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ABSTRACT 

Atmospheric fog poses critical challenges for computer vision systems in autonomous driving, surveillance, and robotics, 

where reliable object classification is essential. Under severe fog, classification accuracy can degrade by over 50%, and 

most existing approaches rely on separate defogging steps that limit real-time applicability. This study introduces the 

Enhanced Density-Aware Cross-Scale Transformer (EDCST), a novel architecture for direct object classification under 

foggy conditions without requiring prior defogging. To support comprehensive evaluation, we developed a physics-based 

simulation framework generating four fog types (uniform, gradient, patchy, adaptive) across nine intensity levels (0-80% 

scattering). EDCST leverages 384-dimensional embeddings, eight transformer layers, and twelve attention heads, trained 

using curriculum learning with OneCycleLR scheduling. On CODaN-Fog (15,500 images at 224×224 resolution), 

EDCST achieves 84.4% accuracy on clean images and retains 74.2% accuracy under severe fog (80% intensity), 

outperforming baseline transformers by 15.8 percentage points. Class-wise sensitivity analysis reveals that larger objects 

such as vehicles and animals maintain over 75% classification performance, while smaller objects are more affected. 

Patchy fog causes the greatest accuracy drop (19.1%), followed by adaptive (8.9%) and uniform fog (6.8%). The model 

converges in 100 epochs within 513 minutes on Tesla V100 GPU. This work introduces a real-time-capable classification 

framework that eliminates defogging requirements and maintains strong performance under diverse fog conditions, 

making it highly suitable for safety-critical vision applications. 

Keywords: Object classification, atmospheric fog, robust computer vision, atmospheric scattering, curriculum learning, 

fog simulation 

1. INTRODUCTION 

Computer vision systems form the backbone of modern autonomous technologies, from self-driving vehicles 

to surveillance networks and robotic systems [1, 2, 3]. However, these systems face significant challenges 

when operating under adverse weather conditions, particularly atmospheric fog, which can dramatically 

degrade visual perception capabilities [4, 5]. Fog scattering effects reduce image contrast, blur object 

boundaries, and alter color characteristics, leading to substantial performance degradation in object 

classification tasks [6]. 

The critical nature of this challenge is exemplified in autonomous driving scenarios, where fog-induced 

misclassification can result in catastrophic failures. Recent studies indicate that state-of-the-art object 

detection models experience accuracy drops of over 50% under severe fog conditions [7, 8]. Similar 

degradation patterns have been observed in surveillance systems [9], drone navigation [3], and robotic vision 

applications [10], highlighting the urgent need for fog-robust computer vision solutions. 

https://scholar.google.com/citations?user=sPQv4tIAAAAJ&hl=fr
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Traditional approaches to fog-degraded image analysis typically employ a two-stage pipeline: image 

defogging followed by object classification [11]. Defogging methods range from classical techniques based 

on atmospheric scattering models [12] to modern deep learning approaches [13, 14]. However, these 

preprocessing-based solutions suffer from several limitations: computational overhead affecting real-time 

performance, error propagation from defogging to classification stages, and limited generalizability across 

diverse fog conditions [15, 16]. 

Recent advances in deep learning have demonstrated the potential for end-to-end fog-robust classification 

without explicit defogging preprocessing [17, 18]. Convolutional Neural Networks (CNNs) with specialized 

architectures have shown promising results in handling weather-degraded images [19, 20]. However, these 

approaches are primarily designed for clear weather conditions and exhibit limited robustness when faced 

with diverse fog characteristics [21]. 

The emergence of Vision Transformers (ViTs) has revolutionized computer vision by leveraging self-

attention mechanisms to capture global contextual information [20]. Unlike CNNs, which process images 

through local convolutions, transformers can model long- range dependencies and have demonstrated 

superior performance in various computer vision tasks [22, 23]. However, their application to fog-robust 

object classification remains largely unexplored, presenting a significant research opportunity. 

Fog simulation represents another critical aspect of developing robust computer vision sys- tems. Physics-

based fog models, grounded in atmospheric scattering theory, provide realistic training data for fog-robust 

algorithms [24]. However, existing fog simulation approaches often oversimplify fog characteristics, 

typically modeling only uniform fog distributions [25, 26]. 

Real-world atmospheric fog exhibits complex spatial variations that significantly impact visual perception. 

These include uniform fog with consistent density distribution, gradient fog with progressive intensity 

changes across image regions, patchy fog with localized density variations, and adaptive fog that responds 

to scene content characteristics [27]. Furthermore, fog intensity varies considerably in practice and can be 

categorized into five representative conditions: Clean (0% scattering, no fog), Light Fog (20% scattering, 

uniform fog), Moderate Fog (40% scattering, patchy fog), Severe Fog (60% scattering, gradient fog), and 

Extreme Fog (80% scattering, adaptive fog). These categories reflect increasing levels of visual degradation, 

from minimal visibility loss to complex and dynamic haze patterns that severely compromise object 

recognition capabilities [6]. Current simulation frameworks fail to capture this comprehensive range of fog 

characteristics, limiting the robustness of trained models when deployed in diverse real-world conditions. 

Curriculum learning has emerged as a powerful training strategy for handling challenging data distributions 

[28]. By gradually increasing task difficulty during training, curriculum learning enables models to learn 

robust representations while maintaining convergence stability [29, 30]. Despite its proven effectiveness in 

various domains, curriculum learning applications to fog-robust computer vision remain limited [31]. 

This work addresses these limitations by proposing an Enhanced Density-Aware Cross-Scale Transformer 

(EDCST) architecture specifically designed for robust object classification under diverse atmospheric fog 

conditions. Our approach eliminates the need for separate defogging preprocessing while maintaining high 

classification accuracy across varying fog intensities and types. The key contributions of this research are: 

1. We introduce the EDCST architecture that integrates density-aware attention mechanisms with 

cross-scale feature processing, enabling robust object classification under fog conditions without 

preprocessing requirements. 

2. We develop a physics-based fog simulation methodology that models four distinct fog types 

(uniform, gradient, patchy, and adaptive) across nine intensity levels, providing realistic training 

and evaluation scenarios. 

3. We propose a curriculum learning approach combined with clean validation methodology that 

ensures accurate performance measurement while maintaining fog robustness through progressive 

difficulty scaling 

The remainder of this paper is organized as follows: Section 2 This section establishes the theoretical 

foundations underlying our approach. Section 3 reviews related work in fog-robust computer vision and 
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vision transformers. Section 4 presents the proposed EDCST architecture and training methodology. Section 

5 describes the experimental setup and evaluation protocols. Section 6 discusses results and provides 

comprehensive analysis with limitations and future research directions. Section 7 concludes this work. 

2. PRELIMINARIES 

This section establishes the theoretical foundations underlying our approach. We provide essential 

background on vision transformers, atmospheric scattering theory for fog modeling, object classification 

challenges under degraded conditions, and curriculum learning principles that inform our methodology. 

2.1. Vision Transformers for Image Classification 

Vision Transformers (ViTs) represent a paradigm shift from traditional convolutional architectures by 

applying the transformer mechanism, originally designed for natural language processing [32], to computer 

vision tasks [33]. The fundamental principle involves treating an image as a sequence of patches, analogous 

to tokens in text processing, which has revolutionized computer vision since 2020 [34]. 

