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Visual comparisons between PSPNet and other methods on PASCAL VOC 2012 are shown in Fig. 1, PSPNet shows more
accurate and detailed results. Detailed per-class results on Cityscapes testing set are listed in Table 1, PSPNet outperforms
other methods by a large margin.

Figure 1. Visual comparison on PASCAL VOC 2012 data. (a) Image. (b) Ground Truth. (c) FCN [7]. (d) DPN [5]. (e) DeepLab [1]. (f)
PSPNet.
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Method road swalk build. wall fence pole tlight sign veg. terrain sky person rider car truck bus train mbike bike mIoU
CRF-RNN [9] 96.3 73.9 88.2 47.6 41.3 35.2 49.5 59.7 90.6 66.1 93.5 70.4 34.7 90.1 39.2 57.5 55.4 43.9 54.6 62.5
FCN [7] 97.4 78.4 89.2 34.9 44.2 47.4 60.1 65.0 91.4 69.3 93.9 77.1 51.4 92.6 35.3 48.6 46.5 51.6 66.8 65.3
SiCNN+CRF [3] 96.3 76.8 88.8 40.0 45.4 50.1 63.3 69.6 90.6 67.1 92.2 77.6 55.9 90.1 39.2 51.3 44.4 54.4 66.1 66.3
DPN [6] 97.5 78.5 89.5 40.4 45.9 51.1 56.8 65.3 91.5 69.4 94.5 77.5 54.2 92.5 44.5 53.4 49.9 52.1 64.8 66.8
Dilation10 [8] 97.6 79.2 89.9 37.3 47.6 53.2 58.6 65.2 91.8 69.4 93.7 78.9 55.0 93.3 45.5 53.4 47.7 52.2 66.0 67.1
LRR [2] 97.7 79.9 90.7 44.4 48.6 58.6 68.2 72.0 92.5 69.3 94.7 81.6 60.0 94.0 43.6 56.8 47.2 54.8 69.7 69.7
DeepLab [1] 97.9 81.3 90.3 48.8 47.4 49.6 57.9 67.3 91.9 69.4 94.2 79.8 59.8 93.7 56.5 67.5 57.5 57.7 68.8 70.4
Piecewise [4] 98.0 82.6 90.6 44.0 50.7 51.1 65.0 71.7 92.0 72.0 94.1 81.5 61.1 94.3 61.1 65.1 53.8 61.6 70.6 71.6
PSPNet 98.6 86.2 92.9 50.8 58.8 64.0 75.6 79.0 93.4 72.3 95.4 86.5 71.3 95.9 68.2 79.5 73.8 69.5 77.2 78.4
LRR‡ [2] 97.9 81.5 91.4 50.5 52.7 59.4 66.8 72.7 92.5 70.1 95.0 81.3 60.1 94.3 51.2 67.7 54.6 55.6 69.6 71.8
PSPNet‡ 98.6 86.6 93.2 58.1 63.0 64.5 75.2 79.2 93.4 72.1 95.1 86.3 71.4 96.0 73.5 90.4 80.3 69.9 76.9 80.2

Table 1. Per-class results on Cityscapes testing set. Methods trained using both fine and coarse set are marked with ‘‡’.
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