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Abstract-- Robust Lane geometry estimation is a critical component of advanced driver assistance systems (ADAS) and
autonomous driving, yet its reliability significantly degrades under adverse weather conditions such as rain, fog, snow, and low
illumination. This paper presents a self-supervised learning framework for resilient lane geometry estimation without reliance on
extensive pixel-level annotations. The proposed approach leverages temporal consistency, geometric constraints, and cross-view
photometric alignment to generate supervisory signals directly from raw monocular video streams. By integrating weather-aware
feature normalization and uncertainty-guided refinement modules, the model enhances robustness against visibility degradation
and sensor noise. A hybrid encoder—decoder architecture with attention-based spatial aggregation captures both local lane markings
and global structural priors of road topology. Additionally, a geometry-consistency loss enforces structural coherence across
sequential frames, mitigating spurious predictions caused by occlusions and dynamic artifacts. Extensive evaluations on
benchmark driving datasets augmented with synthetic and real-world adverse weather conditions demonstrate superior
generalization compared to fully supervised baselines trained on limited labeled data. The proposed method achieves improved
lane curvature estimation accuracy and boundary continuity while reducing annotation dependency. These results underscore the
potential of self-supervised paradigms in enabling scalable, weather-resilient perception systems for next-generation autonomous
vehicles.

Keywords— Self-Supervised Learning, Lane Geometry Estimation, Adverse Weather Robustness, Autonomous Driving,
Advanced Driver Assistance Systems (ADAS), Temporal Consistency, Geometric Constraints, Monocular Vision, Attention
Mechanisms, Uncertainty Modeling.

L INTRODUCTION developing robust lane geometry estimation methods that can

L . operate reliably under such conditions has become a critical
The Lane geometry estimation is a foundational component of P Y

autonomous driving systems, directly influencing vehicle
localization, trajectory planning, and safety-critical decision-
making. Accurate detection and reconstruction of lane
boundaries enable autonomous vehicles to maintain lane
discipline, perform lane changes, and navigate complex road
structures. However, real-world driving environments are
highly dynamic and often degraded by adverse weather
conditions such as rain, fog, snow, and low-light scenarios.
These conditions introduce noise, reduce visibility, and distort
visual features, significantly degrading the performance of
conventional lane detection algorithms [1]. As a result,
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research challenge.

Traditional lane detection approaches relied on handcrafted
features and classical computer vision techniques such as edge
detection, Hough transforms, and color thresholding. These
methods assumed clear lane markings and stable illumination
conditions, making them unsuitable for adverse weather
scenarios. Even with the introduction of supervised deep
learning models, performance remained dependent on large
annotated datasets that are expensive and difficult to collect
under diverse weather conditions. Moreover, supervised models
often struggle to generalize to unseen environments due to
domain shift, where training data does not adequately represent
real-world variations [2].

Self-supervised learning (SSL) has recently emerged as a
promising paradigm to address these limitations. Unlike
supervised learning, SSL leverages intrinsic structures in data to
generate supervisory signals without requiring manual
annotations. This is particularly beneficial for autonomous
driving applications, where collecting labeled data across all
possible weather conditions is impractical. By learning from
large volumes of unlabeled data, SSL enables models to develop
robust and generalizable representations that are invariant to
environmental changes [3].
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In the context of lane geometry estimation, SSL techniques
exploit spatial and temporal consistency in video sequences,
geometric constraints, and multi-view correspondences to
learn meaningful features. For instance, self-supervised depth
estimation methods use photometric consistency between
consecutive frames to infer scene structure, which can
indirectly support lane detection tasks. However, adverse
weather conditions violate these assumptions due to reduced
visibility, reflections, and noise, making it necessary to design
more robust self-supervised frameworks [4].

Recent research has focused on enhancing SSL models to
handle adverse weather scenarios. Approaches such as
curriculum contrastive learning gradually adapt models from
clear to degraded conditions, enabling better generalization
across weather domains. For example, Weather Depth
introduced a curriculum-based self-supervised framework that
progressively learns depth features under increasingly
challenging weather conditions, demonstrating improved
robustness and domain adaptation [5]. Similarly, other studies
have proposed augmentation-based strategies that simulate
adverse weather effects during training, allowing models to
learn invariant representations without requiring explicit
labels [6].

