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Real-time processing of large-scale image databases with state-of-the-art
dehazing methods presents a significant computational challenge: methods
that achieve superior generalization typically require substantial inference time,
limiting their deployment in real-time applications. High-performing methods
employ complex multi-scale processing and deep architectures, typically achievin
less than 5 FPS on high-resolution images.

Building on the preliminary multi-scale variational Bayesian framework
[1, 2], which achieves strong synthetic-to-real generalization, this paper
proposes knowledge distillation to transfer the generalization capabilities of
high-performance models to a lightweight Vision Transformer-based student
network. The student leverages patch-based processing and reduced architec-
tural complexity to achieve over 150 x speedup, while maintaining competitive
performance through a theoretically-grounded distillation framework integrated
into the variational Bayesian objective.

Additionally, the atmospheric scattering model is extended to estimate space-
variant atmospheric light, improving performance on varying haze regions.
Trained solely on synthetic Haze4K data, the proposed method stays competitive
on synthetic-to-real generalization and downstream object detection (on the
augmented KITTI dataset) tasks, while achieving superior inference speed for
large-scale real-world applications.
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Introduction. The increasing demand for processing large-scale image data-
bases and videos in applications such as aerial imaging, surveillance, and autonomous
systems has created a need for efficient real-time dehazing methods. Such appli-
cations impose strict requirements: video and streaming workloads need fast infer-
ence and parallelization to maintain throughput, so efficiency must be evaluated on
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high-resolution inputs. The resolution 3840 x 2160 (4K UHD) is the standard for
high-resolution and 4K video in these domains; we therefore use high-resolution and
4K-scale images to assess inference speed and to motivate efficient, parallelization-
friendly architectures. State-of-the-art (SOTA) dehazing methods that achieve superior
generalization (including the preliminary multi-scale variational Bayesian frame-
work [1], CasDyF-Net [3], GridFormer [4], and others) employ complex multi-scale
processing, deep architectures, and extensive feature interactions to achieve robust
generalization. For instance, processing large images at 3840 x 2160 with these
methods typically requires 0.2—10 s per frame (0.1-5 FPS). While this performance
may be acceptable for offline processing, real-time applications often require 30 +
FPS, creating a significant need for more efficient architectures that maintain the
generalization capabilities of high-performance methods.

The computational challenge stems from fundamental architectural
characteristics shared by SOTA methods:

1) multi-scale feature processing that operates at multiple resolutions simulta-
neously;

2) complex network architectures with deep feature hierarchies,

3) extensive feature interactions through attention mechanisms and adaptive
filtering.

Existing approaches addressing efficiency — such as model pruning, quantiza-
tion, or architectural simplifications — typically sacrifice generalization performance
[5,6]. This, along with the absence of large-scale real dehazing datasets, makes
synthetically trained methods impractical for real-world haze removal.

This work addresses the large-scale inference problem through knowledge
distillation, a theoretically-grounded approach that transfers the generalization
capabilities of a high-performance teacher model to a lightweight student network.
The teacher network extends the multi-scale variational Bayesian framework [1]
by adding a Gaussian output layer that enables probabilistic sampling, providing
uncertainty-aware predictions that facilitate better generalization. The key insight
is that the student can benefit from the teacher’s probabilistic outputs, encoded in
the variational posterior, to improve generalization, rather than merely matching
deterministic outputs. This also serves as a dataset augmentation step for the student
network, while directing its predictions around the mean of the Gaussian distribution
(the output of the variational framework). Knowledge distillation is formulated within
the variational Bayesian framework by extending the Evidence Lower Bound (ELBO)
to include a distillation term that minimizes the Kullback-Leibler divergence between
student and teacher variational distributions. Unlike prior Bayesian perspectives on
KD [7, 8], which operate without physical constraints, the proposed framework trans-
fers distributional knowledge from a probabilistic teacher, whose uncertainty arises
from a principled variational treatment of haze physics. The student simultaneously
minimizes the distillation loss and the full physical ELBO, coupling ASM consistency
with probabilistic supervision.
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The atmospheric scattering model (ASM) [9] formulates the observed hazy
image [ as:

[=JOt+AG(1—1), (1

where J is the clean image, ¢ is the transmission map, A is the atmospheric light, and
® is the element-wise multiplication operator. Traditional formulations assume A
to be uniform across the scene, which limits effectiveness in real-world scenarios
with spatial variations, particularly in natural conditions with varying illumination.
This work also extends the ASM to estimate per-pixel atmospheric light A(x), further
improving performance on dense haze regions.

The contributions of this work are:

1. A first-of-its-kind knowledge distillation framework that is integrated into a
physics-grounded variational Bayesian dehazing objective, enabling efficient large-
scale inference, while preserving the generalization capabilities of strong probabilistic
teacher models.

2. The proposed work further extends the ASM to estimate space-variant atmo-
spheric light A(x) on a per-pixel basis, improving performance on dense haze regions
seen in real-world conditions.

3. Comprehensive evaluation is performed, demonstrating competitive synthetic-
to-real generalization on multiple benchmarks while achieving real-time inference
capability, along with significant improvements in downstream object detection,
establishing practical utility for large-scale applications.

The rest of the paper is organized as follows. “Revated Work™ Section reviews
related work. “Variational Bayesian Framework™ Section presents the initial variational
Bayesian framework and its network architecture. “Knowledge Distillation for Large-
Scale Efficiency” Section explains the knowledge distillation for efficient large-scale
inference and space-variant atmospheric light estimation. The proposed method is
evaluated on both synthetic and real-world datasets in “Experiments” Section. Finally,
“Conclusion” Section concludes the paper.

Related Work.

