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Abstract. Lane detection is a significant task with applications in auton-
omous driving tasks such as adaptive cruise control, lane departure warn-
ing, and lane-keep assistance. Convolutional neural networks (CNN) and
transformers have been used for lane detection and achieved great per-
formance. However, there are still challenges under complex scenarios,
such as crowded or dazzling conditions. Utilizing the global and slender
shape of lanes, line anchor-based methods have attracted much attention.
Sketch and refinement (SRLane) is a two-stage anchor-based method for
lane detection, composed of proposal generation stage (Sketch) and Re-
finement stage. This paper improves SRLane on both stages. At the first
stage, position embedding is introduced and fused with the multi-scale
feature maps to estimate local direction map more accurately for anchor
proposal generation. At the second stage, a new fine regressor is pro-
posed, which includes a multi-scale feature fusion module and a trans-
former decoder to further refine the lanes utilizing the context infor-
mation. The whole method adopts an end-to-end training mechanism.
Experiments are conducted on the CULane and Tusimple datasets. The
results show that the proposed method achieves 80.35% F1 score on the
CULane dataset, outperforming existing methods.

Keywords: Lane Detection, Feature Fusion, Transformer Decoder,
Line Anchor.

1 Introduction

In autonomous driving systems, lane detection is a fundamental task to ensure safe
driving and achieve advanced driver assistance. Convolutional neural networks (CNN)
and transformers have been used for lane detection and achieved great performance.
However, existing lane detection methods still face challenges in complex scenes.
Deep learning-based lane detection methods can be broadly categorized into three
types, segmentation-based method, anchor-based method, parametric curve-based
methods. Anchor-based methods [1]-[4] leverage strong prior knowledge of lane line
shapes to model entire lanes, alleviating issues related to the local receptive field and
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the lack of visual cues. Therefore, anchor-based methods have attracted great attention.
There are two stages in the anchor-based method, anchor initialization and regression.
At the first stage, the demand for high quality proposals results in a dilemma between
efficiency and adaptability. Typically, sparse proposals are computationally efficient
but have limited fitting ability, while dense proposals offer better fitting ability but can
be more computationally expensive. At the second stage, the line geometry of anchors
causes hard regression when dealing with lanes with complex topologies, such as curve
lanes and branch lanes. To address the above issues, Sketch and Refine (SRLane) [5]
was proposed, which first predicts the initial proposals (sketch) of the lanes from a local
direction map, and then uses a segmented association optimization strategy to fine-tune
the sketch. Since the line anchors are broken into segments, the curved lane detection
is improved.

However, SRLane still has two key bottlenecks. First, at the Sketch stage, the anchor
initialization relies solely on multi-scale visual features, lacking explicit spatial position
information. This often results in suboptimal initial proposals, particularly for distant
or occluded lanes. Second, at the Refinement stage, the model adjusts proposals using
only local features, without fully exploiting global contextual information. This limits
its ability to handle challenging scenarios like sharp curves, dazzling light, and heavy
occlusions.

To address these issues, we propose SRLane+, an improved sketch and refinement
framework. At the first stage, we introduce a position embedding to inject explicit spa-
tial priors into multi-scale feature maps, enabling more accurate anchor initialization.
At the second stage, we add a novel fine regression step after the coarse step of SRLane.
This step consists of a Multi-Scale Feature Fusion (MSFF) module and a transformer
decoder. The MSFF module adaptively fuses low-level and high-level features. The
decoder then refines the lane proposals by capturing both global context and inter-lane
relationships. Experiments on CULane and TuSimple datasets demonstrate that
SRLane+ significantly outperforms the baseline, achieving an F1 score of 80.35% on
CULane.

Our main contributions can be summarized as follows:
* We introduce a position embedding for anchor initialization.
* We introduce a fine regression step, in which a multi-scale feature fusion module
(MSFF) and a decoder are designed to utilize the context information.
* We conduct experiments on two publicly available datasets. The proposed
SRLane+ performs better than the baseline method and achieves better or comparable
results with state-of-the-art models.

