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Abstract: In recent years, deep learning has demonstrated excellent performance in the field of change detection. However, there are
still shortcomings such as unclear fine-grained boundaries and internal voids caused by the loss of detailed information and insufficient
semantic information in terms of false detections and missed detections. To address this issue, this paper proposes a new multi-scale
adaptive fusion network ( MSAF-Net ), which uses ResNet as the backbone network. Firstly, it presents a feature difference fusion
module (FDFM) , which can roughly extract boundary information from changed regions through simple operations. Then, to tackle the
problem of lost detailed texture information, a multi-scale dual-feature fusion module (MDFM) is proposed to aggregate low-level texture
information and high-level semantic information from multiple receptive fields. Furthermore, to solve the problem of insufficient high-
level semantic information in complex scenes, a feature synergy enhancement module ( FSEM) is put forward to extract deeper high-level
semantic information by enhancing the fusion of feature information between branches. The integration of the FDFM, MDFM, and FSEM
modules enables efficient and accurate pixel-level change recognition. The network adopts a dual-stream-single-branch architecture and

improves performance through the following key technologies: performing difference processing in two stages, combining the shallow
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FDFM module to capture detailed differences and the deep MDFM module to conduct cross-scale feature fusion; and introducing the

convolutional block attention module ( CBAM ), in the feature fusion stage to adaptively weight important changed regions. The
experimental results show that MSAF-Net achieved F1 values of 90. 71%, 91. 71%, and 82.71% on the LEVIR-CD, WHU-CD, and
SYSU-CD datasets, respectively. Compared with the current mainstream methods, the performance has improved by 0. 14, 1.2, and

0. 87 percentage points, respectively.
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SR (N A 398/ 55 /0 A b i B 7 A A 3 A A AR
DI AR AL ) FIEESR IR 30k S U] 265 P o 32 R PR 15
PR R RIAR 2 (1 B aefk,0 RRAAE) i
TR, BAFEARES R — D N7 ERE, R 5 th 7 —A>
NIRRT A A B e S5 A T

2) WHU-CD , iZEda 5 B 7E 2012 458 78 24 3L
b AR 5 0 ST IR A A B AR B — X A B R
(0.2 m/pixel)l‘%@@{%zﬂﬁ, JE R BRI /N R 32 507 x
15 354 pixels, 256 H0RE EUS 50 E B 256%256 pixels K/
Y UGB, oy El e R v e A XK, 25 S A R
FI LB AN 8 1+ 1, 3K 6 096 X L 11 2k
£E 762 X MR B E S AT 762 Xof G B4

3) SYSU-CD, A& SCHF 58 i ffi FH 1% SYSU %4 48 i
20 000 X 2553 BE3 (0. 5 m/pixel ) BEIRIEMG A AL, 508 14
B KN K 256 %256 pixels,, HHE 5 £ 45 7 He b X 1 7=
JEEES e VR X AR SE i A, eI Rt R, AR
SCE DR BB AR A bR v B o5, I 50 A
AL BT 3R 6 2 2 2, FRZARTS 12 000 XF EUZ A
ZRAE 4 000 X EHR A SIEEE FN 4 000 X R A I A 4E
3.2 EfEIEkR

i i PyTorch HEZRFY AL AY JF-7E 8 GB W AF 1Y
NVIDIA GeForce RTX4060 Ti GPU F#47I%5:, AdamW
Ak #s T iR /IME R 2 A R B 1x 107, #IhG
222 (initial, ) 7 1x107* 25K R 8, ILEK/INH 8,150
A epoch, LRSS, A T PRAL BT HE B30k 004 Rk, 5
W SOCHAE M (P,) A EIR(R,) F1 8k, ki
B (OA) I3 I H (ToU) SEFR AR R PPAG AR ARSI, &5
R Rk A 15 A6, T 8 9 0 236 T i A IR b 0/ R A
{E R R R HERR AT TR A =X (20) ~ (24) s,

TP
Pr= (20)
TP + FP
TP
Re = (21)
TP + FN
P, xR
F,=2x (22)
P +P
TP
oU=———"—— (23)
TP + FN + FP
TP + TN
(24)

