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ARTICLE INFO ABSTRACT

Lane departure detection is a crucial task in advanced driver assistance

Article history systems (ADAS) and autonomous driving, aimed at reducing accidents
Received December 11, 2025 caused by unintentional road deviation. This study proposes a modified U-
Revised January 14, 2026 Net architecture enhanced with Feature Cross Attention (FCA) to improve
Accepted February 4, 2026 lane departure anomaly detection. The objective is to enhance spatial
Available online May 31, 2025 sensitivity and context awareness in segmentation, especially under

challenging driving conditions such as occlusions, poor lighting, and
distorted lane geometry. The materials used include the publicly available
Comma 2k19 LD dataset, comprising 2,000 manually annotated frames
extracted from highway driving scenarios. Each frame includes
synchronized video and driving telemetry, offering diverse visual conditions.
Preprocessing steps include resizing, normalization, and annotation
conversion to binary masks. An anomaly is defined as a spatial deviation
threshold between predicted and ground-truth lane boundaries. The
proposed method incorporates FCA at the bottleneck and decoder levels of
the U-Net architecture. Evaluation was performed using Intersection over
Union (IoU), Pixel Accuracy, and threshold-based anomaly criteria. The
model achieved 99.19% Pixel Accuracy and 98.47% IoU, outperforming
the baseline U-Net (97.56% and 97.46%, respectively). Visual results
showed improved detection of subtle lane shifts. A confusion matrix
generated over 210 validation images demonstrated perfect classification of
normal and anomalous cases. These results confirm that FCA integration
enhances segmentation precision and anomaly sensitivity. The approach is
suitable for real-time deployment in autonomous systems. Future research
may focus on temporal integration, lightweight optimization for embedded
devices, and the extension of the framework to multi-lane or urban traffic
environments.
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1. Introduction

Lane departure detection is an important aspect of both autonomous driving and advanced driver
assistance systems (ADAS). It helps keep drivers from being distracted and crashing into other cars on
the road [1]. As self-driving cars become more common, being able to reliably detect lane departures is
becoming more important for keeping roads safe and making sure cars stay stable in real world driving
situations [2]. The Enhanced Lane Departure Warning System (ELDWS) is a recent improvement in
lane detection that uses advanced image processing and machine learning algorithms to improve
detection accuracy under different road and lighting situations [3]. But there are still problems, especially
with complicated road shapes, bad weather, and unclear lane markings, which means that detection
systems need to be stronger [4].
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Despite recent progress, lane departure detection remains challenging due to dynamic road
conditions, adverse weather, and occlusions caused by surrounding vehicles or infrastructure [5], [6].
Environmental factors such as glare, reflections, shadows, and day-night transitions further degrade lane
visibility and boundary localization [5], [6], [7], [8]. Various strategies, including sub-image feature
extraction, enhanced lane verification, and refined edge recognition, have been proposed to address these
issues [6], [8]. However, existing methods still struggle to achieve robust and reliable performance in
real-world autonomous driving scenarios.

People have utilized traditional U-Net architectures a lot to find lane departures, but they have
trouble with complicated situations like lane shifts due to construction or glare from the sun [9]. Recent
research has suggested alterations to the U-Net architecture to address these constraints [10], [11], such
as the implementation of federated learning in FedLANE to boost privacy and accuracy [12], and the
incorporation of directional lane and edge attention maps to improve performance [13]. In addition,
using U-Net and YOLO together for object identification has worked well in real-time applications [14].
These advancements indicate that integrating attention processes into the U-Net may improve detection
reliability in difficult driving conditions.

One such interesting improvement is the addition of feature cross-attention techniques, which have
been demonstrated to greatly improve both semantic segmentation and anomaly detection [15], [16],
[17]. In segmentation tasks, feature cross-attention improves edge accuracy and feature fitting, leading
to superior intersection over union and pixel accuracy [17]. In anomaly detection, strategies such as early
halting and elastic regularization have surpassed traditional methods by tailoring pre-trained features to
the target distribution [18]. Also, techniques like GeneralAD, which use Vision Transformers to detect
anomalies, demonstrate their effectiveness across different fields [19]. These improvements show that
attention-based methods can greatly boost the performance of models for both semantic segmentation
and anomaly detection.

