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Lightweight Segmentation for High Resolution Remote Sensing Image Based on Improved U-Net

HU Wei, WEN Wu, WEI Min
(School of Computer Science, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract: Considering the problems of low segmentation efficiency of traditional image segmentation methods, complex
and diverse features of remote sensing images, and limited segmentation performance in complex scenes, an improved U-
Net model is proposed on the basis of the U-Net network architecture, which can satisfactorily extract the features of
remote sensing images while maintaining efficiency. First, EfficientNetV2 is used as the encoding ﬁetwork of U-Net to
enhance the feature extraction ability and improve the training and inference efﬁc"iency. Then, the convolutional structural
re-parameterization method is applied in the decoding network and is combined with the channel attention mechanism to
improve the network performance without increasing the inferencé time. Finally, the multi-scale convolution fusion
module is employed to improve the feature extraction ability of the network for objects with different scales and the
utilization of context information. The experiments reveal that the improved network can not only improve the
segmentation performance of remote éensing images but also promote segmentation efficiency.

Key words: remote sensing image; image segmentation; U-Net; EfficientNetV2; structural re-parameterization; multi-

scale convolution; attention mechanism; convolutional neural network (CNN)
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KA2%, 4359 FCN-8s. SegNet™!, DeepLabV3+7%, A&
SEUG RS 2R N 2% U-Net, PLIZE T U-Net P25 1) — 2L 04
HEMIZ%, 73518 UNet++. UZ-Net\"lA"ftention U-Net, H:
i DeepLabV3+iJllé;§jJﬂ)\T?ﬁﬂlé}ﬂﬁﬂ, T B A7 RN
BRe, U2Net %46 ASK /N 10, of L S5 A A0 £ )
I8, A PRI 70 1 2R 57, 494 P25 91125 70 6, f
H PA. Kappa. MIoU F1 Macro-F1 {E AN $8 4R, Xt
tgs SRk 1 fos.

R 1 AFETEAETE 1S AR

WiRES PA (%) Kappa ~ MIoU (%) Macro-F1 (%)

FCN-8s 83.59 0.7589 75.63 85.94
SegNet 82.41 0.7429 74.74 85.30
DeeplabV3+  85.81 0.7924 79.16 88.21
U-Net 86.99 0.8097 80.67 89.16
UNet++ 85.31 0.7854 78.96 88.02
U2-Net 86.38 0.8004 80.50 89.02
Att U-Net 87.17 0.8123 80.88 89.29

AL 87.56 0.8180 81.72 89.80

W | F, AT PA )4 87.56%, Kappa %
¥ 0.818. MIoU K 81.72%, Macro-F1 4 89.8%, 5
Eﬁﬁ%’]@%‘ FCN-85, SegNet 1 DeepLabV3+4H Lt,
S VEAE % TR AT 48 7 T 0 2 1 o 2
1, DeepLabV 3+ 25 ¥ 73 F1 : E 5t 4. U-Net 25 T4
T AR AR IR 26, FEIN T RS Bk ERIE S, A
RSB B I FE LR N 2%, U-Net 28> 45 5 PA N
86.99%, Kappa Z%0°8 0.8097, MIoU N 80.67%, Macro-
F1 4 89.16%, R, SEEGF I U-Net /2% 531 25 FAk
TR EE B FE L FI 245, KB T U-Net M 254 b ix 4
31 W) £ B JI10E & 18 B UG A BT 5% . AR SCH VA U-
Net &AL, PA & 1 0.57%, Kappa %305 1 0.0083,
MIoU & 1 1.05%, Macro-F1 i | 0.64%, %8 T A3
J5 AR LT R G U-Net /92424 2] g 5 58 3, 4> #1Efg
FEAF. 755 U-Net S0k (9 /9 48 %5 b b, A SC 5 9:7E 4515
Xof LeAE AR o 3 UG B . B 10 45 T AR SO0t Y
IR 286 R AT 50 B R B8 9 285 1) SI2 58 4 100 Bl 25
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‘: . .......

LY
A 3
3 -

(d}SegNet {€) DeeplabV3+ (f) U-Net

(a)@&l@ (b) PR35 (c)FCN :
\ “b’ '
Bl 10 1 R AR 4y RGB3 liE B,
FRRE NSRS (0, 128, 0), EHUNA (128, 0, 0), /KK
N (0,0, 128), TH % A (128, 128, 0), FHifth v &
(0, 0, 0). AXTEE I Hm] DLE H, AR ST B8 4
o T 2% BAREE 2 AR TR, TR BT AS [ R
(17 H b B 58 L iR 58 B 4y R, SE NI AR
53 S5 A b I Ath X 25 B Tk 4.
ASCEFF B egs . 2 RIZESBEE
B I VE R AL R R 2 B S Ak 1 7k,

