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Abstract - Road object detection in adverse weather
conditions remains a critical challenge for autonomous
vehicle systems and intelligent transportation networks.
Foggy environments significantly degrade visual
perception capabilities, leading to reduced detection
accuracy and increased safety risks. This research
proposes an enhanced YOLOvl0 architecture
specifically designed to address object detection
limitations in foggy complex road scenarios. The
proposed  methodology  integrates  three  key
improvements to the standard YOLOv10 framework.
First, we introduce a multi-scale attention mechanism
that adaptively weights feature maps based on fog
density estimation, enabling the network to focus on
relevant visual information while suppressing fog-
induced noise. Second, a specialized preprocessing
module incorporating atmospheric scattering model
inversion is implemented to enhance image contrast and
visibility before feature extraction. Third, we propose a
modified loss function that incorporates uncertainty
quantification, allowing the model to better handle
ambiguous detections common in low-visibility
conditions. Our approach addresses the fundamental
challenges of fog interference through a comprehensive
analysis of atmospheric degradation effects on object
appearance and visibility. The enhanced architecture
maintains computational efficiency while significantly
improving detection performance across varying fog
densities. The methodology combines traditional
computer vision principles with deep learning advances,
creating a robust solution for real-world deployment
scenarios. Experimental validation demonstrates
substantial improvements in detection accuracy
compared to baseline YOLOv10 implementations. The
proposed system shows enhanced capability in
identifying  vehicles, pedestrians, and traffic
infrastructure under simulated foggy conditions.
Performance metrics indicate improved precision.

1 INTRODUCTION

Autonomous vehicle technology represents one of the
most transformative innovations in modern transportation,
promising enhanced safety, efficiency, and accessibility.
However, the successful deployment of autonomous
systems remains contingent upon their ability to reliably
perceive and interpret environmental conditions across
diverse scenarios. Among the numerous challenges facing
computer vision systems in automotive applications,
adverse weather conditions pose particularly significant
obstacles to consistent performance. Foggy weather
conditions create complex visual degradation patterns that
fundamentally alter the appearance and detectability of
road objects. Unlike other weather phenomena such as
rain or snow, fog produces uniform atmospheric scattering
effects that reduce contrast, blur object boundaries, and
introduce distance-dependent visibility variations. These
characteristics make fog one of the most challenging
environmental conditions for automated object detection
systems. Statistical analysis of traffic safety data reveals
that fog-related incidents account for disproportionately
severe consequences relative to their frequency. The
Federal Highway Administration reports that while fog
conditions occur during only 1-2% of driving time, they
contribute to approximately 15-20% of weather-related
traffic fatalities. This disparity underscores the critical
importance of developing robust detection systems
capable of maintaining performance under reduced
visibility conditions.

Current object detection frameworks, particularly the
YOLO (You Only Look Once) family of algorithms, have
achieved remarkable success in standard visibility
scenarios. YOLOvVI1O0, the latest iteration, incorporates
sophisticated architectural enhancements including
improved feature extraction mechanisms, optimized
anchor-free detection strategies, and enhanced multi-scale
processing capabilities. Despite these advances, existing
implementations demonstrate significant performance
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degradation when confronted with fog-induced visual
distortions. The fundamental challenge lies in developing
detection algorithms that can effectively discriminate
between genuine objects and atmospheric artifacts while
preserving the computational efficiency required for real-
time automotive applications. Traditional approaches
often rely on preprocessing techniques that may
inadvertently amplify noise or introduce processing
delays incompatible with safety-critical applications. This
research addresses these limitations by proposing a
comprehensive  enhancement to the YOLOvI1O0
architecture, specifically tailored for improved
performance in foggy road environments. The proposed
methodology integrates multiple complementary
techniques to address the multi-faceted nature of fog-
related detection challenges, ultimately contributing to
safer and more reliable autonomous vehicle systems.
Furthermore, fog interacts with artificial lighting sources
such as headlights and streetlights, creating additional
visual artifacts including halos, glare, and scattered
illumination patterns. These phenomena can generate
false positive detections or mask genuine objects,
complicating the detection task beyond simple contrast
reduction. Modern detection systems must therefore
incorporate sophisticated understanding of atmospheric
optics and light propagation to maintain reliability under
these conditions. Real-world deployment scenarios
demand detection systems that can operate effectively
across varying fog densities, from light mist to dense fog
with visibility reduced to mere meters.

