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Abstract : Lane detection is a core task in autonomous driving perception systems, holding significant application value in complex traffic
environments. While existing methods perform well under normal conditions, lane detection still faces challenges such as blurriness,
disconnection, and occlusion in adverse scenarios like low light, backlighting, heavy fog, rain, and snow. To improve lane detection
performance in these harsh conditions, this paper proposes the a-SimADNet detection network , built upon the ADNet framework. This
model performs anchor point extraction and parameter regression using ADNet, while enhancing the backbone network’s feature
discrimination and environmental adaptability by introducing negative sample contrastive learning and a mask twin network with an
alternating optimization strategy. These enhancements significantly improve the model’s feature representation capabilities in challenging
environments, without increasing computational overhead during inference. Additionally, to address the insufficient gradient response
from traditional loU loss in the regression of difficult samples, we introduce the power-adjusted a-GLIoU loss function to improve the
model’s ability to fit broken and occluded lane lines. To thoroughly assess the proposed method’s performance, we constructed a high-

quality lane detection dataset, HardLane-F100, focused on harsh environments, which includes 106 video segments and 10 600 image
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frames. This dataset effectively mitigates the current public datasets’ lack of extreme environmental samples. Experimental results show

that a-SimADNet achieves an F1@ 0. 5 score of 83.2% on the HardLane-F100 dataset, outperforming mainstream methods ADNet and
RVLD by 2.7% and 1.2% , respectively. Under the more stringent F1@ 0. 7 metric, it scores 60. 9% , improving by 3. 8% and 3. 2%

compared to ADNet and RVLD, respectively. This method demonstrates superior performance across various challenging scenarios, fully

proving its effectiveness in harsh environments.
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Table 1 Overview comparison of TuSimple, CULane, LLAMAS, BDD100K and HardLane-F100

EYEITE XA N TuSimple Culane!!] LLAMAS!?" BDD100K ? HardLane-F100
K4 e 2~4 %% 1~4 % 1~3% 2~5% 3~7%
L Y L 10% LAF 35% ~45% - 15% ~25% 60% ~75%
GBI = 1 280x720 1 640x590 1 276x717 1 280x720 1 366x720
by i EREM,UAR, ERERS AR, FEER,OEFR  ERETE LURT FREES, G TERD A
[ YN SEn RS54 Yk AN I SRRy E B WESK WAESES TR
PREZE T BN mask AR L mask Hmg Tk Pre&+ 519 mask
JE T I B x x x x vV

2.2 ELIgE 5N IER

RIS TE— G L& N Intel Xeon Platinum 8336C
CPU Ml NVIDIA GeForce RTX 4090 GPU # T #E 3G [k
17, B-VEZ SN Ubuntu 20. 04, CUDA RN 11.3, T 5
{4 Python3. 8 F1 PyTorchl. 12. 1 YE T & ¥k, M %%
Z5FR FH ResNet-101 1EH £+, i ARGR R H 45— N
800 pixelsx320 pixels, FLIK QA fi L %R 100, 5
I EMN A AEL Y y BPATAR S SRR K
JE e WE R 15,y WOPATE ISR K 8N 72, 2R
I 25 HhHE AL LB N 40% , a-GLIoU itk h S o %
R 3, WA R KN (batch size, BS) % E N 24, I 24
R (Epoch) Jy 80, AL 28 4 Adam TEAL2S, W1 HhH 2 > K
40.000 64, 7EZEA HEAS 4 Hp | e St 2 A% S T 2
FEA 1024 4 00 44 30 0 2 P 1A O 512 4,

AR SC A F RS 8 2% ( Precision) | 4 712 ( Recall ) #1 F1
O3BV R AR B LA I B DA 8 A, A TR0 S B AR
B2 AT ToU, Hidrft ToU KT BIME R 4B 2k 45 1
SONIEREAR ) Szg it B ToU BRE 4> BIBEE R 0.5 A
0. 7, ARSI 7E A [R5 T B4 A TR) 50 A5 174 2 3 2 A i 2k
A8, A [PDRA I ELS0 4E 08 k h AT 2 /0 R A s DA U
H B S A AR TN A E Y A TE L o 2 /0o LS AR
2R F1 3O 101 23R FIORS i 2% (0 8 RS- B8, BE S 25
VAR B ALAERS B 3 A0 A3 015 2 ) 1) - A 17 o, 713328 =X
= (9) ~ (11) Fizs,

TP

Precision = —— (9)
TP + FP
TP
Recall = (10)
TP + FN
Fl = 2 X Precision X Recall (11)

Precision + Recall

Horp a1 & H E A (true positive, TP) , 1B 1E ] ( false
positive, FP) , {145 ( false negative, FN) .
2.3 HELXL

1) KA R PE R IE

T FE 4 B8 E AR SC T HE 45 Bk A B i A s, LA
ADNet R A T HardLane-F100 $0HE 8678 T #5
By mh e, 25 1 ansk 2 R,

R2 AXFRFEELKRNGEHEMIBRER
Table 2 Ablation experimental results of the lane line

detection method proposed in this paper (%)

4 R 2s a-GLIoU Precisi Recall F1@0.5
P rectsion eca .
" CHUE TN PN
y X 86.7 75.2 80.5
v x 87.6 77.2 82. 1
ADNet!'®”
y v 87.4 76.0 81.3
v Vi 89.2 78.1 83.2

FIAFERDZEA: N 45 J | 45580 76 5 o S ] R
ANTRIRE R B3R T, F1 4380 80.5% L= 82. 1%, It
A ARSCE T a-GLIoU #3155 3 i 4 5 11540 2k B IR M
FEA S ZETELR AN 0 FL L, Rl RR AR AE 8 45 25 A T 1Y
KPR RE SR T4 T, F1 0 8GE RN T 81. 3% , B sk 2k 41
BT 0.8%, @A R4S a-GLIoU #1548 3¢
Tk E T 89. 2% AT % 78, 1% By A3 [0 83. 2%
B F1 280, 2 A L LR AR T 2. 5% (2. 9% Fl 2. 7% , B diE
TIZITEE B S T 5 T e 3.

