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Weakly Supervised Image Semantic Segmentation Method Based on Object Location Cues
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Abstract: Deep convolutional neural networks have achieved excellent performance in image semantic segmentation with strong
pixel-level annotations. However, pixel-level annotations are very expensive and time-consuming. To overcome this problem, this study
proposes a new weakly supervised image semantic segmentation method with image-level annotations. The proposed method consists of
three steps: (1) Based on the sharing network for classification and segmentation task, the class-specific attention map is obtained which is
the derivative of the spatial class scores (the class scores of pixels in the two-dimensional image space) with respect to the network feature
maps; (2) Saliency map is gotten by successive erasing method, which is used to supplement the object localization information missing
by attention maps; (3) Attention map is combined with saliency map to generate pseudo pixel-level annotations and train the segmentation

« JEETUH: K HRE R4 (61671188, 61571164); [H 5 T S Ak %1 (2016 YFC0901902)
Foundation item: National Natural Science Foundation of China (61671188, 61571164); National Key Research and Development
Program of China (2016 YFC0901902)
ORI ) 2018-04-28; 15 X5 I W): 2018-11-06; % HH I 1] 2019-02-28; jos 7 £& Hi R I 7] : 2019-08-09
CNKI M £8 4156 H i 2019-08-12 12:08:06, http://kns.cnki.net/kcms/detail/11.2560.TP.20190812.1207.006.html

© TEBREEEEIEDT  htp/ www. jos. org. cn



0 R T RE B KR 655 B EBRE LS 5k 3641

network. A series of comparative experiments demonstrate the effectiveness and better segmentation performance of the proposed method
on the challenging PASCAL VOC 2012 image segmentation dataset.
Key words: image semantic segmentation; weakly supervised; deep convolutional neural networks; attention map; saliency map
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28 B 2 B B0 2 (L)), 85 BE HLER B T B 5597 (stochastic gradient descent, fii #% SGD)L 4k 43 %1 9 4% (1) 2 %4

7 1 ] = .
[ . ¥ ﬁ
MR |

Che BEE) || posns s ¢ -8

BE iR

P 4 A I @

DONNS D
' C WHSN (REfgEE) 0
Fig.1 Pipeline for weakly supervised image semantic segmentation
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SR 2K ) FRIE 2 7 VL 9 ELAR e R ) 2K 90 0 29 PR AR I 78 1 ) 3R A1 485 T DCSM 76 46 24 5% )
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Fig.2 Procedure of obtaining attention map (AM)
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FUAT T SUHS AR ). 2 J 35 nF R ) v 2728 i 3 8 ) A A AT AS ARSI £ A P 1 22 A X % Ol T A

EiNOETBaN
B 1 BIREERAEE
N BE X, B thresholdy(te{1,2,3}), Hi 4414 RGBmean.
R ERE S
1: Initialize S=zeros(WxH) //Hr WxH & K& X i R
2:  For erasing number te{1,2,3} do
3 Putting image X into saliency network SD;
4: Obtaining saliency map S;
5: Ift=1
6 S=§;
7 Else For each pixel j
8 S =max(S’,s})
9: End If
10:  X®=X(Index(S;=threshold))=RGBean
IR % X I 5532 X 38k, H A Index (S =threshold) 78 S; A7k T-4% T threshold, 1% =47 B R 5IMH
11: X=X*
12: End For
I 3 7, 38 UHE G VE W] LA I 4 5 22 (R % 4. 5 AE(adversarial erasing) /5 P24 L, 3% UCHE IR I8 0045 AN
T E G LT, Re i SREEMG 3 2 X R4 B A B
7Esu o AR A T WSS(weakly supervised saliency)?”), DHSN(deep hierarchical saliency network)2p
AT AR Sy HE Al 53 G M Y SD(saliency detector). WSS 77 v T K% % kR v VIl 2k 5 35 M 4%, DHSN 75 %
5 FH S B A8 SO BRI bR v VI I 2 25 AR 0 ) 25

