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Unsupervised heterogeneous remote sensing image change detection with a den-

dritic neuron cross-modal reconstruction network
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School of Computer Science and Engineering , Xi'an University of Technology, Xi'an 710048, China

Abstract: Objective Heterogeneous remote sensing images acquired by different sensors exhibit substantial differences in
imaging mechanisms, radiometric responses, spatial textures, and noise characteristics. Direct comparison of such images
can generate numerous modality-induced pseudo changes. Moreover, existing unsupervised cross-modal learning methods
often apply alignment constraints to the entire image without distinguishing changed pixels from unchanged pixels. Because
genuinely changed pixels do not satisfy the stable cross-modal correspondence of unchanged regions, their participation in
global alignment may disturb the learning of reliable modality mappings and reduce the separability between changed and

unchanged regions. In addition, conventional transformation models have limited ability to represent complex and asymmet-
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ric nonlinear relationships between heterogeneous modalities. To address these problems, a dendritic neuron model-based
cross-modal reconstruction network , termed DNM-CMR, is proposed for unsupervised heterogeneous remote sensing image
change detectionMethod DNM-CMR transforms the direct comparison of heterogeneous images into reconstruction-error
analysis in the target-modality domain. First, a dual-branch autoencoder architecture with a multiscale convolutional
encoding module is constructed to extract hierarchical spatial features from the source-modality image. Local neighbor-
hoods centered on individual pixels are then unfolded into contextual feature vectors containing central-pixel responses, sur-
rounding textures, boundaries, and spatial information. These vectors are fed into a dendritic neuron model to reconstruct
the corresponding target-modality responses. The DNM consists of synaptic, dendritic, membrane, and somatic layers.
Multiple dendritic branches perform nonlinear modulation and multiplicative aggregation of local feature components,
enabling the model to represent high-order interactions among different spatial features and establish complex nonlinear
mappings between heterogeneous modalities. The responses of different dendritic branches are subsequently integrated to
generate the target-modality reconstruction. Because unchanged regions generally preserve relatively stable relationships
between the source and target modalities, they can be reconstructed with relatively small errors. In contrast, genuine
changes disrupt the learned cross-modal correspondence and usually produce larger reconstruction residuals. Therefore,
the absolute difference between the reconstructed image and the real target image is used to generate the change-intensity
map. A dynamic region-mask mechanism is introduced to reduce the interference of genuinely changed pixels during net-
work training. Reconstruction deviation is combined with the channelwise variance of encoded features to estimate the
potential change degree of each pixel. After normalization and weighted fusion, K-means clustering divides the pixels into
changed and unchanged candidate regions. An exponential moving average is then used to update the masks periodically,
reducing fluctuations caused by unstable reconstruction and individual clustering results. The network is jointly optimized
using reconstruction loss, structural similarity loss, adversarial loss, and feature consistency loss. The reconstruction and
structural similarity losses preserve pixel responses and local spatial structures. The adversarial loss improves the distribu-
tion consistency between the reconstructed image and the real target image, whereas the feature consistency loss reduces
cross-modal feature differences in unchanged regions. The dynamically estimated unchanged-region mask is applied to the
adversarial and feature consistency terms, ensuring that these constraints mainly act on reliable unchanged regions and pre-
venting genuinely changed pixels from being forcibly aligned. During the initial training stage, the network learns a basic
cross-modal mapping through reconstruction and structural constraints. The dynamic region mask and consistency con-
straints are subsequently introduced to refine the mapping and improve change separability. Result Experiments were con-
ducted on four publicly available heterogeneous remote sensing datasets, namely Italy, Gloucester, California, and Texas,
covering lake expansion, flooding, and forest-fire events. The proposed method was compared with five representative
unsupervised methods: SRGCAE, SCASC, RIEM, CDRL, and CFRL. The overall accuracies achieved by DNM-CMR on
the four datasets were 0.973 4, 0.957 1, 0.924 5, and 0. 989 0, respectively. DNM-CMR also obtained the highest
Kappa coefficient and F1 score among the comparison methods on all four datasets. Visual results demonstrate that the pro-
posed method effectively suppresses extensive background false alarms while preserving the principal structures of changed
regions. Although several comparison methods achieved better individual AUC, false-positive, or false-negative values on
specific datasets, DNM-CMR generally provided a more balanced tradeoff between false alarms and missed detections.
Ablation experiments on the four datasets further verified the effectiveness of the proposed components. Applying adver-
sarial and feature consistency losses to the entire image caused genuinely changed pixels to interfere with cross-modal con-
sistency learning. Introducing an unchanged-region mask substantially improved the detection results, while dynamically
updating the mask further enhanced its adaptability to the current reconstruction state. Replacing the DNM reconstruction
module with a conventional convolutional decoder resulted in performance degradation on all four datasets, demonstrating
the effectiveness of the DNM in representing complex nonlinear cross-modal relationships. Conclusion DNM-CMR estab-
lishes a nonlinear mapping between heterogeneous image modalities and extracts changes through target-domain reconstruc-
tion residuals rather than direct heterogeneous comparison. The dendritic neuron model enhances the representation of com-
plex local feature relationships, while the dynamic region mask reduces the adverse influence of changed pixels on network

