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Abstract

Weather can be either poor or good. Poor weather, includING fog, hazE, rain, or low
light, can cause dramatic degradation of image perception in road-level situations, leading to
with significant performance loss in camera-based Advanced Driver-Assistance Systems
(ADAS), Although traditional improvement techniques relying on Convolutional Networks
(CNNs) cannot effectively preserve global context in image appearance improvement,
techniques using transformers show high computational costs. This restricts their application
as real-time system efficiency becomes critically important. In this paper, we propose a solution
using the Dual-Branch CNN Transformer, which uniformly utilizes localized spatial features
extraction together with global semantic modeling using parallel experience sharing of
Convolutional Networks and Self Attention Mechanisms. An adaptive gated fusion module
integrates these complementary local and global representations through learnable spatial
weighting, while perceptual-loss-guided optimization emphasizes texture fidelity, structural
consistency, and visual realism. The model was tested on real-world driving image datasets
such as BDD100K and KITTI Foggy Datasets and compared with state-of-the-art dehaze
networks and general weather condition restoration networks. The proposed model achieved a
PSNR of 36.5 dB, an SSIM of 0.962, and an LPIPS of 0.081 while recording an inference
latency of 42 ms/frame, corresponding to 23.8 FPS (~24 FPS) on an NVIDIA RTX 4090 GPU.
Qualitative evaluation further demonstrated improved restoration of lane boundaries, vehicle
contours, and overall scene coherence under adverse weather conditions. These findings
indicate that the proposed framework provides an efficient and perceptually robust solution for
visibility enhancement in autonomous driving scenarios.

Keywords: Dual-Branch CNN, Transformer, Perceptual Loss, Visibility Enhancement,
Adverse Weather, ADAS.
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1. Introduction

Adverse weather patterns such as fog, rain, snow, and low visibility zones can
significantly hamper the image quality captured by vehicular cameras and consequently
directly impact the accuracy of Advanced Driver-Assistance Systems (ADAS) and autonomous
vehicles "pipelines.” Contrast, lanes, and car shapes are adversely affected in regions of
atmospheric scattering/absorption and light distortion, directly influencing tasks such as
perception: lane identification, object recognition, and semantic segmentation [1], [2]. Prior
knowledge-based traditional techniques using handcrafted priors, such as atmospheric
scattering models and Dark Channel Prior, face hotspot failures under dense, spatially varying,
or mixed weather situations when these models' assumptions are violated [3], [4].

Restoration using deep neural networks has gained prominence within the state-of-the-
art image processing of present-day Advanced Driver-Assistance Systems, with initial CNN
models demonstrating intensive haze or fog removal using end-to-end training of degraded
images to clear image models [5], [6]. Nonetheless, traditional CNN models lack spatial locality
with minimized representational power and are only able to capture local spatial features;
hence, they are not able to capture the overall consistency needed for scene geometry to support
adequate geometry consistency of drive scenarios [7]. More recent studies showed the
capability of transformer-based restoration networks to capture global attention and therefore
could find applications for large-scale context restoration in open driving scenarios with
emphasis on depth, perspective, and semantic features [8], [9]. Finally, all-in-one weather
restoration networks have been introduced with the aim of jointly addressing the degradation
caused by fog, rain, snow, and night-lighting conditions with increased robustness in real-world
deployment scenarios [10]. Nonetheless, despite these advances, different existing techniques
focus on maximizing these measures of pixel-level or statistical restorations rather than the
perceived realism or task-level improvement of ADAS components themselves [11]. It was
found that distances within the feature space describe perceived loss measures more closely
related to human opinion and related tasks, such as detection, but not yet explored directly for
autonomous driving scenarios [12]. While more recent models incorporate global attention
measures, none of these show fusion networks dealing with high spatial details together with
global semantic features producing either over-smoothed or context-inconsistent restoration
outputs [13].

To address the challenges imposed on these models, we propose a dual-branch CNN-
Transformer model with perceptual loss guidance, especially with regard to weather-
deteriorated ADAS image acquisition. While the CNN branch learns fine details of local
textures such as lanes and shapes of vehicles, the other branch, using a transformer, learns
global meaning and distant dependencies for perfect interpretation of scenarios. An adaptive
gated fusion layer combines the local CNN features and the global Transformer features
through learnable spatial weighting, thereby generating restored outputs with improved
structural detail and contextual coherence. The perceptual loss guarantees that the recovered
images maintain consistency, realistic textures, and relevant details under adverse weather
conditions. It can be deduced from quantitative metrics such as PSNR, SSIM, and LPIPS, in
addition to training and testing results, that the model offers a good compromise between
perceptual quality, consistency, and computational complexity.
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2. Background and Motivation

Weather-degraded image restoration has evolved over the past few years owing to the
emerging need for plausible perception in autonomous driving and advanced driver-assistance
system (ADAS) scenarios. Initial restoration methods were based on physical models, such as
atmospheric scattering and transmission estimation, which attempted to reverse the hazy by
estimating the depth of the scene and atmospheric light [14], [15]. These methods work well
under weak conditions but are afflicted with strong prior dependency and tend to fail in complex
scenes, including when thick layers of fog are present, when the haze is less dense, or when
mixed weather conditions occur. This changed with the advent of convolutional neural
networks (CNNSs), which can now be used to generate data-based models of haze removal and
visibility enhancement without the need to explicitly assume physics a breakthrough [16], [17].
Nevertheless, CNNs are susceptible to local spatial context because they have small receptive
fields, limiting their ability to capture the global semantics, long-range structures, and holistic
semantics of a scene required to produce high-quality restoration in dynamic driving conditions
[18].

This weakness inspired the development of transformer-based restoration networks,
which rely on a self-attention mechanism to learn global dependencies to allow context-aware
visibility improvement of real-world outdoor scenes [19], [20]. Recent literature has shown that
multi-scale transformer encoders can effectively retain structural information in long road
segments, illuminate hidden areas, and improve consistency in degraded areas on a global scale.
Nevertheless, most transformer-based models are computationally inefficient, and thus cannot
fit into near real-time ADAS deployment systems, which have stringent latency constraints and
need limited memory overhead [21]. Moreover, the new all-weather restoration systems aim to
eliminate several degradations at once, they are nonetheless characterized by an insufficient
ability to compare local detail retention with the global situations of dense fog, heavy rain
streaks, and mixed-light changes.

