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Abstract

Accurate lane detection is essential for autonomous driving, but the elongated geometry of
lane markings and the information loss caused by perspective projection still make continu-
ous lane perception challenging. Existing Convolutional Neural Network (CNN) methods
are limited by fixed receptive fields and repeated downsampling, which can weaken narrow
curvilinear structures and distant lane details. To address these issues, this paper proposes
an enhanced single-stage lane instance segmentation framework based on YOLOv11. Dy-
namic Snake Convolution (DSConv) is integrated into the feature extraction network as
an adaptive sampling operator for finite-width lane-mask representations, enabling local
sampling trajectories to better follow narrow curved lane structures. A high-resolution
P2 branch (Stride = 4) is further constructed in the Feature Pyramid Network (FPN) to
compensate for fine-grained spatial details lost in deep feature maps. A reproducible point-
to-mask training and mask-to-point evaluation pipeline is also established for the sparse
TuSimple annotations. Experiments on the TuSimple benchmark, which mainly represents
structured daytime highway scenes, show that the proposed method improves mask Pre-
cision, Recall, and mAP50 by 8.5, 9.0, and 6.8 percentage points, respectively, compared
with YOLOv11-seg, while reaching 103.09 FPS under the reported testing configuration.
Qualitative results on a newly constructed CULane subset further indicate improved lane
continuity under reflections, illumination changes, night scenes, and complex urban back-
grounds, while failure cases reveal remaining sensitivity to lane-like linear structures and
weak lane visibility. The results suggest a practical accuracy–efficiency trade-off within the
YOLO-style segmentation framework, although robustness in broader real-world scenarios
still requires further verification.

Keywords: lane detection; instance segmentation; dynamic snake convolution; YOLOv11;
autonomous driving

1. Introduction
As a core component of autonomous driving perception systems, lane detection tech-

nology provides crucial environmental semantic information for Lane Keeping Assistance,
Adaptive Cruise Control, and trajectory planning [1–3]. Despite significant progress in
visual perception technology in recent years, lane markings—as a specific type of road
sign—still present severe challenges for high-precision detection due to their inherent
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geometric attributes: thin curvilinear strip-like structures, extreme aspect ratios, and drastic
scale changes under perspective projection. How to maintain the structural continuity
of lane markings while ensuring real-time performance remains an urgent problem to
be solved.

Current lane detection algorithms can be broadly categorized into two classes: tra-
ditional digital image processing-based methods and deep learning-based methods. In
traditional lane detection research, algorithms typically rely on hand-crafted feature ex-
traction techniques and geometric modeling methods. Common feature extraction means
include edge detection, color feature analysis, and texture feature extraction [4]. Regarding
geometric modeling, linear models, curve models, or hybrid models are often adopted to
fit lane lines.

Yoo et al. [5] proposed a gradient-enhancing conversion method based on linear
discriminant analysis, achieving robust detection under multi-illumination conditions by
dynamically optimizing grayscale image weights. This method still has limited adaptability
in complex scenes such as extreme multi-source lighting or large curvature curves. Jiang
and Li [6] employed an improved Hough transform combined with Kalman filter tracking
to enhance the real-time performance and noise robustness of straight line detection,
yet its adaptability remains constrained on roads with complex large curvatures. Wang
et al. [7] proposed a visual detection algorithm based on a straight–curve model, achieving
smooth transitions between straight and curved roads through piecewise modeling and
geometric constraints. While suitable for roads with small to medium curvature, it lacks
generalization capability for large curvature curves and unstructured roads. Although
hand-crafted features align with human visual intuition, they rely on expert experience
and have limited generalization capabilities. Traditional visual methods often fail to stably
and correctly detect lanes when facing complex environments such as occlusion, missing
lane markings, or uneven lighting.

In recent years, benefiting from the rapid development of deep learning technology
and the significant improvement in the computing power of onboard computing plat-
forms, deep learning-based lane detection methods have made breakthrough progress.
Compared to traditional algorithms relying on manual features, deep learning models
can automatically learn high-level semantic features of images, significantly enhancing
detection robustness in complex scenes [8–11].

In early research, Line-CNN [12], inspired by Faster R-CNN [13], achieved effective
lane localization by designing an LPU module similar to a Region Proposal Network and a
ray-based anchor mechanism. Its high computational complexity limited inference speed
and became a bottleneck for real-time applications. Addressing real-time requirements, Qin
et al. [14] proposed the UltraFast algorithm, which adopted a lightweight backbone and a
structure-aware module to drastically improve detection speed. This model has limited
modeling capability for geometric structures, resulting in a significant drop in accuracy
when dealing with large curvature curves or drastic lane changes [15,16].

Among segmentation-based methods, Neven et al. [17] proposed LaneNet, which
pioneered the instance segmentation detection paradigm. By assigning an embedding
vector to each pixel to distinguish different lane instances, it broke free from the limitation
of a fixed number of lanes. The detection accuracy of this method is heavily influenced
by embedding quality, and the MeanShift clustering algorithm in post-processing is com-
putationally expensive, making it difficult to meet the high real-time requirements of
autonomous driving systems. To address the shortcomings of LaneNet, Guo et al. [18] in-
troduced a dual attention mechanism to enhance feature representation from both channel
and spatial dimensions, effectively improving the model’s perception of lane structures
and anti-interference capability under complex backgrounds. Spatial Convolutional Neural
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Network (SCNN) [19] enabled the network to fully model the long-range spatial dependen-
cies of lanes through a row-wise and column-wise message passing mechanism. Although
this structure fits the morphological characteristics of lanes, the dense message passing
operations lead to a substantial increase in computational volume, resulting in low network
efficiency and high hardware requirements [20–23].

The application of attention mechanisms has further propelled the development of
the field. Hou et al. [24] proposed a self-attention distillation method, which significantly
enhanced the model’s ability to extract lane features by guiding the shallow network to
learn rich structural information from deep features. This work promoted the widespread
application of attention mechanisms in lane detection, providing new ideas for lightweight
and high-performance model design. Ai et al. [25] combined a small object category atten-
tion mechanism with a multi-scale feature fusion strategy, optimizing for the characteristics
of small and sparsely distributed lane targets in unstructured road scenes, thereby im-
proving segmentation accuracy and adaptability in complex environments such as rural
roads and curves. Building on the Transformer architecture, Han et al. [26] designed a
lane-specific self-attention mechanism that effectively captures the overall shape features
and local semantic information of lanes by modeling long-range dependencies between
pixels. This method performs outstandingly in curve fitting and occlusion recovery tasks
but entails relatively large computational overhead [27,28].

Despite the significant progress made by deep learning-based methods, they generally
face problems such as large model parameters, high computational complexity, or heavy
reliance on cumbersome post-processing. Consequently, it is difficult to satisfy the dual
standards of high accuracy and high real-time performance simultaneously on resource-
constrained onboard devices.

