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Abstract

Adverse atmospheric conditions, particularly dust and fog, substantially degrade the vis-
ibility of traffic surveillance imagery, limiting the reliability of intelligent transportation
systems and vision-based traffic monitoring applications. To address these limitations,
this paper proposes the Lightweight CCTV Visibility Restoration Network (LCVR-Net), an
efficient image restoration framework specifically designed for CCTV surveillance under
adverse weather conditions. The proposed architecture adopts a lightweight encoder–
decoder backbone based on Residual Depthwise Separable Blocks (RDSBs) to achieve
effective feature extraction with low computational complexity. Furthermore, a Dual At-
tention Refinement Module (DARM) is introduced to enhance degradation-aware feature
representation for fog restoration, while a lightweight Color Correction Head (CCH) is
incorporated to compensate for atmospheric color distortion and improve perceptual image
fidelity. To enable task-specific optimization, two model variants are developed for dust
and fog restoration, respectively. Qualitative evaluations on real-world surveillance images
further provide supporting evidence of the practical applicability of the proposed frame-
work under naturally occurring atmospheric degradation. These results demonstrate that
LCVR-Net provides an effective balance between restoration accuracy and computational
efficiency, making it well suited for practical deployment in intelligent transportation and
traffic surveillance systems.

Keywords: convolutional neural networks; image restoration; intelligent transportation
systems; lightweight neural networks; traffic surveillance; visibility enhancement

1. Introduction
Intelligent Transportation Systems (ITS) have become a fundamental component of

modern smart cities, enabling traffic monitoring, incident detection, congestion manage-
ment, and intelligent transportation services through continuous visual perception [1–3].
Among various sensing modalities, closed-circuit television (CCTV) cameras remain the
most widely deployed because they provide extensive spatial coverage, low deployment
cost, and continuous monitoring of complex traffic environments. As intelligent surveil-
lance systems increasingly incorporate computer vision and deep learning algorithms, the
quality of captured images has become a critical factor influencing the reliability of both
human operators and automated traffic analysis. However, outdoor surveillance cameras
frequently operate under adverse atmospheric conditions that severely degrade image
quality. Dust, fog, and haze scatter and absorb light before it reaches the imaging sensor,
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resulting in reduced contrast, color distortion, blurred scene structures, and loss of fine
details [4–6]. Such degradations significantly impair downstream vision tasks, including
vehicle detection, traffic flow estimation, license plate recognition, object tracking, and
incident analysis, thereby limiting the effectiveness of ITS in real-world environments.
Among these degradations, dust and fog are particularly challenging because they obscure
distant objects and critical road infrastructure while exhibiting complex and spatially vary-
ing scattering characteristics. Representative examples of dust- and fog-degraded CCTV
images are presented in Figure 1.

 

Figure 1. Examples of dust- and fog-degraded CCTV surveillance images.

Figure 1 illustrates representative CCTV scenes affected by fog and dust, highlighting
their distinct degradation characteristics. Fog causes severe visibility and contrast reduction,
whereas dust introduces strong atmospheric attenuation and color distortion. These conditions
can significantly impair visual perception and subsequent traffic surveillance tasks.

Early visibility restoration techniques relied on handcrafted image priors and en-
hancement strategies, including Histogram Equalization (HE), Contrast Limited Adaptive
Histogram Equalization (CLAHE), Retinex-based enhancement, Gamma Correction, and
the Dark Channel Prior (DCP) [7–10]. Although computationally efficient, these approaches
generally depend on fixed assumptions regarding image statistics or atmospheric models,
making them susceptible to over-enhancement, color inconsistencies, noise amplification,
and poor generalization across diverse surveillance environments. The rapid advance-
ment of deep learning has substantially improved single-image visibility restoration by
enabling data-driven feature representation. Representative convolutional models, in-
cluding DehazeNet [11], AOD-Net [12], FFA-Net [13], AECR-Net [14], and more recent
lightweight restoration networks, have achieved remarkable performance on standard
dehazing benchmarks. Meanwhile, transformer- and frequency-based restoration frame-
works have further advanced restoration quality by modeling long-range dependencies
and degradation-aware frequency representations [15,16]. Despite these advances, three
important limitations remain. First, most existing methods are developed and evaluated
on generic dehazing datasets that differ significantly from real CCTV surveillance scenes
in viewpoint, illumination, camera characteristics, and degradation distribution [17]. Sec-
ond, state-of-the-art restoration networks often achieve higher reconstruction accuracy by
substantially increasing model complexity, computational cost, and memory consumption,
limiting their applicability to resource-constrained edge surveillance systems. Third, rel-
atively few studies have investigated lightweight architectures specifically designed to
restore both dust- and fog-degraded CCTV imagery while maintaining inference capability.

To overcome these limitations, this paper proposes the Lightweight CCTV Visibility
Restoration Network (LCVR-Net), a unified and computationally efficient framework tai-
lored for traffic surveillance applications. The proposed architecture adopts lightweight
Residual Depthwise Separable Blocks (RDSBs) to achieve efficient hierarchical feature ex-
traction with minimal computational overhead. Furthermore, a Dual Attention Refinement
Module (DARM) is introduced to strengthen degradation-aware feature refinement under
dense fog, while a lightweight Color Correction Head (CCH) compensates for atmospheric
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color distortion and enhances perceptual fidelity. Based on the same backbone architecture,
two specialized variants are developed: LCVR-Net-D for dust restoration and LCVR-Net-F
for fog restoration. To facilitate practical evaluation, a CCTV-oriented benchmark is further
constructed using real traffic surveillance images with synthetically generated dust and fog
degradations, complemented by qualitative validation on real-world surveillance scenes.
Although LCVR-Net is primarily developed for traffic surveillance, its applicability is not
limited to CCTV imagery. The fog-restoration model is also evaluated on general outdoor
scenes, to examine its applicability beyond the surveillance domain.

The remainder of this paper is organized as follows. Section 2 reviews related work on
image visibility restoration. Section 3 presents the proposed LCVR-Net architecture. Sec-
tion 4 describes the datasets, implementation details, and experimental settings. Section 5
reports quantitative and qualitative comparisons together with ablation and computational
efficiency analyses. Finally, Section 6 concludes the paper.

