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Abstract A remote sensing image segmentation network called AFSM-Net, which combines a feature map segmentation
module and an attention mechanism module, is proposed to address the issues of low recognition and low segmentation
accuracy of small targets in remote sensing image segmentation using conventional convolutional neural networks. First,
the feature map segmentation module is introduced in the coding stage to enlarge each segmented feature map and extract
features by sharing parameters; then, the extracted features are fused with the original output image of the network; and
finally, the attention mechanism module is introduced into the network model to make it pay more attention to the effective
feature information in the image and ignore the irrelevant background information, to improve the feature extraction ability
of the model for small target objects. The experimental results show that the average intersection ratio of the proposed
method is 86.42%, which is 3. 94 percentage points higher than that of the DeepLabV3-+ model. The proposed method
fully considers the attention of small and medium targets in image segmentation, and improves the segmentation accuracy
of remote sensing images.

Key words remote sensing; remote sensing image; DeeplLabV 3+ ; feature image cut; attention mechanism; semantic

segmentation

1 3 e RTINS R USRI 2 20K TTE - VA AP AR (o Wi
a RIEN S - ST EURA G136 H I N SR
FE SR PRRAE I AR A AR I e BRI R bR R B R T e R

KRB, 2021-12-17; fEEBH. 2022-01-06; FABH. 2022-01-13; MEBE A BH: 2022-01-23

HEE&WH: BRAKREIES(41961063) )7 74 B AR 58 4 A8 0F 58 A1 AT H (2019GXNSFGA245001) | [ 5 3 Ak il i B
FealE T H (2019-011)

BIS1EE: lijw@glut. edu. cn

0628003-1


https://dx.doi.org/10.3788/LOP213268
mailto:E-mail:lijw@glut.edu.cn
mailto:E-mail:lijw@glut.edu.cn

£ 605 F 6H/2023 F3 H/HMAESBFFHE

Ji&, M %EF?ZH%(LNN)%&WZ FH 2 18 B AR

SrEISR ., 20154F , Long 5 4R ) T4 1/\1’511%1%1
EI B Z MY (FCN) . ZJa , i oy ## R
U-Net'” | SegNet'”" | PSPNet'" , Deeplab % 4] % ¥4 &
FON [ 28 ML AR A, #0578 32 Sk AR08 43 51 45 LA AN
BB Ay R o Deeplab Z 41 M 4% 0] LU A RU fff DA% 42
CNN TR 25 [8] 43 FE 28T BRI 0] 80, 2 LR 53
By H R AT TR R 2. SCIRL9JH Ik
P& th DeepLabV 1 M 4%, 25 & V% B 4 B 4% 25 1l 45 1
FA T B A5 WAL S , 4325 A K B Rl B R4S LU T
SCHR[10] S HE H DeeplabV 2 M2, 2 H 45 8] 4 7 55 il
Y RIRAZ B KRR FEAC T B 0y S5 . ek 1]
AR T DeepLabV3 M 2% , B2 31 I 47 B9 25 1 45 BUKE
o, 38 i A A A B Ik R Ak B SUF B . Sk 12 1
WHEH T DeeplabV3-+ W 2%, 51 A 4 it -fift i 25 44, F
TR BE AT 43 8 4 R ke iy 8 3 4 AR, R R s/ T 4
U S5 EUR o BIROCR 4 . SCk[ 13 142 T
*ﬁ%‘?f%ﬁﬁﬁﬂ/ﬁ\UﬂM%,ﬁﬁ%?f%ﬁ*ﬂ%ﬂﬁlﬁ%
A2 RIS S B AL AS [ RRAE 1B A9 AR DG 1, 32

TRRVIE G A AT I A 2R PR fE jiﬁk[lll]fﬂé%@%
LG SIS NS O E S =N B - LT O O S O S =
DeepLabV3+E’]ffJ%'5 (EREEXESUR R EPSE N T RPNIER 7
Gy FAE A5 N E AR 3 EIROMT 005 8 B8 A ] R, S
BRL LS JH& T — T X5 R 110 2 B e % 235 ) ) 45 A5 7Y 3
T D Al A B el A B Y S B il R 45 A

_________________________________________________

1

[}

1 |

b e I 1x1 Conv —p
| N |

il feature extraction \ ——_—_ _ _ I

i Lo ‘I | 3x3 Conv
:: : : | | rate is 6
EI R I : 3x3 C

il I | x3 Conv
i I ™ ateis 12

L
: I 3x3 Conv
| | rateis 18

_____ average
pooling

‘—> ’—‘—> feature extraction —
|
|
I
—PI I | feature extraction —
! >

I ]

