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Semi-supervised adversarial learning based semantic

image segmentation

Li Zhixin'* | Zhang Jia', Wu Jingli' , Ma Huifang’
1. Guangxi Key Laboratory of Multi-source Information Mining and Security, Guangxi Normal University, Guilin 541004, China;
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Abstract: Objective Deep learning network training models is based on labeled data. It is challenged to obtain pixel-level

label annotations for labor-intensive semantic segmentation. However, the convolution operator of the segmentation network
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has single local receptive field as the generator, but the size of each convolution kernel is very limited, and each convolu-
tion operation just cover a tiny pixel-related neighborhood. The height and width of long-range feature map is dramatically
declined due to the constraints of multi-layer convolution and pooling operations. The lower the layer is, the larger the area
is covered, which is via the mapped convolution kernel retrace to the original image, which makes it difficult to capture the
long-range feature relationship. It is a challenge to coordinate multiple convolutional layers to capture these dependent
parameter values in detail via optimization algorithm. Therefore, the long-range dependency between different regions of the
image can just be modeled through multiple convolutional layers or the enlargement of the convolution kernel, but this local
convolution structural approach also loses the computational efficiency. In addition, another generative adversarial network
(GAN) challenge is the manipulation ability of the discriminator. The discriminator training is equivalent to training a good
evaluator to estimate the density ratio between the generated distribution and the target distribution. The discriminator based
density ratio estimation is inaccurate and unstable in related to high-dimensional space in common. The better the discrimi-
nator is trained, the more severed gradient returned to the generator is ignored, and the training process will be cut once the
gradient completely disappeared. The traditional method proposes that the parameter matrix of the discriminator is required
to meet the Lipschitz constraint, but this method is not detailed enough. The method limit the parameter matrix factors, but
it is not greater than a certain value. Although the Lipschitz constraint can also be guaranteed, the structure of the entire
parameter matrix is disturbed due to the changed proportional relationship between the parameters. Method The semi-
supervised adversarial learning application can effectively reduce the number of manually generated labels to semantic image
segmentation in the training process. Our segmentation network is used as the generator of the GAN, and the segmentation
network outputs the semantic label probability map of a targeted image. Hence, the output of the segmentation network is
possible close to the ground truth label in space. The fully convolutional neural network ( CNN) is used as the discrimina-
tor. When doing semi-supervised training, the discriminator can distinguish the ground truth label map from the class prob-
ability map predicted by the segmentation network. The discriminator network generates a confidence map that it can be
used as a supervision signal to guide the cross-entropy loss. Based on the confidence map, it is easy to see the regions in
the prediction distribution that are close to the ground truth label distribution, and then use the masked cross-entropy loss to
make the segmentation network trust and train these credible predictions. This method is similar to the probabilistic graph-
ical model. The network does not increase the computational load because redundant post-processing modules are not
appeared in the test phase and discriminator is not needed in the inference process. We extend two layers of self-attention
modules to the segmentation network of GAN, and model the semantic dependency in the spatial dimension. The segmenta-
tion network as a generator can precisely coordinate the fine details of each pixel position on the feature map with the fine
details in the distance part of the image through this attention module. The self-attention module is optional to aggregate the
features at each location via a weighted sum on the features of multifaceted locations. Therefore, the relationship between
widely discrete spatial regions in the input image can be effectively processed based on pixel-level ground truth data. A
good balance is achieved between long-range dependency modeling capabilities and computational efficiency. We carry out
spectral normalization to the discriminator of the adversarial network during the training process. This method introduces
Lipschitz continuity constraints from the perspective of the spectral norm of the parameter matrix of each layer of neural net-
work. The neural network beyond the disturbance of the input image and make the training process more stable and easier to
converge. This is a more refined way to make the discriminator meet Lipschitz connectivity, which limits the violent degree
of function changes and makes the model more stable. This weighted normalization method can not only stabilize the training
of the discriminator network, but also obtain satisfactory performance without intensive adjustment of the unique hyper-
parameters, and is easy to implement and requires less calculation. When spectral normalization is applied to adversarial
generation networks on semantic segmentation tasks, the generated cases are also more diverse than traditional weight nor-
malization. In the absence of complementary regularization techniques, spectral normalization can even improve the quality
of the generated image better than other weight normalization and gradient loss. Result Our experiment is compared to the
latest 9 methods derived from the Cityscapes dataset and the pattern analysis, statistical modeling and computational learn-
ing visual object classes (PASCAL VOC 2012) dataset. In the Cityscapes dataset, the performance is improved by 2. 3%
to 3.2% compared to the baseline model. In the PASCAL VOC 2012 dataset, the performance is improved by 1.4% to
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2.5% over the baseline model. Simultaneously an ablation experiment is conducted on the PASCAL VOC 2012 dataset.

