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Remote Sensing Land Cover Classification Based on Lightweight Semantic Segmentation Network

ZHU Wan-Ling, JIA Yuan
(School of Computer Science and Technology, Southwest University of Science and Technology, Mianyang 621010, China)

Abstract: High-resolution remote sensing images have rich spatial features. To solve the problems of complex models,
blurred boundaries, and multi-scale segmentation in remote sensing land cover methods, this study proposes a lightweight
semantic segmentation network based on boundary and multi-scale information. First, the method uses a lightweight
MobileNetV3 classifier and depthwise separable convolutions to reduce computation. Second: the method adopts top-
down and bottom-up feature pyramid structures for multi-scale segmentation. Next, a boundary enhancement module is
designed to provide rich boundary detail information for the segmentation task. Then, the method designs a feature fusion
module to fuse boundary and multi-scale semantic features. Finally, the method applies cross-entropy and Dice loss
functions to deal with the sample imbalance. The mean intersection over union of the WHDLD dataset reaches 59.64%,
and the overall accuracy reaches 87.68%. The mean intersection over union of the DeepGlobe dataset reaches 70.42%,
and the overall aceuracy reaches 88.81%. The experimental results show that the model can quickly and effectively realize
the land cover classification of remote sensing images.

Key words: high-resolution remote sensing image; land cover classification; lightweight semantic segmentation;

multiscale; border enhancement; convolutional neural network (CNN)

LA F AR AR R R B AR RN TG Y b R VEN. T 55 4 SRR AT, H R0 R A R
i, SRR ) L 07 55 2800, A BT A1 B S fR PR, T UM IR I3 G R T SR A A ) T 7 5 15 R

O HEETH: BHEARRIAIES (NSFC62076209)
WA N ] : 2023-08-12; 45 B [H]: 2023-09-28; 5K A IR [A]: 2023-10-09; csa 7E4E H AR [H]: 2023-12-18
CNKI [ %% & KI5 []: 2023-12-19

134 Z%i% % System Construction

© EREERREST  hup/iwww.c-s-a.org.en


mailto:114997152@qq.com
http://www.c-s-a.org.cn/1003-3254/9404.html
http://www.c-s-a.org.cn/1003-3254/9404.html
http://www.c-s-a.org.cn/1003-3254/9404.html
http://www.c-s-a.org.cn/1003-3254/9404.html
http://www.c-s-a.org.cn/1003-3254/9404.html
http://www.c-s-a.org.cn/1003-3254/9404.html
http://www.c-s-a.org.cn/1003-3254/9404.html
mailto:cas@iscas.ac.cn
http://doi.org/10.15888/j.cnki.csa.009404
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2024 4F 5533 % 21

http://www.c-s-a.org.cn

i H AR SN A

HRGEIRE L ST e 4 7%, 1 LR B, 1%
D] e, AL B A L5 SR A . L 2% 2 51 ()
DR, SR B 2607 0 ik, R
R R L 3 0 P R, T FLIG R A2 7
I BRI R o £ L A R R

BT L 0T i 0 ST, AL %
0, RSP RE R MR 8 — MR R BB,
1855 H AR I R R T 4 R BB 015 B, Btk
T A S AR S5 O E . TR 2 5 (R U
26 9 24 il 3 7 3 4R R PR REAE, 5 B3 0 5 5%
BT AT o 28 55 5 A7 55 Zhang 5 A FTIERK
Pl 51 22 ) K 075 8, Dy 07 3 53 2840 55 4R 05
B VR I 2 ik, SR AR TR GEHL A 5T i
D7, Chen % ABEFIIFAT ) 2R AUk S22,
LR 2 R 433 . Zheng 45 AHR th AL 151
DK A R PR e B T AR Y .
Y %\ 4 th T Bl A OO 72 15 7 5K Ak 2 2 1)
5328 X X SR T =0 3 (S S5
%, 1 HE BN ) FIAER 1 2 1) SR 30 7 A BP0, 50
B A T R T U-Net St 038 BR P 218 X5
BB, SCTLT 0 5 KRS (0 S, T B S
A N HH T IR A B DR 25 5 I 2, SRl
BRI 53 M R I PR R S (R B k). S
RS PR T R, BRI B 5 B R A
S, LR E R 2 R, R B ) L. T
FLAE SRR 25 21 (008 U B i, MEALSEIK, 43
£ LI A, L2 T 1 )