This study presents a modified U-Net architecture with feature cross-attention mechanisms designed
to improve lane-departure anomaly detection in autonomous driving systems. The suggested design
enhances lane recognition accuracy by overcoming the constraints of conventional U-Net models,
especially under difficult driving conditions. The distinctive contribution of this study lies in the
integration of Feature Cross Attention into a lightweight U-Net framework, specifically designed to
enhance lane segmentation robustness under challenging environmental conditions such as glare,
occlusion, and lane distortion. Rather than proposing a fundamentally new attention mechanism, this
work focuses on adapting and positioning existing attention principles to improve anomaly-sensitive lane
segmentation in practical autonomous driving scenarios. This paper makes three contributions: (1) we
propose a modified U-Net architecture that includes feature cross attention mechanisms, (2) we compare
this improved model to the baseline U-Net model, and (3 ) we show how well the new architecture
works to improve lane departure detection in a variety of real-world situations.

This study adopts a task-driven formulation of anomaly detection rather than unsupervised or
generative approaches that implicitly learn normal driving patterns. Lane departure anomalies are defined
as interpretable spatial deviations derived from lane segmentation outputs that align with practical ADAS
requirements such as explainability, robustness, and real-time performance. While this approach does
not aim to replace learning-based anomaly modeling, it provides a controlled, deployment-oriented
framework for detecting lane-departure events under challenging visual conditions.

To avoid ambiguity between problem formulations, this study explicitly distinguishes between two
related but distinct tasks. The primary task addressed is lane segmentation, which aims to accurately
delineate lane boundaries under challenging visual conditions. Anomaly detection in this work is treated
as a secondary, decision-level process derived from the segmentation output, in which lane departure
events are identified based on spatial deviation criteria. By structuring the problem in this manner, the
proposed method focuses on improving segmentation robustness through Feature Cross Attention,
while anomaly detection operates as an interpretable post-processing step rather than an independent
learning objective.
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To clearly guide the scope and evaluation of this study, the following research questions are
formulated:

RQI: To what extent does the integration of Feature Cross Attention improve lane boundary
segmentation accuracy compared to the baseline U-Net under challenging visual conditions such
as low illumination, occlusion, and lane distortion?

RQ2: How does the proposed FCA-enhanced U-Net affect the sensitivity of anomaly detection based
on spatial lane deviation, particularly in detecting subtle lane departure events?

RQ3: What are the trade-ofts between segmentation accuracy, anomaly detection robustness, and
computational efficiency when incorporating Feature Cross Attention into a lightweight U -Net
architecture?

The rest of this work is structured as follows: Section 2 discusses the methodology and architecture
of the updated U-Net model. In Section 3, the results and discussion are shown, with a focus on the
benefits of the suggested method. Finally, Section 4 wraps up the study and talks about where research
on lane departure detection and self-driving cars should go in the future.

2. Method

This research presents a deep learning methodology for lane departure detection in autonomous
driving systems, employing a modified U-Net architecture integrated with feature cross-attention
methods. Cropping the image, downsizing it to 128x128 pixels, and normalizing it are all processes in
preprocessing. Lane annotations are converted to binary masks, and interpolation is applied to smooth
the lane boundaries. The improved U-Net architecture successtully captures spatial dependencies, while
the attention methods focus on essential aspects to boost anomaly identification. We test and evaluate
the model in real-world settings to assess its performance relative to traditional methods.

2.1. Data Collection

This study uses the Comma2k19-LD dataset, obtained from Kaggle, which consists of 2,000
manually annotated frames from 100 highway driving scenarios recorded at 20 Hz. Each scenario includes
front-facing video frames and synchronized vehicle telemetry, such as steering angle, speed, and position.
Although limited in size compared to large-scale datasets, Comma2k19-LD provides high-quality lane
annotations and diverse real-world driving conditions, making it suitable for controlled evaluation of
lane departure detection. A scene-level split strategy is employed to prevent temporal leakage and ensure
fair performance assessment.

