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Semantic Segménfﬁtion Based on Improved Deeplab V3+ Network

XIYi-Fan, SUN Le-Le, HE Li-Ming, LYU Yue
(School of Information Engineering, Chang’an University, Xi’an 710064, China)

Abstract: Semantic segmentation of deep learning has a very broad development prospect in the field of computer vision,
but many network models with better segmentation effects take up a lot of memory and take a long time to process a
single picture. In response to this problem, we replace the bottleneck unit of the Deeplab V3+ model backbone network
(ResNet101) with a 1D non-bottleneck unit, and decompose the convolutional layer of the Atrous Spatieﬂ Pyramid Pooling
(ASPP) module. The algorithm can greatly reduce the parameter amount of DeeplabiV3+ ne,jcwoﬂ( and accelerate the
speed of network inference. Based on the PASCAL VOC 2012 dataset, the expérimental results show that the improved
network model has faster speed and better segmentation, and takes up less memory space.

Key words: semantic segmentation; Deeplab V3+ model; backbone network (ResNet101); 1D non-bottleneck unit;
Atrous Spatial Pyramid Pooling (ASPP)

1 5%

BG4 302 VSR S T ) B4, TE NS
o EE MR, 3D AR S R V2 KR AR
1340 B EEF B R IOt . G080, TR AR5 X
= BT 408, BhAR 0 LR, 7 RS g S,
R G 25 oh i SUHEAT 41, (B SR 3 2 AT
ST K ) 2 6 e 0 S VR A 31 v ST g o
B S VR ST (K U E RS R R B AT B A

G, AT AR MR 2 R A5 B Shelhamer 2500 2
H FON (AR 4% AT DLSHE R K/ B R 30T b
B, (A0 5] N BRGOEFEASAR T X AE DA = g S
BHRhE, RER FRFEKE BB 5 P, (HAE4E Y b
Iy B AR GT; Ronneberger 2510 $ HY —F 55 - 4 i it
T2 ZEAE 1) U-net, Zmhth & 6 UK AT IR 2 X I RFIE S
B, A R 8 SUE S, D 25 1 F B0 B2 i AR, f
N5 53 3 F AR R 3R AT S0 T Rl 7 AR LT R 23 B R

© Seha T E]: 2019-12-12; 18 S0 [A]: 2020-02-08; S I [A]: 2020-03-11; csa £E2£& H i H]: 2020-09-04

178 A4 AR5 1% Software TechniquesAlgorithm

© TEREBIK R

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


http://www.c-s-a.org.cn/1003-3254/7541.html
http://www.c-s-a.org.cn/1003-3254/7541.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.007541
http://www.c-s-a.org.cn

2020 4F 5529 559 1

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

i H AR SN A

Vigay Badrinaryanan 25" $2 HH SegNet, 1% 4 424 5
U-net 25181, ANA /2 SegNet b KAEF] FH 4w i 2 ith Ak 5
VER AR 220K UG 4y 38, i o 2 iR, HL o5
/N AE. Zhao 21 $E Y PSPnet A FH 25 8] 4 T 25
P DAAN [ i J 2 B SR A SR KA, il b F SO/ BT
FRFESBITMSE FE. Lin 21 32 Refinet, 7843 FI
SRR RRAE ], R Bl Ak 22 B e 1) AR, KRR R
10 75 2 18 SCRFAE A0 0L 2 1) 2 R R AT R, d i
Renfinet block K RHIE B 3EAT 8 JZ2 il & A2 B 7 E EHA.
B — R Deeplab # A1 14 Hoh Deeplab
V3+1 53 BRI, (R A A7 A 3 i AR TR 25 B
EIFR G, A E Deeplab V3+HRE AR H —Fh
EE, R T Wik 22 oo E R, XF ASPP ik

AL, ELAE A T80 S b A7 0 BE s, Bt RO o

FEMERERRS RE ARG IOT L T, ME—ab iR a0 b

L, PRI ) A7 AE.