2. Related Works
2.1. Model-Based Visibility Restoration

Early visibility restoration methods primarily relied on image enhancement techniques
and atmospheric scattering models to improve degraded images. Conventional enhance-
ment approaches, including Histogram Equalization (HE), Contrast Limited Adaptive
Histogram Equalization (CLAHE), Gamma Correction, and Retinex-based enhancement,
improve visual quality by manipulating image intensity distributions or local illumina-
tion [7–9]. Although computationally efficient, these methods do not explicitly model
atmospheric degradation and therefore often produce over-enhanced images, amplified
noise, and inconsistent color reproduction when applied to complex outdoor scenes.

Physics-based restoration methods estimate the degradation process using atmo-
spheric scattering theory. Among these, the Dark Channel Prior (DCP) proposed by He
et al. [6] remains one of the most influential single-image dehazing methods. DCP esti-
mates scene transmission from statistical priors and reconstructs the latent clean image
using the atmospheric scattering model. Guided filtering was subsequently introduced to
refine transmission estimation while preserving edge structures [10]. Other prior-based
approaches, including non-local dehazing [18], further improved restoration accuracy
by exploiting structural similarities across image regions. Despite their interpretability,
model-based methods rely heavily on handcrafted assumptions that frequently fail under
dense dust, non-uniform illumination, and complex surveillance environments, leading
to halo artifacts, color distortion, and incomplete visibility recovery. Beyond DCP, several
prior-based approaches have been developed to improve transmission estimation and scene
radiance recovery. Fattal introduced a color-lines prior that exploits the distribution of local
image patches in RGB space to estimate scene transmission [19]. Meng et al. incorporated a
boundary constraint with contextual regularization to obtain more reliable transmission
maps while preserving image details [20]. Zhu et al. proposed the Color Attenuation
Prior (CAP), which estimates scene depth from the relationship between brightness and
saturation and enables efficient single-image haze removal [21].

2.2. Deep Learning-Based Visibility Restoration

Deep learning has significantly advanced image visibility restoration by learning
degradation-aware feature representations directly from large-scale datasets. Unlike tradi-
tional methods, convolutional neural networks (CNNs) learn an end-to-end mapping be-
tween degraded and clean images without explicitly estimating physical model parameters.
DehazeNet [11] pioneered CNN-based single-image dehazing by learning transmission
estimation from data, while All –in-One Dehazing Network (AOD-Net) [12] reformulated
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the atmospheric scattering model into a lightweight end-to-end framework with improved
computational efficiency. Subsequent studies focused on enhancing feature representation
through multi-scale learning and attention mechanisms. Feature Fusion Attention Network
for single image dehazing network (FFA-Net) [13] introduced feature fusion attention to cap-
ture both channel-wise and pixel-level contextual information, whereas Auto-Encoder and
Contrastive Regularization Network (AECR-Net) [14] incorporated contrastive learning
to improve structural consistency and perceptual restoration. More recently, transformer-
based architectures have become increasingly popular because of their ability to model
long-range dependencies. Representative methods, including Restormer [15], demonstrate
excellent restoration performance by combining self-attention with efficient feature aggre-
gation. In parallel, frequency-domain learning has emerged as an effective strategy for
separating degradation components from structural image information, enabling more
accurate restoration of complex atmospheric degradations. Comprehensive surveys further
highlight the growing importance of transformer- and frequency-based restoration frame-
works for adverse-weather image enhancement [22]. Although these methods achieve
impressive reconstruction quality, their superior performance is generally accompanied by
increased computational complexity, memory consumption, and inference latency, limiting
their applicability to surveillance and resource-constrained edge devices.

Beyond these representative CNN-based approaches, several architectures have ex-
plored joint estimation, multi-scale representation, and feature fusion for improved de-
hazing. Densely Connected Pyramid Dehazing Network (DCPDN) jointly estimates the
transmission map, atmospheric light, and restored image within a densely connected end-
to-end framework [23]. Gated Fusion Network (GFN) learns pixel-wise confidence maps to
adaptively fuse multiple enhanced representations of the hazy input [24]. GridDehazeNet
employs an attention-based multi-scale grid architecture to facilitate information exchange
across different feature resolutions without explicitly relying on the atmospheric scattering
model [25]. Multi-Scale Boosted Dehazing Network (MSBDN) further introduces multi-
scale boosted decoding and dense feature fusion to progressively recover spatial details
and improve haze removal [26]. These developments demonstrate the effectiveness of
hierarchical and multi-scale feature learning for visibility restoration, although increased
architectural complexity can impose additional computational requirements. Gao et al. [27]
enhanced degraded sandstorm images using a low-visibility enhancement network based
on multiscale channel attention features. To address degraded hazy images, Jia et al. [28]
proposed a semi-supervised neural network using disentangled meta-knowledge, yielding
high-quality results. Furthermore, Qadir et al. [29] restored distorted sand-dust images
using an attention-driven multiscale feature fusion method.

2.3. Lightweight Visibility Restoration and Research Gap

With the rapid deployment of intelligent transportation infrastructure, lightweight
restoration networks have received increasing attention. Recent approaches, such as
Dehaze-UNet [16], employ simplified encoder-decoder architectures to balance restoration
performance and computational efficiency, while frequency-selection-based restoration
networks [17] improve feature representation by adaptively emphasizing informative
frequency components. These studies demonstrate that lightweight architectures can
achieve competitive restoration quality while substantially reducing computational cost.