Traditional Prior-Based Methods. Classical dehazing approaches exploit statis-
tical properties commonly observed in natural images to solve the underconstrained
inverse problem of recovering clean images from hazy observations. The dark channel
prior (DCP) [10] observes that outdoor haze-free patches contain near-zero intensities
in at least one color channel, enabling intermediate transmission map estimation.
Alternative formulations include the color attenuation prior [11], which models
saturation-brightness relationships in hazy regions, and the haze-lines method [12],
which exploits color clustering properties. These optimization-based methods offer
interpretability, but require per-image iterative solutions and rely on assumptions that
often fail under dense haze, non-uniform illumination, or sensor noise — conditions
prevalent in real-world large-scale imagery.

Deep Learning-Based Methods. Deep learning has transformed image dehazing
through data-driven feature learning (see [13] for a comprehensive survey). Early
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physics-informed networks estimate ASM parameters: DehazeNet [14] predicts trans-
mission maps, while AOD-Net [15] jointly estimates transmission and atmospheric
light in a unified architecture. Recent end-to-end approaches directly learn I — J
mappings: FFA-Net [16] employs feature fusion attention for non-uniform haze,
ConvlR [17] and FSNet [ 18] leverage multi-scale CNN architectures, DEA-Net [19]
enhances convolution with detail priors and content-guided attention, GridFormer [4]
uses residual dense transformers in a grid structure for multi-weather tasks including
dehazing, and CasDyF-Net [3] uses cascaded dynamic filters for adaptive frequency
processing. While these methods achieve strong synthetic benchmark performance,
the absence of physical constraints often results in degraded synthetic-to-real gen-
eralization — a critical limitation for practical deployment in large-scale real-world
applications.

Knowledge Distillation for Dehazing. Knowledge distillation has emerged as
an effective technique for model compression and acceleration in computer vision
tasks. In dehazing, recent works have explored distillation to reduce computational
costs while maintaining performance. Hong et al. [20] distil image dehazing with
heterogeneous task imitation, where the student learns from a teacher trained on a
related task. KTDN [21] proposes knowledge transfer for non-homogeneous dehazing
through feature imitation from a pre-trained teacher network trained on clear images.
Yet, it focuses on addressing non-homogeneous haze rather than computational
efficiency. SDDN [22] develops lightweight dehazing networks based on soft
knowledge distillation, achieving compact models with only 2.1M parameters. LOS-
DehazeNet [23] introduces omni-scale feature learning for lightweight dehazing with
extremely low parameter counts. Beyond dehazing, Bayesian perspectives on KD have
been studied by BKD [7] and VBGS-KD [8], mainly in classification and sparsification
settings without a physical image-formation model. While existing efficiency-focused
distillation methods achieve fast inference, they do not benefit from distilling knowl-
edge from high-performing probabilistic frameworks, limiting their generalization
capabilities. This work extends knowledge distillation to variational Bayesian dehaz-
ing, enabling efficient processing of large-scale images through a lightweight Vision
Transformer-based student network, while maintaining the generalization capabilities
of the probabilistic teacher model.

Space-Variant Atmospheric Light. Traditional dehazing methods assume
uniform atmospheric light across the scene, which limits their effectiveness in real-
world scenarios with varying illumination conditions. Recent works have explored
space-variant formulations to address this limitation. Multi-stage approaches [24,25]
improve the atmospheric light estimation and decompose the dehazing process into
stages that handle dehazing iteratively. However, these methods often require complex
optimization procedures for each frame and may not integrate seamlessly with end-to-
end deep learning frameworks. The proposed approach extends the ASM to estimate
per-pixel atmospheric light A(x) within a unified variational Bayesian framework,
enabling spatial adaptation while maintaining physical consistency with the scattering
model.
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Efficiency for Large-Scale Processing. The computational challenge of
processing large-scale images has received limited attention in dehazing literature.
Most existing methods are evaluated on popular resolutions widely used in the
literature for ease of processing (e.g., 640 x 480, 512 x 512, or 1024 x 768), where
computational cost is manageable. However, for aerial imaging, surveillance, and
autonomous driving applications, processing large images (3840 x 2160 or larger)
requires 16x more pixels than standard-resolution images, significantly increasing
computational demands. Recent state-of-the-art works in ground image and aerial
dehazing [1, 3, 26] have addressed domain-specific challenges, but often lack the
efficiency required for real-time deployment. Model compression techniques such as
pruning and quantization typically sacrifice generalization performance. Knowledge
distillation offers a principled alternative by transferring knowledge from a powerful
teacher to an efficient student. Vision Transformers have shown promise for large-scale
image processing due to their patch-based architecture, which processes fixed-size
patches regardless of input resolution, and their unified design that avoids multi-scale
processing overhead. Recent efficient ViT architectures, such as EfficientViT [27],
address memory inefficiency through sandwich layouts and cascaded group attention,
achieving 40.4% higher GPU throughput and 45.2% higher CPU throughput compared
to MobileNetV3-Large [28], with up to 5.8 x speedup over MobileViT [29] variants
on V100 GPUs. The proposed work is the first to combine knowledge distillation
with variational Bayesian frameworks for dehazing, enabling efficient large-scale
processing, while preserving the teacher’s generalization capabilities.

Probabilistic and Variational Approaches. Probabilistic methods model haze
parameters as distributions rather than point estimates, enabling more robust gen-
eralization. UDN [30] decomposes uncertainty into aleatoric (data) and epistemic
(model) components for adaptive feature refinement. The approach in [31] extends
uncertainty modeling to spatially-varying transmission maps for non-homogeneous
haze. Variational Bayesian frameworks [32] derive principled objectives from the
ASM, accounting for transmission and radiance variability. Prior work [1] estab-
lished a multi-scale variational formulation with input-conditioned convolutions
achieving state-of-the-art synthetic-to-real generalization. This paper extends that
framework through knowledge distillation, enabling an efficient student to benefit from
the teacher’s probabilistic outputs, and space-variant atmospheric light estimation,
enabling real-time large-scale processing, while preserving generalization capabilities.