TP+ TN + FN + FP
TP R ELBAMEREA K TN R I HEREAEL FN
TR BRI HEREA K FP Fem IR PR RE A S,

3.3 EiExtk

Wit 5 8 F ek kAT A E Y LR IR
FHE R R, S 35 T ORI BB R 4
FF5 4 HE T CNN B85, FC-EF |, FC-Siam-Di , FC-Siam-
Conc, %54 CNN 5 & J1 ML #9 £5 %, DTCDSCN
SNUNet .DMINet, #:T Transformer [ . BIT STANet,

1) FC-EF , F XU 2 Jak 5 3 122 K, SR i i A 2]
&R 45 A AR LA

2) FC-Siam-conc , $& HOBURE AH B8 1) 22 J2 3 1E |, I 38
TR I I P AN i B T B ARSI AR AL

3) FC-Siam-diff , | FH A% i H 2 > 34 £ 1 46 Xf 22 57
PATRF R , DSBS AH B A ARG I

4) STANet, —FhFE T Siamese FCN A2 {46 I 5 % |
FIFH 4 738 B 23 1 B RSOk B AS [R) RUBE 9 B 23 K it
K F, TR B G 2, DATE I 45RO/ B R

5)SNUNet, 2 ROEFREEPF 7 5455 T Siamese 9]
24 FIl NestedUNet , F T HEHUZE ROBEHRE | 75 iR i 75 1)



57 3

BT X3 SCRFAE Rl -5 T AL AR A I o 2% - 251 -

—J2 IO A R AR AR IR IE RN

6) BIT, 4 ti XU AH & 45 72 46t &% ( bi-temporalimage
transformer) , FH K 5 J2 R ME A& i 1 A2 Ak g i Ry B R
P SCAF 5, DT A A0 b 2 A% 00 B A P14 v 1 32 J% 1
T,

7) DTCDSCN , —Ffi 3 XU {4 7 g MLl 4 3 R
SRR VS IN T A [ R RN T A, DU B
SEELRN R0 7 B RRAE 338 5 AR A AS I A R

8) DMINet, —Ffi 25 A X 28 | 7 3 A5 25 5 R AiF 2 A 58
HOWEF AR, 254 H R a8 E R 15 S84
AW 4 Jmy FRAE 43 A, A E 9 FE B IR KR Z H B A5 B
Ha .

£ 1~3 4354 T4E LEVIR-CD (¥4 . WHU-CD
HRAEF SYSU-CD BRAE L iye i g iR

&1 LEVIR-CD #E&E LZEMATENEELRER
Table 1 Results of the quantitative comparison of the
various methods applied on the LEVIR-CD (%)

Jrid P, R, F1 ToU 0A

FC-EF 80.79 75.67 78. 40 65. 46 98. 01
FC-Siam-Diff 87.55 81.23 84.32 70.97 98. 35
FC-Siam-Conc ~ 91. 99 76.77 83. 69 71.96 98. 49

STANet 81.48  86.70  83.14  72.50  98.11
SNUNet 91.12  88.43  89.91 81.63  98.99
BIT 91.51 89.37  90.12  81.60  98.98
DTCDSCN 88.42  86.56  87.79  78.15  98.77
DMINet 92.12  89.29  90.57  82.80  99.07
AL 91.23 90. 55 90. 71 83.90  99.13

&2 WHU-CD Hif& LA EMH AT ENERILRER

Table 2 Results of the quantitative comparison of the

various methods applied on the WHU-CD (%)
ik P, R, F1 ToU 0A
FC-EF 70. 05 73.24 72.24 60. 14 97.51

FC-Siam-Diff 73.53 76. 64 75.54 60.78 98. 10
FC-Siam-Conc ~ 72.67 75.45 74.10 61.04 98.03

