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ZAEGRBR R YT RMEMG 25y . ER . A2
R AT . AR R AE 43 AT 4 0T 78 ] SR s p
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Xf BB AR 2 o B g 4 70 26, (RS AR AL R AN 5
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i HAT B AL AR AR I R 4 UNet++, B84
FRHR R AR $E HURE ) BT sl iy ol 25 B, [m] e iy 14
Ui o | R JRE W R 22 O s Rl LR (T i
itz N REMEREEBGEE .. LRI k#g
N T CD AT 55 T HUS AN RO, {H OG5 n) e
Tk = R 45 1 25 (8] 5 BERAE B MR UE B B AR
L EH . Huang 55 (2020) ZF30it4 REZERE M
2% UNet+++JF NN TR 2252 R B 55, &R
JE B 3% Hz R A% 78 A2 2T K2 o AR B RN 218 XL
HE, BREEEA, E—ERT, RER
Y R SCHCRRRIEXT CDAE % B REE, 7EA
FEP b TR R FR R T HLE oV AL R R X
AL ZE 2], BB T I 4% X6 AR Ab 2 ) IR
ANSHE NG 2 280, TR H w4 B3 A 28 I 2%
P M 45 PEfiE . Zhang %5 (2020) $2H TR
W Rl &4, 3 2R A 5 A R IROIR JEE R AIE I
A BIR B MBS 22 o N 2 vy, A 3 1 FH 255 (] RT3 1
B B DL 5 25 A ih A SE s v R K s
PE; whES (2022) 551690 B Al ResNet50
BRAR B EMGARAE, W 23 T 5 R S 4 7 b Ak
T R Gt i 25 B R 2= R AIE R AT 22 RUBE R AIE 4 L,
TE i R 25 B B R FH CBAM RS 401K 52 R84 9% 3R 45
fiE o Lad I P e 2 T L A I 45 ff s B B
BENS A A0 1Lk A g s 1Y = 208 UE B K2
ZEME R, fERNEE, HM SR T8 )25
PR IEAR B, i i SRR AR 1 O T,
HXEA & LR A 25 5 1 B o1 . 559 4R .
ZiA LR 9T S a3 HIAT 55 F CD AF: 55 19 A6 21
P, HHEZ 5150 UNet+++ 5 0 PR E BGE S
AR ARSI 9 2% CBAM UNet+++ ., 8 B 0 1 9 4%
UNet+++H T CD{E55, i1 ResBlock_CBAM i3k
oK H A A2 (8] b SO AR A TE 1 SCRRTE
kA T T8 19 [ B SR A X B AR 55 F X
BRI 2 Hh ) RN — SR PR AN ) 2
RUAS ALK 5 AT IR UE, BEPEZ TE: X orE] N
28RN CD PIZ8HEA 70 e AT, ki iAot .

2 CBAM UNet+++ M 2% 25 H 5

2.1 CBAM &t

W IE R I SE (Squeeze—and—Excitation—
block) H 2% i a5 B, 102047 &5 B B2
(Wang %%, 2020). CBAM (Woo %, 2018) 2%k

PRI AT A R Aok B AN B A S, EIE
B AT DL ) B SCHER AR g BRI 7, A1)
TE R B ] DA o) B SRR B B AR R, E
T TR A I T A N 2 1) 45 RO RRAE SR AT B ARG iR
REARAL (4 3CEE 45, 2021), CBAM Sk A 1
Fin, 48 P AR VR A, 1 S ARAE
fia] )3 0 56 FR AR OEaE EE K (X (D) ), fil
JH V- 353 3t A 0 85 3t AR A5/ W 35 R A 1) 5 B 0 v
JE 7 1) BB A R B ) 2SR A L, AR R AR e A
- N ERENZ E AL MLP (Multilayer
Perceptron) #EATHEAE (R 4E THAEERAE , fd SR AN
F1 *Sigmoid” HEAFE A Iy 8 8 E IAE &
B, KA R BN AR DE AT 5 0 R AR,
A B ) I AT L A B A RRE 5 AR I AR
fiE 18] B4 25 [A) 56 R AR s i i i (38 (2) ),
T T 4R AT T S8 A R A R i AR R R
1538 —4E @ B RE ], AR TR S —
A TIXT EFPERAE, Z0d ‘Sigmoid” IS Az RG2S 1]
VER TR R KRR ROBCS 1A R AR AE
e, 193t 23 Ml T A s B R AE R . 38
TSR T AE DA G R A (RS AR G
FERNE LR, SIS EEAHE (mFH, 2020),
F=F x( o (MLP(AvgPool (F) +MLP (MaxPool (F)))=