A subset of frames with clearly visible left and right lane markers is selected, and frames are sampled
at regular intervals to reduce redundancy across scenes. Annotation data in XML format is converted
into lane-point sequences for supervised training. Fig. 1 illustrates a representative preprocessed frame
with annotated lane markings, reflecting the visual quality and annotation structure used in this work.
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Fig. 1.Example image from the comma2k19 LD dataset.
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2.2. Data Preprocessing

The preprocessing stage transforms raw driving images into structured inputs for lane departure
anomaly detection. Each frame is cropped to the driving corridor and resized to 128x128 pixels. Lane
boundary annotations are converted into smooth curves and binary segmentation masks representing
lane regions. Images and masks are stored in NumPy format to enable efficient batch loading and
training. To enhance anomaly sensitivity, synthetic anomaly masks are generated during preprocessing
to simulate realistic lane deviations, exposing the model to both normal and abnormal lane
configurations and promoting stable convergence.

To ensure reliable training and evaluation, a scene-level splitting strategy is adopted. All frames from
the same driving scenario are assigned exclusively to a single data partition, preventing temporal leakage
between training, validation, and test sets. Specifically, 70% of scenes are used for training, 15% for
validation, and 15% for testing. Anomaly injection is applied only during training, whereas the validation
and test sets contain natural driving sequences to ensure an unbiased performance evaluation.

2.3. Model Development

This work proposes a modified U-Net architecture that integrates Feature Cross Attention (FCA)
to improve anomaly detection in lane-departure scenarios. The architecture preserves spatial accuracy
while incorporating global contextual information, enabling the model to distinguish normal lane
following from abnormal deviations. The design follows a standard encoder—decoder structure with skip
connections, augmented with attention modules at the bottleneck and decoder stages to enhance feature
representation. As illustrated in Fig. 2, FCA at the bottleneck captures global semantic context, while
decoder-level FCA refines spatial details during upsampling. This design balances global awareness and
fine-grained localization, resulting in improved robustness to complex road geometries and visual
degradation.

Fig. 2. The modified U-Net architecture with Feature Cross Attention for lane departure anomaly detection.

U-Net is widely adopted for image segmentation due to its symmetric encoder— decoder design and
multi-scale feature extraction via skip connections [20], [21]. However, conventional skip connections
may produce blurred boundaries. Recent studies have addressed this limitation through attention
mechanisms and modified connections to better preserve low-level spatial information [21], [22].
Feature Cross Attention enhances semantic segmentation and anomaly sensitivity by enabling cross-
channel interaction and spatial refinement [15]. Its effectiveness in improving edge accuracy and
contextual awareness has been demonstrated in DeepLabv3+ [17] and semantic-aware anomaly detection
frameworks [23], [24]. To address performance degradation in complex driving environments, attention-
based extensions of U-Net, such as SE, SCSE, and EMA, have been proposed to suppress background
noise and emphasize relevant spatial regions [14], [25], with demonstrated gains in rare-event detection
and spatial change segmentation tasks [19], [26].
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The proposed FCA does not introduce a novel attention mechanism but adapts established channel
and spatial attention principles within the U-Net framework. The novelty lies in the placement and
fusion of FCA at the bottleneck and decoder stages, which strengthen encoder—decoder feature
interactions and improve lane boundary localization under challenging visual conditions.

Fig. 3 shows the Feature Cross Attention (FCA) module, which improves feature representation by
integrating spatial attention (SA) and channel attention (CA) [17]. SA obtains low-level spatial
information for boundary mapping, while CA obtains high-level semantic context via global pooling
[27]. Their merger improves lane segmentation in challenging situations, such as obstructions or changes
in lighting [28]. This modification, based on attention, improves border recognition in complicated road
scenarios [29]. The combined attention also makes the model more robust by letting it adaptively focus
on both spatial and semantic dimensions.

The fusion process starts by combining the two attention outputs, followed by convolution and
activation layers. Channel attention gives a global context, while spatial attention improves pixel-level
localization. This two-branch topology helps the network find lane changes more accurately by balancing
spatial accuracy and knowledge of the environment. The model stays strong even as the road textures
and weather change since both algorithms work together. This synergy enhances the model’s ability to
generalize across unseen road scenarios and ensures consistent detection performance.
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Concat:nate Conv ]—-[ Mul )—-[ Mul ]——[ Add H Conv }—r
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Fig. 3.Feature Cross Attention (FCA).