2 Related work

Lane detection aims to detect lane markings in images captured by onboard cameras
and provide 2D position information for lane lines. Current deep learning-based lane
detection methods can be broadly categorized into three types.
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2.1  Segmentation-based method

This kind of method regards lane detection as a pixel-level classification task, and relies
on the encoder-decoder architecture to generate high-resolution segmentation maps. In
[6], an instance segmentation method is introduced, which uses a clustering algorithm
to dynamically ascertain the number of lane lines to be detected. In SCNN [7], the prior
shape information of lane lines is leveraged to enhance the model’s capacity for lane
detection. The advantage of segmentation methods is that it has theoretical compatibil-
ity with lanes of any topological structure. But it faces limitations such as excessive
computational load and complex post-processing.

2.2 Anchor-based method

The anchor-based methods can be divided into two categories, row anchor-based and
line anchor-based. Ultra Fast Lane Detection (UFLD) is a row anchor-based method
[8], [9]. A lane is represented by the coordinates on a series of predefined row anchors,
then the lane detection task is formulated as an ordinal classification problem to get the
coordinates of lanes. Considering the shape of lanes, the line anchor is first proposed in
[1], and line proposals are utilized as references to locate accurate lane curves, which
forces the model to learn the global feature representation of the entire lines. LaneAtt
[2] introduces an attention mechanism to aggregate global information and effectively
handle complex scenarios such as occlusion, missing lane markings, or changes in illu-
mination. CLRNet [3]and CLRERNet [10] detect lanes with high-level semantic fea-
tures for contextual information, then performs refinement based on low-level features
for local detailed lane information. FLAMNet [4] is a hybrid model which integrates
attention modules in a CNN model to establish global long-distance dependencies and
to expand the receptive field of line anchors in the horizontal direction.

Benefiting from the strong prior characteristics of anchors, anchor-based representation
can effectively handle the problem of absent visual clues. Our method is based on line
anchors. We focus on the anchor initialization and anchor regression.

2.3 Parametric curve-based methods

Parametric curve-based methods model lane lines using a suitable mathematical formu-
lation, then fit lane lines based on the model. Parametric curve-based methods can nat-
urally learn holistic lane line representations [11]. In PolyLaneNet [12], a lane is rep-
resented as a polynomial curve and the parameters are directly regressed. In LSTR [13],
a cubic curve is used to approximate a lane line on a flat road surface and a Transformer
is proposed to estimate the parameters of the lane shape. In [14] a parametric Bézier
curves are employed to model the lane lines, enabling more flexible manipulation of
lane line shapes with just a few simple points. Curve fitting is sensitive to noise and
difficult to adapt to curvature mutation or bifurcation structure.
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In summary, while anchor-based methods achieve strong performance by leveraging
lane shape priors, a key challenge remains: how to generate high-quality initial anchors
and effectively refine them using contextual information. SRLane made a significant
step by proposing a two-stage sketch-and-refine pipeline. Our work, SRLane+, directly
builds upon and improves this framework. We focus on enhancing the spatial sensitivity
of the Sketch stage via position embedding, and significantly boosting the refinement
power via multi-scale feature fusion and a transformer decoder. This distinguishes our
approach from prior works that often focus on only one of the two stages.

3 Method

This section systematically presents the proposed SRLane+ framework. We first define
the lane and anchor representations used throughout the paper (Sec. 3.1). Then, we in-
troduce the overall two-stage architecture (Sec. 3.2). Specifically, we detail the position
embedding module designed to improve the Sketch stage, followed by the MSFF mod-
ule and the transformer decoder which form the core of our newly proposed Fine Re-
gression step in the Refinement stage. Finally, we describe the multi-task loss function
for end-to-end training (Sec. 3.3).

3.1 Lane representation

As in [1], [2], a lane is represented as a sequence of 2D points,

P = {(xO’J’o)' (X1, Y1) o) (pr—l'pr‘l)}’

where the y;are sampled at equal intervals in the vertical direction of the image, that is:

= (Np—1)H"

Vi (M

Here H represents the image height, and the x; is the x coordinate associated with the
corresponding y-value.

We adopt line anchors in this paper and an anchor can be regarded as a ray originating
from the starting point (x,, y5) and having a direction angle 6 (the angle with the x-axis),
with its parameterized representation being (xs, ys, 0). This line anchor aids the network
in locating lane lines precisely. Based on the N, sampled points, an anchor is repre-
sented as

pA — {(xé‘l, Vo), ___,(x,{,‘p_l,pr—1>}-
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Then the lane can be represented based on the anchor as:

p= {(x64 + Axo,¥0)) -t (x{ép_l + Apr—l:YNp—l)}- (2)

In the first stage, we predict the starting points and the direction of the anchor and obtain
the anchor point positions (x{}, ¥;). In the second stage, we predict the offset Ax; of each
point relative to the line anchor, and obtain the lane points using eq.2.