Fx wﬂmﬁ;M%mWﬂﬁJm )

[«
F.=F, X (o-(f7x7([Angool(F); MaxPool(F)}))) =

FuX(o‘(f7X7(|:F:Vg;F":‘ux]))) (2)
R, R R F Ay ) S (R F
W AKEAE 5 F, 1 F,, 4 33605 T4 i 1 A i A it
WA 5 o 7% Sigmoid B B w(,ng Ci

WRE; W, C X ;a@m@; [T FRBERR KN
X7 AR FRERAE
2.2 CBAM UNet+++

3 K 1 42 B A K 0 4 M DA AR A RUBE 1Y
WFE R, HAMESR IR BAE AR S B
RBEFE 37 2T X HARE 55 AR IE o BT k]
B, AR SCER IR TE R T 5 1 1Y UNet+++ 722 ARAG I ) 2%
CBAM UNet+++,

CBAM UNet+++45H anE 2 (a) B, RIS
T 254, 78 ga i B Bt Al 1 ResBlock_CBAM it
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FTRFAESE L, Y BY 2 XAR R 2 M 3 e de MEARIBOR A 2 ROERHMER = FA 2GR, =5
R AR U R U TR SRR . (e Be Xk RRAE M R SRR IR R 1 2% A5 A 3 TR
FI 2t B g JEG o O S 0 R A PR R AT R AR, R S 4iIn.

I EHOR H T i as A R ROZRHIES R, W

Channel
) Attention module
HNFHIE Maxpool Channel
T Siomoil gL
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Fig. 1 CBAM module
. A B L 1024 mrampe: |
%fwfc N\ FRE 7 BB o= < ARUEBGER:  —> Sigmoid

(a) CBAM UNet+++

Relu

Conv2D

F(X)+X

(b) ResBlock_CBAM

2 CBAM UNet+++ 45 25
Fig. 2 CBAM UNet+++ network structure

(1) #wt% B B A 54 ResBlock_CBAM “ i,
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P JZE AR B0 M CBAM RSB, A o S R AIE P 114 3
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A S ) R 15 R P R RO Y 3 AL
FI 38 I 1) S5 B 5 [ FE G AT, AR SR I F
(x) (BC/RAF, 2021), [AIWS X 75285 4 BRI
BRI (X7) BRI AL S 2 T2 A 2 R
o, dJE o A RS B A5 2R . i LR
AN [R) PG R EORE 2 1Y ResBlock X 0 45 K i 19 52
M) (21), dw e P4 Relu i pR%L
F1 AEFZEBRT UNet+++HITEE
Table 1 Accuracy of UNet+++ under different

residual blocks

1%
el WE ARE S BAREE Fl-Score
Res_module(Selu) 86.1 81.2 96.1 83.6
Res_module(Relu) 87.4 88.3 97.0 87.9

(2) it By Be 5 22 1) 1t 4 RUBE R Ak LR il 65
Yt A AN ) RS SRR AR [ 1) ey G SR 23 ()46
FE . EREREEMEENE?2 (a) s, L
X_D, A, 5N RBEFRRAE X_E, F1 X _E, 38 13 AN [H]
LK (stride=4, stride=2) B ERMACEAEIEIT T
KA, DMEGRIKZEMEFR, N T%—%
TEEIE 3 3% R A R R EERHAIE XD, il X_E, 38 i
XU MEATAE AT R DI B AR AIE [T 1) 43
Fy ¥ EIRGE—K/NG R 4 R RRIE S R R RRE
B X_E#H @ iEEEm g —, MO FER; &
Jr 8 I T DR, 77 A 3203 1 1Y 4 U AR
K, HadsEi, H—fb. wib#iESSIXD,.

(3) CBAM UNet+++1f—2 % 4 ROBE TR B W
BALE, %2 o i BRI AR LR, () 4% g
i 8 58 V6 2 R AE 1) R s AR BE T, sk .
CBAM UNet+++% i B BOARAT — -0 it L oRf
HIEA— 0 33 E M, ARJe & — DR ok
FE I Sigmoid bR IR 15 21 I 28 i 4, 38 452K R
BOHA RS SR, PR eR BURUE %
J1. ek, HEmE PR AR R, 15 CBAM
UNet+++REXT A BURHMERE T 785324 >,k S 4t i
FEEK.

