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Abstract: Modern high-resolution remote sensing images have achieved remarkable results in change
detection with the aid of convolutional neural network (CNN). However, the limited receptive field of
convolution operations leads to msufficient learning of global context and long-distance spatial relationships.
While visual Transformers effectively capture dependencies in remote features, their handling of details in
image changes is insufficient, resulting in limited spatial localization capabilities and low computational

efficiency. To address these issues, this paper proposes a multi-level cross-layer linear fusion end-to-end
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encoding-decoding hybrid CNN-Transformer change detection model based on dilated spatial pyramid pooling,
combining the advantages of visual Transformers and CNN. Firstly, image features are extracted using Siamese
CNN, refined through dilated pyramid pooling to better capture detailed feature information. Secondly,
the extracted attributes are converted into visual words, and a Transformer encoder models the compact
visual words, feeding the learned context-rich labels back into visual space through a Transformer decoder
to reinforce the original features. Thirdly, CNN features are fused with the features from Transformer encoding-
decoding through skip connections, facilitating the fusion of position and semantic information by connecting
features of different resolutions through upsampling. Finally, a difference enhancement module generates
difference feature maps containing rich change information. Comprehensive experiments conducted on four
publicly accessible remote sensing datasets, including LEVIR, CDD, DSIFN and WHUCD), confirm the
efficacy of the proposed approach. Compared with other cutting-edge techniques for detecting changes, the
model presented in this paper achieves superior classification performance, effectively addressing issues such
as under-segmentation, over-segmentation and rough edge segmentation in change detection results.
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Fig. 6 Cross-hierarchy linear fusion
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Fig.7 Difference enhancement module
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Fig.8 Experimental Datasets. (a) CDD; (b) DSIFN;
(¢) LEVIR; (d) WHUCD.
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Pre) . A [7 % (Recall, Rec) \F1 £& ¥t (F1-score) .
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Tab.1 Confusion matrix

B SURIURTERIA

1% 1 EA 145l

1E ) TP(TruePositive) FN(FalseNegative)
75 FP(False Positive) TN(True Negative)

(L) RS0 B (Pre) - 2 R S AR EE T B8 7E
U IE A A BT ) o 1, 501 v, O P A TR
PERERE L 5 o R T K (2) 115

Prezi. (2)
TP + FP

(2) A R (Rec) « A 1] 508 52 R IE A AR Ho AR
AU TE B T ) A0 Ll A5 (8 BR  150 B R AU T I S A
AR, ORI OL . A WA 3) 15

RecziTP ) (3)

(3)F1 &% (Fl-score) : i iy B A1 4 0] 3 (1)
ZEA VR T8 b, 38 o oF 5 0 R AT 2 8
tho HAEAN T 0~12Z 0, Hrh 1 RoR m e RE,
OF iz, FIRHETHR(4)T5E .
:2><Pre><Rec (1)
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P BE 1Y A% 0 48 b, BE B8RS 1 b Jrg IS 1Y 1% 1R 1) fig
J7, WA B WA B BE T o R R R DU AR A
PP RE T bk . R MERR 0] 2 (5) 5.

OA = TP+ TN . (5)
TP+ TN+ FP + FN

(5)3FH e (ToU) : F T VAl B 52 AE 5 FUi e
Z )R AE DGR B Bl A OC B R 4R T L % bR A
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3.4 JIESHERERE
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Tab.2 Experimental configuration

Parameter Configuration
(ON] Windows 11
CPU Inter 19-13900K
RAM 128G
GPU NVIDIA GeForce RTX 4090
Language Python 3.9.13

GPU Acceleration Acceleration CUDA 11.8

CUDNN Version V8.9.0

3.5 HEHW
3.5.1 g

45 J AT R4k Lb 3 A A SCAR b A A TR A
M WHUCD .CDD ., LEVIR #l DSIFN P4/~ % 4 4
1AL, IR 25 R 5 SOk b R 1 7 Rh O A AT
P, 4B 4 1 AT IR AR L 35 Gn 18] 9~12 R .
Pl rf A ) 68 R s ks I 45 5 TP 8 ) (TN
(Bfo) FP(LI{n) FN(&{),

TE A AL B 5 CDD A SCHE H A A 80
AHEE T AR B IS T 5 o P i 25 8L, 9F B A
T IV 2 Y AR Ak T A R R 5 e 7 TR B Ry A
S50 R PEAE IR A b4t SR R B R AL
TE O B HE5 AR A 25 S X e rh AR SO AR R
TE R i R AT R 50 5% b 4R IO fb i i SR L O
H iy S R A Al A e /b o I Ah AR SCdR
H P AR TR TR X6 G K/ IN 1 R AR R O 4 L P 4
P 1 B M AN T A S L R B e B
5. W% Z F,FC-Nets(f4{ T FC-Siam-conc,
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B9 AFJFILTECDD SR 4E g5 T #ifk : TP ) JTN(ER () FP(4If) FN(4 ).
Fig.9 Visualization resualts of different methods for CDD datasets: TP(white), TN(black),FP(red),FN(green).

