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(a,) B AH—ITLLARER (a,) FIHH — RGB EI
(a,) Temporal one near—infrared image (a,) Temporal two RGB image
(a) Shuguang AELE
(a) Shuguang dataset

(b,) 40— SAR P14 (b,) IAH— RGB A%
(b,) Temporal one SAR image (b,) Temporal two RGB image
(b) Sardinia ¥4

(b) Sardinia dataset
B SIREG e 22 R

Fig. 1 The difference of optical characteristics between heterogeneous images
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25 (A A

1
1
1
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___________

P2 A SO 1 B R0 2% A 14
Fig. 2 Network architecture of our method.
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Fig. 3 The basic structure of the encoder and multi-heads attention calculation
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Fig. 4 The process of cross—temporal attention and difference amplification module
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Fig. 5 Temporal one and temporal two heterogeneous images of the Sardinia dataset

6 AL, BAH 2 B8R 2012 4F 9 H 1Y Google Earth
AR, BBV 59392118 F . XU 543 0]
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Fig. 6 Temporal one and temporal two heterogeneous images of the Shuguang dataset



94 National Remote Sensing Bulletin i & 54k 2024, 28(1)
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(a) BFAH L
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Fig. 7 Temporal one and temporal two heterogeneous images of the Bastrop dataset
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(a) BIAH 1

(a) Temporal one

(b) AH2
(b) Temporal two

%8  Farmland I AH 1 ANEHAH 2 615 = G35 EM%

Fig. 8 Temporal one and temporal two homogeneous hyperspectral images of the Farmland dataset

33 IWEE

KT B AEAS SCHE R4 B e, BTSN
H 5 6 Fp E A I kb A7 Hede . Hoh 63k
FTHIEZEIE 0 GSP-VDF (Sun%s, 2022a) 5
TeWs B 22 S 1 SCASC (Sun 25, 2022b), LK HiAb

4 Ff A W B 2% 3] 19 SVM (linear) . ViT-Channel |
ViT-Spatial L K SST-Former (Wang, 2022a). A4
TORFRA PR, SE50 25 B s AL AT R AT T AR [) 2
RN EUGHAE R keA . BARInZR 1 iR,

R1 AREEEERBONEHEE IEFR R R R R EXT

Table 1 Numbers of pixel pairs in training samples and testing samples for the three datasets

—" UERIXS FiiErEAR iR
RARER BREA BIPEER RBRER BREAR BITRER R BRI
Sardinia 5798 381 6179 5798 381 6179 104378 6864 111242
Shuguang 26052 1254 27306 26052 1254 27306 468950 22591 491541
Bastrop 5538 659 6197 5538 659 6197 1096527 130551 1227078
Farmland 447 182 629 447 182 629 43829 17913 61742
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Table 2 The detailed parameter settings in comparison experiment
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Table 3 Quantitative evaluation results
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(g) ATk (h) B2 8
(g) Proposed method (h) Label image
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Fig.9  Comparison experiment visual results of GSP-VDF, SCASC, SVM, ViT-Channel, ViT-Spatial, SST-Former,

method in this study and label image for the Sardinia dataset
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(a) GSP-VDF (b) SCASC (c) SVM
(a) GSP-VDF (b) SCASC (c) SVM

(d) ViT-Channel (e) ViT-Spatial (f) SST-Former
(d) ViT-Channel (e) ViT-Spatial (f) SST-Former

(g) AT (h) PR2&5E148
(g) Proposed method (h) Label image
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Fig. 10 Comparison experiment visual results of GSP-VDF, SCASC, SVM, ViT-Channel, ViT-Spatial, SST-Former,

method in this study and label image for the Shuguang dataset

(a) GSP-VDF (b) SCASC (¢) SVM (d) ViT-Channel
(a) GSP-VDF (b) SCASC (¢) SVM (d) ViT-Channel
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(e) ViT-Spatial (f) SST-Former (g) AR3CT7ik (h) W& 4
(e) ViT-Spatial (f) SST-Former (g) Proposed method (h) Label image
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Fig. 11 Comparison experiment visual results of GSP-VDF, SCASC, SVM, ViT-Channel, ViT-Spatial, SST-Former,

method in this study and label image for the Bastrop dataset
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(a) GSP-VDF (b) SCASC (d) ViT-Channel
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(f) SST-Former
(f) SST-Former