Second, it is important to point out that a lack of perceptual awareness is another critical
problem with state-of-the-art models meant for visibility enhancement. These models were
optimized using conventional metrics, such as PSNR and SSIM; however, these measures are
not fully aligned with human visual preferences or downstream tasks [22]. While measures of
human visual perception using deep feature representation were found to contain improved
alignment with visual realism, minimum effort has been devoted to incorporating these
measures into end-to-end restoration or utilizing them in ADAS applications [23]. On the other
hand, LPIPS-based visual realization of perceptual evaluation demonstrates that while the
majority of models produced textures that inconsistently non-consistently visible, models with
LPIPS-based textures exhibiting incorrect coloration or over smoothed textures would
negatively impact object detection and lane segmentation tasks [24]. The real-world
environment also demonstrates the generalization challenges faced by existing models. Most
model training considers virtual samples corresponding to weather that lack the actual
complexity found in real scenarios such as fog, scattered rain, dust settled on surfaces, or a
drop-in night vision. Models typically perform well when tested with virtual samples, but
perform miserably when tested with real samples such as the BDD100K or KITTI Foggy
datasets [25], [26], [27]. Specifically, for perception-based ADAS systems' pipelines related to
enhanced vision, which directly influences the actual accuracy of model output corresponding
to object detection and reliability of lane maintenance within these models' output related to
safety estimates for hazards, such disparities among real and virtual samples strictly depict
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immediate model requirements related to local texture search and global contextual analysis
within their architecture design for actual real-world efficacy.

To overcome these shortcomings, this paper proposes a dual-branch CNN-transformer
network optimized with perceptual loss supervision to enhance structural and perceptual gaps
within the dominant state-of-the-art models. Applying CNNs to model minute spatial details
and utilizing transformer models to encode global patterns would assist in developing high-
quality models to efficiently remove weather distortions within high-fidelity and well-defined
characteristic regions with enhanced overall global patterns. By integrating these two networks,
complementary learning techniques would be assured. Perceptual loss supervision guidance
would benefit the network it attaining human-perceptive consistency with minimized artifacts
within textures and boosting important clues related to ADAS systems, such as lanes and
vehicle contour features. The concept of integrating these two networks orbits around achieving
real-time visibility improvement with plausible computational complexity that can efficiently
be incorporated into systems.

3. Literature Survey

Recently, studies in the category of dehazing using deep learning have been dominated
by CNN architectures to the extent that Vaibhav et al. [28] introduced AOD-Net, which was
among the first end-to-end models to decode the atmospheric scattering equation into a
learnable form capable of real-time inference and performing superiorly compared to prior-
based models. Zhou et al. [29] ranked second with the introduction of a multi-scale attention-
based architecture referred to as GridDehazeNet, which was superior due to its grid structure
capable of encoding spatially varying properties caused by haze. Further advancements using
multi-scale residual attention were achieved by Chen et al. [30] to demonstrate that channel-
wise and spatial attention are significantly important for enhancing color consistency and
structural accuracy for dehaze processes applied to individual image learning. Further
improvements were made to AOD-Net with more efficient real-time schemes introduced by
Zhang et al. [31] using multiscale feature aggregation with lightweight convolutional blocks
incorporated into their model. Although these CNN models were significantly important and
performed well, they relied excessively on local processing using convolutional layers, which
were not capable of encoding the global semantic relationships required within large-scale
outdoor driving scenarios. To address these disadvantages of local models, there has been an
increasing trend towards using transformer-based image restoration models. These started with
the heavily popular model named Restormer proposed by Zamir et al. [32]. Restormer
demonstrated how transformer encoder models can achieve state-of-the-art image restoration
using efficient attention mechanisms and how these models can overcome CNNSs' inability to
model global structures and details comprehensively. It was based on these applications that
An. T. et al., [33] introduced transWeather, a single Transformer model capable of learning
fog, haze, rain, and snow degradations simultaneously using parallel transformation with
weather-aware tokens. Zhao et al. [34] introduced yet another helpful study that presented
CNNVision Transformer Deferred Defense Architecture, which equally addressed CNNS'
inadequacy in modeling global structure and details with an incomplete model architecture. For
these applications related to image restoration using global context models like transformers or
vision transformers, Xie et al., [35] introduced dynamic self-attention-based image restoration
models to restore visual perceptions under dense fogs with commendable improvements.
Although these applications clarified how global models, such as transformers or vision
transformers, can or should be applied to image restoration models, they either consume huge
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amounts of computation or lack dual-branch fusion techniques that compute local and global
feature streams.

Comparable works within the field of all-weather restoration techniques include
combined models of degradation processing described and reviewed by Hamed et al. [36],
which highlight the disadvantages of tackling single-type degradation models. The idea of
condition-aware prompts to adjust model responses to various types of weather inputs emerged
with the evolution of language-based restoration models described by Guo et al. [37]. For
autonomous vehicles in particular, Qian [38] introduced AllWeather-Net with multi-scene
models optimized for drive scenes, which brought considerable improvement when interacting
with fog or rain scenarios, but was nonetheless unoptimized at the perceptual level. The trend
of establishing a training set benchmarking described in recent works and highlighted by Wang
et al. [39] and established within the past year, took place to provide large-scale datasets of real
all-weather drive scenarios with random degradations. The firmly established how artificial
training sets differ significantly from real-world scenarios, but still brought about models with
emphasis on global patterns rather than details or those with compute complexity/precision
trade-offs not well-suited or applicable for supporting ADAS systems on more restricted
platforms. Zhang et al. [40] showed that because of the comparison between perceptual loss
and pixel-wise loss, it was found that in perceptual image enhancement tasks, pixel-wise loss
can well be replaced with perceptual loss because distances between deep features can better
relate to human preference than others. Later, Liu et al. [41] introduced LPIPS and found that
it revealed a stronger correlation with human preference, becoming a more preferable way of
restoration assessment compared to others. However, only a handful of research works have
extended the idea of perceptual supervision into the adverse weather enhancement of driving
systems. Hardly any research, like that done by Bar Hillel et al. [42] and Yenikaya et al. [43],
has tried to explore how much permutation of perceptual quality can increase the mAP of
vehicle or lane detection systems with drastic improvement.

