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LRSS-Net: Lightweight Remote Sensing Segmentation Network

TANG Qiong-Shuang, HE Qing, DAI Si-Xuan, HONG Wei

(School of Electrical & Information Engineering, Changsha University of Science and Technology, Changsha 410114, China)
Abstract: The current high-resolution remote sensing image segmentation model based on deep learning has the problems
of high delay and low response caused by a large number of parameters and complex calculations. Considering the
problems, this study proposes a lightweight remote sensing feature segmentation"method, which can better balance speed
and accuracy. This method uses MobileNetV2 for rough feature extraction, constructs spatial information embedding
branches to achieve fine feature extraction on different scales, and introduces dense connections between different levels
to obtain dense contextual information. The decoding end designs the feature fusion optimization strategy to fuse the
features of different scales layer by layerto incréase the perception of fine-grained features. Meanwhile, upsampling with
alternating deconvolution and bilinear interpolation is employed to reduce the image edge information loss. Finally, the
cross-entropy loss 1s (éombined with the Dice loss to accelerate network convergence. Comparative experiments are
carried out with several commonly used semantic segmentation methods to verify the effectiveness of the proposed
method. The experimental results show that the segmentation accuracy of the proposed algorithm is 93.7%, and the MloU
is 88.01%, which can achieve effective segmentation of ground objects.

Key words: remote sensing image; lightweight; segmentation of ground objects; dense connection; MobileNetV2; deep
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AR BRI LA 20, EA R KR T30,

BExt PA BT, ASCAERIES B /N BT
HUATSR T, CAR R RIRCR Y B AR, 2 17 —Foh
i AT AL B AR B ) B R S ) 73 1
M 2% LRSS-Net (lightweight remote sensing segmentation
network).

1 LRSS-Net %

A SCHR A LRSS-Net F Z GRS M4 W54
AESRIOHESe AT B RO 28 L, MY
FRE A U 1T .

,%Tﬁ%f%‘ﬁﬂﬁ%m%%ﬂ%%@%ﬁi&E‘Jiirﬁ
Ik, RSO PR B 2190 4% MobileNetV2! ) 347 113 4
FEFEEL, LB a iy 1x1 BRE . PR E 4
B2, N T ID SRR B S G R A A a4 B 1
TR FGHAT 4 T RFE. RHE A BEHCR B 42 42
B W) 20 R AEFE B 2 AN [R) R FE B 4l 518 UE B2
EEEE, PR BB AN RRE, B Y 1 2R S e
HI IR 3K 7 ISz B, /58] 7 FEE 1 L UE . R
it b A AR, A FH SR M 4 B 5 e B RAS B AT B
FEZRUGE TR EHG B 73 3, fERX AN SRR R SR ER &
ARG IR /IS B ARE I 38 s A5 A1E 5 A0 A 5 s i 4 7 3
BN IR ERL 5.

1.1 V45 R BUESR \

MobileNetV2 £ 2018 4 4uGoogle [P\ Fr Hi",
TR ) PR BB 5 T, 7T LA e b i 51
B RE 2 SRS B, DR AR SO T PR AT )2 4 1
OB, R R B

W 1 PP RE R OB, B — > Z4E AR
17 /™ Bottleneck JZ 2 . H: 11 Bottleneck #7Z A1
BRZEGRE, BE 3 MEE, BNl — NG
RN R 11 WS AREHAT FH4E, BT 3x3 BIIRET]
154G (depthwise separable convolution, DWConv)
FREURHIE, S a A 1x1 B ZE. A1 LL T @A,
UREE W] 7 B B AR D T Th 5 AR AN 2 50 1Y R I
ARFE TR RS, B AZ O AR — AN @
LR T B IR G IR f BB B R SRR
BN TE AR AR, N s E AR IR U
RHAT 1x1 B BAER G H R ERE RS —1k (batch
normalization, BN) DL & ReLUG6 7% pR 2%, 8 X 45 15 7Y
PUE WS
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g ! B 1 LRSS-Net 5 8 ILAik 2L H

HU4E 256256 B N, 751 4 AR R LMK
VIARIEEIF). FO. FORIFO, Horfi2, 4, 8. 16 103
TORFERIREEL, BT CAL AR 18] 43 #2400 128 64,
32, 16, MIEH 7N 164 24, 32, 320.
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IR AE BLAT F & 2 R4 {5 5, (HR B =08
SAB R, ERHEE UG B S 5 b 2 401 5
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S BT 140 W7 K A (1 % o 0 A RIOKE A 1) 45 K 10 2%
N TR AN T R, 32 00K [15] R R 1 A EE 2
ik N\ 73 X (spatial information embedding branch, SIEB),

PR SRR 22 (645 2 405 RN S ZRFAE, SIEB. A TEAR |

B 2 pros.