2 HiES M %
2.1 Deeplab V3+R4& A

Deeplab V30 2 45 A 3= B2 T 2 L) A 2% 45 14,
W 1 R, AR 1 Ga i A8 2284 BB T ResNet101
1 ASPP A2 R, B P00 4R E PR 4 A 2 A o
SUHFAE B, ASPP AR P 9045 8 1 i 20 SURE A
BIHEAT 0 RBESRRE, A2 KBS RASE TR, T ST s e
K 2 R R SRS e e A4
I x5 A A 308 T A R S 4 B
20 8 SCRMIEIE T X 1 25 Bk 47 3038 [ 2, (RS

R SR o T A — R (1) L R, 38030 22 )

677, FEH 3%3 MG BURIURE, D98 BT L3R
BE, 72 A S R B U4 B

Encoder

Image

~N
) —»{ ResNet101] <

R CED

ASPP

Low-level

Decoder features

Prediction

K1 Deeplab V3+15i 7 [

Software TechniquesAlgorithm #1F4 AR« 5%: 179

© ERSEBIK T

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


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

it E RGN

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

20204F 55294 59

2.2 BT My

H M ResNet101 FJ F TR ST v 1) 7k 22 B A
REEARR TG, K 101 E iR ZE M. il 2(b) BT M
H 3 TE HCH wo BIFR ZE AR, wo ISR (64,128,
256,512), iX 4 IR 2 B Iu M H 25 30N (3,4,23,
3), I ARG ) 7x7 SRR S 1x1 B ZE It
101 2. SR A A 24, 7T RLUISREE IR = IR
(R4, T ARG (A0 P 2(a)) B IR BE 38 0, 7] LL
SRA A, 45 A S R e R RS T AR
AL, BT R ZE B0, SCHR [15,16] CE ] —4EG
REWE A il i — RV — e BRI LA I STk [17] 78
BRUZIAMERN 1 2RI AE T, BRUZ £ 0] LLE
B

w=w0

w=4w0

Ww=w0 3x1 Conv, w

3x3 Conv, w/4 ReLU

3x3 Conv, w/4

ReLU

ReLU

ReLU

(a) ST (b) ST (¢) 1D FHEH I
K2 &TM
i K i i(7i\T L
fi= Zkzl oivi(R) (1)

S, voR(R) S K d (1 TR, ol AR, L
K N1 HIFR. %?iﬁﬁiﬁi‘,Awarez‘and Petersson %5
12— AN BRI LR 1D B AR
Pro OWHRME, S RIEERMAN o ELE T, 55 i
o FiERN:

= (p(b? + Z; Ry * [(p(b; +ch=1 Vic *ag) ) )
Arb, LB RERIEE, ¢()4 ReLU. K& T M
I TCE N 1D AERETRTT (W1 2(¢)). 1E 3x3
fi N AR AIE PR 368 T H50R T8] 1) %40, 1D AR TG e R
b 33% R 0 8L TT 1) S HO 29% HI ST 5 2 4.
(BT ¢ 2y 3x3 G R0 H M iE %, M 3x3 % MBS H

180 4 ARH % Software TechniquesAlgorithm

TN wox3x3xc, 2D 73 iE G IS HEE N wox3x1xctwyx
1x3xc, 535 BEIR /D 29 33% WL 2% 1D AR S
JCESHUE 12w, I ILHUR SHOE 17w, JEI
PGS S ECN 18w,’) 73 2D B RS, B0 ReLU HE
PEERAE, AEIYOR 1D AR T A S R T, A
1D AE 390 5 70 1 A = 300 50 1 74 R g 1) R L3
HILSHUD, GlZRIRZ ML
2.3 ASPP =¥