Targeting the contradiction between computational efficiency and geometric percep-
tion capability mentioned above, this paper proposes an improved YOLOv11 structure-
aware instance segmentation network. The novelty of this work lies in the task-oriented
adaptation and systematic evaluation of DSConv and a high-resolution P2 branch within a
lightweight YOLOv11-seg lane instance segmentation framework. Beyond architectural
adaptation, this work also establishes a reproducible point-to-mask supervision and mask-
to-point evaluation pipeline for applying YOLO-style instance segmentation to TuSimple
sparse lane annotations. The main contributions of this paper are summarized as follows.

1. Task-oriented DSConv adaptation for lane masks. We incorporate the existing
DSConv operator into the YOLOv11-seg backbone and neck to reduce the geometric
mismatch between fixed square convolution kernels and elongated lane-mask struc-
tures. This adaptation is designed to improve the continuity of curved lane responses
while retaining the real-time characteristics of a single-stage detector.

2. High-resolution spatial compensation. We construct a high-resolution P2 feature
pyramid branch (Stride = 4) to alleviate the loss of fine spatial details caused by
repeated downsampling. This branch is intended to improve the segmentation of
distant, narrow, and worn lane markings, which are easily weakened in P3–P5-only
prediction heads.

3. Reproducible point-to-mask supervision and evaluation pipeline. We transform
the sparse TuSimple lane points into finite-width instance masks using a fixed mor-
phological dilation setting shared by all YOLO-based baselines, and restore predicted
masks to point sequences for official TuSimple evaluation. This protocol enables the
YOLO-based segmentation framework to be trained and evaluated consistently under
both mask-level and point-level metrics, making the reported improvements more
traceable and reproducible.
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2. Proposed Model
2.1. YOLOv11 Baseline Model

As the latest iteration of current one-stage detectors, YOLOv11 has undergone deep
reconstruction in feature extraction and multi-scale fusion, inheriting the efficiency of
YOLOv8 [29–35]. This model follows the classic Backbone–Neck–Head design paradigm,
aiming to achieve the optimal balance between real-time performance and accuracy.

In the Backbone level, YOLOv11 upgrades the original C2f module to the C3k2 struc-
ture. By introducing adjustable kernel sizes and residual connections [36], C3k2 enhances
the gradient flow efficiency of shallow features. Additionally, the model embeds a Cross
Stage Partial Spatial Attention (C2PSA) module after the Spatial Pyramid Pooling—Fast
(SPPF) layer, utilizing attention mechanisms to strengthen global perception of key spatial
features [37]. In the Neck, the architecture continues the Path Aggregation Network (PANet)
design [38], achieving efficient fusion of multi-scale semantic features through bidirectional
top-down and bottom-up paths. The Head adopts a decoupled design (Decoupled Head),
separating classification and regression tasks, which, combined with the Anchor-Free mech-
anism [39], significantly reduces computational load. The model structure is shown in
Figure 1.
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Figure 1. YOLOv11-seg baseline architecture.

2.2. Analysis of Limitations in YOLOv11

Although YOLOv11 demonstrates excellent real-time performance and generalization
in general object detection, its Convolutional Neural Network (CNN) Architecture designed
for blocky objects (e.g., vehicles, pedestrians) exhibits significant architecture–feature
misalignment when processing lanes with slender curvilinear structural features [15]. We
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concretize this misalignment into the following three core challenges, which serve as the
direct motivation for our improvement strategy.

1. Geometric Misalignment of Standard Convolution. YOLOv11’s feature extraction
relies on fixed 3× 3 standard square kernels [40]. This fixed grid sampling mechanism
assumes targets have compact spatial distributions. Lanes are typical non-rigid long
strip manifolds, with curvatures changing drastically in image space. When a square
receptive field is applied to large curvature curves, the sampling grid inevitably covers
a large amount of irrelevant background area, leading to valid lane texture features be-
ing diluted in feature maps. This geometric non-adaptability makes it difficult for the
network to precisely decouple high-frequency edge details of lanes from background
noise under complex backgrounds. To this end, this paper introduces DSConv [40] to
address this geometric misalignment through adaptive deformation sampling.

2. Spatial Information Dissipation in Deep Layers. Accurate lane segmentation relies
heavily on pixel-level spatial localization precision. Native YOLOv11 employs strided
convolution to construct a deep network with a maximum downsampling rate of
32×, causing feature map resolution to drop drastically. For distant vanishing points
or lanes with extremely narrow visual widths [41], their critical geometric features
are easily smoothed or completely lost (Vanishing) during multiple pooling and
strided convolution processes [20]. This high-semantics, low-resolution feature level
distribution directly leads to missed detections and discontinuities for subtle targets,
making it difficult to meet the continuity and localization requirements of lane-level
navigation. Targeting this bottleneck, this paper constructs a high-resolution P2 branch
(Stride = 4) to compensate for spatial information dissipation by explicitly introducing
shallow details. Earlier lane-detection studies likewise emphasized vanishing-point
guidance and lane-sensitive architecture design for preserving global lane geometry
under perspective distortion [42,43].

3. Conflict between Local Texture Perception and Long-range Structural Continuity.
In complex scenarios such as TuSimple, lane lines often suffer from interference due
to illumination changes, wear, blur, and vehicle occlusion. Semantic segmentation
essentially belongs to pixel-level classification; standard convolution mainly focuses
on local texture features and lacks the ability to explicitly model long-range context
dependency [21]. Due to the insufficient perception of the overall lane direction, the
model often struggles to infer disconnected segments when facing occluded or blurred
areas, resulting in discontinuous lane-mask responses. This paper uses the iterative
sampling mechanism of DSConv to extend local feature aggregation along curvilinear
structures, thereby improving the structural continuity of lane-mask responses.

In summary, to break through the performance bottleneck in slender structure seg-
mentation while maintaining the high inference speed advantage of the YOLO series,
this paper proposes a real-time lane segmentation solution that balances computational
efficiency with geometric perception capability. By introducing adaptive sampling and
a high-resolution feature pyramid, the proposed framework aims to improve the extrac-
tion of narrow curvilinear lane-mask features and the preservation of distant fine-grained
spatial details.

2.3. Model Overall Architecture

As shown in Figure 2, based on the YOLOv11n-seg baseline, this paper constructs an
instance segmentation framework that balances lightweight design with structure-aware
perception capability. Targeting the geometric characteristics of lanes, we modify the feature
extraction and multi-scale fusion stages.
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Figure 2. Overall architecture of the proposed lane instance segmentation network.

In the Backbone and Neck, we replace the standard C3k2 modules with the proposed
C3k2_DSConv modules. This design integrates DSConv, aiming to introduce adaptive
sampling for slender curved features while maintaining deep semantic reuse.