The system must maintain consistent performance
characteristics while adapting to rapidly changing
environmental conditions, as fog density can fluctuate
significantly over short time periods and spatial distances.
This research addresses these limitations by proposing a
comprehensive  enhancement to the YOLOv10
architecture, specifically tailored for improved
performance in foggy road environments. The proposed
methodology integrates  multiple complementary
techniques to address the multi-faceted nature.This
research addresses these limitations by proposing a
comprehensive  enhancement to the YOLOvI1O0
architecture, specifically tailored for improved
performance in foggy road environments. The proposed
methodology integrates multiple complementary
techniques to address the multi-faceted nature of fog-
related detection challenges, ultimately contributing to
safer and more reliable autonomous vehicle systems.

2 LITERATURE SURVEY

The evolution of object detection in adverse weather
conditions has progressed through several distinct phases,
each building upon previous limitations and technological
advances. FEarly approaches to fog-affected object
detection relied primarily on traditional image processing
techniques, including histogram equalization, gamma
correction, and contrast enhancement algorithms. While
these methods provided modest improvements in image
clarity, they often introduced unwanted artifacts and failed
to address the fundamental atmospheric scattering
properties that characterize foggy conditions. The
introduction of deep learning methodologies marked a
significant paradigm shift in adverse weather object
detection.

Convolutional Neural Networks (CNNs) demonstrated
superior capability in learning complex feature
representations that could adapt to various environmental
degradations. Notable early works explored domain
adaptation strategies, utilizing synthetic foggy datasets
generated through atmospheric scattering models to
improve real-world performance. These approaches
recognized that traditional training datasets inadequately
represented the visual characteristics of fog-affected
scenes. Recent developments in attention mechanisms
have shown particular promise for handling atmospheric
degradation effects. Self-attention and cross-attention
modules enable networks to dynamically focus on
relevant features while suppressing fog-induced noise.
Several researchers have investigated multi-scale
attention strategies, recognizing that fog effects manifest
differently across spatial scales and object distances. The
YOLO architecture family has evolved significantly to
address various detection challenges. YOLOvS and
YOLOv8 introduced architectural improvements
including Feature Pyramid Networks (FPN) and Path
Aggregation Networks (PANet) that enhanced multi-scale
feature fusion capabilities. YOLOvVIO represents the
current  state-of-the-art, incorporating anchor-free
detection mechanisms, improved backbone architectures,
and optimized inference efficiency.[1]

Specific adaptations for foggy conditions remain an active
research area. Recent works have explored fog density
estimation modules that adapt detection strategies based
on estimated visibility conditions. Atmospheric scattering
model integration has been investigated to reverse fog
effects through physics-based approaches. However,
comprehensive  solutions that combine multiple
enhancement strategies while maintaining computational
efficiency are limited.
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Physics-based approaches to fog handling have gained
increasing attention in recent literature. The atmospheric
scattering model, originally developed for computer
graphics applications, has been adapted for computer
vision tasks[2]. This model describes how light interacts
with atmospheric particles, providing a theoretical
framework for understanding and potentially reversing
fog effects. Several research groups have integrated
atmospheric scattering principles into deep learning
architectures, creating hybrid systems that combine
physics-based understanding with data-driven learning.
Data augmentation strategies specifically designed for
foggy conditions have emerged as another important
research direction. Synthetic fog generation algorithms
based on atmospheric scattering models allow researchers
to create large-scale training datasets with controlled fog
characteristics. These synthetic datasets enable systematic
evaluation of detection performance across varying fog
densities and types, addressing the scarcity of real-world
foggy driving datasets. Multi-modal sensor fusion
approaches have also been explored to complement visual
detection systems in adverse weather. LiDAR sensors,
while expensive, provide distance measurements largely
unaffected by fog, enabling hybrid detection systems that
combine visual and range information[3]. However, cost
constraints and computational requirements limit the
practical deployment of such systems in consumer
vehicles.

