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Object detection Drivable area seg. Lane line detection
method Recall [%] | AP@.5 (%] | Speed [fps] | method | mIoU [%] | Speed [fps] method | Acc [%)] | IoU [%)] | Speed [fps]

Multi-Net 81.3 60.2 8.6 Multi-Net 71.6 8.6 Enet* 34.1 14.6 100.0

DLT-Net 89.4 68.4 9.3 DLT-Net 71.3 9.3 SCNN * 35.8 15.8 19.8
Faster R-CNN* 77.2 55.6 8.8 PSP-Net* 89.6 11.1 Enet-SAD* 36.6 16.0 50.6

YOLOv5s* 86.8 77.2 82.0 - - - - -

Ours 95.0 76.5 31.0 Ours 87.5 31.0 Ours 82.1 24.0 31.0
Faster R-CNN Ours PSP-Net Qurs ENet-SAD Ours
“ g=s — . —
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(a) w/ CNN

% 2: Ablation study

Object detection. | Drivable area seg. | Lane line detection
Method | CNN [ Next-ViT | BiFPN | Recall [%] | AP@.5 [%) mloU [%) Ace [%) | 1oU [%]
w/CONN | v v 94.8 75.5 85.8 79.1 21.3

w/o BiFPN v 89.6 45.8 79.9 716 18.7

Ours v v 95.0 76.5 87.5 82.1 24.0
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