Another important direction involves multi-modal self-
supervised learning, where data from different sensors such as
cameras, LiDAR, and radar are jointly utilized. Sensor fusion
helps mitigate the limitations of individual modalities—for
example, LiDAR provides reliable geometric information
even in low-visibility conditions, while cameras capture rich
semantic details. Self-supervised frameworks can align these
modalities through cross-modal consistency, enabling robust
perception even when one sensor is degraded. Recent studies
have shown that such approaches significantly improve
performance in adverse weather conditions, achieving better
generalization across datasets like KITTI and nuScenes [3],

[7].

In addition to robustness, self-supervised methods address the
scarcity of labeled data in adverse weather scenarios. Domain
adaptation techniques leverage unlabeled data from target
environments to bridge the gap between training and
deployment conditions. For instance, unsupervised domain
adaptation has been successfully applied to lane detection and
multi-task perception systems, enabling models to maintain
high accuracy even in foggy or rainy conditions without
requiring additional annotations [7]. These approaches are
particularly valuable for scalable deployment of autonomous
systems in diverse geographical regions.

Recent advancements have also explored integrating attention
mechanisms and deep convolutional architectures for
improved lane detection under challenging conditions.
Attention-based models can focus on relevant regions of the
image, filtering out noise caused by weather artifacts such as
rain streaks or fog. Studies have demonstrated that
incorporating attention mechanisms enhances the detection of
lane boundaries in complex road environments, especially
when combined with robust feature extraction techniques [8].

Despite these advancements, several challenges remain.
Adverse weather introduces unpredictable distortions that can
violate the assumptions of many self-supervised learning
frameworks, such as photometric consistency. Additionally,
the lack of standardized benchmarks for adverse weather lane
detection makes it difficult to evaluate and compare different

approaches. Computational efficiency is another concern, as
real-time performance is essential for autonomous driving
applications. While multi-modal and attention-based models
improve robustness, they often require significant computational
resources, limiting their deployment in embedded systems [1],

[9].

To address these challenges, recent research trends emphasize
hybrid approaches that combine self-supervised learning with
domain adaptation, multi-task learning, and data augmentation.
For example, multi-task frameworks that jointly perform lane
detection, object detection, and drivable area segmentation have
shown improved efficiency and robustness by sharing
representations across tasks. Such systems can leverage
unlabeled data to learn complementary features, enhancing
overall perception performance under adverse conditions

[7][15].

In conclusion, self-supervised learning represents a
transformative approach for robust lane geometry estimation in
adverse weather environments. By reducing dependence on
labeled data and enabling models to learn invariant
representations, SSL addresses key challenges in autonomous
driving perception. The integration of curriculum learning,
multi-modal fusion, domain adaptation, and attention
mechanisms further enhances robustness and generalization. As
research continues to evolve, these techniques are expected to
play a central role in enabling reliable and scalable autonomous
driving systems capable of operating safely in diverse and
challenging environmental conditions.

Lane geometry estimation is a foundational component of
autonomous driving systems, directly influencing vehicle
localization, trajectory planning, and safety-critical decision-
making. Accurate detection and reconstruction of lane
boundaries enable autonomous vehicles to maintain lane
discipline, perform lane changes, and navigate complex road
structures. However, real-world driving environments are highly
dynamic and often degraded by adverse weather conditions such
as rain, fog, snow, and low-light scenarios. These conditions
introduce noise, reduce visibility, and distort visual features,
significantly degrading the performance of conventional lane
detection algorithms [1]. As a result, developing robust lane
geometry estimation methods that can operate reliably under
such conditions has become a critical research challenge.

Traditional lane detection approaches relied on handcrafted
features and classical computer vision techniques such as edge
detection, hough transforms, and color thresholding. These
methods assumed clear lane markings and stable illumination
conditions, making them wunsuitable for adverse weather
scenarios. Even with the introduction of supervised deep
learning models, performance remained dependent on large
annotated datasets that are expensive and difficult to collect
under diverse weather conditions. Moreover, supervised models
often struggle to generalize to unseen environments due to
domain shift, where training data does not adequately represent
real-world variations [2][14].

Self-supervised learning (ssl) has recently emerged as a
promising paradigm to address these limitations. Unlike
supervised learning, ssl leverages intrinsic structures in data to
generate supervisory signals without requiring manual
annotations. This is particularly beneficial for autonomous
driving applications, where collecting labeled data across all
possible weather conditions is impractical. By learning from
large volumes of unlabeled data, ssl enables models to develop
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robust and generalizable representations that are invariant to
environmental changes [3][17-22].

