Graph Neural Blocks on Segmentation
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Semantic Segmentation is one of the key steps in Graph convolutional network, creating and deleting
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Table: Loss of spatial precision, generally displayed on the
segmented objects’ boundaries (1) (1) (1) (1) (1) (1) /
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Quantitative Results Qualitative Results

Table: loU results on Cityscapes validation set for semantic segmentation, using 11 classes and with resize of 384 x 768. Table: Comparison results on validation set from Cityscape dataset.
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Model O O O O O O O O O mIoU
ParseNet 00.76 8520 92.01 6349 3900 8821 4682 8920 6190 6391 6273 | 71.20
ESPNet 0179 86.36 0573 71.84 4852 8844 4906 87.29 5460 61.83 5751 | 72.09
FC-DenseNet67 0210 8677 96.60 7540 4155 8807 5292 87.00 6380 6048 52092 | 7254
BiSeNet 01.64 87.42 06.48 7541 4405 89.07 3950 89.34 58.63 66.81 63.08 | 72.86
ENet 01.63 87.48 06.44 7534 4844 8923 4314 8924 56.04 6513 6370 | 73.26
ICNet 0203 8844 9661 77.22 4250 8946 4827 0074 5871 66.18 6628 | 74.23
DeepLab v3 0282 89.02 9674 7813 41.00 9081 4974 91.02 6448 6652 6698 | 7521
PSPNet 01.04 8993 0694 7837 5364 90.10 4347 0212 6440 7071 7094 | 76.61
DANet 0225 90.26 97.26 7995 5133 90.60 4520 9250 66.38 71.47 T71.25 (7.13
AdapNet+-+ 03.0/ 89.46 97.06 80.03 4946 90.58 5210 9222 66.26 7288 70.62 77.01
CCNet 90.97 89.01 9659 77736 4249 9136 5824 9122 771.18 7480 70.57 77.62
OCNet 02.72 90.73 97.39 80.80 5458 9086 4560 9264 6735 7181 71.98 (7.86
DUNet 03.33 91.05 97.28 80.18 5515 91.35 5H3.70 9289 68.33 73.33 72.29 78.99
GNNBIlock* (Our) 93.10 90.08 96.96 79.13 48.61 90.82 59.05 92.58 72.86 74.96 72.07 79.11
HRNet 0456 9098 9748 8246 50.27 9235 6157 9396 773.14 78.55 75.44 30.98

(b) Ground-truth

(c) GNNNBlock*