2) {5kt HL A )

RN R A A B SR R AT e ( BB AIL
FERSAE MG T 7 B ) 64T T ST H 25 AR NSk 3
TNo MRS L Ry 40% B ORS  BE Ol 87. 6% , A 1 K
77.2% ,F1 53808 82. 1% , Li A MR fe . 2k /N Hs f
Fb (140 30% ) HELAFE A SERLHE P4 T K 1915 B Bk, T3
TRAG R T R W K BIHERD LE (9140 50% ) ) £ e o %2
R R HE0REE 35/ A HE T T 2O PR BE Y R R
PRI, A5 3 SRS LU ] A PR T Uk 245 4 £ I 1 [ B 34
SRR ALV AR AR (1 2% S B 4R T AR R Z A T Y
&R
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*3 AEHBILTHAREELZENGTENESR
Table 3 Results of the proposed lane line detection method

under different mask ratios (%)
B Precision Recall F1@0.5
30 86.8 77.3 81.8
40 87.6 77.2 82.1
50 85.5 77.0 81.0

3) WSE o I

NI a-GLIoU 455K pRECH S HUBUE N 41 2k
PAPERERISZ IR, A SCH o BN 2~ 6 AT L9250, 45
R 7 iR, LR REXW, a=3 B F1 58K
81.3% ,ZE B VERESRAS ;=4 B F1 050K 80. 9% , LAk
AEIRZ . R a=6 B AEHIREL a=3 B REA $Em , (HH
PERCIE S e 81 | W o O Y S GNP 20
BARART o= 3 REAESR TH IR MEREAS 27 2] RE 1 10 [m] I sk
B Xt Ty R FEACBE B ) 2ok BE S, S TR S A R
[i] R ASA
2.4 XLEZW ST

FEF HardLane-F100 $03E 45, AN 305 5 Fh BoAG (L3R
1425 3 2 G T 7 6 AT T X B, AL 4G HWLane! ™ (hw-
transformer for lane detection ) . MFIALane™ ( multiscale
feature information aggregator network for lane detection ) |

LaneTCA ™" (lane detection with temporal context aggregation)
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Fig. 7 Results of lane line detection methods at different o

ADNet!'* 5 RvVLD" (recursive video lane detection) , #5757
AR ToU BIH T AR IIPEREFR PR UNGE 4 FiR, SLE045
L] AR Y a—SimADNet BHIZE ToU BI{EH 0. 5
0.7 BT, F1 AR T 24 At e U0 (4 423 Ze Al
759 RVLD 4354 1. 2% F1 3. 2% B TH, Ieah, 4 a1 R 7E
PIANERME R 20 B4R T 2.5% F1 3.4% .tk ] WL, e
ToU BB G , A SO 1 AR A T HA 5 3 (4 1 R e A itk
— B R, DT U BH A 7 3 %o 7 18 40 5 A D05 e T T
RAETE ToU B{HM 0.5 FIIESL T, RVLD 7EA5 % L wg &5
P B a-SimADNet 7EAE B 2 5 43 [l 8 2 [A] 529 1 B4R
BT, RS T B8 25 B A M

R4 BEREELWNTEZERRIENIER TRIERE LR

Table 4 Performance comparison of various lane line detection methods on different evaluation metrics

F1@0.5/% F1@0.7/%
i Param/M FLOPs/G
Precision Recall F1 Precision Recall F1

HWLane! '/ 22.1 87.99 70.9 61.7 66.0 55.9 48.7 52.0
MFIALane! "’ 21. 4 85.22 73.2 60. 8 66. 5 56.9 47.2 51.6
LaneTCA[3" 25.2 130. 51 89.3 71.3 79.3 61.2 49.4 54.7
ADNet! '] 43.3 41.20 86.7 75.2 80.5 61.4 53.3 57.1
RVLD'? 25.3 134. 00 89.7 75.6 82.0 62.5 53.7 57.7
a~SimADNet 43.3 41.20 89.2 78.1 83.2 65.2 57.1 60.9

5 BN T &I RAEAFE A RS S8 5040 T
{44 T I, SR A A S I 2% 7 91 R B B
T — 2 BT ETE B, (E 7R HEE B B, AR SCHR Y
DA R FE T R R I B R, M BB A E T
71.23 fps(14. 04 ms/Mil) , BT AR T HABXS L 7

8 JE/R T A MAILE F1 AR5y S HOASE L 4
SHEZBMGA RN, I mBRES 0, 4551
T BUA 7l il A7 AE AR AT A MRS 1 n) A, HL
TER ToU BRMH T R ALE, M a-SimADNet £ £ IE 2L

RS ARFEELEN T ERIHEEREEXSLL
Table 5 Comparison of inference speed of different

lane detection methods

T FPS HE P/ ms
HWLane! ' 34.52 28.97
MFIALane "’ 40. 58 24. 64
LaneTCA! 20. 43 48.95
ADNet!!®] 78. 96 12. 66
RVLD!3! 26.72 37.43
a-SimADNet 71.23 14. 04
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Fig.9 Visualization of lane detection results using different methods in adverse conditions
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