Nevertheless, several important challenges remain. First, most existing restoration
methods are developed and evaluated using generic dehazing benchmarks such as RE-
SIDE [30], OTS [30], and SOTS [30], which differ considerably from practical CCTV surveil-
lance environments in camera viewpoint, scene geometry, traffic density, and degradation
characteristics. Second, many lightweight networks primarily target general haze removal

https://doi.org/10.3390/app16189269

https://doi.org/10.3390/app16189269


Appl. Sci. 2026, 16, 9269 5 of 23

rather than surveillance-oriented restoration under multiple atmospheric degradations.
Third, existing approaches generally optimize restoration quality or computational ef-
ficiency independently, making it difficult to simultaneously achieve high restoration
accuracy, low model complexity, and deployment capability for intelligent transportation
systems [30,31]. Motivated by these limitations, this work proposes the Lightweight CCTV
Visibility Restoration Network (LCVR-Net), a surveillance-oriented restoration framework
specifically designed for dust- and fog-degraded CCTV imagery. The proposed network
integrates lightweight Residual Depthwise Separable Blocks (RDSBs) for efficient feature
extraction, a Dual Attention Refinement Module (DARM) for degradation-aware feature
refinement, and a lightweight Color Correction Head (CCH) for atmospheric color com-
pensation. In addition, a CCTV-oriented benchmark is constructed to facilitate systematic
evaluation under realistic traffic surveillance conditions. By jointly considering restora-
tion quality, computational efficiency, and practical deployment requirements, LCVR-Net
addresses an important gap between existing image restoration research and real-world
intelligent transportation applications.

More recently, DehazeFormer adapts vision transformers specifically to single-image
dehazing through modified normalization, activation, and spatial feature aggregation
mechanisms, achieving strong restoration performance with improved computational ef-
ficiency [32]. Multi-Branch (MB)-TaylorFormer further approximates self-attention using
Taylor expansion and incorporates multi-scale refinement to capture long-range dependen-
cies with reduced computational complexity [33]. MixDehazeNet combines multi-scale
parallel large-kernel convolutions with enhanced parallel attention to enlarge the effec-
tive receptive field while avoiding the computational burden of conventional transformer
architectures [34].

The major contributions of this work are summarized as follows.

1. A lightweight surveillance-oriented restoration framework, LCVR-Net, is proposed
for efficient visibility enhancement of dust- and fog-degraded CCTV images while
maintaining computational performance.

2. Degradation-specific refinement modules are introduced within the lightweight framework.
The Dual Attention Refinement Module (DARM) enhances degradation-aware feature repre-
sentation under dense fog, while the lightweight Color Correction Head (CCH) compensates
for atmospheric color distortion with minimal computational overhead.

3. A CCTV-oriented benchmark containing synthetic dust and fog degradations is con-
structed to enable systematic evaluation under realistic intelligent transportation scenarios.

4. Extensive quantitative, qualitative, cross-dataset, ablation, and computational analy-
ses demonstrate competitive restoration performance with fewer than 0.4 M trainable
parameters, supporting the practical applicability of LCVR-Net for traffic surveillance.

3. Proposed Method
The proposed LCVR-Net is motivated by the need for accurate yet computation-

ally efficient visibility restoration in CCTV surveillance. Existing restoration networks
often prioritize reconstruction quality at the expense of computational complexity, while
lightweight models may struggle with degradation-specific features and atmospheric color
distortion. To address these limitations, LCVR-Net combines efficient feature extraction,
degradation-aware attention, and lightweight color correction within a unified framework.
Its task-specific configurations further accommodate the distinct characteristics of dust and
fog while maintaining low computational overhead.

https://doi.org/10.3390/app16189269

https://doi.org/10.3390/app16189269


Appl. Sci. 2026, 16, 9269 6 of 23

3.1. Overall Architecture of LCVR-NET

The proposed Lightweight CCTV Visibility Restoration Network (LCVR-Net) is de-
signed to restore dust- and fog-degraded traffic surveillance images while maintaining
high computational efficiency for deployment. As illustrated in Figure 2, LCVR-Net adopts
a lightweight encoder–bottleneck–decoder architecture [35] with skip connections, global
residual learning [36], and a lightweight Color Correction Head (CCH).

Figure 2. Overall architecture of the proposed LCVR-Net framework.

Given a degraded input image (Id ∈ RH×W×3), the network learns a nonlinear map-
ping to reconstruct the restored image (Ir). The encoder progressively extracts hierarchical
multi-scale features using Residual Depthwise Separable Blocks (RDSBs) and downsam-
pling operations. These features are refined in the bottleneck before being reconstructed by
the decoder through bilinear upsampling and skip connections, which preserve fine struc-
tural information while facilitating efficient feature propagation. To accommodate different
atmospheric degradations, two network variants are developed. LCVR-Net-D employs the
lightweight backbone for dust restoration, whereas LCVR-Net-F incorporates a Dual Atten-
tion Refinement Module (DARM) within the bottleneck to enhance feature representation
under severe fog degradation. The restored decoder features are subsequently processed by
the proposed Color Correction Head (CCH) to compensate for atmospheric color distortion
and improve perceptual consistency. Detailed descriptions of RDSB, DARM, and CCH are
provided in the following subsections. Rather than directly predicting the restored image,
LCVR-Net adopts global residual learning [36], allowing the network to estimate only the
degradation residual. The final output is expressed as:

Ir = Id + R(Fd) + C(Fd), (1)

where Id and Ir denote the degraded and restored images, respectively, R(·) represents the
residual reconstruction branch, C(·) denotes the Color Correction Head, and Fd represents
the decoder feature representation.

3.2. Residual Depthwise Separable Block (RDSB)

To achieve an effective balance between restoration accuracy and computational
efficiency, LCVR-Net employs the Residual Depthwise Separable Block (RDSB) as its
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fundamental feature extraction unit. Conventional convolution simultaneously performs
spatial filtering and channel mixing, resulting in considerable computational overhead that
limits deployment on resource-constrained surveillance systems. To address this limitation,
RDSB adopts depthwise separable convolutions, which decompose feature extraction into
independent spatial filtering and channel fusion operations, thereby substantially reducing
computational complexity while preserving representative feature learning [37,38]. Given
an input feature map (F{in}), the depthwise convolution extracts channel-wise spatial
features as:

Fd = DW
(

F{in}

)
, (2)

where F{in} denotes the input feature tensor, DW(·) represents the depthwise convolution
operation, and Fd denotes the resulting depthwise-filtered feature tensor. The resulting
features are subsequently fused through a pointwise (1 × 1) convolution to model inter-
channel correlations:

Fp = PW(Fd), (3)

where PW(·) denotes the pointwise (1 × 1) convolution operation, and Fp represents the
resulting pointwise-fused feature tensor after inter-channel information aggregation.

