ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 36,No. 6,Nov. 2021 ,pp. 1263—1275 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2021. 06. 019 Tel/Fax: +86-025-84892742
© 2021 by Journal of Data Acquisition and Processing

RS U-Net U RESBREMUANIFEN 2B E
IREL R KL R AL 6 K HER

(1. B3 T R¥OLHMEE SR T &b, B 200093 ;2. 1 4h & B 35 A R A & T 25T,
I ¥ 200120 )

W OE:ATAANGBES AT EREBRN ARG ITFRFLZ/ H 5 TG T AL B 55 R
B iE A AR IR A 4 ool SR 1R K g )AL, 4R ) — AP ak & U-Net ALt BEA 55 A8 18 4k 4L 09 38 3L
28 7 ik o U-Net Bt A2 A o 45 &= 18] & F 3485 3 ( Atrous spatial Pyramid pooling, ASPP)#= Xception
25 M), 2 ASPP AL 3 69 5 % W 4& F m A ¥ 7k % 47 (Dilated convolutions, DC) 7 s A 3 A § ¢4 & 55 3¢ 4
), VARG 3R P AR A AR BRI AR A 5 A2 Xception BE 3 o 5 m i & 77 38 1 VA B A% R K 89 B A2 4% £ M) Xceeption 42
B ARV BEVAK TR GRGE R, RS A EFSARLSETRE T SHLR, REEA
ST 5B LR mARY R, —F R FELEZ L. ALF % EPASCAL VOC 2012
M X L 4T IE St 5 Deeplab V35 £ M A A7 xb b, A R AMA L F HEMHER G T 2.4% ,iE9
TEFT RAEEN S K F Ao o3t i L4 3] Loy A 2k
K. BBEL 2, 72 FH e ; UNet B ; %J%%’\i' s ALY
FESES: TP391.9 XEERARRD: A

Semantic Segmentation Method Integrating U-Net Improvement Model and Super-

pixel Optimization
WANG Zhengi', SHAO Qing', ZHANG Sheng', YANG Zhen?, HE Guochun'

(1. School of Optoelectronic Information and Computer Engineering, Shanghai University of Technology, Shanghai 200093, China;
2. Institute of Technology, Shanghai Waigaoqiao Shipbuilding Co., Ltd., Shanghai 200120, China)

Abstract: Facing unrestricted open vocabularies and diverse scenes, present semantic segmentation
methods have the problems of insufficient segmentation, insufficient semantic information extraction and
long convergence time. Therefore, this paper proposes a semantic segmentation method that combines
U-Net improvement model and superpixel optimization. The U-Net improvement model combines the
atrous spatial pyramid pooling (ASPP) and the Xception structure. Firstly, the dilated convolutions (DC)
is added to the branch network of the ASPP module to form the serial-parallel structure of the module
itself, thus enhancing the image feature extraction capability. And the attention channels are added to the
Xception module and a large convolution kernel is used to reconstruct the Xception module, thus reducing
the amount of data parameters and increasing the convergence rate. On the basis of the above

improvements, the image is then subjected to the super pixel segmentation processing. Finally, conditional

EE&TH:BERAKP#EES (61703278) % BT H ; L i Bl % AR Z A SRR (19511105103) % B30 A .
I B HA:2020-11-06; /1T H#A: 2021-01-12
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random fields are used to impose global constraints on the segmentation results to further optimize the
semantic information of pixels. The proposed method is verified on the PASCAL VOC 2012 test set and
compared with mainstream networks such as Deeplab V3. Experimental results show that the performance
accuracy of the proposed method is increased by 2.4%, which proves the effectiveness of the proposed
method in adapting to diverse scenes and dealing with the fine semantic segmentation.

