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Fig. 1 Illustration of Transformer architecture
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&1 CDDHIESE EREEEFEFRRT EE %2 LEVIR-CD#E&E F REEEERXTLL
Table 1 Comparison of precision indices for different Table 2 Comparison of precision indices for different
models on CDD dataset models on LEVIR-CD dataset
1% 1%

T P R F1 0A ToU Fi P R Il 0A ToU
FC-EF 83.751 56.735 67.645 93.597  51.109 FC-EF 88.609  81.283  84.788  98.514  73.593
FC-Siam-Diff  91.339  51.745 66.064 93.728  49.325 FC-Siam-Diff  92.086 81.442 86.437 98.698 76.114
FC-Siam-Conc  90.734  65.944  76.378 95.187 61.783 FC-Siam-Conc  90.456  84.013  87.116  98.734  77.172
DTCDSCN 94.029 92452 93.234 98417  87.325 DTCDSCN 91.016  89.507 90.255 99.015  82.241
ChangerFormer  89.298  81.444 85.19 96.659  74.201 ChangerFormer ~ 89.811 81.059  85.210 98.567  74.232
BIT 95.466 92.51 93.965 98.63 88.616 BIT 92.582  87.639 90.043 99.013  81.889
ICIF-Net 94.181  87.569 90.755 97.895 83.074 ICIF-Net 90.866  88.076  89.449 98942  80.912
DMINet 96.042 94.607 95319 98910 91.057 DMINet 92.121 88.296  90.168  99.019  82.096
MFTSNet 95.962  95.607 95.784  98.945 91.78 MFTSNet 91.331 89.426 90368  99.029  82.429

TE: IIHLECE 2R e R BE T IHEE R R B
&3 SYSU-CDHiE&E L R EREIEIRITLL &4 WHU-CD #iF& _EREEEIEHRAT bE
Table 3 Comparison of precision indices for different Table 4 Comparison of precision indices for different
models on SYSU-CD dataset models on WHU-CD dataset
1% 1%

T P R Fl 0A ToU e P R F1 0A ToU
FC-EF 81.171  67.246  73.555 88.597 58.172 FC-EF 85.852  67.401 75.516  98.262  60.663
FC-Siam-Diff ~ 81.207 65.885 72.748  85.791  53.233 FC-Siam-Diff  85.808 74.616 79.822 98.500  66.420
FC-Siam—Conc  83.423  71.453 76.975 89.919 62.569 FC-Siam-Conc  87.127  74.385  80.253  98.544  67.019
DTCDSCN 81.624  73.668 77.442  89.879  63.189 DTCDSCN 83.333  87.331 85.285 98.801  74.345
ChangerFormer ~ 78.909  75.112  76.963  89.396  62.553 ChangerFormer  82.044  86.612 84.266 98.714  75.739
BIT 76.681 78393  77.528 89.283  63.302 BIT 77.823  87.558 82.404 98.513 70.074
ICIF-Net 78.194 76333 77.252  89.398  62.935 ICIF-Net 86.037 84.932 85480 98.852  74.643
DMINet 81.479 73321 77.185 91454 63.492 DMINet 88.784  86.382  87.566  99.024  77.883
MFTSNet 76.900 78920 77.897 89.438  63.796 MFTSNet 94.840 85.081 89.696 99.177  80.845
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Fig. 4 Comparison of change detection results for various dataset using nine different models
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Table 5 Comparison of ablation experiments for including different module of ST, GT and RT

1%
SYSU-CD WHU-CD
TH il 512 ST GT RT

ToU Fl IoU
1 x x x 71.153 56.763 73.355 61.460
2 x x N 72.026 57.636 80.493 70.663
3 x J x 71.983 57.912 81.076 71.526
4 N x x 76.725 62.239 87.745 78.165
5 x N N 73.329 59.112 85.696 74.972
6 N x N 77.187 62.534 88.814 79.399
7 N N x 77.304 62.004 89.023 80.218
8 N N N 77.897 63.796 89.696 80.845

s AR FHIIMEI VFR AR

RS0, 2 REERFIE Transformer H1 455
Podb A o T AR RE . o, FR AT sk
B 1 A4, AT 3N ST RS H AR AP BE Y 52 ) e K,
WA ST R JG, BERAER AN EIEE L FLS
TIoU 48 #5423 5 32 55 5.572% . 14.39% 5 5.476% .
16.705%; X HL i @l s g6 1—3 vl &, HOF| A GT gk
RT A HRARE M B2 T o 28 A5 70 f el 1 g, X i
HAE 2 o A ST BB BENS hy i S e g fih =
B ARSI s MTH LS 4 5 6—8 BURE JE 45 45 ok
F, GT. RTEHREL [ 42 AR PERE , M T
RUSHINGT. RTHEEHRAT, BAZEPI B LA FL
5 1oU 48 %5 20 B4R 5 1.172% . 1.951% 5 1.557% .
2.68%.
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Fig. 5 Comparison of change detection results for different ablation experiments
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Table 6 Influence of different semantic information L values on MFTSNet results