3.2 Architecture

The overall architecture is shown in Fig.1. It is a two-stage framework modified from
the SRLane [5]. Given an input image I € R#*W>3 the backbone is used to extract
multi-scale features from /. As in [5], ResNet is used as the backbone. At the first stage,
anchor proposals are generated from the local direction map. Different from the sketch
stage of SRLane, position embedding is fused with the feature maps to improve the
initial anchor proposals. At the second stage, a fine step is added in the refine stage of
SRLane (coarse step in Fig.1), in which multi-scale feature fusion module (MSFF) and
a decoder are designed to further refine the lane prediction.

1) Position Embedding: In the original SRLane, the Sketch stage predicts a local direc-
tion map purely from the backbone’s feature maps. We argue that these feature maps,
while semantically rich, lack an explicit sense of spatial location, which is crucial for
determining the precise starting point and the direction of a lane anchor. Therefore, we
introduce an extremely simple yet effective positional embedding strategy. Specifically,
the feature maps from the backbone are combined with multi-scale positional embed-
ding (PE). Then the direction map is estimated through convolutional layers. The multi-
scale positional embedding is generated as follows: For feature maps of various reso-
lutions (e.g., 40x100, 20x50, 10x25) from the backbone, corresponding positional em-
beddings are independently constructed for each scale. The position embeddings are
normalized to the range [0, 1].

PE,(i,)) = [i/hy, j/wi]. 3

Here(i, j) is the spatial coordinate, and h,and wy, are the dimensions of the k-th feature
map F,. Then the position embeddings are integrated into the feature maps by point-
wise addition.

F! = F, ® PE,. 4)
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In this method, PE is applied independently to each level of the original feature maps,
with the goal of preserving the original semantic features. In the low-level feature maps,
this method enables end-to-end propagation of detailed information. By encoding the
locations of details, it effectively improves the localization accuracy of lane edges in
the close range. In the high-level feature maps, encoding global positional information
enhances the continuity of lanes in the distant range.

First stage

7

anchor proposal
I

BackBone

Second stage

Coarse step

: = = e
Fine step I - (. [T
L > MSFF —— Deccoder - B L[]
I . Pl [T 11
| ) W -__4: : predicted lanes
|\ P

Fig. 1. Overview of the proposed method.

2) Multi-Scale Feature Fusion (MSFF) Module: The final two stage feature maps of

1 1 1 1
the backbone, F; € R&""3"*C and F, € Re™E" ¢ are selected to represent low-level
and high-level features, respectively, here C denotes the feature dimension, H and W
are the height and the width of the input image respectively. The MSFF module fuses
the high-level features F, and the low-level features F3. Initially, the MSFF module ad-
justs the high-level features to the same spatial size as the low-level features through
bilinear interpolation.

F, = Interpolate(F4,size = (H, W)). (5)

Then the module flattens the spatial dimensions of F; and F, , converting each feature
map into a sequence:
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Ffla = reshape(F;) € REXUH>xW)xC, (6)
Filt = reshape(F;) € REXUHXW)xC, 7

Use the low-level feature F; as the Query and the high-level feature F, as the Key and
the Value for cross attention calculation:

T
CrossAnt(Q,K,V) = softmax (Q% )V. (8)
Then, residual connections and LayerNorm are applied.
flat
F, = LayerNorm (F[“' + CrossAtt(Q, K, V)). 9)

The cross attention enables the model to effectively integrate features from different
levels. As shown in the experiments, the lane detection accuracy from the fused feature
is improved.

3) Decoder: We design a decoder as the final refinement engine, consisting of self-
attention and cross-attention layers, as shown in Fig. 2. The cross-attention, which uses
the lane proposals as queries and the fused feature F,,; from the MSFF module as keys
and values, serves as a powerful feature selector. It dynamically pools the most relevant
multi-scale contextual information for each anchor point, thereby integrating useful
scene context into the proposals. The calculation process of self-attention follows the
standard Query-Key-Value pattern,

SelfAtt(X) = softmax (M) XW,). (10)

where X represents the proposal feature. Wy, Wy and W, € R*€ are the parameters to
be learned.

Then residual connections and layer normalization are applied.