ARSCHR T —FET 5 2 R B R R A

5 4y E| W 2% (lightweight semantic segmentation |

network based on boundary and multi-scale, LSSN-BM),
T 10 55 AT 55, EE TR R: (1) B, A
{4 PR 1L 1) MobileNetV3 U VR Jy 4 58, 3 L
TE 2 J 153 B8 B th R FR IR BE 7T 43 B9 36 UK kb i
B (2) Hik, Z o midas b T 7 PAN 45
PSR EAT 2 Ry E), e & | Im A E KR b
HURRAE & 7 5 45 0, B e R R E SR ZAFE T il &
(3) A, Wit 7 — AN S g aR e, el i S A
FE, N EUES T E L AMTEER. 4) R)E,
Bk T AMRHE RN S B, Bl A RIE S 2 R
SURFE. (5) B, W 4525 bR B A HTREAT $R 9T, A< S0
LG 1005 B, 1 SO SOAE T 22 70 9858 O 15K B
K, T S A R A Y SR AT SO A K e B

Dice 51K BREI A 5.

1 LSSN-BM [ 4% #& 4k & 4

A — R T T S 2 RS B B
X F 2% (LSSN-BM), Sk 435 18 &%+ 1 78 75 70 2K 1
PRI O 3 SR RN 22 R 43 1) 45 ) R

ARG WE 1, 47 45K H MobileNetV3-Large
WA 1O 9 244 55 79, 22304 MobileNetV3 f 4 AR E R
SPRUN R AR N 2 0 e ts A O B 1(a) 2
43 STHTL B T PAN 450, 7 BPN 1 B TH A T g
LMY L, R0 T R A, RETE A R
SR, 8 1(b) R R RA e, T LAE IR T
T g AR AR R B 3 A4S B, Horh i
HORE FH 43 2558 SRS 5 5 80R Dice 5152 584 1 1(c)
SRR SR, RS 2 RFETE SCRME, A SRR
Al [ 1 PR, C FRIBIE S, up2 Fm LRFERIAS, down2
R T AP, upd oo Tk, 4 15

2 LSSN-BM £ FE4IA 24
2.1 MobileNetV3 43382

MobileNetV3 AR — AN B 4h (1 N 4%, 84
PR E ] 43 B AR SR80 158 55 % B2, () BN A FH I 300
SEFA, HEIRRIE B s i, A N AR 2R MR

MobileNetV3 F il id — MEGRHIAE IR TZHURE
{iE, T 2 A TR e b SR HURE G, 5005 6671 11
% T B 1 Kl A 92K B8 2245 T MobileNetV3-
Large (Pt A R 2, ¥ 4 IR R SR
RHERENE N 2 43 SIS 25 (0N B A4 32 7
2 4 f5TORFE. 8 £ FoRFE. 16 fif T RFERI 32 f5 F
KA 2 5 RRAE B, o H s TE 50550 24, 40, 112
1 960.
22 REASTBEER

MobileNetV 1 /44! o fd F T 2R B 1] 49 85 45 B
(depthwise separable convolution, DSC) JKi&/b i H &,
B AEIRZ B (depthwise convolution, DW) FIliZ &5 4
I (pointwise convolution, PW) 414 . PW H kit {7l
TG G, DASE ISR R AR B 1@ E 2. DW 7R RN I8
T8 AT AR, B A Ui 25 N BN, R T
HEGREEESHITT HE L EN TR

11

= N + D_]%
Horp, N SRR EEH, BRI/ DL BB

s (M

System Construction &1 135

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2024 4F 55334 21

RN 3x3 MR B W] 20 B a1, oot & T b 2
AN 1/9-1/8, K UM AT T ),

A SCAERHE il A AR 12 57 8 A R 3 A T
RET 7 EER, IE 191 DSC 1 UP_DSC sk,

DSC B TR S5 M an 18] 2 firos, Sefd 33 IR
BRURIURE, 2R 52 1x1 (135 5 6 AR B R 1 1Y)
B A DSC HREBUR B e 3x3 ({5 BB, fE
DR R