K10 R[EJrE7E DSIEN B 4 ERy g R al il L . TP ) TNCR M) FP(ZLE) FN(&0) .
Fig. 10 Visualization resualts of different methods for DSIFN datasets: TP (white), TN(black) ,FP(red),FN(green).

BI11 ARJrikfe WHUCD $dla e B4R al 94k TP ) TNCRE) FP(ZL6) FN(& ).
Fig. 11 Visualization resualts of different methods for WHUCD datasets: TP(white), TN(black) ,FP(red),FN(green).
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Fig. 12 Visualization resualts of different methods for LEVIR datasets: TP(white), TN(black),FP(red),FN(green).
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1 5 AR L B0 48 WHUCD A LEVIR 1,
Bk T FC-Nets Z Ah, K 2 BOrE AU HS Al DLk I 1) 45
KA fk . Hd , STANet fil DMINet 7= /=
B2k h %, SNUNet . USFFC-Net fil DGMA*Net
T 57 DR ORI A e el U B A Y TRTE , TS BIT A
SCASE TR AT L o iy b A 0 A Ak T 0 555 R ) R
XTI SR AL, R AR SCRERY LT AT LA IX 43
PR AT /N AR A XS 5 X & FC-Nets . ST ANet
FI SNUN et 5 7 57 5] Jak 52 B (%) BR i) , 177 BIT A5 Y
W) 2 G2 40 ¢ i BRI, B3 LR PR i 4
AR A RS WE 12 iR B T A SO
T 22 A, Al A5 Y % A5 A I 2] LEVIR o (1 £
INEE S AR A

P& 3~3K 6 LLHR T A SCHT i H A5 78 R %) L A
B E I IE4E 3 . £ CDD \DSIFN , WHUCD
M LEVIR $tds 46 b, Fr & B ALEE BT 4 S48 45 rh
#h Ik B T K . AE CDD B 5 v e B B
F1 43 % . ToU K B2 AL A [l 23245 512 99. 11% .
92.75% .96. 24 % .96. 43% F196. 03 % , 4 T [F] 2
R R (BIT)0.56% .4.5% .3.83% H10.88% .
TE DSIFN 4l 45 v, BO9R Fir A 7 2 0% R DA
HOA 5, fEL AR SO A AT LUK T B 2 AR AL (R &
IXCAERG B AL ] S5 2 T A T AR A A . A
LEVIR #il WHUCD # 50 % 4l 45 v, 28 SRR [
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Tab.3 Comparison results of the methods on CDD dataset

%

Methods OA ToU Fl1 Pre Rec

FC-Siam-conc 96.36 72.77 84.24 86.21 82.36
FC-Siam-diff 95.76 68.79 81.51 83.88 79.27
ST ANet 97.80 83.60 91.10 88.00 94.30
SNUNet 98.89 91.01 95.29 95.45 95.14
BIT 98.55 88.25 93.76 92.41 95.15
DMINet 98.78 72.36 83.97 90.18 78.55
USFFC-Net 98.66 89.24 94.31 94.37 94.26
DGMA®*-Net 98.39 87.79 93.50 89.36 98.04
Ours 99.11 92.75 96.24 96.43 96.03

&4 DSIFN HiFEXILEXBWER
Tab.4 Comparison results of the methods on DSIFN dataset

%

Methods OA ToU F1 Pre Rec

FC-Siam-conc 87.57 42.56 59.71 66.45 54.21
FC-Siam-diff 86.63 45.50 62.54 59.67 65.71
STANet 88.49 47.66 64.56 67.71 61.68
SNUNet 87.34 49.45 66.18 60.60 72.89
BIT 89.41 52.97 69.26 68.36 70.18
DMINet 94.45 73.46 84.70 79.62 90.47
USFFC-Net 93.23 64.49 78.41 85.67 72.29
DGMA®-Net 93.33 69.66 82.12 75.42 90.12
Ours 96.71 82.65 90.50 88.79 92.27