5,

Fig.3 Procedure of the successive erasing method
3 BIRIEBRIE LR
24 METENBESRERENMGERRT
T 28 B 31, 50 B AT LA A T SO AR I 2 R G ) A7 A B (E R I AR R A vt 26
X G s FAT )l P D DXl S 2 P v P AR 500 5 (EL I AN AT AR A 045 JEL 3K 1 b 2 R 9 AN A2 DL B A
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OB ARTE RN 43 30 P 2% DR e B AT 48t T sl SR0vk (B 2) % T MG i Bk o S v SR AN 2000
HAOE A EBEE S IIE M, XRE AT BUR 787 2 07 B B gl U 20 o0 R IX I8 2 Jn B ¥ 58 1 5 BE
T, CEB b, T, =0.2)KME — MAME R YARVE TS5 M BRI Mo 5 M, SRS (R ZhRTE M.
k2 maHk
NG X IO bR%E ZER TSRS A={Ad VeeZ B ¥ K ST RBMET,
i AR R AR M.
1: Initialize M=zeros(WxH) //H:H WxH 1% X 1R
2:  Initialize Meg=zeros(WxH,|Z[), M = zeros(W x H)
3:  For each semantic label ceZ do
4 For each pixel p in image X
5: M, (p,c) = mean(A?,S")
6 End for
7: End for
8: For each pixel p in image X do
9: Max(p)=max(Mg,(p,c),axis=2)
10: End for
11: For each pixel p in image X do
12: If M. (p)<T, then M_(p)=1 /IbriET55
13: End if
14: End for
15: Concatenate M, =[M,M ] /& IR 5575
16: For each pixel p in image X do
17: M(p)=argmaxMay(p)
18: End for
B M B ERRE M ARG R R TR IR0 3 0 2%, R R B0 A (1) 70 B R 2% L 17 T 3R
TR PR AR B J A5 A R4 Jm - B A 2 AR RIS 2 AN R Z R IR 32 73 28 )2 (softmax J2).
25 EBRFHHEIGRESBIER

Eh T 43 1 9 % R A7 AR 22 2 I A0S B, DAL 0L 0 25 1 4 SR i HE RO BE Iz /N T R 4 BB ) ROBE, DA & T AN e AR i ¢
O3 E O G F BR. R T AR LI A ) R FRATTR H A I B A B AL 3% 5 2 (dense  conditional random fields, f&
dense CRF)M8MJL 4k 43 % 45 FL. 15 X (ARG 20 24— AN 15 2 AE AN 5055 LA Y 2 1) AR B2 10, 8 4
BRFEIN Y MEER RN
E(Y) =Y 80+ X oy Vs Yir) (6)
b g(yn) RN A n GRS ELE SR I A T I0 w(Yn, Yo ) A T3 B ER F T 28 S0 AH A8 9 MR 28 108 UhR2E
B —BUASE X d(ya=c)=—log(P(ya=c|X; 9)), Il it ik 7| W 45 T 51 2 1) 56 n MR E RIS c(ceC)H)
3T dense CRF BRI yr(yn,yi) =20 (Vo Yo K (FnFo ) 2L 1, 20 (Vi Y 2R AN A A4 36 2 T b (10 e 2 2 Sk

L iy, =Y,
;u(yn’yn’) _{0, OtherWise (7)
BEAN k(o fo) 52 FTRZ R R0 5 F0 20 000 1R 3R n B ' IR AIE, 3R h
1SSy | 1T, =Ty | 1S, =Sy |
k(f. f.,)= _I'~n nl_1'n n _I'~n n 8
( n’ n) Wlexp( 2}/5 2}/; J+erxp[ 2}/; ] ( )
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P Wy, 0 5 Wa, s AR 2 50 MO dense CRF 2450 B 5 118wy, Wy, 1, 75, 753 328 I A48 R 5 AR (grid search) i
A (258 P wi=w,=1,,=30,75=10,75=3) K(fo, fr) I 2 1 MZ BB TR R AL B CGRIR A Sp) MBUE IR (RIR A
To) T4 2 AN BRI T 1% 25 10 67 B 4% 1E. Krahenbuhl 25 NPT 1R B & 5 B0 (4 20(6))) I AT (LA HE FE.
BT 0 A T S A B LA AR L I O Ak, 4380 45 S v DL 2 i DG P50 %o 5 14 %6 .