In the context of lane geometry estimation, ssl techniques
exploit spatial and temporal consistency in video sequences,
geometric constraints, and multi-view correspondences to
learn meaningful features. For instance, self-supervised depth
estimation methods use photometric consistency between
consecutive frames to infer scene structure, which can
indirectly support lane detection tasks. However, adverse
weather conditions violate these assumptions due to reduced
visibility, reflections, and noise, making it necessary to design
more robust self-supervised frameworks [4][16].

Recent research has focused on enhancing ssl models to
handle adverse weather scenarios. Approaches such as
curriculum contrastive learning gradually adapt models from
clear to degraded conditions, enabling better generalization
across weather domains. For example, weatherdepth
introduced a curriculum-based self-supervised framework that
progressively learns

II. LITERATURE SURVEY

The Lane geometry estimation is a cornerstone of autonomous
driving and advanced driver assistance systems (ADAS). It
enables vehicles to understand road topology, maintain lane
discipline, and execute safe planning and control. Over the
past decade, research has evolved from handcrafted image
processing to data-driven deep learning models. However,
adverse weather—such as rain, snow, fog, and low
illumination—presents significant obstacles by degrading
visual cues, introducing noise, and obscuring lane markings.
Traditional supervised frameworks often fail to generalize in
these conditions due to reliance on annotated training data
captured in benign environments. This has motivated research
into self-supervised learning (SSL) techniques capable of
extracting robust geometric representations without extensive
labeling, especially under challenging visual conditions [17].

1. Classical and Deep Learning—Based Lane Detection

Early lane estimation methods adopted edge detectors, color
segmentation, and Hough transforms to identify lane
markings. Although foundational, these handcrafted pipelines
struggled in cluttered scenes and under varying illumination
[11]. The advent of deep learning led to convolutional neural
network (CNN)-based models that could learn complex
features directly from data. Notably, Pan et al. proposed
SCNN (Spatial CNN) with spatial propagation layers to model
long-range dependencies along lane structures, significantly
improving segmentation quality in structured environments
[11]. Similarly, Lee et al. introduced ENet-Lane, an efficient
encoder—decoder network tailored for real-time lane
segmentation leveraging deep representations.

Despite impressive performance under controlled conditions,
these supervised models suffer two major limitations: (1)
heavy dependence on large, carefully labeled datasets, and (2)
degraded performance when deployed in conditions not
represented in the training set, especially under adverse
weather. Manual annotation of dense lane geometry across
diverse weather scenarios is not only laborious and costly but
also often ambiguous due to indistinct lane appearance,
making large-scale supervised learning impractical for these
conditions.

2. Weather-Robust Perception Challenges

Vision-based perception systems in autonomous driving are
particularly sensitive to environmental conditions. Weather
effects such as rain droplets, fog scatter, low contrast, and glare
distort visual features and cause conventional models to
misinterpret or miss critical road cues. Researchers have
explored multiple strategies to address this. Sakaridis et al.
introduced domain adaptation methods that align feature
distributions between clear and foggy conditions using
adversarial training, demonstrating improved semantic
segmentation in foggy scenes without requiring direct labels for
the target weather domain [12]. Yu et al. proposed image
enhancement pipelines using dehazing and denoising priors to
preprocess degraded imagery, improving downstream
perception tasks. However, such preprocessing has limitations
when artifacts are severe or when computational resources are
constrained.

Additionally, sensor fusion approaches combine complementary
modalities—such as LiDAR reflectivity and radar returns—with
RGB vision to improve robustness. For instance, Li et al.
showed that fusing LiDAR and camera features enhances lane
detection in low-visibility environments. While effective,
multimodal systems increase hardware, calibration, and
synchronization complexity, posing practical challenges for
widespread deployment.

3. Self-Supervised Learning Fundamentals

Self-supervised learning has recently emerged as a scalable
alternative to supervised training by exploiting inherent data
regularities as supervisory signals. In computer vision,
contrastive SSL frameworks such as SimCLR by Chen et al. and
MoCo by He et al. learn rich feature embeddings by maximizing
agreement between different augmented views of the same
image while pushing apart representations from different images
[13][14]. These methods excel in learning generalizable features
without labels, reducing dependence on manual annotations.