optimization. Experimental results demonstrate that the proposed method can effectively suppress modality-induced pseudo
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changes and achieve accurate and balanced change detection without requiring manually labeled samples. The complete

implementation code of the algorithm described in this paper has been made publicly available, and the open-source

address is: https://cstr. cn/10441. 11. sciencedb. j00240. 0009x
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neuron model; dynamic region mask
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Fig. 6 Visual comparison of change maps on the Italy dataset
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Fig. 8 Visual comparison of change maps on the Gloucester dataset
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Table 4 Quantitative comparison on the Gloucester dataset
Ik AUC Kappa 0OA Fl FP FN
SRGCAE 0.8657 0.3530 0.7519 0.466 1 360 868 8413
SCASC 0.9342 0.762 1 0.946 7 0.792'5 19 627 9601
RIEM 0.9815 0.756 2 0.9398 0.790 2 29784 3239
CDRL 09149 0.504 6 0.854 1 0.584 1 70 706 9260
CFRL 0.976 5 0.766 3 09514 0.793 8 12528 14 122
DNM-CMR 0.978 1 0.786 9 0.957 1 0.8110 8528 14984
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Fig. 9 ROC curve comparison on theGloucester dataset
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Fig. 10 Visual comparison of change maps on the California dataset
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Table 5 Quantitative comparison on the California dataset
IReS AUC Kappa 0A Fl FP FN
SRGCAE 0.766 9 0.262 4 0.8154 0.349 3 335070 14 858
SCASC 0.8679 0.486 0 0.9307 0.5224 10 362 19952
RIEM 0.9010 0.498 3 0.9250 0.539 1 15 469 17 345
CDRL 0.906 6 0.470 4 0.8920 0.526 4 36 944 10 283
CFRL 0.8185 0.3582 0.909 9 0.406 4 16 380 23038
DNM-CMR 0.900 9 0.503 8 0.924 5 0.5450 16 746 16292

T L7 M Oy B e L £ A
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Fig. 11 ROC curve comparison on the California dataset
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Fig. 12 Visual comparison of change maps on the Texas dataset
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Table 6 Quantitative comparison on the Texas dataset
I AUC Kappa 0OA Fl FP FN
SRGCAE 0.695 4 0.1582 0.689 2 0.294 2 772 474 51733
SCASC 0.984 8 0.848 1 09716 0.8639 14 606 20 482
RIEM 0.994 1 0.905 4 0.981 1 09160 19 046 4334
CDRL 0.772 8 0.169 9 0.627 8 03120 43298 27 446
CFRL 0.996 5 09187 0.9849 0.927 1 5232 13410
DNM-CMR 0.9933 0.941 6 0.989 0 0.947 8 5220 8389
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Fig. 13 ROC curve comparison on the Texas dataset

AR XA R AT S5 ) 22 s, IR L RE S
12 IR . DNM-CMR 7E Texas 5038 45 B 46

1) BV IR AR 22 B0h 13 609, ik T CFRL [ 18 642 Fil
RIEM 114 23 380, 15 JH 7R 252 A6 Fl e 46 22 8] LA 1 B