P, C High-level feature map P

MaxPool

Conv3x3

( Low-level feature map )F{
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B3 20 i 5 FL 34T RO BRAE, B 2B H R AE 1
FULRSER CoxH2x w2, iR AR (1) fros:

Féjl = FéixMaxPool(Conv(Ff)) (1)

Forp i ROR R RFE R, [ Ron g0 5 156 TLZHFAE,
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N\ SIEB 7353/ B 035 L A IEE P2 F2,,
SR K Fo AN SIEB 13 31 B 25 ) i P05 SURHIE B F.
Zond 2 R A E AR, A B AR B =2 2 R 40 9 (5 B
KIFY, Fro MU & K15 SUE BB T K5
I AEE R, XACE R T 5 BRER &, 10 H
AT EIVERE.
1.3 $FHERERDIELR
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N, FROE ARG Lt 2 N RRAE R & DAL 57T (feature
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U-Net %% ()07 iz — R A T BkkEE 7 2, #
RIZRE UE B R G 5 E A BT B B R
FE—if. AU T RXMIE, SREHR T — P Ak 7,
SR Z IR A T B — 2 Rl G R AE, JF 78 SR A
I TR RHER S AR T I SR A 3 TR,

% T
1,

— e (| [P
3x3

3 R (1T

R R SRR Wi2xH/2xC1 RIERAE R 1, Al
WxH>C2 WIRHIE B 1, 2 AH AR = 2 BT f2 B R, 58
XPRFEI 1) SRR A SRR L, )7 7
— 8, H SRR L fEmIE4E R AT B R G
SRJE AL 3%3 AR 2 AT 73 B 5 ARG e S FRRRAE 2R 4T
AR, el TR B R RS R A B 5 2 E B
14 IRKREH

BB — AN 3 )40 2% ek BN A e n BRI ek 2
W] 25 POE WS, I BE 3R AT SE A HORG BE . JE I 2 e
(L5 2.4.2 747), 401 5% PR B 241 4% 22 80 58 XU (cross
entropy loss, CE loss) il Dice loss 1414 . CE loss.

Dice loss Al /45 5% B 205l =X (2)-3K @) Bios. |

M
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T 6 AL 2% G U0 45 BRI TR 9T, $dia kIR T
CCF (China computer federation) TR AL AL 432K 5
WAIREE, i 5 5KAFARIE R 20 PR R IR B R ALk,
RS RO 79697939, fk/ A3 40112470, 2[4 43
R GL, v ] WA B . ¥ 5t o 5 2%
R I, A R IE .

BH T AR 1) 40 W 3R OK 8 ok B N ) 2% 3k
17Nk, BT AR 3 2h & 100 AR B it AT U0, s
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o TR W 1G TN 5 ) B 22 B RRAE, A e 4% IR Ak
77, T PSR I I N B S 1 IS R B e . AR A
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2.2 LT A KINGRREE ¢ \

WIZRIET PyTorch IR %% “JHESE, GPU J& NVIDIA
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TEIGAE R 100 RIS TR, 25T £ kK, B
AL BT S5 A 0.000 1, LR ~F A 8; 15 Adam
AL 23 34T AU 5 B, sh & (momentum) ¥ E A 0.9, FL
H K (weight decay) B E ¥ 0.0005; 5 =) 2 1 B 50
KHL StepLR A 7 V% 712, B 4 A epoch AT — Ik
SIRIEPL, FEIRFE N 0.94. 165 — 58 HII%AR A F FH 3IE
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Horh, ke R B TN AP 2R %L, i BB 56 @ P Ak
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RUUE, pj; R 5 j RTMBER | RINR R
24 SHBER Y
241 FRiERG T RRAERE

%l 0 2% % Ffladd F1 Concat 3k % & 45 1iE &5 &,
add RFHIEE BN, 4EEA S R4 R, Rt —
FRAE T HIE R EIN T . M Concat & IHIEH A I, Hr
AE R AEEIE N 1, B —RROE T M5 BE N, N
R FIRA T7 a7 PRS2, S5 3k 1 s,

® 1 AFERETT R

MEHR MIU%) PA(%) GFLOPs  Z¥E (M)
add 86.24 92.63 1.48 2.52
Concat 88.01 93.7 14.01 3.48

i SRS N AL

MFE 1 0] LLFE H, Concat ) EHGE FEML T add, 1M ‘

T add IR LE Concat SEFRME, &4 BRI A HH
LT add, Concat fR4F J 5 ZRIE(E B, AHFIEE 12
{367 T i, T LA A SOl B F 5 RS P 545 19 Concat
EiSE W p !
242 HRPREUNIEFE

N T B AEAS [ (453 2% B8 B0 73 B BCR IR R2 i, i
T U0 R SR8, AR M 2 R R0 4 R 2 .