Conclusion The semantic segmentation method of semi-supervised adversarial learning proposed uses the introduced self-

attention mechanism to capture the dependence between pixels on the feature map. The application of spectral normalization

to stabilize the adversarial generation network has its qualified robustness and effectiveness.

Key words: semi-supervised learning; convolutional neural network (CNN); semantic image segmentation; generative

adversarial network ( GAN) ; self-attention mechanism; spectral normalization
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fF DML RS BHIR M) AL, 76 B ) TAE Ptk — 2 T
Ak Jry R 22 P 2% ( Wang 45,2018 ) , H T HLATI 43285 |
H A A 0 52 5] 3 ) 4 — R AL 55, Hu 58 A
(2018 ) IR I FH A 1 ML X% 5 Z [ 6 R itk AT
AT, D SIC BB A 1 6 G A I R T ) — 2B AR
(Zhang % ,2019 ) K¢ F AL A AL 17 FH 38 S 43 15
AR T RAF - RIPERE . AT TAES Bk TAE%
IR, b B 5 40 HE R A 38 3 56 T T A
B OIEAR AE R BSOS R AR R G
FRAAT AR 8 L LA [ T AL Y B AR R
B AR B AP AT AT 7 B 22 ] AR S &R

SR GAN 78035 B 9K 20 1) AR Jl A A8 1 e AR
Jt o 5 T AE # ) (Brock 5%, 2019 ; Karras 55,
2018) fHXFHLYIZE F3 T CGAN AT E M, Cf
() TAE ( Arjovsky 45,2017) F W, GAN 93X F R £
FE MR TR B SR AR BT R R B, — bR
BT I 25 J5 28 ¥ B Al FH Bt B+ A 300 0 51 28
(Szegedy 55,2014 ) , H 1y J2 = A — %A R 1Y H

SEINLG)

SRS TZ N X AR AR () 25 o B T i
P, N TR GAN WREtE, =& F 2Tk,
AR FHAS 6] AR Z LA ( Radford 55,2016 ) R
EN AL E A (Salimans 1 Kingma , 2016 ) F14# B 7 5]
(Gulrajani 53,2017 ) 4%, % IH— LB AR (Miyato 45,
2018) BRI I T VA 2 — , AR SCGHE T 7E GAN S5 11
FIBIER I ATEIA—k I8 B T 4504 B2 Lips-
chitz B B BCR, B TR ETE R S, R T
GAN I ZRryFa ek .

2 EBIHEIAR

& A B R TR SOy B 7 A HESR F2 28
PHAS T I 28 K 1L, 45 7 B M 48 G AR 6% D, 0
K1 R, Hh B G 5l 280K, SA
(self-attention ) &7~ H 1 &SI, SN ('spectral nor-
malization ) &7~ N FH it I3 — AL 2 A, F 5 28 I 4% D
Frh B EEE L L, ST GT EUR M AR S X H it
PR Loy 2 D WIXTPUI R, L, o4 B8 SURR 4K
RIS TR A o AR X, RS N H x W
3. G AYRHIEEGELT SR )ZE A B, 1k
of A R SR A R AT, SR I P i A A T
(AR A B — 1223 ] 0 R B, R I A
MERZIANN A ] O R BT AL, TR EATE
TR BN FRAE 22 (] AT BT . e Jim, W B
T AH SRR 25 RN i R R AR R A T8 T R SR iz 5
PAFIERR RSO RIS . XA s T DL T R
PRARRAEXT 5 19 B F SOOC R AT AR, T TE 2R
S EIE I AT LUAR G By 8 4 A A7 0 32 s 1Y) 448
W, HH R Hx W x C EMEREL, Hp ¢l
TSR BAEL

— L‘ld\
‘ :
B SYA

B

H G (D)

BT RWEE UM 7 e

Fig.1 Framework of semi-supervised semantic segmentation method
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A (2 ) 5 SO B R Ly, I 2638 T 26
R 25 FIRNES D AT LA 52 AS TR K /N
ALl G EERE (G (X)) 3— Nl
ERFRCE I VE A e — AR H x
Wx 1 BGRB8 A5 B R A3
IR H A EIMG G, NN 05 Ik H bRl
KR 1, UL, BAR RS G AR 100 5
BT GT 7 A iy X B, [RIAE D N ] 3% 03—
b, PRAUE WS R . Lipschitz 295,

fifi FA AR b 0 ORISR 1 R R A T2 W B I 25
FERA N Grad B B AR AR A B B H F 2% 6,
17T BT 1 T AR D) A 255 ke T A R
LB AS [ X 2 R B 56 &R, 2l AR e A
iF, G AV R ARYE 3L T 1, AOARvE S8 SO0 2
L N D RIS R X Btk L, 247 B, SR 1R
o B B P R T (s T, DL A 2 ) B Sk
15 B PRI HE IR A2 XUk L, — 2 O 25 6 A9