3 LWERKEASN

N T BAUEAS SO 7 i RS 3RAT HLAF (170 B 45 R AT E PASCAL VOC Hdlafle EREAT T R AR UEATRS
PESCEG. 28 3.0 W VRN Rl T S0 & Al i LS 3.2 W~ 3.5 WAt A SO R U i 2 B SR

31 LWigE

o Hdhi4E

kT W AE A SC TR 5 A A AT SR T PASCAL VOC 201291 #1404 4 4 045 20 AN FT 5onf %2531
FI—AT5 52 LR - BB A 1 464 MR VIZEENE . 1 449 IELGE EIME A 1 456 TR G S A
J7 IR 84 01622 R S i T N R B dim AR 010 582 1 P 152 5 b VR RIS LE S 23 A B AiE 4 S 4
AT AR S5 V() S 06 45 R34 5 W sk B 77 PASCAL VOC FE4E (19 P4 e 25 5 3 X

o MR

AT T S FIFRUERE S ———F33 loU(mean intersection over union)k i & 73 #2504 SRR B 5 1) loU

GT N PS

“GTUPS
b, GT by R 1 30592 43 %10, PS Jhy BElAZ AR 000 43 . 52 36 o 155 21 ANZRAI 172 1oU i

o IHZRLEH

(1) EEEM L

A SCAR ] WSS DHSNIE: g G 25 [ I 4%, 5730 ek 3% 1 452 5k 0 e e B 4% mp A AE 1K 22 AR 3 A
B VGG-1611E g LRk 0 2% &5 K AE 3 U i P AR SO A KT 0.7 HO5 28 X ke 2

(2) TR 7 B SRE A 4% 5 43 ] 4 4%

KT VGG_16_LargeFOV((large field of view) VR R iy it vi: 5 g B 3R HXM % 15 20 50 2% Ol T 3R 0T 5
D7 B A SCHE 43 8 W 4% 1) B JE B BRUZAMB I T — AN G FUZ (i H 2 20 AN, 5 B K /N A 1x1x20). B #5 J/ A
B BUZ AN, AT R AE ImageNetPI80 4 45 1 I 25 47 (1 5 Bk 91 06 Ak B 8 5 U 5 )2 2 B 1E K 2 A
(N(0,0.01))BE HLHI LA 4L, B N BB B BENLE) 43 by 321x321 R 5t J5 0 4 i 11 20 A 41x41 R (#1431 &),

o M%K%

g T BRI 7 ) B AR SO %5 PASCAL VOC 2012 YIZ54E, 55 T2 K81 5k s B (A 3X(2)) 5 mini-batch BEAL
BE R (R (SGD)HIE 21 Lk M4 HIah2: S)4 0.001,FF485 2 000 RIEAR, 24 SR FAL 10 5. 40, % E
dropout Z ) drop_rate=0.5, % momentum=0.9, KLl TE Uk 2 0.0005.3F 43 24T 45, B WS & T B 59 7 B AR
10K ¥, I FLAE YA S N 99 285 Hp (K MR AN 0k 308 B IR 58 2 S WRAIE 58 2.2 715 T4t ik 1) 7 72 3R H g i ]
B R T B R 5 2 A O B B AR R A DR b R Gy R M 2 L SR = ST R B K
AR 2 90k 25 1t 52 5 0 AT 45 A [0 3 ) I 4% (1 DI 2R3 AR IR Bk 8 000 K.

F T SR HUE 3 7 B B 5 1 BT 55 (0 W 28 I s 1) 43 I 49 % 16h i 10N SEBG G ) 12GB BA7 )
NVIDIA GeForce TITIAN X i1 1) SE G TEIR B 22 3] caffe HESE N 58 k.

32 EBENERMERFENARIE

EANHE 2.2 35 Pk A Sy U Az A 2045 SRR 5 ) 18 T 26 5 0 B m] LA Ot b 3 &G b AN T
SRR B AL B AT T XA v DCSMUISU vk (33 3 B (it v A SE B0 B 4 41 th=

C

lo

)
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{0.2,0.3,0.4,0.53}. th = ) B B A 205 B0 290 ¢ i = 0 B R WA & n BE KT ET th WARE
AR I ¢ 5 W 5L E M IR LR bR 5 B SR AR 1oV 3B 51, 9 5T 20 AN 138
loU {8 (1% 1 JIT 7%, K il PASCAL VOC Il 24 5 4i%). % 1 1, DCSM J5 3 (58 2 41) (¥ 45 J2 45 4 il Shimoda % A 1]
PR AL IACRS, IF B 1 A 45 %A M dense CRF Ja £E0 Ak P2 38 i 26 1 7T LA B, AS SO 07 vk A4
BRI T 0 AR T A B B2 T T A B D 45 3R AR VE AR 22 L DCSM J7 v 1) 45 A s I AERfI (3R 1 b 28 3 B A
ST A ).