Context branch

Spatial branch

Let F € RMCxHxW?} denote the intermediate feature map extracted from the encoder-decoder
pathway. The proposed Feature Cross Attention (FCA) module refines F by sequentially applying
Channel Attention (CA) and Spatial Attention (SA) to enhance both semantic relevance and spatial
localization.

Channel Attention aims to model inter-channel dependencies by emphasizing informative feature
channels. Global average pooling is first applied to compress the spatial dimensions of F:

1

Ze=—¥I Y/ F (0, )) (1

T Hxw

where z € RMC} represents the channel-wise descriptor. The attention weights are then computed
using a lightweight gating mechanism:

s =a(W,8(W,2)) )

where W, and W, denote learnable weight matrices, 3(-) is the ReLLU activation, and ¢(+) is the sigmoid
function. The channel-refined feature map is obtained as:

Ff4 =s.-F, 3)

Spatial Attention highlights informative spatial regions by exploiting contextual cues across
channels. The channel-refined feature map F** is aggregated along the channel dimension using average

pooling

M(i,j) = 226, FFA (0 ) 4)
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The resulting spatial attention map is computed as:
A = ag(Conv(M)) )

where Conv(-) denotes a convolution operation with a kernel size of 3x3. The final FCA output is
obtained by spatially re-weighting the feature map:

FFCA(i!j) = A(l!]) . FCA(i!j) (6)

By combining Channel Attention and Spatial Attention within a unified FCA module, the network
is able to emphasize semantically relevant feature channels while preserving fine-grained spatial details.
This design strengthens encoder-decoder feature interaction, particularly at the bottleneck and decoder
stages, enabling improved boundary refinement and anomaly-sensitive lane segmentation under
challenging visual conditions.

2.4. Comparative Analysis with State-of-the-Art Methods

Recent advances in lane detection and attention-enhanced semantic segmentation have explored
diverse architectural strategies to improve spatial consistency, contextual reasoning, and robustness under
complex driving conditions. Structural-prior-based methods emphasize geometric modeling, while real-
time approaches prioritize inference efficiency, and attention mechanisms enhance channel-wise and
spatial feature refinement. Within this context, Table 1 summarizes representative state-of-the-art
methods and positions the proposed U-Net with Feature Cross Attention relative to their key
characteristics, strengths, and limitations.

Table 1. Comparison with representative state-of-the-art lane detection and attention-enhanced
segmentation methods.
Method Year  Backbone / Relevant Contribution Strengths Limitations
Type
SCNN: Spatial 2018 Spatial Sequential spatial message Strong for long Heavy and slow
CNN [30] Convolution passing to maintain lane & curved lanes inference
continuity
LaneATT [31] 2020 ResNet based Anchor based lane detection High accuracy, Requires anchor
with attention for candidate faster than tuning and
prioritization SCNN heuristic design
UltraFast Lane 2020 ResNet 18 Extremely fast row based lane  Real time (300+ Less stable in
Detector [32] classification FPS) extreme or noisy
conditions
CondLaneNet 2021 ResNet Conditional convolution Very high Computationally
[33] modeling inter lane accuracy expensive
relationships
ENet SAD [34] 2019 ENet Self attention distillation for Efficient and Sensitivity to
lightweight lane detection lightweight occlusion
DANet: Dual 2019 ResNet Channel + spatial dual Strong global High computational
Attention attention for segmentation context cost
Network [34] reasoning
CBAM [35] 2018 Modular Lightweight channel & Easy to Limited cross
attention spatial attention module integrate; low feature interaction
overhead
UNet++ + 2018 U-Net Attention gates for Good Heavier than
Attention Gate suppressing irrelevant segmentation standard U-Net
[36], [37] regions accuracy
Proposed U-Net 2025 U-Net (128x128) Cross attention between Lightweight, Requires adaptive
+ Feature Cross the encoder and decoder for real-time thresholding
Attention enhanced feature alignment friendly,
anomaly
sensitive
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Table 1 summarizes representative state-of-the-art lane detection and attention-enhanced
segmentation methods, highlighting differences in architectural complexity, computational cost, and
modeling assumptions. Structural-prior-based approaches emphasize geometric consistency, while real-
time models prioritize inference speed. Attention-enhanced architectures improve contextual reasoning
but often introduce additional computational overhead.