B,

3 FHREHMK

3.1 RKEE
5430 190 2% 38 it 5 /AL 22 1 45 450 2k ok s
B, BN
LG = L(‘e + )\adeadv + /\semiLsemi (1>
Ao, A R AT T /MU S AT 45 31 56
B, TR () PRI 1 AR bR U
I S H
L.== 2 21" log(G(X,) ") (2)
R(2) BN TR BN GT 15 B B 5 4y —
A e SEIBMERMES , GT {3 B 1 MLt R FH 70 $A 25 15
g Hoh U AT S R X dhiy
BEIRTF ¢ 25, W L, B, FE 0, 2 (1)
55 2 AMRY A R e N
Ly, =- Zlog<n<c<xn>><’“w>> (3)

X D(G(X )" B X, TENE (h,w) A E(E
R, HARPRCEBIEAE GT, T LLAFR R
BAEA L= L S U R 2R 5 4
W4 B BLES sk L, Ah8RE . e, 1S
FReRECF( - ) RIBA T, LR (1) IS 3 A4
Ko, DI EAE B R T AL, B0 s T {5

K, 453 AR RIS SURH 2R T 4R
Ly == 2 2 F(D(G(X,)) ™ >T,.) -

I log(G(X,) ") (4)
et = argmax G(X,) " M H 3 il A
L RbRiCE T 1) =1 BonRwE, il
et fih (e BART, A1 F( ) (IFRFI A — 4
WRL, SCEEM] LT, =0.2 B EYI G R B
[ERIER
A e /M2 8] 38 XA AR R L, N5 00 1 %
W2, ELAR
Ly == X, (1 -y)log(1 - D(G(X,)) ") +

ylog(D(I,) ") (5)

A SRR g ACK G(X,) Wy, =0; WSk H
BIESEAKA L, My, = 1,00 D(L,) "™ J& 1, 707 B
(h,w) Zb B FREEL
3.2 BHiFE#EHS

TE5EH GAN 288 /N i 46 FRAZ AR Xk & B IA]
B AR ZR B R B B e e 2k T B
WL SHCG TR . TR AR U Bl Fh 22
BIREARLE EVIGREE, B A GAN W45 JE e 1526
(18 A B LAt R 28 0 A PRI, 7R AR S 1
e WB RS AT EIMEZR R A BN 4 6 B E
BRI RS IA B, AR s B R s 1R = s
JE FRIAR /IN— R &0 38K, Xof 5 88 503 F R HE S 25 S 4 3
PRIk 22 J2 149 36 AR ORI b A 5V f A5 i ] 1) 5 A g A
FHBOREIN AR 5 S BUZ 6 BV 35 X Sl e it
(] it TR o7 1) T AR R, B v e L
FRGPEEPIME R S 2 A5 R IRBUE R I 4
Jey JUATARRAE | 308 3k 56 TEARAE [ BT 0 B, AR R A %S
TE1] H EBCHC AT B4 6 7 R P b 545 2 A 8 o 3
T PR S AE BT — 2 AR LA B L
15 GAN 7 A B BERS X AN R I RRIE ]

UE—AMEE S CH T IHERS R T A%
SR A SR FE A, 55—~ sR AR, EEXTRRE I Q
S — A8 AR K A AR B
RN, XA PRECAT LU o 5 21 15 31, IR L 25 SRR i
PHANERAE L G B N 1 x 1 BB R, BB
FAL R T AR 2] 15 5,

AR SCHE A2 R AR A HEZR AN & 2
N, AR FF 5 @K R HL X R TR AT i AR R
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Fig.2  Framework of self-attention module

B DL b — 2R X e RT Y C4E T A, FF 4=
AR @ K e R™Y*C FEX) Q FI K k475
B PATH R I softmax 2T 2 T K
SeRVY HN=HxW G E%, X8 HIEK
S HITCEFILTH i MR j LR U
[Eniill
s, = Aerp(Qi - K))

2 exp(Q; * K))
X, 0, MK 53 RN FFHEE Q BYEE @ L E Y
BERARHEE K TP RES j MOLE AR R TR C
ek, KT I B2 SE R GRHER X
TINAB RS, DL3RAS B A FRIE IR Vv e RV I
W S AV AT E DR VORI LR RO
JRHEE Z T — 2 BB XA DL ) B
SHEZ BN QK IWSECRAD, SR HRE L
WBIBE «, o, BB 2E > K
BT IAEMAINE GEESA LD, @ Nl