3 SEERTT
3.1 SLIEEIER AR

3.1.1 LEBEDEV#[iE&
LEBEDEV (Lebedev 25, 2018)%4#24E (& 3 (a))

J& A K Earth ZRBCY BA Z2 1 840 1) L S0O62E T
BEEME o AL S 7 XA B AR 1) 4725 15 3 %
2200 5 F 1 25 5 A48 Ak BSR4 XA B 1k i
1900 18 2 x1000 18 & (1 Z= 15 AL ER . A F
Yk, ¥ JEAA 55 Y12 16000 5K K /N A 256X256
(SR 21 MR AR, LIl Z54E 10000 5K, B iE4E
A A & 3000 5K

3.1.2 LEVIR-CD#iE&E

LEVIR-CD & — K S8 JE i SR04 22 Ak Al
B (E3 (b)), W& 637 MEAHR (VHR,
0.5 mM%Z) A Google Earth & X}, K/NA 1024x
1024142 (Chen I Shi, 2020). BT GPU AFIR
il , B LEVIR-CD i 4 H 0 #1h 256X256 15 F 11
FAGXT, IFBIBR A ARG o, IR ARt
20175280, SR SR 4 872 N 8o, ik
AL 430 MRS . SO S BRI 2R I 2R A 5
£ EHAT, KRBT ITERIEE AT,

R2 HBEHAE

Table 2 Data set sample size

Rk PIEES HUREVES LoATES 580N
256X256 10000 3000 3000 16000
256x256 2917 430 872 4219

TH i AR W0 EHE B
(a) LEBEDEV (b) LEVIR-CD

K3 Hdnsk
Fig. 3 Data set

32 XBRRNERSHIRE

VR JE 2f X ME 2R L) Keras /E AT %, Tensorflow
NG S, BB ALES . BRAE R S H windows
server2019, tensorflow WA 2k 2.1, GPU Jill 3 % >R
JH CUDA 10.1. ¢4k, ffi JH#LS Tesla p100/16 g
GPU X Il Zad FEHEAT gt , BEMF PRI ALES . CPU
"M Intel Xeon Gold 6154, 64 GNTE, 2 t[ESHE#

fifi FH Adam LA AR, 720 i 1x107, fibab
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BB 8, LI 159 epoch, SEIG IR B KR
ZHE W3,
R3 LBRERBSILE

Table 3 Experimental environment and hyperparameter

settings
Wi w5 TESH fTEM
CPU Intel Xeon Gold 6154 R 1X10-4
GPU Tesla pl00/16g epoch 15
M 64 G By 0.9
PIERGE windows server2019 SRk Adam
TR 2% 2] HESL Keras

CUDA 10.1 Batch Size 8
HE Python 3.7

3.3 HRAYKBETN

331 MKEH

(1) F i — JC 3¢ X 4% Bee (Balanced Binary
Crossentropy ) o A fiff PRt 1F £ A5 A= i A ]
Bee il i A ZHO IE AUREAR AT AU B, 2450
ﬁn‘F:
L,. =2m‘logPr(y/= 1)—(1 —B)zjwilogPr(yf 0) 3)
Kb, =y /(v +]v]). a=B)=]v./(r.
v [)s [ [ 0]y | 5 AR B b 08 v A8 AL AN AR A5 1%
FHhE; Pr(y, = 1) M Pr(y, = 0) 0 BIAR AR £ j 4t
T 45 F R AR A RIS R I

(2) i FH R R (Dice Loss) o Bee AL EH
7 2N RE X IE SRR AR 8 23 TE b B B 00 2%
0 e SEAE A Ny 45 kg % A AR 2 AN - i [ et
M4 5 3 2 MERE , PEFE Dice Loss 1F 0 V-5 —JC
A2 U R AN T, Dice loss 5[] T X Hij 5% X 487
248, AT D bR Ry R, AR

Vs
Lpw=1-"Y =1 =Ly o (4)
Yty

S,y Ry o 51 % 7 T 245 SR A 5 (1 0l 1T b 2
HiA
(3) AWK REL. 455 Dice Loss il Bee 1T
REWHIRmE, AT
L. =L,.+ oL, %)
K, Ly, FRFM 038 X, Ly, 2 0 16
xR, o BB E.