®5 LEVIREIEEI LR
Tab.5 Comparison results of the methods on LEVIR dataset

%

Methods OA ToU F1l Pre Rec

r [ %71

FC-Siam-conc 98.49 71.96 83.69 91.99 76.77
FC-Siam-diff 98.67 75.92 86.31 89.53 83.31
STANet 98.66 77.40 87.26 83.81 91.00
SNUNet 98.82 78.83 88.16 89.18 87.17
BIT 98.92 80.68 89.31 89.24 89.37
DMINet 98.97 82.11 90.18 87.74 92.75
USFFC-Net 99.04 82.54 90.44 89.37 91.53
DGMA*Net 99.03 82.29 90.29 91.82 88.81
Ours 99.08 83.29 90.88 91.98 89.80
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Tab.6 Comparison results of the methods on WHUCD
dataset %

Methods OA IoU F1 Pre Rec
FC-Siam-conc 97.04 49.95 66.63 60.88 73.58
FC-Siam-diff 95.63 41.66 58.81 47.33 77.66

STANet 98.52 69.95 82.32 79.37 85.50

SNUNet 98.71 71.67 83.50 85.60 81.49

BIT 98.75 72.39 83.98 81.48 86.64

DMINet 98.97 79.68 88.69 93.84 86.25
USFFC-Net 98.93 80.49 89.19 88.67 85.23
DGMA®*Net 97.93 67.20 80.38 68.04 80.17

Ours 99.23 81.75 89.96 92.76 87.34

3.5.2 HEkEk
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FEJIF 0 e S B L A5 FLAME08E 7+ 17 0. 64 %0,
B Ah, #E ASPP E Al S DEM 5%, Transformer
BB, F1 o oo 4R T+ 1 43800 M1 3.9% .
2 3B A AT Base W46 F 140 %0
6.31% , Fu 40Uk W] 1 Jr 4 9 25 A e S HE 2 & i A
REE S X e AR T TR AR RE Dy 1 I
AR AR ARSI B AL T T AT RE R S

7E LEVIR 84 4 b 9 S8 25 R U0k 8 i o
T A ASPP LS, il Db F 140 B0MH 38 T
fifi Y 4 Base #&F+ 7 0. 18 %, DEM BLHL i1 fin A
R B ROR A P18 T T 0.19% . &
B M ] Transformer B 5 I 14 RERG A T [ L (H
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Tab.7 Ablation experiment results of the methods on DSIFN dataset %

T ASPP DEM Transformer OA ToU F1 Pre Rec
Base X X X 95. 00 72.71 84.19 90. 84 78.46
Base+A N/ X X 96.12 79.29 88.45 89.43 87.49
Base+D X N X 95.08 73.66 84.83 88.99 81.05
Base+T X X N/ 95.55 76.09 86.42 89.71 83.36
Baset+A+D J N X 96. 14 79.49 88.57 89.21 87.94
Baset+A+T N X N/ 95. 84 78.71 88.09 85.80 90. 50
Base+D+T X N N/ 95. 36 75.63 86.12 87.61 84.68
Ours N/ N NG 96.71 82.65 90. 50 88.79 92.27

55 H AR B 45 Al R s, i — 2D R S
ZFEH , ASPP 5 DEM 8% Transformer 20445 Bl
F148042 74 0. 18% 10, 11% . 4,3 i it
[] el ) A 2050 S o g 8 3, F 140 BOAR 48 T KL il 1) 2%
Basefitfm 1 3. 2800, X —HURFE S AE 1 AT
& O £ AT (0 A 0 B 2 (o 1 e i Dk i
TSR ARG 47 A 1 & R AL T 1 o

E WHUCD #0855 [ s2 56 45 S an k& 9 i
7N o L 7E LA X 2% 1 AR B ASPP BRI Bl T

W F1Ar BB T il 9 46 Base 3818 7 1. 297,
U AN, il I DEM B He s A5 1 5 35 sl sk, 16 15
F1 RO T il X 2% Base 8+ T 2. 49% . 7E
EL 28 ASPP AL (g L aili I, AT — R R
7 5 DEM il Transformer 18 8 (% 20 &5 %R o 52
B85 R WK X MR AL A A B F LAy S8 T T
1.8% F10.89% . {HfH—#M 2, 7 Transformer
B LR L fE S — 2R AR A R s T
DEM 6 He | 3 — 24 5% i 25 s 17 A48 4k X 42 1) 58
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Tab.8 Ablation experiment results of the methods on LEVIR dataset %

il ASPP DEM Transformer OA IoU F1 Pre Rec
Base X X X 99.05 82.66 90. 51 92.45 88. 64
Base+ A N/ X X 99.07 82.96 90. 69 92.00 89.41
Base+D X NG X 99.07 82.98 90. 70 92.19 89.25
Base+T X X N 99. 04 82.31 90. 30 92.74 87.98
Base+A-+D N N X 99. 07 82.96 90. 69 92.25 89.18
Baset+A+T N/ X N 99. 06 82.85 90. 62 91.70 89.57
Base+D+T X N/ N 99.05 82.66 90.51 92.19 88.89
Ours N J ~ 99.08 83.29 90. 88 91.98 89. 80