Variational Bayesian Framework. This work builds upon the multi-scale
variational Bayesian framework [ ], which formulates the dehazing problem within a
Bayesian context using the ASM. The joint probability distribution is defined as:

p(],l,t,A) :p(J)p(Z)p(A>p(I‘J,l‘,A), (2)

where J is the haze-free image, ¢ is the transmission map, A is the atmospheric light,
and  is the observed hazy image. Improper flat priors p(¢) o< const and p(A) «< const
are used for ¢ and A, while the prior on the haze-free image p(J) combines three
multi-scale components:
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p(J) o< exp{—2A,L4(J) — MLy (J) = ArLp(J)} 3)

2
where £,(J) = Z |6 — Jé(,f) ||* is a multi-scale quadratic term for noise awareness,
s=0

2 2
L(J) = Z ) —Jg(f)h enforces spatial consistency, and L (J) = Z 1F () —
s=0 s=0

F (Jégf)) || preserves frequency-domain fidelity with J () denoting the image
downsampled by 2° and F(-) the Fast Fourier Transform.
The likelihood term ensures consistency with the ASM:

p(I|,t,A) =NIJ @t +A® (1—1),A;'T), (4)

where A, is the precision parameter and I is the identity matrix.

The posterior p(J,t,A|l) is approximated using variational inference with
deterministic (Dirac delta) variational distributions q% (J|I) = &(J — J¥(I)),
q%(¢|1) = 8(t — % (1)), and q% (A|T) = 5 (A — A% (1)), where J%(I), % (I), and A% (I)
are the outputs of three networks JNet, TNet, and ANet, respectively. Note that while
the base framework [1] employs deterministic variational distributions, the teacher
network for knowledge distillation extends JNet with a Gaussian output layer to
enable probabilistic sampling, as detailed in “Knowledge Distillation for Large-Scale
Efficiency” Section.

Maximizing the Evidence Lower Bound (ELBO) yields the training objective:

min Y [£0(° () + 2L (D) + ML (D) + A Lr O (D), (5)
I€]
where £;1,(19(1)) = Ay ||I—1°(1)||> /2 enforces ASM consistency with 1% (1) =J% (1) ®
1% (1) +A%(I)® (1 — 1% (1)), and Ay, Ay, Ay, Ar are hyperparameters. For a detailed
explanation of the variational modeling and inference (see [1]).

Network Architecture. The base variational framework employs three network
modules: JNet estimates the haze-free image J, TNet estimates the transmission
map ¢, and ANet estimates the atmospheric light A. JNet is based on CasDyF-Net
[3], enhanced with a Dynamic Filter Network (DFN) [33] for adaptive refinement,
TNet follows the GCANet architecture [34] for transmission map estimation, and
ANet initially applies global average pooling followed by a linear layer for uniform
atmospheric light estimation. The proposed approach extends ANet to estimate space-
variant atmospheric light A(x) on a per-pixel basis through a lightweight four-layer
convolutional module that outputs a spatial map (see “Space-Variant Atmospheric
Light Estimation” Section). During training, all three networks are optimized jointly
using (5). At inference, only JNet is required for efficient dehazing.

Knowledge Distillation for Large-Scale Efficiency. This section describes
the two components of the distilled system: the teacher model, the high-capacity
variational framework that serves as the source of knowledge, and the student model,
an efficient network trained via distillation to approximate the teacher. The teacher
is introduced first; the student network, which is the main contribution for efficient
deployment, is then trained on top of the frozen teacher. The computational
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requirements for processing large-scale images with high-performance dehazing
methods are substantial. For high-resolution images, such as of size 3840 x 2160 or
larger, state-of-the-art methods typically require 4,000-33,000 GFLOPs and 9-62 GB
memory, resulting in 0.1-1 FPS on modern GPUs. The computational cost comes
from:

1) multi-scale processing that operates at multiple resolutions simultaneously;
2) deep network architectures with extensive feature hierarchies;
3) complex feature interactions through attention and adaptive filtering.

To enable real-time processing while maintaining generalization capabilities,
knowledge distillation is employed to transfer the generalization capabilities of
high-accuracy models to a lightweight student network.

Teacher Network. The teacher is constructed in two steps. First, the full
multi-scale variational Bayesian framework [1] (JNet based on CasDyF-Net with
DFN, TNet based on GCANet, and ANet) is trained jointly using the objective
in (5), achieving strong synthetic-to-real generalization. The trained framework is
then frozen, and a Gaussian output layer is added to JNet that enables probabilistic
sampling. The Gaussian output layer transforms JNet’s deterministic predictions into a
probabilistic distribution, where the network output serves as the mean and samples are
drawn from a Gaussian with empirically selected variance. This enables the teacher’s
variational posterior qefT (J|I) to encode uncertainty-aware predictions that facilitate
robust synthetic-to-real generalization. While the teacher requires 4,890 GFLOPs and
achieves 0.5 FPS on large images, comparable to other high-performance methods, its
superior generalization makes it a suitable candidate for knowledge distillation.

Student Network The student employs a lightweight Vision Transformer (ViT)
architecture based on EfficientViT [27], designed for memory-efficient large-scale
processing. The key efficiency advantages stem from:

1) a sandwich layout that uses a single memory-bound multi-head self-attention
(MHSA) layer between efficient feed-forward network (FFN) layers, reducing memory
access overhead from frequent tensor reshaping and element-wise operations;

2) cascaded group attention (CGA) that feeds each attention head with different
feature splits, reducing computational redundancy, while improving attention diversity;

3) a three-stage sequential architecture with overlapping patch embedding that
efficiently processes images at multiple scales;

4) optimized parameter allocation that expands critical components (e.g.,
value projections), while reducing redundant dimensions.