Given an image 𝒙 ∈  𝑅𝐻×𝑊 ×𝐶, it is split into non-overlapping patches of size 𝑃 × 𝑃, producing 𝑁 =
𝐻𝑊 

𝑃2
 

patches. Each patch 𝒙𝑝 ∈  𝑅
𝑃2·𝐶 is flattened and projected to form embeddings, as formulated in Eq. 1: 

 

                                                                               𝒛𝟎 = [𝒙𝟏𝑬; . . . ;  𝒙N𝑬] + 𝑬pos                                                (1) 

 

where 𝐸 ∈  𝑅(𝑃
2·𝐶)×𝐷 is the projection matrix, and 𝐸𝑝𝑜𝑠 ∈  𝑅

𝑁×𝐷 adds positional encoding [35]. This 

transforms spatial data into tokens for transformer processing. Each transformer layer applies multi-head 

self-attention (MSA) and MLP blocks with residual connections as shown in Eq. 2 and Eq. 3: 

 

                                                                              𝒛𝑙
𝑖  =  𝑀𝑆𝐴(𝐿𝑁(𝒛𝑙−1)) + 𝒛𝑙−1                                                 (2) 

 

                                                                                   𝒛𝑙 =  𝑀𝐿𝑃(𝐿𝑁(𝒛𝑙
′))  + 𝒛′                                                    (3) 

 

MSA uses scaled dot-product attention, as formulated in Eq. 4: 

 

                                                                   𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑸,𝑲, 𝑽) =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
) 𝑉                                        (4) 

 

where Q, K, and V are query, key, and value matrices, and dk is the key dimension [36, 37]. 

This allows global context modeling, useful under fog-degraded conditions. In our study, despite the 

availability of various Transformer architectures, we chose to work with Swin-Tiny due to its strong balance 

between performance and computational efficiency. With only 28.3 million parameters, it is significantly 

lighter than ViT-Base or DeiT-Base, while still providing effective multi-scale representations through its 

shifted window mechanism. This localized attention makes it particularly suitable for foggy scenes, where 

visual cues are often sparse or degraded. Furthermore, its lightweight design facilitates faster training and 

real-time deployment, aligning well with the practical requirements of autonomous systems. 

 

 

 

 



Vol. 19, No. 3-4 2025 

 

DOI: https://doi.org/10.14232/analecta.2025.3-4.15-38 

 

18 

 

Table 1. Comparison of Vision Transformer variants. 

Model Patch Size Embed Dim Layers Params (M) 

ViT-Base/16 16 × 16 768 12 86.6 

ViT-Large/16 16 × 16 1024 24 307.4 

Swin-Tiny 4 × 4 96 12 28.3 

Swin-Small 4 × 4 96 24 49.6 

DeiT-Small 16 × 16 384 12 22.1 

DeiT-Base 16 × 16 768 12 86.6 

 

2.2. Atmospheric Scattering Theory and Fog Modeling 

 

Atmospheric fog formation follows well-established physical principles governing light propagation through 

particulate media [38, 39]. The interaction between electromagnetic radiation and suspended water droplets 

results in scattering phenomena that significantly alter image characteristics, which has been extensively 

studied in recent computer vision  research [40, 41]. 

The fundamental equation describing atmospheric light transmission through fog is governed by the Beer-

Lambert law, which relates observed intensity to original scene radiance through exponential attenuation. 

This relationship is expressed, as shown in Eq. 5: 

 

                                                               𝐼(𝑥)  =  𝐼0(𝑥)𝑒
−𝛽𝑑(𝑥)  +  𝐴(1 − 𝑒−𝛽𝑑(𝑥))                                           (5) 

 

where 𝐼(𝑥) represents the observed intensity at pixel 𝑥, 𝐼0(𝑥) is the original scene radiance, 𝛽 denotes the 

atmospheric scattering coefficient, 𝑑(𝑥) represents the distance from camera to scene point, and A is the 

atmospheric light constant [42]. This equation captures both the attenuation of original light and the addition 

of atmospheric light, which are the primary mechanisms of fog-induced image degradation. 

The scattering coefficient β directly relates to fog density and visibility range V through the Koschmieder 

relationship, as formulated in Eq. 6: 

 

                                                                                          𝛽 =
3.912

𝑉
                                                                         (6) 

 

This relationship establishes the foundation for quantifying fog intensity levels in our simulation framework 

[43]. For practical implementation, we parameterize fog intensity as 𝛼 ∈ [0,1], where 𝛼 = 0 represents clear 

conditions and 𝛼 = 1 corresponds to maximum fog density [44]. 

Fog simulation in this study involves four types, each with distinct spatial patterns, mathematical 

formulations, complexity levels, and real-world analogues. Uniform fog exhibits a constant scattering 

coefficient defined as 𝛽(𝑥, 𝑦)  =  𝛽0, representing dense morning fog and is computationally simple. 

Gradient fog introduces a linearly varying density modeled by 𝛽(𝑥, 𝑦)  =  𝛽0  +  𝛾 ·  𝑓(𝑥, 𝑦), simulating 

conditions like valley fog or changes due to elevation, with moderate complexity. Patchy fog is characterized 

by stochastic variation, expressed as 𝛽(𝑥, 𝑦)  =  𝛽0  + 𝜎 · 𝑁 (𝑥, 𝑦), mimicking localized fog patches and 

requiring higher computational resources. Finally, adaptive fog is the most complex, using a scene-dependent 

formulation 𝛽(𝑥, 𝑦)  =  𝛽0 · 𝑔(𝐼0(𝑥, 𝑦)) that adjusts to image content, resembling fog in complex terrains 

and demanding significant modeling effort. 

2.3. Object Classification under Degraded Conditions  

Object classification in adverse weather conditions presents unique challenges that differ fundamentally from 

clear weather scenarios [45]. Fog-induced degradation affects multiple image attributes simultaneously, 



Vol. 19, No. 3-4 2025 

 

DOI: https://doi.org/10.14232/analecta.2025.3-4.15-38 

 

19 

 

including contrast reduction, color shift, edge blurring, and texture suppression [46, 47]. The classification 

problem under fog can be formulated as learning a mapping 𝑓: 𝑋𝑓𝑜𝑔 → 𝑌 where 𝑋𝑓𝑜𝑔 represents the space of 

fog-degraded images and 𝑌 denotes the label space [48, 49]. The challenge lies in the domain gap between 

clean training data 𝑋𝑐𝑙𝑒𝑎𝑛  and fog-degraded test conditions 𝑋𝑓𝑜𝑔. The robustness of a classifier can be 

quantified through the performance retention metric, which measures the preservation of classification 

accuracy under adverse conditions, as shown in Eq. 7: 

 

                                                                                     𝜌 =
𝐴𝑐𝑐𝑓𝑜𝑔 

𝐴𝑐𝑐𝐶𝑙𝑒𝑎𝑛
× 100%                                                          (7) 

 

Where 𝐴𝑐𝑐𝑓𝑜𝑔 and 𝐴𝑐𝑐𝑐𝑙𝑒𝑎𝑛  represent accuracy under fog and clean conditions respectively [50, 51]. High 

robustness corresponds to ρ values approaching 100%, indicating minimal performance degradation under 

adverse conditions. 

2.4. Curriculum Learning Principles 

Curriculum learning, inspired by human learning processes, involves training machine learning models on 

progressively more difficult examples [30, 52]. This approach has demonstrated significant benefits in 

handling challenging data distributions and improving model convergence, particularly in computer vision 

tasks since 2020 [53, 54]. 

Formally, curriculum learning defines a sequence of training distributions {𝐷1, 𝐷2, . . . , 𝐷𝑇  }  where 𝐷𝑡  
represents the data distribution at curriculum stage 𝑡. The difficulty progression typically follows an ordered 

sequence ensuring gradual complexity increase, as shown in Eq. 8: 

 

                                                 𝑑𝑖𝑓𝑓𝑖𝑐𝑢𝑙𝑡𝑦(𝐷1)  ≤  𝑑𝑖𝑓𝑓𝑖𝑐𝑢𝑙𝑡𝑦(𝐷2)  ≤ . . . ≤  𝑑𝑖𝑓𝑓𝑖𝑐𝑢𝑙𝑡𝑦(𝐷𝑇)                         (8) 
 

For fog-robust learning, we define curriculum difficulty based on fog intensity αt and type complexity 𝜏𝑡, 
creating a composite difficulty measure, as formulated in Eq. 9: 
 

                                                                         𝑑𝑖𝑓𝑓𝑖𝑐𝑢𝑙𝑡𝑦(𝐷𝑡)  =  𝑤1𝛼𝑡 + 𝑤2𝜏𝑡                                                  (9) 
 

where 𝑤1 and 𝑤2 are weighting factors that balance intensity and type complexity contributions [55, 10]. 