FARBE SR B OC R, Iy H AR 25 18] v i FE
fivs 22 RAE MW AL o e HEA |, 38 5 8 A ff 22

© [ B R VT 2R A A



18

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

S By REAE M 7 B A5 Ak TR AR DI, (X Bt 24 AR AR
T — S0P 2 o8 R T A T SE AR 26, DT 3k
ot H SRR TR M ARBS XS ST R . IR R
TCAREE 55 T [  Ab B AS 22 S AR AL AR R TR
HET —FpaT A7 R . B Ak DNM-CMR 75 PO 2H £k
PEAE LIARA T HAF R B, AR SR KR 5K |
PR b K DX, | 2 A AL BB A K A TR AR AR K
LR S RENs i i P SO AR AL, IR 7R IR
For 5 e = AR R E R G B0 T4

SR 5 TR 280 R o SR G AR A A U A
R (AFE NS 25 R I B T sh A
fish ol i 485 SR AR — 28 MR OC &R 0T RIS
23 () AT B E s a0 S ) o A 55 1 AR Ak B AR, X4 i
R i 7 A2 1) — s BRI A6 DRG BE AT A S T2
[T N v €1l SR B e Y R L i N A e
-SAR &5 S A A, 1 AR E— 2D B UE S 4 S TR
S gk TAEREEE X 2 55 AL TR 41 G ifE AT R 70 g g |
PRI IR L R TG . e Ah, B ) E R
FE A A G Z B AN R . JREin] NE
FRUBE 1A 3 0 483k | 56 AN ff o 2 ) R s ) B3 LA %
XS [i) L 24 A5 O T R T 9, LA — 20 4 v
¢ DR T 00 AT 58 4 R0 40 R R AR Ak i) A

&b
He o

£ % 3Lk (References)

Chen H R, Yokoya N, Wu C and Du B. 2022. Unsupervised multimodal
change detection based on structural relationship graph representa-
tion learning. IEEE Transactions on Geoscience and Remote Sens-
ing, 60: #5635318 [ DOI: 10.1109/TGRS.2022.3229027 |

Cohen'J. 1960. A coefficient of agreement for nominal scales. Educa-
tional and Psychological Measurement, 20 (1) : 37-46 [DOI: 10.
1177/001316446002000104 ]

Gong M G, Zhang P, Su L and Liu J. 2016. Coupled dictionary learning
for change detection from multisource data. IEEE Transactions on
Geoscience and Remote Sensing, 54 (12): 7077-7091 [DOI: 10.
1109/TGRS.2016.2594952

Jia M, Zhao Q and Lu X F. 2024. Bipartite adversarial autoencoder net-
work for unsupervised detection of changes in heterogeneous remote
sensing images. Journal of Image and Graphics, 29(8) : 2188-2204
(BT, W%, B heRE . 2024, BUAXIHL A g5 19 25 1 6 B 5+
Jo i SR P A AR A I o TR DR 24i, 29(8) : 2188-2204)
[DOT: 10.11834/jig.230497]

JiaM, Lou X Y, Zhao Z Q and Lu X F. 2025. Dendritic computing with

differential evolution for unsupervised synthetic aperture radar
image change detection. International Journal of Remote Sensing,
46(14): 5280-5302 [ DOI: 10.1080/01431161.2025.2516691 |

Li X H, DuZ S, Huang Y Y and Tan Z Y. 2021. A deep translation
(GAN) based change detection network for optical and SAR remote
sensing images. ISPRS Journal of Photogrammetry and Remote
Sensing, 179: 14-34 [ DOI: 10.1016/j.isprsjprs.2021.07.007 |

Liu J, Gong M G, Qin K and Zhang P Z. 2018a. A deep convolutional
coupling network for change detection based on heterogeneous opti-
cal and radar images. IEEE Transactions on Neural Networks and
Learning Systems, 29(3) : 545-559 [DOI: 10.1109/TNNLS.2016.
2636227 ]

