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Multi dimension feature refinement based on starting point guidance
for lane line detection in complex scene.

ZHU Song-hao, TAN Shao-han

(College of Automation and Artificial Intelligence,Nanjing University of Posts and Telecommunications,Nanjing,Jiangsu 210023,China)

Abstract: Lane detection,as the cornerstone of intelligent driving systems,plays a crucial role in assisting driving pro-
cesses such as lane keeping and adaptive cruise control.Given the crucial role of lane detection in improving road safety,pro-
moting intelligent driving and intelligent transportation development,the research on lane detection technology has profound
academic value and application prospects.However,due to the diversity of lane categories,road conditions and weather envi-
ronments,as well as the different aspect ratios of lane lines,lane detection algorithms face many challenges.This paper pro-
poses a multi-dimensional feature refinement method for complex scene lane detection based on start point guidance.Firstly,
a global feature optimization module is utilized to enhance the global feature representation capability and a lane line per-
ception aggregation module is utilized to enhance the correlation of local features,which helps to improve the semantic un-
derstanding ability and prediction accuracy of the model.Secondly,a starting point coordinate prediction module is utilized
to predict the starting point coordinates of lane line to generate flexible anchors under various complex scenarios.Finally,a
more general penalty lane intersection to union ratio is selected as the loss function to represent lane lines with variable vir-
tual widths,which helps to improve the detection accuracy of the model.Compared with the CLRNet-DLA34 method,which
has the highest accuracy in current lane detection algorithms,the method proposed in this paper improves the detection accu-
racy in terms of F1@50 on the CULane and CurveLanes datasets by 0.62%and 0.73%respectively, reaching 81.39%and
86.83%The experimental results demonstrate that the proposed method achieves good detection performance in complex
scene lane detection tasks and has strong competitiveness among existing methods. Experimental results demonstrate that

the proposed method performs well in lane detection tasks in complex scenes and has strong competitiveness among exist-
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FastDraw”' | ResNetS0 | — — | 8590 |63.60| 57.00 | 69.90 | 40.60 | 79.40 | 6520 | 7013 | 5780 | —
UFLDv2® | ResNet34 | 7600 | — | 92.50 | 74.80 | 65.50 | 75.50 | 49.20 | 88.80 | 70.10 | 1910 | 70.80 | 114.0
PINet"! | Hourglass | 7440 | 5133 | 9030 | 72.30 | 6630 | 68.40 | 49.80 | 83.70 | 6520 | 1427 | 6770 | 25.
LaneATT® | ResNet122| 77.02 | 57.50 | 9174 | 76.16 | 6947 | 7631 | 5046 | 8629 | 64.05 | 1264 | 7081 | 380
SGNet™ | ResNet34 | 7727 | — | 9207 | 7541 | 6775 | 7431 | 5090 | 87.97 | 69.65 | 1373 | 72.60 | 980
CondLanc” | ResNet34 | 7874 | 5939 | 9338 |77.14 | 7117 | 79.93 | 51.85 | 89.89 | 73.88 | 1387 | 73.92 | 137.0
CondLanc” | ResNet101| 79.48 | 6123 | 93.47 | 77.44 | 7093 | 80.91 | 54.13 | 90.16 | 7521 | 1201 | 74.80 | 58.0
CLRNet” | ResNet101| 80.13 | 62.96 | 93.85 | 78.78 | 72.49 | 8233 | 5450 | 89.79 | 75.57 | 1262 | 7551 | 610
CLRNet | DLA34 | 8047 | 6278 | 9373 | 79.59 | 7530 | 8251 | 5458 | 90.62 | 74.13 | 1155 | 7537 | 1100
ADNet' | ResNetl8 | 7756 | — | 9192 | 7581 | 6939 | 7621 | 5175 | 87.71 | 68.84 | 1133 | 7233 | 750
ADNel | ResNet34 | 7894 | — | 9290 | 7745 | 7171 | 79.11 | 52.89 | 89.90 | 7064 | 1499 | 7478 | 62.0
CLRmatchNet™ | DLA34 | 7997 | 62.10 | 93.74 | 79.50 | 73.57 | 8227 | 5461 | 90.96 | 77.09 | 2064 | 7519 | 1100
SMFRNet(ours) | ResNet18 | 80.08 | 6325 | 9238 |78.95 | 7341 | 81.64 | 5531 | 89.76 | 73.47 | 1189 | 75.88 | 111.0
SMFRNet(ours) | ResNet34 | 80.53 | 63.87 | 93.57 | 7921 | 7422 | 8244 | 5571 | 90.61 | 7523 | 1093 | 7624 | 101.0
SMFRNet(ours) | ResNet101 | 81.01 | 6453 | 9423 |79.76 | 74.88 | 8271 | 5583 | 90.79 | 7632 | 1167 | 7634 | 43.0
SMFRNet(ours) | DLA34 | 8139 | 6480 | 94.12 | 8021 | 7601 | 83.67 | 56.53 | 91.09 | 7587 | 1254 | 7685 | 84.0