X' = LayerNorm(X + SelfAtt(X)) . (11)
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Multi-Head
Cross-Attention

Multi-Head

Self-Attention

Multi-scale feature fusion

Decoder

Fig.2. Architectures of the MSFF module and the decoder of the fine step.

As shown in Fig.1, the predicted offset of the decoder is added to the prediction of the
coarse step to generate the refined lane prediction.

3.3 Loss functions

The loss function of the lane detection model adopts a multi-task learning framework,
including classification loss, regression loss and IoU loss to form an end-to-end opti-
mization objective. The overall loss function can be expressed as:

Ltotal = Lcls + /11Ll1 + /12Liou . (12)

Each component of the loss function works collaboratively to ensure optimal model
performance across multiple dimensions, including classification accuracy, localization
precision, and structural rationality. L., employs Focal Loss to distinguish between the
foreground (lane lines) and the background. L;; is utilized to optimize the prediction of
the lane line’s starting point coordinates and the direction. Line IoU loss L;,, [3] is em-
ployed to optimize the spatial overlap between the predicted lane lines and the ground
truths. We set 4; = 1.0 and A, = 2.0 in experiments.
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4 Experiments

In this section, we first introduce implementation details, two public datasets used in
the experiments and evaluation metrics, then present the experimental results and com-
pare them with existing methods. Finally we discuss the ablation study and demonstrate
the effectiveness of each proposed component.

4.1 Implementation Details

The models were implemented on PyTorch. ResNet18 and ResNet34 are selected as the
backbone network. Multi-scale feature maps from the last three(two) stages are used in
the first(second) stage. Input images are adjusted to a fixed size (800 x 320). Batch size
is set to 24. In the optimizing process, we use the AdamW optimizer with an initial
learning rate of 10~ and cosine decay learning rate strategy. Random flipping, affine
transformation, color jitter and JPEG compression techniques are used for Data aug-
mentation to improve the robustness and generalization ability of the model.

4.2 Datasets

The experiments are conducted on two widely used lane detection datasets CULane and
TuSimple. CULane is a large-scale dataset in the field of lane detection, including
88,880 training frames, 9,675 validation frames and 34,680 test frames. The dataset
covers a variety of complex road scenes, including different weather conditions, illu-
mination changes, the degree of wear of road marking lines, and a variety of lane types
such as straight, turning, bifurcation, etc. Therefore, the CULane dataset is very suitable
for evaluating the performance of lane detectors in diverse real-world driving scenarios.
The TuSimple dataset contains 3,626 training images and 2,782 test images, mainly
collected in highway scenes. Compared with CULane, TuSimple focuses more on eval-
uating the performance of the algorithm in the highway environment, where the lane
lines are relatively regular, but there are still some challenges, such as the distinction
between the dashed and solid lines of the lane line, the curvature change of the lane line,
etc.

4.3 Evaluation metrics

In the experiment, accuracy (Acc), F1 score, false positive (FP) and false negative (FN)
are used as the main evaluation indicators. F'1 score is the harmonic average of Preci-
sion and Recall, which can comprehensively reflect the accuracy and integrity of the
model when detecting lane lines. Acc and F1 are defined as:

Acc = — 2T (13)

TP+FN+TN+FP’
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F1 =2x PrecisionXRecall (14)

Precision+Recall ’

Precision = — , (15)
TP+FP

Recall = —=—. (16)
TP+FN

Table 1. Experimental results on the CULane dataset. Top panel and bottom panel in-
clude keypoint-based and proposal-based methods respectively. Results of SRLane*
are from our re-implementation.

No-
Method Backbone F1@50 Normal Crowded Dazzle Shadow i Arrow Curve Night Cross GFlops
ine

LaneAF [15] DLA34 774 918 75.6 71.8  79.1 51.4 869 72.0 73.0 1360
FOLOLane [16] ERFNet 788 92.7  77.8 752 793 52.1 89.0 69.4 745 1569 -
GANet [17] ResNetl8 78.8 932 772 712 779 53.6 89.6 759 72.8 1240
RCLane [18]  SegBO  79.5 934 779 73.3  80.3 53.8 89.0 75.7 743 1298