Addressing the scale differences caused by perspective effects, we construct a four-
scale feature pyramid (P2–P5). Specifically, we introduce a high-resolution P2 branch
(Stride = 4) into the bidirectional fusion path (Feature Pyramid Network (FPN) and PANet).
This enables the prediction head to operate on a finer spatial grid, enhancing detection
capabilities for distant texture-less targets. The implementation keeps the fusion path
focused on the P2–P5 multi-scale prediction structure.

In the segmentation head design, this paper adopts an asymmetric input strategy:
the prototype branch utilizes P3 features to balance memory consumption, while the
detection branch retains complete P2 input to ensure pixel-level regression accuracy for
lane boundaries.

2.4. Structure-Aware Recognition Based on Dynamic Snake Convolution

Addressing the geometric misalignment problem caused by standard convolutions
being limited to fixed rectangular sampling grids as described in Section 2.2, this paper
integrates DSConv [40] into the backbone and neck networks. Unlike traditional strategies
that attempt to enlarge the receptive field by stacking convolution layers, DSConv allows
the convolution kernel to adaptively adjust sampling positions based on the gradient
changes of input features, thereby improving the coverage of finite-width curvilinear
lane-mask structures without increasing computational depth.
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2.4.1. Construction of the C3k2_DSConv Module

To incorporate morphology-adaptive feature extraction into the network, this paper de-
signed the C3k2_DSConv module, as shown in Figure 3. This module follows the Cross Stage
Partial (CSP) design. Input features are first channel-compressed via a 1 × 1 convolution
and then split into a main branch and a residual branch. The main branch serially stacks N
Bottleneck_DSConv blocks for non-linear curvilinear feature extraction, while the residual
branch is used to retain original information and promote stable gradient propagation.
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Figure 3. Structure of the C3k2-DSConv module.

Inside the Bottleneck_DSConv, as shown in the magnified view in Figure 3, this paper
replaces the standard 3× 3 convolution in the residual bottleneck with DSConv. This allows
the sampling grid of the convolution kernel to adaptively adjust according to the slender
and curved morphology of the lanes. The outputs of the two branches are concatenated and
then fused and remapped via a 1 × 1 convolution to obtain the module output feature map.

2.4.2. Iterative Adaptive Sampling Mechanism

The core innovation of DSConv lies in breaking the free diffusion mode of sam-
pling points in standard Deformable Convolution [44]. Instead, it proposes a coordinate
generation strategy based on Iterative Accumulation to maintain the continuity of elon-
gated structures.

As shown in Figure 4a, the rigid square grid of standard convolution struggles to
fit curved lane structures, leading to sparse effective features; in contrast, DSConv can
dynamically adjust sampling points according to the target morphology, improving the
coverage of narrow strip-like lane masks. This is intuitively verified in feature responses:
as shown in Figure 5, the response of standard convolution in high-curvature regions often
appears discontinuous, manifesting as local fractures in continuous structures, whereas the
adaptive sampling of DSConv can more stably aggregate high response values along the
lane direction, thereby reducing local mask fragmentation in the illustrated example.
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(b) Iterative Constraint Mechanism
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Figure 4. Comparison of geometric adaptability and iterative coordinate generation in DSConv.

Feature Map

(a) Input Image(a) Input Image (b) Standard Convolution(b) Standard Convolution (c) DSConv Feature Map(c) DSConv Feature Map

Feature Map

(a) Input Image (b) Standard Convolution (c) DSConv Feature Map

Figure 5. Visual comparison of feature responses generated by standard convolution and DSConv on
a curved lane-like structure.

The specific coordinate generation mechanism is shown in Figure 4b. DSConv decou-
ples the deformation of the convolution kernel into two independent processes along the
orthogonal X-axis and Y-axis. Taking the X-axis direction as an example, for a convolution
kernel of size K, the selection of its grid positions is a cumulative process. Assuming the
center coordinate is Ki, the coordinate of the grid point at distance c from the center is not
fixed but is based on the previous position plus a learnable offset.

The coordinate calculation formula is shown in Equation (1).

Ki±c =


(xi+c, yi+c) = (xi + c, yi +

i+c
∑
i

∆y),

(xi−c, yi−c) = (xi − c, yi +
i

∑
i−c

∆y),
(1)

Similarly, deformation in the Y-axis direction follows a similar iterative logic. This
Chain-like Dependency mechanism ensures the continuity of the convolution kernel’s
receptive field, enabling it to adaptively fit the curved geometric features of lanes and
effectively suppressing uncontrolled drift of the receptive field towards background regions.

2.4.3. Dual-Path Parallel Implementation and Feature Resampling

In specific implementation, the DSConv module adopts a dual-path parallel mod-
eling architecture (as shown in Figure 6). Input feature maps are fed into the DSConv_x
and DSConv_y branches respectively to independently capture morphological features in
orthogonal directions.

Within each branch, an Offset Conv layer first regresses the incremental offset field for
the corresponding axis. Subsequently, a Grid Generator calculates the deformed sampling
coordinates based on the iterative strategy of Equation (1). Given that the calculated
coordinates are usually floating-point numbers, to ensure differentiability of operations
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and enable end-to-end training, this paper adopts Bilinear Interpolation to map feature
values from continuous space to the discrete grid.

K′ = ∑
q

G(q, p) · X(q), (2)

where X(q) is the feature value at integer position q in the feature map, G(·) is the interpo-
lation kernel, and p is the deformed coordinate. The output features of the two orthogonal
branches are fused through element-wise summation and processed via Batch Normaliza-
tion (BN) and activation functions. This design supports the model’s adaptation to the
variable morphology of lanes and helps preserve the continuity of slender structures.

Input
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Figure 6. Internal implementation flowchart of the DSConv module.

2.4.4. Applicability of DSConv to Narrow Lane Structures

Lane markings in camera images are closer to one-dimensional centerline structures
with finite annotation width than to wide tubular anatomical objects. Therefore, this
study does not assume that lanes and vessels are morphologically identical. After the
sparse TuSimple lane points are converted into dilated binary masks, each lane instance
becomes a narrow strip with a finite width, which provides a practical supervision form
for DSConv-based adaptive sampling.

Under this mask-based setting, DSConv is used to guide the sampling trajectory along
the local lane direction on intermediate feature maps. Its iterative accumulation mechanism
constrains neighboring sampling locations to evolve in a chain-like manner, reducing
unrestricted offset drift toward background regions. This design is expected to improve
local continuity for curved lane masks, and its actual effect is evaluated through ablation
experiments and qualitative comparisons.