Key words: image semantic segmentation; spatial Pyramid pooling; U-Net model; superpixel

segmentation; conditional random field

51

i

FMGE o B2 B s s b — A B WFSE 7 o AR5 P, AR E 0 B R BAREE T
FRUEERAE R 28 07 i TR BT 58 N 51 B 2 W0 U, X LA 72 3 3k BRUGRRAE |, 7 52 B 13 P 2o i v
HA AR Y KA R PR o B 25 TR B 2 ST H R A 2 R, 3 T TR B 8 BRI 46 1 B TR 4% 40 1 38 T A IR 5 31
2R o SCHRL5]2R 44 LR 22 I 4% (Fully convolution network, FCN) #4715 28 2% 51 43 2% il i 2] S
B 43 1 I X 4% T DA Gk 31 78 422 B TR] RS RIS ) [R] Bs B S e 4% 15 0 B 8508 AELATS A7 78 43 1) AS T 1 1) (1)
o SCHRL6 148 T 19 43 I P 45 SegNet, 78 4 45 R W 26 (1 SEflt B 89 T A o 4% 5 455 780 B 0 401 0 1l 2 1
P 26 1 A 5 I 4% T2 W B TG 4 B 55 3 AT 1 S A A 2 A o SCRL7 AR R B BRI 4%, 2% | R
FER 7 8 5 2 — A 5 26 B 45 B4 AR 285 40 1) o 45 TR IR 466, 2 T 8% 265 - Ml e e T 7 B R 7 1k i 3
FFE R EREE . SCHR[8]HE H U-Net 70 %1 W 2% , R H U JE 25 #4915 21 15 200 246 FUM 28 W 4%, W] A 5K
PRAONE /b ] R I 2 3k B0 50 e A ME A 2%, 70 B2 5 RMR 4 1) B R B 58 1 . SCHR [ 9 )42 1 PSPNet 431
W 2% | iz 25 [8] 4 73 th 4k (Spatial Pyramid pooling, SPP)#fi By 52 #8155 Bl & 69 [5) B A 2 F A 15 &
PR H G SCREE , Fo o0 KRR RAR LA A5 B B RE 7 DN 7= AR 55 09 4 IR o SCHRL 10 142t DeepLab V2
SrEIMLE  HUCR T ASPP BEHUR & 1 RIS B O A R B, i — D R S o I m R B . SCRRL 11 148 i
T Bl 4% LM %5 (Graph convolutional network, GCN) , B i1 T — By A I 4 B 1) 2 A 5 4 445 40 >k i
R BINE B FRAEAT B[R] B o o3 B A i e 1 A3 R T B R R R RN R R A AL ), S
R 12 192 i A7 VT 4 55 1) Gt i B i T 20 245 4, 0 SRR TIE 2 TR 4% v il 5 25 () 4 7 0 o OB S 5 5 i 1 2%
LR PEAT I LAy EL L W LU SO R i AR B

W S4B A T 3 B e A TH T IIfs e L0 42 5 R A RN EASROE: SUAR B 2 8]S4 /Y () A, — T, R
R R 1 7 A K ) 4 U AT AR B, SR T /N A 3 RO B RE 3R A5 B 22 il SUfE B o9 — 5 TR Y
LR 2l R XS 2 B9 2 BON TG R iH B HLE A . WAk 35 4R v] LR BUR 2 E B A& £ R FR1E 4
WA, R E S Ay EI G0 S5 R A WD R B R (1) AN ] 9 45 B 28 W 2% (Convolutional neural
network, CNN)ZH A5 8, I ERZ el iE 2 M s B 200 LR SCR R () MAF B CNN 24 &
R IFERE R RBOR A RFZ R G W 2R EEE R o B2 M5 M (E B L5 52 & i (8 A 2
P R T 2 S5 B S

BT UL B o Hr A SCHE ) — Rl Rl U-Net gl AR 5 @88 2 0046 918 o810 7 vk . iz ikl o i
TR $2 15 4% % (Simple linear iterative clustering, SLIC)"™ iy Ui 38 B0 2% ) K 4> 3% $2 55 P B L%
(Condition random field, CRF ) ""/f J& b B, $5 25 43 B ROR WK 52 43 1 2o Tt v 25 20 By 400 4%, [) el K W 2 e
RS TE U BN RIE B4 B . AR SO vk EEA LUN 3 ok

(1) ik ASPP A He . 38 44 75 ASPP Y 43 32 W 2% Sy | 4% 497 5K 4 #1( Dilated convolution, DC)'M,
TE B S B 19 B8 IR 25 4, DCIE ASPP BEH AT L3k 1) 47 i Jak sz B 1 ol 0 43 FE R i 0 i H 19 o



