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Bipartite adversarial autoencoder network for unsupervised detection of

changes in heterogeneous remote sensing images
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Abstract: Objective Heterogeneous remote sensing images from different sensors are quite different in imaging mecha-
nism, radiation characteristics, and geometric characteristics. Thus, they reflect the physical properties of the ground tar-
get at different levels. Therefore, no relationship exists between the observed values of the same object, which usually
leads to “pseudo changes”. As a result, the change detection task has more difficulty obtaining accurate change informa-

tion of the observed ground objects. Efforts have been made toward unsupervised detection of changes in heterogeneous
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remote sensing images by designing various methods to obtain change information. However, traditional image difference
operators based on the difference or ratio of radiation measurement is no longer applicable. Therefore, transferring the
bitemporal images in a common space is a convenient way to calculate differences. Considering the excellent and flexible
feature learning capability of deep neural networks, they have been widely applied in change detection tasks for heteroge-
neous images to effectively alleviate the influence of “pseudo changes”. Moreover, by fully utilizing the characteristics of
deep neural networks, they can be designed to transform heterogeneous remote sensing images into the same feature
domain. Then, the change information can be accurately represented. Inspired by the paradigm of image translation, het-
erogeneous images are transformed into a common domain with consistent feature representations to enable direct compari-
sons of data. The key point of this task is learning a suitable one-to-one mapping to build a relationship between distinct
appearances of images and exclude the effect of interference factors. Therefore, this study proposes a bipartite adversarial
autoencoder network with clustering (BAACL) to detect changes between heterogeneous remote sensing images. Method A
bipartite adversarial autoencoder network is constructed to reconstruct the bitemporal images and achieve the transformation
of heterogeneous images to common domain. Appropriate reconstruction loss regularization should be applied to obtain good
data mapping from the constructed neural network optimization. Next, the bipartite convolutional autoencoders can be
jointly trained to encode the input images and reconstruct them with high fidelity in output. Meanwhile, for the image-to-
image translation task, additional structural consistency loss and adversarial loss terms are designed to constrain the net-
work training process for converting heterogeneous images to the common data domain. The structural consistency loss term
is designed to describe the internal structural relationships of images before and after translation. For this purpose, affinity
matrixes are adopted to express the structural self-similarity within an image. The heterogeneous images can be conve-
niently compared in a new affinity space. Notably, based on the paradigm of image translation, our model can be viewed as
learning two “transformation functions” , which are adopted to transform each of the heterogeneous images to the opposite
data space. Furthermore, such a setup can regarded as a special case of an “adversarial mechanism”, which is formulated
by an adversarial loss to train autoencoders for matching the opposite image style. Considering the disadvantage of these
changed pixels to the adversarial loss term in network optimization, the pseudo-difference image generated by two pairs of
homogeneous images mapped in the common data domain is analyzed by clustering in an unsupervised manner. Thereafter,
the obtained semantic information is adopted to further constrain the adversarial loss term. The overall performance of the
BAACL network is illustrated on four sets of publicly available datasets of heterogeneous remote sensing images. Five popu-
lar traditional and deep learning-based detection methods for changes in heterogeneous remote sensing images are selected
and compared with this method to verify its effectiveness. Result Results obtained from the Italy, California, Tianhe, and
Shuguang datasets can also illustrate the performance of the proposed BAACL, with the overall detection accuracies of up to
0.970 5, 0.938 2, 0.994 7, and 0.982 6, respectively. Meanwhile, the proposed method is superior to the five compared
methods in terms of visual results of the final change map. A set of ablation experiments is designed to verify the influence
of the improved adversarial loss term on network optimization performance. the performance of the BAACL network does
not change dramatically with various proportions of sample changing regions due to the semantic regularization. It verifies
the effectiveness of the proposed semantic information-based adversarial loss term for network optimization. Conclusion
The semantic information-based adversarial loss term is designed to narrow the distance of the unchanged regions of the
bitemporal images for image style consistency. The reason is that, for adversarial loss term without semantic regularization ,
a larger proportion of the change region of the current training sample will result in a worse trained network effect. There-
fore, an accurate definition of the network constraint term will result in good network optimization and further affect the
change detection performance. In view of the difficulty and high false alarm rate of detection methods for changes in hetero-
geneous remote sensing images caused by factors such as seasons and data heterogeneity, the proposed bipartite adversarial
autoencoder network for the detection of changes in heterogeneous remote sensing images not only can fully utilize network
characteristics and semantic information to improve image style consistency but also can realize completely unsupervised
change detection process. The change detection performance can be greatly improved as well.