Table 1 Mean loU value (%) of pseudo pixel-level annotations generated by attention maps on

21 categories, under different foreground thresholds
F 1 ZAREEBCE T AR R 7 B AR O R 2 bR 20 A 2800 B33 1oU 1 (%)

Bl DCSMI®] AT
0.2 33.64 38.66
0.3 36.01 41.78
0.4 36.48 42.25
0.5 35.40 40.61

N T HE PR B R B AT AR Ja SR 1K 7 Bt SR AT AR B3 2 AN SR AR i RO B LR
P23 FIE5 R I HAF 52 10U R IR R0 B i de 16 10 S A0 SRO0A5 R Be Ak, O 17 96 TE 28 R B Bk i v A
Rt PR P A7 AR IR 22 A B, AR ST LA T AN [l 8 R O D11 0 35 P 5 0 o 0 PR Rl o 159 20 1) D 45 3 b
TERHERPE. R 2 FI T L S8 (K0 B4 2R

Table 2 Validation results of attention map and pseudo pixel-level annotations

=2 RSO B R BRI KRR 45

Jiik -2 10U(%)

AM 40.53
wsst s, AM 47.33
wsst s, AM 48.05
wsst? s, AM 45.97
DHSN®ZT s, AM 53.11
DHSN®! s, AM 55.14
DHSN! s, AM 55.20

# 2 X PASCAL VOC 2012 ¥4 . PASCAL VOC %4 1 H AL T 56 1F 48 B VA S T bR 255, IR L 26 2 ) sk
B WA P 4% 19 2 IR S5 K 28 i 7 0 B 0 FLIE I 513 2 ZE P % 2R 28 N 2 T LA HY AR SO 4R e PR 7
77 B SR 5 v mT LA HE At 24 1t PR AR bkt 5 0 47 A R 9 FL AT DL oy PR O [ 2 B (K % (R 2,05 14k
“AM?). 7] I, SR FH 328 VR 458 v PR S 35 PR 15 0 s g PRl £, T L ol 0K 60 10 O 15 38 b v WSSy vk o
TS Gobr 2 U i A 70 DHSNPZBIIE 6.2 5 (class-agnosti c) [ 1 5 A v 111 5 4o 28 100 46 33 T AN RT3 5 v PR 44 11
TS0 5, AN AT AT T8 SUA JE TR LA 280 S 0 i 3 0 T S 8 2 Pl A, T DA v D 15 3% A 1) 1 1
PEAE RS WSS 7 vE R0 2 35 B 5 0 8 R R O (R 2,77 15 WSSEET_S, AM™) A F- 1) loU fEAR 5 T 7 AN
G 1T B A R R R VR A R T Bk B T R ARG 2 i S O DX A B T DA W B 2 (6 B, AT T
18 FhRTE I AERPE

M 2 T LA WSS 5V I8 U IR AR SR S, 205, 12 10U 11 5 15 (48.05%, % 2, )5 “WSSE_s,
AM?Y; T Bt 35 48 5 R S 38 0, F6F 45 10U (A BT 1 B (45.97%, 2% 2, J77:“WSSIZ Sy AM™).3x i3 Wi ik £ v 1 4
o A 15 75 5% PGl G DU, 300 AT BRI T VA 13 . DHSINL 5 i #E 3R B S5 2 )5, T34 10U i34 3 55.20%, H ELIREL S,
(172 ToU {2 0.06 /> 77 43 s AT 358 B 4l 25 P S, 0 R 0 81 B A5 v A7 1R R0 4 i SR Xt .

B4 5T BRI T Bk 7 R SR 43 ) 4

Bl 5 JE 7R T WSS J7 12 DHSN 72 28 02 AN ] D CBOHE % i R I 25 10, TT DU 380 I ok v mT A
(REETHINEIEA B SUE
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SS_S_AM WSS S; AM O OWSS_S,_AM DHSN S, AM DHSN_S._AM  DHSN S, AM AM
Fig.4 Visual segmentation results of the attention map and pseudo pixel-level annotations
Kl4 R l&fﬁf%%?’m? AT A 23 45 2R

Image WSS S, WES_S, WSS_S; DHSN_8, DHSN_S; DHSN_S,

Fig.5 Saliency maps obtained by successive erasing method based on WSS and DHSN saliency network
K5 JET WSS Hl DHSN i % b 44 F) 328 JCHR R T 4R M) . 25 P
33 2EBRFZHMENBRULBERE
T IR AR Z5 AR B AL A T LAA 2t 0 28] P A50) ¢ 10 0 JE6 AT 4 170 3 AR T 4 AR DS B 0 28 3.2 4
(fy s 56 45 SR ik dense CRF BN HE— k.55 2.5 1445 HH T dense CRF U TVESNHiik, B 1755 3.2 1 (155