In contrast, the proposed U-Net with Feature Cross Attention strengthens encoder—decoder feature
interaction using a lightweight cross-attention mechanism, achieving a favorable balance between
segmentation robustness, anomaly sensitivity, and computational efficiency. While not intended to
replace state-of-the-art lane extractors, the model is well-suited for real-time anomaly-aware lane
monitoring, where efficiency and stability take precedence over complex geometric inference.

2.5. Training Configuration

The proposed model was trained using the Adam optimizer with an initial learning rate of 0.001 and
a cosine annealing schedule over 10 epochs to promote stable convergence. A batch size of 4 was used,
and the training objective combined Binary Cross-Entropy and Dice loss to balance pixel-wise accuracy
and the structural consistency of lane boundaries. All models were initialized with Xavier uniform
initialization and trained on an NVIDIA GPU. Training convergence was monitored through loss curves
and validation accuracy, which indicated stable learning behavior without severe overfitting.

No geometric or photometric data augmentation was applied during training. Given the controlled
nature of the dataset and the focus on preserving lane geometry, augmentation was intentionally avoided
to prevent introducing unrealistic distortions. Instead, anomaly injection was applied during training to
simulate lane deviation scenarios and improve robustness. Scene-level splitting was employed to reduce
temporal bias and overfitting. Future work will explore geometry-preserving augmentation strategies,
such as mild illumination variation or camera-aware transformations, to further enhance robustness.

2.6. Testing Model

The suggested model was tested on a separate test set that included lane-departure situations under
varying road conditions, lighting, and obstructions. We used common segmentation metrics such as
Intersection over Union (IoU) and Pixel Accuracy to assess performance. We also used a task-specific
evaluation based on lane adherence and deviation tolerance [38], [39]. We compared the model's
predictions with the ground-truth lane masks to demonstrate that it could accurately detect deviations
from the annotated lane borders [40]. This assessment configuration ensures that the model's
performance meets the demands of real-world driving variability and anomaly detection. This supports
recent research that calls for task-aware evaluation procedures in autonomous driving systems [41].

Fig. 4 shows some of the model's results on test photos. The model effectively detected small drifts
and misalignments that conventional U-Net topologies overlooked.

Fig. 4. Example outputs of the proposed model showing normal driving status (left) and lane departure anomaly
detection (right).

These results show that adding Feature Cross Attention can help improve spatial awareness and
segmentation quality in difficult driving situations in the real world. The left image represents a typical
driving status that was accurately anticipated, whereas the right image indicates an anomaly that was

discovered where the vehicle goes oft the expected lane boundaries. These visual comparisons further
[
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prove that the model is strong enough to tell the difference between important lane departure situations
in a variety of weather conditions.

2.7. Evaluation

We used conventional segmentation metrics such as Intersection over Union (IoU) and Pixel
Accuracy to assess the performance of the proposed model. We did this on a test set that included
different driving conditions, such as occlusions, curvy roadways, and low-light situations [42], [43], [44],
[45], [46]. These metrics provide a comprehensive assessment of segmentation performance across
diverse visual conditions.

Intersection over Union (IoU) measures the degree of overlap between the predicted lane mask and
the ground truth, and is defined as.

TP
IoU = ——— (7
TP+FP+FN
where TP, FP, and FN denote the number of true positive, false positive, and false negative pixels,
respectively. A higher IoU indicates more accurate segmentation with minimal false detections and
omissions.

Pixel Accuracy evaluates the overall correctness of pixel-wise predictions, including both foreground
and background, and is given by:

TP+TN
TP+TN+FP+FN

Pixel Accuracy = ®)
Where TN denotes true negatives, Pixel Accuracy reflects the proportion of correctly classified pixels
across the image. Both Pixel Accuracy and Intersection over Union (IoU) are widely used evaluation

metrics in semantic segmentation for autonomous driving applications [40], [43].