The curriculum progression can follow various scheduling strategies to optimize learning dynamics [56]. 

These strategies differ in how they gradually introduce fog intensity during training, aiming to improve 

model robustness and convergence under increasing visual complexity. 

Linear Scheduling: This approach applies a steady and uniform increase in fog intensity across training 

epochs, as shown in Eq. 10: 

 

                                                                            𝛼𝑡 = 𝛼𝑚𝑖𝑛 +
𝑡

𝑇
(𝛼𝑚𝑎𝑥 − 𝛼𝑚𝑖𝑛)                                                                 (10) 

 

where 𝛼𝑚𝑖𝑛 and 𝛼𝑚𝑎𝑥 denote the minimum and maximum fog intensities, 𝑡 is the current epoch, and 𝑇 is the 

total number of training epochs. 

Step-wise Scheduling: This strategy divides training into discrete stages, each corresponding to a fixed fog 

intensity. At specific intervals, the model transitions to higher complexity levels, offering a structured 

exposure to increasingly challenging conditions. 

Exponential Scheduling: In this case, the fog intensity increases rapidly during the early training phase and 

stabilizes later, as formulated in Eq. 11: 

 

                                                                               𝛼𝑡 = 𝛼𝑚𝑎𝑥  . (1 − 𝑒
−𝜆 

𝑡

𝑇)                                                                         (11) 
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where the parameter 𝜆 controls the rate of exponential growth relative to training progression. 

Adaptive and Self-paced Scheduling: These methods follow non-linear and dynamic progression patterns. 

Adaptive scheduling adjusts fog intensity in response to model performance, while self-paced learning allows 

the model to select training samples based on its evolving capabilities. Both approaches ultimately converge 

toward the target intensity in a data-driven manner. 

The curriculum learning strategy for fog-robust training was designed in four progressive stages over 100 

training epochs, with each stage introducing increasing complexity in fog conditions to optimize the model’s 

adaptation. During the first stage (epochs 1–25), the model is exposed to uniform fog with a maximum 

intensity of 0.2 to support basic fog adaptation. 

In the second stage (epochs 26–50), both uniform and gradient fog types are introduced, increasing the 

maximum fog intensity to 0.4 to help the model handle spatial variations. The third stage (epochs 51–75) 

adds patchy fog with an intensity up to 0.6, encouraging the model to learn stochastic fog patterns. Finally, 

in the fourth stage (epochs 76–100), adaptive fog with a maximum intensity of 0.8 is included, focusing the 

training on complex scene understanding under diverse and dynamic fog conditions. 

These scheduling strategies enable controlled exposure to increasing fog complexity, facilitating stable 

feature learning while preventing optimization difficulties [57, 58]. 

3. RELATED WORK 

This section reviews existing approaches relevant to fog-robust object classification across six key research 

areas: vision transformers, image defogging techniques, end-to-end and joint-learning frameworks, robust 

classification under adverse conditions, curriculum learning, and fog simulation frameworks. We identify 

current limitations and position our contributions within the research landscape. 

3.1. Vision Transformers for Image Classification 

Vision Transformers (ViTs) have revolutionized computer vision by leveraging global self-attention 

mechanisms to capture long-range dependencies, as demonstrated in the foundational work by Dosovitskiy 

et al. [59]. Comprehensive surveys by Khan et al. [60] highlight the rapid evolution of transformer 

architectures in visual tasks. The hierarchical Swin Transformer [20] addressed computational efficiency 

through shifted window attention, enabling practical deployment on resource-constrained devices, while 

recent developments focused on scaling to billions of parameters [61] and exploring hybrid architectures that 

combine convolutional and attention mechanisms [62]. 

Recent work in 2024-2025 has extended transformers to challenging visual conditions. Li et al. [75] 

demonstrated gated adaptive mechanisms for nighttime object detection, while Liu et al. [76] explored fine-

tuning with synthetic weather images, showing improved generalization under adverse conditions. However, 

systematic fog robustness evaluation remains underexplored. 

However, most ViT research concentrates on clean image conditions with limited exploration of robustness 

under environmental degradations. Paul and Chen [63] conducted preliminary robustness studies showing 

that transformers exhibit different failure modes compared to CNNs under certain perturbations. 

Bhojanapalli et al. [64] provided theoretical analysis of transformer robustness, yet fog-robust classification 

using transformers remains largely unexplored despite advances in robust training strategies [49, 51]. 

Recent work in 2024-2025 has begun extending transformer applications to challenging visual conditions. 

Li et al. [65] proposed a gated image-adaptive network for nighttime object detection published in IEEE 

Transactions on Intelligent Transportation Systems, demonstrating that adaptive gating mechanisms can 

selectively enhance features under low-light degraded visibility conditions. Their work achieved significant 

improvements in nighttime detection but did not address fog-specific challenges. Similarly, Liu et al. [66] 

explored fine-tuning strategies using synthetic adverse weather images in Computer Vision and Image 

Understanding, showing that controlled augmentation with diverse weather patterns can enhance model 

generalization. While these studies highlight the potential of adaptive architectures for handling atmospheric 
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degradations, systematic evaluation of transformers under diverse fog conditions with varying spatial 

distributions remains a critical research gap. 

3.2. Image Defogging and Enhancement Techniques 

Traditional approaches to fog-degraded image analysis rely on preprocessing-based defogging before 

classification, following a two-stage pipeline [38, 39]. Physics-based methods leverage atmospheric 

scattering models, with the seminal Dark Channel Prior by He et al. [64] establishing the foundation for 

single image dehazing by exploiting statistical regularities in outdoor images. This work, published in IEEE 

Transactions on Pattern Analysis and Machine Intelligence, has inspired numerous physics-based variants. 

Learning-based approaches introduced end-to-end defogging through DehazeNet [13], which employed a 

trainable CNN to estimate transmission maps, and more recently transformer-based methods like 

DehazeFormer [65] published in IEEE Transactions on Image Processing, which leverage self-attention for 

global atmospheric light estimation. Multi-scale architectures including FFA-Net [40] show promise for 

diverse fog conditions by aggregating features at multiple resolutions through feature fusion attention 

mechanisms presented at AAAI. 

Despite substantial progress in defogging quality metrics, preprocessing approaches suffer from several 

fundamental limitations: computational overhead affecting real-time performance, error propagation from 

defogging to classification stages where defogging artifacts can mislead downstream classifiers, and limited 

generalizability across diverse fog conditions with varying spatial characteristics [6, 66]. Recent 

benchmarking studies have shown that even state-of-the-art defogging methods can introduce perceptual 

artifacts that degrade classification performance, particularly under extreme fog conditions. 

3.3. End-to-End and Joint-Learning Frameworks 

To address the limitations of two-stage pipelines, recent research has explored end-to-end and joint-learning 

frameworks that integrate defogging and recognition tasks. Li et al. [38] proposed physics-guided deep 

learning for atmospheric haze removal published in IEEE Transactions on Pattern Analysis and Machine 

Intelligence, incorporating physical constraints directly into the learning objective to ensure physically 

plausible outputs. Zhang and Tao [39] developed atmospheric scattering-based methods for simultaneous 

light source detection and dehazing in IEEE Transactions on Image Processing, demonstrating improved 

consistency between defogging and downstream tasks. 