ASPP *ﬁﬁ%%%&iﬂ%%lﬂﬁ@ﬁ%ﬁiﬁﬁzﬁﬁ
15 {5 BHRIL. T ASPP B 3x3 B2 5] —
SLTUR A B ZHHILS, RSBV b RE S AR S
). B SR E P A T Y ERIIUA(E B K
P T Bt (777, B ASPP Hh 3x3 Y A3 I B A
17 2D 40 (Al 3 Fiow), B 31 Al 13 14
0, PR R T R % ASPP BEE IS R L
WIE R S BOE T 33%, il EH 3x3 HRR,
BB PRI S = L IE S B, B R R T S

Improved ASPP
— ( 1x1 Conv } » —

3xT Conv 1x3 Conv
Rate=6 Rate=6
< 3xT Conv 1x3 Conv
Rate=12 Rate=12
3x1 Conv 1x3 Conv
Rate=1 Rate=1

B3 Bidkf ASPP Rtk

3 S50
3.1 SKEIME

SKRISATHAEE Winl0 #:1F R 4, TAFul GPU 504
NVIDIA GeForce GTX 1070 (8 GB {&.1%), T Tensorflow
IRFE 2SI HESE AR H Deeplab V3+J5 SC ] tensorflow
B J7TURAD, It FEEAT SO, 34T R L SRR

© TEREBIK R

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


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

2020 4F 529 % 59 1 http://www.c-s-a.org.cn HENRgGNH

3.2 XWINGEERSR

S F )52 PASCAL-VOC2012 3 5 i $icdis 4,
R4 10582 7K, BESE 1449 5K, ARSI 20 %
. A SEES A By MR AR TR 513x513 3%, T K
SRR AT 45 F A K FE ], N T RN o ER R
RGB KRR, ZM 21T, ¥4 BRI A6 Tirecord
SCA, A T RS AR

ARSHEEETIN 1D ST T MTE Imagenet
Ko A8 EAT TR, TR TN SO R o e 3] sk

PRI U L MR S 17 V15, RS MO B e 1 (o) At
Fii. ERE R e SR TEY
_ ®1I%ESH _ 4 gaﬁs&tt\
Base leaming rate 0,007 C T R 4 R R, 4R EHRE (PA),
End I;irvllienrg rate 0.0(())09001 . BB ERKEE (MPA), ¥ZEFFE (MIoU), SALSEIF tE
Bachsize % gk 5 (FWIoU). [ K+1 A3, p, TR T4 1 KA
weiht e J g 00008 WA j MG RS, B p, HELEMR RS (TP),
Batch normal decay 0.9997 py AEFIEFEEE (FN), p; WIRIEG ZEE (FP).
Momentum 09 PA: FBA R IEWIIEE 1 AR 2 L
2 5] SR 2 TR BE, 2% PR B T Max “ i
iteration /X, %% >] %A End learning rate. X F 2 &4 E PA= % ®)
TR ERAR R B H, BILIEAR 71 epochs, H1IE 4 7 2o Z/zo Pi
R, BEEEA 150307 W, FER—IRKLIFER 7 s, 4 MPA: WA T4 KI5 L, FRHOT49):
1% (R IR R AZ SR . B TE N AL k) 75K 1wk pa
2912 15 AT FEHE ISR, PRI AR K S FO B 1R MPA= 1= @)
WO SR 7E I 465 L 10 MIoU 5 89.9%, 1% A 2P
ZHPPIIHERIZE 97.3%. MU FB PR S TR 4 1 3 He e 11K
2 | RGP ToU, FHCTY:
20 ‘Qg’ MIoU = Ic-1+_1 Zf:o Zk - Pii T (5)
‘L{ =0 pijt Zj:O Pji — Dii
? 15 ‘ﬁa
ol "f«%\ FWIoU: 7E ToU HJE Rl b4 A2t T 940 % 1
NG AL
5 %‘Mm h 1
, , , , R FWioU = k k
0 20000 40000 60 000 80 000 100 000 120 000 140 000 i=0 j=0 Pij
Step
CPRES T I (©)
B s o, sl e BB A % AR R 1 2uieaP* Do PA P
1%, A BT Ar B S, TR — IR 4 5 J9 T HE T3, SRS MPA, MloU 15 5 B 5
IS L Vs e e X ORI A A