Regardless of the significant advancements portrayed by these studies, there are three
important research gaps. To start with, despite the fact that CNN-based models are strong in
local detail extraction and transformers in global reasoning, very limited literature utilizes a
dual-branch structure in which both branches focus on a specific domain and are fused together
in a coherent manner. Current hybrid model types are loosely coupled with CNN and
transformer modules without making use of a structurally parallel design that enables
independent but complementary learning of representations. Second, perceptual supervision
has yet to be put into use, and most of the methods primarily emphasize PSNR and SSIM
despite perceptual measures such as LPIPS showing greater consistency with human rate and
ADAS. Third, analysis based on ADAS is not a common part of the evaluation; the majority of
studies compare the results of their models only to statistical restoration measures and do not
analyze the speed of inference, the consumption of the graphics card, or the accuracy of
downstream detection, all of which are important aspects of ADAS implementation in smart
cars. The existence of these gaps prompts the development of the proposed Dual-Branch CNN-
Transformer architecture with perceptual loss, balancing local texture conservation, global
semantic consistency, and perceptual fidelity while ensuring that the architecture can be run in
real-time in ADAS settings.
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4. Methodology

The proposed architecture is expected to boost weather-deteriorated ADAS images
using a dual-branched architecture capable of jointly modeling local spatial details and global
semantic contexts. The overall solution covers an organized workflow that can be summarized
as follows: (i) parallel extraction of local and global features, (ii) fusion of features using an
adaptive gated fusion mechanism, (iii) reconstruction of improved visible regions, and (iv)
solving using perceptual loss. The functional process of this system is shown in Figure 1, and
the internal process characteristics and attention mechanisms are shown in Figure 2.

In the initial stage, the degraded image frame Il undergoes processing through two
different branches that work complementarily to each other and support the identification of
different types of features necessary for visibility improvement. These features for image
restoration can range from localized details, such as edges and textures on lanes and vehicles,
to their contours and structural patterns at different sizes and scales. The CNN branch employs
stacked 3x3 convolutional layers with batch normalization and rectified linear unit activations
inside the residual blocks. The reason for choosing the 3x3 kernel is that there is an excellent
trade-off among receptive-field expansion, parameter efficiency, and fine spatial structure (lane
edges, road textures, and vehicle forms) retention. Stacked 3x3 convolutions with depth offer
benefits such as scaling the effective receptive field at relatively low parameter counts and
computational costs compared to larger kernels, which is suitable for real-time adverse-weather
restoration. The Transformer branch incorporates patch embeddings and four-head multi-head
self-attention blocks to learn long-range contextual dependencies, road geometry, and global
visibility structures outside the local convoluted spatial range. Prior to feature extraction, all
degraded images were resized to the desired input resolution, scaled to a shared intensity range,
and randomized during training (to enhance adaptability to a wide range of weather conditions).

Computationally, the two branches have dissimilar complexities. The complexity of the
CNN branch with input channels C;,, and output channels C,, , kernel size k = 3, and a spatial
size of H x W, is a factor of the order of (HWk?2C,, C,,, ) per convolutional layer.er. The CNN
path is constructed by stacked local convolutions and residual blocks; hence, it has a linear cost

with the number of spatial locations and is efficient in fine-detail extraction. In contrast, the

transformer branch acts on N patch tokens where N = I:—'f with a patch size of P, and the

computation of the self-attention costs approximately O(N2d + Nd?), with an embedding
dimension d. Therefore, the Transformer branch is more intricate to compute but allows the
modelling of global contexts on large spatial scales. The overall complexity of the proposed
architecture is the sum of the CNN branch, transformer branch, adaptive gated fusion, and
reconstruction head, with the transformer branch incurring the highest cost of global reasoning
and the CNN branch incurring the highest cost of efficient local refinement.
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Figure 1. Architecture of the Proposed Dual-Branch CNN—Transformer Framework

For mathematical clarity, let F, € RE*WXC denote the aligned local feature map
generated by the CNN branch and let F, € RFXW*C denote the aligned global feature map
produced by the Transformer branch. The fusion module computes a spatially adaptive gate

G = o(Convyxy ([F:; Fe)),

where [F;; F;] denotes channel-wise concatenation, Conv,, is a learnable pointwise
convolution, and a(+) is the sigmoid activation. The fused representation is then obtained as

Ff=G©Fc+(1_G)@Ft,

where © denotes element-wise multiplication. This formulation enables the network to
balance local structural details and global semantic context on a per-spatial basis.

In the proposed framework, we adopted an adaptive gating scheme for fusing local
features from a CNN and global information from transformers. Compared to the computation-
intensive cross-attention-based fusion mechanism, our proposed technique employs a more
efficient gating approach, where the gating function is implemented using 1x1 convolution with
a subsequent sigmoid activation function.
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Following feature extraction, the CNN and Transformer branch values were sent to an
adaptive gated fusion module. First, both feature maps are aligned to a shared spatial resolution.
A spatially varying fusion weight is estimated by a learnable 1x1 convolution and a sigmoid
activation that determines the contribution of local CNN features and global transformer
features at each position. The result of this adaptive fusion process is a joint representation that
maintains high-frequency textures, and at the same time, coherence at the scene level. The fused
feature map Fy is then passed to the reconstruction head, where deconvolution and refinement
layers generate the enhanced output image with improved contrast, visibility, and structural
fidelity. The perceptual loss component calculates deep image distances for training augmented
viewpoints of restored and corresponding reference images based on VGG or LPIPS features,
emphasizing perceptual realism and structural correctness of edges. It can be inferred from
Figure 1 that perceptual guidance enables the reconstructed output to preserve both pixel-level
fidelity and human-visual realism, thereby producing structurally consistent enhanced images
under adverse weather conditions.

