B2 1
2024 4F 2 H

R T R4l

Journal of Fujian University of Technology

Vol.22 No.1
Feb. 2024

doi:10.3969/j.issn.2097-3853.2024.01.014

M i B9 DDeepLabV3+iE X 4 I ¥ 4&

N

ROH I

(FBEEIKRSF OF A 5HE PR BE 80 350118)

g

WE . 4B MAEBDFRNLR EEEARER 5 EH R0 A 32k —Fr it 69
DDeepLabV3+ M % 5% . & 20, RIVIEE T o & 69 MobileNet 45 #M4E 4 M 4564 B T 30 o, K ) 2544
AR A B N A RO,V T EATR M, HR NSRRI AE 2L S REAZ Bdk b iR )
W& T RANRGZRAGZET K, RE,E6EEAHHIZT ML ASPP &4, 3 R /e BUE 1
PHA R, RGO MALEMERFRZ > L EHEATRT, F LR EZFRY, WEW-FHR
JF I Cityscapes #= Camvid 23 & F 2 R #R A T 2.37%4= 2.13%

K 5455 ;SE 2 & A AUH AL ; DeepLabV3+ M %

FE SRS TP391.41 XHERFRERD . A XEHES . 2097-3853(2024)01-0095-08

Improved DDeepLabV3+ semantic segmentation network

CAI Sijing, WANG Yanyu
(School of Electronics, Electrical and Physics, Fujian University of Technology, Fuzhou 350118, China)

Abstract; Aiming at the problems of too large a number of parameters and insufficient segmentation accuracy
of semantic segmentation network on mobile intelligent terminals, an improved DDeeplLabV3+ network algo-
rithm was proposed. First, the depth-separable MobileNet structure is used as the backbone of the network to
reduce the number of parameters and complexity of the network, thereby effectively reducing the running time.
Secondly, low-level features of the network are introduced to achieve multi-scale information fusion and reduce
the spatial information loss caused by network downsampling. Finally, the network ASPP structure is designed
based on the attention mechanism to enhance the utilization of feature extraction in experiments. The optimized
network structure significantly reduces the calculation time while maintaining high classification accuracy. In
the Cityscapes data set used in the study, the average intersection and union ratio of the network increased by
2.37% , while in the Camvid dataset, the ratio increased by 2.13%.
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Fig.1 Network structure of DeepLabV3+
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Fig.2 Schematic diagram of DW convolution
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Fig.3 Schematic diagram of PW convolution
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Tab.1 Original MobileNetV2 network layer structure
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Fig.4 Network structure of SE attention mechanism
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Fig.5 Network structure of DDeepLabV3+
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Tab.2 Improved MobileNetV2 network layer structure
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Tab.3 Parameter settings
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validation size 1 024x2 048 {52 960x720 15 %

Loss function Cross entropy Cross entropy
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optimizer SGD SGD
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output stride 16 16
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Tab.4 Ablation comparison of different schemes

PR,
K —_ 28 FAE S Wi

H/MB BE/G 3

Base model 7153 5.225 13435 16.07

Base model +SE 71.88 5.233 134.36 15.98
Base model+SE+Low_feature 2 72.58  5.246  134.55 15.69
Base model+SE+ 73.90 3.492 120.18 16.23

Low_feature 2+DDASPP
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Tab.5 IoU results of 19 categories classification on

Cityscape dataset
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AR 71.23 73.99
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Ras 93.85 94.23
TA 77.63 78.87
B 54.03 56.59
TR 93.21 94.06
% 66.97 74.28
AR 77.65 80.30
K 61.09 65.02
EFE4 52.67 57.70
HAT% 71.93 73.69
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Tab.6 Test results of different networks

- T 1oU i
il HT M4 mlo WE/G t/MB i

Enet — 47.46  17.68 0.336 26.32
Cgnet — 51.02  27.73 0.491 21.84
Lednet — 51.30  50.18 2.33 15.62
FCN-8s VGG-16  62.21 2 569.42  30.036 6.08
Bisenet Resnetl8  67.96 104.07 12.796 26.45
Deeplabv3+  Resnetl0l 75.62 633.17 58.753 5.18
DDeepLabV3+ MobilenetV2 73.90 120.18 3.492 16.13
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Fig.6 Segmentation results of Cityscapes dataset
x7T S5WMBFHT R

Tab.7 Comparison with initial plan
HEAY BT M4 SRR mloU TFRIsHEE/G SR/ MB g e
Base model MobilenetV?2 83.94 78.00 44.39 5.225 46.61
DDeepLabV3+ MobilenetV2 86.08 80.13 39.72 3.492 47.24
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53400 44
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Fig.7 Segmentation results of Camvid dataset
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Tab.8 Classification results of 11 categories on
Camvid dataset
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M5 LA L)L % 3L, DDeepLabV3+ X - 22 50 fil A17
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e 5.5 5406 mloU #2Ft 1 2.37% , 1£ Camvid 244 B2+
s 03.64 03.04 T 2.17%, XM, DDeepLabV3+1 14 J 77 15—
FE Y SR BR A, X/ B A i AR o3 0 i B AT
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PR HERA P o o SR B AR ) A 45 A T 22 11
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