]

+I’—>I‘—I—> feature extraction — !
I I

: :

| feature !
| image Lp _I_y' feature extraction — !
| cut ] !
}

}

RS IR T 2 407 1 B AR, R B AIC I 2% 1 3l
YRt A, 5 2 s o B A R R B A R
T R R R Y E R . HE, A
DeeplabV 3+ X 4% & I i Ja&& QAT 47 76 0L & 1B 2
/N BBR G BN AE # 2 B SRR i A ) R
BT LM ARSI T — B g A R AE ' 4
R B R R R R R IR AR B L B W 45 (AFSM-
Net). 65| A#IE 25 b & B, [l R OC 1 &
JE MG P 3 B RRAE , 200 T 56 1 1 5 :%,,\u\%IA
FRAE B U)o A B K EG TN B bR A 808 i R
Ay B BRE R ; B n 45 A R K G AL 0 R TR Y B ik
R RIERAZ B R A 2k B 2 BRI 2 ROERREE B .
DL 2015 4F v [ 5 J7 5= b X1 1 43 P iE G2 (CCF 18
B TR B RO R SR X 4 B AFSM-Net #1  5
25 LAY T X 5 ) 4% R AT X HE SE R

2  AFSM-Net #1 # #5 if

A 5E IF WA R AL S0 1 U B 4% i oK 1
FIHLH 5 DeepLabV 3+ M8 AR & 42 T — Mt T
Mk ) DeeplabV 3+ W 2% i J& 5% A% 18 X4 %1 7 ik,
TP o B TAEREE LT LA 5 I« 76 90 0 7%
#B 43, K F Resnext50_32x4d 7% 22 W 4% X 18 J& K 14 5
Ak B AE B AT U4, H OB o E S WL R B
(CBAM)"™ ;4 3 JK G 4y BE Rl 1/16 B, X 4 AiF &
PEAT AR 43, IE O BN YD 43 105 9 R/, 75455 70 5 4

decoder

——9 upsample

l

Concat
A

AUO)) TxT
v

[ S

output

K1 AFSM-Net i fA 45 #
Fig. 1 Overall structure diagram of AFSM-Net

0628003-2



b 56 T Ry 3 X 2k N /0N H A B 40 R 5 8 45 BRI A R AE ]
By 7S 0] G IS R o R AR B 2 2 RUE
FE, BT TR A BRI 1R 1 X 1 5 R
% B 36 B 1 12 K 0 S0l 4 B 6012 185 45 e R T
1X 1 4 B RRAE (BT o FE A5 30 43, ) FH BLE 1 475 1B
X FRBEAT 445 B R AR 5 BT RRAE Bl A A5 BB A (] J
Z W R AE (S B A B — R s ZE R AT R ALY 24> 31
3R JE U I 2 ML B e CBAM 5 B IR FH
RMEARE VAT 465 1R AR di s T B 4%

2.1 4FMEEYISESR

RS AR AEAE L 2L/ H AR R 1E , H AT K £ 1%

£ 605 F6H/2023E3 A/HASBFEHRE

T o 007 1 B AR A 3 75 B X 28 /N EAE S B 4
I 8070 23 B AT LUAT R4 7% 1 T B AR N Y IR R 25
5 R o Yl R BER O 1/16 IF, 51 A FRAE [ )
IR BB AR PR E AT 29 A5 1) 23, mT LAAT S i 4R v A5 AR
XEANOIRAE BRI OCHE  B A YT oy A, H 1/16 73
B AR 2 R e BE Ry (o, h), ER 2 I HRAE S 1.2,
3.4e Doy Je BB & R R B L2 AR AR B, 2R
Ja WY1y Je B AR BEAT R ERAE  HOR B U1 43 il B9
RN IR ) T 3 I R B/ B AR CR R
B, B Je 0 R H AR B AR R AT SR I, — @ R BT DL 4R
o 2 S S RIRORS . B DRIk an 18] 2 B

\Lu.

