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Fig. 6 Comparison of experimental results on the SECOND dataset
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Fig. 7 Comparison of experimental results on the Landsat—=SCD dataset
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Table 2 Evaluation metrics for semantic change

detection on SECOND dataset

1%
ek
HRSCD-str3 82.97 63.91 8.52  49.11 4.81

OA mloU Sek F,

HRSCD-str4 85.10 67.69 13.09 54.12 3.30
Siam-UNet 85.63 68.54 14.40  55.42 2.80
Siam—Deeplabv3+  85.22 68.50 1443 54.83 3.00
SSCDI 86.46 69.57 16.40  57.46 1.61
Bi-SRNet 86.56 69.87 16.62  57.53 1.25

ReTNet(Ours) 8679 7024  17.84 5800  1.00
T« DR A e AR, I Sl il S e

(7] Fsf 38 38 AT A AR T S 5381 4 S A AU AR 1
3 0 DU A8 DEAN D 4% 1 b ) 3 250K 7, TR
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Table 3 Evaluation metrics for semantic change
detection on Landsat—SCD dataset

1%
0A mloU Sek F A8
HRSCD-str3 82.64 7647 1196 5036  10.4
HRSCD-str4 83.35 78.28 1255 50.11 9.9
Siam-UNet 80.52 7207 498 4617  17.1
Siam-Deeplabv3+ 84.80 7654 1723 5569  6.46
SSCDI 87.00 7593 2819 68.66  0.901
Bi-SRNet 87.74 7632 3001 7048  0.924

ReTNet(Ours) 9140 8352 4444 78381  0.809
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Fig. 8 Binary change detection results on the SECOND dataset
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Fig. 9 Binary change detection results on the Landsat—=SCD dataset
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Table 4 Evaluation index of binary change detection Table 5 Evaluation index of binary change detection

performance on the SECOND dataset

performance on the Landsat—SCD dataset

0A F1 p R loU  Kappa 0A F1 P R IoU  Kappa
HRSCD-str3 0.853 0.615 0.617 0.613 0.444 0.525 HRSCD-str3 0.898 0.793 0.796 0.789 0.657 0.725
HRSCD-str4 0.874 0.665 0.657 0.673 0.498 0.587 HRSCD-str4 0.908 0.810 0.796 0.824 0.680 0.749
Siam—UNet 0.879 0.675 0.662 0.688 0.509 0.601 Siam—UNet 0.875 0.746 0.746 0.745 0.594 0.663
Siam—Deeplabv3+ 0.877 0.677 0.679 0.674 0.512 0.601 Siam—Deeplabv3+ 0935 0.856 0.784 0.942 0.748 0.814
SSCDI1 0.887 0.684 0.640 0.731 0.520 0.616 SSCDI1 0.895 0.787 0.785 0.788 0.648 0.717
Bi-SRNet 0.887 0.695 0.676 0.715 0.532 0.626 Bi-SRNet 0.898 0.790 0.780 0.800 0.653 0.723
ReTNet(Ours)  0.888 0.695 0.669 0.723 0.532 0.627 ReTNet(Ours)  0.914 0.862 0.861 0.862 0.757 0.816
TE - ML b e (L, i R i A AR T« LA o de AR, i S e et D (i
HRSCD-str3  HRSCD-str4  Siam-UNet Siam-Deeplabv3+  SSCDI1 BiSRNet ReTNet(ours)
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Fig. 10 Bi-Temporal semantic segmentation results of SECOND dataset
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Fig. 11 Bi-Temporal semantic segmentation results of Landsat—SCD dataset
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Table 6 Ablation experiments on the SECOND dataset

1%
0A mloU Sek F,
Baseline 8550 6856 1528 5498
Baseline+DE 8597 6921 1602  56.09

ReTNet(withoutDE) 86.34 69.76 17.56 58.04
ReTNet 86.79 70.24 17.84 58.00

%7 Landsat-SCD #{#55 FH5ERASIIE
Table 7 Ablation experiments on the Landsat—SCD dataset

1%
0A mloU Sek F.,
Baseline 9023 8261 4077 75.76
Baseline+DE 90.60  83.65 4238  76.28

ReTNet(withoutDE) 91.07 82.45 41.73 77.31
ReTNet 91.40 83.52 44.44 78.81
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Transformer Zi i 25 A1 5L JZ MA HEZ 1) Transformer fi#
T 45 ¥ L 1) P 2%, 22 A ResNet18 R AIE 4 OB He |
3 )2 MSA & [ Transformer Zi 545 F1 3 JZ2 MA #: &
F) Transformer f#E 15 &5 F4 % 10 I 28 . 254 ResNet34
FFIEAR UL BR 3 /2 MSA FLJZ MA #4522
ResNet34 FHEHRIBUREL | 3 )2 MSA HEE Y Transformer
Y250 3 )2 MA HE B 1 Transformer fif 6 2844 13 11