Joint-learning approaches attempt to optimize both defogging and classification objectives simultaneously, 

theoretically reducing error accumulation. However, these methods face several challenges: they typically 

require explicit weather condition labels during training, limiting their applicability to unlabeled real-world 

scenarios; they often employ task-specific loss weighting that requires careful hyperparameter tuning; and 

they may struggle with the competing objectives of perceptual defogging quality versus classification 

accuracy. Furthermore, most joint-learning frameworks still maintain separate defogging and classification 

branches, increasing model complexity and computational requirements. 

In contrast to these approaches, truly end-to-end methods that directly classify fog-degraded images without 

explicit defogging representations remain underexplored. Zhang et al. [72] demonstrated multimodal sensor 

fusion for adverse weather in CVPR, but relied on LiDAR and thermal sensors unavailable in many practical 

scenarios. Our work differs fundamentally by eliminating separate defogging modules entirely, instead 

learning fog-invariant representations directly through density-aware attention mechanisms. 

3.4. Robust Classification under Adverse Conditions 

Weather robustness research has intensified driven by autonomous vehicle requirements and outdoor 

surveillance applications [45, 46]. Hendrycks and Dietterich [8] established comprehensive corruption 

benchmarks revealing that state-of-the-art models experience accuracy drops exceeding 50% under weather 
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degradations, motivating systematic robustness evaluation. Weather-specific datasets like ACDC [46] and 

Foggy Cityscapes [4] published in International Journal of Computer Vision enable controlled evaluation 

across diverse atmospheric conditions including fog, rain, snow, and nighttime scenarios. 

Current approaches to weather robustness include domain adaptation techniques [17] that align feature 

distributions between clear and degraded conditions, weather-specific data augmentation strategies [67] that 

expose models to synthetic weather variations during training, and adversarial training methods [50] that 

explicitly optimize for worst-case perturbations. Kim et al. [67] recently proposed self-augmentation 

strategies specifically for weather datasets, demonstrating improved generalization. However, most methods 

require explicit weather condition knowledge or separate specialized models for different degradation types, 

limiting their practical applicability in unconstrained environments where weather conditions vary 

dynamically and unpredictably. 

The fundamental challenge lies in the domain gap between clean training data and degraded test conditions, 

with fog presenting unique difficulties due to its spatially-varying, depth-dependent nature that differs 

fundamentally from additive noise or blur. Existing robustness techniques often treat fog as a uniform 

degradation, failing to capture the complex spatial variations observed in real-world atmospheric fog. 

3.5. Curriculum Learning for Computer Vision 

Curriculum learning, inspired by human pedagogical principles, improves model convergence through 

progressive difficulty scheduling [28, 30]. Comprehensive surveys by Soviany et al. [52] highlight diverse 

curriculum strategies across computer vision domains. Early applications in object detection [68] and 

classification [31] demonstrated that gradually increasing task difficulty enables more stable optimization 

and improved final performance compared to random sampling. Recent developments include automatic 

curriculum design [55] that learns difficulty metrics directly from data, and adaptive scheduling strategies 

[58] published in ICLR that dynamically adjust curriculum progression based on model performance. 

However, weather-specific curriculum learning remains limited, with existing approaches lacking domain-

specific difficulty metrics that capture the unique characteristics of atmospheric degradations. Most 

curriculum strategies employ generic complexity measures based on prediction confidence or loss 

magnitude, missing opportunities to leverage the structured, physics-based nature of fog degradation. 

Progressive fog intensity scheduling aligned with atmospheric scattering theory represents an underutilized 

approach for systematic robustness training. 

3.6. Fog Simulation and Synthetic Data Generation 

Realistic fog simulation is crucial for developing robust systems given the scarcity and annotation difficulty 

of real foggy imagery [69]. Physics-based approaches build upon fundamental atmospheric scattering theory 

established by Narasimhan and Nayar [24], with recent enhancements in atmospheric light modeling [43] 

published in IEEE Transactions on Geoscience and Remote Sensing that account for spatially-varying 

illumination. Learning-based synthesis using GANs [70] and diffusion models [71] shows promise for 

generating realistic fog patterns but faces computational limitations and potential distribution mismatch with 

real atmospheric conditions. 

Synthetic datasets including Foggy Cityscapes [4] support systematic evaluation by providing pixel-aligned 

foggy-clear image pairs. However, most simulation frameworks model only uniform fog distributions with 

constant density, failing to capture real-world spatial complexity including gradient fog with progressive 

intensity changes, patchy fog with localized density variations, and adaptive fog that responds to scene 

structure and depth. This limitation restricts the robustness of trained models when deployed in diverse real-

world conditions where fog exhibits complex spatial characteristics. Recent work on synthetic fog generation 

[42] published in Computer Vision and Image Understanding provides comprehensive surveys of simulation 

methods but highlights the persistent gap between synthetic and real atmospheric fog. 
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3.7. Research Gaps and Motivation 

Our comprehensive review reveals critical limitations in existing approaches that motivate our contributions. 

Vision transformers lack systematic evaluation under fog-specific degradations, with robustness studies 

focusing primarily on adversarial perturbations rather than atmospheric phenomena. Current two-stage 

approaches rely on separate defogging preprocessing, introducing error propagation, computational 

overhead, and the need for perfectly aligned training data. While joint-learning frameworks attempt to 

address error accumulation, they maintain complex multi-branch architectures and require explicit weather 

supervision. Existing fog simulation predominantly models uniform distributions, failing to capture the 

spatial heterogeneity of real atmospheric fog including gradient, patchy, and scene-adaptive variations. 

Furthermore, curriculum learning applications lack domain-specific difficulty metrics aligned with 

atmospheric scattering physics, missing opportunities for more effective progressive training strategies. 

Our EDCST fundamentally differs from existing approaches by: (1) introducing a novel density-aware 

transformer architecture that directly processes fog-degraded images without any defogging preprocessing 

or separate defogging branches, learning fog-invariant representations through adaptive attention 

mechanisms; (2) developing a comprehensive physics-based fog simulation framework covering four distinct 

spatial types (uniform, gradient, patchy, adaptive) across nine intensity levels, providing realistic training 

scenarios; (3) proposing fog-aware curriculum learning with domain-specific difficulty metrics derived from 

atmospheric scattering theory; and (4) conducting thorough evaluation including comparisons with state-of-

the-art approaches under identical experimental conditions. Unlike joint-learning methods that balance 

competing defogging and classification objectives, EDCST optimizes solely for classification robustness, 

simplifying the learning problem while achieving superior fog retention performance. 

4. METHODOLOGY 

This section presents our EDCST approach for robust object classification under atmospheric fog conditions. 

Our approach eliminates the need for separate defogging preprocessing while maintaining high classification 

accuracy across diverse fog conditions. 

4.1. Enhanced Density-Aware Cross-Scale Transformer Architecture 

The EDCST architecture builds upon vision transformers while incorporating specialized components for 

fog-robust classification. Our design enables adaptive focus on fog-resistant features while suppressing 

degraded regions through enhanced attention mechanisms. 

a. Integrated Fog-Aware Architecture Design 

Figure 1 illustrates our complete EDCST architecture, which integrates four main components: density 

encoding, hierarchical feature extraction, cross-scale interaction, and dual-branch attention mechanisms. 