(6)

N
0, = a; (S,V) +X, (7)

X, 0, FoR5 jAMLE LY C A4 SRR ] 4,
V. HLX, SR RHE IR VIS @ A0 E IR R A
JEHRFHIE IR X (5 AL B IR R I LY C 41wl
o a MR 0,97 H o 3 A 2% 2 2R R
FRERFAE A3 S 2 A, I AR TR O 2 T A L &
HRESSRSYER GES R RO IE YOS ISP APOK X (4
() B T AR SCHOM PR A7 A A B T 4 e A Y
oy AR
3.3 &A1k

J5f GAN 45 1) F AR eR B0 T T H s

s 0 A1 5 1 BB 43 A Z 8] 1) ]S ( Jensen-Shannon )
FRORE o AEUAAAE 9 TR) A2 ) i I R B, A e
A EE T R A5 ™, B Y 3 R4S B R O 0 )
i, e/ IMEAE G I 0 2% S5 A T SR/ I A BUERCHE 3
A5 BSR4 2 IR Y S BORE AT AR R )
A FVE S 73 A L ] BB AN AT ZBE i H S
PR TE 18 A B A 5 B SR o A AR 2 e
JS PRSP A H R, X A R RS R B i A s i
I8 0, RIRSEEIH 2

ARSCHE 4 W B e 2 2] RMGE oy Bk
FELERTYINZR RS AT 42 F0 A R 46 D RS ETE,
PR TE HAR S FA B0 A5 0 JF BRSO T, a] LR
— NS REAS 57 ¢ MK AE U AN L S e 4
XA HF, A A 1S R A A — e B[ -1,
1] A AR E L - 1,1 ] IXTE] IR AfE Zrid 72
OB S SEUERSS G IBREETH RIS 0, ROk
IR G B AR RS TR AR MERE T, PR Ak
MO ZEFARK, D ABEE 5 X 53, Bt LA 3 T Jeflifb,

FAXTH R GAN, 1% 5 — 1L 5 19 GAN 1A T
BT B LE DU 3T 2 T D00 0 875 1 AN B A I 1 4 2 Tl FE I
i HOCO— AR B 5 ), [ 1k D g2
LA e — A TJ7 [ U, 5 Wasserstein GAN £t
YOG 8 1 S 5000 B v i e R L R[]
T — Ak 7 DA — PR A8 7 =l 40 51 2505 /2 Lip-
schitz ZEZLPE | BRI T 40 551 45 pR B A2 1kl BT B
RIS E |

XFTHRIE GAN, FI5I8% D e Ch

qdata(x> = 51gm01d(f* (x>>

Do (x) = ) + po(a)
(8)

2163



2164

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.27 ,No. 7 ,Jul. 2022

A, g BBHE x B9340, p 2 XTI 2 14 B
TR A3 | AR TR i X e N KA A R
WL, (x) =log gy, (x) =log pe(x) , HFECH

V) = s V() s V()

pe(x)
(9)

SR, 3K — S EL IR T F Y, 2 R AT
[, 7 S rh A2 b AR PR, DR, 7 A
PLEIRE X f (x) WA, W e 2 3, an SR 2w
D B — )2 m w2, W AT LARR A f (%) 1 BRR, B
LS5
AL, < IHCR,=WH R L, % ey, X
IRy = Woh,_ ) |y, %
I Chy=W'hy) |, =
[T ~w, I, = [Totw)
A h EX A x BAHEhmE, || - |, A&
Lipschitz JE&L, %0 — L8 i P24 AR B2 g:h, —
b, FE I R £ B Lipschitz % %8, | W W
W R 2 ) SRR o S TE ERMEBTE R B
o(W)Fm W I 5, 90 7 8, MR 4 v
BT, R ESUR 1 PR, g TR RE WS IH—1k
Jrik, Bl

X Hal HLip x

(10)

W (W) = Wa (W) (11)
Rig, e (10) A EL T g wilA
K (1), #HRFGIES D & )JZBUE W AT 40 EBF
INRRE I — LA ER, W 525 D AT R Bk £ iy R
#, H Lipschitz Yo 8] 2951 h/NF 1, X8 8] TR
AR D B Lipschitz JEEUIRCER .

