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Abstract: Objectives: The freespace detection is a crucial foundation for scene perception in advanced driver
assistance systems. Convolutional neural network—based methods are unable to build global contextual in-
fortmation that generate voids and interruptions in predicted results. At the same time, Transformer—based
methods lack local understanding resulting in boundary misalignment and exceed. Methods: To this end,
we propose a pyramid Transformer architecture with learnable deep position encoding for road freespace de-
tection. First, the pyramid Transformer backbone is designed to extract road features from global perspec-
tives. Second, local window attention is employed in dual-Transformer blocks to compensate for detail
loss. Finally, to address the problem that traditional unlearnable position encoding ignores the spatial corre-
lation between pixels and the real world, a learnable position encoding from deep convolutional features is
constructed to solve the attention and semantic misalignment. Results: This model is tested and evaluated
on KITTI road, Cityscapes, and Xiamen road datasets. The results show that our method achieves maxi-

mum F measure of 97.53% and 98.54% in KITTI and Cityscapes, respectively. Conclusions: Our method
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outperforms existing algorithms in the KITTI road benchmark by ensuring higher efficiency while providing

higher stability and accuracy. Meanwhile, our method provides high—precision semantic prior information

for tasks such as path planning and trajectory prediction in automotive driving assistance systems.
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Tab. 2 Comprehensive Comparison of KITTI Road

Tk WRFE/Y%  FHNEE/Y% REWE/% BRE/ % BEER/% BEIER/ Y% HHE B ] /s
LidCamNet™”! 96.03 93.93 96.23 95.83 2.07 417 0.15
LC-CRF" 95.68 88.34 93.62 97.33 3.67 2.67 0.18
TVFNet!"! 95.34 90.26 95.73 94.94 2.33 5.06 0.04
RGB36-Cotrain*! 95.55 93.71 95.68 95.42 2.37 4.58 0.10
HID-1.S"? 93.11 87.33 92.52 93.71 4.18 6.29 0.25
RoadNet3™! 94.44 93.45 94.69 94.18 2.91 5.82 0.30
OFANet™* 93.74 85.37 90.36 97.38 5.72 2.62 0.04
ALO-AVG-MM*! 92.03 85.64 90.65 93.45 5.31 6.55 0.03
RBANet! 96.30 89.72 95.14 97.50 2.75 2.50 0.16
PLARD!?Y 97.03 94.03 97.19 96.88 1.54 3.12 0.16
SNE-RoadSeg?" 96.75 94.07 96.90 96.61 1.70 3.39 0.18
RoadNetR T 92.55 93.21 92.94 92.16 3.86 7.84 0.08
NIM-RTFNet'? 96.02 94.01 96.43 95.62 1.95 4.38 0.05
Hadamard-F CN!! 94.85 91.48 94.81 94.89 2.85 5.11 0.02
BINI! 94.89 90.63 96.14 93.67 2.07 6.33 0.02
HA-DeepLaby3 2" 94.83 93.24 94.77 94.89 2.88 5.11 0.06
CLCFNet™" 96.38 90.85 96.38 96.39 1.99 3.61 0.02
DFM-RTFNet®! 94.78 94.05 96.62 96.93 1.87 3.07 0.08
SNE-RoadSeg+%* 97.50 93.98 97.41 97.58 1.43 4.24 0.08
USNet*®! 96.89 93.25 96.51 97.27 1.94 2.73 0.02
HEAT!! 97.00 93.09 96.53 97.48 1.93 2.51 0.08
AT 97.53 92.97 97.32 97.74 1.48 2.26 0.08
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Fig.5 Comparison of Runtime and Max F in KITTI
Road Dataset
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Tab. 3 Test Results in Cityscapes Dataset/ %

Tk R FAH RS PN B
FCONM! 94.68 93.69 95.70
SegNet™] 95.81 94.55 97.11
RBANet?*! 98.00 97.87 98.12
USNet™! 98.27 98.26 98.28
AT 98.54 98.35 98.73
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Fig. 6 Attention Representation of Qualitative Evaluation
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Fig.7 Road Boundary Details Visualization Results
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Tab. 4 Performance Impacts of Different Modules on Whole Network/ %

Jii ks &g 17354 oy 3
Transformer Transformer {7 & %ifh  Transformer ik BKFE | FHUME | HHE HER | BRER ) GRS
N 83.69 87.59 81.34 86.18 10.89 13.82
N/ 87.00 90.51 85.77 88.27 8.07 11.73
N NG 94.53 93.68 94.62 94.45 2.96 5.55
N NG N 97.53 93.97 97.32 97.74 1.48 1.26
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Fig.8 Qualitative Comparison of Different Transformer-Based Methods on Various Scenes
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Tab. 5 Quantitative Comparison of Different
Transformer-Based Methods/ %

Tk BORFM CFWRIE Rk AR
pv Tl 87.00 90.51 85.77 88.27
SegFormer® 91.67 92.47 89.85 93.56
cmxPy 94.55 93.41 94.44 94.66
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