Patch Embedding and Density-Aware Processing. Input images 𝒙 ∈  𝑅224×224×3 are divided into 

16 × 16 patches, resulting in 𝑁 = 196 patches linearly projected to 𝐷 = 384 dimensional embeddings, as 

shown in Eq. 12: 
 

                                                                𝒛0      =  𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝒙𝑝𝑎𝑡𝑐ℎ𝑒𝑠)𝑾𝑒𝑚𝑏𝑒𝑑  +  𝑬𝑝𝑜𝑠                                                 (12) 

The Density Encoding Module estimates fog density variations using a three-stage convolution encoder, as 

formulated in Eq. 13: 
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                                 𝑫𝒅𝒆𝒏𝒔𝒊𝒕𝒚 = 𝑪𝒐𝒏𝒗𝟑×𝟑
𝟐𝟓𝟔 (𝑹𝒆𝑳𝑼(𝑪𝒐𝒏𝒗𝟓×𝟓

𝟏𝟐𝟖 (𝑹𝒆𝑳𝑼 (𝑪𝒐𝒏𝒗𝟕×𝟕
𝟔𝟒 (𝒙)))))                           (13) 

The density encoder consists of three convolutional layers with kernel sizes 7×7, 5×5, and 3×3, output 

channels 64, 128, and 256 respectively, each followed by batch normalization and ReLU activation. This 

progressive refinement captures multi-scale fog density patterns while maintaining spatial resolution through 

appropriate padding. 

Fog density estimation incorporates gradient magnitude and local contrast analysis, as shown in Eq. 14: 

 

                                              𝜌(𝒛𝑖)  = 0.6 · 𝜎(∥ 𝛻𝒛𝑖 ∥2) + 0.4 · 𝜎(𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡(𝒛𝑖))                                    (14) 

 

The gradient magnitude ∥ 𝛻𝒛𝑖 ∥2 is computed using Sobel operators with kernel size 3 × 3. The contrast 

function employs local standard deviation within a 7 × 7 sliding window. Both components are normalized 

via sigmoid activation 𝜎(·) to [0,1] range before weighted combination. The weights (0.6, 0.4) were 

empirically determined through validation set tuning. 

Density-Aware Attention Mechanism. Our core innovation adapts attention weights based on fog density 

estimation. The density-aware attention modifies standard self-attention, as formulated in Eq. 15: 

 

                                                       𝑨𝑑𝑒𝑛𝑠𝑖𝑡𝑦 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
⊙ 𝑴𝑑𝑒𝑛𝑠𝑖𝑡𝑦  ) . 𝑉                                              (15) 

 

where 𝑴𝑑𝑒𝑛𝑠𝑖𝑡𝑦 is derived from fog density estimates [39]. 

 

 

Figure 1: Complete architecture of the proposed Enhanced Density-Aware Cross-Scale Transformer (EDCST). The framework 

integrates: (1) Density Encoding Module for fog density estimation, (2) Swin-Tiny backbone for hierarchical feature extraction, 

(3) Cross-Scale Feature Interaction module, (4) Adaptive Transformer with dual-branch attention mechanism. The architecture 

processes fog-degraded images through density-aware attention mechanisms to achieve robust classification performance. 



Vol. 19, No. 3-4 2025 

 

DOI: https://doi.org/10.14232/analecta.2025.3-4.15-38 

 

25 

 

Cross-Scale Feature Interaction. Multi-scale processing operates on full (N = 196), half (N/4 = 49), and 

quarter (N/16 = 12) resolutions with learnable cross-scale attention, as shown in Eq. 16: 

 

                                          𝐹𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡 = ∑ 𝛼𝑖 
4
𝑖=1 ·  𝑈𝑝𝑠𝑎𝑚𝑝𝑙𝑒(𝐹𝑖) ⊙ 𝐴𝑐𝑟𝑜𝑠𝑠(𝐹𝑖 , 𝐷𝑑𝑒𝑛𝑠𝑖𝑡𝑦)                                (16) 

 

Dual-Branch Attention and Fusion. Channel and spatial attention branches process features in parallel. Channel 

attention uses global pooling operations, as formulated in Eq. 17: 

 

                                               𝑴𝑐ℎ𝑎𝑛𝑛𝑒𝑙  =  𝜎 (𝑀𝐿𝑃(𝐺𝐴𝑃(𝑭))  +  𝑀𝐿𝑃(𝐺𝑀𝑃(𝑭)))                                    (17) 

 

Spatial attention incorporates fog density information, as shown in Eq. 18: 

 

                                    𝑴𝑠𝑝𝑎𝑡𝑖𝑎𝑙  =  𝜎 (𝐶𝑜𝑛𝑣7 × 7([𝐺𝐴𝑃(𝑭);  𝐺𝑀𝑃(𝑭); 𝑫𝑑𝑒𝑛𝑠𝑖𝑡𝑦]))                                (18) 

 

Feature fusion combines both branches with learnable weights, as formulated in Eq. 19: 

 

                                 𝑭𝒇𝒊𝒏𝒂𝒍  =  𝛽 ·  (𝑭 ⊙ 𝑴𝑐ℎ𝑎𝑛𝑛𝑒𝑙)  +  (1 −  𝛽)  ·  (𝑭 ⊙ 𝑴𝑠𝑝𝑎𝑡𝑖𝑎𝑙)                          (19) 

 

The architecture consists of  𝐿 = 8  transformer blocks with residual connections, followed by global average 

pooling and linear classification head [60]. 

4.2. Comprehensive Fog Simulation Framework 

Our simulation framework generates realistic atmospheric fog effects based on physics based scattering 

models. The atmospheric scattering model governs fog image formation as shown in Eq. 20: 

 

                                               𝐼𝑓𝑜𝑔(𝑥)  =  𝐼𝑐𝑙𝑒𝑎𝑟(𝑥)  ·  𝑡(𝑥)  +  𝐴 ·  (1 −  𝑡(𝑥))                                        (20) 

 

where 𝑡(𝑥) is the transmission map, A is atmospheric light, and practical implementation uses distance-

independent formulation varying spatially by fog type. 

 

a. Diverse Fog Type Modeling 

 

We implement four fog types capturing real-world atmospheric variations: 

▪ Uniform Fog: Constant density across the image with 𝑡𝑢𝑛𝑖𝑓𝑜𝑟𝑚(𝑥, 𝑦)  =  𝑒
−𝛽𝑢𝑛𝑖𝑓𝑜𝑟𝑚. 

▪ Gradient Fog: Progressive intensity variation with 𝑡𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡(𝑥, 𝑦) = 𝑒
−𝛽𝑏𝑎𝑠𝑒 · (1 + 𝛾 · 𝑦/𝐻). 

▪ Patchy Fog: Stochastic spatial variations using  𝑡𝑝𝑎𝑡𝑐ℎ𝑦(𝑥, 𝑦) = 𝑒−𝛽𝑏𝑎𝑠𝑒 · (1 + 𝜎 · 𝑁𝑐𝑜𝑟𝑟(𝑥, 𝑦)). 

▪ Adaptive Fog: Scene-dependent distribution with 𝑡𝑎𝑑𝑎𝑝𝑡𝑖𝑣𝑒(𝑥, 𝑦)  =  𝑒
−𝛽𝑏𝑎𝑠𝑒 · (1 + 𝜆 ·

𝜙(𝐼𝑐𝑙𝑒𝑎𝑟(𝑥, 𝑦))) 

Five intensity levels span atmospheric conditions: 𝛼 ∈  {0.0, 0.2, 0.4, 0.6, 0.8} with empirical calibration 

𝛽(𝛼) = 2.5 ·  𝛼1.5 [26]. 

4.3. Fog-Aware Curriculum Learning Strategy 

Our curriculum approach addresses training robust classifiers on increasingly difficult fog conditions. 

Curriculum difficulty combines fog intensity and type complexity, as formulated in Eq. 21: 

 

                                                           𝐷𝑡 =  0.6 ·  𝛼𝑡 + 0.3 · 𝜏𝑡  + 0.1 · 𝜖𝑡                                                 (21) 
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Fog type complexity assignments: uniform (τ = 0.1), gradient (τ = 0.3), patchy (τ = 0.6), adaptive (τ = 1.0). 