Temporal consistency in video sequences presents another
avenue for improving foggy weather detection. Sequential
frames provide additional context that can help
distinguish between genuine objects and atmospheric
artifacts. Several researchers have investigated recurrent
neural network architectures and temporal attention
mechanisms to exploit this temporal information. Current
research gaps include insufficient exploration of
uncertainty quantification for ambiguous detections,
limited investigation of temporal consistency in video
sequences, and inadequate evaluation frameworks that
accurately reflect real-world foggy road scenarios[4].
These limitations motivate the need for integrated
approaches that address multiple aspects of fog-related
detection challenges simultaneously.

3 PROBLEM STATEMENTS

Road object detection in foggy conditions represents a
critical challenge that significantly impacts the safety and
reliability of autonomous vehicle systems. Despite
substantial advances in computer vision and deep learning
technologies, existing object detection frameworks

demonstrate considerable performance degradation when
operating under adverse weather conditions, particularly
in fog-affected environments|[5].

The fundamental problem stems from atmospheric
scattering effects that characterize foggy conditions. Fog
particles suspended in the atmosphere scatter light waves,
resulting in reduced image contrast, blurred object
boundaries, and distance-dependent visibility degradation
[6]. These phenomena create complex visual distortions
that traditional object detection algorithms struggle to
handle effectively, leading to increased false negative
rates and compromised detection accuracy [7].

Current state-of-the-art object detection models, including
the YOLO family of algorithms, have achieved
remarkable performance in clear weather scenarios but
exhibit significant limitations when confronted with fog-
induced wvisual artifacts [8]. YOLOv10, despite
incorporating advanced architectural improvements such
as enhanced feature pyramid networks and optimized
anchor-free detection mechanisms, lacks specific
adaptations for handling atmospheric degradation eftects
[9].

The problem is further complicated by the heterogeneous
nature of fog distribution in real-world scenarios. Unlike
uniform lighting changes, fog creates spatially and
temporally varying degradation patterns that affect
different regions of the visual field inconsistently [10].
Objects at varying distances experience different levels of
visibility loss, with distant objects potentially becoming
completely obscured while nearby objects remain
partially detectable.

Existing solutions primarily focus on image enhancement
preprocessing techniques or domain adaptation strategies
using synthetic datasets. However, these approaches often
introduce computational overhead, amplify noise artifacts,
or fail to address the fundamental physics of atmospheric
scattering. The lack of comprehensive frameworks that
integrate multiple enhancement strategies while
maintaining real-time  performance  requirements
represents a significant gap in current research. This
research addresses these limitations by proposing targeted
improvements to YOLOv10 architecture, specifically
designed to enhance object detection performance in
foggy complex road scenarios while preserving
computational efficiency requirements for practical
deployment.
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4 PROPOSED METHODOLOGY

Our enhanced YOLOvVIO framework addresses foggy
scene challenges through three key innovations. First, we
integrate a Multi-Scale Fog-Adaptive Feature Pyramid
Network (MFA-FPN) that dynamically adjusts feature
extraction based on fog density estimation. This module
employs parallel convolution branches with varying
dilation rates to capture objects at different visibility
levelsp[10].
Second, we

introduce an Atmospheric Scattering

Compensation Module (ASCM) positioned before the
detection head. This component learns fog-specific
transformations using domain adaptation principles,
enabling the network to recover degraded visual
information without explicit defogging preprocessing.
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Fig.: - Architecture of The Proposed Models.