The proposed RDSB consists of two consecutive depthwise separable convolution
layers, each followed by a LeakyReLU activation [39]. A residual connection is introduced
to facilitate gradient propagation and preserve low-level image information during feature
transformation. The block output is defined as:

Fr = F{in} + H
(

F{in}

)
, (4)

where H(· ) denotes the stacked depthwise separable convolution operations, and Fr repre-
sents the residual output feature tensor obtained by combining the transformed features
with the input F{in}. By combining lightweight convolution with residual learning, RDSB
effectively captures degradation-related features while maintaining stable optimization.
The reduced computational cost enables multiple RDSBs to be employed throughout the en-
coder, bottleneck, and decoder without significantly increasing model complexity, making
LCVR-Net suitable for traffic surveillance applications.

3.3. Dual Attention Refinement Module (DARM)

Although the lightweight backbone effectively extracts hierarchical features, restoring
dense fog remains challenging because atmospheric scattering suppresses discriminative
image information over large spatial regions. Consequently, feature responses associated
with distant objects and fine scene structures become progressively weaker. To enhance
degradation-aware representation under such conditions, a Dual Attention Refinement
Module (DARM) is introduced in the bottleneck stage of LCVR-Net-F, as illustrated in
Figure 3. DARM sequentially integrates channel attention and spatial attention [40,41] to
refine bottleneck features from complementary perspectives. Given the bottleneck feature
map (F{in}), the Channel Attention Unit (CAU) first estimates the relative importance of
each feature channel by aggregating global contextual information through Global Average
Pooling (GAP), followed by two (1 × 1) convolution layers and a sigmoid activation [42].
Channel refinement is formulated as:

Fc = Fb ⊗ Mc, (5)

where Mc denotes the channel attention map and ⊗ represents element-wise multiplication.
The channel-refined features are subsequently processed by the Spatial Attention Unit
(SAU) to identify informative spatial regions. Average-pooling and max-pooling are
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first performed along the channel dimension, after which the resulting feature maps
are concatenated and passed through a 7 × 7convolution layer followed by a sigmoid
activation [42]. The spatial refinement process is expressed as:

Fs = Fc ⊗ Ms (6)

where Ms denotes the spatial attention map. To further enhance feature representation, the
attention-refined features are processed by an Attention Refinement Unit (ARU) comprising
two consecutive RDSBs. This operation is formulated as:

Fr = ARU(Fs), (7)

 

Figure 3. Structure of the proposed Dual Attention Refinement Module (DARM).

Finally, a residual connection is employed to preserve the original bottleneck represen-
tation and improve optimization stability. The output of DARM is obtained as:

F{DARM} = Fb + Fr, (8)

where F{DARM} denotes the refined bottleneck feature representation.

3.4. Color Correction Head (CCH)

Atmospheric degradation affects not only scene visibility but also color fidelity. Dust
commonly introduces yellow or brown color casts, whereas fog reduces saturation and
produces illumination inconsistencies through wavelength-dependent scattering. Conse-
quently, recovering structural information alone may yield restored images with residual
chromatic distortion. To address this problem, LCVR-Net incorporates a lightweight
Color Correction Head (CCH) that jointly models global color bias and spatially varying
appearance information.
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As illustrated in Figure 4, CCH comprises two complementary branches: a Global Color
Branch (GCB) and a Local Refinement Branch (LRB). Given the decoder feature representation
FD, where FD denotes the decoder output feature tensor provided as input to the CCH, the
GCB aggregates scene-level information using Global Average Pooling (GAP). The pooled
representation is subsequently processed by two 1 × 1 convolution layers separated by a
LeakyReLU activation [39], followed by a hyperbolic tangent function that constrains the
estimated global correction. The global color representation is computed as:

Fg = GCB(Fd), (9)

where Fg denotes the global color correction feature map and GCB(· ) represents the global
color estimation operation.

Figure 4. Architecture of the proposed Color Correction Head (CCH).

Although the GCB captures the dominant scene-level color shift, global statistics alone
cannot adequately model non-uniform degradation across the image. The LRB therefore
performs spatially adaptive correction using two depthwise separable convolution layers
followed by a 3 × 3 convolution. This design preserves local structures and appearance
variations while introducing minimal computational overhead. The locally refined repre-
sentation is expressed as:

Fl = LRB(Fd), (10)

where Fl denotes the locally refined feature representation. The global and local representa-
tions are fused through element-wise addition:

Fc = Fg + Fl, (11)

where Fc represents the fused color correction feature representation. The resulting feature
is integrated with the residual reconstruction branch to obtain the restored image:

Ir = Id + R(Fd) + Fc, (12)

where Id and Ir denote the degraded and restored images, respectively, and R(· ) represents
the residual reconstruction branch. By combining scene-level chromatic estimation with
spatially adaptive refinement, CCH corrects global color shifts without sacrificing local
details. Its lightweight implementation introduces only a marginal increase in model
complexity, making it suitable for both LCVR-Net variants and surveillance deployment.
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3.5. Task-Specific Network Configurations

Dust and fog exhibit different degradation characteristics and therefore require differ-
ent levels of feature refinement. To address these differences without constructing entirely
separate architectures, two task-specific variants are derived from the same lightweight
encoder–decoder backbone. Both variants employ RDSBs and the proposed CCH, whereas
DARM is selectively introduced for fog restoration.

3.5.1. LCVR-NET-D for Dust Restoration

Dust degradation is primarily characterized by contrast reduction, partial visibility loss,
and pronounced color shifts caused by suspended particles. Because these effects can be
effectively addressed through hierarchical feature reconstruction and explicit color correction,
LCVR-Net-D employs the shared encoder–decoder backbone together with CCH, while the
bottleneck consists only of stacked RDSBs. The dust-restoration configuration is expressed
in Figure 3. This configuration avoids additional attention operations, thereby preserving
minimal parameter count and computational cost. LCVR-Net-D consequently prioritizes
efficient structural recovery and chromatic correction for dust-degraded CCTV imagery.

