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A method by Generative Adversarial Network in semantic segmentation

LIU Kexin
(School of Glasgow, University of Electronic Science and Technology of China, Chengdu Sichuan 611731, China)

Abstract: In order to improve the accuracy of image segmentation without changing the structure of
original semantic segmentation models, an approach is proposed to train Semantic Segmentation models
by using Generative Adversarial Network(SS—GAN). There are three steps related to this work:
constructing the generative model of Fully Convolutional Network(FCN) structure to segment image
preliminarily; constructing the adversarial model which can learn the high—order relationship between
pixels and training it to improve the learning ability of generative model; adding the anti-loss to assist
generative model training, encouraging generative network to learn the relationship between pixels
independently. Experiments on Pattern Analysis, Statistical Modeling and Computational Learning
(PASCAL VOC) and Cityscapes datasets show that the proposed method achieves better performance than
the existing advanced methods, and improves Intersection over Union(IoU) by 1.56%/1.17% and 1.93%/
1.55%, respectively.
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Tablel Generated model structure

NO. VGG16-G ResNet50-G
type of layer parameter of layer type of layer parameter of layer

0 convolution/pooling [3x3,64] x2 convolution/pooling [7x7,64] x 1
1x1,64

1 convolution/pooling [3x3,128] x2 convolution {3 x 3,64 } x3
1x1,256
1x1,128

2 convolution/pooling [3x3,256] x3 convolution {3 x3, 128} x4
1x1,512
1x1,256

3 convolution/pooling [3x3,512] x3 hole convolution [3 % 3,256 :l X6
1x1,1024
1x1,512

4 convolution/pooling [3x3,512] x3 hole convolution [3 x3,512 } x3
1x1,2048

5 convolution [7x7,4096] x 1 enhance ASPP -

6 convolution [1x1,4096] x 1 convolution [1x1,256] x 1

7 convolution [1x1,classes] x 1 convolution [1x1,classes] x 1
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Fig.4 Structure of the adversarial model

4 WL 28 TR

i DA B ReAR AR, 2 A R D P RO AR R 2O BN AE A, EEAR A e I, S0 F IR oA [ 7 R
BRI A B R AE 1] B p 5 AR o B S R R s AR T e, DUz L A1) DA G Al 24 PR B AR AR . e X 5 T

:J;'T%’ﬁz 5 i&“ﬂ}%/hﬁiﬁﬁu [g '%éliﬁiﬁ%ﬂ lg I‘ETJ E‘Jﬁ%— B: %2 XPRERISE 5

jEJ'lJ P i j(;ﬁ’ :]ﬁ 5] %’ X ﬁ’ﬁ@’i#zli B"J Xﬁfﬁ ’ %35 1) ﬁ{ﬁjﬂﬁﬂ %l‘ Table2 Structure of the adversarial model

WAG R M2 ME S PE . BeAh, A Ik — 2 35 X B A A 11y NO. type of layer parameter of layer
Ve, RS — 2K HRAE B9 RUSE 4L 2 44 F /N 3 ’ convolution Eﬁﬁﬁﬂ
TR, A VK A2 24T X T 205 43 0 5 2 ) wemgepooting 2 2.ide2
Gy ENE B RER o XF B — /IS TR AT 0 — AR 34, DAB 3 convohution [3x3,256] 1
1k 24 439 VLS 35— 48 43 th 7 5 0 22 6 A 1 4 o . i
TTRREE PR3 XTHURE B 5Fg 3k 2 FrR . 6 convolution [3x3,1] x1

1.4 MK EH
FEI 25 75 B A N 46 AU BT 0 265 4 B AEAT N 25, DGR B E AP . EAH VW H . 38 UK G oR 8
XF 1R 22 USRS ) A% i e AR R PR HIS S . BE T A SO B AR pR R, 3 T T AR B B I 5 ) 452K R
B Loss , AN PURERLYIN 25 (8 512K oK B Loss,o M INERIE — Ty BEBUINy , 545 55 — Jr BEBY A AU [T 7, DAOR TR A1) FH 452 2
Z AR B8 e S8 X Hid Ko
A RSB P 4502 eI
1055, = 1055 1, (1> §(x))— 055, 0, d (g(x), x) ] 3)

s 1085, (1. () A BN Az OB RY (950 2% R 1088, (0, d(g(x), x)) R 51 A KT BT A5 28 A By )1 2 11 A= 1% e 43

1055 e (v, (%)) 29 25 2 59 22 SUIG A 2K eR K, Ry 3R T o v A8 R AL P T 2650 1) ome—hot JE 3, g(x) Jhy A A
BRI 53 BN G R 1088, (1 g(6)) 7E LA -

1055 1. (1, 8(¥)) ==y In g(x) “)

TR A OB RN G =AU, 5N A B X A s B o — A0 Al By 1T 2

— 1055 0. d(g(x).x) | Jy B T —{F 52 SURR 5 bR BCHE 1 A1) A O BT R 300, L v (). x) S R BT ASE B At 1 45
Heo UIZRA BRI, 1 Ses RR x i A B A SO R b, AR A 23 B 25 2R g(x) 15 TRR x — ] i A B X s 2 o
AR X T 45 5 d(g(o),x), (AT AR 5 U 98 pR BOTH AT B0 AR 0O DU A T . HE AR, R A U A K eR BUE
S



