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Variable receptive field Semantic Segmentation by HRNet using Deform-Conv
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2.1.HRNet(High-Resolution Network)
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2.2.Deformable Convolution
(Deform-Conv)
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2.3. IREFE (HRNet + Deform-Conv)
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2: Deformable Convolution D4l [2]
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model MIoU
HRNet W18-samll v1 70.3
REFIE (HRNet Wi8-samll v1) | 74.2 (43.9)
HRNet W18-small v2 76.2
RETFIE (HRNet W18-small v2) | 77.6 (41.4)
HRNet W48 80.5
REFIE (HRNet W48) 81.0 (+0.5)
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