Laneformer [19] ResNet18 71.71 88.60  69.02 64.07 65.02 45.0081.55 60.46 64.7625 13.8
LaneATT [2]  ResNetl8 75.13 91.17 72.71 65.82 68.03 49.1387.82 63.75 68.58 1020 9.3
O2SFormer [20] ResNet18 76.07 91.89 73.86  70.40 74.84 49.8386.08 68.68 70.74 2361 15.21
SGNet [21] ResNetl8 76.12 91.42 74.05 66.89 72.17 50.1687.13 67.02 70.67 1164
CondLane [22] ResNetl8 78.14 92.87 7579  70.72 80.01 52.3989.37 72.40 73.23 1569 10.2
AQ-LTR [23] ResNetl8 79.31 93.09 78.23 73.73 80.66 53.7289.98 71.71 74.43 1927 19.14
CLRNet [3] ResNetl18 79.58 93.30 78.33 73.71 79.66 53.1490.25 71.56 75.11 1321 11.9
SRlane [5] ResNetl8 789 935 778 71.6 788 52.1 90.2 747 747 1365
SRLane* ResNetl8 79.56 9331 7836  73.41 82.20 55.5089.93 74.99 74.39 1348 11.37
SRLane+(ours) ResNetl8 80.14 93.80 78.52 75.31 82.24 56.0589.52 77.71 75.55 1437 16.01

UFLDv1 [8] ResNet34 72.30 9030 7230 6630 68.40 49,8083.70 65.20 67.70 1427 16.9
Laneformer [19] ResNet34 74.70 90.74 72.31 69.12 71.57 47.3785.07 65.90 67.7726  23.0
UFLDv2 [9] ResNet34 7590 92.70 77.80 7520 79.30 52.1089.00 69.40 74.50 1569
LaneATT [2]  ResNet34 76.68 92.14 75.03 66.47 78.15 49.3988.38 67.72 70.72 1330 18.0

O2SFormer [20] ResNet34 77.03 92.50 75.25 7093 77.72 50.9787.63 68.10 72.88 2749 25.05
SGNet [21] ResNet34 77.27 92.07 75.41 67.75 7431 50.9087.97 69.65 72.69 1373
AQ-LTR [23] ResNet34 79.52 9343 7846  75.60 81.84 54.1390.22 71.74 74.72 2029 27.93
CLRNet [3] ResNet34 79.73 9349 78.06  74.57 79.92 54.0190.59 72.77 75.02 1216 21.5

FLAMNet [4] ResNet34 80.15 93.61 78.35 73.64 8131 53.6890.67 73.38 75.50982 30.1

SRLane+(ours) ResNet34 80.35 93.84 79.08  75.51 82.35 56.5490.72 77.75 75.64 1475 25.47

Among them, the precision measures how many of the samples predicted by the model
as lane lines are real lane lines; the recall rate measures how many of all actual lane
lines are correctly detected by the model. False Positive (FP) indicates that the model
incorrectly predicts non-lane areas as the lanes. The low FP value means that the model
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has high specificity when detecting lane lines. False negative (FN) represents the num-
ber of actual lane lines that the model fails to detect correctly. The lower FN value
indicates that the model has higher sensitivity and can identify more real lane lines.

4.4 Results

We evaluate our proposed method on the CULane and TuSimple datasets and compare
it with other mainstream lane detection methods.
Results on Culane: As showed in Table 1, our method achieves F1 score of 80.14
(80.35) using ResNet18 (ResNet34) as the backbone, which are higher than other net-
works with the same backbone. Compared with the baseline model SRLane, ResNet18
has improved F1 scores in total and in most scenarios. Especially, the F'1 score is in-
creased from 74.99 to 77.71 for the curve lanes, and from 73.41 to 75.31 for the dazzle
scenes, indicating that our method performs better in these challenging scenarios.
ResNet34 backbone further improves the performance of the model, achieving the
highest F'1 score 80.35 in all scenarios. This shows that increasing the network depth
can improve the detection accuracy to a certain extent with more computational cost.

Table 2. Experimental results on the TuSimple dataset.