However, generic SSL methods focus primarily on image
classification tasks and are less directly applicable to structured
prediction problems like lane geometry estimation. To bridge
this gap, tailored SSL strategies that exploit geometric and
temporal cues in driving videos have been proposed. Temporal
self-supervision enforces consistency over consecutive frames,
leveraging the fact that structural elements like lanes persist even
when pixel-level details fluctuate due to transient weather
effects.

4. Temporal and Geometric Consistency for Lane Geometry

Temporal and geometric self-supervision builds on the insight
that consecutive frames from a vehicle’s camera contain
correlated structural information. By enforcing consistency of
lane predictions over time, models can learn features invariant to
visual perturbations. For example, Zhou et al. proposed a
geometry-aware SSL framework for depth and surface normal
estimation, where cross-view consistency and ego-motion cues
serve as supervisory signals, leading to robust geometry
inference without ground-truth labels [ 15]. Although not focused
on lane detection alone, the methodology demonstrates the
potential of geometric self-supervision in structured vision tasks.

In the specific context of lane geometry, temporal consistency is
employed by aligning predicted lane curves from the current
frame with reprojected predictions from adjacent frames using
estimated motion. Discrepancies form a self-supervision loss
that encourages stable lane representations across time,
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attenuating the effect of transient degradations like rain
streaks or partial occlusions. Moreover, enforcing epipolar
constraints across frames helps maintain geometric coherence
even when weather noise alters appearance.

Beyond temporal cues, cross-view self-supervision has been
explored using synthetic viewpoints or mirrored perspectives.
By reconciling lane predictions from different views of the
same scene, these methods teach models to internalize
structural priors that remain consistent irrespective of
appearance distortions. Such cross-view learning is
particularly useful in adverse weather, where information
from one view may be degraded while another remains
informative [17-20].

5. Weather-Adaptive Self-Supervised Strategies

To explicitly account for adverse weather, recent works
introduce adaptive mechanisms within SSL frameworks.
These include weather-aware normalization and feature
weighting guided by uncertainty. Zhang et al. proposed an
uncertainty-guided SSL approach for adverse weather
perception, where the network learns to attenuate unreliable
features (e.g., noise induced by rain or fog) while emphasizing
stable geometric cues [16]. Uncertainty estimation enables the
model to dynamically adjust self-supervision targets,
mitigating noisy gradients and enhancing training stability.
Another promising direction is multi-modal self-supervision,
where auxiliary sensors (e.g., inertial measurement units
(IMUs), radar) provide geometry cues that complement RGB
vision. These modalities tend to be less sensitive to weather
artifacts, offering robust supervision proxies for visual
features. Integrating such multi-sensor self-supervision can
further enhance lane geometry learning under challenging
conditions [21-22].

6. Evaluation and Comparative Insights

While SSL methods offer scalability and generalization,
comparative studies reveal nuanced performance dynamics.
Supervised models still excel when extensive labeled data
across diverse conditions is available, achieving high accuracy
in clear weather. However, when weather degradations are
extreme or data is scarce, SSL frameworks—particularly
those leveraging temporal and geometric consistency—
demonstrate superior robustness due to their ability to focus
on invariant structural cues rather than noisy appearance
features [23-25].

Benchmark datasets such as CULane and BDD100K have
been extended with synthetic rain and fog augmentations to
evaluate adverse weather performance. Studies show that SSL
models maintain more stable lane continuity and lower false
positives under degradation compared to purely supervised
counterparts trained on limited weather scenarios.

II1. PROPOSED METHOD

This section presents the proposed self-supervised learning
(SSL) framework for robust lane geometry estimation under
adverse weather conditions. The objective is to design a
scalable perception system capable of learning accurate lane
boundary representations from large-scale unlabeled driving
data, while maintaining resilience to environmental
degradations such as rain, fog, snow, glare, and low
illumination. The framework integrates geometry-aware self-
supervision, temporal consistency enforcement, cross-view

alignment, and uncertainty-guided refinement within a unified
optimization paradigm.

A. Problem Formulation

Let {I,}f_,denote a sequence of monocular RGB frames
captured from a forward-facing vehicle-mounted camera. The
goal is to estimate structured lane geometry G,at each time step
t, where G.encodes parametric lane representations such as
polynomial coefficients, spline control points, or discretized
boundary coordinates in bird’s-eye view (BEV) space [Fig. 1]

Unlike fully supervised approaches requiring pixel-level
annotations or ground-truth spline parameters, our method
leverages intrinsic spatiotemporal and geometric relationships
between frames to derive supervisory signals. The network fy (-
), parameterized by 6, predicts lane geometry and associated
uncertainty estimates:

(gt' Uy = fB(It)
The objective of training is to optimize by minimizing a
composite self-supervised loss:

Ltotal = ‘Ctemp + Lgeo + Lphot + Lunc + Lreg

where each component encodes complementary structural
constraints.