33.2 RBEEMIER
AR K MK E P (Precision) . # [l 3% R

+

(Recall) . ZEGTEMIEFRF1 (F1-Score) M BN
£ OA (Overall Accuracy) 44~ wmEALFE AR . H
e, REECRBAR, PDEGE, JWARET, R
wr, F1, OA RoRHBEMAMERE, HAEBOBLT .

TP
P_TP+H’ ©)
TP
R_1P+FN @
2xPxR
Fl == (3)
OA = TP + TN ©)

TP + FP + TN + FN
L, TP, TN FIFP. FN 43 5l 7R 25 AL K6 ) 2%
F R L A R G Sk AR A 2 N R AR A 2 DA R A TR R
I RS RAR AR G R E
333 MEEHBHFM

o T F4f Dice loss Fl Bee, 1M 4 2 2R 20 ()
KGR EZRREBRENEMN, F, NERIEo
REE, Ho@MNOZE 1, GitHpts, 4%
R WE4FTR, BoB N0, HiTH Bee,
HF1 I OA (AR YL FF A AR, B o AW
fin, F1FOA W RWIHE K, o 7E 0.5 B 45 48 5 15 2]
KA, R REU/NMNESE . Hit, kit CD P
AE, Ao H0.5,
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Fig. 4 The impact of ® on network accuracy
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34 3LtkeFE

R B UE AR S B R A S, SRR
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(1) UNet. UNetfd & Wiz IR, N RAE
B AR Ol SR B R AR AR, i B R SGE UfE A,
o US40 R 5 1 R B AR FH RS B 2 167
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W4 BUCRRAE 348 J5 A T 4 BEAROR ST o R b SR A
TR AR R R R INVRRAE BT EA T R 1, DU
G ZEBAE R T

(2) UNet MSOF. UNet++ 1 A [|] 3% B U /) 41
B, R ER DI AR AR BGE R, AR R K/ INVRRAE &
AT E . % B I AL G o AR b |) R AR 43
WO BB EEAS B, PR R IR B W SR .
FH Z2 A % 10 il SR M A AN ) 2 A e s 25 2R,
A e 2N AL 2K e AR R

(3) Attention UNet, Attention UNet (Oktay
45, 2018) BEAYLL UNet BEAY Ry HEA,  Zii i B Be Fl
UNet 5¢ 2 #H [A], X 5] 7E T Attention UNet 7E i 15
BF, W T EESNT, AR JZHEAE R, K
BENSEIRIE T Sy iR S 1wy i N 1]
SRR TR AR 22 dnb 2R X IR AE

(4) Attention UNet++ ., Attention UNet++ (Li
55, 2020) i ] UNet++1Ey BEA I ZEAELE . AN [F]
PR, TE T RAE Bk I 42 B AR A 1) o 2 1 DF 25
YEIE IR ATERZE 1], AN [R]2 R 2 B R AR AE
P B AR D HEAT AR TP RS IE, WD U R RIS
2, $27F UNet++ERGIE

(5) FC Siam diff, FC Siam diff (Daudt % ,
2018) AT FC EF 284, EJH Siamese Z5H, Fih%
AT A3 I FH 28 A 25 0 4 BOA W] s AR R AE B 25 Sk
B, D R AR FEAT S, A S
HEAT FoRAE . B 25 53 RGN A PRI i 42 I i o
AL G KN

(6) ResNet50_ppm. ResNet50_ppm & F 5% 2=
02 ResNet50 $2 U UG AFAE I by ik it 2% e R )2
FRAE T 23 1 46 B K 4 7 95 ol AR AR R 38 Rz
B HR IR 2 ROBERRAE, 755 B B iz F CBAM 54k
HEATAR RO L, 3 5 AN W] N A9 R AE S B
HEH . 7 ResNet50_ppm A A8 SO H W 25 B9 FR
W, SO IR A P H  28 HE A T 44

4  ZERSH

4.1 SEEAVEImR LS RS

TEGEAT A ARG I 235 3 43 A i, SO B
715 WM 45 (Attention UNet. Attention UNet++ .
CBAM UNet+++) ¥k 45 5ok Ui B CBAM B AT
BOME . s BB EE B TE B S (Selvaraju &5
2017) JriEa BITE AN EEE S E XS R AT
A7, 8 A PR RTRRAE BT 1R & DL Gk 2 mT Ak 4 H
e HES AT, JCiext 2 M) el s — g s i A2
ARAGIN, A [R] 28 FE R b SRR AR X S, BT
X LEBEDEV 5(#li 45, CBAM UNet+++1"™ {1 18 |
AR IX I, Attention UNet A RECTE £I1E
0% K5 E ARk (#1. #2), Attention UNet++M]
BRI BIRARfE L (#3) 5 &1 XF LEVIR-CD
BYEEE ) CBAM UNet+++%F B bR X 38 10 56 73 72 5 5
FHA T, (HARREEIE#4 AN ARTE, TR PRI EL
e 2 i/ NRE S AR L, — R b s
H N £ 78 R B SR 5 B iR