Input Image
(Foggy / Rainy ADAS Frame)
! |

¢ CMN Feature Maps Transformer Feature Comparison Zone N
(Local Attention) Maps (Global Atin.) (Visual Overlay /
+ 3=3 Conv Filters ps i Cross-Analysis)
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* Saliency Overlay (CNN @ Trans)

!
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= CNN: Sharp Edges, Fine Detail
* Transformer. Context Awareness
» Combined: Balanced Restoration

Figure 2. Feature-Map Visualization: CNN vs Transformer Attention Representation

In an effort to increase understanding of the two models' internal processes, Figure 2
illustrates the feature maps, attention outputs, and cross-alignment analysis of foggy or rainy
ADAS video frames. The activation patterns for the CNN models demonstrated local patterns
corresponding to edges, detailed textures, and small receptive field details. These patterns
support their focus on structural refinement. Attention patterns obtained using transformer
models indicate large global areas with high activity level patterns corresponding to semantic
areas such as road boundaries, vanishing points, and grouped objects. The alignment analysis
highlights how features overlap spatially when integrating features derived from two different
models, especially vital areas of focus such as road lanes and vehicle bounding regions for
ADAS systems. Channel alignment analysis between CNN and Transformer models displays
inter channel correlation features; Saliency Alignment Overlays (CNN &@Trans) map model
outputs supporting seamless integration of fine details and contextual insights. It can be inferred
from Figure 2 that CNN features contain clear edges with disjointed patterns in global areas
but lack contextual cues, while transformer features lack details with relatively smooth or
blurred patterns; this fusion successfully leverages these two models' complementary features.
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By integrating the architectural flow depicted in Figure 1 with insights into the
interpretation abilities illustrated in Figure 2, the proposed solution ensures a robust restoration
pipeline capable of improving visual objectives under adverse weather conditions, such as fog,
haze, and rain, while preserving important information related to ADAS features. By utilizing
fine-grained local features together with global contextual representations under perceptual-
loss-guided optimization, the proposed framework generates enhanced video frames with
improved visibility and structural coherence for adverse-weather driving scenes.

Figure 1 presents the complete system architecture of the proposed Dual-Branch CNN-—
Transformer framework. All images were resized to 512x512 pixels before training and testing.
The decision to choose 512x512 was guided by the desire to maintain fine structural elements,
such as lane markers, vehicle contours, road borders, and distant information, all of which are
important for visibility improvement in ADAS scenarios. Initial tests performed with smaller
resolutions, such as 224x224, yielded decreased visual quality, blurring of structural
components, and diminished PSNR and SSIM scores due to missing high-frequency spatial
information. Although small resolutions made computations less complex, they compromised
visibility restoration results in foggy and hazy weather conditions. Subsequently, the data is
forwarded in parallel to a local-detail CNN branch and a global-context Transformer branch.
The CNN branch uses stacked 3x3 convolutions and residual learning for fine structural
refinement, while the Transformer branch uses patch embedding and multi-head self-attention
for long-range semantic modeling. The extracted features are aligned to a common spatial
resolution and merged through an adaptive gated fusion module, followed by a lightweight
reconstruction head that produces the enhanced output image. The architectural configuration
used in the present implementation is summarized in Table 1.

Table 1. Architecture Specification of the Proposed Dual-Branch CNN-Transformer Framework

Module Configuration Value
Input preprocessing Resize + normalize 512 x 512
CNN branch Initial convolutional stem 2 layers
CNN branch Residual blocks 4
CNN branch Convolution layers per residual block 2
CNN branch Total 3x3 convolution layers 10
CNN branch Base channel width 64
Transformer branch Patch size 16 x 16
Transformer branch Transformer blocks 4
Transformer branch Attention heads per block 4
Transformer branch Embedding dimension 128
Fusion module Pointwise fusion layer 1 x 1 convolution
Reconstruction head Refinement / upsampling layers 3
Total network size Parameters 31 M

Table 2. Effect of Input Resolution on Reconstruction Performance

Input Resolution PSNR (dB) SSIM LPIPS | Observation
224x224 34.8 0.946 0.097 Loss of fine details
384x384 35.7 0.955 0.089 Improved structure recovery
512x512 36.5 0.962 0.081 Best perceptual and structural quality

According to the comparative study (Table 2), higher input resolution leads to better
structure preservation and perceptual constancy. It was found that the 512x512 model
performed better quantitatively and qualitatively since it maintained high-resolution spatial data
needed for adverse weather visibility improvement.
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4.1 Mathematical Model

To enhance the clarity of the mathematical model developed in this study, Table 3
presents the important notations that have been employed. These notations were applied in the
formulation of the equations, pseudo-code, and optimization process of this model. All the
notations listed in Table 3 are uniformly utilized in the mathematical model, algorithm design,
and optimization process of the suggested Dual-Branch CNN-Transformer architecture.

The formation of weather-degraded images can be expressed using the classical
atmospheric scattering process, where the observed image I(x) is modeled as a combination of
attenuated scene radiance and airlight. This degradation is formulated in Eq. (1),

Table 3. Mathematical Notations Used in the Proposed Framework

Symbol Description
&) CNN feature extraction function
O] Transformer feature extraction function
D() Reconstruction decoder
L4 Pixel-wise L1 reconstruction loss
Lssim Structural similarity loss
Liere Perceptual loss
Lioial Total optimization loss
A, A5, 45 Loss balancing coefficients
(©) Element-wise multiplication
[] Feature concatenation operator
E() CNN feature extraction function
&) Transformer feature extraction function
D() Reconstruction decoder
L, Pixel-wise L1 reconstruction loss
Lssim Structural similarity loss
Liere Perceptual loss
Ll Total optimization loss
A1, 45,15 Loss balancing coefficients
(©) Element-wise multiplication
[-] Feature concatenation operator
I(x) = t(x)](x) + (1 — t(x))A (1)

with t(x) representing the transmission map and A the atmospheric light. Instead of
estimating these physical parameters explicitly, the proposed model learns a direct end-to-end
nonlinear mapping from degraded input to enhanced output, expressed in Eq. (2):

J=Fo(D) (2)

The proposed dual-branch CNN-Transformer architecture decomposes this mapping
into two parallel representations, capturing complementary properties of the scene. The CNN
branch extracts localized features through convolutional operations that model textures, lane
edges and fine-scale structures, generating the local representation shown in Eq. (3):

F =& (3)

In parallel, the Transformer branch extracts global contextual information. The image
is divided into patches and embedded into tokens using Eq. (4):
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P=P() @

These encoded tokens are propagated through L attention layers to capture long-range
dependencies via Egs. (5)-(6):

2+ = MsA (LN(29)) + 2 (5)

2+ = MLP (LN(Z(+D)) 4 Z(4+D (6)