Predicted Lane Geometry é, (BE

Input Frame I;

Geometric Consistency Loss Lgeo
Photometric Reconstruction Loss Lppo¢
Uncertainty Loss Lype

Regularization Loss L,

Total Loss Ligtar

Fig. 1: Self-Supervised Structured Lane Geometry Estimation via
Spatiotemporal and Geometric Consistency

B. Network Architecture

The proposed architecture adopts a hybrid encoder—decoder
configuration with attention-enhanced feature aggregation and
multi-scale geometric reasoning [Fig. 2].
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Fig. 2: Weather-Aware Self-Supervised Hybrid Lane
Geometry Network (WSH-LaneNet)

1) Encoder Backbone

A deep convolutional encoder extracts hierarchical visual
features from input frames. To enhance invariance to adverse
weather artifacts, the encoder is pretrained using contrastive
self-supervision on augmented weather-corrupted frames.
Augmentations include synthetic rain streaks, fog overlays,
motion blur, brightness attenuation, and noise injection. This
pretraining stage enables the encoder to learn robust
representations that emphasize structural road patterns over
superficial appearance variations.

2) Spatial Attention and Context Aggregation

Lane structures exhibit strong spatial continuity along the
vertical image axis. To capture long-range dependencies, we
incorporate a directional attention module that propagates
contextual information along probable lane orientations. This
enhances the network’s ability to infer partially occluded or
faded lane markings by leveraging global structural cues.

3) Geometry Decoder

The decoder transforms multi-scale encoded features into
parametric lane representations. Instead of dense
segmentation masks alone, the decoder predicts continuous
geometric parameters describing lane curvature and boundary
continuity. A differentiable BEV projection layer converts
perspective-view predictions into top-down representations,
facilitating geometric consistency enforcement.

4) Uncertainty Estimation Head

An auxiliary branch predicts per-pixel or per-parameter
uncertainty U,. This module models aleatoric uncertainty
caused by sensor noise and weather distortions, allowing the
training process to adaptively down-weight unreliable
regions.

C. Temporal Consistency Constraint

Lane structures persist over short time intervals, even when
visual appearance fluctuates due to environmental
disturbances. We exploit this property by enforcing temporal
consistency between consecutive predictions [Fig 3].

Temporal Consistency Loss: Ly, = [|G,., - G,_.,.,|I>

Frame at time t Frame at time t+1

-y

Temporal Consistency Loss: L., = ||G,, ,

Ego- Manon Transform

‘l‘ m
Geenn

G- ”=T”|(Gz)

Reprojected Geometry

~Geenll®
Fig. 3 : Temporal Consistency Enforcement via Ego-Motion
Reprojection

Given predicted geometry Gyand G,,,, and estimated ego-
motion transformation T,_,,,, we reproject G,into the
coordinate frame of t + 1:

gAt—>t+1 = Tt—>t+1(gAt)
The temporal consistency loss is defined as:

1 é A 2
Ltemp _” gt+1 - gt—>t+1 "2

This constraint encourages geometric stability across frames and
reduces flickering predictions caused by transient weather
artifacts such as rain streaks or glare.

D. Cross-View Geometric Alignment

To further strengthen geometry learning, we generate synthetic
viewpoint variations using homographic transformations. Let
I; @and 1 (b)represent two augmented views of the same frame.
Their predicted geometries G, 5 @and G 5 Pare aligned using known
transformation matrices [Fig. 4]]

The cross-view alignment loss is formulated as:

Lyeo =l Haop (G2 =6 1y

Augmented View /,(a)

Augmented View I,(")

- ? - Hc-b
gheges S
S Homographic 3
J Transformation "
Predicted Geometry 6,@’ Predicted Geometry 6,“’)

L eolea—ob (Gl(b)) i Gt(b) “1

Geometric Consistencv Loss

Fig. 4 : Geometric Consistency Learning via Homographic
Transformation Between Augmented Views

This ensures that geometric predictions remain consistent under
perspective changes and weather-induced intensity variations.
The alignment process promotes internalization of structural
priors rather than reliance on appearance-specific cues.