The architecture consists of:
1) an overlapping patch embedding layer that embeds input patches into tokens;

2) three stages of EfficientViT blocks with sandwich layout and CGA,
progressively reducing spatial resolution, while increasing channel dimensions;

3) a lightweight decoder that reconstructs the dehazed image.
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This design achieves significant efficiency gains: the student requires only
54 GFLOPs (99% reduction) and 1.7 GB memory (92% reduction) compared to the
teacher, enabling real-time large-scale processing at 76 FPS — over 150 speedup that
reflects EfficientViT’s demonstrated efficiency advantages.

Distillation Framework. The key insight enabling the student to maintain
competitive performance despite 99% computational reduction is that standard knowl-
edge distillation transfers only point estimates, whereas the proposed probabilistic
distillation transfers distributional knowledge that captures the teacher’s learned
uncertainty structure. Knowledge distillation is formulated within the variational
Bayesian framework by extending the ELBO. The student’s variational posterior
q% (J|I) should approximate the teacher’s q% (J|I), enforced through a KL divergence
term:

Cro(1) =KL (0% (11 [ 4% (/1)) ©)

Since the teacher employs a Gaussian distribution and the student uses a
deterministic (Dirac delta) distribution, this KL divergence can be approximated
following standard variational inference principles by matching the student’s output to
both samples drawn from the teacher’s Gaussian distribution and ground truth images,
with an additional regularization term that encourages parameter efficiency:

Lxp(1) =Ause 0% (1) = 7% (DI
A7 % (1) — T > + A R(65).
where J% (I) ~ N(J9 (I), 6%) denotes a sample drawn from the teacher’s Gaussian
distribution (with mean J6/ () being the deterministic output of the teacher’s JNet
and variance 62 = 0.05), R(GJS ) is a regularization term encouraging parameter effi-
ciency to avoid overfitting, and Aysg, Agr, and ).,eg are balancing hyperparameters.

The theoretical objective for the student network, formulated within the variational
Bayesian framework, is:

minY" [£00 (1% (1)) + Ay L4 (1% (1) + 20£,(7% 1)
0y 1€7 (8)
+ A Lr(T¥ (D) + AkpLxp(D)|,

where Axp controls the distillation strength. In practice, only the student parameters
GJS are optimized; the teacher parameters 6] remain frozen throughout student training.
The ELBO terms (L7, L4, £;, LF) are computed using the student’s outputs J o (1),
while the distillation loss Lxp uses samples J o] (I) drawn from the frozen teacher’s
Gaussian distribution.

Probabilistic Distillation for Efficient Knowledge Transfer. Four comple-
mentary mechanisms explain how the student maintains 98% of teacher PSNR on
Haze4k despite 99% computational reduction:

1) Implicit data augmentation: sampling from the teacher’s Gaussian distri-
bution generates diverse training targets around the teacher’s prediction, effectively
multiplying the training set and exposing the student to variations that improve robust-
ness to domain shift — critical for synthetic-to-real generalization.

(7
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2) Soft label smoothing: unlike hard ground truth labels, the probabilistic targets
provide smoother supervision that prevents overconfident predictions, enabling better
generalization from the compact student architecture.

3) Physical consistency preservation: crucially, the student is not trained
solely on distillation loss, but also on the full ELBO objective including £;; (ASM
consistency), £, £;, and L (multi-scale priors). This ensures the student learns
physically-grounded representations rather than merely mimicking teacher outputs,
preserving the teacher’s generalization capabilities even with drastically reduced
capacity.

4) Efficient architecture design: EfficientViT’s architectural innovations are
specifically designed to maximize representational capacity per FLOP. The sandwich
layout eliminates memory-bound bottlenecks by reducing redundant tensor reshaping
operations in self-attention, while cascaded group attention (CGA) addresses atten-
tion head redundancy — a critical inefficiency, where standard multi-head attention
computes highly similar attention maps across heads. By feeding each head with
different feature splits and cascading outputs, CGA increases effective network depth
without additional parameters, enabling the compact student to learn diverse, comple-
mentary feature representations. Combined with optimized parameter allocation that
expands critical components (value projections), while shrinking redundant ones (Q/K
dimensions, FFN expansion), the architecture achieves high representational efficiency
that complements the rich supervision from probabilistic distillation. The ablation
study validates this design: removing probabilistic sampling degrades O-Haze perfor-
mance from 18.83 dB to 18.6 dB, confirming that distributional knowledge transfer is
essential for maintaining generalization under extreme compression.

Space-Variant Atmospheric Light Estimation. The ASM is enhanced to estimate
per-pixel atmospheric light A(x) instead of a uniform A, better addressing spatial
variations in real-world scenarios. The ASM becomes

I(x) =J(x) ©t(x)+A(x) © (1 —¢t(x)).

ANet is enhanced by replacing global average pooling with a lightweight spatial
feature extraction module that directly processes the input hazy image / to produce a
per-pixel atmospheric light map A(x). The module consists of four layers: a dilated
convolutional layer with ReLLU activation, a standard convolutional layer with ReLU
activation, a batch normalization layer with ReLLU activation, and a final convolutional
layer with sigmoid activation that outputs a three-channel smooth RGB map with the
same spatial dimensions as the input. This simple architecture enables the network to
capture local atmospheric light variations, while maintaining computational efficiency.
The reconstruction term in (5) is updated to use A% (x) instead of the scalar A% . This
formulation improves performance on varying haze regions, particularly on NH-Haze.