3.5.2. LCVR-NET-F for Fog Restoration

Fog produces stronger and more spatially extensive visibility attenuation because of
atmospheric scattering. Distant objects, road boundaries, and low-contrast structures are
therefore more difficult to recover using the lightweight backbone alone. To strengthen
bottleneck representation under these conditions, LCVR-Net-F incorporates DARM before
image reconstruction. The fog-restoration configuration is formulated in Figure 4. DARM
selectively enhances informative channel and spatial responses before the refined features
are passed to the decoder. Compared with LCVR-Net-D, this modification introduces only a
limited increase in parameters while providing additional representation capacity for severe
fog degradation. Both variants retain the same overall design and share most architectural
components, simplifying implementation and deployment across different surveillance
conditions. LCVR-Net-D emphasizes low-cost restoration and color compensation for dust,
whereas LCVR-Net-F provides additional attention-guided refinement for the stronger
scattering effects associated with fog.

3.5.3. Loss Function

The proposed LCVR-Net is trained using a hybrid loss function that jointly optimizes
pixel-wise reconstruction accuracy and structural similarity. Specifically, the total training
loss combines the L1 loss with the Structural Similarity Index Measure (SSIM) [38] loss,
enabling the network to preserve both image fidelity and perceptual quality. The pixel-wise
reconstruction loss is defined as

LL1 =

(
1
N

)
∑N

i=1|IR − IG|, (13)

where LL1 denotes the L1 pixel-wise reconstruction loss, IR and IG denote the restored and
ground-truth images, respectively, |·| means absolute value operation, and N represents
the total number of pixels. To further preserve structural information, the SSIM [43] loss is
formulated as:

SSIM
(

Ir, Ig
)
=

(
2µrµg + C1

)(
2σrg + C2

)(
µ2

r + µ2
g + C1

)(
σ2

r + σ2
g + C2

) , (14)
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where SSIM(·) measures the structural similarity between the restored and reference images.
The overall optimization objective is defined as:

LSSIM = 1 − SSIM(IR, IG), (15)

Minimizing LSSIM encourages preservation of structural information and perceptually
meaningful image content.

Ltotal = LL1 + λLSSIM, (16)

where λ is the weighting factor that balances the contributions of the two loss terms, Ltotal

means total loss. The L1 loss encourages accurate pixel-level reconstruction while reducing
sensitivity to outliers, whereas the SSIM [43] loss preserves structural consistency and
perceptual image quality. Their complementary characteristics enable LCVR-Net to recover
fine details, suppress atmospheric degradation, and produce visually consistent restoration
results without introducing additional computational complexity during inference.

4. Experimental Setup
This section describes the experimental framework used to evaluate the proposed

LCVR-Net. The evaluation includes dataset preparation, implementation and training
settings, quantitative and qualitative assessment, computational efficiency analysis, and
ablation studies. Experiments are conducted for both dust and fog restoration to assess
restoration performance, convergence behavior, computational efficiency, and generaliza-
tion under CCTV surveillance conditions.

4.1. Dataset Preparation

To evaluate the proposed LCVR-Net under realistic traffic surveillance scenarios, a
CCTV-oriented benchmark was constructed using publicly available surveillance imagery.
Unlike conventional dehazing datasets that mainly contain natural outdoor scenes, the pro-
posed benchmark focuses on traffic surveillance environments where visibility degradation
directly affects intelligent transportation applications.

4.1.1. CCTV Traffic Surveillance Dataset

Clean surveillance images were collected from the Traffic Data from Surveillance
Cameras dataset [44], which contains diverse traffic scenes captured by fixed CCTV cameras
under varying illumination, viewpoints, and traffic conditions. After removing unsuitable
samples, 4234 images were retained and resized to 256 × 256 pixels. The dataset was
divided into 3598 training images, 536 validation images, and 100 evaluation images.
The evaluation set was completely isolated from training and validation and was used
exclusively for performance assessment.

The source dataset does not provide explicit camera identifiers for all images; therefore,
a strictly camera-disjoint partition could not be established. Consequently, although the
evaluation subset is excluded from training and validation, some similarity in scene or
camera viewpoint across the image-level partitions cannot be completely ruled out. To
complement this evaluation and reduce reliance on the internal CCTV split, cross-dataset
testing was additionally performed on the RESIDE SOTS Outdoor benchmark [30], whose
scenes are independent of the CCTV training data. This provides an additional assessment
of generalization to previously unseen outdoor scenes.

Publicly available traffic-surveillance datasets with paired clean and atmospherically
degraded images remain limited. Therefore, the Surveillance Cameras dataset [44] was used as
the primary traffic-surveillance benchmark, as its clean CCTV images enable controlled gener-
ation of paired dust- and fog-degraded samples for full-reference evaluation. To complement
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this dataset and assess performance beyond the primary benchmark, additional cross-dataset
evaluation was conducted on RESIDE SOTS Outdoor [30], while naturally degraded images
from the DS Dataset [45] were used for real-world qualitative evaluation.

4.1.2. Synthetic Dust and Fog Datasets

To enable supervised learning, paired degraded images were synthetically generated
from the clean Surveillance Cameras dataset [44]. Dust degradation was simulated by
introducing atmospheric dust veils, visibility attenuation, contrast reduction, and color
shifts, while fog degradation was generated using an atmospheric scattering model to
reproduce realistic visibility loss and contrast degradation. The resulting paired datasets
were used to train and evaluate LCVR-Net-D and LCVR-Net-F, respectively.

4.1.3. Real World Evaluation Dataset

To assess generalization under practical conditions, additional qualitative evaluations
were conducted using naturally degraded images from the DS Dataset [41]. Which contains
real-world images degraded by dust and fog under diverse outdoor conditions. Unlike the
synthetically generated paired CCTV data used for quantitative evaluation, the DS images
represent naturally occurring atmospheric degradation and do not provide corresponding
clean ground-truth images. Therefore, selected dust- and fog-degraded samples from
this dataset were used exclusively for qualitative evaluation to assess the generalization
capability of the proposed LCVR-Net under real-world conditions. Only the fog- and dust-
degraded samples were used. Since no corresponding ground-truth images are available,
these data were employed exclusively for qualitative comparison and visual analysis.