142 A4 AR H % Software TechniquesAlgorithm

(g) UNet++  (h) U2-Net (i) Attention U-Net (j) A3

y " B 10 4% P4 BT () 49 0 25 51

S5 T 2 RRAE S BRI RE 77, A5 ) 2 ok 2k PR R A
5] R B AR AT RE 77 558, hnsi 1 7 FIEE S B
R, B, A SCENETE R TR bR EAEUS T B
ShIR, R T ARSI A AR (1A R
32 MBREN

ARSI I PyTorch ¥ FE 2 ] HE SR [ 4 5 2 X 4%
7M1 LB torchstat X WX 28 45 Y 1) 2 5 & (parameters,
Params) Al %5 & (floating point operations, FLOPs)
BTG, Gt SR AL 2 P,
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i H AR SN A

K2 AFEIENSHEMTHEXL

WiReS Params (M) FLOPs (G)
FCN-8s 14.72 20.09
SegNet 29.44 40.25

DeepLabV3+ 54.70 20.76

U-Net 31.04 46.14
UNet++ 9.16 34.65
U2-Net 44.07 37.90

Att U-Net 31.39 47.23

AL 21.40 5.67

MFE 2 FTHI, UNet++ 45 (1 S50 5K, N 9.16 M,
FEJFE N UNet++P 28 M 32 I@EFF 4R % 512 if5iH,
FHEL T IR 46 U-Net W45 )\ 64 J8IEF] 1024 818, S5
HRKIR/D, S50 s 4 U2-Net N4, N
44.07 M. J5i4f U-Net W28 2554 31.04 M, FHECT 5

& U-Net, A S0 0 1 45 S 40800 21.4 My LJEGR
U-Net W25 S 8200 7 9.64 M, 7E it A % EE ) 2%
i1, HULL UNet++ P4 Al ECNSs 14 2 K0t . 51 i
5T, ot L e 00 2% e 5 B S A v, e 1 D 4% A
Attention U-Net, i} N 47.23 G, J&4h U-Net M 2%t
HEN 46.14 G, TEATA M2 s TS K BNHESS .
ARSI T T R B, N 5.67 G, MECT R G U-
Net M 4% 46.14 G WiT &, A BT E RN T
40.47 G, /N T 823 88% ITH A, [FIBS AH bk At
XoF AR 28, TH AR KRRk ).

ARSI E S T N 2R FE BV AR B B A, FF X8k
AT I, 15 B HE U /N 12, AN a5 5 ik
AT MR FFLETE, BT B A I 5 45 1 ki, id
DRI B], SEEe S5 RNk 3 s,

23 AS[EIT I SIS 1] A s ) B

ik PG 7] WA 5] (s)

FCN-8s 5h 55 min 6.08
SegNet 12h5tmin ¢ ° 10.98
DeepLabV3+ 10 h'46 min 11.56
U-Net g | 15 h 3 min 13.71
UNet++ 17 h 8 min 15.63
U2-Net 32 h 47 min 17.83
Att U-Net 15 h 37 min 15.11

e 6 h 49 min 6.52

M 3 AT %N, FCN-8s I 4% (1] Il kb (] A0 B (1]
H B H, B FCN-8s FHASC 7 Ah, A I 248 | 2Rt
(i) 530 3 54, I RIS ] B K A U2-Net 4%, JLT
& U-Net W 28 I ZRIN & 1P A%, SR 45 U-Net /¥ 24 )11 25
WIZREF 2N 15 h 3 min, PRI (8] 13.71 s, AL
EINZRIN AN 6 h 49 min, WA (8] 6.52 s, AT R

5 U-Net [0, |25 JaL AT SR 16 35k K/, k2>
T ik 50% BT

AL I B U-Net 10124 B 4 B I 2% 25 He
N EfficientNetV2-S W45, [FII I 25 J5 5 73 52 45 ke il ik
GEF T S T VR A B S K, ML T 0 S
45 D HE B [0 2 MR R SR SIS R,
AT EMIE T B S U-Net W%, 508, &,
125 10 R0 Sk e T 0 ko>, % 24 B v A
3.3 HREVE ¢\

9T AIE AR S £ 19 4% DA R4 (1 44 s A
el A0, FHEAT S TS Tair . 4 i S 5 it e
2 0 44 ST e — A R R SR SEBLI, JELL PA
Kappa~ "MIoU Fl Macro-F1 147k HE AT B, F 553+
ISR TR ISR A e ]
e, AN I 2R 5 BOM ), I ELERE 3R B F
SBAT, BB MR S Bt L2 4 R

T4 HRSEIOAEIRAE BV &5 B0 L

J7 i PA (%) Kappa ~ MIoU (%) Macro-F1 (%)
U-Net 86.99 0.8097 80.67 89.16
U-Net+E 87.18 0.8128 81.10 89.43
U-Net+E+R 87.30 0.8144 81.47 89.64
U-Net+tE+M  87.35 0.8153 81.56 89.70
U-Net+E+R+M  87.56 0.8180 81.72 89.80