STANet 71.34  67.89  69.23  65.32  97.83
SNUNet 85.55  81.63  83.71  71.23  98.69
BIT 89.64  85.36  88.13  80.01  98.78
DTCDSCN 85.62  82.47  71.95  67.15  97.42
DMINet 93.81  88.29  90.51  85.28  99.27
e 93.53  90.55  91.71 85.90  99.42

F# 1 nJ %0, 7€ LEVIR-CD $(¥E4E LY F1 10U 545
A3k E] 90. 71% .83. 90% , #i# T FC-EF . FC-Sima-Diff |
FC-sima-Conc , DTCDSCN , SNUNet , BIT , DMINet 77 &5, F1
{3 42T 12.31.6.39.7.02.3. 44 .2.95 1. 80 .4. 34 4
H 4 iy OA 48 b1 35 3] 99.13%, L5 2 & K

BIT(98.98%) f it 0. 15 NEH 43, B3R 2 v 5, A 3007
BETE F12380(91.71%) 1oU(85.90% ) F1 OA(99. 42%) 3
RS ISR EE R R (90. 55% ) %k 3 i 5e H
i, P,(93.53% ) XK T DMINet (93. 81%) , 25 51X
0. 28 ANE S 22 Al AR SR A WHU-CD %L
P AR ST 4 T X A ) M R T A R AE AR AR A
DU S8 B R S HE B I T RIS 1 AR P, AR
T DMINet, (HTE R, \F1 5B A W WAL 30 A STy J7
RIS A R A A I A AL X N 5, K3 N
SYSU-CD ##ii4E b5 i LU 25 28, FE A5 BT HE Rk 3k
AL ZE NGO A ST A 2 AR U e R 45 3
loU ik 5] 71.80% , # K f 77 % DMINet ( 69. 28% ) #& Ft-
2. 52 ANE 43 A5, R WA AR AR A DX R Y 2 ) 2 A7 5 AR
W UHAED A3 LR R R, R (83.53%) &
DMINet( 81.29% ) $&T} 2. 24 AN [ 43 A5, 158 WA AR R X6 B 512
AR IX 358 A T 6 2R AR, RE A8 A S5l AR /N R k55 S
Asfb. F1080(82.71%) F1 OA (91.92%) ¥ &4k, F
i TSR S A R G, AR b 5oy 2 h R
PR Y R AR TR G U M % (1 FC-Siam-
Conc) ,F1 7382 T 5.29 A EH 4355, 0A #2271 2.89 1A
O3 R BUE T AU SRR LA S T R AL A B RO Ry
TS rh A R

&3 SYSU-CD HiEE LMAMZMAEZHNEELRER
Table 3 Results of the quantitative comparison of the
various methods applied on the SYSU-CD (%)
DiRiS P, R, Fl ToU OA
FC-EF 72. 15 77.42 75.29 61.03 87.36
FC-Siam-Diff 78. 68 70. 34 72.84 61.58 87.83
FC-Siam-Conc 72.27 80. 15 77.42 62. 44 89.03

STANet 75.72 79. 49 73.53 62.32 87.81
SNUNet 77.32 80. 11 78. 69 64. 87 89.77
BIT 79.74 76. 45 78.23 64. 47 89. 98
DTCDSCN 78.12 80. 17 79.95 67.15 89.92
DMINet 82.21 81.29 81.84 69. 28 91.27
AL 81.53 83.53 82.71 71.80 91.92

AR EAE LEVIR-CD \WHU-CD #1 DSIFN-CD %3
B LT IAE SR IR 4 iR, A T A HOULES £
ANFE B R 2 R TP(£A) IN(BM) FP (K
28) R FN(SEZK) . ASSCAYTT T4 MSAF-Net 5 HoAh 77 A4
FER B 0, 50X 5 T — 4R 25 5 0> T e

&5 fif s AR 5 78 LEVIR-CD 03 4 | i 45
B XSS AR B FLAT R A7 AR R R 4
NG RFEMEX Sy, BAEL =R, 5 H AL
Fb , ARSI MSAF-Net W46 BURS T 54 (1 000 45 5, 3 2od
MDFM 8 H FDFM , 38 32 A B0 322 0 L 0G0 R AE
Tl 1 2 FVRR I 25 S R I A B i B2 B 22 (1% 40 75 7 3
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FC_Siam- MSAF-Net
Ground Truth FC-EF  FC-Siam-Diff ~ Conc STANet  SNUNet DTCDSCN BIT DMINet (A3CHE)