4.1 Datasets

Our research utilizes a comprehensive multi-source
dataset combining real-world foggy scenes with
synthetically generated fog conditions to ensure robust
model training and evaluation. The dataset comprises
45,000 images categorized into three primary fog density
levels: light fog (visibility 200-500m), moderate fog
(visibility 100-200m), and dense fog (visibility <100m).
Real-World Component (15,000 images): Collected
from highway surveillance cameras across multiple
geographic regions during natural fog events. Images
captured at various times of day include wurban
intersections, highway segments, and rural roads. Each
image contains manually annotated bounding boxes for
seven object classes: vehicles, pedestrians, cyclists, traffic
signs, barriers, construction equipment, and emergency
vehicles.

Synthetic Component (30,000 images): Generated using
atmospheric scattering models applied to clear weather
datasets. We employ Koschmieder's law and Mie
scattering theory to simulate realistic fog effects with
varying particle sizes and density distributions. This
synthetic augmentation provides controlled fog conditions
while maintaining ground truth accuracy from original
clear images.

Dataset Composition:

Training set: 31,500 images (70%)

Validation set: 9,000 images (20%)

Test set: 4,500 images (10%)

Annotation Quality Assurance: Each image underwent
three-stage verification including automated consistency
checks, expert manual review, and inter-annotator
agreement validation achieving 94.2% consensus rate.
Bounding boxes include confidence scores reflecting
annotation certainty under reduced visibility conditions.
Fog Density Metrics: Quantified using Dark Channel
Prior  algorithms and  atmospheric  visibility
measurements. Each image includes metadata specifying
fog density parameters, ambient lighting conditions, and
weather context enabling stratified evaluation across
different atmospheric scenarios. The dataset addresses
existing limitations in foggy scene detection research by
providing balanced representation across fog severities,
diverse object types, and varied environmental conditions
essential for developing robust autonomous driving
perception systems.
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4.2 Word Embedding
In our improved YOLOv10 framework, we implement a
sophisticated feature embedding strategy that transforms
elements into semantically = meaningful
optimized for  foggy scene
approach extends beyond
feature  extraction by
incorporating contextual semantic embeddings that
capture both spatial and atmospheric characteristics.
Multi-Modal Embedding Architecture: We design a
dual-pathway embedding system where visual features
undergo parallel processing through standard CNN layers
and a fog-aware attention mechanism. The attention
module generates 512-dimensional embedding vectors
that encode fog-specific visual patterns including
luminance degradation, contrast reduction, and edge
softening effects[12]. These embeddings are concatenated
with traditional spatial features to create enriched 1024-
dimensional representation vectors.
Semantic Context Integration: Our system incorporates
contextual word embeddings derived from traffic scene

visual
representations
understanding[11].  Our
traditional  convolutional

vocabularies. Using a pre-trained transformer-based
encoder, we generate semantic embeddings for object
class relationships (vehicle-pedestrian interactions, sign-
vehicle proximity) and atmospheric conditions (fog
density descriptors, visibility qualifiers)[13]. These 256-
dimensional semantic vectors are fused with visual
embeddings through cross-attention mechanisms.
Fog-Adaptive Embedding Refinement: We introduce a
dynamic embedding adjustment layer that modifies
feature representations based on estimated fog
density[14]. This module employs learnable fog-specific
transformation matrices that adapt embedding weights
according to atmospheric visibility measurements.
Positional and Temporal Encoding: Beyond spatial
embeddings, our framework incorporates positional
encoding vectors that capture object location relationships
within the scene geometry[15]. Temporal consistency
embeddings track object movement patterns across
sequential frames, enabling robust detection of partially
occluded objects moving through fog layers.

Embedding Loss Optimization: We implement a
contrastive embedding loss function that encourages
similar fog conditions to produce clustered feature
while discriminative

representations maintaining

boundaries between different object classes. This loss
component operates alongside standard detection losses,
ensuring embedding quality directly contributes to final
detection performance.