B2 FEEYIE (a) £=2;(b) £=3;(c) k=4

Fig.2 Feature map cut. (a) /=2;

W FRAE B 43 BB 1/16 43 B % 1 J85E J5 AL
B3 BT B8 R/, M IR R 322 B T 45 R A A AE 2 IR 2%
AEAT 28 £ U B/ BAR B i . B R e )=
FFAE A i B JBESR JH Bk B 40 4 il R A 5 B, Bl o il it
1] BFL ) A AR AR B IO R AT, SR T, 3k 26 48 415 X 228 S T

(b) k=3; (c) k=4

SCA3 N E] 2 RHE AR B A4 O A RE IS 31— AR Y
ROR o S TS G b R U B RN IR R RS R
%% Inception V3 X 4% 25 ¥4 1) Ji &, J £ A58 Y (1 v [
JZ R AE BB 2% SR 1< 13X 3 R /INB g Ik 2%, 4 i)
Tl AR AN [m) RUBE (R AE AR B, W] 3T o

_____________________________________________________________

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
\

____________

_______________

global dot
pooling product

B3 AR SRR 45 4

Fig. 3 Structure of feature extraction network

1 1€l 3 TT DA H R AF B2 B 4% 3 B3 i 2 4% 5 %
X e ] J2 R B AT o R B U £ B SR
FH1X T KN B 2 U K 0 18 BR% 3 ok 1 1/2, [a) st
TE T LX TERE 7 3 BB 2 I Ik 5 1, 2 ik
TR rate 70 B B R 2.4, AT DUA BB R 45 1) 8% 5z
BP0 R R A R R BN B R R R AR A K 2
A 57 B R A 7E 3 O 4R L T PR PR

PG R Ak 8 47 4 Jm A 4 A, 1545 PR ) B0 R ik ]
A7 e ettt o I X A AR A AT LR R [ 1] 40 IX 4
8 SO A B, S A TR AR AR T AT Y o 1] AR
17 A5, DT i 5 5 2R 06 U1 20 Tl R R 89 /0 AR 0 R R AiE
RILAETT
2.2 ZFEFEEANE

T B T AL A AR S5 R TR B S U PR AR )

0628003-3



F£60%5 FE6H/2023 3 A/ ERBTFEHRE

BRREAR B 2 TG S E B O BoA BUAR TR] 8 E
AR [+ 1X 38 ) T B A Lo, 0 89 ) 7 5 X el 0 6 1, 936
%m%ﬁﬂﬁAE%m%ﬁﬁu7Uﬁﬂ%%*ﬁ%
IR SERIMERE S o A B R AR T R R A ]
u%@&%ﬁ@¢mﬁL FROEAR B, 76 25 ] 78 7 ) B
AT AR B AR A P v 1 2 TR R AR A . 3l 2t T R T L
il B 11 R AE 27 20 T DAAG S i By I 4 AR R AE AR B
m#ﬁﬁmm JITH T 45 5| A3 3 1 R B s i)
TR,

poolmg

shared
parameters

mput

E O, S s AR R R R F & i‘
Jay it AL 5 B A b 3R, SR G BGE RRR IR B AR
J5 A Z RO BN S, Hg}:'m%ﬂ%ﬁm/\
B AREAIE [0] 5t 1 AT AR N 5 35 25 R AIE 1] Bt 28 3 Sigmoid ¥
T BRERCAJ A 8 I R A ) 15 B8 A AR
Kl F (a); 55 ¥ BOCH 56 [ 5 4 ACRRIE 1 R03fe, AR =S
[) VE B BT 7 A AR AE o 38T T ) AR
e N ] 4 i

-

Sigmoid

Ilobal max1rn /
pooling o
global average

output

- F(a)

4 EIETERER
Fig. 4 Schematic diagram of channel attention

BRGNS WL NY N4 /AN W
F(a)=
S{ M [MaxPool(F)]+ M[ AvgPool(F)]|=

S{wl[wo( ):|—0— wl[ O(F )}}, (1)

A SR AY L Sigmoid BTG BRB M F s py S IL R
SRR EAE)Z s w0 KRB A B ISR

25 A IR, B S A OE T AT R R A

B AL ERE RS KB AT A — A SRR R (R

B A N BB E A s WEE K. BRI

Imaximum poo]mgl

F(b)=
S{f””[Angool(F(a)); MHXPOOI(F(“)”}:

S{ /T Fs Fin) | (2)
AT R R IE WA KN T X T BB HE .
ES RS I 151 S =N R = N = N 3 IO 1 1 6 A o <
F(a) %3 Sigmoid bR BUHIEG rREUS , A RIANERF LS
i A RRAE AR SR AT B B R AE F(b) o