In this study, IoU is computed for the lane class only (foreground and IoU) to avoid background
dominance and provide a more representative assessment of lane segmentation quality. Pixel Accuracy is
reported as a complementary metric and interpreted alongside IoU, given the inherent imbalance
between lane and background pixels.

Lane annotations are represented as binary masks within a predefined region of interest (ROI)
covering the driving corridor. Mask thickness follows the original lane annotations and is preserved
during resizing to 128x128. All evaluations are performed on the cropped ROI to ensure that reported
metrics focus on lane-relevant regions rather than background-dominated areas. For anomaly detection,
a spatial deviation threshold of 7=20 pixels is applied, and a predicted lane region is considered anomalous
when the deviation from the ground truth exceeds this threshold:

1,if||[P9(x,y) — G(x,y)|| > 20
0, otherwise

Anomaly (x,y) = { )
where P (x,y) and G (x, y) stand for the projected and actual lane positions at pixel (x, y). The 20-pixel
threshold was chosen based on real-world data to match the maximum lateral offset used during
synthetic anomaly injection (+20 px), ensuring that the training anomalies and the assessment criteria
were consistent.

Also, earlier research on lane departure warning systems shows that lane shifts in image space that
are more than 15-20 pixels generally match real-world drifts that are big enough to require safety
measures in ADAS. So, this threshold strikes a balance between sensitivity to real departures and
avoiding false positives from noise, perspective distortion, or small model errors.
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3. Results and Discussion

The proposed U-Net with Feature Cross Attention (U-Net FCA) was evaluated on a held-out test
set and achieved a Pixel Accuracy of 99.19% and an Intersection over Union (IoU) of 98.47%,
outperforming the baseline U-Net (97.56% Pixel Accuracy and 97.46% IoU). These results indicate that
integrating Feature Cross Attention improves feature representation and spatial prediction accuracy,
while the consistent decrease in validation loss suggests stable training behavior.

Despite these encouraging results, the relatively limited dataset size constrains the generalizability of
the proposed model. Although scene-level splitting and anomaly injection enhance robustness within
the evaluated scenarios, the reported performance may not fully reflect behavior across diverse geographic
regions, camera configurations, or traffic conditions. In addition, the frame-based formulation does not
explicitly model temporal continuity, which may lead to instability under rapidly changing driving
conditions. Consequently, the evaluation focuses on per-frame segmentation accuracy and anomaly
sensitivity rather than long-term temporal consistency.

The use of a fixed 20-pixel spatial deviation threshold enables effective identification of lane departure
events and improves sensitivity to subtle lane shifts under occlusion and distorted lane geometry. Visual
inspection confirms more stable lane boundary estimation compared to the baseline model, particularly
in challenging conditions. These findings suggest that the proposed approach is suitable for real-time
lane monitoring applications, while acknowledging that further validation on larger datasets and with
temporal modeling is required for broader deployment.

Training and Validation Loss Validation Accuracy
—— Train Loss —— Accuracy f
0.12 4 Validation Loss 0.998 4
0.11
0,996 4
0.10 =
ul
i g
ﬁ 3 0.994 4
k-4
0.09
0.992 4
0.08
0.07 —_— 0.990
o 2 4 [ 8 0 2 4 6 8
Epochs Epochs

Fig. 5. Training and validation loss (left) and validation accuracy (right) curves of the proposed model.

Fig. 5 illustrates the training dynamics of the proposed model over 10 epochs. Both training and
validation losses decrease consistently, while validation accuracy stabilizes at approximately 99%,
indicating stable convergence without severe overfitting. The small gap between training and validation
curves suggests that the attention-enhanced architecture generalizes reasonably well within the evaluated
scenarios.

To further confirm anomaly identification, a confusion matrix was made utilizing 210 validation
photos, which included both normal and abnormal situations. Fig. 6 shows that the proposed model
correctly classified all 95 normal and 115 anomalous samples in the validation set under the defined
experimental conditions. This result indicates that the segmentation -based anomaly criterion is effective
for distinguishing lane departure events within the controlled evaluation setting. However, this outcome
should be interpreted with caution, as the anomaly definition is based on a predefined spatial deviation
threshold, and the dataset size remains limited. The classification accuracy shows that the integrated
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attention mechanism helps the model pick up on little changes and changes in context that are hard for
regular segmentation algorithms to see.