T — i) ] B A 2 e 2 RO A W TR BE
JEERERUA W I e K& el (HJE &7 R AE 1 4 3t
SERARFEIT Y, PR R R R AR 7 2ARA T (L i)
I K AT SRR AR

4 WERSW

4.1 HIEE5XKELEE

PASCAL VOC 2012 #4460 & 21 PR K,
R 43 #1530 805 4 ( Hariharan 55 ,2011) A% 7h A
R, HA5 3] 10 582 1 EME FH T Il 2k, Mt A 4
i 1 449 M&EME . Cityscapes BHHEMLE 19 N2, H
HIl R 50 UE A AN AR 4 AL 1 2 975,500 F

1 525 M@ K&, B F 358 I [ (mean intersection-
over-union , mloU ) 1E i ¥F Ak 48 #x, Bl HL A HL 1/8
1/4 172 A A e i pRac B0, A o R bR ic
P BEAT ISR, JF X 8 80 1) [R5 00 FI PR BE HEAT V1A
TEVN R A b AR bR iC B AbR i Bt B BE AL Ah I,
Xof T R A AR ] (0 40 3

7E PASCAL VOC 2012 i il Zhad B2 %
FRGE R 321 x 321 (8RR A REALAA AR BT #4E
HEALFRK /Ny 8, XFF Cityscapes K46 | Kby A &
TRIHHEE R 512 x 1024 1835, BA BEHNLER BT/ 46
AR BRI 2 AR N2 h, BEDLRIBC
FRIC A bR IC B . XT3 2 X 26 R 4 61 19X 245 i
AN, TEm Uk Rrh, R A& T 4L
PN B 45

ASCAS ] PyTorch HE4LHE—A~HA 11 GB NFF
[ NVIDIA 1080TI GPU bl ZRAYRE RS R HIBEHLAS
& T [% ( stochastic gradient descent, SGD) fifb#% , 5l
R 0.9, UM RN 1074, W) IR 2 > R
2.5 x107* JFRfiE 2 0.9 W/, F
SRR Adam IRAL RS, 22 2] B E R 1074,
fd 0 AR AR FAR 10 B #EAT IR, B8 A, N
4.2 £ Cityscapes ${#E&E FRKIEER

R T BE AR S IR B BE, 7E Cityscapes FUH
B EAEHIAN I Ho b 10 Bt BEA T 5236, T8 AR SC7
V5 2 B A AR MR 2 W B A A B O ek i T o)
HIE B XF e, X LG U7 5 42 #E FCN-8s ( Long 4%,
2015) . Dilation10 ( Yu #1 Koltun, 2016 ) . CowMix
(French %§,2020a) , DST-CBC ( dynamic self-training
and class-balanced curriculum ) ( Feng 4§, 2021 ) |
Sawatzky Z¢ A (2021) ., CutMix ( French 4, 2020b) |
Mittal %% A (2021 ) . DeepLabv2 ( Chen %5, 2018 ) #i
AdvSemiSeg ( Hung 5%, 2018) ., # 1 Z5 1 T City-
scapes FUHEAE (121 Wi B A4 B PEAG 45 21

MR T ATLUE Y, S1E LR AdvSemiSeg L
BRI AUE T B B OUT  TERE SR T 1. 4% ~
2.4% M AEIH — e, HERERE & T 2.3% ~
3.2% . SGHELALL, M 1/8 dric B s I ki 435
PEREIGIN T 3.2% o HI MG FEARARICEAE 2510 T,
PR Bt GAN YIZRBCR B 22, F & AUR JE bR ic AR A
AT, X TR R B R R, A5 T
EXGuE /ST
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4.3 7£ PASCAL VOC 2012 #i54& FISSIG 4R

£ 2 3 T 1E PASCAL VOC I 4E |2 s
BN A B 2R A-F- 2 mIOU PERESS IR . EAUEH
HEFEEREN T, PERE H3E4E AdvSemiSeg #7255

% 1 7E Cityscapes 3 #E 5% L FEHH BN AR b B AY
PRI T SRR E R 5 B 1E 8E 45 R (mloU)
Table 1 Image segmentation performance with randomly
selected different proportions of labeled data for

training on the Cityscapes dataset( mIoU)

T0.6% ~2.1% , S ik H —fb 5, tEe it T
1. 4% (bricBdEh 174 Hepl) ~ 2. 5% (hric e b
172 Bl

K345t T GTEMG 5 A 3 A U1 253 ] LA

%2 7£ PASCAL VOC 2012 ##E4 FREHUHENR E LL BAY
FRIZEHRH T SRR E R 5 B 1E 8E 45 R (mIoU)
Table 2 The image segmentation performance with
randomly extracting different proportions of labeled data
for training on the PASCAL VOC 2012 dataset( mlIoU)