K
|
4 |
I
I
|
|
|
|
I\\\X
I
output
F(b)

K5 wHEE R ERE
Fig. 5 Spatial attention diagram

3 IR O3> H Ik AR i A

I F AFSM-Net 5 B (1 38 852 15 18 4 #) )7 ¥
B4 4 A A T B AN R i S R G B I I A
PEIAG 1R A7 I S 5 TR AT 0o 328 JR PR 1% 28 53 43 A AN 34 5T Y
n) R, R — A A TR AL R R AE D A e i

DeepLabV 3+ M 45 181 | If 38 1o |2 Ik & B3GR G 1
) I 57 B Bi):ﬁjiliﬂtﬁﬁ%tﬂﬁﬁn@m@%*ﬂ
— MR R WS B, IF K TN 5 T AT X B S
B st 2 S MR I 3 S 45 2R
3.1 HIBERMALE

VIR 45 CCF T B B 5, & 59k i 40 9

0628003-4



£ 605 F6H/2023E3 A/HASBFEHRE

R RZAR SRR U G S — L3 308 526 i
OCHAD) Fric TORHL#) Aric 2CEHTH) Fric 30K
Lebric 4 CIB 8% ) , A8 90 AL 45 5l bkl BF st . oh T8
364 O 5 M ROF R LR 48— 19 18 RO AR, A L
B A A R 22 R 2% b e AT 2R 0 TR R R S A i

& 14 ¥ 3 U] %)k 352X 352 B9+ &, 3F B X CCF LA
S AR B E S E AT B SR AR AE R A OpenCV XF U1 J5 1)
EUZIEATY 78, BB T8 BHFG st 880 S5 4RAE
T 245 5] 10000 7 7 & 308 o £ 8 384 5 45V A A0 e figh ok
TR 2 B AS S5y 4 (1% ) R 5 4 B AN 14D 6 BT

K6 HEE S bR A&

Fig. 6 Real images and marked images

PA RIR ARG Z MET R Y F 2 {H -

3.2 XWSHEERLLFE

¥ CCF T A 528 B0 s 4 ¥4 8 2 1 Lb f51] i 17 Bl AL
X143, 8000 5k 4 1 Jhy YIl 5 K 41 45 , 2000 5K B R AE M
MERLE o 8 SGD IR #5 UEAT N 48 B B 1 58 37, R A
ReL. U 0I5 pR B0 B 58 SURR 8 2 oR 500T 0 2 a#E 47 )1 2
S Z RS, 422 % 0. 01, it TR E ol 32,
S AR50 . SLHAE Windows 10 #:4E R 48 I
#4725k H Pytorch 3R J& 22 3 HE 4R  Cuda 7.0, Cudnn
9.0, Jf 38 £ OpenCV XF % 45 F 17 40 2 . 50 5% 3 3
NVIDA 1080TI 8 GB GPU #E47Jin i .
3.3 ZBITMIERR

e 3 SRR G o E R R o 2 S AOKS
(OA) 452 HKE B2 (PA) K ¥ 38 31 e (MIoU ) 4§ 34~
Tehp R PEAE R B U IR . OA F6 78 5N 1E 5 19 2 0] 5
S 2 A )

A()A:#, (3)

A AR B 20 B BORE 5 p,,, RS ELIE B R 3L

1 £ pim
Apa = A1 “Z() % 5 (4)

D b

e+ TR IGNBR P oA — KR

MToU /i 1 J2 i J P 80 SC o0 10 00 A 1 4
B TR TN A B A AR PRAR SN TRR L A IR S 4
HIFEZ I

_ 1 £ pml
RMIOU - Z » » 1) (5)
kEt1 4~
D bt D P P

A2, R I (B O RO
4 LEAR S0

4.1 AFSM-NetiHptsLie &R 50

J T B E AFSM-Net 85 A9 (1% 45 2501 |, 43 ) % 3 36
W i 25 ) B B FURR AR K ) o R A
T RS 8 . PEHX DeeplabV3-+ W 4% 55 U 4 Sy 52 56 ()
TR A