Software TechniquesAlgorithm B fEH: R« 592 181

© EREERREST  hup/iwww.c-s-a.org.en


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

it E RGN

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

20204F 55294 59

2 UL, SOl S R B E R B R P b G R AR
A 0.78%, HAE MIoU L JRRERE 0.63%, KL
HERE R A ST AR A T SE (0 L5 . 3R 3 WIS,
SUEE G R 1 2% b BT o A A7 K /N R SRR ] A R
BREE b, B RAR T AR, F A A ik R (R IE AT I ]
I, U S AR A S R e 2 9.44%, H LA B b
T 19.6%. FE 5 M AT ASPP RLH 145 AR 2 i3k
7 BudE, IR IBUE, S5E /D,

# 2  Deeplab V3+5 Modified Deeplab V3+HI15 ZhE i
AIEAZ IR (%)

R MPA MiloU
Deeplab V3+ 94.58 78.85
Modified Deeplab V3+ 95.36 79.48

%3 Deeplab V3+5 Modified Deeplab V3-+7E 7K 4] - b
SR [ 5 B 0

f B E AL FR [ (ms) RO K/ (MB)
Deeplab V3+ 191.7 473.7
Modified Deeplab V3+ 173.6 380.9

6 FT7 M35 B 3L, Deeplab V3+£1 Modified
Deeplab V315 A1 457 25 bR B SOH FE TP — 4, B
T Total loss B Z W SE 1.91, 1 et j5 457 Total loss
WS 3 1.73, H oA (10453 2k o Hic458 20 I B2 /N T AR
SE, VISR 8] LU R AR AL HT 3.5 /N

25 F —— Deeplab V3+
----- Modified Deeplab V3+
20 +
215 +
=]
2
10 +

0 20000 40000 60000 80000 100000120 000 140 000
Step

Be BRI
Bl 7 (5 BBl bR H 1 B X5, Modified Deeplab
V315 25 R REAH. 51 40: 25— Bl Modified Deeplab
V3ERERT T 2 Bk, TR RR R, B
BRRLRE & 7 1 70 N SRR B 58 I B B AR AL

182 {4 AR 5% Software TechniquesAlgorithm

BUB B B0, R o 530t L3R 5 = P el
HTE B2 T PO A ORI S A 2 T 1 A TR 41, T
PR T (9 N 5018 SR, ELZE R I AR 4 8
525 U 1 ) T A A K T4 1 B — W R
HETEL 7 T B I 350 43 R TR 5 e T )
F MR A BICR T AT, HAR /b, B AE T
Modified Deeplab V3+ 1D IR i 1 ER
SKHOHETRE, F ASPP BIMUGE RIS, 51 AJEL: T4
fF, SSRIVZS 2 ST RS0, AT B T i) 5, IFIm A 23
(RS AR NS TE = ) PR R, S
HAE 1%@@%3}%@@{%@&& -

(c) Modified
Deeplab V3+

(b) Deeplab V3+

7 Deeplab V3+5 Modified DeeplabV 3+l {4
Vas [EEE A=A

4 45

ASCHRW T — R BT BB R 1L Deeplab V3+
WX 28 [ B9, 2R R BURI A 2D B R D S 0T
&R, P AL, A 5] N AR MR AR, M SR A 2
SIRE). AR AN EEEH % Deeplab V3+B 8L
T X P Bk 22 B e, A R A A A 0 R ) R AR B,
BB TCSHD, GG Z P B s R B S
ASPP A AT Ak, 3 99 24 f) 41 3 53 RE , koD B
Y SRR 8], 525645 BAUE B Modified Deeplab V3+
55 JEUASE YR LU AE B2 i M5 30K B2 1 TRI B, B R R T3

© TEREBIK R

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


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

2020 4F #5294 59 1

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

i H AR SN A

AEFEEL, HLI 28 Ab B FE 52 57 9.44%, e A I 28 B [
ATV FE. MREE ) 45 SRR B, Modified Deeplab V3+
FE AR AH5 4b 7 3 25 R SRS . 3 — DI TAE R IR A
A iy 428 RS2 B 0 DR/, B RRERLGT /N H AR 23 B ARG
THFE.