/% /%
FRiCEHE FrRiCEE
i i

/8 /4 172 &% /8 /4 172 &%
FCN-8s( Long % ,2015) - - - 65.3 FCN-8s( Long % ,2015) - - - 67.2
Dilation10( Yu 1 Koltun,2016) - - - 671 Dilation10( Yu 1 Koltun,2016) - - - 7.9
CowMix ( French %% ,2020a) 60.5 64.1 -  69.0 CowMix ( French %% ,2020a) - 7.0 - 73.4
DST-CBC ( Feng % ,2021) 60.5 64.4 -  66.9 DST-CBC ( Feng % ,2021) 70.7 71.8 - 73
Sawatzky % A (2021) 63.3 65.4 66.1 66.3 Sawatzky % A (2021) 71.3 72.4 73.9 75.
CutMix ( French % ,2020b) 63.4 652 67.7 - Mittal ( French 2§ ,2020b) 71.4 - - 75

Deeplabv2 ( Chen % ,2018) 55.5 59.9 64.1 66.4
AdvSemiSeg( Hung %% 2018)  58.8 62.3 65.7 67.7
AR BIER) 61.2 63.7 67.5 70.4
ARIC( AR +EH—1k) 62.0 64.6 68.3 7.1

Deeplabv2 ( Chen % ,2018) 66.0 68.3 69.8 73.
AdvSemiSeg( Hung % ,2018)  69.5 72.1 73.8 74.
AR BIER) 70.3 72.7 75.9 8.
AR (HER +i%H—1k) 71.8 73.5 76.3 8.

o ~, O O O O W

TE =7 FR N N SCRRAR A T IS5

(a) J5 (0) A3(1/8)

TE =7 FR N N SCHRAR ZEA T IS

(d) A3L(1/4)
I3 7t PASCAL VOC 2012 Hrfia sk b BBl O ] e BIAR LB AR Y 53 125 2R g
Fig.3 Comparison of segmentation results obtained by randomly extracting different proportions of labeled data on the

PASCAL VOC 2012 dataset( (a) original images; (b) ground truth; (¢)ours (1/8) ;(d)ours (1/4) ;(e)ours (1/2);(f)full)

(e) A3 (112) () 4=
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AN[A) B A e B R A I B S5 2R i e e, AT LA
F G I BEALIEI 172 BARIC BRI T I,
ARSI R BAT R 43 FIRSOR

3 41T PASCAL VOC 2012 Hii e A A
(6] FAG R B LS P g 2 )~ W B R 4 )
(RPF-44) mloU PERESS R, HHr, Adv 2FEZL AdvSemiSeg
RS SA JEASSC)r v RS T AR SA + SN JE AR

SOOI R AT e (R ) e Ab,
%2 AR BT 28 0°F-2 mloU {H#RAL 35 76 B
Ja—A5H . MWEER PR R A A AR
JA—Ak IR E T PASCAL VOC 2012 HR 440 & 1Y
21 KERR s FIPERE . FE B rhn A AR
BEHAT ARG M A 42 2 HRRAE B AR B MR 3R Z 1)
AR bR SUE B SRR BB A RRIE SRR |

%3 7 PASCAL VOC 2012 ¥#76 FiZ 5 & 4REL R (mloU)
Table 3 Performance results of class-by-class segmentation on the PASCAL VOC 2012 dataset ( mIoU)