(e) ViT-Spatial
(e) ViT-Spatial

(g) Proposed method

(h) FREEs18
(h) Label image

(g) ATk
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Fig. 12 Comparison experiment visual results of GSP-VDF, SCASC, SVM, ViT-Channel, ViT-Spatial, SST-Former,

method in this study and label image for the Farmland dataset
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Table 4 Ablation experiment on Bastrop dataset
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OT-Former 98.54 92.45
CT-Former 94.42 91.20
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Fig. 13 Kappa coefficient across different parameter configurations on various datasets
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Optical-signal token guided change detection network for heterogeneous
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Abstract: Change Detection (CD) is a vital technique for identifying and analyzing changes over time in a specific area using optical

signals from remote sensing images. This technique has been extensively utilized in various fields, including national defense security,

environmental monitoring, and urban construction. However, some challenges in achieving accurate and reliable CD are still encountered

due to inherent disparities in imaging mechanisms, spectral ranges, and spatial resolutions among heterogeneous images. These challenges

lead to issues such as inadequate accuracy, missed detections, and false detections. Heterogeneous remote sensing images can be regarded as

sequences of different optical signals from the channel perspective. For example, RGB and infrared images can be regarded as sequences of

spectral signals from different ranges. Transformers employ a multi-head attention mechanism that can effectively handle and analyze

sequence information to achieve accurate heterogeneous CD. Thus, the paper proposes an optical signal token guided CD network for

heterogeneous remote sensing images.

This paper presents a novel heterogeneous CD network, primarily comprising the optical-signal token transformer (OT-Former) and the
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cross-temporal transformer (CT-Former). The proposed method demonstrates the capacity to effectively handle diverse remote sensing
images of distinct categories and attain precise CD results. Specifically, OT-Former can encode diverse heterogeneous images in channel-
wise for adaptively generating the optical-signal tokens. Meanwhile, CT-Former can use the optical-signal tokens as a guide to interact with
the patch token for the learning of change rules. Moreover, a Difference Amplification Module (DAM) is embedded into the network to
enhance the extraction of difference information. This module utilizes a 1x2 convolutional kernel to effectively fuse difference information.
Finally, the differential token is predicted by multilayer perceptron to output the CD results.

Experiments were conducted on three heterogeneous datasets and one homogeneous dataset to evaluate the performance of the
proposed method. Furthermore, the proposed method was compared with six typical CD methods and evaluated the performance using
overall accuracy (OA), Kappa coefficient, and Fl-score, among other evaluation metrics, to validate the effectiveness of the proposed
network in this study. A limited number of samples were utilized for training during the experiment. Under identical experimental conditions,
the proposed method demonstrated exceptional performance in homogeneous and heterogeneous CD. The results show that the proposed
approach surpasses existing state-of-the-art methods in terms of qualitative and visual performance. Additionally, ablation experiments and
parameter analyses were conducted to validate the effectiveness of the proposed methods, including the OT-Former, CT-Former, and DAM
modules, and to assess the impact of various parameters within the network.

Overall, the current study presents a novel heterogeneous CD network based on the transformer framework. Within this network,
OT-Former is proposed to achieve the adaptive generation of optical-signal tokens from diverse remote sensing images. Moreover,
the CT-Former utilizes these optical-signal tokens as a guide to facilitate interaction with patch tokens for the learning of change rules.
Additionally, DAM modules were embedded into the network to effectively extract the difference information. An extremely limited number
of samples were utilized only for training in the experiments. Remarkably, the proposed method outperformed the existing state-of-the-art
methods, achieving a significantly advanced performance in heterogeneous CD.

Key words: remote sensing, heterogeneous images, change detection, multimodal analysis, deep learning, transformer
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