The final global feature representation is reshaped back to spatial form as shown in Eq. (7):
F; = reshape(zZ®D) (7)

To unify the local and global information streams, both feature maps are aligned to a common
resolution using Eq. (8):

F;: = d)c(Fc)'Ft = ¢¢(Fp) 8

and then fused adaptively using a learnable gating mechanism. The fusion gate in Eq. (9)
assigns spatially varying weights to the two branches,

§ = o (Convyyy ([ 7)) 9)
and the final fused representation is computed in Eq. (10):
FF=SQk+(1-90OF (10)

The fusion gate in Eq. (9) is implemented using a learnable 1x1 convolution followed
by a sigmoid activation; its initialization and optimization settings are summarized in Table 4.
In the present implementation, the pointwise convolution weights are initialized using Xavier
uniform initialization, while the gate bias is initialized to zero, such that the initial gate response
remains close to a balanced contribution from both branches. During training, degraded and
corresponding reference images are fed into the dual-branch network model. One branch, the
CNN, the low-level texture and edge information, and the other branch, the transformer, learns
long-range contextual information. Two streams of representations are then integrated using
adaptive gated fusion and used by the reconstruction head to generate an enhanced image. The
model parameters were trained using a weighted combination of the L1, SSIM, LPIPS, and
edge-aware losses. The L1 regularization improves the robustness of the model in the presence
of outlier residuals. During the inference stage, the degraded image is resized and normalized,
fed through the pre-trained network once, and then directly mapped to the output image.

In training, the gate parameters are optimized jointly with the CNN branch, transformer
branch, and reconstruction head through end-to-end backpropagation under the total objective
in Eq. (16). Consequently, the gate progressively learns to assign higher weight to the CNN
branch in regions dominated by local texture and edge detail, and higher weight to the
transformer branch in regions requiring stronger global contextual reasoning. The best network
parameters are estimated by minimizing the loss function in the form of Eq. (16) through Adam-
based end-to-end optimization of paired degraded and reference images. The addition of L1,
SSIM, LPIPS, and edge-aware words minimizes residual distortion, enhances structural
consistency, and stabilizes the distribution of errors in heterogeneous weather degradation.
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Table 4. Fusion Gate Initialization and Optimization Settings

Component Setting Value
Fusion operator Learnable pointwise convolution 1x1
Activation Gate nonlinearity Sigmoid
Weight initialization | Convolution kernel init Xavier uniform
Bias initialization Initial bias 0
Initial gate tendency | Average branch contribution ~0.5/~05
Optimizer Parameter update method Adam
Learning rate Initial learning rate 1x107-4
Optimization mode Training strategy End-to-end backpropagation

The enhanced image is reconstructed by decoding the fused features, defined as Eq.
(11):

J=D(F) (11)

Training the proposed model involves minimizing a combination of pixel, structural
and perceptual losses. The pixel fidelity is enforced through the L1 reconstruction loss in Eq.
(12):

1ok
Ly = E2k=1

Jie = Jiel, (12)
while structural consistency is promoted using the SSIM-based loss in Eq. (13):

1 o 1-SSIM(J.Jk)
P

Lssim = > (13)

To improve perceptual realism, the perceptual loss computes feature-space
discrepancies between restored and ground-truth images using Eq. (14):

||¢f(fk)—¢f(]k)||§
CeHoW,

1
Lperc = EZ§=1 Z{’ES (14)
An edge-aware constraint may also be used to preserve lane markings and geometric
boundaries, as shown in Eq. (15):

1 a
Ledge = Ezgzl ”v]k - v]k”l (15)
The complete training objective is thus formulated in Eq. (16):
Ltotal = /11LL1 + AZLSSIM + 2'3*[-"perc + /14Ledge (16)

The best network parameters are determined by minimizing this objective. L1, SSIM,
and LPIPS were used because they complement each other in image restoration. The L1 loss
imposes per-pixel fidelity and offers consistent optimization by minimizing the absolute
intensity discrepancies between the restored and reference images. The SSIM loss maintains
structural consistency by promoting similarity in luminance, contrast, and local spatial
organization, which is especially valuable for lane edges, vehicle edges, and road geometry.
The LPIPS loss enhances the fidelity of perceptual representations of the input image by
reducing the difference in the deep feature space, thus reducing over-smoothed textures and
encouraging the visual consistency of the restoration. Thus, the combined goal is better at
balancing pixel precision, structure, and perceptual quality than any of the losses separately.
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Algorithm 1 depicts the entire procedure for training and inferring the proposed
enhancement framework using Dual-Branch CNN-Transformer models. Starting from the
degraded image I, it undergoes the ResizeAndNormalize(l) for preprocessing stage, whose goal
Is to ensure that any input sample comes to the network with a standardized size and intensity
distribution.

Following the preprocessing stage, the normalized image is fed into two branches,
CNNBranch(l) and TransformerBranch(l), simultaneously. The CNNBranch creates a local
feature map Fc, which contains spatial details such as edges, texture features, and information
related to objects such as lane markings and car boundaries. Simultaneously, the
TransformerBranch computes the global feature map Ft, which contains more information
about the dependencies between various parts of an image. Because Fc and Ft could have
different sizes, the Align(Fc, Ft) function aligns the two maps to the same size to facilitate
subsequent fusion.

Algorithm 1: Proposed Dual-Branch CNN-Transformer Enhancement Framework

Input: Degraded image |

Output: Enhanced image f

Begin

1: Initialize network parameters 6

2: while convergence criterion is not satisfied do

3: I < ResizeAndNormalize(l) //Resize input image and perform normalization
4: Fc <« CNNBranch(l) //Extract local structural and texture features

5: F:— TransformerBranch(l) //Extract global contextual representations

6: Fe, Ft < Align(Fc, Ft) //Match spatial and channel dimensions

7: G « Sigmoid(Convl x1(Concatenate(F¢, Ft))) //Generate adaptive gating
weights

8: Fr<— G OFc+ (1 - G) ® Ft/IPerform adaptive gated feature fusion

9: J «— ReconstructionHead(Ff) //Reconstruct enhanced visibility image

100 L = MLps + A Lsgm + A3Lpere + AaLegge /Compute L1, SSIM, and perceptual
losses

11:  UpdateNetworkParameters(£) //Optimize parameters using Adam optimizer

12: end while

13: return J

End

After the two feature maps are combined, their fusion occurs via Concatenate(Fc, Ft).
The concatenated map then passes through Conv1x1 () and Sigmoid() functions to calculate
the fusion gate G, specifically, G = Sigmoid(Conv1x1 (Concatenate(Fc, Ft)). Consequently,
gate G acts as a spatial weight between the two feature maps, determining the relative
contribution of Fc to the fusion compared to Ft. Finally, utilizing gate G, the fused feature map
Ff is generated as Ff = G * Fc + (1-G) * Ft, indicating that Ff comprises both fine-grained
details and context-aware semantics.