Since the SOTS Outdoor images originate from a dataset independent of the CCTV
training set, this cross-dataset evaluation also provides a scene-independent assessment
without overlap between the training and test images. The results therefore complement the
internal CCTV evaluation, for which explicit camera-disjoint splitting could not be guaranteed.

4.2. Implementation Details

All experiments were implemented using PyTorch 2.10.0 and conducted on a Kaggle
cloud platform equipped with an NVIDIA Tesla T4 GPU. All input images were resized
to 256 × 256 pixels. The network was optimized using the AdamW optimizer [46] with
an initial learning rate of 2 × 10−4 and a weight decay of 1 × 10−4. The learning rate was
updated using the cosine annealing learning-rate scheduler [47]. Models were trained for
100 epochs with a batch size of 8, using 2 data-loading workers and a fixed random seed of
42. The complete training hyperparameters are summarized in Table 1.

Table 1. Training hyperparameters used in all experiments.

Hyperparameter Value

Learning Rate 2 × 10−4

Batch Size 8

Optimizer AdamW [46]

Weight Decay 1 × 10−4

Learning Rate Scheduler cosine annealing learning-rate [47]

Training Epochs 100

Input Resolution (256 × 256)

Number of Workers 2

Random Seed 42
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The proposed models were optimized using the hybrid loss function described in
Section 3.5.3 For a consistent comparison, methods retrained in this study were evaluated
using the same dataset splits, input resolution, degradation settings, and evaluation metrics
as the proposed models. For methods relying on publicly released pretrained models
or method-specific training procedures, the official implementations and recommended
configurations were used. All methods were evaluated on the same test images using
the same PSNR and SSIM calculation protocol. Quantitative performance was assessed
using full-reference image quality metrics. The training convergence of both LCVR-Net
variants is illustrated in Figures 5 and 6. For LCVR-Net-D and LCVR-Net-F, the training
loss progressively decreases, while the validation PSNR and SSIM [43] consistently improve
and stabilize toward the later epochs. These trends demonstrate stable optimization and
convergence of both models under the adopted training configuration.

Figure 5. Training convergence of the proposed LCVR-Net-D over 100 epochs showing training loss,
validation PSNR, and validation SSIM [43].

Figure 6. Training convergence of the proposed LCVR-Net-F over 100 epochs showing training loss,
validation PSNR, and validation SSIM [43].

5. Experimental Results
This section presents a comprehensive evaluation of the proposed LCVR-Net under

dust- and fog-degraded surveillance conditions. The analysis includes quantitative and
qualitative comparisons with conventional and deep learning-based restoration methods,
followed by computational efficiency and ablation studies. Cross-dataset and real-world
evaluations are further conducted to assess the generalization and practical applicability of
the proposed framework.

5.1. Quantitative Evaluation on Dust Restoration

The proposed LCVR-Net-D was evaluated on the CCTV dust evaluation set containing
100 previously unseen surveillance images. The proposed method was compared with tra-
ditional enhancement techniques, including CLAHE [8], Gamma Correction [7], Retinex [9],
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White Balance [48], and DCP [6], as well as representative deep learning-based methods,
including AOD-Net [12], DehazeNet [11], FFA-Net [13], AECR-Net [14], Dehaze-UNet [22],
and FSNet [15]. Performance was evaluated using PSNR and SSIM. Table 2, summarizes
the quantitative results.

Table 2. Quantitative comparison of dust image restoration methods on the CCTV [44] dust
evaluation dataset.

Method PSNR SSIM [43]

CLAHE [8] 15.44 0.72

Gamma [7] 13.13 0.71

Retinex [8] 18.13 0.77

White Balance [48] 16.01 0.75

DCP [6] 13.81 0.66

AOD-Net [12] 24.81 0.84

DehazeNet [11] 26.62 0.86

FFA-Net [13] 30.85 0.92

AECR [14] 30.79 0.92

DehazeUNet [22] 30.57 0.91

FSNet [15] 31.24 0.92

Proposed Method 30.88 0.93

Traditional enhancement methods achieved limited restoration performance, whereas
deep learning-based approaches substantially improved image quality. The proposed
LCVR-Net-D achieved the highest SSIM (0.93) and a competitive PSNR (30.88 dB), outper-
forming all compared methods in structural preservation while maintaining comparable
reconstruction accuracy. These results demonstrate the effectiveness of the proposed frame-
work for restoring dust-degraded CCTV surveillance images.

5.2. Quantitative Evaluation on Fog Image Restoration

The performance of LCVR-Net-F was evaluated on both the Surveillance Cameras
dataset [44] fog dataset and the RESIDE SOTS Outdoor benchmark [30], is a standard test
subset of the RESIDE dataset [30] designed for evaluating single-image dehazing under
outdoor conditions. Through Table 3, it appeared.

Table 3. Quantitative comparison of CCTV-trained models on the CCTV [44] fog and sots outdoor
datasets [30].

Method CCTV PSNR CCTV SSIM [43] SOTS Outdoor [30] PSNR SOTS Outdoor [30] SSIM [43]

CLAHE [8] 16.53 0.77 16.43 0.82

Histogram Equalization [7] 16.26 0.66 18.08 0.83

Retinex [9] 15.02 0.76 13.13 0.79

Guided Filter [10] 14.29 0.73 15.91 0.78

DCP [6] 15.68 0.64 16.15 0.84

AOD-Net [12] 23.97 0.89 21.13 0.88

DehazeNet [11] 25.77 0.92 21.74 0.86

FFA-Net [13] 30.99 0.94 22.45 0.88
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Table 3. Cont.