(a) Z 9 3G &% (c) FHIERL A BBk %53 2 XN Loss
C=336 =448 C=672 up4
o IUPTDSC|—-|UP7DSC|—-|UP7DSC }—[1x1 conv L»\
’ AN
/ T N3 Prediction
=12 : Pdow
i { ?
b) 121 7 B A e C=224 o
%down (b) @5t Eﬁfﬁﬂl Dice 1 — 733852 XJ§ Loss
T l =224 C=224 (=224 up4
f {Concat}——{Bottleneck—{DSC|—{1x1 conv
Boundary
Prediction

DSCHRIHAEA L : ACCIE 2; CBR B PEARSE 1 A 3,

Y
PAN %54

MobileNetV3 733

J Bottleneck LV ELN L5 1): AL 4;
UP_DSC fRERVEANEER: AL 5

&1 LSSN-BM %5 £

§ Input Exwxc

3x3 DW, s=1
hxwxc

1x1 PW, s=1
hxwxc
N

ReLU

[ =

hxwxc

Output hxwxc

K2 DSC ik

23 X imiSEs

SCH £ 49 3 G S0 PAN LB @ 4E FPN
B 1 9L 6 2 R il b, BRI NT B RS L 0 2
S, TS S o B8 ) 52 4 JE A BT
G IXFEI S R B EL & R I B SURFIE,
SRR 0TS PSS AE . R T AR 2 AE Mot 7 2 1
THERHE, MmN 7 BkEE:. 290 L gwig a8+ 1 CBR
FEHNE 3 s,

%0 AT MobileNetV3 425 24 Hi 1)
{T3li = 1,2,3, 4 VERAE B AN . 8 1(a) iR, 16
T F R A A B AR, 12618 AT CBR Bigk, BLEEE
A [ 1SR . AR AT S B SRR A ), 5
i — R IR EAR N A, 2R 3Psli = 1,2,3,4 VRHAE .

136 Z%i % % System Construction

CBR Mt 7 i, S8R0 3 7 4 3.3 15
&, CBR (A) 7204 T BURHHAE B (K@ 4L, 11 CBR (B)
AR B & TS K, IR
WK 32 11y 2 A R I, B3R T LU 2 R
RE A4 FIRGE M T 48 T304k, DL i
0% R (3 B BB FI — A 3x3 19 B4k S
BEE. o T Wb B, CBR (B) Wi bterh SR T T
SR o\

8 LRI L 2K, B PR T SRR B £ 1
B2 IR E R MR A, 8 (Vi = 1,2,3,4 5 P
SV, SEERIHRGE I\ T RO, (5152 P, i
FEAEBOR 3 5
24 SHRHERIR

ASCEET — 0 FURREL, i U5 AR B
LGV (3 5, AR P55 A FERERIN0 1. Canny
ISR ST, U B RO S AR A, T DL
IR 214, 215 BRI L, A Canny 573K
WEIE FUSE 2 SR P SR,

