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Lightweight Axial Context Segmentation Network for Unstructured Road
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(1. School of Intelligent Systems Engineering, Sun Yat<Sen University, Guangzhou 510275, Guangdong, China;
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[ Abstract] Unstructured road segmentation is a crucial component of environmental perception for autonomous
driving systems, and it suffers from challenges su¢ch as'the"integrity of global topological modeling, preservation of
boundary details, and trade-off between model efficiency and accuracy. To address these challenges, this paper
proposes a lightweight axial context network AXON-Net. The network employs an encoder—decoder architecture
and introduces a Channel And Spatial Attention, Block (CASAB) in the encoder, which adaptively recalibrates
feature weights by aggregating multidimensional statistical information to effectively suppress environmental noise,
thereby enhancing feature discriminability in complex backgrounds. A Lightweight Partial Context (LightPCT)
model is integrated at the bottleneck, utilizing a partial channel interaction strategy to reduce computational
redundancy and efficiently ecapture long-range dependencies for restoring road topological connectivity. In addition,
the decoder integrates Dual-Path’Channel Fusion (DPCF) and Thin Structure Enhancer ( TSE) modules for
bridging the feature semantie gap and explicitly enhancing axial geometric features for the refined recovery of
blurred road edges. Experimental results on unstructured road datasets constructed from the India Driving Dataset
(IDD) and Off-Road Freespace Detection (ORFD) dataset show that AXON-Net achieves road Intersection over
Union (IoU Road) scores of 95.3% and 88.1%, respectively. With only 8.49 X 10° parameters, it achieves a
superior balance between segmentation accuracy and model efficiency. Ablation studies further validate the
synergistic effectiveness of the proposed modules, demonstrating the potential application of the network for
unstructured road perception tasks.

[Key words] unstructured road; axial context; channel and spatial attention; Thin Structure Enhancer (TSE);
long-range dependencies
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ANTT AT X3 9 882 1. 39
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Table 2 Label mapping for model training
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Table 3 Pixel classification of ORFD
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Table 4 The experimental parameters of BRI NIE BRI 52 £ Ny 8 8% A 0938 iR
the proposed model in this paper 12;(.2
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Table 5 Experimental results among different methods on the IDD-UR dataset

Wik IoU_Road  mloU F1 {5\ ‘Precision PA Recall  Parameter/10°  MAC/10° 3R/ (Wies™")
U-Nett'? 0.9390  0.9577  0.9687 % 0.9641 0.9826 0.9814 13. 40 145. 49 58.59
SegNett?2)  0.9157  0.941 1€, 059560  0.9412  0.9755  0.971 3 29. 44 188. 29 49. 61
ERFNet?)  0.9385  0.9570. 10.9682 0.9482 0.9822  0.989 2 2. 06 17. 28 146. 41
LinkNet?  0.924 3 009470 0.9606 0.9413  0.9779  0.980 8 11.53 14. 20 252. 60

EDANet™®  0.9445 0.9614° 0.9715 0.9589  0.9841 0.984 4 0. 68 5. 22 128. 74
LEDNet™®)  0.9130  0.9391 0.9545 0.9342 0.9745  0.9757 0.92 6. 69 66. 69
U?-Net®™  0.9456  0.9624 0.9720 0.9754  0.9847  0.9687 44.01 58.95 49. 96
CGNet?®1 10,9463 0.9627 0.9724  0.9644 0.9847 0.9805 0. 49 4.17 74. 35
LETNet™  0.9224  0.9464 0.9712 0.9712 0.9781  0.948 3 0.76 8.33 20. 80
LCNet™)  0.9304 0.9515 0.9640 0.9519 0.9800  0.976 3 0.51 15. 96 154. 09
BEVANet™?)  0.9458  0.9624 0.9721 0.9655 0.9847  0.978 9 58. 60 35. 08 79. 55
Ours 0.9530 0.9680 0.9760 0.9786 0.9871 0.982 2 8. 49 40, 32 38.19
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Table 6 Experimental results among different methods on the ORFD-AV dataset

ViRES IoU Road  mloU F1 {8 Precision PA Recall  Parameter/10°  MAC/10° HEREE / (pies )
U-Nett®  0.7979  0.8621 0.8876 0.9375 0.9429  0.8427 13. 40 145. 49 58.59
SegNet™™)  0.8005 0.8603 0.8892 0.8719 0.9395  0.907 2 29. 44 188. 29 49. 61
ERFNet !  0.8356  0.8867 0.9104 0.9243  0.9528  0.897 0 2. 06 17. 28 146. 41
LinkNet™  0.8239 0.8836 0.9035 0.9319 0.9499  0.876 7 11. 53 14. 20 252. 60

EDANet?®  0.8309 0.8910 0.9077 0.9449 0.9605 0.8733 0. 68 5. 22 128. 74
LEDNet!®)  0.8454 0.8931 0.9162 0.9187 0.9553  0.9137 0. 92 6. 69 66. 69
UZ-Nett™  0.8300 0.8836 0.9071 0.9388 0.9519 0.877 4 44.01 58. 95 49. 96
CGNet™™!  0.8493  0.8948 0.9185 0.8971 0.9553  0.9410 0. 49 4.17 74. 35
LETNet®J  0.8753  0.9042 0.9335 0.9410 0.9647  0.926 2 0.76 8.33 20. 80
LCNet™®  0.8721 0.9012 0.9317 0.9540 0.9643 0.9104 0.51 15. 96 154. 09
BEVANet™)  0.8738  0.9133  0.9327 0.9440 0.9644  0.9216 58. 60 35.08 79. 55
Ours 0.8810 0.9170 0.9370 0.9270 0.9650 0.9470 8,49 40132 38. 19
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Table 7 Ablation experimental results
i Baseline  LightPCT  CASAB DPCF-TSE IoU Road mloU F1 {4 Precision PA Recall

A N X X X 0.939 1 0.957 7 0.968 7 0.961 2 0.982 6 0.981 4

B N < X X 0.935 2 0.954 1 0. 966 5 0.949 2 0.981 8 0.981 1

C N X N X 0.924 3 0.947 2 0. 965 2 0.946 3 0.978 7 0.976 2

D N X X N 0.941 2 0.959 3 0.975 1 0. 959 4 0.983 8 0.981 3

E N N N X 0.930 0 0.951 5 0.964 5 0.949 8 0. 986 6 0.978 4

F N N X N 0.8131 0. 867 4 0.897 2 0. 866 9 0.941 5 0.9355

G N X N N 0.944 0 0.961 2 0.9711 0.961 7 0.984 4 0.982'1

H (ours) Ni N N N 0.953 0 0.968 0 0.976 0 0.978 6 0,987 1 0.982 2
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Fig.6 Activation heatmaps for the ablation

experimental module
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Fig.7 Visualization comparison of segmentation results

from different models
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