Method CCTV PSNR CCTV SSIM [43] SOTS Outdoor [30] PSNR SOTS Outdoor [30] SSIM [43]

AECR [14] 32.27 0.95 21.83 0.89

DehazeUNet [22] 31.48 0.95 21.91 0.89

FSNet [15] 32.34 0.96 22.02 0.89

LCVR-Net-F (Proposed) 32.78 0.96 22.11 0.89

It provides paired hazy and corresponding clean images, enabling objective quanti-
tative evaluation using full-reference metrics such as PSNR and SSIM [43]. In this study,
SOTS Outdoor [30] is used to assess the cross-dataset generalization performance of the
evaluated restoration models. Comparisons were conducted against traditional enhance-
ment methods, including CLAHE [8], Histogram Equalization (HE) [7], Retinex [9], Guided
Filter [10], and DCP [6], as well as representative deep learning-based methods [11–15,22].
As shown in Table 3, LCVR-Net-F achieved the best performance on the CCTV fog bench-
mark, obtaining 32.78 dB PSNR and 0.96 SSIM. When the same CCTV-trained model was
evaluated on the SOTS Outdoor benchmark, it achieved 22.11 dB PSNR and 0.89 SSIM.
This result indicates that LCVR-Net-F can also restore fog-degraded images from general
outdoor scenes beyond the CCTV surveillance domain, although the performance decrease
compared with the CCTV benchmark reflects the effect of domain shift. To further inves-
tigate this effect, cross-dataset experiments were performed using models trained on the
RESIDE dataset [30].

The results in Table 4, indicate that models trained on CCTV data consistently per-
form better on surveillance imagery, whereas RESIDE-trained models [30] achieve higher
accuracy on the SOTS Outdoor benchmark [30]. These findings highlight the importance of
domain-specific training for traffic surveillance image restoration.

Table 4. Cross-dataset evaluation of RESIDE-trained models [30] on the CCTV fog and SOTS outdoor
datasets [44].

Method CCTV PSNR CCTV SSIM [43] SOTS Outdoor [30]
PSNR

SOTS Outdoor [30]
SSIM [43]

AOD-Net [12] 20.45 0.87 23.03 0.89

DehazeNet [11] 19.88 0.85 23.37 0.9

FFA-Net [13] 20.49 0.87 26.81 0.94

AECR [14] 21.15 0.89 28.4 0.96

DehazeUNet [22] 21.02 0.89 27.94 0.95

FSNet [15] 21.22 0.89 28.38 0.96

LCVR-Net-F
(Proposed) 21.17 0.89 28.34 0.96

5.3. Qualitative Evaluation on Dust Image Restoration

Representative restoration results are presented in Figure 7. Traditional enhancement
methods generally fail to recover severe visibility degradation and often introduce color
distortion or contrast imbalance. Although deep learning-based methods significantly
improve image quality, residual degradation remains in challenging regions.
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Figure 7. Visual comparison of dust restoration results on CCTV surveillance images: (a) Input;
(b) CLAHE [8]; (c) Gamma [7]; (d) Retinex [8]; (e) White Balance [48]; (f) DCP [6]; (g) AOD-Net [12];
(h) DNDM [28]; (i) DehazeNet [11]; (j) FFA-Net(13); (k) AECR-Net [14]; (l) DEhazeUNet [22];
(m) FSNet [15]; (n) SSDIE [29]; (o) TOENet [27]; (p) Proposed method; (q) Ground truth.

In comparison, LCVR-Net-D produces clearer scene structures, improved color con-
sistency, and enhanced visibility, generating restoration results that are visually closer to
the ground-truth images. These observations are consistent with the quantitative results
reported in Table 2.
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5.4. Qualitative Evaluation on Fog Restoration

Representative visual comparisons are shown in Figure 8. Traditional enhancement
techniques exhibit limited capability under dense fog conditions, while existing deep
learning-based methods improve visibility but often retain residual haze and reduced
contrast. In comparison, LCVR-Net-F restores clearer scene structures, enhances distant
objects, and preserves better contrast and color consistency, producing results that are
visually closer to the reference images. These qualitative observations are consistent with
the quantitative evaluation presented in Table 3.

 

Figure 8. Visual comparison of fog restoration results on CCTV surveillance images: (a) Input;
(b) CLAHE [8]; (c) Guided Filter [10]; (d) Retinex [9]; (e) Histogram Equalization [7]; (f) DCP [6]; (g) AOD-
Net [12]; (h) DNDM [28]; (i) DehazeNet [11]; (j) FFA-Net [13]; (k) AECR-Net [14]; (l) DehazeUNet [22];
(m) FSNet [15]; (n) SSDIE [29]; (o) TOENet [27]; (p) Proposed method; (q) Ground truth.
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5.5. Real-World Surveillance Image Evaluation

To evaluate practical applicability, qualitative experiments were conducted on natu-
rally degraded surveillance images from the DS Dataset [45]. Representative results are
shown in Figure 9. Compared with existing deep learning-based methods, LCVR-Net-F
consistently restores clearer scene structures, improves the visibility of traffic-related objects,
and enhances overall contrast without introducing noticeable artifacts. Although quanti-
tative full-reference evaluation is not possible due to the absence of corresponding clean
ground-truth images, the visual results provide qualitative evidence that the proposed
framework can improve visibility under naturally occurring atmospheric degradation.
These observations should therefore be interpreted as qualitative support for practical
applicability rather than conclusive evidence of robustness or generalization.

Figure 9. Qualitative comparison of real-world fog-degraded surveillance image restoration results:
(a) Input; (b) DehazeNet [11]; (c) FFA-Net [13]; (d) AECR-Net [14]; (e) DNDM [27]; (f) TOENet [27];
(g) SSDIE [29]; (h) Histogram Equalization [7]; (i) CLAHE [8]; (j) Retinex [8]; (k) DCP [6]; (l) AOD-
Net [12]; (m) DehazeUNet [22]; (n) Guided Filter [10]; (o) Proposed method.

