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Abstract

To address the problem where the limited receptive field of convolutions hinders the modeling of
global relationships, this paper proposes a three-branch real-time semantic segmentation algo-
rithm based on residual U-blocks and context transformers. The network employs three parallel
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branch structures for spatial information, contextual information, and boundary information, uti-
lizing residual U-blocks of varying depths to build the network’s contextual information branch to
obtain more robust multi-scale features. Additionally, a context transformer module is introduced
to enhance the capability for global relationship modeling. Experiments demonstrate the effective-
ness of this method; on the Cityscapes dataset, without the use of pretraining, it can achieve 78.6%
MloU at a speed of 76.8 FPS on a single V100 GPU using full-resolution images (1024 x 2048).
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Figure 2. Residual U-block structure diagram
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Figure 3. Contextual transformer structure diagram
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Table 1. Cityscapes data set results
52 1. Cityscapes B4R

T GPU MIoU PFS
BiSeNet V2 RTX 1080Ti 734 156
BiSeNet V2-L RTX 1080Ti 75.8 473
Fast-SCNN" V100 68.3 125
DDRNet-23-slim” V100 76.6 104.3
PIDNet-S” V100 778 103.5
KT V100 78.6 76.5

£ CamVid #edn 4 EXFFATHTERET 7 I (L 2). Fra € CamVid L3P EH A T 960 x
720 MEIRAY A, 5 LA, AR ROR A R A AR E L SIS R . /£ CamVid B4
ISR A RR ], FATHIINE RIS T IREFHIVERE -

Table 2. CamVid data set results
2. CamVid HIBREER

ftit] GPU mioU PFS
BiSeNet V2 RTX 1080Ti 76.7 124.5-
BiseNet V2-L RTX 1080Ti 785 327
DDRNet-23-slim” V100 76.3 226.6
PIDNet-S” V100 76.8 199.4
KILTE V100 77.6 145.9
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Figure 4. Visual result
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