Experiments. A comprehensive set of experiments was conducted to evaluate
the proposed knowledge distillation framework with emphasis on large-scale inference
efficiency. The following describes the experimental setup and the configurations
used; the reported numbers were obtained under this setup. Experiments assess:

1) synthetic-to-real generalization;
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2) knowledge transfer effectiveness from teacher to student;

3) computational performance on large images (measured on O-Haze and
I-Haze, with resolutions exceeding 4K);

4) component contributions via ablation.

Datasets. Training leverages the Haze4K dataset [35] (3,000 training / 1,000
validation pairs), with generalization evaluated on three real-world benchmarks:
O-Haze [36] (outdoor scenes, 2833 x 4657 pixels), I-Haze [37] (indoor scenes,
2833 x 4657 pixels), and NH-Haze [38] (non-homogeneous haze, 1600 x 1200 pixels).
These datasets provide a wide variety of scenes and conditions for evaluating both
generalization capability and computational efficiency on large-scale images. The
NH-Haze dataset presents spatially varying haze densities, also making it well-suited
to evaluate the proposed space-variant atmospheric light estimation.

Training Protocol. A two-stage knowledge distillation training strategy is
employed, implemented in PyTorch on a single NVIDIA A100 GPU.

Stage I (Teacher). The full multi-scale variational Bayesian framework (JNet,
TNet, ANet) is trained jointly for 1000 epochs using Adam (betas 0.9, 0.999) with
cosine annealing from 4- 10~ to 1- 107, batch size 8, and loss weights Ay =0.02,
Ay =X =1, Ay =0.1. Data augmentation includes random horizontal flips and
256 x 256 crops. The trained framework is then frozen, and a Gaussian output layer is
added to JNet with variance parameter empirically selected as 0.05.

Stage 2 (Student). The EfficientViT-based student is trained for 1500 epochs
using the frozen teacher’s probabilistic outputs, with distillation weight Axp = 1,
distillation loss weights Aysg = 1 and Agr = 0.2, and regularization A,,, = 0.01.
Other hyperparameters for training the student network are the same as those of
the variational framework. The student learns from both ground truth supervision
and teacher predictions sampled from the Gaussian posterior, effectively combining
standard training with uncertainty-aware distillation.

Quantitative Comparison. Evaluation uses PSNR (peak signal-to-noise
ratio) and SSIM (structural similarity index), standard full-reference metrics for image
quality in restoration, comparing against high-performance methods (Base [ 1], CasDyF-
Net [3], ConvIR [17], FSNet [ 18], GridFormer [4], DEA-Net [19], FFA-Net [16]). In
all quantitative comparison tables except the efficiency comparison, all methods use
author-provided weights trained on Haze4K to ensure fair comparison and avoid a
reproduction bias. Tab. 1 presents results across all benchmarks. The teacher network
degrades performance on the synthetic Haze4k dataset, compared to the Base net-
work [1]. However, it enhances the results on real-world outdoor datasets (O-Haze and
NH-Haze), where the space-variant atmospheric light estimation becomes decisive.
The student network achieves competitive synthetic performance, while demonstrat-
ing strong generalization to real-world datasets. Notably, the student achieves the
best performance on NH-Haze (12.35 dB), consistent with space-variant atmospheric
light estimation being effective for non-homogeneous haze. The key distinction is
that the proposed method maintains this generalization while operating at 76 FPS —
over 150x faster than comparable high-performance methods. Efficiency-focused
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knowledge distillation approaches (SDDN [22], LOS-DehazeNet [23]) are included in
the computational efficiency analysis (Tab. 2), but excluded from the quantitative and
qualitative comparisons that focus on the synthetic-to-real generalization due to the
unavailability of Haze4K-trained weights, which would compromise the fairness of
the evaluation.

Table I

Comparison of the proposed and state-of-the-art methods trained on synthetic and
real-world datasets. Teacher and Student denote the source model and the distilled

(efficient) model, respectively. Each cell reports PSNR / SSIM.

The highest value is in bold; the second-highest value is underscored

Method Haze4k O-Haze I-Haze NH-Haze
(synthetic) (real) (real) (real)
Teacher 34.93/0.991 18.93/0.818 16.74/0.773 | 12.29/0.582
Student 34.39/0.989 18.83/0.822 16.67/0.785 | 12.35/0.588
Base [1] 35.28/0.991 18.91/0.815 | 16.80/0.779 | 12.26/0.576
CasDyF-Net 35.71/0.992 17.79/0.744 15.44/70.706 | 11.43/0.531
ConvIR 34.50/0.990 17.73/0.810 16.89/0.791 | 11.75/0.565
DEA-Net 34.26 /0.989 17.72 /1 0.694 16.37/0.743 | 11.73/0.540
FSNet 34.12/0.990 18.45/0.806 15.88/0.755 | 12.02/0.556
GridFormer 33.27/0.986 18.51/0.684 15.36/0.720 | 11.79/0.518
FFA-Net 26.96 /0.950 17.06 / 0.763 14.48/0.687 | 11.66/0.514

Knowledge Transfer Effectiveness. The distillation results merit detailed
analysis: the student retains 98% of teacher PSNR on Haze4k, while achieving
over 150x throughput improvement. Compared to existing SOTA methods and
efficiency-focused KD dehazing methods — SDDN (112 GFLOPs, 41 FPS) and LOS-
DehazeNet (72 GFLOPs, 63 FPS) — the proposed approach achieves competitive
accuracy while operating at a higher speed (54 GFLOPs, 76 FPS). This advantage
stems from the combination of probabilistic distillation and physics-informed training:
while conventional KD methods transfer only deterministic mappings, the proposed
framework transfers distributional knowledge through Gaussian sampling, while
simultaneously enforcing ASM consistency and multi-scale priors on the student.
This dual supervision — probabilistic teacher guidance combined with physical con-
straints — enables the compact student to learn robust, generalizable representations
rather than overfitting to teacher outputs, explaining the strong synthetic-to-real trans-
fer despite extreme compression.

