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Abstract: The hybrid architecture of convolutional neural network (CNN) and Transformer can effectively model lo-
cal and global features of images, and has emerged as the predominant choice for remote sensing images change detection
tasks. Nevertheless, these networks still confront challenges. The convolution and pooling operations employed by the
CNN branch typically suppress the high-frequency information of remote sensing images, resulting in decreased precision
of object boundaries in change detection results. Additionally, the Transformer branch equivalently models long-range de-
pendencies for all pixels in remote sensing images, thereby disregarding shape information and semantic associations of ob-
jects, which limits the network’s feature representation ability on changed objects in remote sensing images. To address
these challenges, a remote sensing images change detection network is proposed based on edge guidance and dynamic de-

formable Transformer. In the CNN branch, an edge information guidance module (EIG) is designed to enhance the edge in-
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formation of changed objects by leveraging the high-frequency details of images. This enhancement improves the edge ac-
curacy of the changed objects. Simultaneously, an innovative dynamically deformable Transformer (DDaT) is designed to
adaptively match changed objects with different shapes, selecting features relevant to changes to model long-range depen-
dency relationships and enhance the network’s feature expression capability. Experimental results show that the pro-
posed method significantly improves the detection accuracy on three public datasets: LEVIR-CD, CDD and DSIFN-CD,
and is significantly better than the current mainstream networks in terms of edge accuracy and internal integrity of
changed objects.
Key words: remote sensing images; change detection; high-frequency information; edge information; dynamically
deformable Transformer
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AEAE ™ H AR K (). 1 EGDDT i i 2415 B 5| S48
Y fnzsh 75 7] 28 Transformer B4 38 B¢, BE ﬁgﬁ/ﬁf@ b6
I ARG AT 55 14 /0N s 0 28 1 DXl 300 25, i £
e DX 118 5 2 AR 1, DA T sl £ 1 e A R R A

UL A

F1 AEEZXELEVIR-CDEEE FNESLRRER 100:%
W 2527 J7idk: Pre | Rec F, DIP
FCN-PP=¥ 82.09 | 84.48 | 83.27 | 83.24

AN STANet™! 86.14 | 89.39 | 87.73 | 87.65
IFN" 86.00 | 89.73 | 87.03 | 87.72

SNUNet"® 89.06 | 87.53 | 88.29 | 88.27

BIT?"! 89.24 | 89.37 | 89.31 | 89.30

Transformer ChangeFormer® | 92.05 | 88.80 | 90.40 | 90.28
SwinSUNet*! 90.51 | 89.72 | 90.11 | 90.10
Hybrid-TransCD"** | 91.45 | 88.72 | 90.06 | 89.99

EoHRE EGDDT(ours) 90.83 | 91.24 | 91.03 | 91.03

(2) CDD

F2VEAN AR A SC)y e  H AT 323 7 78 CDD
Bl DRI, R R e DR R I BoR . 1
CDD BHR4E b, AR SO vk 30 55, A1 L 30 vk an
SNUNet , BIT il Hybrid-TransCD, 4% 3CJ5 8 76 F, 43 50 1
43 ) 5 1.86% ., 1.18% 1 1.19%, £ DIP L 43 51l &
2.10% .1.17% 1 1.18%. F, F1 DIP {45 5 56 53 uEW] 1A

sunia,

-
e £ awr

N

o e
T T T |

-
-
-
-

P 3 .
T ZI B TiZIEE A% EGDDT FCN-PP STANet
&5

STANet

CDD i 4R T iy T AL

Toltd %) % Ty %) % HHRSE EGDDT FCN-PP

&6

SCHTHR 7 1 L

CDD a4 I (525645 5 nT AL 0 Fr an 81 6 i
Horp 2T HESS H J S 40 X . AR 52 2 A28 Ak X da, fnsfs
— AT HAL I R S RN A I RS
FEIR I GG 25 5 EGDDT W38 1t EIG A3 2% &1 Fl
EI U NS WSS IO BUE S5

A AT/

A VRER R A8 ARSI
N B b DX A8 AR AR A I HAth O 2 Y R BE

TR 2 57 bR AF 7R AN R R B 0 iR F &S . EGDDT
L DDaT SEHL 1 X8 Ab H A5 X8 1 A R0OC T
iy D AR I PG ) A8 A DX
R 2 A 52 2% i AR A DXl L BB AR SR m K, PR IE T
H i DX A 3 2 50 B PR A AR MR M L o — 2B UESE T