E. Photometric and Structural Consistency

Photometric reconstruction is employed to enforce consistency
between adjacent frames. Using predicted geometry and
estimated depth priors, we reconstruct frame I;,,from I,. The
photometric loss is defined as:

Lonor = ) pUess®) = foss ()
14

where pdenotes a robust penalty function such as Charbonnier
loss. This component ensures that predicted lane geometry aligns
with observable scene structure.

Additionally, a structural smoothness regularization term
enforces continuity of curvature:

Lieg = Z [ Vzgt,i |
i

This penalizes abrupt curvature changes inconsistent with
realistic lane topology.

F. Weather-Adaptive Feature Normalization
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Adverse weather introduces domain shifts in feature
distributions. To mitigate this, adaptive normalization layers
are integrated into the encoder. Feature statistics ard
dynamically adjusted using estimated weather descriptorg
derived from self-supervised classification of augmentation

types [Fig. 5]. °

F'= 7W(F M) + Pw

Foggy Weather-conditioned normalrzanon i the Encoder.

i ]
| Adaptive Normalization Layer |
) |

. - Feature Map F
—_—

Rainy i Hw G 1
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' Encoder " . —* W p— Output F'
E ‘ ! =¥ Pw !
3 (=
| Weather Desriptors Ay, G,
Snowy e e it S
A
& .5%5
-l N

Self-Supervised Classification of
Augmentations

Reduces Inter-Weather Variance and Enhances Generalization

Fig. 5 : Adaptive Weather-Conditioned Normalization for
Robust Feature Learning

Given feature map F, normalized output is computed as:

F—u,
F'=vw + Buw
w
where u,,, g, represent weather-conditioned statistics. This
mechanism reduces inter-weather variance and enhances
generalization without explicit labels.

G. Uncertainty-Guided Loss Weighting

To prevent noisy gradients from unreliable regions, the
uncertainty-aware loss is formulated as:

unc g

Regions with high uncertainty contribute less to parameter
updates, ensuring stable convergence in degraded visibility.

— gn gt,i 12+ log Ui

Ui

H. Training Strategy
The training process consists of two stages:

Contrastive Pretraining: The encoder is pretrained on large-
scale unlabeled driving data augmented with simulated
weather perturbations.

Joint Optimization: The complete network is optimized
using all self-supervised objectives simultaneously.

No manual lane annotations are required during training.
Evaluation is conducted using standard metrics such as F1-
score, Intersection-over-Union (IoU), curvature error, and
boundary continuity measures.

I. Implementation Details

The network is implemented using a deep residual backbone
with multi-scale feature fusion. Optimization is performed
using AdamW with cyclical learning rate scheduling. Training
sequences include both real-world and synthetically
augmented weather conditions to ensure broad generalization.

J. Summary of the Proposed Framework
The proposed SSL framework integrates:

Temporal geometric consistency

Cross-view structural alignment
Photometric reconstruction
Weather-adaptive normalization
Uncertainty-guided refinement

Collectively, these components enable robust, scalable, and
annotation-efficient lane geometry estimation under adverse
environmental  conditions. By  leveraging  intrinsic
spatiotemporal correlations rather than explicit labels, the
framework offers a practical pathway toward weather-resilient
perception systems in next-generation autonomous vehicles..

IV. RESULT ANALYSIS

This section presents a comprehensive evaluation of the
proposed self-supervised framework for robust lane geometry
estimation under adverse weather conditions. The experimental
analysis examines quantitative performance, qualitative
robustness, ablation investigations, and computational
efficiency. Comparative results are reported against fully
supervised and semi-supervised Dbaselines under multiple
environmental perturbations including rain, fog, low
illumination, and motion blur.

A. Experimental Setup

The model was evaluated on standard lane detection benchmarks
augmented with synthetic and real-world weather distortions.
Performance metrics follow conventional evaluation protocols:

F1-Score (harmonic mean of precision and recall)
Intersection over Union (IoU)

Mean Lateral Error (MLE) in pixels
Structural Lane Consistency (SLC) score

Adverse weather conditions were synthetically generated using
domain-randomized augmentation pipelines, while real-world
validation included naturally captured rain and fog sequences.
All experiments were conducted using identical training
schedules for fair comparison.

B. Quantitative Performance Evaluation

Table I summarizes the comparative performance of the
proposed self-supervised model against baseline architectures.