He 28 AUV g0k VR J2 0 24 o I 6 1 2 25 0 A,
BT LB B 3% 4 4. R 2 e 4
B, TR S MISEIE AL, 4RI 7 33 BRI
BT, S5 VR P

TGS A TG O 5 R 2 000 5
L 7 BAFR AT e B % ) 5 B T 1.
K 1(b) s, E 56/ A Concat #ESZHL N, A1 N, HF4E

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2024 4F 5533 % 21

http://www.c-s-a.org.cn

i H AR SN A

I B, PR DRS04 2 BEER U DSC Ribedk 2k 4%
WURHE, 285 1< 1 SRR IBIE RS, fi)n AT

B ERFER] S Canny 302045 e 1938 bR ac B R

Input Axwxc

hxwx112

hxwx112
i 7 7 1 1
Input Axwxc 3x3DW, s=1, || 3x3DW, s=1, | | 3x3DW, s=1, Image || 1XIPW,
padding=rl, || padding=r2, || padding=r3, || posling || =1 ’
<1 PW, s=1 di]atiim:rl dilatii)n:rZ dilati?n:r3
hxwx112 1x1PW, s=1 | | IXIP\IV, s=1] | 1x1P\|7v, s=1 | ‘ﬁ \,
[ . -
hxwx560 : - "
hxwx112 v
hxwx112 A\
hxwx112
Output ~xwx112
w hxwx112
[1X1PW, s=1; BN; ReLU|
: - Output Axwx112
(a)CBR(A) | (b) CBR (B)
:
\a'g " {3 CBR itk
[}
Input 64x64x224 Input (h/2)x(w/2)*cl Input Axwxc2
A 4
1x1 Conv2d, s=1, BN, ReLU| @@
64x64%64 hxwxcl
A 4
3x3 Conv2d, s=1, BN, ReLU| Concat
64%64x64 hxwx(cl+¢2) \
v %
| 1x1 Conv2d, s=1, BN | DSC } E
e
64x64x224 ‘
v \ ‘\ *
| Add |-— \ A\ ©  Qutput hxwx(cl+c2)
64x64x224 B K5 UP_DSC #ith
A4 5
| ReLU | % FRUE 5y 34RO 3 60 R E P, 4 6 F UP_
it e = N N e [N
[ . DSC M4 % )R 3 SCHFAE, 4516 3 1018 S
Ougputs =gy K. 55 8 UP_ DSC K8 SURFE [ 5 12 53 s

B 4% Rk ZE LR

2.5 FHER SRR

AW T —/NMRHE R G AR, G878 o & ia
SRR RRAE 5 2 RBE 4y SO Bt i th 1 1 S
RRAE, L3R 20 A0 L. ] 1(c) RAFFIERm G 1R, &
f§iFH 2/~ UP_ DSC #EHkfl & 2 REERHIE. ATt
) UP_ DSC B an &l 5 Fras, B A WA S A RHIE L,
Fe AR A PR AR B AT PO A5 SR, BRI A
HRAE B S5m0 PERFAE B Concat 4%, fx o i FHIR Al
43 B E A, B DSC B BURFAE.

Bt BRI AT AL, 200 Ix 1 B A R E B 5L
H 4 i b RAEAT 3 s 4 B TN .
2.6 AEMKEE

R T —MAEB KRR, 15 i %
o A8 AR R MR A, T S SR AR R 4 2R
S92 R HOFT Dice 45125 R IR 45 4. £E SCHR[6]H /41
THES B R LB Focal 45K R 3L, LARURAE AT
1087 (¥ ) . SCHR[ 1617 A48 1 P T 75 48 PR A A 472 9
(') OHEM i 2% bR £, J8 ok 5256, 18 Sy SO I T 28 X

System Construction R4 % 137

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2024 4F #5334 H2 W

SCHR[1718045 1 2 Rl T4 307 R4 % BR AL,
Hoh 05 2 0 RA . 70 KA AN Dice 125
BRSSO R R BB 2 T e 2K B AR, BT
I H SR BRI 72K, P LLe Be B 215 Lo
. 2 I AR R

n—1 k-1

1
Lee(.p)= =5 D ) Dilog(pia) #)

i=0 k=0

o,y R ESRRAE, p R TIARAE, n ZRREAH k£
BRAH, pyy ForHE o i MREARTIIIN S kMR,

Dice U T o 57 Pk B 1) AR LB, T L2
AR AR50 R 93245 S AR T B0 8, 11
R B AR A SRR 2590 A 0 O 5 00 ol T30 54
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DeepGlobe + 37 76 /3 ¥ 4" 803 Tk EI1Z,
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S35 4% F Python 3.7.11 A1 PyTorch 1.11.0 [I3RES,
Ubuntu 20.0.4 #1E R M EA 10 GB 2471 GeForce
RTX 3080 &R. By &+ M4 AL H ImageNet Il %k
JEHIBLCE. fESEIe R A2 SGD Hemg, FHR A E
I E 9 0.000 1, # B BB E N 0.9. % > SHBS
Poly ZhAS B2 2] 2 WIUH% > %05 0.01, )14 0.9.
WZRIIERIKECH 15 000 . WHDLD %5 it & K
/N 22. DeepGlobe Huifi S S RN 4. i TiH5AL
f) 67 45 L, 7 A DeepGlobe Aclin Be7E YL, 54\
B /NN 10241024, 78 5256 HH I R A IR
FI T R, o LK B L T P
i FBEHLIER: 90° 5.