Attention UNet

Attention UNet+++ CBAM UNet+++

(a) LEBEDEV %#i4
(a) LEBEDEV datasets
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shesseacepg T

(b) LEVIR-CD ¥4k
(b) LEVIR-CD datasets

KI5 R pL e 45 SR A

Fig. 5 The response result of the attention mechanism

Zi b, B CBAMAL#HY UNet+++ )7 1A RE L 4f
B AT B AR XI5 2 9F N R A RHE, 2 thAs
T/, X2y B s m AR, fEH—
W5, CBAM UNet+++48 1% & 07 2135845
PARAE X3k, (HIZ I AE R A Bd 4 L X AR
A DX I i 7 A AT P T S

4.2 LEBEDEV %R 45

FH 22 4 7] 41 CBAM UNet+++ 7 0K B2 . A
F . Fl. OASH1)E88.9%. 88.9%. 88.9%. 97.3%,
f£ LEBEDEV #0485 I e LA PR RE . AH%L UNet .
Attention UNet. FC Siam diff 773, H F1 25
132%. 8.1%. 10.9%, OA$EE3.4% . 2% . 2.6%.
551 BB AL 8 (1Y) UNet++ MSOF . Attention UNet++ Fll
ResNet50_ppm # H., F14£53.9% . 1.4%. 8.1%,
OAETE 1.1% ., 0.4%. 1.8%. 51 1] 18 % FL Y
UNet+++f b, HF1HE53.2%, OA#EE0.8%.

F4 RREBEMTURIE TN

Table 4 Evaluation of change detection accuracy of

different methods
1%

25 Jik it HZ  Fl-Score  OA

UNet 74.9 76.5 75.7 93.9

R pe Siamdit 805 756 780 947
EET

Bl UNet++ MSOF 84.8 85.2 85.0 96.2

UNet+++ 86.5 85.0 85.7 96.5

Attention UNet 81.8 79.9 80.8 95.3

ﬁkm Attention UNet++  86.8 88.3 87.5 96.9
EET

Bl ResNet50_ppm 85.6 76.5 80.8 95.5

CBAM UNet+++  88.9 88.9 88.9 97.3

T B RE iRl

SR £ TR AR 4 B TE— 25 B IE A, R
POINGE TN = N A S VA 3 G 2
TN B 25 R L AR AR 2 AL . K 45 PR 48 A e 5k
TR/ 2R S A5G, MRS v 22 3]
U, & 6 AT 41 CBAM UNet+++ /5 B2 OA 248
HHTE0.95—1.0JEHE N, HA 3 WidEbr EEE PTE
0.8—1.07E I 5 UNet J7 74 AE ARG B2 DX 1] N 9 &1
SRE 2, IR A SRR i 25 5 Attention
UNet++ J7 5 7E 0—02 JE I N W Kl R $ = 2 T
CBAM UNet+++, Xt K520 Attention UNet++H
ARPEM R B o A 50 UE AR HP AL T (ORS B2 9 LN
KR AR AL/ & IR Attention UNet % 18 B 946 1
FETESS 3, UNet F1 FC Siam diff 75 48 25 51 4 46 ) 25
W AEAEIR2E, CBAM UNet+++7E KB4 284k K]
G LR DRS BE AR = e L o

S E LR AR AE SR, T4 A, G
FE S0 72 A 19 T R A 5 SR ROBUI AH 515 B Hx
PR&E . TR

(1) MWK FRE, T R4 . i85
AH Y AL, CBAM UNet+++45 5 &l 5 b7 2 5 AH
oL, 1A AE Ty B S R AR TR . IR
GRS S5 o kA Il

(2) X FiHEKAZML (K7 (a) ), UNet
ResNet50_ppm A9 45 iR 2258 K, 7E#1 1 BT A%
UNet++MSOF . Attention UNet. Attention UNet++ .
FC Siam diff . UNet+++32 2| B 7 T4 HH B4 LA
(#2. #3); CBAM UNet+++N{A7E MRS, H5E
20 W T B, (HRMER B, R0y gt A
v AL FABAEAE R — 2 I A
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Fig. 6 Accuracy distribution of different methods on the verification set from image level