Qualitative Analysis. Figure presents visual comparisons on real-world im-
ages from O-Haze and I-Haze, alongside synthetic Haze4K samples. All methods have
been trained exclusively on the synthetic Haze4K dataset, making this comparison a
direct evaluation of synthetic-to-real generalization capability. Several failure modes
emerge among competing methods: FFA-Net and DEA-Net introduce color artifacts;
FSNet over-enhances contrast, causing clipping in highlights and shadows; CasDyF-
Net struggles with dense haze regions, leaving residual haze or producing minimal
improvement (rows 2, 5). ConvIR and GridFormer perform adequately on moderate
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haze but underperform in challenging dense-haze scenarios. The teacher network
produces outputs with sharper edge preservation and more visually coherent recon-
structions. The distilled student network approaches the performance of the teacher
network and preserves fine structural details while effectively separating atmospheric
light from scene content — a capability inherited from the teacher’s probabilistic frame-
work. Despite the 99% reduction in computational cost, the student maintains visual
quality comparable to the teacher, demonstrating successful knowledge transfer for
real-world dehazing.

FFA-Net DEA-Net FSNet GridFormer ConvIR CasD‘F Net Base[l]

Teacher

Student GT

Qualitative comparison of dehazing results on real-world images from O-Haze and I-Haze
datasets and Hazedk synthetic dataset. All competing methods have been trained on the
synthetic Haze4k dataset. The IN and GT columns correspond to the observed and
ground-truth images, respectively.

Efficiency Analysis for Large-Scale Inference. The primary motivation for
this work is enabling real-time processing of large-scale images. Efficiency is evalu-
ated by measuring inference speed and computational cost on high-resolution images.
Tab. 2 reports these metrics on images from the O-Haze and I-Haze benchmarks, which
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have native resolutions up to 2833 x 4657 pixels — larger than 4K UHD (3840 x 2160)
— thus stressing inference under large-scale conditions. The table compares FPS
(frames per second), FLOPs (floating point operations), memory usage, and parameter
counts across methods. The key finding is that the student network achieves over
150x speedup (76 FPS vs. 0.5 FPS) compared to the full teacher model, reducing
computational cost from 4,890 GFLOPs to 54 GFLOPs (99% reduction) and memory
from 20.84 GB to 1.7 GB (92% reduction). This enables real-time processing: at 76
FPS, the student can process high-resolution video streams in real-time, exceeding the
requirements for real-time applications (30+ FPS). Note that during inference, only
JNet is utilized. Thus, the teacher and the base model [ 1] have the same measures, and
only the teacher model is presented. The student also outperforms all other methods
in terms of speed while maintaining accuracy that approaches the teacher’s within an
efficient architecture.

Table 2

Efficiency comparison on O-Haze and I-Haze images (resolutions up to 2833 x4657).
FPS measured on NVIDIA A100. Methods marked with T are KD/efficiency-focused

Method FPS FLOPs, G Mem., GB Param., M
Teacher 0.5 4,890 20.84 6.25
CasDyF-Net 0.55 4,730 20.33 6.05
ConvIR 0.5 15,900 13.28 14.83
DEA-Net 0.8 4,077 9.47 3.65
GridFormer 0.1 31,730 61.9 30.2
FSNet 0.6 13,500 29.8 13.28
FFA-Net 0.12 33,400 18.3 4.46
Student 76 54 1.7 2.3
SDDNf 41 112 24 0.56
Los* 63 72 1.3 0.11

Downstream Task Evaluation. To demonstrate the practical utility of the
dehazing method, its impact on object detection is evaluated using the KITTI Object
Detection Benchmark [39]. A random sample of 200 images from the testing set is
used, with synthetic haze generation following to create hazy conditions that simulate
real-world atmospheric degradation. To dehaze the generated hazy images, all methods
have been employed with their weights, trained on the synthetic Haze4k dataset. The
pre-trained YOLOvS8n [40] object detection model is used for inference without
fine-tuning, comparing detection performance on hazy input images versus dehazed
outputs from different methods. This evaluation protocol directly assesses whether
dehazing improves detection accuracy in degraded conditions, which is critical for
autonomous driving and surveillance applications, where haze can significantly impair
object detection.

Tab. 3 reports the average number of detections per image (Avg Det), the
percentage improvement over hazy input (Improv. vs IN), and the total number of
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detections across all 200 images. The results reveal that several methods (FSNet,
CasDyF-Net) actually degrade detection performance compared to hazy input, likely
due to artifacts or over-enhancement that confuse the detection model. In contrast,
both the teacher (413.9% improvement, 5.58 avg detections) and student (+12.4%
improvement, 5.51 avg detections) achieve the highest detection improvements among
all dehazing approaches, with the teacher ranking first and the student ranking sec-
ond. Notably, the teacher network outperforms the base model [1] in this task, by
better adjusting to real-world scenarios thanks to the space-variant atmospheric light.
The student maintains 89% of the teacher’s detection improvement while operating at
76 FPS, demonstrating that the efficiency gains do not compromise practical utility.
The performance gap to clean ground truth images (5.79 avg detections, +18.2%)
indicates room for further improvement, but the substantial gains over hazy input
suggest practical value of the proposed approach for real-world applications where
haze degradation is prevalent.