e 1/8 pric B L/4 pric B 1/2 pric B AR EE
Ady SA  SA+SN  Adv SA  SA+SN  Adv SA  SA+SN  Adv SA  SA+SN
bkg 0.93 093 093 093 09 094 094 094 094 0.9 0.94 0.9
aero 0.82 0.85 0.87 0.8 0.87 0.8 0.8 0.8 0.8  0.89 0.8  0.90
bike 0.40 0.41  0.42 0.40 0.42 0.41 0.41 0.42 0.42 0.41  0.43 0.43
bird 0.82 0.85 0.8 0.85 0.8 0.87 0.86 0.87 0.85 0.87 0.8  0.87
boat 0.63 0.67 0.67 0.67 069 0.70 0.67 0.67 0.67 0.67 0.73 0.75
bottle 0.71.  0.74 0.76 0.76 0.78 0.74 0.79 0.82 0.83 0.81 0.8  0.82
bus 0.90 0.8 0.91 0.91 092 093 091 093 092 09 094 0.93
car 0.84 0.82 0.82 0.8 0.8 0.85 0.85 0.8 0.86 0.85 0.87  0.86
cat 0.84 0.8 0.87 0.8 0.89 0.8 0.87 0.8 0.8 0.88 0.90  0.91
chair 0.30  0.27 0.32 0.31 0.32 0.35 0.34 040 0.39 0.36 0.41 0.42
cow 0.72 0.8 0.79 0.79 0.76 0.82 0.81 0.8 0.8  0.83  0.85 0.87
table 0.40 0.42 0.45 0.45 048 0.45 0.52 0.59 0.61 0.53 0.5  0.57
dog 0.76  0.78 0.80 0.79 0.81 0.80 0.80 0.8 0.85 0.82 0.8  0.86
horse 0.73 0.78 0.74 0.75 0.74 0.83 0.80 0.84 0.82  0.80  0.83 0.86
mbk 0.79 0.77 0.76 0.78 0.8 0.80 0.82 0.81 0.81 0.83 0.8  0.85
prsn 0.83 0.83 0.82 0.8 0.8 0.84 0.8 0.8 0.8  0.85  0.87 0.90
plnt 0.52 0.42 0.52 0.56 0.53 0.55 0.57 060 0.60 0.5 0.66  0.65
sheep 0.7 0.77 0.8 0.79 0.78 0.80 0.82 0.81 0.8  0.83  0.87 0.89
sofa 0.43 0.42 0.45 0.47 0.44 0.44 0.47 048 0.46 0.49 0.56  0.55
train 0.79 0.78 0.8 0.79 0.8 0.81 0.81 0.8 0.8 0.83 0.8  0.86
tv 0.71.  0.73 0.70 0.74 0.72 0.74 0.73 0.75 0.75 0.74 0.74  0.77
mloU 69.5 70.3 7.8 72.1 72.7 7135 73.8 75.9 76.3 749 718.4  1718.9

T LT AR 2 JETE A FRiC KUl T A e a 24

BEA  FE 5 s oA I —fe A B A7)
—B U GAN W25 &1 4 F 7 1) [R5 53 F 45 R 3
— U T X — 5 K GT il 5 564k AdvSemiSeg
BRI FIA SO RSN S P 172 ARic Bl ik i)
ISR AT XS L, B AT E S A A TS H —

fRJE B 43 B 45 RAE T L30T AdvSemiSeg 15
B JEHIE [R5 A S 0 — 4k 5 59 73
R LRI LUE Y, A R e T R AR
B 22 JR A 5 2 MRS 0 — KRR E GAN J5 AT
Rtk
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(a) IR (b) A& (c) AdvSemisSeg

(f) ASL(SN+SA)

(d) A3L(SN) (e) A3L(SA)

K4 £ PASCAL VOC 2012 a4k 08 1/2 ARic Bl i A SOy e 3R A% 10 5 R4 2R
Fig.4 Qualitative results obtained by our method when using 1/2 labeled data on the PASCAL VOC 2012 dataset
( (a)original images;(b) ground truth; (c¢) AdvSemiSeg; (d)ours(SN) ; (e)ours(SA) ; (f) ours(SN + SA))

DL UG 5 B 25 3T DeepLabv2 HE4E FIFE
MSCOCO £ 4 4 I il 56 Il 25 1) ResNet-101 #8551,
¢ 4 24 PASCAL VOC 2012 $44E A AR &1
BRI FURIE] LB B AR 1 UG Sy A RE S

%4 7£ PASCAL VOC 2012 ##E& FERREE T
AE e Bl AR BHIR IR SR B R 5 B R4 R (mloU)
Table 4 Image segmentation performance results using
different backbone architectures and different proportions
of labeled data on the PASCAL VOC 2012 dataset( mIoU)
/%

‘ Fric B
Ik
1/8 1/4 12 B
DeepLabv2 66. 0 68.3 69. 8 73.6

A (DeepLabv2)  71.8 73.5  76.3 78.9

DeepLabv3 ARE  69.4  70.9 75.2
AL (DeepLabv3)  72.8 75.3  77.0 79.5
TE I TR R IR 4551 e AR 25

MWE 4 v LLE S 4{# H DeepLabv3 HEZEAT, |
R FRAE R LA ) A e B T S AR X AR e 1, 7E
1/8 LBl rbRic gt FRARRE M, ARMEMH K