(3) XFF AR KL (E 7 (b)
UNet fil ResNet50_ppm 45 R AFFE 1 AR &, L
A7 23 1 26 BRI 4 7 B 1t AL AL ResNet50_ppm i
BT HRAERISE (#1), wREREH T KK TR
FEZ L ; UNet. UNet++ MSOF. FC Siam diff 1

UNet+++ 45 2 ) B 25 (#2) , UNet++ MSOF,
UNet+++ )7 I E#3 ANFEAE W% ;. Attention UNet £E#
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Fig. 7 Visual comparison of change detection results
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Fig. 8 Different CBAM UNet+++ construction methods
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Table 5 Evaluation of accuracy of change detection by

different methods
1%
AR I A BAREE F1-Score
XR1 86.3 87.3 96.7 86.8
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Table 6 Evaluation of accuracy of change detection by different methods
1%

bl Jiik i FEJIES F1-Score 0A
UNet 71.8 82.4 76.8 94.1
AT FC Siam diff 85.1 84.4 84.7 96.4
FERAHLH UNet++ MSOF 85.9 83.5 84.7 96.4
UNet+++ 84.6 86.0 85.3 96.5
Attention UNet 85.4 86.5 86.0 96.6
wmhn Attention UNet++ 84.1 86.2 85.1 96.4
TR ResNetS0_ppm 81.3 76.6 78.9 95.1
CBAM UNet+++ 86.3 87.1 86.7 96.8
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Fig. 9  Visual comparison of change detection results
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Table 7 Parameters and running time of
different methods
Jiik: BATREE/(£-57) Z 40 /Mb
UNet 6.62 355
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5 45 i

B BIAT CD I 268 4778 19 i [ BERRAIE 2 B fE
TR . BUMERE T 22 DL A B BERRAE R FH R AIK
SEI A, i F R I LE S | S UNet+++555 40 B
i AR A ALK M )5 1 CBAM UNet+++, il i
ResBlock_CBAM 58 25 5 25 XF 18 X A5 B XA B oG
BIRERET], 456 5754 UNet+++11UA 142 R
JEAR B EAMAT, N T8 o B R i IR R
CDAE5 5 FIH Dice loss A1V — 028 XM 2H 1%,
TRA 0K bR BO0T X 28 R4 7 TR BE Wi B IR A PR A AN [
KA CD Ba LTS . 45 R R W], CBAM
UNet+++ /5 15 RE S MERR 2 A7 R I A2 A DX, Az
B BAG BEAL T B ME DT %, 7E M550 A vh kG
BRI RMES, BERIALSRE I
#(, CBAM UNet+++7E BRI 5 LE 32350 th 28

PAE B ARR AR 182 10 265 75 553 A4 XU
FH PG R AR AR B w] I, O o — 20 i o 30
il 0 2 ARSI G 8 1 SR BRI R

52 30k (References)

Chen H and Shi Z W. 2020. A spatial-temporal attention-based method
and a new dataset for remote sensing image change detection. Re-
mote Sensing, 12(10): 1662 [DOI: 10.3390/rs12101662]

Daudt R C, Saux B L and Boulch A. 2018. Fully convolutional sia-
mese networks for change detection//2018 25th IEEE Internation-
al Conference on Image Processing (ICIP). Athens: IEEE: 4063-
4067 [DOI: 10.1109/ICIP.2018.8451652]

Han X, Han L, Li L Z and Li H H. 2022. Building change detection in
high-resolution remote-sensing images based on deep learning. La-
ser and Optoelectronics Progress, 59(10): 1001003 (5 2, #i ¥, 2=
RA%, 2R 2022, BT IREE 2 ) 19 w2 H R R P IR 5T
AR DU O S O L 2F R, 59(10): 1001003) [DOL: 10.
3788/LOP202259.1001003]

Huang H M, Lin L F, Tong R F, Hu H J, Zhang Q W, Iwamoto Y, Han
X H, Chen Y W and Wu J. 2020. Unet 3+: a full-scale connected
unet for medical image segmentation//ICASSP 2020-2020 IEEE
International Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP). Barcelona: IEEE: 1055-1059 [DOI: 10.1109/
ICASSP40776.2020.9053405]