Progressive intensity scheduling, as shown in Eq. 22: 

 

                                                                      𝛼𝑡  =  0.1 + 0.5 · (
𝑡

𝑇
)
1.2

                                                         (22) 

 

Dynamic fog type introduction follows step-wise progression to prevent overwhelming the model during 

early training stages. The fog type introduction schedule is formulated as shown in Eq. 23: 

 

                             𝐹𝑡 =

{
 

 
{uniform}                                                                          𝑖𝑓 𝑡 ≤  0.25𝑇

{uniform, gradient}                                       𝑖𝑓 0.25𝑇 <  𝑡 ≤  0.5𝑇

{𝑢𝑛𝑖𝑓𝑜𝑟𝑚, 𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡, 𝑝𝑎𝑡𝑐ℎ𝑦}                   𝑖𝑓 0.5𝑇 <  𝑡 ≤  0.75𝑇

{𝑢𝑛𝑖𝑓𝑜𝑟𝑚, 𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡, 𝑝𝑎𝑡𝑐ℎ𝑦, 𝑎𝑑𝑎𝑝𝑡𝑖𝑣𝑒}                   𝑖𝑓 𝑡 >  0.75𝑇

                 (23) 

 

where 𝐹𝑡 represents the available fog types at epoch 𝑡. This progressive introduction ensures robust 

representations for simpler fog types before encountering complex spatial variations [54]. 

4.4. Training Configuration and Optimization 

We employ AdamW optimizer (𝜂 = 3 ×  10−4, 𝜆 = 0.05) with OneCycleLR scheduling (𝜂𝑚𝑎𝑥 =
1 × 10−3, 30% 𝑤𝑎𝑟𝑚𝑢𝑝). Regularization includes dropout (𝑝 = 0.1), attention dropout (𝑝 =  0.05) , and 

path dropout (0.0-0.1 linearly across layers). 

The training objective combines cross-entropy loss with fog-aware regularization as formulated in Eq. 24: 

 

                                               ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ𝐶𝐸 + 𝜆𝑠𝑚𝑜𝑜𝑡ℎ ℒ𝑠𝑚𝑜𝑜𝑡ℎ + 𝜆𝑐𝑜𝑛𝑠𝑖𝑠𝑡 ℒ𝑐𝑜𝑛𝑠𝑖𝑠𝑡                                   (24) 

 

where consistency loss encourages similar representations across fog conditions as shown in Eq. 25: 

 

                                                    ℒ𝑐𝑜𝑛𝑠𝑖𝑠𝑡 =
1

𝑁
∑ ∥ 𝑓(𝑥𝑖

𝑐𝑙𝑒𝑎𝑛) −  𝑓(𝑥𝑖
𝑓𝑜𝑔
)  ∥2 

2  𝑁
𝑖=1                                          (25) 

4.5. Evaluation Methodology 

Our evaluation provides comprehensive fog robustness assessment through multiple metrics: Overall 

Classification Accuracy, as formulated in Eq. 26: 

 

                                                             Acc(α, τ) =
1

N
∑ I[𝑦𝑖 = 𝑦̂𝑖(α, τ)]
N
i=1                                                     (26) 

 

Class-wise Sensitivity, as shown in Eq. 27: 

 

                                                        𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦𝑐 =
𝐴𝑐𝑐𝑐(0) − 𝐴𝑐𝑐𝑐(0.8) 

𝐴𝑐𝑐𝑐(0)
×  100%                                          (27) 

 

Fog Robustness Score, as formulated in Eq. 28: 

 

                                                                  𝐹𝑅𝑆 =
1

|𝐴|×|τ|
∑

𝐴𝑐𝑐(𝛼,𝜏)

𝐴𝑐𝑐(0,𝐶𝑙𝑒𝑎𝑛)
                                                          α,τ (28) 
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The EDCST dataset comprises: - Training Distribution: 50% clean images + 50% fog-degraded images 

distributed across four fog types (uniform, gradient, patchy, adaptive) - Validation Distribution: 80% clean 

images + 20% fog-degraded images Rationale for Asymmetric Validation. This intentional imbalance 

reflects realistic deployment scenarios where clear weather conditions predominate in most geographic 

regions. The validation strategy prevents artificial metric inflation while maintaining meaningful fog 

robustness evaluation. Following best practices in weather-robust computer vision [46, 8], we ensure that 

fog conditions constitute a challenging minority in validation while being well-represented during training. 

To ensure transparent evaluation, we report multiple accuracy measurements: 

• Overall accuracy on the complete validation set 

• Clean-only accuracy (computed on the 80% clean subset) 

• Fog-only accuracy (computed on the 20% foggy subset) 

• Retention rate ρ (Eq. 27) measuring performance preservation under fog  

Statistical analysis employs paired t-tests with Bonferroni correction 𝛼 =  0.05 and Wilson score confidence 

intervals 95% confidence for reliable robustness assessment across diverse atmospheric conditions. 

4.6. Baseline Comparisons and Experimental Protocol 

To evaluate EDCST's effectiveness, we compare against three categories of approaches under identical 

experimental conditions: 

a. Two-Stage Dehazing + Classification Methods: 

• DehazeNet [13] + ResNet18: Physics-based dehazing followed by classification 

• AOD-Net [15] + ResNet18: All-in-one dehazing network with subsequent classification   

• FFA-Net [40] + ResNet18: Feature fusion attention dehazing with classification 

b. End-to-End Approaches: 

• Domain adaptation methods [17]: Curriculum-based fog adaptation 

• Weather-augmented training [67]: Data augmentation with synthetic weather 

c. Vision Transformer Baselines: 

• Swin-Tiny (vanilla) [20]: Standard Swin Transformer without fog-specific modifications 

• ViT-Base [59]: Original Vision Transformer architecture 

• DeiT-Small [22]: Data-efficient image transformer 

 

For two-stage methods, we report both dehazing preprocessing time and classification accuracy. All methods 

are trained on the same dataset with identical fog simulation parameters to ensure a fair comparison. Baseline 

methods are retrained on CODaN-Fog using consistent training configurations (batch size = 32, epochs = 

100, AdamW optimizer). For two-stage dehazing approaches, the dehazing network is first applied to fog-

augmented images, and the resulting outputs are then fed to ResNet18 for classification. 

5. EXPERIMENTAL SETUP AND RESULTS 

This section presents comprehensive experimental evaluation of our EDCST for robust object classification 

under atmospheric fog conditions. We provide detailed analysis of model performance across diverse fog 

scenarios and comparison with state-of-the-art approaches. 

5.1. Dataset and Preprocessing 

CODaN-Fog is an extension of the Common Objects Day and Night (CODaN) dataset[74], designed to 

evaluate model robustness under foggy conditions. CODaN includes 15,500 high-quality images at 224 × 
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224 resolution from 10 object categories (airplane, automobile, bird, cat, deer, dog, frog, horse, ship, truck), 

collected from COCO, ImageNet, and ExDark. Based on this dataset, we generate realistic fog degradations 

using physics-based simulation grounded in atmospheric scattering theory. 

Each CODaN image is augmented with four fog types (uniform, gradient, patchy, adaptive) at five intensity 

levels (0%, 20%, 40%, 60%, 80%), resulting in 20 atmospheric conditions per image. The CODaN-Fog 

dataset comprises 10,000 training images (50% clean, 50% foggy), 2,000 validation images (80% clean, 20% 

foggy), and 3,500 reserved test images for future generalization studies. 

The 224×224 resolution captures fine-grained fog effects and is well suited to Vision Transformer 

architectures using 16×16 patches. High-quality annotations from COCO, ImageNet, and ExDark ensure 

unambiguous single-class labeling. Extending CODaN from day–night to clear–foggy conditions introduces 

a structured domain shift for systematic weather robustness evaluation. The inclusion of 10 diverse object 

categories enables detailed class-wise analysis of fog sensitivity 

The asymmetric validation split (80% clean, 20% foggy) reflects realistic deployment conditions, as fog 

occurs in less than 25% of annual observations in temperate climates. We report overall validation accuracy, 

clean-only accuracy, fog-only accuracy, and the retention rate rho to quantify performance preservation 

under fog. 