SIS 3 AN IR 0 25 ) AT 55 PR R
HE: 22 I L (mean intersection over union, mIOU).
KRS FE (overall accuracy, OA) Fl F1 53081 (Fl-score).
Akt B AT

k
1 TP
10U = 6
" k+1;FN+FP+TP ©)
TP+TN
0A = ™)
TP+TN+FP+FN
TP
Precision = ®)
TP+FP,
% \
P % !
Recall = ——— )
TP+FN
Y
F 1‘\_ scé o 3 2% Pre'cz:sion X Recall (10)
Precision + Recall

FoH TP SRR TN BT I IE B H |, FP 3R T 2k
PIIERBIE H , FN R T R M) 54 5, TN 7R Bl
I B EH . Fl-score 5245 & WATFEIHZR (Precision)
FIH AR (Recall) FIFEHF.

T 2 4% v LA 2 80& (Parameters) F1 2%
HEEE R R TR EL (Mult-adds) KP4, Parameters
FHRVEAN SR 1) 7 [A) B2 2% B2, 1) Mult-adds FH SR VFAN AR
B IS ) 53 4 B2, e FL R S Bt HH SR ) S ek . A 4
PRS2 IE AT DK FPS SK3RAT, BN AR AD A% S i %
3.3 JHBASKIEER KT

WHDLD #4412 73 3 9w #4529 K 1 CBR (A)
g5K. B LSSN-BM, fE 1 534 SR B S ] — 73 K52
SR AN Dice 525 (LR b, GHE Lo S 13 2% R Bk
BUGIAT T 9256, W36 1 fis. LSSN-BM_A 1% 34357
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{# 1] Focal 11 5< i %, LSSN-BM_B {# il OHEM i %%,
LSSN-BM_C i F 22 X f§ 40t k. 3R 1 ol LE H,

LSSN-BM_C sl g RBILE LS, RITE I3 STIEHUE
SRR R R AL

# 1 WHDLD U FFI4 5K o Hodk USR5
Algorithm Focal OHEM X AR R Parameters (M) Mult-adds (G) mIOU (%) 04 (%) Fl-score (%)
LSSN-BM_A B 7 e 434 4.61 59.18 87.24 72.24
LSSN-BM_B ¥ H ¥ 434 4.61 59.04 87.51 71.99
LSSN-BM_C o ¥ H 434 4.61 59.64 87.68 72.57

TE 1 S5 AT A8 O 48 2% s B Rtk b, o B
A R EHEAT 7 SE58, WiEE 2 B, LSSN-BM_D,
RS £ 43 32 4 fid 2% LSSN-BM_E 4kZE N T HfiF i
B, mIOU #2751 1%, OA $27 1 0.43%, Fl-score &
=1 0.81%, FWIRFAE RS REHR 1A % . LSSN-BM_C

SR T 10 S SRS, BE 2 ARER T 1L A (E
K, A S SRR IR R AR 2 LA
AHEE T LSSN-BM_E, LSSN-BM_C {J'mIOU F 1
1.63%, OA $2E T 0.72%, Fl-score $27 T 1.41%, B
%-i?%ﬁf%;ﬁm%‘ﬁa%ﬁ, (BT SRAE AT H 52 A