Krizhevsky A, Sutskever I and Hinton G E. 2012. ImageNet classifica-
tion with deep convolutional neural networks//Proceedings of the
26th International Conference on Neural Information Processing
Systems. Lake Tahoe: NIPS: 1106-1114

Li C, Tan Y S, Chen W, Luo X, Gao Y M, Jia X G and Wang Z Y.
2020. Attention Unet++: a nested attention-aware U-Net for liver
CT image segmentation//2020 IEEE International Conference on
Image Processing (ICIP). Abu Dhabi: IEEE: 345-349 [DOI: 10.
1109/I1CIP40778.2020.9190761]

Liu T F. 2020. Research on Land Cover Change Detection Method
Based on Spatial-Spectral Feature Combination Using High Reso-
lution Remote Sensing Image. Xi'an: Xi'an University of Technol-
ogy (XL & 2020. 1ET & 73 PR AR I G 28 — R AE I3 11
Hb B SRR I R A AT L 0 0 3 TR %) [DOLL 10.
27398/d.cnki.gxalu.2020.001280]

Long J, Shelhamer E and Darrell T. 2015. Fully convolutional net-
works for semantic segmentation//Proceedings of 2015 IEEE Con-
ference on Computer Vision and Pattern Recognition. Boston:
IEEE: 3431-3440 [DOI: 10.1109/CVPR.2015.7298965]

Oktay O, Schlemper J, Folgoc L L, Lee M, Heinrich M, Misawa K,
Mori K, McDonagh S, Hammerla N Y, Kainz B, Glocker B and
Rueckert D. 2018. Attention U-Net: learning where to look for the
pancreas. arXiv: 1804.03999 [DOI: 10.48550/arXiv.1804.03999]

Peng D F, Zhang Y J and Guan H Y. 2019. End-to-end change detec-
tion for high resolution satellite images using improved UNet++.
Remote Sensing, 11(11): 1382 [DOI: 10.3390/rs11111382]



1064 National Remote Sensing Bulletin i & 54k 2024, 28(4)

Ronneberger O, Fischer P and Brox T. 2015. U-Net: convolutional net-
works for biomedical image segmentation//18th International
Conference on Medical Image Computing and Computer-Assisted
Intervention. Munich: Springer: 234-241 [DOI: 10.1007/978-3-
319-24574-4 28]

Ruan C, Guo H and An J B. 2021. SAR inshore ship detection algo-
rithm in complex background. Journal of Image and Graphics, 26
(5): 1058-1066 (BLj=, 567k, 4 fa H . 2021, B2 5 F SAR K
S AR A ARG 0 e ] G TR 24 41k, 26(5): 1058-1066) [DOL: 10.
11834/jig.200266]

Selvaraju R R, Cogswell M, Das A, Vedantam R, Parikh D and Batra
D. 2017. Grad-CAM: visual explanations from deep networks via
gradient-based localization//Proceedings of 2017 IEEE Interna-
tional Conference on Computer Vision. Venice: IEEE: 618-626
[DOI: 10.1109/ICCV.2017.74]

Simonyan K and Zisserman A. 2015. Very deep convolutional net-
works for large-scale image recognition//3rd International Confer-
ence on Learning Representations. San Diego: ICLR [DOI: 10.
48550/arXiv.1409.1556]

Stramondo S, Bignami C, Chini M, Pierdicca N and Tertulliani A.
2006. Satellite radar and optical remote sensing for earthquake
damage detection: results from different case studies. Internation-
al Journal of Remote Sensing, 27(20): 4433-4447 [DOI: 10.1080/
01431160600675895]

Tian J, Reinartz P, d’ Angelo P and Ehlers M. 2013. Region-based auto-
matic building and forest change detection on Cartosat-1 stereo
imagery. ISPRS Journal of Photogrammetry and Remote Sensing,
79:226-239 [DOIL: 10.1016/j.isprsjprs.2013.02.017]

Wang H'Y, Zhu Y K, Green B, Adam H, Yuille A and Chen L C. 2020.