Subsequently, Ff is used as the input to the ReconstructionHead(Ff), which produces
the restored image J as the model output. This means that/ serves as the enhanced image based
on the degraded image I. However, during training, j is compared to J through
CalculateTotalLoss(/, J), where J is the reference clear image and L is the total loss. Based on
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this comparison, the function updates the parameters using UpdateNetworkParameters(L)
inside the while loop until it converges. The above steps were repeated until convergence was
achieved.

For the inference process, the procedure is identical, with the distinction that the model
solely calculates the restored image Jwithout computing L or updating parameters. The
restored image J is then directly returned as output during inference. Overall, Algorithm 1

illustrates the transformation of | into J the restored image through three stages: Fc, Ft, and
fusion operation controlled by G.

4.2 Experimental Setup

The proposed methods were tested on the open-source BDD100K [44] and KITTI
Foggy [45] datasets, as described in Table 5. These two benchmark data sources have been
extensively used to assess the performance of visibility improvement and autonomous
perception algorithms under adverse weather conditions. The BDD100K dataset consists of
real-world driving scenes in various environmental and lighting settings, while, the KITTI
Foggy dataset includes artificial foggy scenes for testing robustness.

Table 5. Description of Benchmark Datasets Used for Experimental Evaluation

Dataset Images Weather Conditions Resolution
BDD100K 100K Fog, Rain, Night Diverse
KITTI Foggy 20K+ Synthetic Fog Urban Driving

The data were split into 70% for training and 30% for validation/testing. Before
training, all input images were resized to a fixed spatial resolution of [512 x 512], normalized
to a common intensity range, and processed using basic augmentation operations such as
random horizontal flipping, random cropping, and mild brightness variation to improve
robustness to appearance changes.

Another difference between the two datasets is their heterogeneous nature. BDD100K,
contains real-world driving scenes with varying weather and light conditions, such as light-to-
dense fog, rain-contaminated scenes, wet-road reflections, and low-visibility conditions.
However, in KITTI Foggy, the fog is more uniform with less irregular attenuation patterns.
Because not all samples have explicit weather severity labels, the proposed framework
accommodates heterogeneity implicitly by using mixed-condition training, as opposed to
severity-specific models.

The model was implemented in PyTorch and trained on an NVIDIA RTX 4090 GPU
with a batch size of 8, a learning rate of 1e-4, and the Adam optimizer. The evaluation metrics
included PSNR, SSIM, LPIPS, and inference time. Baselines included AOD-Net,
GridDehazeNet, TransWeather, and Restormer. The proposed model achieved an average
PSNR of 36.5 dB, SSIM of 0.962, and LPIPS of 0.081, outperforming prior methods. The
inference speed was clocked on the same NVIDIA RTX 4090 platform by averaging latency in
milliseconds per frame. FPS was calculated as FPS = 1000 ms/frame; in this case, the measured
latency was 42 ms/frame, which equated to 23.8 FPS (approximately 24 FPS). Qualitative
assessment confirmed improved visibility of lane markings and vehicle edges under
heterogeneous foggy and rainy driving conditions.Inference involves processing each test
image using the trained network in a forward pass to generate an improved frame without any
iterations for fine-tuning during the test phase. The current study is concerned with restoration-
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oriented assessment that involves the use of image-quality, perceptual, and computational
metrics; explicit downstream detector-level or lane-level ADAS assessment was not conducted.

5. Results and Discussion

The proposed Dual-Branch CNN-Transformer architecture was evaluated through
quantitative metrics, convergence behavior, qualitative comparisons, runtime analysis, and
hardware efficiency assessment. All results were benchmarked against state-of-the-art
visibility-enhancement models, using both the BDD100K and KITTI Foggy real-world driving
datasets. Table 6 presents the overall averaged quantitative performance of different visibility
enhancement models across the BDD100K and KITTI Foggy datasets. In contrast, Table 7
provides a detailed, dataset-specific performance analysis separately for each benchmark
dataset.

The quantitative evaluation presented in Table 6 demonstrates that the proposed model
clearly outperforms existing approaches such as AOD-Net, GridDehazeNet, TransWeather,
and Restormer. The comparative results using benchmarks were gathered based on the
experimental observations conducted on AOD-Net [46], GridDehazeNet [47], TransWeather
[48], Restormer [49], alongside the proposed experiment.

Table 6. Overall Averaged Quantitative Performance Comparison Across Bdd100k and Kitti Foggy Datasets

Model PSNR (dB) SSIM LPIPS |
AOD-Net 32.1 0.918 0.142
GridDehazeNet 33.4 0.933 0.119
TransWeather 34.7 0.945 0.103
Restormer 35.4 0.954 0.092
Proposed (Dual-Branch CNN-Transformer) 36.5 0.962 0.081

It achieves the highest values of PSNR (36.5 dB), and SSIM (0.962), and the lowest
LPIPS measure (0.081). This further ascertains the supremacy of the designed model with
respect to other models. The comparison shown in Table 7 further verifies this, as the results
confirm that on both the BDD100K and KITTI Foggy datasets, the designed model remains the
best. Although KITTI Foggy’s reconstruction scores are slightly higher since fog is more
uniformly distributed, the difference in performance remains constant for all models, thus
ascertaining that the designed framework possesses a good ability to generalize.

