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Fully Convolutional Networks for Semantic Segmentation
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U-Net: Convolutional Networks for Biomedical Image Segmentation
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Deeplab v1,2,3,3+

1. atrous convolution(dilated convolution) — v1
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Fig. 3: lllustration of atrous convolution in 2-D. Top row:
sparse feature extraction with standard convolution on a
low resolution input feature map. Bottom row: Dense fea-
ture extraction with atrous convolution with rate » = 2,
applied on a high resolution input feature map.
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Fig. 7: DeepLab-ASPP employs multiple filters with differ-
ent rates to capture objects and context at multiple scales.
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Fig.2. Our proposed DeepLabv3+ extends DeepLabv3 by employing a encoder-
decoder structure. The encoder module encodes multi-scale contextual information by
applying atrous convolution at multiple scales, while the simple yet effective decoder
module refines the segmentation results along object boundaries.
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Method | mIOU
Deep Layer Cascade (LC) [+2] | 82.7
TuSimple [77] 83.1
Large_Kernel _Matters [(()] 83.6
Multipath-RefineNet [7+] 84.2
ResNet-38_ MS_COCO [%7] 81.9
PSPNet [21] 85.4
IDW-CNN [51] 86.3
CASIA_IVASDN (3] 86.6
DIS [57] 86.8
DeepLabv3 2] 85.7
DeepLabv3-JFT [2] 86.9
DeepLabv3+ (Xception) 87.8
DeepLabv3+ (Xception-JFT) 89.0

Table 6. PASCAL VOC 2012 test set results with top-performing models.
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