2.5. Feature Reconstruction with High-Resolution P2 Branch

In the YOLOv11 baseline architecture, the detection and segmentation heads mainly
rely on P3, P4, and P5 feature levels, with corresponding downsampling strides of 8, 16, and
32, respectively. Although this multi-scale design effectively balances semantic information
and computational efficiency in general object detection tasks, it reveals limitations when
processing lane segmentation tasks. As typical slender curvilinear strip-like structures,
under the influence of image perspective effects, distant lanes often appear as extremely
narrow lines or even discrete pixels, possessing extremely low spatial occupancy. As the
downsampling rate increases, these critical subtle geometric features are easily smoothed or
lost during the feature abstraction process of deep networks, leading to fractures, blurring,
or even missed detections in distant lane segmentation results, seriously affecting the
model’s reconstruction of continuous lane structures.

To break this resolution bottleneck, this paper constructs a dedicated high-resolution
P2 branch (downsampling stride is only 4) in the FPN [45]. Shallow feature maps rich in
texture and edge information are introduced into the multi-scale fusion path, forming a
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P2–P3–P4–P5 four-scale prediction system. The introduction of the P2 branch explicitly
compensates for the lack of spatial geometric information in the deep network, allowing the
model to perform regression on subtle targets directly on a higher-resolution feature map.
This not only enhances the model’s response intensity to distant extremely narrow lanes
but also improves the boundary localization accuracy for severely worn or discontinuous
lanes, realizing refined reconstruction of lane structural details [46–48].

The P2 branch provides high-resolution spatial details, while the P3–P5 branches
provide progressively stronger semantic information; after concatenation, the multi-scale
features are further refined by subsequent C3k2_DSConv blocks so that high-resolution spa-
tial compensation and local morphology-adaptive feature extraction can be jointly learned
during training. DSConv mainly addresses the geometric mismatch of fixed convolutional
sampling and the local continuity of curved lane masks, whereas the P2 branch compen-
sates for the loss of fine-grained spatial details caused by repeated downsampling. Their
combination is designed as a practical trade-off between local morphology adaptation and
high-resolution spatial compensation. The high-resolution P2 branch increases the number
of feature locations involved in the subsequent fusion path, and the computational cost
may increase if offset-related operations are not constrained. To reduce this risk, the P2
branch is used as an additional prediction and fusion level rather than replacing all deeper
feature levels. DSConv is embedded within the C3k2 structure instead of being applied as
an independent dense offset module to all raw high-resolution feature maps.

3. Experimental Setup and Evaluation Metrics
3.1. Experimental Environment Configuration

The experimental environment configuration is as follows: Windows 11 operating
system, CPU: 12th Gen Intel® Core™ i5-12600KF (3.70 GHz), GPU: NVIDIA GeForce RTX
4060 Ti (16 GB), 32 GB RAM. The programming language is Python 3.12.7, the deep learning
framework is PyTorch 2.5.1, and CUDA version is 12.7.33.

3.2. Training Configuration and Reproducibility Settings

To improve reproducibility, all YOLO-series models were trained under the same
input resolution and training schedule. The input images were resized to 640 × 640. The
batch size was set to 32, and four data-loading workers were used. All models were
trained for 100 epochs using the YOLO segmentation loss, which consists of bounding-box
regression loss, classification loss, distribution focal loss, and mask loss. The optimizer was
initialized according to the YOLO training configuration, with an initial learning rate of 0.01,
momentum of 0.937, and weight decay of 0.0005, followed by cosine learning-rate decay
and warm-up in the early training stage. The same data augmentation strategy, including
random scaling, flipping, and color perturbation, was applied to all YOLO-based models.

Model selection was performed using the best checkpoint on the validation set accord-
ing to mask mAP50, and the selected checkpoint was then evaluated on the test set. During
inference, the confidence threshold, non-maximum suppression setting, input resolution,
and mask-to-lane restoration procedure were kept identical for YOLOv11-seg and the
proposed model to ensure that the observed improvement mainly originated from the
architectural modifications.

3.3. Dataset

To ensure the scientific validity and comparability of the research results, this paper
selects the authoritative and widely cited TuSimple dataset in the computer vision field for
experimental verification. Originating from the 2017 TuSimple Lane Detection Challenge,
this dataset serves as one of the authoritative benchmarks in academia for evaluating the

https://doi.org/10.3390/electronics15143213

https://doi.org/10.3390/electronics15143213


Electronics 2026, 15, 3213 11 of 23

performance of lane segmentation algorithms. The experiment strictly follows the official
partition protocol, dividing the 6408 sampled images into a training set of 3268 images,
a validation set of 358 images, and a test set of 2782 images, with detailed information
presented in Table 1. This standardized data partitioning is widely adopted by main-
stream algorithms such as SCNN, LaneATT, and Ultra-Fast Lane Detection (UFLD), thereby
providing a fair comparison benchmark for the improved YOLOv11 model proposed in
this paper.

Table 1. Detailed information of the TuSimple dataset.

Dataset Training Set Validation Set Test Set Lanes Environment Resolution

TuSimple 3268 358 2782 ≤5 Highway 1280 × 720

The original annotations of the TuSimple dataset are sparse discrete points, while
the YOLOv11 segmentation head requires polygon masks as supervision signals. To
resolve this modality mismatch, this paper adopts a label generation strategy based on
morphological dilation. Specifically, we first reconstruct the lane centerline based on
original coordinate points [49,50] and use it as an axis to perform morphological dilation
with a fixed width (set to 6 pixels in this paper) to generate binary segmentation masks
with physical meaning. Because the generated mask width directly affects mask-level IoU
and mAP50, the same mask-generation width is used for all compared YOLO models to
avoid preprocessing-induced bias. On this basis, we map the masks to polygon vertex
sequences through a contour extraction algorithm and introduce the Douglas–Peucker
algorithm for adaptive downsampling of vertices, eliminating redundant noise while
retaining geometric precision. The finalized normalized labels not only fit the supervision
requirements of instance segmentation but also alleviate the foreground–background class
imbalance problem in slender object detection. During the inference evaluation stage,
the masks output by the model are skeletonized and restored to point sequences, strictly
following the official TuSimple evaluation standards to ensure fairness of comparison.

3.4. Evaluation Metrics

To ensure the objectivity and comparability of our experimental results, we strictly
adhere to the widely recognized evaluation protocol of the authoritative TuSimple bench-
mark. Addressing the characteristics of discrete point sequence annotations, the core
evaluation relies on point-level matching: a predicted lane is considered a True Positive
(TP) only if over 85% of its valid sampled points exhibit a horizontal deviation of less than
20 pixels relative to the ground truth; otherwise, it is classified as a False Positive (FP) or
False Negative (FN). Building upon this standard, we adopt a dual-track evaluation metric
system to assess the model’s detection accuracy, segmentation quality, and computational
efficiency. The first track employs the official TuSimple benchmark metrics to facilitate
comparison with domain-specific lane detection algorithms, while the second track utilizes
standard instance segmentation metrics to analyze the architectural enhancements within
the YOLO series. F1-score is additionally reported as a unified mask-level summary metric
that balances Precision and Recall.