Table 7. Dataset-Specific Quantitative Comparison on BDD100K and KITTI Foggy Datasets

Dataset Model PSNR (dB) SSIM LPIPS |
BDD100K AOD-Net 31.9 0.916 0.145
GridDehazeNet 33.2 0.931 0.12
TransWeather 34.5 0.943 0.104
Restormer 35.2 0.953 0.093
Proposed Model 36.3 0.961 0.082
KITTI Foggy AOD-Net 32.4 0.92 0.139
GridDehazeNet 33.6 0.935 0.118
TransWeather 34.9 0.948 0.102
Restormer 35.6 0.955 0.09
Proposed Model 36.8 0.964 0.08

Figure 3 depicts the PSNR-SSIM quantitative analysis of various visibility
enhancement models on the BDD100K and KITTI Foggy datasets. As can be seen from the
graph, the proposed Dual-Branch CNN-transformer model consistently occupies the upper-
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right region of the PSNR-SSIM space, indicating better quality and structure comparison
compared to other benchmark approaches. For instance, in the case of the BDD100K dataset,
the model reached the best values of PSNR and SSIM (36.3 dB and 0.961, respectively) and
outperformed approaches such as Restormer (PSNR = 35.2 dB; SSIM = 0.953); TransWeather
(PSNR = 34.5 dB; SSIM = 0.943); GridDehazeNet (PSNR = 33.2 dB; SSIM = 0.931); and
AOD-Net (PSNR = 31.9 dB; SSIM = 0.916). Furthermore, in the case of the KITTI Foggy
dataset, the proposed framework showed the best results, with a PSNR and SSIM of 36.8 dB
and 0.964, respectively. The graph shows that the implementation of the proposed adaptive
gated fusion mechanism contributes not only to preserving structural fidelity but also to
enhancing visibility.

To facilitate a more detailed analysis of component-wise importance, an expanded
ablation study is presented in Table 8. When the Transformer branch is removed, the PSNR
decreases to 34.3 dB, indicating that global semantic reasoning is essential for restoring scene-
level coherence. Omitting feature fusion further reduces structural balance between local and
global representations. A direct comparison with straight concatenation followed by 1x1
projection shows that simple channel-wise feature stacking improves performance over
removing fusion entirely but still remains inferior to the proposed adaptive gated fusion.

38
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Figure 3. PSNR-SSIM Quantitative Analysis of Various Visibility Enhancement Models

This confirms that the benefit of the proposed module arises not merely from combining
features, but from spatially adaptive branch reweighting. The full model consistently achieves
the best PSNR, SSIM, and LPIPS values, thereby validating the effectiveness of the complete
design.

Table 8. Ablation Study of the Proposed Model Components

Configuration PSNR (dB) | SSIM | LPIPS | Observation
Without Transformer Branch 34.3 0.94 0.102 Misses global context
Without Feature Fusion 35 0.948 0.094 Reduces local-global balance
Straight Concatenation + 1x1 35.8 0.957 0.086 Uniform feature mixing without
Projection adaptive selection
Without Perceptual Loss 35.7 0.955 0.088 Lower perceptual realism
Full Model (Proposed) 36.5 0.962 0.081 Best perceptual and structural fidelity

Table 9 analyzes the influence of the number of attention heads in the Transformer
branch. Increasing the number of heads improves representation diversity and multi-scale
contextual modeling, which leads to gradual improvements in PSNR and SSIM and a reduction
in LPIPS. However, beyond four heads, the gain becomes marginal, whereas the inference
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latency increases more noticeably. Therefore, four attention heads were selected in the final
model as the most favorable trade-off between restoration accuracy and runtime efficiency.

Table 9. Sensitivity Analysis of Transformer Attention Heads

Attention Heads PSNR (dB) SSIM LPIPS | Runtime (ms/frame)
2 36 0.958 0.086 39
4 36.5 0.962 0.081 42
8 36.6 0.963 0.08 49

Table 10 illustrates the comparative performance analysis of the proposed model with
some recent visibility enhancement networks, namely AOD-Net, GridDehazeNet,
DehazeFormer, Uformer, and Restormer. It is shown that the proposed Dual-Branch CNN-
Transformer network offers the most desirable accuracy-efficiency trade-off. With respect to
accuracy, the proposed model obtains the highest PSNR value (36.5 dB) and the highest SSIM
metric (0.962) compared to all the other models. Although Uformer and Restormer models,
which heavily rely on transformers, also report top-notch accuracy, their running time (49-53
ms) and their number of parameters (3.5-4.3M) significantly exceed the other models, making
them less applicable in real-time ADAS. DehazeFormer, although reporting top-notch
accuracy, takes the highest computational cost (56 ms). Lightweight models based on CNN,
such as AOD-Net, and GridDehazeNet, report fast running time. However, this comes with a
compromise on reconstruction accuracy. The proposed model records an inference latency of
42 ms/frame, equivalent to 23.8 FPS (~24 FPS), thereby offering a favorable balance between
restoration accuracy and real-time deployment feasibility, This is much faster than other models
that heavily rely on transformers, with a moderate number of parameters (3.1M).

Adapted from benchmark comparisons reported in AOD-Net, GridDehazeNet,
TransWeather, Restormer, DehazeFormer, and Uformer, along with the proposed experimental
evaluation.

Table 10. Quantitative Comparison of Visibility Enhancement Models in Terms of Reconstruction
Quality, Runtime Efficiency, And Model Complexity

Model PSNR (dB) SSIM Runtime (ms/frame) Parameters (M)
AOD-Net 32.1 0.918 32 1.6
GridDehazeNet 334 0.933 45 2.2
DehazeFormer 35.2 0.95 56 3.9
Uformer 35.5 0.951 49 3.5
Restormer 354 0.954 53 4.3
Proposed Model 36.5 0.962 42 3.1

As shown in Figure 4, the convergence behavior of the visibility enhancement models
under comparison on the Foggy Driving Dataset indicates the stability of the optimization
procedure and the high learning efficiency of the proposed approach. The proposed model
achieves the fastest convergence and the lowest final optimization loss. In particular, as shown
in Figure 4, the Dual-Branch CNN-Transformer model is characterized by the fastest decrease
in the training loss within all epochs as shown in Table 11, demonstrating high-quality feature
learning and a stable optimization procedure. Specifically, the minimum value of the final
training loss in the proposed model is achieved at 8.70x10—4, outperforming DehazeFormer
(2.20x10-3), Restormer (4.60x10 —3), TransWeather (7.80x10 —3), GridDehazeNet (1.45%10
—2), and AOD-Net (2.35x10 =2).
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Table 11. Convergence Performance Comparison of Different Enhancement Models

Model Final Training Loss
AOD-Net 2.35x 1072
GridDehazeNet 1.45 x 1072
TransWeather 7.80 x 1073
Restormer 4.60 x 103
DehazeFormer 2.20 x 1073
Proposed Model 8.70 x 10~*

The experimental observations indicate that the integration of CNN-based local feature
extraction and Transformer-based global contextual representation enables efficient learning of
visibility enhancement features. In addition, the use of adaptive gated fusion in the proposed
approach leads to stable convergence and minimizes the risk of optimization instability by
balancing local and global features. Finally, the faster convergence and lower residual loss
values compared with state-of-the-art approaches confirm the effectiveness of the proposed
solution for visibility enhancement in adverse weather driving conditions.