—_

S 3k
T T, B E W, TRk TR 2 ) I8 oy BT VAL
A5 BEAREEEAL, 2017, (10): 137-140. [doi: 10.3969j.
issn.1672-9528.2017.10.037]
MR, BRI, BGOSR B R LR S T,
2018, 17(8): 6-8, 12.
Arbelaez P, Hariharan B, Gu CH,

segmentation using regions and parts. Proceedings of 2012

et al. Semantic
IEEE Conference on Computer Vision and Pattern Recognition.
Providence, RI, USA. 2012. 3378-3385.[doi: 10.1109/CVPR.
2012.6248077] y !

Lu ZW, Fu ZY; Xiang T, et n;l. Learning from weak and
noisy labels for se‘rna;ltic segmentation. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2017, 39(3):
486-500. [doi: 10.1109/TPAMI.2016.2552172]

Shelhamer E, Long J, Darrell T. Fully convolutional
networks for semantic segmentation. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2017, 39(4):
640-651. [doi: 10.1109/TPAMI.2016.2572683]

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,
Germany. 2015. 234-241.

Badrinarayanan V, Kendall A, Cipolla R. SegNet: A deep- |

convolutional encoder-decoder architecture “for 1mage
segmentation. IEEE Transactions on Pattern: Analysis and
Machine Intelligence, 2017, 3\9(12): 24§1—2495. [doi: 10.1109/
TPAMIL2016.2644615)

de Oliveira Junior LA, Medeiros HR, Macédo D, et al.
SegNetRes-CRF: A deep convolutional encoder-decoder
architecture for semantic image segmentation. Proceedings of

2018 International Joint Conference on Neural Networks.

11

14

16

Rio de Janeiro, Brazil. 2018. 1-6.

Zhao HS, Shi JP, Qi XJ, et al. Pyramid scene parsing
of 2017 IEEE Conference on
Computer Vision and Pattern Recognition. Honolulu, HI,
USA. 2017. 6230-6239. [doi: 10.1109/CVPR.2017.660]

Lin GS, Milan A, Shen CH, et al. RefineNet: Multi-path

refinement

network. Proceedings

networks  for  high-resolution  semantic
segmentation. Proceedings of 2017 IEEE Conference on
Computer Vision and Pattern Recognition. Honolulu, HI,
USA. 2017. 5168-5177.

Chen LC, Papandreou G, Kokkinos I, et ﬁl. Semantic image

.

segmentation with * deep convolutional nets and fully
connected CRFS. Proceedings of the 3rd International
Conference on Learning Representations. San Diego, CA,
USA. 2014. 357-361.

Chen LC, Papandreou G, Kokkinos I, et al. DeepLab:
Semantic image segmentation with deep convolutional nets,
and fully connected CRFs. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2018, 40(4): 834-848. [doi: 10.1109/TPAMI.2017.2699184]
Chen LC, Papandreou G, Schroff F, et al. Rethinking atrous

atrous convolution,

convolution for semantic arXiv:
1706.05587, 2017.
Chen LC, Zhu YK, Papandreou G, et al. Encoder-decoder

with atrous separable convolution for semantic image

image segmentation.

segmentation. In: Ferrari V, Hebert MQ, Srpinchisescu C,etal,
eds. Computer Vision (ECCV 2018). Cham: Springer, 2018.
833-851. ]

Alvarez J. , Petersson L¥DecomposeMe: Simplifying ConvNets
for end-to-end learning. arXiv: 1606.05426, 2016.