1. Accuracy. As the core metric for the TuSimple benchmark, Accuracy reflects the
point-level prediction correctness. It is calculated as the ratio of correctly predicted
points to the total number of ground-truth points. The calculation formula is shown
in Equation (3).

Accuracy =
∑ Ci

∑ Si
, (3)
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where Ci denotes the number of correctly predicted lane points in the i-th test image,
and Si represents the total number of ground-truth points in that image.

2. False Positive (FP) Rate. In the TuSimple evaluation, the FP rate measures the
proportion of wrongly predicted lanes (e.g., predicted lanes where less than 85% of
the sampled points match the ground truth) among all predicted lanes. The calculation
formula is shown in Equation (4).

FP =
Fpred

Npred
, (4)

where Fpred represents the number of false positive lanes, and Npred is the total number
of lanes predicted by the model.

3. False Negative (FN) Rate. The FN rate evaluates the proportion of missed ground-
truth lanes. The calculation formula is shown in Equation (5).

FN =
Mpred

Ngt
, (5)

where Mpred denotes the number of missed ground-truth lanes, and Ngt is the total
number of actual ground-truth lanes.

4. Precision. To evaluate the general mask-level segmentation capability, Precision
measures the reliability of the detection results, representing the proportion of true
positive predictions among all positive predictions. The calculation formula is shown
in Equation (6).

Precision =
TP

TP + FP
, (6)

where TP represents True Positives, and FP represents False Positives at the instance
mask level.

5. Recall. Recall evaluates the model’s coverage capacity for real objects, representing
the proportion of successfully detected instances among all ground-truth instances.
The calculation formula is shown in Equation (7).

Recall =
TP

TP + FN
, (7)

where FN denotes False Negatives at the instance mask level.

6. Mean Average Precision (mAP50). As a comprehensive metric for evaluating instance
segmentation models, mAP50 computes the average precision across all categories at
an Intersection over Union (IoU) threshold of 0.5. The calculation formula is shown in
Equation (8).

mAP50 =
1

Ncls

Ncls

∑
i=1

∫ 1

0
P(R)dR, (8)

where Ncls is the number of classes (for lane detection, Ncls = 1), and P(R) represents
the Precision–Recall curve function.

7. F1-score. To provide a single mask-level indicator that balances missed and false
detections, F1-score is added to the YOLO-series comparison. It is calculated from
Precision and Recall as shown in Equation (9).

F1 = 2 × Precision × Recall
Precision + Recall

. (9)
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Given that lane detection algorithms often need to be deployed on resource-
constrained autonomous driving onboard embedded platforms, the model’s resource
occupation and computational efficiency are key dimensions for measuring its engineering
practicality. In addition to conventional detection accuracy, this paper adopts Frames Per
Second (FPS) to evaluate inference efficiency in a unified hardware environment. FPS is
reported in the comparison tables as a reference for inference efficiency under the stated
hardware and testing conditions. The deployment-oriented speed is calculated from the
average single-image end-to-end latency, including preprocessing, network inference, and
post-processing. To further quantify the lightweight degree of the model, this paper intro-
duces Parameters and Floating-Point Operations (FLOPs) as evaluation metrics. Parameters
represent the sum of the model’s learnable weights, directly reflecting the model’s spatial
complexity and storage requirements. FLOPs quantify the computational scale of a single
forward inference, objectively reflecting the model’s computational complexity and load
requirements on hardware computing power, thereby measuring the feasibility of the
algorithm in engineering implementation.

4. Experimental Results and Analysis
4.1. Comparative Experiments

To evaluate the effectiveness of the improved algorithm proposed in this paper, multi-
dimensional comparative experiments were designed. For comparison with task-specific
lane detection algorithms (e.g., SCNN, LaneATT), this paper follows the official standard
evaluation protocol of the TuSimple dataset in the lane detection domain, adopting Ac-
curacy, FP rate, and FN rate as quantitative metrics. When validating the architectural
evolution within the YOLO series and the effectiveness of the improved modules proposed
herein, Precision, Recall, F1-score, and mAP50 are utilized for evaluation.

4.1.1. Comparison with Mainstream Lane Detection Algorithms

To verify the effectiveness of the proposed algorithm in lane segmentation tasks,
representative lane detection methods with different prediction paradigms are selected for
comparison, including the segmentation-based SCNN, the anchor-based LaneATT, the cross-
layer refinement method CLRNet, and the conditional-convolution-based CondLaneNet.
The original YOLOv11-seg model is also included to clarify the gains introduced by the
proposed modules within the same YOLO-style segmentation pipeline. The evaluation
metrics include Accuracy, FP, FN, FPS, parameter count, and FLOPs to describe point-level
detection accuracy and computational characteristics.

Different methods use different input resolutions, prediction forms, and post-
processing strategies. Therefore, the table reports the main testing conditions explicitly,
including input size, post-processing requirement, FPS, parameter count, and FLOPs.

Table 2 reports the comparison between the proposed method and representative
lane detection approaches under the official TuSimple evaluation protocol. Since different
methods adopt different input resolutions, prediction representations, and post-processing
strategies, this table is used to contextualize the proposed method among existing lane
detection approaches rather than to claim a strictly controlled comparison under identical
training settings.

Within the YOLO-style instance segmentation framework, the proposed method
achieves clear improvements over the YOLOv11-seg baseline. The Accuracy increases from
91.36% to 94.58%, corresponding to a gain of 3.22 percentage points. The FP rate decreases
from 18.40% to 11.80%, and the FN rate decreases from 22.29% to 8.46%. These results
indicate that the combination of DSConv and the P2 branch improves the prediction quality
of YOLOv11-seg under the point-level TuSimple evaluation protocol, with reductions in
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both falsely predicted lanes and missed lane instances. Meanwhile, the proposed model
contains 3.65 M parameters, which is substantially smaller than SCNN, LaneATT, CLRNet,
and CondLaneNet, indicating that the model scale remains relatively compact.

Table 2. Performance comparison of representative lane detection methods under explicitly stated
testing conditions.

