A EEARST o b 205 A BRI 5 R E
PRt S Bk B 1,4 o B 20 A R 4 ad SR 40 8 4 i 2%
JE A B E A RS ¢ B 2 A ERAS B 0 5 R E AR
IEN S HEBRE 2, SFHEBREM R 5 FEL, k>
JEa . B — I O K R R 1M A SR 2 S R AR Ak
FEELfE EX1 Al EX2 3048 % I AUC {H 43 51 F 0. 8421 A
0.8664, % —FFL 4 T W BRI 2 1F i 2y 5w AR 1k
SRR L 7E EXL il EX2 #0484 B AUC B4 %124 0. 8418 Fl
0.8651, 2 =FMH L. X R HRE 1 S HLE 2 K
B AT B R W AR AL SR B L fE EXT M EX2 BdiE £ b
AUCH 4359 0. 8494 F1 0. 8642, %5 DUFP 45 L . XF 573 41 2k
B 1 R0 S8 5K R 2 RO 338 AT B B 40 R AR LR
.4 EX1 Ffl EX2 $#s 4 1 AUC i 48 5 2 0. 841 8 HI
0.8663, 45 FLAlfE i . DSCAE %1 Aif & B Ay Jr ik, B X 53
B B 1 A0S U A 2 UGS B B A 5 AR R
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B L 7E EX1 A1 EX2 3038 4 | AUC {8 B4 fie KAE, 20 500
0.8502 1 0.8716, AT LAWRZE S, 45 H A% BL W 715 AUC A
B8 TR, 00,8609, 81 10 /278 EX1 Fl EX2 %4k -
A W] S 4 512k B ROC il 28 8, DSCAE #5581 i) ROC il
LN T o b, ik — LBk T i DSCAE #2702t .

F 5 AE EX1 A EX2 B4 1 3 BOR [ 50 Bk A3 B AUC 18
Table 5 AUC values obtained by choosing different anomaly loss

maps on EX1 and EX2 datasets

RA RH _ BFH
datasets 15 4 DSCAE
WSS k1 mkEz oY gy
EX1 0.8421 0.8418 0.8494 0.8418 0.8502
EX2 0.8664 0.8651 0.8642 0.8663 0.8716
AVG 0.8543 0.8535 0.8568 0.8541 0.8609
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Fig. 10 ROC curves obtained by selecting different anomaly loss
maps on EX1 and EX2 datasets
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