£EIRRE T MR ZHIFRZE (label(yy)), M AERANME 28 T 21 A8 SCS T I HE SR DR H A 5 3645 4 2X(6) i 5 —
T (yn) 5K

A, if c =label(y,)
#(y, =c)=y(0-A)/|Z|, ifc=label(y,)and ce{Z,c,} (10)
0, otherwise

i, 1€(0.5,1), %78 yo=c FIMEZR. 5286 A1 € 1={0.7,0.8,0.9,0.98}.3% 3 44 TEEARFMERTEN T dense
CRF AL 43 H1 45 3L

M 30T LG H B A ARG I, X A 7R 018 10U (E 34 5 b T34 It U B > B 38 n ik, FRATT 45 Tl it
Rl 2 B S, 5 BT A B B AR 3R b B AR T, NIl I dense CRF 4k 75 38 58 A 1 43 T &5
BT )7 95 “DHSNI_S, AM”,*41={0.7,0.8,0.9} i, 2134 1oU i34/ T 54T A dense CRF 4t fkist 72 11 4> 1
S5 5L RER L 2 2=0.7 B, 3P 10U {B ok 51.45%, LG dense CRF fiAbid FEAY 55.14% /NI 4 AN F 4 0510 24
2=0.98 I, H o3 H 45 R A T $2 T (56.03%). X 13 I 5 T DHSN A5 Y (1388 IR B B v e il 500k 2 SREUII D 15 3%
PR LR VR, 75 B AE dense CRF AR AL v 45 545 vy 1) BA5 B (BB T2 bR 25 MR 0 i) A e 78 0 R 4% dense

© hFFeE

http:// Www. jos. org. cn




3650 Journal of Software 334k \Vol.31, No.11, November 2020

CRF BRI G5 35 5 TH o0 FIMERF 22 A DL 5. 25 LT ik dense CRF AL mJ LA A HOHLRE 4 23 T 45 5L, S0 v
> o SR 3 6 JEoR T 244={0.7,0.98}i, )5 i%:“WSSET_S, AM” 5 “DHSNP?8_S, AM”iiiid dense
CRF AL 73 #1145 R

Table 3 Segmentation results based on different A values

&3 FETAFAMER > HFIG R

Jith Dense CRF SEJ 10U(%)

x 4733

2=0.7 47.47

wssi1 s, AM 2=0.8 48.08
2=0.9 48.63

2=0.98 48.64

x 55.14

2=0.7 51.45

DHSNPE S5, AM 1=0.8 52.65
2=0.9 54.11

2=0.98 56.03

Image WSS S; AM_ W55 S, AM_ DHSN_S. AM DHSN_S;_AM Grownd_Trath
CRF_=0.7 CRF =095 _CRF ;~0.7 _CRF ;=0.98

Fig.6 Comparison of visual segmentation results based on different 1 values
Bl 6 kT AN R A AT R AL 23 10 45 Rox b

3.4 HEIMLE

IR S B UG UE T BRI Ph AR 3R BRI S 4 19 4 B A R AR 2R v SRR B T 51543 R 4%
IR R AT LI LU ER 17 20 302 T WSS 15 DHSN A5 B I 14 S 25 P 5 3 5 el il 15 A D AR 38 AR (WSS _
AM,DHSN_AM), -1 5 43 #1 P 2% (DeepLab) ¥ [§145 7> #1145 3K 4 45 11 T 78 PASCAL VOC 2012 %4l F s
S i e Fork 38 3 SRR T VI SRAEI B 1R 2 AR 5 2006 R 3 bk 1T 48 10U 8L, TR0 D 0 3bs v 0t
55 4 BN 7 B W 46 2 S5 AR R E S ) 2 F 4R

Table 4 Performance comparison of segmentation network trained by pseudo pixel-level annotations

based on different saliency maps
Fa BT AN 2 B AR B D 1B 3= bR BT R 23 ) 00 20 M B 1) LA

i i BEH WIZRAE 9134 10U (%) BAELE 2 10U (%)