1%
EEKE CDD LEVIR-CD SYSU-CD WHU-CD

L Fl IoU Fl IoU F1 IoU F1 ToU

2 95.343 91.101 89.972 81.772 77.139 62.749 88.480 80.016
4 95.427 91.254 90.095 81.975 77.172 62.835 88.472 80.003
8 95.487 91.363 90.257 82.245 71.774 63.631 89.023 80.218
16 95.526 91.434 89.635 81.247 77.593 63.076 89.583 80.657
32 95.521 91.427 89.984 81.792 77.492 63.258 89.539 80.146
64 95.314 91.048 90.106 81.994 77.328 63.041 88.734 79.75

T RS IR R L

MFE6FFE I, TE8dE4E CDD Al WHU-CD Hr,
MFTSNet £ % 225 1=16 BF SR B4, F1F ToU 43
)4 95.526% . 89.583% £1191.434% . 80.657%. 1E
B4 LEVIR-CD I SYSU-CD I+ L=8 I B R A,
F1 il IoU 43 51 4 90.257% . 77.774% 1 82.245% .
63.631%, UKW, 4 3d 0 LHUH RE S A &K
WRFE T IESUEE . Y LEEE/NE, BRI s

BCERE G BRI M LBUEE R, BRIk
RO TUARTE XAF B, SRR AR AL PERE
X T 4 i s — i 28 1~ E R D, #E CDD
5 LEVIR-CD W86 Fif 75080 . MR 6 1y
IIHTEE R, fEBIELE CDD 5 LEVIR-CD | #E47ll
gRisk, AR Lo 16 F18, iliks: (E,, D,) =
(1, 1), (1, 2), (1, 4), (2, 1), (4, 1), b
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B MFTSNet 76 I 5046 48 EIU F1L 5 oU 645, 5%
WEERMEK TR, WRIEL7, 4 (£, D) = (1, 2)
i}, MFTSNet 75 > B4 5 1Y F1 5 ToU 48 45 fi
B, 43910 95.784% . 90.368% 55 91.78% . 82.429%.
E =145 FAg B B, B B4 G bid 2 B 65 42
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Table 7 Comparison of precision indicators of

MFTSNet on two Datasets under different combinations of

E,and D,
1%
CDD LEVIR-CD
E, D,
F1 loU F1 IoU

1 1 95.526 91.434 90.257 82.245

1 2 95.784 91.78 90.368 82.429

1 4 95.316 91.314 90.061 81.920

2 1 95.490 91.382 90.252 82.194

4 1 95.513 91.412 90.210 82.166

T - ML B R e PR
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Abstract: Wetland is an important ecosystem and plays a vital role in maintaining regional ecological security. Wetland structure changes
respond sensitively to natural and human activities, and flood wetlands experience drastic seasonal water and vegetation changes due to
intermittent flood inundations. Mapping high-accuracy wetland structures is challenging because of frequent water and vegetation
alternations, which cause spectral confusion and misclassification in optical satellite images. Several wetland extraction methods are
available today, including object-oriented methods, whose parameters need to be decided subjectively, and machine learning methods, which
have relatively low accuracy. With the continuous development of deep learning in image semantic segmentation, a precise and automatic
remote sensing image binary classification becomes possible. Recent studies have suggested that deep learning semantic segmentation
methods show great potential for mapping wetland changes in high-resolution images. However, the extraction of wetland structures in
complex floodplain scenarios places high demands on models in terms of mining deep spatial information. The deformable U-Net (D-UNet)
semantic segmentation model is improved to enhance the accuracy of the extraction of floodplain wetland structure.

In this study, the Taitema Lake in Xinjiang, China was selected as the study area because it is a typical floodplain wetland in the arid
zone. A multiscene and multitemporal wetland sample dataset was collected using Sentinel-2 remote sensing images in the study area. The
D-UNet for wetland structure extraction used VGG16 to build the encoding/decoding network and focused on improving the convolutional
layer in the network. D-UNet was improved by replacing the convolution block before dimensionality reduction with multiscale dilated
convolutions to enhance the network’s receptive field, fuse features of different scales, and avoid loss of detailed information in high-
resolution remote sensing images. After pretraining D-UNet, we determined that a multiscale convolution module consisting of three scales
with dilation rates of 1, 2, and 3 would maximize the network’s receptive field. We eventually input multiple remote sensing images from
multiple scenes to fine-tune our model.

The applicability of the improved D-UNet model, traditional index-thresholding methods, and four classical semantic segmentation
networks for extracting wetland structural information in floodplains was compared. Results showed that the improved D-UNet had an
overall accuracy of 96.3% in single-temporal image wetland structure extraction, with a kappa coefticient of 0.839. Moreover, it demonstrated
better transferability on time-series images, with an overall multitemporal accuracy of 92.3%. Compared with five models and the index-
thresholding method, the improved D-UNet model showed better application potential in the extraction of floodplain wetland structure. It
reduced misclassification and omission of wetland water bodies and vegetation by 7.2% and 48.9% compared with the index-thresholding
method and by 0.6% and 5.4% compared with D-UNet, respectively.

This study proposes an effective classification method for the identification of fine structures in floodplain wetlands. It verifies the
excellent performance of the semantic segmentation model in the extraction of complex feature information from remote sensing images.
The improved D-UNet model can be used for information extraction for floodplain wetlands in similar environments. It provides a reference
for rapid automated mapping of large-scale wetlands.

Key words: high resolution remote sensing, change detection, deep learning, siamese network, multi-scale feature, transformer, semantic
information, ablation experiment
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