* 4 B AR YmhY W 4% % ¥4 EfficientNetV2-S,
R F R AE MR M 24 ] RepVGG il RepVGG-SE #i1k,
M Fon il 2 RZB WA A 58 13k 4 R, 15
54> {3 F EfficientNetV2-S AT & 5, AR T B4
U-Net %4, PA 3275 T 0.19%, Kappa 327 7 0.003 1,
MIGU 475 T 0.43%, Macro-F1 3285 7 0.27%. {EHL %
fith b, i8I0 RepVGG HEHAT RepVGG-SE itk )5,
LR 4G U-Net 2% PA $27% 7 0.31%, Kappa $&5 1
0.0047, MIoU #2755 T 0.8%, Macro-F1 27 1 0.48%.
IR N2 RO G AR A AR H, A EE 4R U-Net 4%
PATERE T 0.36%, Kappa &5 T 0.0056, MloU #&/& T
0.89%, Macro-F1 3£ 1 0.54%. {EAR N4 R E 5, E
ACTTE, ML TR EE U-Net 4R, PA $255 1 0.57%, Kappa
R T 0.0083, MIoU #2155 T 1.05%, Macro-F1
51T 0.64%. 5 4 H T BlSLIE % M4 1 SRR A
T, DLRAE St A I SR AR e e .

EfficientNetV2 H K& A 7 DWConv 4514, {5
] 4% R A (1 2 K i AN 759 LAY /D, {5 DWConv 7E
HEM KT, Rk, T RS2 178, 12
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H Fused-MBConv I 75 3% JZ W 2 58 43 db 47
X — R HLE I K DWConv & #5318 1) 3x3 B AR, A
% WA S BT 4% TH . ARG R4, H T gm0 4 5
i EfficientNetV2-S J&, fifh 0 4% ()38 8 M 256 TF44
Zf 1) 24 JEIE, AHEG TR AR U-Net M45ETEEU 1024
Frif, BIEEOR MR 2, X e SRR A R
A AL (RN, Y1125 ks 2y S 25 R AT Rl il —
AN IE 3x3 B, BRIE I — DA oy SO A R I 2R F
ANHEER I (¥ 2 H0E AT R, SRR 4 R R E G 3%3
BRI B8 Fy, DUBE E— 25 3R T X 4 HE BRI
IEATIHE. 2 RIERHERLG B B AU AR K, DRI
BT — 2SR R, RN TE D

RepVGG-SE #iHtd, BT identity 4 Wi 1 i@

VE R B, 25K 73 SO A 23 SCREATRE &5 OF,
DL N 7 — e i AU A TS 5k 6 T AR
JTi I 53 S 45 K A iR R 5 (0T P

Je5 SR 4 AL T T 45 N b

VBRI R o, 0 PR R E B A
77 3L 256 A2 KHEAT D), T RE B H AR I 5%
Pt GHOEI G R RRAN, JF BB DR
SAPE P P 3 AL A5 /S S8 25 1 R, R R O
256 Jsb K, TR By 128 4780 4 PEo B IR R A7
BN BT )L, VIR R R A 256 R bk
LR KRR 256 5 KATRINL B, BRI 1
SRRy SR AT UVR]; DS, DAk A
DRI A 5, 5% OISR R, AT B,
I R 16 AR P 7 2, SRR AR KR P b 4 T
ERAECER I SR AR 3.0 T AT
A, Sof LUEE R AR 7N 11 B,

W7 AR R R IR B R R R b

Fik Params (M) FLOPs (G) VIZkitiE B[R] (s)
U-Net 31.04 46.14  15h3 min 13.71
U-Net+E 20.88 451 5h 3 min 5.48
U-Net+E+R 20.89 451  5h21min 5.50
U-Net+E+M 21.40 568  6h33min 6.63
U-Net+E+R+M  21.40 567  6h49 min 6.52

WiRrS PA (%) Kappa ~ MioU (%) Macro-F1 (%)

FCN-8s 83.40 0.7310 73.44 84.52
SegNet 82.50 0.7183 70.05 82.28
DeeplabV3+  85.81 0.7721 76.21 86.46
U-Net 86.72 0.7858 78.36 87.81
UNet++ 84.53 0.7496 74.90 85.56
U2-Net 86.05 0.7756 78.25 87.73
Att U-Net 86.99 0.7904 79.39 88.45