S; 47.26 48.50

WSS_AM_DeepLab Sz 48.80 53.30
S3 47.82 50.21

S; 49.77 53.39

DHSN_AM_DeepLab Sz 53.14 54.88
S3 53.48 54.87

AM_DeepLab x 42.25 41.39
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NS 56 48 T ] LU OO i T A A 45 28 v I N 5 0 1 I 6t AR i A 40 T v e 1 e K e T
(3 4 )7 1:“AM_DeepLab”). ifi 18 i3 il 7 2 35 5 1 7 g Pl A 1 DA 15 38 b S N A, AT S 20 51 ) 4% 2 1%
THEAME R SEMESHF IR AR 4 TLUGE H BAF R o# 45 Rk ) 54.88%, Lt 5 1K 1) 4 F) 45 1
41.39%42 Tt T 13.5 /N 40 s I FE SR 4 R AT A HE T AN ) 488 Bk IR B0 SRER ) 2 35 JE1 5 T e s 20 1 45 R
MK 4,505 2 51). T35 1oU ka3 Ll DUFR H 2 B35 KR S, B (B2 BR P9 7X),WSS_AM_DeepLab 1 DHSN_
AM_DeepLab 43575 B AL i 23 H1 350 5 (4 1) & 53.399%,54.88%). X AN 4516 55 2 2 BT 2 Wk 0 52 56 19 v 5 A A [+
7R T BRI T B L S s R 1 8 o BB R s 4y

Image AM_Deeplab WSS_5; DHSN_S;
_AM_Deeplab _AM_Deeplab

CGround_Truth

Fig.7 Comparison of segmentation results by using different methods to
obtain the pseudo pixel-level annotations
7 AN T 0304 Dy A5 3 PObRvE ) B 45 R0 EE
35 S55HMBERGSEFEMILE

AT BT A S 5 5 HoAh 55 Wi B 7 i AE PASCAL VOC 2012 3641k 45 5 It 45 B (0 LA 45 21 (3% 5).
M5 TT LU 4R ) DHSNE 1y 58 3 P i, A SC BT 4R 5 A8 B0AiE SR AR SE 14393 3115 54.9%,55.3% 1)1 3%
loU {f, 2L 1 45 S 32 1] AR T B AE-PSLILY SRty Il 75 i 55 AE-PSL J5 VA AR L, AT 25 B R B T 0.1
5504 NI fAH SR AE-PSLIPZ1 )53 55 SR A YR SRION G247 B A L 2 I M 5k TR 450 T 2 I S 20 X 4% L3 AR
WECTC VA 5 T HL 20 2190 248 5 43 0 1) 444 2 P A B0 ST B9 T 4% T AR S0 ¥ G 7 T R DI 4 S PR Y B PRI T
IR YINZRINT 1], I FL43 24 0 45 15 53360 I 4% 3 52 00 4% 56 g (W ABE R )1 B ) R B0 AE-PSLIPZU ) vk i 64K 3
YR ZRor J M 45, L VGG-16 10 %% 25 44 by 2 i, L 43 28 ) 4 (1 I 2 isf IR 2 24 16hx3=48h(GPU T :NVIDIA
GeForce TITIAN X), L4531 2% 1) 1 Zi 6] (6] £ 2 10h, S 324 % 58h. ifij A% 32 5 5 25 1R R 200 11 5 I 1) 24
16h+10h=26h. (11t T W, 2% 52 77 vk AR R I 50 0 1) 22 b AE-PSLIPAT7 VL AR 7 it 1)) 24 5% F WSS &
2 B AR SO VA “WSS_S, AM_Deeplab”tt AE-PSL L RBET 1.7 AHE A R Z T REIER L LR
SR G G b, i AE-PSL 75325 4 T £ 458 325 1l S 00 95 S8 B RS s 0 W7 5 s b, — S5tk b 34 1 T B
2 MRV I Al A B B 0 MILBAL SN B4 £ ) MCGI Y 7= A 5 52 23 S i e 4, T4 T2 i 45 3R
AugFeed-SSPY1f ] selective search®SV5k IS %2 1 43 %1 46k 1% 45 ; STCU Mg 451 4 114 161 45 545 42 (50K flickr) 5
PASCAL VOC #4812 L [F) 11 25 53 %0 90 45 . TR wbbs vT LA ad B, A S 7 25 300 3 e 1] B 1) T S HE 4845 38 B8 0 119 ) 25 2L