Method Backbone Input Size Acc (%) FP (%) FN (%) Post-Processing FPS Params (M) FLOPs (G)

SCNN VGG16 512 × 288 94.16 7.35 8.25 Clustering/spline fitting 99.31 20.53 69.97
LaneATT ResNet34 640 × 360 95.63 3.53 2.92 Anchor filtering/NMS 34.79 22.13 18.01

YOLOv11-seg YOLO11n 640 × 640 91.36 18.4 22.29 NMS + mask-to-point restoration 471.73 2.83 5.18
CLRNet ResNet18 800 × 320 96.84 2.28 1.92 NMS 195.84 11.77 12.03

CondLaneNet ResNet18 800 × 320 95.48 2.18 3.80 Seed NMS + lane point restoration 226.54 11.93 11.93
Ours DSConv+P2 640 × 640 94.58 11.80 8.46 NMS + mask-to-point restoration 103.09 3.65 19.5

Compared with task-specific lane detection models, the performance boundary of the
proposed method is also clear. CLRNet achieves the highest Accuracy and the lowest FN
among the compared methods, reaching 96.84% and 1.92%, respectively. CondLaneNet
obtains the lowest FP rate of 2.18%, and LaneATT also outperforms the proposed method
in terms of FP and FN. These results show that lane-specific architectures based on point-
sequence prediction or specialized lane representations still have advantages under the
official TuSimple point-level metrics. The main value of the proposed method lies in
improving the adaptability of a general YOLO-style instance segmentation framework for
lane-mask prediction, rather than replacing all task-specific lane detection architectures.
Compared with SCNN, the proposed method achieves a slightly higher Accuracy with
substantially fewer parameters and lower FLOPs. Compared with the original YOLOv11-
seg baseline, the proposed method obtains better official point-level detection performance
at the cost of additional computation. Under the testing configuration reported in the table,
the proposed method reaches 103.09 FPS, indicating a practical trade-off between accuracy
improvement and computational complexity.

4.1.2. Comparison with YOLO Series Baseline Models

To further validate the improvement effects on the YOLOv11 architecture, under
the identical experimental environment, the proposed method was vertically compared
with the segmentation versions of YOLOv5, YOLOv6, YOLOv8, YOLOv9, YOLOv10, and
YOLOv11. Table 3 presents the detailed data of each model regarding Precision, Recall,
F1-score, mAP50, and resource consumption.

Table 3. Performance comparison between the proposed method and YOLO baseline models.

Method Precision (%) Recall (%) F1 (%) mAP50 (%) FPS Params (M) FLOPs (G)

YOLOv5-seg 51.8 50.9 51.3 33.6 488.47 2.76 11.0
YOLOv6-seg 55.6 54.1 54.8 40.9 530.26 4.41 15.2
YOLOv8-seg 53.3 50.8 52.0 32.7 478.18 3.26 12.0
YOLOv9t-seg 55.7 56.1 55.9 40.9 222.27 3.13 54.1

YOLOv10n-seg 55.1 54.6 54.8 39.1 467.49 2.85 11.7
YOLOv11-seg 53.7 53.7 53.7 39.5 471.73 2.83 10.2

Ours 62.2 62.7 62.4 46.3 103.09 3.65 19.5

Table 3 presents the comparison between the proposed method and YOLO-series seg-
mentation models under the same mask-level evaluation setting. All models are evaluated
with the same input resolution, label-generation process, and evaluation pipeline. There-
fore, this table provides a more direct comparison of different YOLO-style segmentation
architectures on the lane-mask segmentation task.
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As shown in Table 3, the proposed method achieves the highest Precision, Recall,
F1-score, and mAP50 among the compared models. Compared with the YOLOv11-seg
baseline, the Precision increases from 53.7% to 62.2%, the Recall increases from 53.7% to
62.7%, the F1-score increases from 53.7% to 62.4%, and the mAP50 increases from 39.5% to
46.3%. The corresponding gains are 8.5, 9.0, 8.7, and 6.8 percentage points, respectively. The
simultaneous improvement in Precision and Recall indicates that the proposed structure
does not improve recall simply by increasing the number of predictions, but improves
the reliability of positive mask predictions while reducing missed lane instances. The
improvement in mAP50 further suggests that, under the same 6-pixel mask-label setting, the
predicted masks have better overlap quality with the generated lane-instance annotations.

Compared with other YOLO segmentation baselines, the proposed method also main-
tains a consistent advantage. YOLOv6-seg and YOLOv9t-seg obtain the highest baseline
mAP50 of 40.9%, whereas the proposed method reaches 46.3%, corresponding to a gain of
5.4 percentage points over the strongest baseline result. YOLOv9t-seg achieves the highest
baseline F1-score of 55.9%, while the proposed method reaches 62.4%, with an improvement
of 6.5 percentage points. These results indicate that the combination of DSConv and the P2
branch provides a consistent performance gain within the YOLO-style segmentation model
family, rather than being effective only for the YOLOv11-seg baseline.

In terms of model complexity, the proposed method introduces additional computa-
tional cost compared with YOLOv11-seg. The parameter count increases from 2.83 M to
3.65 M, and the FLOPs increase from 10.2 G to 19.5 G. This increase mainly comes from
the additional feature-fusion and prediction path introduced by the high-resolution P2
branch. Compared with the computationally heavier YOLOv9t-seg, the proposed method
achieves higher Precision, Recall, F1-score, and mAP50 while reducing FLOPs from 54.1 G
to 19.5 G. Under the testing configuration reported in the table, the proposed method
reaches 103.09 FPS, which is lower than the lightweight YOLO baselines but still maintains
a relatively high inference efficiency. Overall, the proposed method obtains better lane-
mask segmentation accuracy with an interpretable increase in computational complexity,
making it a strengthened baseline for YOLO-style lane instance segmentation.

4.2. Ablation Studies

To quantitatively evaluate the effects of Dynamic Snake Convolution and the high-
resolution P2 branch on model performance, ablation experiments with single-module and
combined-module settings are conducted based on YOLOv11-seg, as shown in Table 4.
Group A denotes the original YOLOv11-seg baseline, Group B introduces only the P2
branch, Group C introduces only C3k2_DSConv, and Group D represents the complete
model with both the P2 branch and C3k2_DSConv.

Table 4. Ablation study of the P2 branch and DSConv.

Exp. Group Baseline (YOLOv11) P2 Branch C3k2_DSConv Mask P (%) Mask R (%) Mask mAP50 (%) FLOPs (G)

A ✓ 53.7 53.7 39.5 10.2
B ✓ ✓ 55.6 53.8 41.4 24.0
C ✓ ✓ 53.0 50.7 38.8 11.8

D (Ours) ✓ ✓ ✓ 62.2 62.7 46.3 19.5

Note: ✓ indicates that the corresponding component is included in the experimental configuration; a blank cell
indicates that the component is not included.

As shown in Table 4, introducing the P2 branch alone improves Mask Precision from
53.7% to 55.6%, Mask Recall from 53.7% to 53.8%, and Mask mAP50 from 39.5% to 41.4%.
This result indicates that high-resolution shallow features provide finer spatial information
for lane-mask segmentation and improve the reliability of positive mask predictions and
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the overall overlap quality to a certain extent. The performance gain brought by the P2
branch is still moderate, while the FLOPs increase from 10.2 G to 24.0 G, indicating that the
high-resolution feature path introduces a notable computational burden.