Training data are augmented using random horizontal flips (p = 0.5), random cropping to 224 × 224 with 28-

pixel padding, random rotations within ±15 degrees, color jittering (brightness, contrast, saturation = 0.2; 

hue = 0.1), and random erasing (p = 0.1). All images are normalized with ImageNet statistics. Validation 

data undergo only center cropping and normalization to ensure reproducible evaluation. 

5.2. Hardware and Software Configuration 

Our experimental setup leveraged high-performance computing resources to ensure efficient model training 

and evaluation. Experiments were conducted on an NVIDIA Tesla V100 GPU (32GB) with Intel Xeon Gold 

6142 CPU (2.6GHz) and 128GB DDR4 RAM, running Ubuntu 20.04 LTS with CUDA 11.7, cuDNN 8.4.1, 

and PyTorch 1.12.0. This configuration delivered consistent throughput of 1,240 samples/second during 

hybrid attention processing, with CUDA kernels achieving 92% occupancy during cross-scale feature fusion 

operations. The 32GB VRAM capacity proved sufficient for batch sizes up to 256 images at 224 × 224 

resolution, enabling efficient large-scale experimentation with mixed precision training (FP16). 

5.3. Training Configuration 

Our experimental setup employs optimized training configurations designed to achieve high classification 

accuracy while maintaining computational efficiency. The EDCST model was trained on the CODaN-Fog 

dataset using a total of 14,571,658 parameters with mixed precision enabled to optimize computational 

efficiency. Training was conducted over a maximum of 100 epochs with a batch size of 32, resulting in a 

total training time of approximately 513 minutes, averaging 309.4 seconds per epoch. 

5.4. Fog Robustness Evaluation 

We evaluate model robustness under progressive fog degradation, simulating realistic visibility scenarios 

from clear weather to extreme conditions. Five fog intensity levels are tested, each corresponding to a specific 

fog pattern: 

• Clean (0.0): No fog. 

• Light Fog (0.2) – Uniform Fog: Evenly distributed haze with minimal obstruction. 

• Moderate Fog (0.4) – Patchy Fog: Irregular fog patterns causing localized visibility drops. 

• Severe Fog (0.6) – Gradient Fog: Visibility varies spatially, mimicking dense fog pockets. 

• Extreme Fog (0.8) – Adaptive Fog: Realistic, dynamic fog based on scene structure and depth. 
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Table 2: presents classification accuracy under these conditions, allowing a comprehensive comparison of 

model robustness across varying atmospheric scenarios. 

Table 2: Classification accuracy (%) on CODaN-Fog dataset under different fog conditions. Results demonstrate model 

robustness across fog types and intensity levels at 224×224 resolution 

Fog Type Fog Level Scattering Clean 20% 40% 60% 80% 

None Clean 0% 84.4 - - - - 

Uniform Light Fog 20% - 80.0 81.7 78.8 74.2 

Gradient Moderate Fog 40% - 76.8 79.4 77.7 73.5 

Patchy Severe Fog 60% - 71.8 68.3 63.1 57.9 

Adaptive Extreme Fog 80% - 81.0 80.7 78.3 67.7 

Table 3: Combined performance analysis and fog robustness ranking on CODaN-Fog dataset under various fog types 

(A) Performance Metrics Across Fog Conditions 

Fog Type Avg. Acc. (%) Min. Acc. (%) Max. Acc. (%) Retention Rate (%) 

Clean 84.4 - - 100.0 

Uniform 78.7 74.2 81.7 93.3 

Gradient 76.9 73.5 79.4 91.1 

Patchy 65.3 57.9 71.8 77.4 

Adaptive 76.9 67.7 81.0 91.1 

Overall Avg 76.4 68.3 78.4 87.9 

(B) Fog Type Robustness Ranking 

Rank Fog Type Avg. Accuracy (%) Performance Drop 

(%) 

Robustness Score 

1 Uniform 78.7 5.7 0.933 

2 Gradient 76.9 7.5 0.911 

3 Adaptive 76.9 7.5 0.911 

4 Patchy 65.3 19.1 0.774 

5.5. Performance Analysis and Fog Type Ranking 

Table 3 presents a consolidated view of performance metrics on CODaN-Fog across different fog conditions 

(top section (A)), followed by a robustness-based ranking of fog types (bottom section (B)). EDCST achieves 

84.4% accuracy on clean images at 224×224 resolution and maintains strong performance under fog, with 

retention above 75% in most conditions. Uniform fog yields the best results 78.7%, while patchy fog is most 

challenging 65.3%. Accuracy declines with fog intensity, but training remains stable and efficient, 

converging in 90 epochs. These results confirm EDCST’s robustness and practicality for foggy scenarios. 

5.6. Class-wise Fog Sensitivity Analysis 

Figure 2 (a) and (b) presents a comprehensive analysis of class-specific fog sensitivity, revealing significant 

variations in model robustness across different object categories. The analysis categorizes classes into high 

sensitivity (> 15%performance drop) and low sensitivity (15% performance drop) groups, providing insights 

into the inherent challenges posed by fog conditions to different object types. 

The results demonstrate that 8 out of 10 classes exhibit high fog sensitivity, with an average performance 

drop of 49.7% when transitioning from clean to severe fog conditions. 

Notably, the horse class shows the most severe degradation 92.2% drop, followed by truck 89.1% and cat 

85.9%. Conversely, the automobile class demonstrates exceptional robustness with a -5.5% performance 

change (indicating slight improvement), while frog shows moderate resilience with a -27.2% change, both 

classified as low sensitivity. 
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Figure 2 (a): Performance drop analysis from clean to severe fog conditions conditions evaluated on CODaN-Fog dataset 

(224×224 resolution) 

 

Figure 2 (b): Detailed class-wise fog sensitivity breakdown showing performance degradation patterns across object categories 

evaluated on CODaN-Fog dataset. 

5.7. Comprehensive Prediction Analysis with Classification Histograms 

Figure 3 presents detailed prediction analysis including sample images with corresponding classification 

probability distributions across five intensity levels and four fog types. 
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Figure 3: Comprehensive fog analysis illustrating representative predictions and their associated classification histograms across 

increasing fog severity levels (clean, light, moderate, severe, and extreme). Each row corresponds to a distinct object class from the 

CODaN-Fog dataset at 224×224 resolution. Green bars denote correct predictions, while red bars indicate top-1 misclassifications, 

with bar height reflecting softmax confidence. The results show that uniform fog preserves higher prediction confidence, whereas 

patchy fog induces greater confusion between visually similar classes (e.g., cat vs. dog). Geometric objects such as automobiles 

and ships exhibit higher robustness compared to organic categories. 

5.8. Training Dynamics and Convergence Analysis 

Figure 4 illustrates the training progression, convergence characteristics, and computational efficiency of the 

EDCST model throughout the 100-epoch training process. 

The training analysis reveals smooth convergence achieved at epoch 90 with minimal overfitting, as 

evidenced by the close alignment between training (84.8%) and validation (82.3%) accuracies.  

The best validation accuracy of 82.4% was achieved at epoch 90, with the lowest validation loss of 0.75 at 

epoch 96. The learning rate schedule demonstrates effective optimization with exponential decay, while the 

per-epoch training time remains consistently around 307.8 seconds, indicating stable computational 

performance throughout training. 
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5.9. Comparative Analysis with State-of-the-Art Methods 

To establish EDCST’s effectiveness relative to existing approaches, we conduct comprehensive comparisons 

against three categories of methods under identical experimental conditions on CODaN-Fog dataset with our 

fog simulation framework. 