Method Backbone Acc(?) F1(1) FP(}) FN(])
LaneAF [15] DLA34 95.62 96.49 2.80 4.18
GANet [17] Resl8 95.95 97.71 1.97 2.62
RCLane [18] SegB0 96.58 97.64 2.21 2.57
FOLOLane [16] ERFNet 96.92 96.59 4.47 2.28
CondLane [22] ResNet18 95.48 97.01 2.18 3.80
LaneATT [2] ResNet18 95.57 96.71 3.56 3.01
UFLDv2 [9] ResNet18 95.65 96.16 3.06 4.61
CLRNet [3] ResNet18 96.84 97.89 2.28 1.92
SRLane [5] ResNet18 96.85 97.66 2.80 1.85
SRLane* [5] ResNet18 95.47 97.07 2.38 3.50
SRLane+(ours) ResNet18 96.36 97.45 2.32 2.77
CondLane [22] ResNet34 95.37 96.98 2.20 3.82
LaneATT [2] ResNet34 95.63 96.77 3.53 2.92
UFLDvl1 [8] ResNet34 95.86 88.02 18.91 3.75
UFLDv2 [9] ResNet34 95.72 88.14 18.54 3.60
CLRNet [3] ResNet34 96.87 97.82 2.27 2.08
FLAMNet [4] ResNet34 96.94 97.83 2.43 1.89
LaneFormer [19] ResNet34 96.56 95.60 5.39 3.37
SRLane* [5] ResNet34 95.45 97.10 2.37 3.47

SRLane+(ours) ResNet34 96.47 97.32 2.26 3.11
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Fig. 3. Visualization of the detection results of SRLane and our method on CULane test

set.

Results on TuSimple: We evaluate our proposed method on the TuSimple dataset and
compare it with other mainstream lane detection methods in Table 2. Due to the limited
scale and homogeneous highway scenarios in the TuSimple dataset, the performance
gap between different methods remains marginal. Our method achieves F1 scores of
96.36 and 97.47, FP of 2.32 and 2.26 using ResNet18 and ResNet34 backbone respec-
tively, which are comparable with the baseline SRLane and the SOTA methods.

Table 3. Ablation experimental results on the CULane dataset.

Baseline PE MSFF Decoder Fl@50
\ 79.56
\ \ 79.80
\ \ \ 80.02
\ \ \ \ 80.14

4.5  Ablation study

In Section III, we have described our proposed module including PE, MSFF and the
decoder. In this section, we conduct detailed ablation experiments on the CULane da-
taset to verify the effectiveness of each module. We used ResNet18 as the backbone
and the re-implemented SRLane as our baseline, and progressively incorporated the PE,
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MSFF and the decoder to evaluate the contribution of each component. The ablation
study results are presented in Table 3.

Position Embedding (PE): By integrating position embed- ding to the feature maps,
the F1 score is improved from 79.56 to 79.80, indicating PE can improve the initial
proposals of the first stage.

PE+Decoder: By integrating PE and the decoder, the F1 score is further improved to
80.02, indicating the decoder of the fine regression can improve the detection results.

PE+MSFF+Decoder: When further integrating MSFF, the model achieves the best F1
score 80.14.

The ablation experiment results indicate that the proposed modules are effective. The
position embedding provides crucial spatial position information for the anchor gener-
ation. MSFF enhances the model’s ability of feature extraction. The decoder integrates
context information from the fused feature with the anchors, improving the detection
performance. The combination of all three modules achieves the best results on the
CULane dataset.

4.6  Visualization of the lane detection results

The lane detection results of our method and SRLane are visualized and compared in
Fig.3. In the crowd and no-line scenes, SRLane fails to detect the lanes occluded by the
vehicles. In the light, shadow and night scenes, SRLane fails to detect the lane affected
by the light and the shadow. In the curve scene, SRLane fails to predict the curve shape
of the lane and misses one lane. Our method succeeds in all above scenes. In the arrow
scene, our method fails to detect the second lane from the left while SRLane fails on
two lanes. Visualization results indicate that our proposed method performs better in
these challenging scenarios, especially on the curve lanes, consistent with the quantita-
tive comparison in Table 1.

477  Model Complexity

As show in Table 1, compared with the baseline SRLane, GFLOPS is increased from
11.37 to 16.01. The proposed method improves detection accuracy with more compu-
tational cost from the fine regression step.
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Conclusion

In this paper, we proposed an improved sketch and refinement approach based on a
two-stage lane detection framework. The framework fuses position embedding and
multi-scale features in the first stage to generate preliminary lane proposals. In the sec-
ond stage, these proposals are refined using self-attention and cross-attention mecha-
nisms to enhance detection accuracy. Our method achieves F1-score of 80.35 on the
CULane dataset, outperforming state-of-the-art methods. Future work could integrate
3D geometric information and dynamic lane generation strategies to improve the capa-
bility in handling complex scenarios.
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