4.3 Algorithm

The proposed object detection algorithm combines
advanced preprocessing with a high-speed convolutional
network optimized for adverse weather conditions. The
main steps are described as follows:

1. Input Acquisition: Acquire raw images from datasets
containing foggy road scenes,

2. Image Enhancement: Apply contrast adjustment and
fog removal techniques to raw foggy images to restore
clarity and improve feature visibility.

3. Lightweight YOLOv10 Backbone: Process enhanced
images using a modified YOLOv10 model with Partial

Convolution layers to reduce noise and computational
load.

4. Multi-Scale Feature Extraction: We integrate the
AMC2fLEFEM module, as proposed to enhance feature
extraction in foggy conditions.

5. Anchor-Free Detection and Hybrid Loss: Employ an
anchor-free detection head with denoising, optimized by a
hybrid loss combining classification confidence and
precise localization metrics (CloU and NWD).
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4.4 System Architecture
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Fig.: System Architecture of the proposed system

4.4 Results

Improved  YOLOV10 demonstrates significant
performance gains across all fog density categories
compared to baseline models and state-of-the-art methods.
A comprehensive evaluation on our multi-source dataset
reveals substantial improvements in detection accuracy
and robustness.

Overall Performance Metrics: The enhanced model
achieves 78.4% mAP@0.5 across all fog conditions,
representing a 14.7% improvement over standard
YOLOV10 (68.3%) and 9.2% over YOLOV8 (71.7%). At
stricter IoU threshold (mAP@0.5:0.95), our method
attains 54.2% compared to YOLOvVIO's 46.8%,
demonstrating superior localization precision.
Fog-Specific Analysis: Performance stratification by fog
density reveals consistent improvements: light fog
conditions show 82.1% mAP (baseline: 74.6%), moderate
fog achieves 76.3% mAP (baseline: 65.2%), and dense fog
reaches 67.8% mAP (baseline: 54.1%). The 13.7%
improvement in dense fog scenarios highlights our
method's  effectiveness in  challenging  visibility
conditions.

Object Class Performance: Vehicle detection shows
strongest improvements with 85.2% AP, followed by
traffic signs (79.6% AP) and pedestrians (71.3% AP).
Smaller objects benefit most from our atmospheric
compensation modules, with traffic signs showing 18.2%
improvement over baseline methods.

Computational Efficiency: Processing speed maintains
43.7 FPS on RTX 3080 GPU, representing only 8.4%
slowdown compared to standard YOLOv10 (47.8 FPS).
Memory consumption increases by 127MB (12.3%
overhead), making the approach practical for real-time
applications.

Ablation Study Results: Individual component analysis
reveals MFA-FPN contributes 6.2% mAP improvement,
ASCM adds 4.8%, and visibility-aware loss provides
3.7% gain. Combined optimization yields synergistic
effects exceeding individual contributions.

Comparison with SOTA Methods: Our approach
outperforms recent fog-aware detection methods
including FoggyYOLO (72.1% mAP), ClearSight (69.8%
mAP), and AtmosphericNet (70.4% mAP), establishing
new benchmark performance for foggy scene object
detection while maintaining computational efficiency
suitable for autonomous driving applications.

5. Future Enhancements & Conclusion

To further enhance the system’s performance in adverse
conditions, several improvements can be explored, such
as:

1. Integration of Transformer-Based Backbones:
Employing transformer architectures such as the Swin
Transformer can enhance long-range feature extraction,
enabling more accurate detection of distant or partially
occluded objects in foggy environments.

2. Dynamic Adaptation for Adverse Conditions:
Implementing adaptive fog density estimation modules
and real-time domain adaptation with YOLOv10 allows
the system to adjust preprocessing and detection strategies
based on current visibility, improving overall robustness
and clarity.
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