FE A8 b 32 B8 I SRk, P80y R RE R L 0
Deep-Labv2 HEZR 15 2| 1 &8R- 4f-, ) Hod i 3% 1 —
AR B AT LAAR % 3 52 f# DeepLabv3 HE 22 76 {f H]
1/8 Hefilbric B WAL BRI RN Aa e 1k, R,
fdi ] DeepLabv3 =1 0 2% IR, A SCH HY A 2 s B AL
TR LF . HEIACH 36T AdvSemiSeg FLHL
T5ER T A R AR ISR A TR S5t PR A 531 % 1 445
FRER A ESK . DR GT B A R0 g 5l g%
AT 53 F ] E X 3 GT B B 42 4k, DT BEL
1k T EASMEE T aHIMLg, M2 T, %01k
AL g R el O B 0 B0 4 T 22 S, AT
ABMAERPRICHEAR Z LR ARIC . L, EAS
YRR IC AR A 9 R/ N NS BLAY R
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&5 ZAXFIETE PASCAL VOC 2012
HIEE FAYERTIR (mloU)
Table 5 Ablation study of the proposed method
on the PASCAL VOC 2012 dataset( mIoU)
/%

i 172 bRicddis  fbnicEds
AL 73. 82 74.98
A + SN 74.52 76.72
AR + SAL 75.17 77. 69
AL +SAL +SA2 75.94 78. 10
A+ SAL + SN 76.13 78.38
AR +SA2 + SN 76.20 78. 74
AL+ SAL +SA2 + SN 76. 36 78.93

T L PR R & 5 R L4 2R

AP B GAN 28 iy G SCor PR REIR A R4
TIH ARSGRZE IR T TR 172 dric g e
SEN g A M T SHPERERY S, X (1) S
BN A, PR T iR/ ME 2 AT 55 012K bR
B, (4) PRISE T, =2 T AR T 2
HAERIRE, %6 Bin TR XS E N A
AR, #588 Hung 6 A (2018) J7 ¥ T, 91
WEN 0.2, HWEARFM A A, AILTEAL T
ek mvERe, ATLAE Y, 7E(0.001,0. 1) T3k
fafefEn) mloU, [RS8 12007 T, BIAEF, B 4h
T¥ T, A BEE N 0.15,0.20 i1 0.25 BfAY
mloU,>4 7. = 0.20 i, AT LLA R H 1Y mloU,

F6 LEARRMESHT PASCAL VOC 2012
HIEE LS B ERE
Table 6 Segmentation performance on the PASCAL
VOC 2012 dataset under different hyperparameters

HEE
mloU/%
Ay A emi T i
0. 001 25 0. 125 0.2 73.9
0. 001 00 0. 100 0.2 76.3
0. 000 75 0.075 0.2 74.7
0. 001 00 0. 100 0.15 75.6
0. 001 00 0. 100 0.20 76.3
0. 001 00 0. 100 0.25 74.9

(R RY)1 iR S VA O

25 bR i@ 7 Cityscapes BUHEHE F PASCAL

VOC 2012 %l S LR SCIR g KR A SCHE 3 M
25 MU T A T T B A A M B PR Loy
e bR SCHOBOC & 1% A T N8 BUR B AR
8, % PG DX 3ol 2 TR e A 4 o PR A B, AT B
b M U R B B A, I HLx A T R A Ty
JRRAE R B AR RR AR BA A AR RE . e ER
HRf LA DA 5 ATE I — LR FRE GAN
W2 R EE R, JCHIE Sl A Am L B i, %
T GAN 45 R e P i ) S D T 22, %3 U3 — 1k
XEARIRATRE N 1 4R iE WAL, T T GAN [ 28 i
A ISR R 1 EE LRI A B I — A I 2 Rk, AR
THCRTAY I ARG T ARyl LRI R AR 04, I
WA SCTT 15 FU RS AT R B 3, O B e A
Seit i) B R SO R 7 A A AP RE

5 & &

P T R Y GAN HE L2 2 W RS L
B, WO EA MBI AT AR,
DAAT 850 75 P A A EUR )2 43 5 1 225 ) X s 2 (]
5 IR R L U8, TS
ol NS U IO N EGE i 2B B Z R
WKHFOG 2R I 1 4 A 8L 3R R 22 ) s R
PR EERIRE I R RAEE  HUR AE  00 #  2%
HNFH TR —Ak, LAESE GAN eI Zhad f rh i A
EVE AR A AR A L AR GE 9 AU IH — 4045 2 1Y
FEARTTINZ R, X B 7k DL i S0y Jr A1)
TS B 2 B P 2 Lipschitz 29 30, M i 73
GAN XFi A BRI 8h AR 278 KK B Uk, 78
cityscapes il PASCAL VOC 2012 W44 |+, 5
YT B UGS oy B T A5 A L B
R 1 1 2 W B T 2 2T R S0 )5 v
HAWIAERE, S o0, lad S86 & B, e k412 0
BEYNZRAT BT 0 t v2 il b 285 500 1 L B3], % o
T R R FIROR WA B S, &
SyRTAS Y 3 A S 0 I PR T R B A R R AR
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BT SEF RTRTD R RREAR X f A X
AN ZRTT IR A, DR, BV 78 s 25 5580
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