When C3k2_DSConv is introduced alone, the model obtains 53.0% Mask Precision,
50.7% Mask Recall, and 38.8% Mask mAP50, which are lower than those of the baseline
model. This phenomenon suggests that adaptive sampling alone cannot stably improve
the segmentation of extremely narrow lane masks when high-resolution spatial details
are insufficient. For distant and narrow lane markings in TuSimple, spatial information
in deep feature maps has already been weakened by repeated downsampling. Under this
condition, the morphology-adaptive sampling of DSConv may not be fully utilized and
may even affect mask prediction stability due to insufficient foreground responses.

The complete model achieves the best results after introducing both the P2 branch and
C3k2_DSConv, with Mask Precision, Mask Recall, and Mask mAP50 reaching 62.2%, 62.7%,
and 46.3%, respectively. Compared with the YOLOv11-seg baseline, these three metrics are
improved by 8.5, 9.0, and 6.8 percentage points, respectively. Compared with the P2-only
setting, the complete model further improves Precision, Recall, and mAP50. Compared with
the C3k2_DSConv-only setting, the complete model recovers the performance and clearly
surpasses the baseline level. These results indicate that the high-resolution spatial details
provided by the P2 branch offer a more effective feature basis for the morphology-adaptive
sampling of DSConv, while DSConv further enhances the local continuity representation of
elongated curved structures in multi-scale features.

In terms of computational complexity, the complete model has 19.5 G FLOPs, which
is higher than the 10.2 G of the baseline model but lower than the 24.0 G of the P2-only
setting. This result shows that the proposed structure does not simply introduce a linear
computational increase by stacking two modules, but forms a more reasonable structural
combination between P2-based high-resolution spatial compensation and DSConv-based
local morphology modeling. Considering both accuracy and computational cost, Group D
achieves the best mask-level segmentation performance among the four settings, indicating
that the P2 branch and C3k2_DSConv are complementary and jointly contribute to the
performance improvement of the proposed model.

4.3. Visual Analysis
4.3.1. TuSimple Dataset

To analyze the segmentation behavior on the TuSimple dataset, representative samples
involving lane splits, curved lanes, distant thin lane markings, and vehicle occlusion are
selected for qualitative comparison among YOLOv8-seg, YOLOv9-seg, YOLOv10-seg,
YOLOv11-seg, and the proposed model. Figure 7 presents the predictions by scene and
model, focusing on lane continuity, curvature adaptability, and far-end detail preservation.

Figure 7a shows a highway exit scene with lane splitting and a large-curvature lane.
The right lane is close to the image boundary and exhibits an evident curved structure,
which makes its spatial morphology relatively complex. The baseline models can identify
part of the main lanes, but they show missed responses or short fragmented predictions
on the right curved lane. By contrast, the proposed model generates a more continuous
mask in the curved region and maintains relatively stable responses for the middle straight
lane and the left distant lane, indicating that elongated-structure feature modeling helps
improve the geometric adaptability to large-curvature lanes.

Figure 7b corresponds to a multi-lane highway scene where preceding vehicles and
perspective compression jointly increase the difficulty of lane recognition. As lane markings
extend toward the far end, their pixel width gradually decreases, and local occlusion ap-
pears near vehicles. The YOLO-series baselines can segment the main lane regions, but their
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responses around distant thin lanes and occluded areas tend to be unstable, locally broken,
or prematurely truncated. The proposed model maintains clearer responses on the left, mid-
dle, and right lanes, with a more complete far-end extension. This result is consistent with
the intended role of the high-resolution P2 branch, which preserves shallow fine-grained
spatial information and alleviates feature weakening caused by repeated downsampling.

YOLOv11-seg OursYOLOv10-segYOLOv9-segYOLOv8-seg

(a)

(b)

(c)

(d)

YOLOv11-seg OursYOLOv10-segYOLOv9-segYOLOv8-seg

(a)

(b)

(c)

(d)

Figure 7. Qualitative comparison on representative TuSimple samples. (a) A highway-exit scene with
lane bifurcation and a sharply curved lane; (b) a multi-lane highway scene with distant thin lanes
and vehicle interference; (c) a scene with near-range vehicle occlusion and large-vehicle interference;
(d) a continuous curved-road scene affected by perspective compression. Different line colors are
used only to distinguish individual lane instances and do not indicate different semantic categories.

Figure 7c presents a scene with near-range vehicle occlusion and large-vehicle in-
terference. The vehicle on the left and the truck on the right occlude part of the lane
region, while illumination variation and shadow reduce the contrast between lane mark-
ings and the road background. The baseline models can recognize the main lanes, but
their boundaries near vehicle edges and shadow regions are unstable or shortened. The
proposed model preserves more continuous predictions for the middle lane and the right
lane boundary, suggesting that the improved multi-scale fusion provides more effective
semantic compensation when local visible information is insufficient.

Figure 7d shows a continuous curved-road scene. The lane markings follow an arc-like
layout, the far region is strongly affected by perspective compression, and near-range road
cracks and texture changes may also interfere with segmentation. Some baselines capture
the main curved lanes, but local interruptions, jagged boundaries, or unsmooth curve
fitting can still be observed near the near and far ends. The proposed model produces
more continuous predictions on the left, middle, and right curved lanes, and the curve
trajectories remain more consistent with the road geometry. This phenomenon indicates that
DSConv-based directional modeling and dynamic sampling can enhance the representation
of curved slender structures, and can improve mask continuity when combined with
multi-scale feature fusion.

Overall, the qualitative results in Figure 7 show that the proposed model achieves
more stable lane-structure preservation in representative TuSimple scenes involving large-
curvature lanes, distant thin lane markings, and vehicle occlusion. Compared with YOLO-
series segmentation baselines, the proposed method reduces far-end truncation, local
discontinuity, and fragmented responses to some extent. These visual observations are
consistent with the quantitative results and support the positive effect of high-resolution
feature preservation, elongated-structure modeling, and dynamic feature recovery on lane
segmentation quality.
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4.3.2. New CULane Dataset

To further examine generalization beyond TuSimple, a CULane subset with a scale
close to TuSimple is constructed from the official CULane dataset, and representative
samples under different road structures, lighting conditions, and traffic environments are
selected for visualization. The subset includes more challenging cases, such as curves,
shadows, vehicle occlusion, strong glare, and scenes without clear lane markings; Figure 8
shows representative results on daytime urban roads, elevated roads, tunnel or underpass
entrances, nighttime roads, and low-illumination urban roads. Overall, the proposed
model still maintains relatively stable segmentation performance compared with YOLOv11-
seg, producing more continuous lane responses under glare, distant thin lane markings,
curved lanes, and weak illumination, while its adaptability to highly complex scenarios
still requires further verification.