%2 XAl BT ERTRMERIE X 7RG E 239

lossi[ x.d(g(x).x)] =— {xInd(g(x).x)+ (1 —x)In[1 —d(g(x).x) ]} )
P T 2B A Y 4 AT 55 2 S0 0 224 iy X BB AR L o R X0 i AR HUASEEL H g IR R TR, AT R g (x) b
B Sy 1 (R IR R B4 ) . PR X ok AR (1 53 2K R BT +loss [ 1, d(g(x),x) ], T AR 4% Goodfellow™ ri 45 th £y
SEIE, RFHUBTRL L S W o0 DR B0 R TR SR B S R SE A , (lH —loss . [ 0. d(g(x),x) | BE LR 2 B AR B B B R B R
RRe e, PR AR by AR RO B A 2 0
MYNLGXT PO AR, XFF Az BB A i 3 B0 R, HARZE Ry 0, 1) KRR 45 b B IRUAS 1y Ay B e, L
PREEN 1o WIERRTPL 45 7 A 09 50 %I R LS RS LR, BN REAS BT 1, I R R A 2 ELIE R A
TEBLT, BOE AE L BRI 00 HOUI R X HUASE AL A0 8 26 pRBIE UM :
lossy= lossbce[ 1,d(y, x)] + lossbce[ 0,d(g(x), x)] (6)
XFINGE D E&A NIKE R, 5 x5k B X043 E & Ry, BB 5 2% R E80E U -

& loss,

1
loss = N 7

“Moss,

AP A, TR R R0 2% A I 20 0T IR A A5 R 0N o W A RS R AR OROR O 2 B, TR B A
TR TR IR AR, SR LA H R B, T B kR S RO AT R R, DA X e e X T A A T R o Y
T B RN o

2 X
2.1 BN EHIEE

PASCAL VOC 2012 54l S i 4 12 031 5k K |, 1A 18 L BIAR 28 N 2R 1 456 5K, M R 1 449 5K,
BT &8 Ay 12659 R 202, [R)IHE P A 10 582 5K i SBD i X 43 E1 80 H S HEAT AL 2 #M FE . Cityscapes 41 7 3K
50 ™A [R] 38 T 4 38 37 55 e SR 0 22 Bh S AR R 8 B R T BCEE £, AT S 000 S i T 1R R SR B AR
20 000 NHLRERRTE R o 92, YIZRSE R Ko 3 475 9k, D34 R B0 ol 1 525 5K, T v ik 2 i 4
£ 302, 5 XAEE S PR B 1925, PASCAL VOC 2012 3042 4E 5 Cityscapes 58 8 (19 55 4 B4 46 1 WL I 5

ClRE 1

Fig.5 Samples of PASCAL VOC and Cityscapes datasets
<15 PASCAL VOC ¥ 5 Cityscapes i 44



240 AR S5 FEESR %21 %

2.2 EMIEER

10 oy E vpE A I (o UNE A PEM FR 45, He & SR T A% B 510 AR5 SR TE AR R 508 AR &
B, LT 2800 0958 I [ (mean ToU, mloU), & XK.

) |
ToU(G)= ——2L1—— mioU=—S 1oU(c) (8)
z(pz'j'+pji)_pii CZ

Krbe p, RoRBE ST N i K HARBEWR R i 25 p, FRRBER AT Ny i RTAR% N j 25 p, R B R WM A j 2 m
PR RIS, CRREIEEN L.

2.3 illZiEiz

S 36w fd JH Tensorflow I8 B 2% S HEZR I /1] 1 Bt NVIDIA TITAN GPU #4715 . % A& A 43 3% 71 R 500%500,
BRI E 2, L T REE IR 10 T30 stepo T 58 B0 A OB R E AT I 2% R 0 8k, iy 35 8 W) 4 27 )
FH107, FEZRLFEWME 107, RIFMAX PR AL 5, i F X PO AL L b T 00 da R 2, T AR B AL 2 B2l
WS, 5 el AR G A A B 2 2T SRS B I Gk PR A E AR AR Y 25 2T RN 3x 107, XU L Y 2% 5 SRR
3107, ZHAWE M 107, e Ry m, A o A A 1 Adam 4L %%, X o A 0 4 ] Momentum {5 fb %% ,
H i Momentum %4 0.9, 7ESZH0 W, ResNet 5 VGG 5 AL 156 in 28 T H ImageNet T I 2k BIAL E , B i Lo
RS R AT 43 EUE 55 1 U 2k

3 PUR I EIREAIR S R L
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Fig.6 Samples of tests on the Cityscapes dataset
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Table4 IoU comparison of four models on the Cityscapes dataset

1oU/%
network - - N
road traffic lights plants sky pedestrian vehicle
VGG16 94.73 64.12 86.11 90.46 76.88 90.61
ResNet50 98.39 71.37 92.70 94.98 82.49 95.48
VGG16-G 96.64 64.15 87.35 90.87 77.52 92.08
Res50-G 98.48 73.41 93.02 95.35 83.71 95.73
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