TE 1 B T ML AR B 3 il 52 56 DL MToU fE 8 B
TehR. WALSIETE CCF T ASR E M PEM 4 n & 1

0628003-5



JioR o N2 10T UG M - 78 R R DeepLabV3+ M4 I,
MIoU XA 82. 58 % 5 5| Al il iF & 1A 5 , MIoU Lk
SELRBIARIER = T 1. 68N 43 s U N A5 R VR B I B
J&i s MIoU FbFEZe BRI 25 1 2. 4445 43 0 5 [ B 3%
25 B3 B RS Gl E I BLE , MIoU H SR 2R A
R T 4. 200 E 0 RIS Eh GHEERES
R o] 18 J PG 1 4 RN B 0 S I 3R

F£1 WRASHAE CFF MR AP 25 H T 1L

Table 1 Comparison of evaluation results of ablation

F60% F6H/202345 3 A/MAERBFEHE
FRn & 2 iR o M P15 R k=110, BHE AR 1T FR1F
P43, T 4 B B R A 5 SR RE AR R B PR 0k 47
. M2 LIEH k=23 48 ,MIoU #R It =1
i L R RRAE DD o B 5 A, AR B 43 RS B 2> 42
135 k=3 4 1}, MIoU #f bt =2 W IG , 3% /2 K K Bl
138K, 3 B AR 4 D) 0 i 2 /N IR IR RN
1) S I 1 A K I, e 2B T 43 B0 ARG B

F£2 RIEYISE 30 S5 55 5

Table 2 Experimental results of different cutting ratios

experiment on CFF test set D b MIloU /%
1D Baseline CA SA MIoU /% a 1 79.65
a N/ X X 82.58 b 2 86. 40
b NG NG X 84.26 c 3 83. 64
c N X N 85. 02 d 4 80. 02
d N NG N/ 86.78

TE FFAE P DT 70 455 e 38 fil S 56 o, O f 45 AR B 2
MIoU, HBE R 2k Z S b A R] o 7 288 J2% P 8RR AIE 73
PR 1/16 B, 5] ARFAED) o BBk A7 2 2 01 4y . B
PEAT R AL BB U0 o3 i 75 25 B 0 R R U {E
FLW O HIOR RE B o U100 LR AT, MIoU 45§

v

(b)

4.2 AFSM-Net#= & 5 H fh #& 8 {4 Lb 5

h T W UE BT $E AFSM-Net 8 80 (9 45 5tk f H 5
FCN,U-Net,SegNet,DeeplabV 3+ %5 4 Fjt 28 #L {14 15
O3 BRI R AT X ST, 4 20 i 0 3 S 4 AR R AN
JIT 2 S 3 J A T S 43 AR 1Y) 25 SR 1 7 s o
MIEL 7 0] L T SR ASE A0 1) 3 S A R R R AR T, X

B 7 Sy gl X o () BRIE P 5 (D) AR vE EI% s (o) FCN 2 HUEE S 5 (d) U-Net 2B gh 3 ;5 (e) SegNet FEHUEE 5 () DeepLabV 3+
Bzt 5 (g) AFSM-Net #2 B 2%

Fig. 7 Comparison of experimental results. (a) Original images; (b) image labels; (c) FCN processing results; (d) U-Net processing

results; (e) SegNet processing results; (f) DeeplLabV 3+ processing results; (g) AFSM-Net processing results

0628003-6



/N BRI R o B RO TR A, S A A MR Ak, HL
7 B R RO I W . AH BT FCN L U-Net, SegNet
Fl DeepLabV 3 4 28 B3 43 E1 501k, BT $2 53035 7T LA
T8 I 43 10 28 SRR T BN S B % . FCNGE
DRI S FRE S 2 LA 2 4y T A B DL
WE 7(e) FroR ; U-Net Bk BIGE I I FCN B ER T
— i AR T RN AR L B S I ROCR IR AR 4n
€ 7(d) 7 ; SegNet S FE A # AL SR L 18 f 45 2K il
W BT 55 R A (E AR A BIROR L FCN
U-Net B A T — & W8T, & 70d) frxs
DeepLabV 3+ %1 43 %I 8 Jy LU 28 1 (1) 18 Loy HIHIE A
TR AR T, H 8 2 TO VR v 43 0 AN AR S
TE % B A B S 2 0 I S R AR AR B L AN R 7 (D iR
2 R AT LA 3 B 3 B AR R N BB R
B H A 28 TE Lo BB A BRI EE T, X I AZ b/
H AR AR AE 4R B T 0 2 e R B
ZEE Y AR, NE 7( P, S REN,
JIT 4 5 125 0] LAAT S50 4 TSR X IR b B AR P R Y
53 Be