AERSTE

fid ey s A e A

EGDDT ZEH4 i A 2t
R2 AEEEECDDEBELHNESLRER 1%

o 2% 2 7 Jrik: Pre | Rec F, DIP
FCN-PP! 81.69 | 90.31 | 85.78 | 85.35
AN STANet™ 88.98 | 93.11 | 91.00 | 90.81
IFN™ 85.33 | 91.76 | 88.43 | 88.10
SNUNet"! 90.92 | 94.75 | 92.79 | 92.58
BIT?"! 92.80 | 94.02 | 93.45 | 93.43
ChangeFormer™ | 94.26 | 93.46 | 93.84 | 93.84

Transformer
SwinSUNet™! 95.70 | 92.30 | 94.00 | 93.76
Hybrid-TransCD™ | 93.86 | 93.02 | 93.43 | 93.42
FoFRS EGDDT(ours) 93.94 | 95.17 | 94.55 | 94.52

< :l'.'
- -
iR inng

IFN

lllll"
g g

SNUNet

SNUNet

| e,
-
-

BIT

LEVIR-CD £#54E T iy ] A4 4L

BIT

sente,
nes

e,

e ipEg w

ChangeFormer

<

piste,
1T

ChangeFormer SwinSUNet Hybrid-TransCD

SwinSUNet  Hybrid-TransCD
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(3) DSIFN-CD

T DSIFN-CD 58 45 b 5 A S vk Fn = At 7 gk ik
7T R, S5 RN 3 s . Hoh de iy 45 5 LURL
R . AR, AR SCT7 178 DSIFN-CD 04 4 bt B
TSR . AT H AT A =424 SNUNet BIT
F1 Hybrid-TransCD, 4% 3C J5 ¥ 78 F, 73 %0 b 23 5l e
7.90% . 2.67% 1 2.03%, 7& DIP |- 43 % &5t 7.87% .
2.67% F1 2.17%, W B Ik — 2 UF 52 EGDDT 1 A
R

P& 7 J&/R T 1E DSIFN-CD B 4E b 1 5256 ] fi ik 4%
e, LT HEZS Y FE A0 X3, AT DB 0% 3 LA vk
XoF BEAG Hh AR A DXI ) R 1 0 D . A5 — AT RIS — AT T
I, X T2 /NS AR XSRS R SE B T, LA T vk
AEAE 2 T 7 0 U A RS ) L, I L G It AS
HER  AEAE B S RN e AL . MR, EGDDT i i EIG

Ty %) IR FLSRRRE EGDDT

FCN-PP ST ANet

FIDDaT 1y H B T, BE A R PRIk 15 b AR AR X B
(1) 300 5 TR B 1 R 255 ) S 2 A 52 2% 1 AR A A T4 55
AT R AT AR, X AR Ak DX Y 0 RN A R
TR A B B A U P RE

#3 AEEEXEDSIFN-CDEEE FHNESBLERER 107 %

P 2% S 1 UIRES Pre | Rec F, DIP
FCN-PP™! 56.42 | 59.25 | 57.80 | 57.81

AN STANet™! 66.22 | 67.16 | 66.69 | 66.68
IFN! 72.36 | 63.86 | 67.85 | 67.82

SNUNet"! 62.47 | 69.74 | 65.90 | 6591

BIT?" 68.36 | 70.18 | 69.26 | 69.25

Pransformer ChangeFormer™ | 69.38 | 70.51 | 69.94 | 69.93
SwinSUNet™! 68.72 | 71.68 | 70.17 | 70.16
Hybrid-TransCD* | 68.79 | 70.42 | 69.69 | 69.59
T HRA EGDDT(ours) 70.28 | 71.96 | 71.11 | 71.10

IFN SNUNet BIT ChangeFormer ~ SwinSUNet  Hybrid-TransCD

K7  DSIFN-CD £t T iy al ik

(4) IREES T

FATIZ A B2 R 43 42 11 A EGDDT A5 Al
5 At X} H T 3 A 1 R AR A A A I v ) B
T DU FE 5 - F,  DIP A58 2405 (Params ) FlI
FLOPs, LR &5 a3 4 i . SEge 85 R0, A4
T F R Y Transformer M %% , EGDDT JL 4447 T = [IK 1Y