) < <3

K15 MSAF-Net 5 AT AL LEVIR-CD b A9 FUINI 45 Ho Ak
Fig.5 Comparison of prediction results of MSAF-Net with other methods on LEVIR-CD

AR L 7 A S AR DN 5 A S ) 30 % T A SCH) MSAF-Net [ 4538 1 FBFFM Al FDFM , 38 &+
K 6 7 AR5 ik A WHU-CD %&TE%LE‘JQ* T PSR T 0 ML R AR A Rl 1) D7 125 RRR I 22 e A6
BRI E  SOR ST AR AR (L, JE B B2 R B AR S B RE)R il FBEFM *ﬁﬂ%%ﬂ‘

LTRSS Rk 7L N /N JITE I RS L%‘%Eﬁﬁffi B BRE AR B, A0S PR AT B0 AR B T AR %
TURE R MRS 1 86 DS A W oy s S, A D e AR A, SRR AER,

FC_Siam- MSAF-Net
Tl T2 Ground Truth  FC-EF  FC-Siam-Diff ~ Conc STANet SNUNet DTCDSCN BIT DMINet (A3CH )

2

EEEEEK

SN
o o e et et e B e
3 2
| Bleisisislsisislslsis

6 MSAF-Net SHAlJik7E WHU-CD LR BIINATR ik
Fig. 6 Comparison of prediction results of MSAF-Net with other methods on WHU-CD
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B 7 i MR T B 7E SYSU-CD B 45 F i 4s 5
RN SN E AR R ARk, T
TNAE 2y AN 07 1 B ARG AR ARG I 42 S o . RAE

FC_Siam-
Ground Truth FC-EF  FC-Siam-Diff Conc

T1

—
o

I\
"I}
"I}
"'\

b
1

i

-
!
!

=
L
L

4

BTN
LT
K i I

I, AR SCHY MSAF-Net 3BS85 0 B 25 5, /R B T MSAF-
Net W28 0 642 355t T & Wby ik o 4y b Ak AN
Bt AL BUS T s A PERE

STANet

MSAF-Net
DMINet (&3CHE)

7 MSAF-Net S5 ALJ HEAE SYSU-CD L AGFIUIIES S LA
Fig.7 Comparison of prediction results of MSAF-Net with other methods on SYSU-CD

3.4 jHBhsCIe

T B iE MSAF-Net 45t & I AR T, 48 SCHE L)
b 3R AT T S 7RSS SRR AR R 3 T
LI AL TR R AF 22 5% (FD) 43 SCAE M SRl M 45, 767
P 1 5k 2 v KR BB O i A RRAE DR (FC) |, DU
PEAL o SRR SR Th i AL

1) F2k . ResNet+FD,

2) 771 1:ResNet+FDFM+FC.,

3) 7% 2. ResNet+FDFM+MDFM+FC.

4) MSAF-Net : ResNet+FDFM+MDFM+FSEM

FHA SC T A0 8 4 JFR I RRIE 22 SRR AE P 422
Wi 25N 4 Fos BRI PERER Frek g K, 1B R
HABINEE TR B AR, N “ L B “Jrik 17 48
Fr¥ A $2 T+ (40 LEVIR-CD 8 P, M\ 89.15% $2 Tt %
91.10% ,WHU-CD #J P, M\ 92.76% & F+ % 93.32% ,
SYSU-CD 9 P, M 78. 53%&F+%179. 42%) , i FDFM
REAT AU SRR IE 22 5 I, LA 70 RO o 7l 2 XSS A 32
TEEUR I AR AF B, 2T AR ARSI A v ff P Sl . DA T
P17 F )5 27 (AN MDFM) | $8 ARk —2 E TR (i
LEVIR-CD #J F1 M 90.28% #2 7+ %] 90. 60% , WHU-CD
B F1 M 90. 16% £ F+ 5 91. 41%) ., MDFM 7] fill & £ 4
FERFE (R 70 3P B R AR ) |, #h FE 5 — FDFM [ FREAIE
AR AR AR IR 2235 10 3= B, (ARS8 %) 52 2% Wl ) 22 4k