LiuTF, Zhang M Y, Gong M G, Zhang Q F, Jiang F L, Zheng H H,
et al. 2025. Commonality feature representation learning for unsu-
pervised multimodal change detection. IEEE Transactions on Image
Processing, 34: 1219-1233 [ DOIL: 10.1109/TTP.2025.3539461 |

Liu Z G, Li G, Mercier G, He Y and Pan Q. 2018b. Change detection
in heterogenous remote sensing images via homogeneous pixel trans-
formation. IEEE Transactions on Image Processing, 27(4) : 1822-
1834 [ DOI: 10.1109/T1P.2017.2784560]

LiuZ G, Zhang Z W, Pan Q and Ning L. B. 2022. Unsupervised change
detection from heterogeneous data based on Image translation.
IEEE Transactions on Geoscience and Remote Sensing, 60: #
4403413 [DOI: 10.1109/TGRS.2021.3097717 ]

Luppino L T, Bianchi F M, Moser G and Anfinsen S N. 2019. Unsuper-
vised image regression for heterogeneous change detection. IEEE
Transactions on Geoscience and Remote Sensing, 57 (12) : 9960-
9975 [DOI: 10.1109/TGRS:2019.2930348 ]

Luppino L T, Kampffmeyer M, Bianchi F M, Moser G, Serpico S B,
Jenssen R, et al. 2022. Deep image translation with an affinity-
based change prior for unsupervised multimodal change detection.
IEEE Transactions on Geoscience and Remote Sensing, 60: #
4700422 [DOI: 10.1109/TGRS.2021.3056196 ]

Luppino L' T, Hansen M A, Kampffmeyer M, Bianchi F M, Moser G,
Jenssen R, et al. 2024. Code-aligned autoencoders for unsuper-
vised change detection in multimodal remote sensing images. IEEE
Transactions on Neural Networks and Learning Systems, 35 (1) :
60-72 [DOI: 10.1109/TNNLS.2022.3172183 |

Lyu ZY, Huang HT, Li X H, Zhao M H, Benediktsson J A, Sun W
W, et al. 2022. Land cover change detection with heterogeneous
remote sensing images: review, progress, and perspective. Pro-
ceedings of the IEEE, 110 (12) : 1976-1991 [DOI: 10.1109/
JPROC.2022.3219376 ]

Mercier G, Moser G and Serpico S B. 2008. Conditional copulas for
change detection in heterogeneous remote sensing images. IEEE
Transactions on Geoscience and Remote Sensing, 46 (5) : 1428-
1441 [DOI: 10.1109/TGRS.2008.916476 |

Niu X D, Gong M G, Zhan T and Yang Y L. 2019. A conditional adver-

sarial network for change detection in heterogeneous images. IEEE

© [ KR KL AR



R, EHERE, BE, A%iE, 8XB
RRMETEESEEZNEN LTSS FFUEREGELEN

Geoscience and Remote Sensing Letters, 16(1) : 45-49 [ DOI: 10.
1109/LGRS.2018.2868704 |

Radke R J, Andra S, Al-Kofahi O and Roysam B. 2005. Image change
detection algorithms: a systematic survey. IEEE Transactions on
Image Processing, 14 (3) : 294-307 [DOI: 10.1109/TIP. 2004.
838698]

Sun Y L, Lei L, Guan D D and Kuang G Y. 2021a. lterative robust
graph for unsupervised change detection of heterogeneous remote
sensing images. IEEE Transactions on Image Processing, 30:
6277-6291 [ DOI: 10.1109/T1P.2021.3093766 ]

Sun Y L, Lei L, Li X, Sun H and Kuang G Y. 2021b. Nonlocal patch
similarity based heterogeneous remote sensing change detection.
Pattern Recognition, 109: #107598 [ DOI: 10.1016/j.patcog.2020.
107598 ]

Sun Y L, Lei L, Li X, Tan X and Kuang G Y. 2021c¢. Patch similarity
graph matrix-based unsupervised remote sensing change detection
with homogeneous and heterogeneous sensors. IEEE Transactions
on Geoscience and Remote Sensing, 59(6) : 4841-4861 [DOI: 10.
1109/TGRS.2020.3013673 |