Key words: domain transformation; cluster analysis; semantic information; unsupervised change detection; heteroge-

neous remote sensing images
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Fig. 3 Semantic information construction process

based on clustering analysis
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Fig. 4 Four heterogeneous remote sensing image change

detection datasets ((a) X;(b) Y;(c) ground truth)
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sat-2 TR 1Y) C I BeAL B T AR B Y SAR %, 56 2
rha% 2012 4F 9 A 3 H Google Earth G245, H
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2.2 EINEERIEMISIR
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GEAEA— L [ -1, 1], RUn i 8408 B (LeCun
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TE GeForce RTX 2080 Ti &< 111 GB P47 [ SL#LYI|
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2 A BENLAS BT B OL AL 7 1 Adam BT 1R 22
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REVEATEGIE , 145 : ROC (receiver operating character-
istic ) f 2k T 1 FX (area under curve, AUC),ROC £k
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ok A gy 28, E TS B — &R
(FPR, TPR) 44 PR a , Z Ja AR A8 B 1F h /N 3 K 7%
B 5.2 1 B 5 A FE A (false positives, FP), BK
AN DX AR 2R R R A ) Ay AR A A 3R R AR B
(false negatives, FN) , BIDKG AR £b X 3 (4 15 2 Bk hy
AN Z B B B (overall accuracy, OA), B
IEBA 7 AR R AR R S Y LA L) J Kappa %8
(Brennan £l Prediger, 1981 )
2.3 BHGW

BAACL Il 5] DL 3o fi /Al 5 430 2% o 88 (X
(16)) 58 o Hofy 3/ R IA AL, B0 R W5 A
— AREE B R, gl Mg g 171 haki s I i H
Bio FARIRIGL,,,, PT LAGRAE 19 2% F A 25 o Eo i
FMG, BT, R 50— SO R I L, X HTAR
UL, B0 D 00 205 592 30 S ) 5B 1) 23 TR % 5 e,
ZER— BRI R SEI L, BN 1L, L BT, PR N SR 2 1
FRAE X 56 5 XEUI S ST, BT, 1, B 1, 60 KRS SR AE
XF3F o 4t Ay R R eR B T AUE o A O P

BRI TTHR . S 17 (b E AUH o A B 1Y
SR T ORI A AUE A A (o, B) TR H X A5 4k
A0 25 S B 52 a3 o) o (1,2)0(2,1)4(2,2) BLK
(1,1). F 1A T BAACLRHAFBUELL A 7E 44
AR AR A BRI 2 e AR . T LA,
A [5] BRASUAE A 5 ] T e 2 73 AR RS I 45 2R 1) 532 W)
4 HEHRE EA AR, SRS R, SARUEHE N
(1, 1) A9 S5 2RAE 4 HEE SR BRI R, %L
P AH & SCHK (Luppino 55 , 2024 ; Jia 55, 2022) O #E7E ,
B « FIBIIBLE 1.
2.4 MK MAE BT

BT A BE T SCAE B A AR O B4t 2<% ) 28 1|
DRt AT AR RNHT R 2 —, H AR AL T ks o AY
RREAY ) S IBOAS B L 118 O 28 D0 A 45 2R, i v 722 A A
PERE. R 7 SRR IZ AR 2R U 25 AR AL N 2R 29 o ) A7
R, Bt 1T — A Rl SRR AT X LB IE

TR AR BB PR B — R X A

®1 TEAABIEE LBAACLRATEEASRENEELE R
Table 1 Quantitative results obtained by BAACL with different weights on four datasets

BHRAE (a.B) AUC 0A Kappa FP FN
(1,2) 0.910 1 0.970 1 0.768 0 1728 1615
(2,1) 0.9179 0.968 0 0.705 0 454 3086
ltaly
(0.5,0.5) 0.859 5 0.934 5 0.377 4 3223 4817
(1, 1) 0.918 0 0.970 5 0.701 2 626 3022
(1,2) 0.923 3 0.933 5 0.503 7 9519 19 562
(2.1) 09156 0.928 5 0.508 5 13 653 17 632
California
(0.5,0.5) 0.880 7 0.916 0 0.476 1 5911 22103
(1, 1) 0.897 0 0.938 2 0.566 5 10 750 16 242
(1,2) 0.9756 0.993 3 0.663 1 751 1979
(2,1) 0.987 5 0.988 5 0.6259 4007 687
Tianhe
(0.5,0.5) 0.995 0 0.986 2 0.580 1 4972 691
(1, 1) 0.997 7 0.994 7 0.781 1 1314 827
(1,2) 0.894 0 0.9722 0.557 8 145 15048
(2.1) 0.9157 0.970 8 0.524 7 47 15879
Shuguang
(0.5,0.5) 0.8718 0.969 5 0.4970 110 16 495
(1, 1) 0.9417 0.982 6 0.772 0 1221 8243