Na'T, Mukhopadhyay S. Speeding up convolutional neural
network training with dynamic precision scaling and flexible
multiplier-accumulator. Proceedings of 2016 International
Symposium on Low Power Electronics and Design. San
Francisco, CA, USA. 2016. 58-63.

Sironi A, Tekin B, Rigamonti R, et al. Learning separable
filters. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2015, 37(1): 94-106. [doi: 10.1109/TPAMI.2014.
2343229]

Software TechniquesAlgorithm X FFH AR 5% 183

© TEREBIK R

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


http://dx.doi.org/10.3969/j.issn.1672-9528.2017.10.037
http://dx.doi.org/10.3969/j.issn.1672-9528.2017.10.037
http://dx.doi.org/10.1109/CVPR.2012.6248077
http://dx.doi.org/10.1109/CVPR.2012.6248077
http://dx.doi.org/10.1109/TPAMI.2016.2552172
http://dx.doi.org/10.1109/TPAMI.2016.2572683
http://dx.doi.org/10.1109/TPAMI.2016.2644615
http://dx.doi.org/10.1109/TPAMI.2016.2644615
http://dx.doi.org/10.1109/CVPR.2017.660
http://dx.doi.org/10.1109/TPAMI.2017.2699184
http://dx.doi.org/10.1109/TPAMI.2014.2343229
http://dx.doi.org/10.1109/TPAMI.2014.2343229
http://dx.doi.org/10.3969/j.issn.1672-9528.2017.10.037
http://dx.doi.org/10.3969/j.issn.1672-9528.2017.10.037
http://dx.doi.org/10.1109/CVPR.2012.6248077
http://dx.doi.org/10.1109/CVPR.2012.6248077
http://dx.doi.org/10.1109/TPAMI.2016.2552172
http://dx.doi.org/10.1109/TPAMI.2016.2572683
http://dx.doi.org/10.1109/TPAMI.2016.2644615
http://dx.doi.org/10.1109/TPAMI.2016.2644615
http://dx.doi.org/10.1109/CVPR.2017.660
http://dx.doi.org/10.1109/TPAMI.2017.2699184
http://dx.doi.org/10.1109/TPAMI.2014.2343229
http://dx.doi.org/10.1109/TPAMI.2014.2343229
http://dx.doi.org/10.3969/j.issn.1672-9528.2017.10.037
http://dx.doi.org/10.3969/j.issn.1672-9528.2017.10.037
http://dx.doi.org/10.1109/CVPR.2012.6248077
http://dx.doi.org/10.1109/CVPR.2012.6248077
http://dx.doi.org/10.1109/TPAMI.2016.2552172
http://dx.doi.org/10.1109/TPAMI.2016.2572683
http://dx.doi.org/10.1109/TPAMI.2016.2644615
http://dx.doi.org/10.1109/TPAMI.2016.2644615
http://dx.doi.org/10.3969/j.issn.1672-9528.2017.10.037
http://dx.doi.org/10.3969/j.issn.1672-9528.2017.10.037
http://dx.doi.org/10.1109/CVPR.2012.6248077
http://dx.doi.org/10.1109/CVPR.2012.6248077
http://dx.doi.org/10.1109/TPAMI.2016.2552172
http://dx.doi.org/10.1109/TPAMI.2016.2572683
http://dx.doi.org/10.1109/TPAMI.2016.2644615
http://dx.doi.org/10.1109/TPAMI.2016.2644615
http://dx.doi.org/10.1109/CVPR.2017.660
http://dx.doi.org/10.1109/TPAMI.2017.2699184
http://dx.doi.org/10.1109/TPAMI.2014.2343229
http://dx.doi.org/10.1109/TPAMI.2014.2343229
http://dx.doi.org/10.1109/CVPR.2017.660
http://dx.doi.org/10.1109/TPAMI.2017.2699184
http://dx.doi.org/10.1109/TPAMI.2014.2343229
http://dx.doi.org/10.1109/TPAMI.2014.2343229
http://www.c-s-a.org.cn