2% FIZEA: ResNet34 FRESRIUBIHL . 6 )22 MSA MES:
1Y Transformer it i 25 F1 6 | MA HE & 1Y Transformer
R A L R 4% . 2SR IAIE: SECOND ¥4 5
EEHIZRE ResNet34 B AORFESEIUBEH A i 6 )2
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5 MLP 3t 3 44 i Transformer fift % #5 44 1 i) 0 2%
BT B 3k 2 i . 7F Landsat-SCD (¥ 4 b
FHZEA: ResNet34 BT U RHIE 42 BB S AT ih 6 )2 2
KBAEES (MSA) . ZEEMAG (MLP) &R
Transformer Z@tB ¢y, 62 (ZLAZFEE T (MA)
5 MLP Yot S A4 B Transformer RS ¢ F4) B Y I 25 454
RIPERE IR R e fl . SECOND #4481 il # Ak 285 3
PP AR BRI ANIE 12, K 87N, Landsat-SCD %(
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Transformer SCD tBE 1M 15HR

Table 8 Performance evaluation metrics of five siamese

CNN and Transformer combination approaches

on the SECOND dataset
1%
OA mloU Sek F_
Res18_Trans31 86.19 68.42 15.11 56.51
Res18_Trans33 86.18 67.76 14.10 55.72
Res34_Trans33 86.79 70.24 17.84 58.00
Res34_Trans31 86.43 69.31 16.39 57.68
Res34_Trans66 86.60 70.01 16.91 57.62
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Fig.12  Exploration of different siamese CNN and Transformer combination approaches on SECOND dataset
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Fig. 13 Exploration of different siamese CNN and Transformer combination approaches on Landsat—SCD dataset
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Table 9 Performance evaluation metrics of four siamese
CNN and Transformer combination approaches
on the Landsat—SCD dataset

1%
OA mloU Sek F.q
Res18_Trans31 90.22 80.90 38.65 75.93
Res18_Trans33 92.12 81.55 39.87 76.07
Res34_Trans33 90.25 82.04 40.51 76.00
Res34_Trans31 92.74 82.75 43.11 78.19
Res34_Trans66 91.40 83.52 44.44 78.81

4 5w

AT T —F CNN-Transformer & 19 #f £8
P28 R, 2 A T i 2 S 1 AR B, i XU
IR 25 S RRAE 2 s 28 X AR A A5 B G T
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Semantic consistency assisted change detection in remote sensing images
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Abstract: Semantic change detection of remote sensing images plays an important role in ecological environment, land use, and land cover

monitoring. In recent years, deep learning-based change detection methods are the hotspot of remote sensing intelligent interpretation
concern; however, the existing three-branch semantic change detection methods lack consistency of change branch and semantic branches,

which leads to the self-contradiction of the bitemporal semantic change detection.

To address this problem, this study proposes a remote sensing image semantic change detection algorithm based on Siamese CNN and
Transformer. In the encoding stage, the Siamese ResNet34 network is first designed to extract the multiscale features of the image, and the

difference enhancement module is embedded to increase the attention of the change information; then, the semantic tokenizer is used to map

the feature map into compact semantic tokens, and the Transformer encoder is used to combine the bitemporal semantics and the change

information to model the “semantic change” consistency. In the decoding stage, different fine-grained semantic information is fused by the
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Transformer decoder using a hopping connection to generate a refined semantic feature map. Finally, the result of bitemporal semantic
change is obtained after upsampling recovery and mask multiplication.

Experimental results on the remote sensing semantic change detection public dataset SECOND and Landsat-SCD show that the
proposed algorithm can effectively focus on the change region, maintain the consistency between the change results and the semantic results,
and achieve excellent evaluation indexes and visual effects.

We can draw the following conclusions: (1) The proposed difference enhancement module can enhance the difference characteristics of
bitemporal remote sensing images and improve the network’s focus on change information. (2) The proposed bitemporal Transformer
module maps the difference information and bitemporal semantic information into semantic tokens and fuses them to model jointly the
“semantic change” information of the whole spatiotemporal domain in the token space, effectively modeling the long-range dependencies in
the images and the bitemporal contextual correlations. The long-range dependency in the image is effectively modeled, and the bitemporal
contextual relevance is modeled. The ReTNet network designed accordingly pays more attention to the change area and can accurately
detect the change location and recognize the change element type of the bitemporal remote sensing image.

Key words: remote sensing image, change detection, semantic consistency, difference enhancement, multi-scale features, siamese network,
ResNet34, Transformer
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