AL 87.55 0.8002 80.96 89.41

K6 RS ATATRL S JE X L

s PA (%) K MioU (%) Macro-F1 Params FLOPs
appa 0
i v U (©

Fh&HT 87.56 0.8180  81.72 89.80 2150 5.77
& 8756 0.8180  81.72 89.80 2140 576

HIZ 6 WA, 1E5) SCES MRl G AT AR S, BEI0UE

PREGES AR, R T%iéﬁ%qﬁﬁ%ﬂ‘]ﬂﬁﬁ%ﬂﬁ
Mk, R, 28T SR LR G AT TR,
FEE T R HE B R R, SRR SN R AL, AL
THEIBER R Z 0N 256, KL E 5 SR M R
AR B Qi R 295 2 5 R R S LR P38 T A
2, I ARG R IR S BE AT R R,
3.4 EOPREREGSEIE

T KGR Dy R B, BGRSTROR, i
TR Ve I BR 1), TCVE BN & 4y 9 A 0 S R
A7 F, AL v 0 AR R DD A 256x256 KM
B, FHIE AR HEAT 70 SIS 200 B S5 R, B et AT Ot
AT B B A v 7 PR B 1 4

144 4R H % Software TechniquesAlgorithm

HEE 7 ATHN, AT PA 4 87.55%, Kappa 4
0.8002, MIoU 3 80.96%, Macro-F1 4 89.41%, 1E i fi
s L9 24 o 24 S AR A5 T g M. AT T4 U-
Net, PA 3285 T 0.83%Kappa 3275 T 0.0144, MIoU 2
B T\2.6%, Macro-F1 e85 7 1.6%.

SN 11 T LU Y, AR ST VETE K% SR R
oy EN A S IR, B bR SIS n se R, 44k R s
P H AR A

W% 8 B, TEAT FH AR SC Uk B2 HEAT 5 2 i
T SR MG oy B, @A SO bR R B VR S,
T bR 43 B R IE SR TF, 38 AR SCHE s i 07 VA T
KI5 e BRI oy B BAT e ik

4 s

ARSCHEET U-Net #2H 7 —Fp H T3 & K15 5 I
e X 4%, 1% 2843 F EfficientNetV2-S VE A2 it X 4%,
PERRFIER I GE /)0 H B N Ak, GG =
SR TTIE, WIGRIN 22 43 A5 R, 3G 598 I 25 )11 2R 14 e
HEBLI B 2 2 SCEE MR & R SR S5 1, TR M HEBE AR,
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i H AR SN A

A SR A5 P S A S A LA, SR AT FARRALE, 4 S
B D, FE R g b 3 o) 4 5 22 R RIS & %
FUERFAE, {3 T RAFREHOR R AR 2 A% 08 R 2
2%, S8 5 2508 AN A RUBE H AR (9 S2 BRE 70, BB 4
Mg B SCE RS2, R R ) P
8 I PR 2 il S B K, S P warmup MIAR %R KA
TN ZRAN, {8 FARZE -1 (1952 U458 2% e R Dice
4 5K R A 2L % I 0L 5 AN S AN 20 1 £ ) A, S

et AR, A ST ) 46 A8 BT A X B R I 2% o 2% D0
TR O f i, JF HE T T B S I8 B8 IE 1 A O T
W 26 3 I BE 14T ROPE, oS0t i X AR T T4 U-
Net S8 AT FE AR A KD, W0 2% 1% HE S8 = 11 [R] i
SRR, RS PR B IS T R
MR, A SO R B GE 1 4% H AR 50 A1 7 (B
Z, N5 T 5 R HARR s B0, fe w1 R B 2>
FITERE, UEW] 1A ik A 2tk

(b) hr% K

(c) FCN

(d) SegNet (e) DeepLabV3+

(f) U-Net (g) UNet++

GBS R 2 A T vy

El
*

%8 GBI & TR

(h) U2-Net

ik PA (%) Kappa MIoU (%)  Macro-F1 (%)
38 7V 84.84 0.7551 75.74 86.12
AL 87.55 0.8002 80.96 89.41
SE ik

LR, SR, R BRI SRR, tF RS
#k, 2017, 40(6): 1229-1251. [doi: 10.11897/SP.J.1016.2017.
01229]

2 Long J, Shelhamer E, Darrell T. Fully convolutional

networks for semantic segmentation. Proceedings of 2015

(i) Attention U-Net () AL

o3 e R E R B AR

IEEE Conference on Computer Vision and Pattern
Recognition. Boston: IEEE, 2015. 3431-3440.

3 Ronneberger O, Fischer P, Brox T. U-Net: Convolutional
networks for biomedical image segmentation. Proceedings of
the 18th International Conference on Medical Image
Computing and Computer-Assisted Intervention. Munich:
Springer, 2015. 234-241.

4 Zhou ZW, Siddiquee MR, Tajbakhsh N, et al. Unet++: A
nested U-Net architecture for medical image segmentation.
Proceedings of the 4th International Workshop on Deep

Learning in Medical Image Analysis and Multimodal
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