S5 A FLOPs , /% 5 T BIT A7 . 35 J& [ 2 BIT 4557
O G 5 Ak R 7 B 1 AE B8R 1T Transformer £
PSS EORIIORS FEAIG, e 5 b T 2 28 iR B
B E C. WAR, IRATHY I IRAE F,FN DIP Jy T K 3
e, ST A R S R A 2 B A
A

x4 FREFHTERERLERER

e Jrik L% DIvT% FLOPS/G | Params/M
LEVIR-CD | CDD | DSIFN-CD | LEVIR-CD | CDD | DSIFN-CD
FCN-pp?! 83.27 85.78 57.80 83.24 85.35 57.81 34.65 28.13
AN STANet"™ 87.73 91.00 66.69 87.65 90.81 66.68 6.58 16.93
[N 87.03 88.43 67.85 87.72 88.10 67.82 41.18 50.71
SNUNet"! 88.29 92.79 65.90 88.27 92.58 65.91 33.04 12.03
BIT™ 89.31 93.45 69.26 89.30 93.43 69.25 8.44 6.93
Transformer ChangeFormer™"! 90.40 93.84 69.94 90.28 93.84 69.93 202.83 41.01
SwinSUNet™! 90.11 94.00 70.17 90.10 93.76 70.16 21.19 50.95
Hybrid-TransCDP" 90.06 93.43 69.69 89.99 93.42 69.59 51.38 166.57
Lo HRA EGDDT(ours) 91.03 94.55 71.11 91.03 94.52 71.10 11.68 21.46
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(5) Iy AT AL Es R

7E LEVIR-CD $4i5 5 b %728 Al X I 285 2R 1y 407 ]
AR ST BT an 18 8 Fr s . AN R B I R) UL, EGDDT fig
RORAE T 8 BB R P 22 KB th 45 2, JF S8
IR WL 5IKE Bt T 05 B HERa b . Iksh,
EGDDT i By iff b DG 17 ASHEIU i) B FR A2 b X3k
PRAUE T H AN R e B vl . B 1 B R BB AR A
AT 55 A vERE , S0k T A SCHR i 45 B I % A5 B9
FEE I R B 75 7] 28 M Transformer 18 J7 2 BEWE 77 28 BF HER
SRy il o
4.3.2 HEAER

(1) ERHT LIRSS

T UE 2% v AN [ B B 1 A 80P AR N AR
LEVIR-CD #t4la % E3EAT T — RV B9 IH RS 50 50 M, 45
RN S PR, B AELE R DR R . AR SCLL4E Trans-
former JL4% #1125 A Oy FE LR M 2% . S0 25 LR B

AL X HK)
R
e LR

%8 7 LEVIR-CD ¥4 _Ery 3y 45

E1G F1 DDaT ¥ AT $& = 48 AL ke IOKS B2, 1 PR A7 i i 4
G LA — P TR I BE . LAk, AR 26 S50 mT DL
PR N b RN NS & S G S O N N T = 1.
S TR UE B T AR SCRT R H (Y EIG, DDaT LA K2 %% R [
5 T SR PG AR A AT 55 v A A 51k

R5 AEERELEVIR-CDEIEE IS ER

i Pre/% Rec/% F /% DIP/% FLOPs/G Params/M
Base 86.00 88.09 87.03 87.03 9.98 17.76
Base+EIG 88.91 89.31 89.11 89.11 10.39 18.29
Base+DDaT 89.58 90.87 90.22 90.20 11.27 20.94
Base+EIG+DDaT 90.83 91.24 91.03 91.03 11.68 21.46

(2)  EVEHT LS

N T 2R BRI AR SCHR I B AR B A
FATREAT T Al AAL B, AR 9 Bz . ANES SR T L
HE ARSI T EIG BS54 RE % S -
GRS Ribpuke IEPSINITE ST =B1E- STk S
DDaT (51 AL 5 1 0 265 %) A2 Al DX A 78 5 B 1 1Y
Rl . e 2, i BB A IR R A P, 9265 S B T i
ERPERER I

*************************

Baseline+EIG  Baseline+DDaT EGDDT

LY
Ty ZIE % HYbReE Baseline

K9 NEFEALE LEVIR-CD B4 T 0y il oAk 2%

5 #Hie

AR SCHRE S — i T 2 SRR AR AL A ARG T F i R A
EGDDT 4% . EGDDT i 1 i 215 8.5 | AR B AN sh 25 7]

AF Y Transformer (1) B2 R , A 2R B T 3 IR B4
FP A Ry AN T R A R4 Ry i SCRMIE , D T 2 i JER
G AR A AT 55 19 E 2R . 72 = AN TF AR ks
LR 4L R SCBe 25 SR , EGDDT BE W8 7E 3 /b
I 26 B0 I 0 (IS T R e U R DN 25 21, 1B 3
P T ASR R B BE . AR S e b, FRATT TR
EGDDT H % £ B EAfE ) g FH 21 5 32 1 Bl 4 1
I o R A BT | AHT AR B i DR S A R AR
NI IAT 55, LA ST A R SR PR ARG, 2 e e J R
1RSI B PEBE .
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