5510 3] BOF % Vol.47 No. 10
2019 4£ 10 A ACTA ELECTRONICA SINICA Oct. 2019

BE R L W 45 1Y R TR S F 250k

FazZ,k =
(VLPFT R ( B T EB5  VLP A 341000)

o OE: BB X EIA T — i B R AN [R5 [l B 3 5 6 A R SR B B, AR BRI E
SCFIRE FHANE. A SRR T USRS o B BB R 58 SR AN 5 32 , A=A BESEAR T IR B A AR 28 W 2% (1) MG 1
Ay EIRBETRY 43 )R TR e DX AR TR | G T A4 R I 5 A T A 3 T 55 B 2% ) B S BB R XX = R TR g T
IZERIIEAT T AR5 F 53T . H4E PASCAL VOC 2012 Bi4E [ —LefQ3 R 35 U B BA i PERE AT T L
BT,

KR RRE X E, WEBFME MY, kX, SFBEMLY; 55 W% >); PASCAL VOC 2012 %k
s

RESES:  TP391 XHAFRIREE: A XEHS: 0372-2112 (2019)10-2211-10

FBF=Z4# URL: http://www. ejournal. org. cn DOI: 10.3969/j. issn. 0372-2112.2019. 10. 024

A Survey of Image Semantic Segmentation Based on Deep Network
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(School of Information Engineering , Jiangxt University of Science and Technology , Ganzhou , Jiangxi 341000, China )

Abstract: TImage semantic segmentation not only predicts different categories in an image , but also orientates different
semantic categories locations, which has important research significance and application value. This paper expounds the latest
research results and methods of image semantic segmentation, and from three perspectives:based candidate region models
based full convolutional network models and based weakly-supervised learning models. The image semantic segmentation
model methods and structure based on deep convolutional neural network are deeply overviewed in this paper. This paper
compares the performance of some representative semantic segmentation algorithms on the PASCAL VOC 2012 dataset.
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BN TRE R AR R AE B A H A 40 (5 R
REfE ar s O B, DL RS B FE 0 N UFE R 1
Jin Xception R 2R T RHWE ERE— PR
SR (ARG B RN B2 IZ RS AUAE PASCAL VOC 2012 %4
AR F R HIMER B2k 3 89. 0% .

2.2.3 ET2ERMNEREMKZENHEEE
TR 25 B 45 1 i — )2 R AR X 1 S0 BB 52

M) , 45 e 2 AR (18 SUAR B S ARZ R i i 3 5 e
B LSS A R T AR TE 4 EIERA . Pohlen &5 A 2 1y
T AT PR R 25 W 4518 ST FIBL Y, o H AR B A AR
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R ZAEAITE PASCAL VOC 2012 %4fs 4 b 1 43 #1 HE 1
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