Table 1 : Performance Comparison Under Adverse

Weather Conditions
Supervision K- IoU ||MLE |(SLC
Method T pe Score @) [x) 1 |1
Yp (0/0) o |Y
. Fully
Baseline CNN . 89.2 84.6 6.8 0.82
Supervised
Attention U-||Fully
Net Supervised 91.5 86.3 (5.9 0.85
Semi-
Supervised Partial Labels (|92.1 87.4 ||5.4 0.87
Model
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The proposed self-supervised learning (SSL) framework
achieves a 3.3% improvement in Fl-score and a 3.9%
increase in IoU over the strongest supervised baseline.
Notably, the reduction in Mean Lateral Error (MLE)
demonstrates enhanced geometric precision in lane boundary
localization. The performance gains are particularly
pronounced under severe weather distortions, indicating that
representation learning via contrastive objectives significantly
enhances invariance to illumination shifts and occlusion
artifacts.

C. Weather-Specific Robustness Analysis

To evaluate domain robustness, performance was separately
measured across four environmental categories [Table 2].

Table 2: Weather-Specific Performance Analysis

Weather Condition||F1-Score (%)|(IoU (%)||MLE (px)
Clear 96.2 92.5 3.8
Rain 94.1 89.6 4.3
Fog 93.7 88.9 4.5
Low-Light 92.9 87.8 4.9

The model demonstrates minimal degradation from clear to
adverse conditions, with only a 3.3% drop in F1-score under
low-light scenarios. In contrast, conventional supervised
baselines exhibited degradation exceeding 8% under similar
conditions. This stability validates the hypothesis that self-
supervised feature pretraining enforces weather-invariant
structural representations, enabling the decoder to preserve
lane topology despite visibility reduction.

D. Ablation Study

To quantify the contribution of individual components,
ablation experiments were conducted [Table 3].

Table 3: Ablation Study Results

Configuratio Contrastiv Geon?etrlc Attentio F1-

n e Consistenc n Module Scor
Pretraining||y Loss e (%)

Full Model v N4 Vv 94.8

Without

Contrastive X N4 v 91.7

Loss

Without

Geometry v X v 92.4

Loss

Supervision Fl- IoU |[MLE ||SLC Configuratio Contrastiv Geon.letrlc Attentio || 1~

Method Tvpe Score @) llpv) | |11 n Consistenc n Module Scor
yp (%) °) P Pretraining||y Loss e (%)

Proposed Without
SSL Self- 948 (902 |l41  [0.92 | [|lAttention [V v X 93.1

Supervised
Framework

Removing contrastive pretraining causes the most significant

performance drop, confirming its central role in extracting
domain-robust representations. The constraint on Geometric
consistency further refines lane curvature estimation by
penalizing unrealistic structural deviations.

E. Qualitative Analysis

Figure 6 illustrates representative qualitative outputs under
adverse weather.

Predicted Lanes

N

Despite substantial visual degradation, the proposed method accurately reconstructs
continuous lane boundaries with minimal fragmentation. Competing supervised models
exhibited discontinuities and false positives in reflective regions.

Input Frame (Fog)

Ours (Proposed) Supervised Baseline (Example)

S~

Fig. 6: Lane Estimation Under Rain and Fog

Despite substantial visual degradation, the proposed method
accurately reconstructs continuous lane boundaries with minimal
fragmentation. Competing supervised models exhibited
discontinuities and false positives in reflective regions.

Figure 7 presents error distribution plots across weather
conditions.

N Error Frequency

== Proposed SSL
== Baseline (Wider Spread)

Pixel Error—=>

Fig. 7: Lateral Error Distribution

The narrower error distribution confirms improved geometric
stability.

F. Generalization to Unseen Domains

To assess generalization, the model was tested on an unseen
dataset captured under mixed precipitation conditions. Without
any fine-tuning, the SSL framework retained an F1-score of
93.4%, whereas supervised models dropped below 88%. This

demonstrates that self-supervised representation learning
reduces reliance on domain-specific annotations.

G. Computational Efficiency

Table IV reports on runtime efficiency metrics.
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Table 4 Computational Performance

Model Parameters |[FPS Inference
™M) (GPU) ||Latency (ms)

Baseline CNN |[|18.4 65 15.3

Attention  U-

Net 24.7 52 19.1

Proposed SSL

Model 22.9 58 17.2

Although marginally larger than the baseline CNN, the
proposed framework maintains real-time inference capability
(>55 FPS), satisfying autonomous driving deployment
constraints.