FK2  AFEBREET LR (%)

TE3R 2 1, AT DMR B B HOE 3, 49155 R 20N Dice
loss #ll CE loss BIZH-E W, MIoU 1 PA AT HoAth 33 25 2R
0, X RN A B4 A R G R G NG
PG AT 5 1 43 B4R, SRS A T DL AR e I 45,
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FET ONN (15 S EIAR sz — (2 i TP 2% ]
DA it =5 e, A [R] )BT P 45 3 URRAE I RUR A —FE.
HNT . YRR, 4%2!-‘17‘7?%55‘|U—Net\ PSPNet.
Deeplabv3+iE47 %} L, Fﬁﬁﬁiﬂﬁﬁﬁ [F—& T M, Bl
ImageNet EFIZRH MobileNetV2. % 3 A& KR fE
R AL 0% R [k gt LS. 763 3 o, LRSS-
Net 0 10U MioU. PA %7 T bL MobileNetv2 -
T 2% ) HoAth ) £, 1X KB LRSS-Net 25 ¥ ) H &0tk
T8 IR G 1) 53 %1 oh B A 1R G 1R 3 R

R3S SEIR A TR (%)

IoU

TR Sem e mw ke am MU A
U-Net 77.89 93.01 80.86 90.97 77.77 84.10 91.38
PSPNet 78.83 93.63 81.30 91.58 78.82 84.81 91.77
Deeplabv3+ 78.65 93.19 81.54 90.77 78.67 84.56 91.69

Ours 83.49 95.03 85.41 93.04 83.05 88.01 93.7

R BB MioU PA
Focal loss 75.50 86.38
CE loss 85.17 92.31
Focal loss + Dice loss 84.70 91.58
Dice loss + CE loss 88.01 93.7

VE: MRy il

244 HEFPE L0 TSR

it PRI LRSS-Net 5 ARG 22 S 2
REXTLL, 5T LAR SESE, 1A loU. MioUs PA~ GFLOPs.
S YRR AT ITAl, GFLOPs 2 7RVE A 18 5L UCH, F kel
BRI AT Ak ) A AN TR b 4 RN 4 TR

W\ 7 4 F T UL F, LRSS-Net 7 GFLOPs F15:3
B 14.01 A1 3.48M [f55F, 76 W4 - ERG T
88.01% I MIoU M1 93.7% ] PA, #H b HoAth JLAN /9 2%
BRI TR, X2 MobileNetV2 9 4%
ESHE. ITHEEFIEH T ERTTHR, FHE R A
Befg s 3 BN 43R5 2 1) 1R SUE R, FEARIE TR
EAS R AT T 3% MobileNetV2 9 4% [K] 45 14 fi
BRI ME RES . BUAR AN SCHIVATE GFLOPs FIZ 4L
= AT ENet U437 T 13.48 1 3.14M, {HIZ7E MloU
F PA J5TH Eb ENet & 1 14.53% A1 9.57%, 4% LRSS-
Net 7535 5 FIRE BE 2 MBI T 5 AT 4.

5256 45 T AT AT AL, I 1] 4 AT DLUEE DU ML
JE& 2 B AN [ I 25 11 73 B R . LRSS-Net 56 AR 6 % 1F: fff
P S & 2R 09 e EE T 0], TR T
T R 25 (S BN 23 3, B> T 2 (15 Bk,
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R 2. PSPNet Al Deeplabv3+X i # it 700 H B34
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) r R B 1, I R D B R K TR AR O, T R
W IEJT IR, IR TR RS2 B EiR R I s 25 H
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Gy R TE B 7 TN HA H AR

N RINR i =Y N
0,

7 AN — o Még) s T MUY PACK) GFLOPs  Z¥iit (M)
DFANet  Xception 5688 8175 6186 8160 5719 67.85 8022 0.53 235
SegNet VGGI6 6142 8282 6648 8280  63.09 7132 82.72 40.16 2943

ENet . 6236 8518 6918 8527 6542 73.48 84.13 053 0.34
PSPNet  ResNetsO 8093 9421 8327 9205 8085 86.26 9268 \15; 4901

Deeplabvd+  Xception  82.07 9441 8414 9196 8198 8695 . . 19286 o  20.69 54.52
U-Net VGGI6 8183 9489 8422 9339 8165 k) R 56.30 24.89
Ous  MobileNetV2 8349 9503 8541 9304 8305 L 8801° . 937 14.01 3.48
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-
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K 4

3 SR

IR PSR 5 BB R UG ST P 1 — A LA R,
99 T B ROR LA BT, AR T A
RYUE AR 73 B 4. FI ) MobileNetV2 #{f
[ 5, B A HBIR > T B30, 3L NISIEB #1387
58 SURFAE P IR 2 (5 8 TR R R 2 11
S B0 LT SRR W5 55 05 A
S J2 e B BRI 13 L 0 6 P R P S, SR 2
ARG BB B 0 BRIy X, R T 4y
EIRUR. IS T LU, B UK FARS
S R, 3 80 R LT 3 A 2 5 A AR 72
6. 5N S AT IE B R SUIHEAT SR T, o
5 B S AT 0 T B
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1 ARJRHE, WAL, K, . SE Al S 5N S
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