%22  WHDLD 304 LAY fl sz a6

Algorithm LBy RHMERG  AFIEYE 0 Parameters (M)  Mult-adds (G) mIOU (%)  OA(%)  Fl-score (%)
LSSN-BM_D H SE o 3.36 1.17 57.01 86.53 70.35
LSSN-BM _E A Ty N 7 3.48 1.3 58.01 86.96 71.16
LSSN-BM_C ) £l H 434 4.61 59.64 87.68 72.57

k-

52 #% WHDLD $ii 4 i) B 2% LSSN-BM_C )
Wit, #EHE MobileNetV3 43 2K2%, R H T £ 73 %%
T g8 . P E R A R HRORI 0 S i R, 3 S i %
A8 XA R R AL

tH T DeepGlobe i £ 1 &y R~ KT WHDLD
BRI B R, 5T DeepGlobe ¥ 8K i, 35453
5214 RS B T %A o, FTASIN T CBR (B)
gh. 3 3 AR 1 ATROR A ERE A CBR (A) 4. & 3
o 2 AT RN Z 4 S B AR Z [ Ty R T 4 1E

KH CBR (A) 4514, w21 Ty A T4 Rk EK A
CBR (B) 4514, BB K ZE R r=[12, 25, 37].
555 2 4THILL, 3 3 B 3 4721 CBR (B) H &
UK = 308 =6, 13, 19]. LTI LA 1, IEAK 2
r=[6, 13, 191/ 255, R LE R A AT, LT 485 E
i CBR (A) 458, mIOU $& %1 T 6.69%, OA #&& T
4.09%, Fl-score &7 1 5.27%. JiT BA DeepGlobe 5
(AR R T LSSN-BM. C2 fraig o, B %0y =6,
13, 19]. \

3

% 3 DeepGlobe Mllik4E I HIBAIK LI L i

Algorithm AMCBR(A)  =[12,25,37] r=[6, 13,19] .. Parameters (M) Mult-adds (G) mIOU (%) OA (%)  Fl-score (%)
LSSN-BM_C f x - 434 73.77 63.73 84.72 76.43
LSSN-BM_Cl T H - 4.49 74.44 69.27 88.62 80.68
LSSN-BM_C2 o i ! H 4.49 74.44 70.42 88.81 81.70

3.4 XLESLIGLERB S

N HE— 35 BAIE AR ST A N, AR SO AL
H BT 17 8 L 857 Farseg A 741°1 ) BiSeNetV2
FEAIIAD PIDNet™ 47 %t Ei. WHDLD [#5l it 48 1 1)
B SS 2R FEXT L an 6 4 Fir7x. WHDLD Fll it 48 - 1)
SEuG aE BT N 5 Fras. LSSN-BM_C P9 4% 4 Lk 3
fth 7535, mIOU. 04 R Fl-score )4 T+, mIOU ik
27T 59.64%, 04 15| T 87.68%, Fl-score i5%| T
72.57%.

7t WHDLD A% 45 R SR, #HEC T Farseg

R LSSN-BM_C ) mIOU #&1  2.55%, OA 111
T 1.23%, Fl-score $& 5 | 2.28%. 1fif HXf Lt Farseg fi%
A1, LSSN-BM_C B ZE > T 86.17%, Rit e
IR BUR> T 60.73%, H. FPS B4k, szig sl BRI, A
SO By iR HAEAG T I o R

% 4 WHDLD A4 b R 5 2% BE X bL

Algorithm Parameters (M) Mult-adds (G) FPS (Hz)
Farseg 31.37 11.74 67.25
BiSeNetV2 5.2 3.07 108.45
PIDNet 37.31 8.98 63.73
LSSN-BM_C 4.34 4.61 79.02
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2024 4F #5334 H2 W

# 5 WHDLD Mlit4E F ) sRie s Xt (%)

Algorithm 04 Fl-score mlOU - — ov — -
A sty NATIE T8 B K
Farseg 86.45 70.29 57.09 33.09 56.76 31.80 51.23 85.35 84.31
BiSeNetV2 85.74 67.74 54.48 34.10 53.04 24.35 47.89 84.81 82.71
PIDNet 85.77 68.95 55.68 37.38 53.96 25.43 49.14 84.86 83.32
LSSN-BM_C 87.68 72.57 59.64 39.09 56.16 33.58 54.71 86.65 87.66