T L7 MR 7R 25 IR PR 7 R R 4 B i B fe g it
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Fig. 5 Effectiveness of the semantic information based adversarial loss ((a)BAACL; (b)BAS; (¢)trained samples )
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Fig. 6 Change detection results obtained by ablation study on
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/U (14 ) B 408 ¢ T e A 00 A8 e DX 3 {18 BH P 541
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1) Kappa 4 5 , 1551 0. 701 2.

BAACL LA S 5 Fhowt 5 5 7E Ttaly 2084 101z
FTBF AR 2 ros o AT LAE 21, INLPG ()T R0R
E M A VR L UK 22,3 s, T ARG T
INLPG 78 H A 55 4 45 1 i BE - A Wb 28 i, 15
W] INLPG 5 8 Fifi 25 50400 4R 0934 K, ot i g 2 bl
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SR 2K, 103. 5 s
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Fig. 7 Comparison of chage maps obtained on the Italy dataset

2 IalyHEELINEEER

Table 2 Quantitative results on Italy dataset

ik AUC 0OA Kappa FP FN AT TH] /s
CAA 0.900 8 0.930 4 0.5167 6288 2313 389.3
NPSG 0.897 8 0.816 5 0.285 1 21273 1408 310.8
INLPG 0.948 6 0.930 8 0.5520 3022 6999 223
ACE 0.8722 0.916 8 0.5450 3470 6812 150.1
BAS 0.9120 0.927 5 0.5180 6931 2035 103.7
BAACL 0.918 0 0.970 5 0.701 2 626 3022 103.3

T L SRR % 8 B A2 2R
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Fig. 8 ROC curves of the difference images on ltaly dataset
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Fig. 9  Comparison of change maps obtained on the California dataset
3 CaliforniafiFE FHEEHER
Table 3 Quantitative results on California dataset
Tk AUC 0A Kappa FP FN BT[]/
CAA 0.888 3 0.9297 0.550 6 16 239 14 464 516.8
NPSG 0.749 1 0.844 4 0.148 4 85543 8194 1 668.4
INLPG 0.939 7 0.936 2 0.460 9 22 628 5260 962.0
ACE 0.850 3 09119 0.412 4 27 898 10 663 408.2
BAS 0.882 0 0.9353 0.558 3 12 390 15 859 327.2
BAACL 0.8970 0.938 2 0.566 5 10 750 16 242 325.6

T L P SRR 5 8 B A2 2R
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Fig. 11 Comparison of change maps obtained on the Tionhe dataset
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Table 4 Quantitative results on Tianhe dataset
Tk AUC OA Kappa FP FN BT /s

CAA 0.989 2 0.9159 0.199 9 34260 135 439.3
NPSG 0.993 6 0.993 8 0.731 4 1202 1331 1118.8
INLPG 0.997 5 0.992 0 0.7143 545 2720 218.0
ACE 0.978 3 0.928 3 0.216 6 29 099 261 353.5
BAS 0.9913 0.994 1 0.742 0 1287 1148 207.7
BAACL 0.997 7 0.994 7 0.781 1 1314 827 208.5
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Fig. 12 ROC curves of the difference images on Tianhe dataset
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Fig. 13 Comparison of change maps obtained on the shuguang dataset
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Table 5 Quantitative results on Shuguang dataset

ik AUC OA Kappa FP FN BT /s
CAA 0.876 2 0.958 6 0.639 7 13 241 3699 377.4
NPSG 0.965 7 0.955 1 0.638 8 23304 1235 1494.9
INLPG 0.947 7 0.9733 0.674 4 8997 5587 415.3
ACE 0.967 9 0.950 8 0.576 3 4870 22 024 493.6
BAS 0.924 2 0.977 5 0.687 0 1368 10 909 245.1
BAACL 0.9417 0.982 6 0.772 0 1221 8243 242.9
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