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Image semantic segmentation of weakly supervised model with

bounding box annotations data

XU Shukui' , ZHOU Hao®
(1. Mobile Postdoctoral Center, The 28th Research Institute of China Electronic Technology Group Corporation, Nanjing 210007, China;

2. College of Systems Engineering, National University of Defense Technology, Changsha 410073, China)

Abstract: For the pixel level marked data of image segmentation is time consuming and expensive, the image segmentation under the weak

supervised model with bounding box annotations was studied. The high-resolution pixel features were extracted by a pyramid densely sampled fully

convolution network, and then the weakly supervised data by the GrabCut algorithm was transformed. Finally, the image features and the labeled

data were jointly trained. A model of weakly supervised image semantic segmentation based on fully convolution network was constructed and

verified on public data set. Experiments show that the constructed weak supervised model has a better segmentation effect compared with DET3-

Proposed model, expectation-maximization model and Bbox-Seg model.

Keywords : image semantic segmentation; fully convolution network ; weakly supervised model; GrabCut algorithm
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Fig.1 An example graph of the weak data of

bounding box annotations

SYHT SR R, HE O o8 BB R BT 55
Pandey*! 1] i 113 S 300 1o B A o454 S5 1) H AL
(Support Vector Machine, SVM ) #E 223 & {7 H #x
KGR Z AT . Vezhnevets'” 32 538 1o fF 55 &
Tk i AR08 VA5 DX Sl 1 /N A U 18 BR AR SR P
KB AL T 0L 8 &I Ey IR AT R AL (1 W 25
AR ARR S LS Wi . Verbeek 25 5 1o 1] 1t ]
TRZ I B INE R IR % 2 KRR T B
FOF R bR E Y 55 B R GE o g RO
251 I _E 2T ANEMG R IRLE AN 1 R B T
ST RER M FI

W JUAR TR EE SRR 22 I 28 7R R E L)
X GG I 25 D7 T BT B T — o Bk . R
B B T — A UM SO BUZ b 22 45 AR 25
A TR BERN 22 W 2% 45 0, RE A% T A5 3R BT s 1 i
SCA . AR P A B2 R AT B AR
2% 3) 7 3 o B B £ 2 % ( Deep Belief
Network , DBN) £ 8 # 47 KI5 /N T 1 RRAE 42 3
iz FH UG 53 5000 SRR S LT f X S B2 B . X1
S DR 3 AR A BB T, {5 AR 22 1)
ZEXFEMETE o380 BRSO R AT L, 4
Z REEF ARG B2 M T —F ) BHR
o E Y 22 ROE 46 TR 22 ) 2% ( Convolutional
Neural Network, CNN) %1 Arbelaez 25§ 1
— P EETIRE M M4 B T B2 REH S
HEMGIE L3R5, G P o B AR v
REST 2 A B, (A 43R il IR R A G =
[A, 5% B 2 RUBE DX 3 4 P14 43 o Long 261 5
MERERE2IEREZ 2GRN @
SOV R DR S AV R TR E A= & W S U R X
JE 456 1907 24 i 1R R GURAE B2 IR A

CRFasRNN'"" 4 DenseCRF I IF Fift A 4235 5 [0 2%
e, T G T — 2 AL T i X i 1 7 B b ) 2%
( Recurrent Neural Network, RNN) £ 581| Jf-{ifi B -
B R 7 ok 64T, 05— DR il — 2 2k
PRI 55 WE iy R TE o F BT
FUO TN E /L Vezhnevets 2518 5 LT — A4k
PSR ) S0, 45 A5 BLHR LUAS ] ) 75 0%
RUBELR R AT INAL, I 25 5 — A I R L4 P E3U A
TSR NR AT PRAST o Xu 2607006 55 W B 1%
18 TR A AV TE () 2546 AL T HE SR v i) 22
Sfgil g, TN A v 28 AR 5 15 D
X R R IR bR % o B AT S 5
Papandreou 2" 3 2t 4= 45 U 4% 17 45 fiF 42 B
A B f KA TR L I R B 25 5 U T 3L 1Y)
ROR  AHHAE XS G HE AR 1 1Y R TR Lo HIRE R
HJSAEAE — o Y R, %o T 55 M B AR 33, 15
R IRHIESRIBUC A F B, BT A SCTE IR AY (1)
LRl BB R, 78 YRR AR R A Y A
AT 22 RUBE R AR A 2 B, [ R 4 36 AR 0 2%
GG EAR TR L3 B GrabCut FVESS G g
A R 5 53 2 ) HEAR 1

1 EGFHERE

E I s B A U P o e SN o I A
W e PR HAR Oy — 45, T B B = R R
FI, IR AR SCAE R 38 55 M A R R 38 R 2% 45 4
I K IR RO ERZ  IRT & GG oy
F ) ZHERFAEOR oS3 A, A X B A2 Y
WARBERERUZ A AL RAE, Ol th 4R AE B AT
1.1 RRUBLENBERE

DRI G B2 R 25 (R i AR SRR 2 3 B0
PEARFAE IR, ok T 1 PR 50 S0 K L A 22
Ko AT A2 320 KRS BUA AL
o A AN, S B RAAE DA T B R A, IR B REAS
BB A J2 Rt T RE R B AR A 7 B R B H
. B ITEIEE 2 Frs , R s IR AR 1
5 x5, 3 HA — AL T, A% R/
3 %3, Ry 2, M AR 2 Ja B RF Ak TR
N3 X 3 RFIE T HERFEAR T 64% , WP 2 (a)
Bs .

A EM AR I R AP A BT B 2P K 2
SO 1 AR TR A A A AR 4 T A B R/
SRS x5, X R I 4 A 1AL 2 R AR 2 R R
P 3 R /NI B e A8k, el 2 (b) By
o BRSO B RS IR ROR ML Z AR i



o514

TRIN S, 45 0 G ME AR Kt 19 55 B 1A 15 S o331 - 189 -

I 3X3
WK 2

S FIN AL

FRIERE: 5X5
$K:1

(a) RN 2 ALz

(a) Pooling layer with stride is 2

B 3X3
a1

Bkt ik

FHEE]: 5X5
FH: 1

(b) KN 1 MtiL)Z

(b) Pooling layer with stride is 1

B2 R LR X L
Fig.2 Comparison of two pooling layers
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Fig.3 Comparison of two convolution layers
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Fig.4 Pyramid pool model structure
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Fig.6 Flow chart of GrabCut algorithm transformation
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Fig.7  Structure of the proposed model
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Fig.8 Comparison of segmentation result between

the proposed model and Bbox-seg model
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