WHDLD M4 I, #H T % &% BiSeNetV2
BiAY LSSN-BM_C ] mIOU #2151 5.16%, OA $5
1.94%, Fl-score &/ | 4.83%. B8 LSSN-BM_C ] &
IR BCERS AL T BiSeNetV2 #i7Y {H LSSN-BM_C
B S i T /D S0 45 R BA, AR SO IR AE I AR
R B AN [E] I, R HCTS B 4 (19 23 AU

7£ WHDLD Hilli{gE E 45 R 2oR, FHET PIDNet
SEIFE Uy EIRAY, LSSN-BM._C ) mIOU 42 1 3.96%;
OA #5 1 1.91%, Fl-score $2fd I 3.62%. T HXfLL PID-

MLt AATIE TEEE FMEHAKE IoU E35H
FEFt. HKFRE R 1) 75 25 AR T HAR K 1.

7t DeepGlobe A% I (R & 2% FEXf Hhank 6
Fi 7. 7E DeepGlobe ff Il k42 1 35 5 4 5 6 LL 41
% 7 JiiR. A3 gk USSN-BM_C2 ) mIOU 3651 T
70.42%, 04 82T 88.81%, Fl-score iLE|T 81.70%.
DeepGlobe HiI A W45 ] €] 1)U 1024x1024, BT R
SR OO AR Y B R A S R

7 6 DeepGlobe MAEE b [ & J 5 %) EE

Net *ﬁﬁ_ﬂd LSSN-BM C *ﬁ}:@ E/‘J%%ﬁ%ﬁz//l\ T 88.37%, Algorithm Parameters (M) Mult-adds (G) FPS (Hz)
. ” T y R Farseg 31.37 187.85 28.52
Wi Fhr b 2l S IL
ARSI A R S YRR AR, 73 2R 8RR 4T PIDNet 37.31 143.72 51.21
=5 N LSSN-BM_C2 4.4 74.44 47.73
[OU {8 R We AR [ 304 £ 43 K24, LSSN-BM = 2
% 7 DeepGlobe ML b (1) 5256 45 BX) L (%)
10U
Algorithm 04 Fl-score mlOU - -
Kol X g AR Wl PR
Farseg 89.13 81.08 69.85 89.79 69.21 38.88 80.71 76.48 64.05
BiSeNetV2 84.29 71.36 58.31 85.05 44.81 24.96 76.54 69.80 48.69
PIDNet 75.95 57.93 45.64 76.55 22.48 10.88 74.99 62.34 26.61
LSSN-BM_C2 88.81 81.70 70.42 88.84 69.60 43.49 82.00 \ 62.51

\ 76.05

DeepGlobe [l 4R b HI45 R 2R, #HEE T Farseg
R LSSN-BM_C2 ) mIOU % 1 0.57%, Fl-score
EE T 0.62%. EAR LSSN-BM_C2 [f] 04 BT Farseg,

EZH =T 85.69%, Rtk Eus/> 7:60.37%,

H FPS H AR, ftknl LAE H LSSN-BM_C2 iz T
JEERHER S HE, e R E R

DeepGlobe Hllist #1044 5, 411t T4 4% BiSe-
NetV2 K%, LSSN-BM_C2 1 mIOU 42 T 12.11%,
OA R T 4.52%, Fl-score $21 7 10.34%. BARH &
I KB & T BiSeNetV2 F {H AR R 2 4 5 5
b BT 55 40 SN I e, S SRS T
2 75 B R Y ) B, LSSN-BM_C2 BERUREAE — € 88
BRI, BUS LI AR

DeepGlobe AL 45 3, #HLLT PIDNet 3£
HE X EIBE AR, LSSN-BM_C2 ) mIOU & 1
24.78%, OA 7 T 12.86%, Fl-score #7 1 23.77%.
LSSN-BM_C2 152 8 [ 305 38 FHHEHE ][] PR, 1 HXT b
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PIDNet Hi%, LSSN-BM:C2 M ity 2 4 itk /b T
87.97%, BTN T 48.2%. ifi L FPS H A
i, LSSN-BM_C2 J7 ik /& SEil P 35K, 7R 5048 b
BE KRR B K Hh T 25 1 AT SR

TE 38 3% L 55 RN 3wk, R SR
() T 17 A2 75 B 2% & I [ L, LSSN-BM_C2 #5784 mf L)
TE— BB EWEE T, B L0558 R . Deep-
Globe M4 F AR 1) 10U 15 [ e, fEFT A -+
Hhy 7 55 00 R, RO AN AR AR o 2R A A T A
F5.