R9 WHUCDHEEHEMIBER

Tab. 9 Ablation experiment results of the methods on WHUCD dataset %

il ASPP DEM Transformer OA IoU F1 Pre Rec
Base X X X 98.72 76.49 86. 68 85.22 88. 16
Base+A N X X 99. 04 78.52 87.97 87.72 88.22
Base+D X N/ X 99.12 80.45 89.17 87.56 90. 83
Base+ T X X J 98.79 74.33 85.28 82.17 88.62
Baset+A+D NG N/ X 99.10 79. 34 88.48 89.73 87.26
Base+A+T N X N 99.01 77.89 87.57 86. 87 88.29
Base+D+T X N/ N 98.97 76.92 86.96 87.67 86. 26
Ours N NG NG 99.23 81.75 89.96 92.76 87.34

https://www.cnki.net



r [ %71

5 10 4]

WAV, 55 BT CNN-Transformer 25 #4 i) 32 J8 52 15 748 AL A6 1375

MR R P R P A B T 1. 37 %,
2, 3B L R 41 A FH B, HEAUR 5ok
% HEC T IER M4 Base ,F1 0803255 1 3. 28 % .
X — 45 FE T K T T B N 4 A5 B B A Ak
I AR 20 A A R 6 O v i o
3.5.3 FIJ WLk

Bl 13 %F b T AR SCHR H AR R R BIT A5 0 7 1)
GRAE MBS UESE L] AL ZE SR R T 22t 2004

epoch I I ZR4E FN IS IEAE B3 F 1434k, D%k
Bl 0 L BOR B A SCREARY R B T PR A i 8
B REWS DL T IR0 B2 A R4 3k 3 A
MIINZREE 0L o 78 50 IR B 42 Jy T, AR SORE AL 3R 91
WOk e, A RIFrZ Ak aE Jy , i BIT #&5Y Fif
epoch G IR G K, P BB e th i 2. X it
— 3 UFBH T Transformer 1 UNet [ 4% 75 1% 8% & (%
AR A rh 2 B ORI 2% ) iz Ak g

B 13 2= i &y ALt . (a) CDD U ZR2= 2 4k 5 (b) CDD BiE 2= 2 46 5 (o) DSIEN Yl Zh2# ) il 4 5 (d)

DSIFN $5iE2= ) il 46 .

Fig. 13  Learning curve visualization comparison. (a) Learning curve from CDD training set; (b) Learning curve from CDD

verification set; (c¢) Learning curve from WHUCD training set; (d) Learning curve from WHUCD verification set.

3.5.4 BER RKR A FHH

AR SCEC) T A 52 I e R BRI Y [ B R AR
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Tab.10 Model parameters and efficiency analysis

Methods Params/M FLOPs/G DSIEN LEVIR WHUCD

IoU/F1/% IoU/F1/% IoU/F1/%
FC-Siam-conc 1.07 4.07 42.56/59. 71 71.96/83. 69 49.95/66.63
FC-Siam-diff 0.87 3.47 45.50/62. 54 75.92/86. 31 41.66/58. 81
STANet 16.93 7.21 47.66/64.56 77.40/87.26 69.95/82. 32
SNUNet 12.03 54.88 49.45/66.18 78.83/88. 16 71.67/83.50
BIT 3.55 10. 59 52.97/69. 26 80.68/89. 31 72.39/83.98
DMINet 6.24 14.55 73.46/84.70 82.11/90.18 79.68/88.69
USSFCNet 1.52 4.86 64.49/78. 41 82.54/90. 44 80.49/89.19
DGMA*Net 37.10 18.10 69.66/82. 12 82.29/90. 29 67.20/80. 38
Base+ ASPP 4.85 14.58 79.29/88. 45 82.96/90. 69 78.52/87.97
Base+ Transformer 4.18 13.35 76.09/86. 42 82.31/90. 30 80.45/85. 28
Base+DEM 4.19 13.54 73.66/84.83 82.98/90. 70 74.33/89.17
Ours 4.85 14.78 82.65/90. 50 83.29/90. 88 81.75/89.96
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