Axial-DeepLab: stand-alone axial-attention for panoptic segmen-

tation//16th European Conference on Computer Vision. Glasgow:
Springer: 108-126 [DOI: 10.1007/978-3-030-58548-8 7]

Woo S, Park J, Lee J Y and Kweon I S. 2018. CBAM: convolutional
block attention module//Proceedings of the 15th European Confer-
ence on Computer Vision. Munich: Springer: 3-19 [DOI: 10.1007/
978-3-030-01234-2_1]

Xiang Y. 2020. Change Detection Based on Encoder Decoder for High-
Resolution Remote Sensing Image. Xuzhou: China University of
Mining and Technology ([a] FH . 2020. 3& 2 T figt 5 Y 5 43 HR
1B RS AS AR I . AR - [ Ik K 2F) [DOL: 10.27623/d.
cnki.gzkyu.2020.001720]

Xu W H, Pei YJ,Gao D L, Zhu J D and Liu Y K. 2021. Mass clas-
sification of breast mammogram based on attention mechanism
and transfer learning. Laser and Optoelectronics Progress, 58
(4): 0410007 (FF3CE, LI, BRAM, RALE, X =Y. 2021
BT HRE LN ST T i FLIR R A e 4 2 O S
Ot L 2= i g, 58(4): 0410007) [DOI: 10.3788/LOP202158.
0410007]

Yuan Z, Guo H T, Lu J, Lu W and Lin Y Z. 2021. High-resolution
remote sensing image change detection technology based on
UNet++ and attention mechanism. Journal of Geomatics Sci-
ence and Technology, 38(2): 155-159 (= W, 581GV, f 42, I
W, RFHE . 2021, Fill & UNet++R 28 R 2 S ML 00 i 40 R
18 S AR AR AN 1 . MR RL AR 22, 38(2): 155-159)
[DOI: 10.3969/j.issn.1673-6338.2021.02.008]

Zhang C X, Yue P, Tapete D, Jiang L C, Shangguan B, Huang L and
Liu G C. 2020. A deeply supervised image fusion network for
change detection in high resolution bi-temporal remote sensing
images. ISPRS Journal of Photogrammetry and Remote Sensing,

166: 183-200 [DOI: 10.1016/j.isprsjprs.2020.06.003]

CBAM UNet+++: Attention mechanism to guide change detection studies
of full-scale connected networks

LIU Ying',HE Xue',LI Danyang?,YUE Hui', WEI Jiali'

1. School of Surveying and Mapping Science and Technology, Xi’an University of Science and Technology, Xi’an 710054, China;

2. National Geographic Information System Engineering Technology Research Center, China University of Geosciences,
Wuhan 430000, China

Abstract: Existing change detection networks rely heavily on layer-by-layer convolution for feature extraction. However, the use of this

method leads to a loss of information, and it lacks the ability to mine important change features. Therefore, knowing how to effectively

suppress the influence of the background and identifying ways to increase the ability of the network to learn salient features and generate

recognizable feature information are highly important for change detection tasks. Traditional skip connections lack the ability to obtain

change information from a full-scale perspective and perform encoder feature extraction. Thus, a UNet+++ high-resolution remote sensing

image change detection network called CBAM UNet+++ combined with a coupled attention mechanism (i.e., a convolutional block

attention module [CBAM]) was designed in this research.

CBAM UNet+++ is based on the semantic segmentation structure UNet+++. The unique full-scale concatenation operation of UNet+++

effectively fuses the semantic and spatial information from the full-scale perspective to avoid information loss. The basic convolutional unit
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can be replaced by a residual attention module (Residual Block CBAM and ResBlock CBAM) to suppress background effects and enhance
the learning ability of the encoder to handle significant features. The residual attention module was validated on two remote sensing image
change detection datasets—LEBEDYV and LEVIR-CD—involving different high-resolution change regions.

The proposed method has the highest accuracy on the LEBEDEV multifeature change dataset, with F1 and OA values of 88.9% and
97.3%, respectively, and the second highest accuracy on the LEVIR-CD building change dataset, with F1 and OA values of 86.7% and
96.8%, respectively. The proposed method can obtain deep semantics in a targeted manner, and its qualitative results are better than those of
other benchmark networks.

The CBAM UNet+++ method can accurately locate and detect change regions with better detection and accuracy than can the
benchmark method. The accuracy results of the two selected datasets were slightly different, but they were not inconsistent. The accuracy of
the CBAM UNet+++ model was disrupted by pseudochange information in the building dataset. Future work may focus on the usability of
this network for change detection in heterogeneous dual-temporal images to further address the impact of early fusion on change detection
accuracy.

Key words: remote sensing, change detection, UNet+++, attention mechanism, encoding and decoding
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