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Overview of Image Segmentation Methods
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Abstract: In order to understand the current research status in the field of image segmentation, the image segmentation methods
are systematically sorted out. Firstly, traditional image segmentation methods are introduced according to 6 types of methods
based on thresholds, edges, regions, clusters, graph theory, and specific theories. Then the segmentation methods based on deep
learning are introduced, and several commonly used segmentation network models are discussed, including full convolutional net-
work (FCN), pyramid scene parsing network (PSPNet), DeeplLab, and Mask R-CNN. Finally, the performance comparison and
analysis of similar methods are performed on the commonly used datasets for image segmentation.
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Fig. 15 DeepLab-v3 model structure
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3.4 Mask R-CNN

Mask R-CNNP* & He %5 3t T Faster R—-CNNH
P th 0 F T SO B R TR B A R 2% ZE R4 T H ARk
Ay [] Bsf 552 30 v ot £ Y 3 %1 . Mlask R-CNNHEZE 1
& 18, 55 — B Bt , B 5 HH IX S8 iU 2% (region propo-—
sal networks, RPN)M 2 U 45 16 H AR ) 30 FHAE , SR I
X 31 A B A9 Y %F (regions of interest, Rol) ¥E 47
RolAlign™ b2 45 Rol %l 43 A m X m 1) F- X 3885 55 —
B Bt , 5 1000 26 Al BOHE D) AR 55 9147, 3 T ok B
A Rol it —or S HERD (14953 32, AT B I FCN X4

18 S5l 53 I ) Mask R-CNN AHEZE™
Fig. 18 Mask R-CNN framework for

instance segmentation"
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Fig. 20 The effect of deep learning segmentation methods
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Table 2 Performance of different semantic segmentation
methods on PASCAL VOC dataset

X 100% (7)

HF 5 J5 ¥k mloU/%
1 DeepLab-v3+F 89.0
2 Deepl.ab-v3™! 85.7
3 Deepl.ab-v2F! 79.7
4 PSPNet™®” 85.4
5 FCN-8s!* 67.2
6 CRF-RNNF 74.7
7 DPNE 77.5

£33 AEIEX 5 EFHIETE Cityscapes HiF&E L HI1ERE
Table 3 Performance of different semantic segmentation

methods on Cityscapes dataset

HeFP Gin- RS mloU/ %
1 Deeplab-v3-+ 82.1
2 DeepLab-v3F 81.3
3 Deepl.ab-v2P! 70. 4
4 PSPNet™®! 81.2
5 FCN-8sl 65.3
6 CRF-RNNP 62.5
7 DPN® 66.8
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