RS R I PE A R AR T R AR RE , b F @50 FIl F,@75 43 53R BIE A 0.5 F10.75 B I T Al F6 4

CurveLanes BIE4E . R 245 8 T A A LE Curvel -
anes B 4E B S IR 45 . R 2 iR 45 R W A0 .
SMFRNet-DLA34 5 1 Fr A7 HoAty J7 %, 76 ORFy e Ak 2L
Y A, BRUAS T B Y F {H 86.83%, Lt CLRNet-
DLA34 %5 H 0.73%. 4, 5 CondLane-ResNet101 #H .,
SMFRNet [ GFlops 2 3% M 44.9 3k /b %] 22.5, U Lk
CLRNet-DLA34 i ! 4.1.

TuSimple £t4& 4 . 11 T TuSimple H 4 48 19 5 5 4
X B — N [A] 5 e BT RE 25 S 1E 1% LU, 238
AT, R, B A% 45 25 R TP RE A HE TN B

i, HEA KA A TS B0 BE R IR I LR . 23
SR T A B 77 B AE TuSimple 2088 4E ik 3] T 5%
SEER T A S R R
4.5 HRRSEIE

TE CULane %045 48 1 17 16 @l 52 5%, 30 0F 54>+
B AT 3500 . T AT A T Rl S e A R AR AR SCHR R Y
SMFRNet-DLA34 it A b 47, AH W A9 52 56 45 5 a3 4
s . S AT BN T IR IR A R B 217 8156 5
T, BN T 2R FEOL Al R IR AT A bR 0 | 4238
LR FAETT I 4 28I L, LS e AR i
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6 AT EFNEME T X CLRNet 72 CULane #3E & _H 16 25 BB AT 404K

yiRiS Image CLRNet Ours
Normal
Crowded
No Line
Night
%2 FREFEZE Curvelanes BIEE TR ER B BRI RN 2 AN B E T 10 YRS A .
I e S N . 55 AT IS T G K A R B TR AR v
S0/% | sion/% | eall% S T2 I F L 0.12%, W K102
SCNN® VGG16 | 65.02 | 76.13 | 56.74 328.4 B S A W R e
CondLane! esNetl8 | 85.0 87.75 | 82.58 10.3 . SN
. ftesNet o | 877 SR AR AR AR T BV A £ P 2 eh ]
CondLane ResNet34 | 85.92 88.29 83.68 19.7 e g e JEUEN B N
e t A6 F RS 0.279% , FWIBUE SCHEQYER P A 5L 1
L(jn(lLanlt;] ResNetl01| 86.10 88.98 83.41 44.9 %%ﬁﬂﬁTﬁT%ﬁff E]’:J‘r ﬁlé . /;ﬁ 4’?]‘[3@%5@2#%&/]\‘ ’4%
CLRNet _ DLA34 | 86.10 | 91.40 | 81.39 18.4 ROIGather ™ 5 4t % 05 2% 61 5 4 7106 {1 42 79
BézierLaneNet'®'| ResNet-18 | 75.03 | 82.75 | 68.62 — . R N S y R
eedj“)ee' 0.16% , F& W 43 2R 5 5 10 Jo) s A = B T e
SMFRNet(ours) | DLA34 | 86.83 | 91.56 | 82.57 225 . . o R
" / FHOHE (B AE 7%, T 70 VDR BE . R L AT IS

PERERYSE MR . AR SCGEAGES 4.2 /15 AR 19 S22

SRR O LineloU i 4 B e A1 4Rl 2 52 9 L )

K3 AREFAEFETuSimple HiEE FHILWLER

%

Ik FEF M F @50 Accuracy False Positive False Negative

SCNN® VGG16 95.97 96.53 6.17 1.80
LaneATT"! ResNet18 96.71 95.57 3.56 3.01
CondLane!! ResNet101 97.24 96.54 2.01 3.50
CLRNet"® ResNet18 97.89 96.84 2.28 1.92
ADNet™! ResNet34 97.31 96.60 2.83 2.53
BézierLaneNet"®! ResNet-18 — 95.61 5.30 3.50
BézierLaneNet"! ResNet34 — 95.87 5.00 3.40
ADNet™! ResNet18 96.90 96.23 2.91 3.29
ADNet™ ResNet34 97.31 96.60 2.83 2.53
PGA-Net*" ResNet18 97.66 95.43 4.53 4.67
PGA-Net*" ResNet34 97.62 95.34 3.89 4.13
AR-NET® ResNet18 96.11 96.73 245 4.06
SMFRNet(ours) DLA34 97.93 96.91 2.14 2.25
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%4 CULane HI#EE FRE RIS %
GFR SPCP LAG PLaneloU F @50
— — ROIGather® LineloU" 80.47
N — ROIGather'® LineToU'® 80.59
N N ROIGather'® LineToU™® 80.86
N N N LineToU'® 81.02
N N N v 81.39
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