T AN, NS0 25 T LS L IRATT IR 5 2 “DHSN_S, AM_CRF(A=0.98)" 7t ¥ iF 4 1 15 31 f5: 4 1) 23 %0 45 1R
(56.0%), {H /& 7EMRLE 1, L7349 10U {H R B T U0 7 AN B 43 230 DR A 7 SRR 30 7 Pl INH A FH 77 56 0F 42 1% 288 331
o 25, BT I i b 4 H P45 25 00 1 1 2 PR AT e S 5 PR SR O 4% A T T R R A S b AR 1 2 A b 25
S AN ) DR 0 1 2 T S I S 19 8 ) ) VR A5 1) I ), R A X A S S A i T 7 WA L 40 S Y 4 A7 A
PR ZEH BT DA 23 B AE 1 1 B2 B 5 1 “DHSN_S,  AM_DeepLab” [ AR 22 .33 [a] i 17 32 b 18 B D1 540 81 I 2% (4
A W K 43 2 N 4% AN BE S AR 4 5 TH 20 1 v At 2R (. DCSMUSH I 3 43 25 I 2% 3R T R h I O
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dense CRF {04473 %1 45 2 L 43 FIHERA % 45.1% 0] BAR T A SR 7.
Table 5 Weakly supervised semantic segmentation results on validation and test images

RS AR LA BB £ b0 g5 I SO g R

i S 1oU(51F) (%) P34 10U (I1R) (%)
EM-Adapt™” 38.2 39.6
LCEM-Fixed-2-Hyb!*¥! 45.4 46.0
CCNNM! 36.3 35.6
MILP 42.0 40.6
SN_BEY 41.9 43.2
SECI® 50.7 51.7
sTck 49.8 51.2
Combining Cues!®® 52.8 53.7
DCsM! 44.1 45.1
AugFeed-sst®4 52.6 52.7
Two-phase!**! 53.1 53.8
AE-PSL? 55.0 55.7
Build on FG/BG!*! 46.6 48.0
DHSN_S;_ AM_CRF(4=0.98) (ours) 56.0 49.7
WSS_S,_AM_DeepLab (ours) 53.3 53.9
DHSN_S, AM_DeepLab (ours) 54.9 55.3

26 51 5 4 MR 2 W B 40 0 0 5 10 b A 45 L DeepLab P () Il 2545 Hh 45 10 582 i K 151 1% 3% %
9 R % R 3 10U {1 7E 65% L4 | .Bbox-EM-Fixed™® 5 BoxSupB 5 v:#41{& 1) T bounding box 7 i M
HE A7 B S 47, B4R bounding box Az AN BEFE AN G R0 3R 15 5, 15 A S0 AR K b B AR T 15 284 1) Nl 5 e
JEE DR H T LKA P 3K 2R 10 7 300 A - I 7 9k T L3 AN 7 v K1 44 10U #1482 185 ScribbleSupt®3 75 12: 1

SRR TR A B B PR A5 3R b i FL s S A T R 3 A i 389 B AR ST 1k A X 1 AN AS AR b ok 2
SIRERL ) S O T I AN 1R, B8 O & A e S B A7 280 6 A AT B e A, T RO AR 2 TR AR — S K 2
DT S By A B8040 41 O A5 3R b v A A H e A 4 1 20 AT 95 A7 76— 10 By AN A2 S50 AT LUt A S 4
J7 105 FoAb 5 AR L AR AT EHGR GObR T A7 98 B AT ARG K 23 S e A SCT7 90 AR A B B el 4 B
T3 T2 10U B e, (EURE 75 58 B A BEE R 5 TE T 0 BIRBCR 10 R I R 4 T P I 22 .

Table 6 Comparison results with fully supervised and semi supervised approaches

on PASCAL VOC 2012 segmentation dataset
£6 HAeWE. U I PASCAL VOC 2012 45 B % 4 L () i &5 5

ik P 10U B0 iE 4L &I 4R 7y K bs i 2
DeepLab™ 67.6% & 70.3% A B 45
Bbox-EM-Fixed! 64.8% & 69.0% 2 s B 4k, bounding box #77E
ScribbleSupt™! 71.3% & 73.1% scribble #5iE
What’s the point™* 42.7% & 43.6% 5 (point) k311
BoxSup*! 62.0% & 64.2% bounding box 5 {E:
TransferNet*®! 52.1% & 51.2% MSCOCO %i#is $E 148 F ik
DHSNet_S, AM_CRF (1=0.98) (ours) 56.0% & 49.7% g
WSS_S, AM_DeepLab (ours) 53.3% & 53.9% 99 I
DHSN_S, AM_DeepLab (ours) 54.9% & 55.3% g9 B