(T3 AR AR ST ) AR B A BR T R S P 4F
ZREHEbR, N5k 27 3| “ MSAF-Net” (#s /il FSEM) , 45
i A1 80 = (40 LEVIR-CD 19 ToU M 83.53% 42 T 5|
83.90% . WHU-CD 1 ToU M 84.77% 4% T} 31 85.90%) .
FSEM i BV EE AT 43 55 26 AR A 1A R Al AL S 5 R AIF , 42
it 5200 B P AR A AR (N R AR M A A AR
fb) TEREIGR IR T, BT F1LA U, 3R 4L
RERINT I 37 58 A R A g

4 &

ALV MSAF-Net 4882 5 FDFM ( 22 546300 )
MDFM ( £ Rl ) (FSEM (5% 25 1958 ) 3 RAZ.ORLH
TERA BB CBAM ML, 384k SCHE 47 1iE . FDFM fig
ARG R AR AIE 2 S A B, LA TR RO o e XS R 3 Uk
EUR A A5 B, TR LA I 4 v ff 1 SE A, MDFML 1]
fllG 22 4 B R AE (R [R] 43 32 45 A R AR ) | kb T B —
FDFM fO4FIERR A , DL AL RRAE o3k 10 = & B, (A A X 42
FeHb A A (I E S R A AT ) YR I BE 4T, FSEM
{8 B R BE W] 43 2 5 R A A RS A (L3 sl AR AE | 4290 50 20
R EE AR A A 2 (N T AR A A e v A AN R 1)
s Ak AR TR X A2 4 b o AR Ak B R T g 0. A A 2R
LEVIR-CD ,WHU-CD F1 SYSU-CD I iy St yE i 1T
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Table 4 Quantitative comparison results of ablation experiments on different datasets (%)
BASITES Ik FDFM MDFM FSEM P, R, F1 ToU
ek 89. 15 88. 67 89.76 80. 70
LEVIR-CD Jitk 1 vV 91.10 89. 56 90. 28 82.51
Jiik 2 vV vV 90. 34 90. 56 90. 60 83.53
MSAF-Net Vv Vv Y4 91.23 90. 55 90. 71 83.90
HLk 92.76 87.59 89.71 82.34
WHU-CD Ik V 93.32 86. 90 90. 16 83.59
Jrik2 vV Vv 93.14 88.57 91.41 84.77
MSAF-Net vV vV vV 93.53 90. 55 91.71 85. 90
Ere23 78.53 80. 56 79.52 67.85
SYSU-CD Tk Vv 79.42 81.58 81.05 68. 02
Jik2 Vv 2 79.72 82.67 81.69 69. 14
MSAF-Net vV vV vV 81.53 83.53 82.71 71. 80
MSAF-Net 157 BLAG 1R 4 ) & A P, I il S i 0 56 E T catenary small target defects in deep learning [ ] ].
FDFM,MDFM , FSEM 8 (F 5t , R4E MSAF-Net 78 Journal of Electronic Measurement and Instrumentation,
AT A L O T Bl 0 A, (EL{S 4 2 3 2024, 38(4) ; 151-160.
R7s il FER AL TR R A ey s (7] BB REE, S 2 ORI RO R S e
Jele AR R I, RO T 4 R i AL, T Transformer J7 A0 AL (4 B BELHTJZ BT BARG BE 2 ~1 7
A SO R S B 5 o T DA 0 LI DARIREER  2024,45(7) :52-63.
FCHE | O I O 2 R Wang Qi, Zhang Tao, Xu Chaopei, et al. Optimized
learning method for electrical impedance tomography with
Sk . . ) .
multi-scale attention fusion and vision transformer [ J].
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