NTHRTFERR S BRI AREE, 755K 8,
FATH DeepGlobe i 5 1) B v R~T I #E N 1152
1152. BEiF AL LSSN-BM_C2 R4 (¢ mIOU N 69.91%,
O0A ) 88.37%. 53 6 MLk, % 8 I E A R~ KA,
TR ST IR BT B, FPS S A AT R
B, AH AT DU H R RSHBROR, Ab 2R A 5K I Fr 22 75 22
BE 2 (R R]. T HL E T SO R A I R A, b e
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i EN RSN

9% B

Farseg i & BAEAE, Joik i T I gk, BB R
RO B 2 AT A B e (R

4 6 J& WHDLD E‘J?”Jiﬁ%*ﬂ‘]*%@ﬁ‘]ﬁ%ﬂ%l
B, WTLUE tH LSSN-BM RS BE 452001 T BLSEARAE, T
XFNATIE S /N H ARGHT BRI 5 AR, i%ﬁﬂmﬁi%ﬁﬁ

HOEHE A, B 7 4& DeepGlobe B4 A AT — K ]
G5 EICR, 7T LA H LSSN-BM # A B 4 T BiSe-
NetV2 1 PIDNet B2, H 5% 7% Farseg 54 [ 45 2R 2
AFHY. LSSN-BM #5238 B4 (1 L 7 55 43 R AT
FiRft T MR ERI AR

7 8  DeepGlobe % T Ji5 (1 S48 45 0T E
‘Algorithm OA4 (%) Fl-score (%) mlOU (%) Parameters (M) Mult-adds (G) FPS (Hz)
BiSeNetV2 84.21 71.50 5822 52 62.16 62.07
PIDNet 73.78 61.04 48.11 37.31 181.89 41.42
LSSN-BM_C2 88.37 81.35 69.91 4.49 94.21 \ \ 37.38
RIS X5 B4 LSSN-BME X B M ST B MobileNetV3
Iy R, Z\}:VJ %thliﬁ)ﬂ%fﬁ_fﬁj\%%%ﬁﬂ%ﬁ"\
iJr DB G 2E R PAN S5 KSR IHEAT 22 R E
i’J; WT 1 i S R S 1 S T R AE Bt T
- AT A T TR S 2 R BEE SRR AR E Al &
(a) 5[l (b) Ground truth | (<) PIDNet
N "

It \ "

‘. .
(e) BiSeNetv2 (f) LSSN-BM

1EEE Wt WK

(d) Farseg
L RS Resiiy/ I N
Kl6  WHDLD W4T L5 345 5

I

(c) PIDNet

(a) JHA (b) Ground truth
(d) Farseg () BiSeNetV2 (f) LSSN-BM

gl K W oz B Ak B b O 208
Kl 7 DeepGlobe Ml &R T L #1455

g5 R4E

i R R IR R AR At T R RSB A 8] 2 A
SR, 4y A 5 R AT SR T ORI B
T S 7 5 0 RAE S5 B SR 2, U R A 22 R
FEAE R, ASCIR T — A TR S 2 RERE R

PR I B 2 A B 2k B $L. LSSN-BM M 44/F WHDLD
BE4E EI mIOU BB T 59.64%, 04 iEF) T 87.68%,
Fl-score 1537 72.57%, 1f DeepGlobe #4511
mIOU iEF| T 70.42%, OA iL%] T 88.81%, Fl-score 15
2|7 81.70%. LSSN-BM [ 4% 5 HiL 1 34 sf [ R0 7 A
PRSP A7, HARRY S Inde seqb, v L8 55 40 R4t T
—ANAAT T . BhAh, X T8 55 5 A A I 2
AR TAE B F T ).
L
ﬁ%f@

1 B T B 11 9 RSB IR AR 20 7
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