Confusion Matrix (Image-level)

Mormal

True

40

Anamaly

20

Normal Anamaly
Predicted

Fig. 6. Confusion matrix showing image-level classification results.

Table 2 shows that the proposed U-Net architecture with Feature Cross Attention outperforms the
baseline model on both assessment metrics. It shows significant increases in both lane anomaly detection
and segmentation accuracy. The model achieves a Pixel Accuracy of 99.19% and an IoU of 98.47%,
which are better than the baseline U-Net's scores of 97.56% and 97.46%, respectively. These steady
advances show that FCA is good at improving spatial and contextual feature representations, which helps
the model keep lane structures intact and find small changes even when there are occlusions, noise, or
geometric distortions. These kinds of advances are especially important for self-driving cars, since being
able to accurately read lanes is directly related to safety and reliability.

Table 2. Performance Comparison Between Baseline U-Net and Proposed U-Net With Feature Cross
Attention (FCA).

Model Pixel Accuracy (%) IoU (%)
Baseline U-Net 97.56 97.46
U-Net + FCA 99.19 98.47

The suggested method shows strong performance in segmentation and anomaly detection; however,
a key limitation is its reliance in a fixed 20-pixel spatial deviation threshold to detect lane departures.
This threshold performs well under the current dataset and experimental setup but is sensitive to camera
resolution, field of view, and mounting configuration. In real-world scenarios, a constant pixel-based
threshold may not consistently capture meaningful lateral deviations, potentially leading to false positives
or missed anomalies. In practical deployments, classification performance is also expected to be
influenced by factors such as camera calibration, perspective distortion, and scene dynamics, which are
not fully captured in the current frame -based evaluation.

Although the proposed model demonstrates strong segmentation and anomaly detection
performance under most evaluated conditions, several challenging scenarios remain. Performance
degradation is observed under extremely low-light or nighttime conditions, strong glare or overexposure
during sunrise or sunset, and road surfaces with worn, faded, or partially occluded lane markings, which
introduce ambiguity in lane boundary estimation. Abrupt changes in road geometry, such as sharp curves
or lane merges, further challenge the frame-based formulation due to the absence of temporal
smoothing. These observations indicate that while the method is robust in typical highway scenarios, its

performance may be limited in the presence of severe visual degradation or highly dynamic environments.
—-—
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Anomaly detection is based on a fixed spatial deviation threshold 7 = 20 pixels after resizing the
frames to 128x128, consistent with the maximum offset used during synthetic anomaly injection (+20
px). Smaller thresholds increase sensitivity but may introduce false positives due to segmentation noise
or perspective distortion, whereas larger thresholds reduce false alarms at the cost of missing subtle lane
departures. The selected threshold represents a practical balance between sensitivity and robustness
within the evaluated scenarios. Since pixel-based thresholds are influenced by camera calibration and
perspective effects, future work will investigate adaptive or geometry-aware thresholding strategies to
improve reliability.

The proposed U-Net with Feature Cross Attention also exhibits a favorable computational profile
for real-time deployment, with approximately 39.23 million parameters and an estimated 9 .63 GFLOPs
per 128x128 input. This efficiency supports deployment on both desktop GPUs and embedded platforms,
reinforcing the method’s practicality as a lightweight, deployment-oriented enhancement to attention-
augmented U-Net architectures.

4. Conclusion

This study proposed a revised U-Net architecture enhanced with Feature Cross Attention (FCA) to
detect anomalies in lane-departure situations. The model showed better segmentation performance than
the baseline by using attention methods at both the bottleneck and decoder phases. It achieved 99.19%
pixel accuracy and 98.47% IoU on a variety of driving circumstances. The inclusion of a spatial
deviation threshold made it even easier to find unusual lane departures by separating small drifts
from regular behavior. The attention-enhanced design improves spatial awareness, edge refinement, and
generalization, making it perfect for real-time autonomous driving systems. This is backed up by both
qualitative and quantitative data. Future endeavors may investigate lightweight modifications for
embedded deployment and integration with temporal models to augment resilience in dynamic settings.
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