PEAN 3R 7 B T AT VELE PASCAL VOC 2012 564 2 R AE & b 20 AN S HITEAN 1 20 1 45 5 P 4381
B4 5 NS “car. bird. cat. bus. airplane”. ] LA H,iX 5 AN, “bus” Fl“airplane” 8 & 7 95 EIE 1)
KA X3, I BT 5 LU 1) 5, 40 R e — B [ 5 R TR 2 0 “car™ 5 “ird™ BLAR AN 2% o 915 LG 00 K38 49 IX 88K,
BRI B 7 SR B — Bl 30 . A BR B RSk KT B2 Ak, 28 “cat” BAR W BN 97 5 LA 2 R E AL,
{2 5T 5 IX 43 B3 i, DR b 43 B4 DR 25 5 o3 B R 22 1) 5 A28 000 9 “chair, diningtable. sofa. plant.
bike”. 2 5l “bike” 5 “chair” # L A 15 & 2% (1 58 B8R, A A [l 2 (19 JEAR ;1M “diningtable” i & 55 “chair” [ i tH 3K,
288 4 LK “chair” 2y %) 24 “diningtable” ff) 15 i ; 25 51 “sofa” il 5 75 5 10 X 2 BE B, BB IR 32 55 e 52 2%, T
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) “plant’ -4 5 i X SN, 5 0 BB AE A1 v I HLAR B3 52 2%, DALt [ A AN 2 2 A 7 1 oK.
Table 7 Our segmentation results for each class on validation and test sets
RT A EAERAUEM I IR EEE RS 17 B 45 R
WSS_S; AM_DeepLab DHSN_S, AM_DeepLab WSS_S, AM_DeepLab DHSN_S, AM_DeepLab

R o 4(%) 3 1 55(%) B AE(%) W4 (%)
background 85.0 86.8 85.8 87.2
airplane 69.0 73.7 68.7 74.3
bike 255 26.3 28.9 30.9
bird 67.9 67.6 67.6 71.2
boat 49.6 57.2 39.3 44.8
bottle 62.1 65.9 57.5 61.6
bus 72.9 73.6 70.5 72.2
car 61.3 66.6 61.4 64.1
cat 70.6 70.9 66.5 70.5
chair 18.2 13.5 21.2 16.7
cow 57.4 63.4 57.2 58.2
diningtable 321 14.9 345 22.8
dog 60.4 63.2 65.0 67.1
horse 57.4 59.3 59.7 59.2
motorbike 60.9 63.3 67.4 68.6
person 45.1 59.2 47.3 60.0
plant 30.5 34.0 395 37.4
sheep 65.7 65.0 65.9 68.7
sofa 29.0 20.5 34.7 221
train 59.4 59.3 52.3 57.1
tv/monitor 39.8 48.1 41.9 46.2
Average 53.3 54.9 53.9 55.3

K 8 JEIR T A ST I 1 o B 4 1 Fe AT 1] LLE )7 15 “DHSN_S, AM_Deeplab” [t 43 %1 45 S e i vk

Wss & DHSN S, .
T : 2 T
L AM_Deeplab _AM_Deeplap Cround Trih "pe AN Dieeplab AN Dheepllab

W55 5 DHSN 51 conand Truth

Fig.8 Visual segmentation results of the proposed methods on PASCAL VOC 2012 validation set
K8 ASCJ7iATE PASCAL VOC 2012 %iiF 4 il WAk 4 i 45
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4 HRE

ARSCHR b3 T AR G b T 425 B 2 3R 10 55 B PR AR 00 B vk AR SOR T 90 2R 5 2 B2 K
R 28 94 206 2 b HAT SR04 JEL RO R0 R e e T B 0 2 9 X 55 160 ) P DX . [ I, AR SR 38 U 5 B
RARIC 2 B T R T P 2R R IR B T A SR AN T i i 5 3 P A S A i B 18 3 e I I
G ) 5 AR e S T LA A R R B A P T At v O 1 R bR B R, O LR £ T
T B TERE ML /2 PASCAL VOC 2012 #¥i#ladk b5 H AT Gk 10 75 EE AT — R 41 o0 LS 36 55 23
AT, BATT B AR SCTH 18 75 325 B AT B 1) 2 R E if o

55 W B PR 5 SC 40 ) LA AR B (1 7 P T 5% A S 1) T M e e g LR St 5 Rl bt — 2 o i 7 B ot
P IR S AR 25 vl A2 3 H B 2 (R0 G v SUA 6Lt — 2D vk SR 2 O 2l - B 2 R . B 1%
B UK.
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