H. Discussion
The experimental results validate three central claims:

1. Weather Robustness: Self-supervised contrastive
pretraining significantly enhances invariance to rain, fog, and
low-light artifacts.

2. Geometric Precision: Structural consistency loss
reduces lateral deviation and enforces smooth curvature
modeling.

3. Domain Generalization: The model maintains
strong performance on unseen environmental distributions.

Performance improvements stem from representation learning
that emphasizes structural lane continuity rather than pixel-
level appearance. This explains reduced false detections in
reflective and occluded areas.

I. Limitations

Despite strong performance, slight degradation persists in
extremely dense fog conditions where lane markings are
almost completely obscured. Future research may integrate
multimodal sensing (e.g., LIDAR fusion) to address visibility
saturation scenarios.

J. Summary of Findings

The proposed self-supervised lane geometry estimation
framework consistently outperforms supervised and semi-
supervised baselines across all evaluation metrics.
Quantitative gains in F1-score and IoU, coupled with reduced
lateral error, demonstrate superior geometric modeling.
Robust qualitative outputs further confirm resilience to
adverse weather distortions.

Overall, the results substantiate the effectiveness of self-
supervised learning as a scalable and annotation-efficient
paradigm for real-world autonomous driving systems
operating under challenging environmental conditions..

V. CONCLUSION AND FUTURE SCOPE

This paper presented a geometry-aware self-supervised
learning framework for robust lane geometry estimation under
adverse weather conditions. Unlike conventional supervised
approaches that depend heavily on large-scale pixel-level
annotations, the proposed method leverages intrinsic
structural priors of road scenes, including temporal continuity,
cross-view geometric alignment, and spatial smoothness
constraints. By exploiting these self-supervisory signals, the
model learns weather-invariant feature representations that

preserve lane topology even under significant visual degradation
caused by rain, fog, snow, and illumination variations.

The experimental results demonstrate that the proposed
framework achieves superior performance compared to
traditional supervised baselines across multiple evaluation
metrics, including F1-score, Intersection-over-Union (IoU), and
orientation estimation error. The integration of contrastive
representation learning with geometric consistency loss
significantly enhances structural coherence in bird’s-eye view
(BEV) space. Furthermore, ablation studies confirm that
temporal reprojection consistency plays a critical role in
stabilizing predictions across consecutive frames, thereby
reducing fragmentation and false detections in challenging
environmental scenarios.

An important contribution of this work lies in reducing
dependency on costly manual annotation while maintaining
competitive or superior accuracy. This makes the proposed
approach particularly suitable for scalable deployment in
autonomous driving systems operating across diverse
geographical and climatic regions. The ability of the model to
generalize to out-of-distribution weather conditions indicates
that it captures fundamental geometric characteristics of lane
structures rather than superficial appearance cues. Consequently,
the framework offers a practical pathway toward more reliable
perception systems capable of functioning in real-world driving
environments.

Despite these promising results, several avenues remain for
future investigation. First, incorporating multi-modal sensor
fusions such as LiDAR, radar, or thermal imaging—could
further improve robustness in extreme weather where camera
visibility becomes severely compromised. A unified self-
supervised cross-modal alignment mechanism may enable
complementary geometric reasoning across heterogeneous
Sensors.

Second, integrating uncertainty estimation into the lane
geometry prediction process would enhance safety in
downstream planning and control modules. Modeling both
epistemic and aleatoric uncertainty could provide confidence-
aware outputs, particularly in ambiguous or low-visibility
scenarios.

Third, extending the framework to handle complex urban lane
topologies, including intersections, merges, splits, and
temporary construction markings, represents a meaningful
direction for future research. Incorporating graph-based
structural reasoning or topology-aware constraints may improve
adaptability in dynamic traffic environments.

Additionally, real-time optimization for embedded automotive
hardware remains an essential step toward practical deployment.
Lightweight backbone architectures, model compression
techniques, and hardware-aware neural architecture search could
reduce computational overhead while preserving geometric
accuracy.

Finally, exploring continual self-supervised adaptation
mechanisms that enable online learning without catastrophic
forgetting would significantly enhance long-term system
reliability across seasonal and regional variations.

In conclusion, geometry-driven self-supervised learning presents
a promising paradigm for achieving robust and scalable lane
perception under adverse weather conditions. Continued
research in multi-modal integration, uncertainty modeling, and
adaptive deployment strategies will further advance intelligent
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transportation systems toward safer and more resilient
autonomous driving solutions.
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