N T — A A0 BT S [ A i S4B R A T R
BT R AN SO IR R g RS KR B
f 43 28 o A % R AR G S i o R, B fR R 3
JTR o

#3 ARFRBHEI LR

Table 3 Classification accuracy of different algorithms unit: %

Algorithm  Vegetation Building Water Road OA MIoU
FCN 70. 22 71.55 69.25 70.22 70.31 70. 84

U-Net 81.85 80.26 80.32 79.84 80.57 75.26
SegNet 83.46 83.28 82.84 82.78 83.09 79.45
DeeplLabV3+  88.26 88.53 87.00 88.45 88.56 82.48
AFSM-Net 90. 46 90.56 89.84 89.64 90.13 86.42

M3 AT LLE H, T AFSM-Net B8 i1 85 25K
BE YRR 8906 LA b, 43 J5 1 B ROKS B ik #1] 90. 13% 4
5522 MLl TE S BB FCON AT HE , R B 40 1 09 o 1 2R
P T 20 24 H Ay L B o FIOMERR R A T
19. 014N H 43 i KRB 4r BIAERR R 48 & T 19. 424/
YRR FEINMER RS T 19820 a8 5
U-Net, SegNet,DeepLabV 3+l H , 73 HI 45 i A —
ERTE . AFSM-Net (1) MIoU ik 3| T 86.42% , #H kb
FCN ) MIoU 5 15. 58~ A 43 &4, A Lt U-Net /& 11. 16 4
H o s, M HE SegNet /& 6.97 A~ H 4 s, ML
DeepLabV3+ 15 3. 94 4> A 73 i o B BT 2 07 1% 2 ol 17
B, L AT A 4550 b 4 vy 32 R PR 1 4y 1 45

5 4 1w

P T — R A RRAE ) B R i R AR R
VI SRR T Xy R 2 B AFSM-Net, 75 4w i ¢ v
SIERAE ) 2 AR B il A5 455 80 R B 4 3l B2 BCJR) 5 IX

F 605 F6H/2023 F3 A/HAEBTFZHE
IR NP R B RRAE 5 [R5 1A 8 B 8 T I 24 A
R0 12 2% B AR AE 09 2 BCRE 07, PR R 25 AR BN A2 1Y
T 0L F L A Ak HE A B R R R AR T S B
AFSM-Net # B $2 F+ T X 12 5B B4 0 AN BE 7, ol

TR ER o F P e o> SR . SRR AR
55 Jo Al 28 i SOy 507 A T, AF SM-Net 458 8 ) 73
NG BE T ey, n] LAARAT H AR A e S 1B o R AR

Z % x M

[1] FEWLE, FEPGF] . 5L T ) FURAE Al 1) 18 2 15 15 H
B R A R [T, WOt S ot e gk R, 2021, 58(2):
0228003.

Wang Y N, Wang X L. Remote sensing image target
detection model based on attention and feature fusion[J].
Laser & Optoelectronics Progress, 2021, 58(2): 0228003.

(2] XU, JEAR, BRT°, 45 . G 248 CNN s G ik 8
PG5 2L IO, 2021, 48(16): 1610003.
LiuJ X, Ban W, Chen Y, et al. Multi-dimensional CNN
fused algorithm for hyperspectral remote sensing image
classification[J]. Chinese Journal of Lasers, 2021, 48
(16): 1610003.

[3] Kemker R, Salvaggio C, Kanan C. Algorithms for
semantic segmentation of multispectral remote sensing

ISPRS Journal of
Photogrammetry and Remote Sensing, 2018, 145: 60-77.

(4] ZEMiGE, BT, BIUAR . 2008 R R R E & R IR
SRR RERT] AR, 2021, 25(1): 148-166.
LiS T, Li CY, Kang X D. Development status and
future prospects of multi-source remote sensing image
fusion[J]. National Remote Sensing Bulletin, 2021, 25
(1): 148-166.

[5] Long J, Shelhamer E, Darrell T. Fully convolutional

imagery using deep learning[J].

networks for semantic segmentation[J]. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2015, 39
(4): 640-651.

[6] Ronneberger O, Fischer P, Brox T. U-Net: convolutional
networks for biomedical image segmemation[M]//Navab
N, Hornegger J, Wells W M, et al. Medical image
computing and computer-assisted intervention-MICCAI
2015. Lecture notes in computer science. Cham: Springer,
2015, 9351: 234-241.

