40 % oM M F 2% 53 B Pl http://www journalme.com Vol. 40 No. 9
2023 4£ 9 A MICROELECTRONICS & COMPUTER September 2023

51 AR O, A REN. REEPRIZ MR OrRIZ0R [T, b 72 5115 L, 2023, 40(9): 55-64. [MA W Q,
SHI J, WU H J. Survey on semantic segmentation using deep convolutional neural networks[J]. Microelectronics & Computer,
2023, 40(9): 55-64.1DOI: 10.19304/J.ISSN1000-7180.2022.0825

EERHZ N EKIE X 7 ElLE ik

ox#t',m L, REA
A FMBHKE B TFERFER ”M[’m L5 71 215009
2 VT SR E T RE N S0, VIR 93 215009)

B AuTRELARHENEARERIESCEMNEAGE D ETEEH S W EE X0 HHARZ R
ATHENAXARGRERA. EXAEY EFEGEEZEURE GBI LEMBA T ERE AT RN E X
AEBER BXADENERGEEREREE NG F LR E X %Mﬁ%{.%ﬁ%%iﬁé/‘é‘ﬁ%wﬁéé@%x&ﬁd
BARMERE ARG Z R NGE-BEEN ZREEFRBE ERRL EEANH HH-RELEES KRB LT
HRI AR R ATREMQT AL ERENDE TR EA LR EEE RS %zﬁﬁﬁﬂ:,m &7
ST 4 AT T W B Pk R DA RO R R B R

SEBRIA): IR 18 U B A 4 TS

FESES: TP391.41 SCERARIRAD: A YEHS: 1000-7180(2023)09-0055-10

Survey on semantic segmentation using deep convolutional
neural networks

MA Wengqi', SHI Jie', WU Hongjie’

(1 Suzhou University of Science and Technology, Suzhou 215009, China;
2 Jiangsu Provincial Key Laboratory of Building Intelligent Energy Conservation,
Suzhou 215009, China)

Abstract: Benefiting from the powerful ability of deep convolutional neural network in feature extraction and semantic
understanding, semantic segmentation technology based on deep neural network has gradually become a hot topic in
computer vision research. Accurate and efficient semantic segmentation techniques are needed in the fields of unmanned
driving, medical images, virtual interaction, augmented reality and so on. Semantic segmentation starts from pixel-level
understanding of the image and assigns a separate category label to each pixel. Aiming at the semantic segmentation
technology based on deep neural network, according to the differences in technical characteristics, the advantages and
disadvantages of existing models are sorted out and analyzed from the aspects of encoder-decoder architecture, multi-scale
target fusion, convolution optimization, attention mechanism, traditional-deep combination, and strategy fusion. The current
mainstream semantic segmentation methods are compared in the experimental results of public datasets. Finally, the current
challenges and future research directions in this field were summarized.
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Tab. 1 Analysis and Summary of Image Semantic Segmentation methods
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Tab. 2 Performance Comparison of Semantic segmentation algorithms
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