The representative examples in Figure 9 further illustrate the task-level effect of
visibility degradation and restoration. Under degraded conditions, vehicle detections
exhibit reduced confidence or are missed entirely, whereas the corresponding restored
images recover several of these detections with increased confidence. Together with the
quantitative results in Table 5, these observations provide evidence that the proposed
restoration framework improves not only image-level quality but also downstream vehicle
detection performance in traffic-surveillance scenes. To evaluate the performance of the
proposed method against state-of-the-art approaches, this study used the Natural Image
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Quality Evaluator (NIQE) [49] and the Underwater Image Quality Measure (UIQM) [50]
to assess real-world images. Specifically, UIQM [50] evaluates image sharpness, contrast,
and colorfulness, whereas NIQE [49] assesses image naturalness based on contrast. A
lower NIQE score indicates better quality, whereas a higher UIQM score reflects superior
performance. Furthermore, to refine the results of the proposed method, a guided filter [10]
was employed. As shown in Table 5, the proposed method achieves superior enhancement
quality for real fog images compared to other methods.

In Table 5, ↓ and ↑ indicate that lower and higher values are better, respectively.

Table 5. Comparison on NIQE [49] and UIQM [50] metrics.

Input AECR-Net
[14]

AOD-Net
[12]

CLAHE
[8]

DCP
[6]

DehazeNet
[11]

DehazeUNet
[22]

FFA-Net
[13]

NIQE ↓ [49] 24.272 20.087 20.215 19.677 19.418 20.057 19.979 19.979

UIQM ↑ [50] 0.681 1.148 1.022 0.953 1.348 1.229 1.22 1.22

FSNet [15] Guided_Filter
[10]

Histogram_
Equalization

[7]

Retinex
[9] TOENet [27] SSDIE

[29]
DNDM

[28]
Proposed
Method

NIQE ↓ [49] 20.087 20.323 19.871 20.188 24.12 23.588 24.911 19.195

UIQM ↑ [50] 1.148 0.379 1.104 0.645 1.178 1.22 0.892 1.495

6. Ablation Study
To quantify the contribution of the proposed modules, ablation experiments were

conducted for both dust and fog restoration tasks.

6.1. Dust Image Restoration

The ablation results in Table 6 demonstrate that incorporating the Color Correction
Head (CCH) improves the PSNR from 29.08 dB to 29.98 dB and the SSIM [43] from 0.9170
to 0.9197, confirming its effectiveness in compensating for dust-induced color distortion
and improving restoration quality. In Tables 6 and 7, O denotes the inclusion of the
corresponding module, whereas X denotes its absence from the evaluated configuration.

Table 6. Ablation study of the color correction head on dust restoration.

Configuration CCH PSNR (dB) SSIM [43]

Baseline X 29.08 0.9170

LCVR-Net-D O 29.98 0.9197

Table 7. Ablation study of DARM and CCH on fog restoration.

Configuration DARM CCH PSNR (dB) SSIM [43]

Baseline X X 26.71 0.9297

Baseline +
DARM O X 27.01 0.9313

LCVR-Net-F O O 31.72 0.9572

6.2. Fog Image Restoration

The results in Table 7 show that introducing the Dual Attention Refinement Module
(DARM) improves the baseline performance from 26.71 dB/0.9297 to 27.01 dB/0.9313
(PSNR/SSIM [43]). Incorporating both DARM and CCH further increases the performance
to 31.72 dB PSNR and 0.9572 SSIM [43], demonstrating the complementary contributions
of the proposed modules to fog restoration.
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7. Downstream Vehicle Detection Evaluation
To investigate whether visibility restoration benefits downstream traffic-surveillance

analysis, an additional vehicle detection experiment was conducted on the CCTV evaluation
set. A fixed pretrained YOLOv8n detector was applied to clean, degraded, and LCVR-
Net-restored images without retraining or fine-tuning. The representative examples in
Figure 10 further illustrate the task-level effect of visibility degradation and restoration.
Under degraded conditions, vehicle detections exhibit reduced confidence or are missed
entirely, whereas the corresponding restored images recover several of these detections
with increased confidence. Although there are some overlapping regions in the image,
there is no scientific issue because it represents the object recognition rate.

Figure 10. Representative vehicle detection results before and after visibility restoration: (a) Dust-
degraded; (b) LCVR-Net-D; (c) Fog-degraded; (d) LCVR-Net-F.

8. Conclusions
This paper presented LCVR-Net, a lightweight visibility restoration framework for

enhancing dust- and fog-degraded CCTV surveillance images in intelligent transportation
systems. The proposed framework employs Residual Depthwise Separable Blocks (RDSBs)
to achieve computationally efficient feature extraction, while a Dual Attention Refinement
Module (DARM) enhances degradation-aware feature representation for fog restoration and
a lightweight Color Correction Head (CCH) compensates for atmospheric color distortion.
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Two task-specific variants, LCVR-Net-D and LCVR-Net-F, were developed to effectively
address the distinct characteristics of dust and fog degradation within a unified architec-
ture. A CCTV-oriented benchmark with synthetically generated atmospheric degradations
was also constructed to facilitate systematic evaluation under realistic traffic surveillance
scenarios. Extensive quantitative, qualitative, computational, and ablation experiments
demonstrate that the proposed framework achieves competitive restoration performance
while maintaining high computational efficiency. LCVR-Net supports inference, making
them suitable for deployment on resource-constrained surveillance systems. Furthermore,
qualitative evaluation on real-world surveillance images confirms the practical applicabil-
ity and generalization capability of the proposed framework under naturally degraded
atmospheric conditions. The principal contributions of this work are the development of a
lightweight surveillance-oriented restoration architecture based on RDSBs, the degradation-
aware DARM for enhanced fog restoration, and the lightweight CCH for atmospheric
color correction. In addition, the constructed CCTV-oriented dust and fog benchmark
enables systematic evaluation under surveillance specific degradation conditions. Together,
these contributions provide a compact framework that jointly addresses restoration qual-
ity, computational efficiency, and practical deployment requirements. Future work will
focus on extending LCVR-Net to handle multiple adverse weather conditions, including
rain, snow, and nighttime low-visibility environments, while improving cross-domain
generalization through training on larger real-world surveillance datasets. In addition,
integrating the proposed restoration framework with downstream traffic analysis tasks,
such as vehicle detection, tracking, and traffic flow estimation, represents a promising
direction for developing more robust and practical intelligent transportation systems.
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