Figure 8. Qualitative comparison on representative samples from the newly constructed CULane
subset. (a) A daytime urban-road scene with strong road-surface reflection; (b) an elevated-road or
expressway scene with vehicles, guardrails, and building-edge interference; (c) a tunnel or underpass
entrance scene with a strong illumination transition; (d) a nighttime road scene affected by low
illumination and road-surface reflections; (e) a low-illumination urban-road scene with vehicle lights,
building shadows, and road-edge interference. Different line colors are used only to distinguish
individual lane instances and do not represent different semantic categories or performance levels.

In Figure 8a, the daytime urban road contains a strong reflection region on the right
side, where the contrast between lane markings and the road surface is reduced. YOLOv11-
seg shows partial discontinuity in this area, whereas the proposed model maintains a clearer
lane response and better consistency with the road geometry. The proposed model also
detects one additional lane in the middle region compared with YOLOv11-seg and predicts
another lane on the left that is not covered by the annotation. These additional predictions
are visually plausible in the original image, indicating that the model can capture richer
visible road-linear structures. Since they are not fully matched with the dataset labels, they
may still be counted as redundant predictions under the standard evaluation protocol and
are interpreted only as supplementary qualitative observations rather than direct evidence
of quantitative improvement.

Figure 8b corresponds to an elevated or expressway scene with preceding vehicles,
traffic cones, guardrails, and building edges. YOLOv11-seg can recognize the main lane
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markings, but local discontinuity appears around vehicles and in the far region. The
proposed model provides more complete predictions for the middle and right lanes, and
the lane extension remains more consistent with the road structure, suggesting that multi-
scale feature fusion helps improve lane-structure representation in complex backgrounds.

Figure 8c shows a tunnel or underpass entrance scene with obvious illumination
transition. Strong light near the exit and local shadows jointly increase the difficulty of lane
recognition. YOLOv11-seg produces unstable responses near the high-brightness region,
with some lane markings appearing as short fragments. The proposed model maintains
better continuity on the middle lane and the right lane boundary, indicating a certain degree
of adaptability to local illumination changes.

Figure 8d is a nighttime road scene, where low illumination, headlight reflection, and
road-surface highlights reduce the contrast between lanes and background. YOLOv11-seg
detects part of the main lanes, but local omissions remain. The proposed model maintains
more stable responses at both near and far ranges, with clearer lane extension, suggesting
that elongated-structure modeling helps improve lane continuity in low-contrast scenes.

Figure 8e presents a low-illumination urban road with building shadows, vehicle
lights, and road-edge interference. YOLOv11-seg shows some truncation in the distant
lane region, while the proposed model preserves the lane trajectory more completely and
exhibits better continuity at the far end. This observation indicates that high-resolution
feature preservation and dynamic feature recovery can provide more sufficient spatial
information for thin lane markings in weak-texture scenes.

Taken together, the visualization results on the new CULane subset show that the
proposed model maintains relatively good lane-structure preservation across multiple scene
types. Compared with YOLOv11-seg, the proposed method reduces local discontinuity
and far-end truncation in glare, illumination transition, nighttime, and distant thin-lane
cases. Additional predictions that are visible in the image but not covered by annotations
are interpreted cautiously as supplementary evidence of road-structure perception.

4.3.3. Failure Scene Analysis

To further analyze the limitations of the model in complex road environments, rep-
resentative failure cases from the new CULane subset are examined. These cases include
elevated-road occlusion, urban road-edge interference, and complex traffic backgrounds.
The visualization results indicate that, although the proposed model generally preserves
lane continuity, false responses and unstable confidence may still occur when non-lane
linear structures are frequent or local scene information is insufficient.

Figure 9a,b show that the proposed model may identify non-lane structures as lane
markings. These scenes contain guardrail edges, curbs, bridge structures, shadow bound-
aries, and road borders with elongated linear textures whose geometric appearance is
similar to that of real lane markings. The strong response of the proposed model to slender
structures helps improve lane continuity, but may also increase the risk of false responses
to similar linear background patterns. These cases indicate that single-frame visual features
remain insufficient to fully distinguish lane markings from non-lane linear structures in
complex urban and elevated-road environments.

Figure 9c shows that the confidence of some individual lane predictions is lower
than that of YOLOv11-seg. Vehicle occlusion, small distant targets, complex road textures,
and illumination variation reduce the visibility of several lane markings in this scene.
Although the proposed model detects the main lane structures, the confidence of some
local predictions remains unstable, indicating that its local discriminative ability under
low-visibility and complex-background conditions still requires improvement.
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Figure 9. Representative failure cases on the newly constructed CULane subset. (a) An elevated-road
scene in which shadow boundaries cause false lane responses; (b) an urban-road scene in which road
boundaries and similar elongated linear textures result in redundant predictions; (c) a challenging
road scene in which complex pavement textures and illumination variations lead to lower confidence
for some lane predictions. predictions. Different line colors are used only to distinguish individual
lane instances, while the numerical annotations indicate prediction confidence scores.

Overall, the observed failure cases are mainly associated with two issues: redundant
predictions caused by non-lane linear structures that resemble real lane markings, and
insufficient confidence caused by occlusion, distant targets, and complex illumination.
These observations indicate that the proposed model still has limitations in complex road
environments. Future work may incorporate lane-geometry constraints, temporal consis-
tency modeling, and hard-sample enhancement to reduce false responses to similar linear
backgrounds and improve prediction stability in challenging scenarios.

5. Conclusions
This paper addresses two key challenges in lane instance segmentation: the difficulty

of preserving slender curvilinear lane structures and the loss of distant small lane targets
after repeated downsampling. An improved YOLOv11-seg framework is proposed by
integrating DSConv into feature extraction and constructing a high-resolution P2 feature
pyramid branch. A reproducible mask-generation and mask-to-point restoration pipeline is
also established to adapt sparse TuSimple lane annotations to YOLO-style instance segmen-
tation training and official point-level evaluation. Experiments on the TuSimple dataset
show that, compared with the YOLOv11-seg baseline, the proposed method improves
mask Precision by 8.5 percentage points, mask Recall by 9.0 percentage points, and mask
mAP50 by 6.8 percentage points. The model contains 3.65 M parameters and 19.5 GFLOPs,
and reaches 103.09 FPS under the reported testing configuration.

The ablation study indicates that DSConv and the P2 branch are more effective when
used together than when introduced separately, suggesting a complementary relationship
between morphology-adaptive sampling and high-resolution spatial compensation. Quali-
tative analyses on TuSimple and the new CULane subset further show that the proposed
model can improve visual lane continuity in curved, reflective, low-light, and partially
occluded scenes. The comparison with representative lane detectors and the failure cases
also clarify the performance boundary of the proposed method: specialized lane detection
architectures remain competitive under official task-specific metrics, and lane-like linear
backgrounds or weak lane visibility may still lead to redundant responses or unstable
confidence. Future work will extend the evaluation to broader datasets such as CULane
and BDD100K, quantify structural continuity and failure modes more systematically, and
explore pruning, quantization, and deployment on edge computing devices.
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