[7] Badrinarayanan V, Kendall A, Cipolla R. SegNet: a
deep convolutional encoder-decoder architecture for image
segmentation[J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2017, 39(12): 2481-2495.

[8] Zhao H'S, ShiJ P, Qi X J, et al. Pyramid scene parsing
network[C]/2017 IEEE Conference on Computer Vision
and Pattern Recognition, July 21-26, 2017, Honolulu,
HI, USA. New York: IEEE Press, 2017: 6230-6239.

[9] Chen L. C, Papandreou G, Kokkinos I, et al. Semantic
image segmentation with deep convolutional nets and
fully connected CRFs[EB/OL]. (2014-12-22) [2021-02-
05]. https://arxiv.org/abs/1412.7062.

[10] Chen L. C, Papandreou G, Kokkinos I, et al. Deeplab:

semantic image segmentation with deep convolutional

0628003-7


https://arxiv.org/abs/1412.7062

£ 605 F 6H/2023 F3 H/HMAESBFFHE

[11]

[12]

nets, atrous convolution, and fully connected CRFs[J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2018, 40(4): 834-848.

Chen L. C, Papandreou G, Schroff F, et al. Rethinking
atrous convolution for semantic image segmentation[EB/
OL]. (2017-06-17) [2021-02-05]. https://arxiv. org/abs/
1706.05587.

Chen L C, Zhu Y K, Papandreou G, et al. Encoder-
decoder with atrous separable convolution for semantic
image segmentation[EB/OL]. (2018-02-07)[2021-02-05].
https://arxiv.org/abs/1802.02611.

I, Wi, FR, F BRI RS TR
JIRATU B Z6L[T]. M 2z274lz, 2020, 49(8): 1051-1064.
LiDJ, Guo HT, Lul, etal. A remote sensing image
classification procedure based on multilevel attention
fusion U-Net[J]. Acta Geodaetica et
Sinica, 2020, 49(8): 1051-1064.

X SCHE, EF AR, FE /NS, AR RGE E 1 L
Deeplabv3-+ 55 15 1 & B 5% 15 i 4> B[], #AA1 H B,
2020, 40(2): 303-313.

Liu W X, ShuY Z, Tang X M, et al. Remote sensing
image segmentation using dual attention mechanism
Deeplabv3+ algorithm[J]. Tropical Geography, 2020,
40(2): 303-313.

Cartographica

[15]

[16]

[17]

(18]

0628003-8

SRPTIG 5 p, ARTIE , A4 . T g A0 - A A5 A5 AR 2 )

2% 1 3 I 1B R O S L.
0310001.

Zhang 7Z H, Fang W, Du L L,
segmentation of remote sensing image based on encoder-
Acta Optica

2 2, 2020, 40(3):

et al. Semantic
decoder convolutional neural network[J].
Sinica, 2020, 40(3): 0310001.

SR, BUBG, AR, 4 LT Sk DeepLabv3+
O 2% (1% e XA 6 060 i H 7 9 [T, 0 50 L 2
2021, 58(22): 2228005.

Guo M L, Ruan S L., Lu C W, et al. Road extraction
method of open-pit mine based on improved Deepl.abv3—+
network[J]. Laser & Optoelectronics Progress, 2021, 58
(22): 2228005.

Woo S, Park J, Lee J Y, et al. CBAM: convolutional
block attention module[M]/Ferrari V, Hebert M,
Sminchisescu C, et al. Computer Vision-ECCV 2018.
Lecture notes in computer science. Cham: Springer,
2018, 11211: 3-19.

Szegedy C, Vanhoucke V, Ioffe S, et al. Rethinking the
vision[C]/2016
IEEE Conference on Computer Vision and Pattern
Recognition, June 27-30, 2016, Las Vegas, NV, USA.
New York: IEEE Press, 2016: 2818-2826.

inception architecture for computer


https://arxiv.org/abs/1706.05587
https://arxiv.org/abs/1706.05587
https://arxiv.org/abs/1802.02611
https://arxiv.org/abs/1802.02611

	1　引言
	2　AFSM-Net模型设计
	2.1　特征图切分模块
	2.2　空间注意力机制

	3　遥感图像分割方法的技术流程
	3.1　数据源及预处理
	3.2　实验参数设置及实验平台
	3.3　实验评价指标

	4　实验结果与分析
	4.1　AFSM-Net消融实验结果与分析
	4.2　AFSM-Net模型与其他模型的比较

	5　结论