Sun'Y L, Lei L, Guan D D, Li M and Kuang G Y. 2022a. Sparse-
constrained adaptive structure consistency-based unsupervised
image regression for heterogeneous remote-sensing change detec-
tion. IEEE Transactions on Geoscience and Remote Sensing, 60: #
4405814 [DOI: 10.1109/TGRS.2021.3110998 |

Sun Y L, Lei L, Li X, Tan X and Kuang G Y. 2022b. Structure
consistency-based graph for unsupervised change detection with
homogeneous and heterogeneous remote sensing images. IEEE
Transactions on Geoscience and Remote Sensing, 60: #4700221
[DOI: 10.1109/TGRS.2021.3053571 ]

Sun Y L, Lei L, Li Z, Kuang G Y and Yu Q F. 2025. Detecting changes
without comparing images: rules induced change detection in het-
erogeneous remote sensing images. ISPRS Journal of Photogramme-
try and Remote Sensing, 230: 241-257 [ DOI: 10.1016/j.isprsjprs.
2025.09.009 ]

Tang Y Q, Yang X, Han T, Zhang F Y, Zou B and Feng H H. 2024.
Enhanced graph structure representation for unsupervised heteroge-
neous change detection. Remote Sensing, 16(4): #721 [DOI: 10.
3390/rs16040721 ]

Todo Y, Tang Z, Todo H, Ji ] and Yamashita K. 2019. Neurons with

multiplicative interactions of nonlinear synapses. International Jour-
nal of Neural Systems, 29 (8) : #1950012 [DOI. 10.1142/
S0129065719500126 |

Volpi M, Camps-Valls G and Tuia D. 2015. Spectral alignment of multi-
temporal cross-sensor images with automated kernel canonical cor-
relation analysis. ISPRS Journal of Photogrammetry and Remote
Sensing, 107: 50-63 [DOI: 10.1016/j.isprsjprs.2015.02.005 ]

Wang X, Li Y Y and Zhang X L. 2024. Ghost-guided UNet++ for high-
resolution remote sensing image change detection. Journal of Image
and Graphics, 29(5) : 1460-1478 (3%, 425252, 5K FE. 2024.
Ghost 5| 5 UNet++H i 7338 BUE AL AL AN . o [H 1K1 R B 2
#2,29(5): 1460-1478) [DOI: 10.11834/jig.230212 ]

Wu Y, LiJ, Yuan Y, Qin A K, Miao Q G and Gong M G. 2022. Com-
monality autoencoder: learning common features for change detec-
tion from heterogeneous images. IEEE Transactions on Neural Net-
works and Learning Systems, 33(9) : 4257-4270 [DOI: 10.1109/
TNNLS.2021.3056238 ]

ZhanT, Lan J, Zhu Y Y, Dang Q L and Gong M G. 2025. Cross-domain
difference representation learning for unsupervised heterogeneous
change detection. IEEE Transactions on Geoscience and Remote
Sensing, 63: #5630217 [DOI: 10.1109/TGRS.2025.3584073 ]

Zhao W, Wang Z, Gong M and Liu J. 2017. Discriminative feature
learning for unsupervised change detection in heterogeneous images
based on a coupled neural network. IEEE Transactions on Geosci-
ence and Remote Sensing, 55(12) : 7066-7080 [DOI: 10.1109/
TGRS.2017.2739800 ]

EEE T

BT, Lo, BB, LB 50T 0] 0 B AR AR 5 Al
FINBIFIEEE > . E-mail : jiameng] 12@163.com

EMEEE, 5 WA, BRIy A i R AR A
M, E-mail : wpchaize5168@163.com

BRI, 55, DRI, 2 SRS 1) S 1 S8 PR A AR AR
SNFIGREE 2] . E-mail : Qiuyuan@xaut.edu.cn

A I B, RN o R AL PR AL SE A
ANTHHE. E-mail:ylshi@xaut.edu.cn

HAEE B B, BT 0] 2 RS B Ak LS
AL WS A o E-mail: zhiyongLyu@xaut.edu.cn

19

© h[E KR KL AR