Epoch

Figure 4. Training Convergence Comparison of Different Visibility Enhancement Models on the
Foggy Driving Dataset

Input
(Foggy) AOD-Net GridD D ormer Uformer Proposed Model

Highway

Tunnel Exit Forest Road Urban Street

Curved Road

The proposed model produces clearer visibility, better contrast, and more natural color with minimal artifacts. |

Figure 5. Qualitative Comparison of Visibility Enhancement Models on The BDD100K and KITTI
Foggy Datasets
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The proposed Dual-Branch CNN-Transformer model achieves superior structural
restoration, clearer visibility enhancement, and improved perceptual consistency with the
highest PSNR and SSIM values across both datasets. Figure 5 shows a qualitative comparison
of visibility improvement techniques for foggy driving scenarios. Compared with state-of-the-
art approaches such as AOD-Net, GridDehazeNet, TransWeather, and Restormer, the proposed
technique delivers superior output quality in terms of clearer lane lines, sharper object borders,
uniform contrast improvement, and minimized fog residuals. The benchmark techniques
excessively smoothen structures, provide inconsistent contrast, or do not completely dehaze the
fogged images. Through a combination of a local CNN and a global transformer, our
framework’s performance is enhanced in terms of structural recovery and visual consistency.
These visual outcomes suggest that the use of an adaptive gated network ensures the
preservation of fine-grained texture details without compromising global coherence. The
enhanced structural consistency and visibility restoration indicate the potential suitability of the
proposed framework for downstream ADAS perception tasks under adverse-weather
conditions.
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Figure 6. FPS Vs. Accuracy Trade-Off of Different Enhancement Models on the BDD100K Dataset

Despite the excellent restoration capacity demonstrated by the proposed framework, a
detector-level performance assessment downstream was not conducted in this study. However,
the enhanced visibility of lanes, edges, and scenes suggests that the framework is well-suited
for downstream ADAS perception tasks in adverse weather conditions. The proposed model
achieves approximately 24 FPS with 96% restoration accuracy, thereby providing a favorable
balance between computational efficiency and reconstruction performance compared with
existing transformer-based methods.

Lastly, the analysis of hardware efficiency (Table 12) shows that the proposed model
has a balanced computational footprint with 65% GPU utilization, 3.2 GB memory usage, and
24 FPS throughput. Although algorithms such as Restormer can achieve high accuracy at higher
computational costs and CNN-only can achieve low accuracy at lower costs, the proposed
hybrid architecture can achieve the best performance under real-world deployment conditions
on automotive-level platforms such as NVIDIA Xavier and Orin.
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Table 12. Hardware Efficiency Analysis

Model GPU Utilization FPS | Memory Comments
(%) (GB)
AOD-Net 54 28 2.3 Lightweight but less accurate
GridDehazeNet 61 25 2.8 Good speed-quality balance
TransWeather 68 23 3.5 Robust under mixed weather
Restormer 73 21 4.1 High quality, lower speed
Proposed Model 65 24 3.2 High accuracy with real-time performance

The proposed model achieves an inference latency of 42 ms/frame, corresponding to
approximately 23.8 FPS (~24 FPS), which remains consistent with the runtime analysis
presented in Tables 10 and 12. Overall, the synchronized results consistently demonstrate that
the proposed Dual-Branch CNN-Transformer architecture provides superior quantitative
performance, stable convergence, enhanced perceptual fidelity, and real-time inference
capability, collectively establishing its robustness and suitability for adverse-weather visibility
enhancement. Although the proposed framework improves perceptual and structural restoration
quality, detector-level downstream evaluation was not explicitly performed in the present
study.

6. Conclusion

The proposed work presented a Dual-Branch CNN-Transformer model with adaptive
gated fusion and perceptual-loss-driven optimization to improve the visibility of weather-
affected drive images. Experiments performed using the BDD100K and KITTI Foggy datasets
showed outstanding results, with PSNR, SSIM, and LPIPS scores of 36.5 dB, 0.962, and 0.081,
respectively. Specifically, according to the dataset-wise analysis, the PSNR/SSIM values were
36.3 dB/0.961 for BDD100K and 36.8 dB/0.964 for KITTI Foggy. Moreover, the inference
speed was measured at 42 ms/frame (~ 24 fps). The results indicate that the proposed model
achieves a good compromise among reconstruction fidelity, perceptual plausibility, and
computational complexity for enhancing visibility in adverse weather conditions. The DB-
CNN-T network model illustrates the effectiveness of convolutional neural networks (CNNSs)
in capturing lane markings, textures, and object contours, while transformer networks facilitate
global reasoning, especially in foggy conditions. The convergence analysis confirms stable and
efficient training, while qualitative analysis reveals improved local structural details and overall
scene consistency. Notably, the model enhances lane markings, vehicle boundaries, and scene
clarity under adverse weather, positively impacting downstream perception modules in
advanced driver-assistance systems (ADAS). The study underscores the necessity of quality
enhancements for reliable perception in challenging weather. Additionally, the method's real-
time capability supports its integration into embedded systems for autonomous vehicles. This
research suggests leveraging lightweight local-global fusion with perceptual optimization for
visibility enhancement in intelligent transportation systems (ITS). Future work will aim to
adapt the model for multi-weather generalization, dealing with various conditions like fog, rain,
and snow, while ensuring efficient function on limited computational devices such as
NVIDIA’s Xavier and Orin. Further investigations will include training combinations with
downstream ADAS applications, focusing on object detection and lane segmentation.
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