Table 3
Object detection performance comparison on KITTI dataset
Method Avg Det Improv. vs IN (%) Total Det
IN (Hazy) 4.90 0.0 980
FSNet 3.86 —21.3 771
CasDyF-Net 4.77 2.7 954
ConvIR 4.92 0.3 983
FFA-Net 5.40 10.1 1079
GridFormer 5.42 10.6 1084
DEA-Net 5.44 10.9 1087
Base [1] 5.49 12.0 1098
Teacher 5.58 13.9 1116
Student 5.51 124 1101
GT (Clean) 5.79 18.2 1158

Ablation Study. To assess the impact of individual components in the proposed
dehazing framework, an ablation study with multiple configurations is performed.
The following variants are trained:

1) the full student model with all components (KD + space-variant A + Gaussian
output layer);

2) the teacher network (full variational framework without knowledge
distillation);

3) the student trained with teacher without Gaussian output layer
(St. w/o Prob.);

4) the student model with constant atmospheric light (space-invariant A).

These setups are evaluated on all four datasets, with PSNR/SSIM reported in
Tab. 4.

Tab. 4 quantifies each component’s contribution to the full system. The teacher
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and the base networks achieve overall higher accuracy, but at 0.5 FPS, they are
unsuitable for real-time large-scale processing. Knowledge distillation allows the
student to capture much of the teacher’s capability with minimal degradation (within
0.1-0.6 dB on synthetic/real datasets), while achieving over 150 x speedup to 76 FPS.
The Gaussian output layer in the teacher proves beneficial: training the student without
probabilistic sampling results in lower performance (e.g., 18.6 dB vs. 18.83 dB on
O-Haze), consistent with the probabilistic outputs improving student generalization.
The space-variant atmospheric light estimation proves important for non-homogeneous
conditions: using constant A degrades NH-Haze performance (12.35 — 12.07 PSNR),
consistent with per-pixel A(x) estimation benefiting spatially-varying haze scenar-
ios. Furthermore, by direct comparison with the base network, the teacher model
generalizes better in outdoor real-world scenarios (O-Haze and NH-Haze), where
the natural atmospheric light is space-variant. These results suggest that KD comes
close to preserving the teacher’s generalization, while enabling practical large-scale
deployment.

Table 4

Ablation study results on Haze4K, O-Haze, I-Haze, and NH-Haze datasets.
Each cell reports PSNR / SSIM

Setup Haze4K O-Haze I-Haze NH-Haze
Teacher 34.93/0.991 | 18.93/0.818 | 16.74/0.773 12.29/0.582
Student 34.39/0.989 | 18.83/0.822 16.67/0.785 12.35/0.588
St. w/o Prob. 34.78 /1 0.990 18.6/0.810 16.2/0.775 12.1/0.570
Constant A 34.85/0.991 18.4/0.808 16.3/0.782 12.07 /0.561
Base [1] 35.28/0.991 | 18.91/0.815 16.80/0.779 12.26/0.576

Conclusion. This paper addresses the computational challenge of real-time
large-scale image dehazing by proposing a knowledge distillation framework inte-
grated into the variational Bayesian objective. High-performance dehazing methods
achieve superior generalization but require substantial computational resources,
limiting their deployment in real-time applications. The proposed approach allows a
lightweight Vision Transformer-based student network to benefit from the generaliza-
tion capabilities of a high-performance teacher model through probabilistic distillation,
where the student learns to approximate the teacher’s variational posterior within the
ELBO framework. The teacher employs Gaussian sampling to enable uncertainty-
aware predictions, allowing the student to benefit from distributional knowledge
rather than merely point estimates. Additionally, the atmospheric scattering model is
extended to estimate space-variant atmospheric light on a per-pixel basis, improving
performance on dense haze regions with varying illumination conditions.

Experimental evaluation demonstrates that the student network achieves
significant speedup, while maintaining competitive synthetic-to-real generalization
performance and improving downstream object detection tasks. The method
establishes practical utility for large-scale applications, including aerial imaging,
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surveillance, and video processing. Future work will explore further optimization for
edge devices and extensions to handle extreme atmospheric conditions, such as clouds
and heavy precipitation, in real-world environments.
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U. Jd. AULUBTL

QbhSELPLLE D FNCUUUAR JUCPUShNAL AUSEUSUL SrUuLUY
UtoUWoWJUL MUSUELLEND UMSAFLUMES UUATuNFIUQE rOU WL STUUr

Utodwdwdwy wyuybpbtiph yjwibtiph pwquitph hpwlwb dwudwbwlyh
Wwlnuip wowewntid Wynpwhtnwgiwb (dehazing) dhpnnibpny thpuyjuginud
Lt twub hwydupyuyhtt dwpgpuwhpuytipbbp: Utpnnbtpp, npnbp wywhnynd
b ghipuqubg pinhwbpugnd, npytiu Juinh ywhwiond th qquih dudwbwy
bqnujugnipyui (inference) thnynud, hsp vwhdwbuwtwymd £ tpuig Yhpwenip
hpuyut dudwbwnd wyhuunpnn hwybjusttipnid: Awupdp wpnymbwyipnipjudp
dtipnnitinp ogqupugnpdnd Gb puipn puqiuiwjupnuy yyuymd b fjunpp Swupypupu-
wbnieynbbbp unynpupwp hwuliiing 5 $NU-hg gudp gnigubhoh pupap npuyh
wuipipiiph wpngtiuhigh hwdwp:

Shdtgting twpbwub puqiudwupnulyy Juphughnt Awjtiuyub dmplg-
dwb Ypw [1,2], npp wywhnymy £ hgnp uhbiptphyhg-hpuiwi pinhwipugmy,
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wju wohuwgpubpp wpwewpymy E ghybihpbtiph pnpnud (knowledge distillation)’
pupdpn wpynbwgtypnipyudp  dnnbjbtph pnhwtpugdwbt  Jupnnnipinibbbpp
thnpuwbghim phpl Vision Transformer-h ypw hpdtjwd nwuwbnn gubght:
Muwbnn guwbgp oqupugnpdnd £ pin wn piny dwinud b mbh tuqtigud
Swnpupuybipuiui pupnnipynit hwubdbing wybh pwbd 150 wbqud wpuqug-
dwl thwdwdwbwly yuwhwwibng dpgmbwly wpnymbwytpmpimb phuwjuinpbi
hhdwynpywd pnpdwl dmpbigdwl dheongny, npp hbptignwd £ Juphwghn
Puytiyyul opjtijiphyh ubo:

Pugh wyn, dpbninpypuhtt gpnidh dnnbip (Wpdnuthtiphg Uguwiuptinhtig
Unnti)) plguytty ' gbwhupbine pupuwdwui-thnhnuwut dpinnpypught
[nyup, hbsp pupbjuynd £ dwowpininh htinwgnuip pupptin donipwyht ppnipjudp
pupudpltipmd:  Mumguiwd (hbtny puguwnwwtu uhiptiphy HazedK
nuibtiph Ypw, wewownplynn dhpnnp dpgnibwly b dbnud uhbpbyhihg-hpuyub
pinhwipugdwi b opjtilppitph hwypbwpbpdwd wpwewnpuipbtpmy  (KITTI
pYjupbtiph pwquyh hhdwd Ypw), dhwdwiwbwly wwywhnybing ghpuquig
tgpujugnipjut  wpuwgmpeymb  hpwuwd  whiwphh  dGdwdowyuw  dwliwib
huytwdttinh hwdwp:

C. B. BABAAH

BAPUAIIMOHHASI BAIECOBCKASI CTPYKTYPA
C IUCTUIAIEN 3HAHUN JI]1d 9POEKTUBHOTO YCTPAHEHN S
JABIMKIT HA N3OBPAKEHNAX BOJIBIIOI'O MACIHITABA

O6paboTka 6a3 JaHHLIX KPYIHOMACIITAOHBIX N300ParKeHUil B peaibHOM
BPEMEHH C WCIOJIb30BAHUEM COBPEMEHHBIX METOJIOB yasjenust aeiMku (dehaz-
ing) upejcraBiaser CcoGON  CYIIECTBEHHYIO BBIUUCJIUTENbHYIO POOJIEMY:
MEeTO/IbI, 00eCIIeInBaIONIe IPEBOCXOIHOe 0000IIeHne, KaK IPABUIO, TPEOYIOT
3HAYUTEJ]HLHOrO BpeMeHHn Ha drare uHdepenca (inference), uro orpanndnBaer
UX TPUMEHEHHUE B IPUIOXKEHUAX PEAJbHOrO0 BpeMeHU. MeToabl ¢ BBICOKOM
IIPOU3BOIUTEILHOCTHIO UCIIOIB3YIOT CJIOXKHYI0 MHOIOYPOBHEBYIO 0OPabOTKY 1
rIybOKMe apXUTEeKTYphl, 00bI9HO jocturasi menee b FPS Ha m3obparkeHusix
BBICOKOTO KaJIEeCTBA.

OcHOBBIBasICh Ha IPEIBAPUTEIHHOM MHOIOYPOBHEBOM BapHUaIlOHHOM
HaitecockoM dpeiimBopke |1, 2|, Koropslil obecrieunBaer cuiibHOE 0600IIEHNE
OT CHHTETHYECKUX JAHHBIX K peajbHBbIM, JaHHas paboTa mpejjaraer JTUCTHII-
asnuto  3uanuit  (knowledge distillation) st nepemaun  06o6IIAIOIIIX
CITIOCOOHOCTEN BBHICOKOIIPOU3BOUTEIBHBIX MOJIE/IeH Ha OOJIETIeHHYIO CTY/IeHIe-
ckyio ceTb Ha ocHoBe Vision Transformer. CrymeHdeckasi ceTb HCIIOJIb3YET
06paboTKy 1Mo OJloKaM u 00/1aaeT CHUKEHHON apXUTEKTYPHOU CJIO2KHOCTBIO,
gocrurasi 6osiee dem 150-KpaTHOro yCKOpEHUs, OJHOBPEMEHHO COXPAHSIS
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KOHKYPEHTOCIIOCOOHYIO — ITPOU3BOJUTEILHOCT — OJlaro/iapss  TeOPeTUYeCKH
obocHOBAHHOMY (PPEMBOPKY JUCTULIAINHN, MHTEIPUPOBAHHOMY B BAPHUAIMOH-
HyI0 0aifleCOBCKYIO IEJIEBYIO PYHKITHUIO.

Kpowme Toro, mojiens armocdepHOro paccestuusi ObLIa PACIIMPEHa JIJIsT
OIIEHKM IIPOCTPAHCTBEHHO-BapruabebHOil  aTMOCcepHOil OJCBETKH, UTO
YIIYUIIaeT yJIAJeHHE IHIMKU B PErHOHAX C PA3JIMYHON IUIOTHOCTBIO TYMaHA.
OOyJeHHas1 UCKJIIOUYATEIHLHO Ha CUHTeTHIecKuX jJaHHbix HazedK, mpejoxen-
Hast METOJIMKA OCTAETCs KOHKYPEHTOCIOCOOHOW B 3ajadax o00DIIeHust OT
CUHTETHYECKHUX JIAHHBIX K DeasIbHbIM U OOHApyzKeHHsi 0O0bEeKTOB (Ha OCHOBE
naracera KITTI), oxnoBpemenHo obecriednBasi IMPEBOCXOHYIO CKOPOCTH
uHdepeHca Jig KPyIMHOMACIITaAOHBIX PUIOXKEHUN PEabHOTO MUPA.