IHRF F.abUNet a4 5845 FHAL 6935 L 5 2 7 % 1265

(2) ik Xception B b . 7 Xception 4544 b 255 KA 8 FRAL , il T 580 RE MR BEBR 254, et s )
Xception S5l DL B P8 22 09 40715 £ 8, Dol A J00iE 1) 2 BORE I 28 iR OB %

(3) T LU B BIHT, $ H T 038 o B , 455 U-Net B8 5 SLIC 59k I 3@ i CRF J5 b b 2 F
— 20 4 T A S BT R A R 4 2 ORI

1 BxX7FE

1.1 U-Net##%

U-Net A58 BUKE G fife 15 25 45 44 A0 Bk IR 3 e AH 45 A, T BEAR /D 1) 3 e R8T L LA A6 e 1) 4 1 2K
o FE U-Net A5 5 e iy 45 [ 42 11 25 44 18006 26 FX 0 26¢ 1) ML R0 ) v, (045 2 A B B A W A IR 7E B RS
LA BORG B0 (ReL U/ 0RG ) A LA e ARV T B R BE . 78 FORBE IR b, 5 4E 38 18 A 4%, 1
KAt R GRS B R ESORAE . PR AR LT SASBY B RRAE G R AE 5 [ s 4 B AR 1 6 i
PR AT W S HEAT ER I 2 D AR S A B AR Re LU B0TE 5 977 5K W0 25 55 0 4 190 2% A X6 Fj O 98 i U I
45k .
1.2 ASPP##Eh

DeepLab V2 4# i 1) ASPP B HLFE 45 52 (19 W 45 J2 347 i 24> 22 5IR BE R B R, 25 FH 0 i 7t
AR T 20 RO 0BT 1) 22 A A% D D5 4 O 2K IV 44 T (0 S TRIRRAIE A1 I B2 5 17 5% 22 RUBE ) 1R 1 4 1)
&S . W 1AT/R , ASPP fift e T FCN B X 43 #1 v ) I 4 BUR §8 58 4 34 J it 4k 5 S0 4015 5 2% ] 1
ASPP I T ik B LR UK Z Y 2, REMB A TEZRNE L TXFE ., SREREZITF
A A RN

F=k+(k—1)(r—1) (1)

s A B KN 5 S X B 28 3 45 FUR AR R K1

Kernel

Stride

Padding

Input Rate

K1 ASPP #i i 4 fiF 52 I 45 14 14
Fig.1 Structure graph of ASPP sparse feature extraction
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Fig.2 Semantic segmentation architecture combining U-Net model and SLIC
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Fig.3 Structure diagram of U-Net based on improved Xception structure
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Fig.6 Segmentation results of superpixel iteration
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(a) Input image (b) Label image (c) DeepLab V3 (d) The proposed model
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Fig.7 Semantic segmentation effects produced by different segmentation models
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Table 5 Comparison of different segmentation models under 30 000 iterations %
53 HIARE B FCN PSPNet Deeplab V3 AR AR
aero 76.8 92.6 91.8 96.2
bike 34.2 60.4 71.9 73.9
bird 38.9 91.6 94.7 96.0
boat 49.4 67.4 71.2 74.1
bottle 60.3 76.3 75.8 76.1
bus 75.3 95 95.2 96.7
car 76.7 88.4 89.9 87.9
cat 77.6 92.6 95.9 96.8
chair 21.8 32.7 39.3 441
cow 62.5 88.5 90.7 92.6
table 46.8 67.6 71.7 82.3
dog 71.4 89.6 90.5 91.2
horse 63.9 92.1 94.5 94.2
mbike 76.5 87.5 88.8 94.1
person 73.9 87.4 89.6 89.7
plant 45.2 63.3 72.8 71.2
sheep 72.4 88.3 89.6 93.0
sofa 37.4 60.0 60.4 68.2
train 70.9 86.8 85.1 88.4
tv 55.1 74.5 76.3 76.5
mloU 62.2 79.2 81.8 84.2
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