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Semantic Segmentation Transfer Algorithm Based on Atrous Convolution Discriminator
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Abstract Supervised semantic segmentation with convolutional neural networks has made great progress in recent years. Since
the pix-level labeling required by supervised sematic segmentation is tedious and labor intensive,one way that becomes recently
prevalent is to collect photo-realistic synthetic data from video games, where pixel-level annotation can be automatically genera-
ted. Despite this,the intrinsic domain difference between synthetic and real images usually causes a significant performance drop
when applying the learned model to real world scenarios. To solve this problem, we propose a novel domain adaptive semantic
segmentation method. It firstly performs image style conversion over the source domain for reducing the domain difference. Then,
the generative adversarial network is employed for feature alignment between source and target domains. In particular, we propose
to use the atrous convolution for constructing the powerful discriminator network with the enlarged field of view. Extensive ex-
periments show that the proposed algorithm can achieve 4. 5% mloU improvement on the GTA5 dataset and 2. 6% on the SYN-
THIA dataset,compared with the classic AdaptSegNet algorithm.

Keywords Deep learning, Semantic segmentation, Transfer learning, Domain adaptation, Generative adversarial network, Atrous

convolution
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Fig. 1 Overview of our network architecture
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Fig. 2 Structure of pixel domain adaptation module
DM 4 G ¥ IR IR R 4 h B R SXUA% 1
DM F OB W4 G A B H bR 3 XA B

25 8 IR BUIE X R B BREUBE X SR N4 G
RN X=Xy SR M 4 F 9L RR N Xr—~Xs . B,
it FH e 8 T 2 GO R I IR R e 3 o H AR IBUXUAS &1 L B S
B R R8G5 D B B b5 AE T 40 iy A &
Aok ARG B HAR SR {x, ) s 36 Ik B 48t I 4% 7 A i
A EY B bR S B R (G (x,) b B BB AT DL 3 A o it )
2%, XU AL LANF

Lo (G,DsXs:Xr)=E, _x [logD(z)]+E, —x [log(1—

EIQX

D(G(z )] (O

M G B A bR B/l B R R B L3RS B Y

R, IR F R B ARE R LR 45 R BLIE
BFIREE R . dk . e T R T R O

)

m(;nmngGw(G,D,XT,X\)

AL TS B C2) K IR R R % o B B BUXURS P R, R 52
BRI 25 v, AR 25 25 4 U5 SR 1 S5 S B AR JUXURS o i B —
B, B o SO e 45 5 04 B b XUAR 1] 38 2o A 450 090 2%
F R ged OB RS AE A B 2, >~G(a) >~F(G(ax ) ==x, .

B FF — BP0 % R EAY LA



176

Computer Science THEHEL2  Vol. 47,No. 11, Nov. 2020

Ly (G.F.Xs)=E, x [ F(G(z))—x, Il ,] 3
Hod  F (G (o)) 32 7R 6 40 9 45 B o A VB 80 XURS 181 . e 1k
23D, T R I XA & 3 S VR R A

£ 1 AT AT BGRB8 S BB (4 B AR R

L(Xs:X7+G,F,D)=Lgy (G,D.Xs,Xs)+ AL, (G, F,

Xs,X7) 4)
b, 2802 1T R X045 2% o A5 0 PR — BOTE AR 2R ek g
B L .
8 R BGE R B AL DT R RN N
G ,F ,D’ =r?i;1 ml;qu(Xs,XT,G,F,D) (5)

A3 BE  GTAS F SYNTHIAS E S I8 58 5 48 45 , fif
A Cityscapes™ " /E Ay B bRl 845 48 L 147 55 e 35 4E L % e &5
e 3 s,

(a)GTAS (bL)GTAS to (c)SYNTHIA (d)SYNTHIA to

Cityscapes Cityscapes

PR3 {5 3R I A B B T f 2 R

Fig. 3 Conversion result of pixel domain adaptation modul
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Fig. 4 Discriminator network structure based on atrous convolution
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Table 2 ToU performance comparison of different algorithms when migrating from GTA5 to Cityscapes
method road sidewalk building wall fence pole light sign  veg terrain sky person rider car truck bus train mbike bike mIoU
AdaptchthDZ: 86.3 22.1 80.4 21.6 24.6 25.2 33.6 15.3 82.6 30.5 76.2 57.1 27.6 77.5 24.7 36.2 1.5 29.6 21.2 40.7
DCANE!?] 85.0 30.8 81.3 25.8 21.2 22.2 25.4 26.6 83.4 36.7 76.2 58.9 24.9 80.7 29.5 42.9 2.5 26.9 11.6 41.7
Cycada[M: 86.7 35.6 80.1 19.8 17.5 38.0 39.9 41.5 82.7 27.9 73.6 64.9 19 65.0 12.0 28.6 4.5 31.1 42.0 42.7
Ours 89.2 42.0 84.1 27.9 23.6 30.2 35.0 28.4 83.3 36.6 84.9 59.0 29.7 83.0 31.1 43.3 0.0 25.0 21.6 45.2
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Table 3 ToU performance comparison of different algorithms when migrating from SYNTHIA to Cityscapes
method road sidewalk  building light sign Veg sky person rider car  bus mbike bike mlIoU
LSDN11] 80.1  29.1 77.5  11.1 18.0 78.1 76.7 48.2 15.2 70.5 17.4 8.7 16.7 40.9

DCANLS) 81.5 33.4 72.4 8.6 10.5 71.0 68.7 51.5 18.7 75.3 22.7 12.8 28.1 42.7

AdaptSegNet!'2) 75,8 32.6 76,0 12.1 10.6 76.7 79.3 52.1 18.7 65.5 21.6 20.8 28.3 43.9

Ours 82.4 34.5 77.3 11.7 15.4 78.1 80.6 49.8 19.9 70.2 30.8 16.3 37.1 46.5
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