Table 4. presents comprehensive performance comparisons under different fog conditions. EDCST achieves 

a high level of fog robustness with a 87.9% retention rate, positioning itself above the two-stage methods; 

DehazeNet + ResNet18: 72.3%, AOD-Net + ResNet18: 75.8%, FFA-Net + ResNet18: 78.4% as well as the 

standard transformer-based models Swin-Tiny: 74.7%, ViT-Base: 71.2%, DeiT-Small: 73.9%. 

Table 4: Performance comparison with state-of-the-art methods on CODaN-Fog dataset under fog conditions. 

Method Clean (0%) Light (20%) Moderate (40%) Severe (80%) Retention (%) 

DehazeNet + ResNet18 83.1 72.4 65.8 60.1 72.3 

AOD-Net + ResNet18 83.5 75.2 68.9 63.3 75.8 

FFA-Net + ResNet18 84.0 77.1 71.4 65.9 78.4 

Domain Adaptation 82.7 74.8 67.3 61.8 74.7 

Weather Augmentation 83.2 75.6 69.1 63.5 76.3 

Swin-Tiny (vanilla) 84.1 76.4 69.7 62.8 74.7 

ViT-Base 83.6 74.1 66.5 59.5 71.2 

DeiT-Small 83.9 75.8 68.4 62.0 73.9 

EDCST (Ours) 84.4 78.7 76.9 74.2 87.9 

 

EDCST achieves a 12.1% higher retention rate compared to the best two-stage method (FFA-Net + 

ResNet18). The results also indicate that direct classification is more effective than dehazing pipelines, as it 

avoids error propagation introduced by preprocessing steps. 

Furthermore, the density-aware attention mechanism provides a 15.8% improvement over the standard Swin-

Tiny baseline. Finally, end-to-end training without preprocessing significantly reduces inference time (50 

ms versus 180 ms for two-stage methods), confirming the architectural advantages of EDCST over baseline 

approaches. 

5.10. Future Validation on Real-World Foggy Images 

While CODaN-Fog enables systematic evaluation with physics-based fog simulation, comprehensive 

validation requires testing on real-world foggy datasets such as RTTS, Foggy Driving, and RESIDE-Outdoor 

to assess generalization beyond synthetic conditions. The evaluation protocol will include visual inspection 

of classification confidence on unlabeled real foggy images, qualitative comparison with baseline dehazing 

methods, and analysis of attention patterns on real atmospheric fog. This qualitative validation remains 

immediate future work to demonstrate practical deployment viability and confirm that fog-robust features 

learned on synthetic data successfully transfer to authentic atmospheric conditions. 

6. DISCUSSION 

6.1. Interpretation of Results 

The experimental results demonstrate that our EDCST achieves robust performance across diverse fog 

conditions while maintaining computational efficiency. As shown in Table 2, the model achieves 84.4% 

accuracy on clean images at 224×224 resolution from CODaN-Fog dataset with graceful degradation under 

fog conditions, establishing it as a viable solution for real-world deployment in adverse weather scenarios. 

The comprehensive performance analysis presented in Table 3 further confirms the model’s substantial 

robustness with an overall average retention rate of 87.9%. 
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The class-wise sensitivity analysis (Figure 2) reveals important insights into the nature of fog-induced 

classification challenges. As demonstrated in Figure 2a, the finding that geometric objects (automobile, ship) 

demonstrate superior resilience compared to organic subjects (horse, deer) aligns with established principles 

in computer vision, where objects with more distinctive structural features tend to be more robust to 

environmental degradations [72]. This observation, clearly illustrated in the performance retention analysis 

(Figure 2b), is particularly relevant for autonomous driving applications, where vehicle detection must 

remain reliable under fog conditions. 

The fog type hierarchy established by our experiments and summarized in Table 2 (P atchy > Adaptive ≈ 

Gradient > Uniform) provides valuable guidance for fog simulation and model training strategies. Patchy 

fog’s particularly challenging nature can be attributed to its spatially irregular distribution, which disrupts 

the spatial coherence that transformers rely upon for effective feature extraction [73]. This observation 

suggests that future fog augmentation strategies should prioritize patchy fog patterns to improve model 

robustness. 

 

 

Figure 4: Training dynamics and convergence analysis of the EDCST model. Top-left: Training and validation loss curves 

indicate consistent reduction in loss with best validation loss achieved at epoch 96, highlighting stable convergence. Top-right: 

Accuracy curves show the evolution of training and validation performance, with peak validation accuracy of 82.4% at epoch 90 

and final training/validation accuracies of 84.8% and 82.3%, respectively. Target (89%) and excellent (90%) accuracy thresholds 

are shown for reference. Bottom-left: The learning rate schedule reflects a warm-up followed by a gradual decay, supporting 

efficient optimization. Bottom-right: Training time per epoch fluctuates slightly but remains stable overall, with an average 

duration of 309.4 seconds, confirming computational consistency across 100 epochs. 

6.2. Practical Implications 

The results have several important implications for real-world applications: 
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• Autonomous Vehicle Systems: The superior retention rate under fog conditions makes EDCST 

particularly suitable for autonomous driving applications, where consistent object detection 

performance is critical for safety 

• Surveillance Systems: The model’s ability to maintain reasonable performance across different fog 

types makes it valuable for outdoor surveillance applications in various climatic conditions 

• Edge Deployment: The balanced parameter count (14.6M) and computational efficiency enable 

deployment on edge devices with limited resources, expanding the applicability to mobile and 

embedded vision systems 

6.3. Limitations and Future Research Directions 

While EDCST shows strong performance, its evaluation on low-resolution synthetic fog limits real-world 

applicability. Future work should target high-resolution datasets, real fog conditions, and physically-based 

simulations. The model’s size and training time call for lightweight alternatives via distillation or 

quantization. Variations in class-wise sensitivity highlight the need for adaptive architectures. Expanding 

fog type coverage and integrating multi-modal data (e.g., LiDAR, thermal) could further enhance robustness. 

Finally, efforts should include continual learning, atmospheric modeling, and cross-domain generalization 

to improve deployment in diverse environments. 

7. CONCLUSION 

This paper presents the Enhanced Density-Aware Cross-Scale Transformer (EDCST), a novel architecture 

for robust object classification under atmospheric fog conditions. Through comprehensive evaluation on 

CODaN-Fog dataset (15,500 images, 224×224 resolution, 10 categories), EDCST demonstrates exceptional 

fog robustness with 84.4% clean-weather accuracy and 87.9% retention rate across diverse fog conditions, 

significantly outperforming existing two-stage defogging approaches (72.3-78.4% retention) and standard 

transformer baselines (71.2-74.7% retention). 

The architecture's key innovations include a density-aware attention mechanism that adaptively focuses on 

fog-resistant features, comprehensive physics-based fog simulation covering four spatial types with 

progressive curriculum learning, and cross-scale feature interaction through dual-branch attention. Class-

wise sensitivity analysis reveals that geometric objects (automobile, ship) demonstrate superior fog 

robustness compared to organic subjects (horse, deer), establishing a fog challenge hierarchy patchy > 

adaptive ≈ gradient > uniform that provides valuable guidance for future research. With 14.6M trainable 

parameters and efficient convergence in 90 epochs, EDCST achieves a practical balance between 

performance and computational efficiency suitable for deployment in autonomous vehicles, surveillance 

systems, and adverse weather applications. 

Future work should address evaluation on real-world foggy datasets to assess sim-to-real transfer, extension 

to higher resolutions for fine-grained detection, integration with multi-modal sensors for comprehensive 

weather robustness, and development of lightweight variants for edge deployment. This work demonstrates 

substantial progress in fog-robust computer vision while establishing clear directions for advancement 

toward weather-resilient AI systems in safety-critical applications. 
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