<< GUU hLDNPUUShLUBP BY UJdSNUUSUSU UL MMNPLBU LGN P
hLUShSNKS

Unbthwt 4. Pwpwjwt

uvfUdUrUr SEUULELPNRE3UL NMU3UULLEMNRU
a6MNL PEMYUD MUSUENMLEMP UTULWU UL UV ULUNrG

5.13.05 - «Uwpbtdwwnhlwlwu dnnbjwynpnid, pwihtu dbennubp
U dpwagptiph hwdwhpubtip» dJwutwghwnipjwdp
wnbuuhlwywu ghunnieiniutbph pYuwdnth
ghunwlwu wunhbwuh hwdwp

usuuahr

Gpuwu 2026

NATIONAL POLYTECHNIC UNIVERSITY OF ARMENIA

Stepan V. Babayan

A SYSTEM FOR PROCESSING IMAGES OBTAINED
IN CONDITIONS OF INSUFFICIENT VISIBILITY

E.13.05 — “Mathematical Modeling, Numerical Methods,
and Software Complexes”
Dissertation submitted for the degree of

Candidate of Sciences in Technical Sciences

SYNOPSIS

Yerevan 2026



Uwnbuwfununigjwtu  ptdwtu  hwunwwyt] £ <wjwunwuh  wqgqwiht - wynihnbuuhlwywu
hwdwuwpwuntd:

Ghunwlwi nEwyduwp’

n.g.., nngbuwn M. &. <wynpjwu

Muw)ynnuwYwu punnhdwfunuubp’

[TBD]

[TBD]

Unwowwnwp Juqiwybpynpynu'
[TBD]

Uwnbuwfununipjwt wwonwwunipyniup wnbnh Ynwbuw [TBD]e. [wuhu] [op]-hu dwdp [TBD]-htu'
Cwjwuinwuh wqgqwihtu wynihnbuuthjwywu hwdwuwpwup dwutwghunwgywd funphpnh [TBD]
Upuwninud, hinlyw| hwugbing' Gplwu, [TBDJ:

Uwbuwfununipjwup Ywnbh £ dwunpwuw| [TBD] gpwnwpwuntd:
Utindwghpt wnwpyws £ [TBD]e. [wdhu] [op]-hu:

Uwutuwghwnwlwu funphpnh ghnwlwu pwpuniqup' U. 6. wpnipjniuywu

The topic of the dissertation was approved at the National Polytechnic University of Armenia.

Scientific Supervisor:

Ph.D. in Technical Sciences, Associate Professor R. G. Hakobyan

Official Opponents:
[TBD]
[TBD]

Leading Organization: /7BD]

The dissertation defense will take place on /TBD/, at [TBD], at the Specialized Council /TBD] of the
National Polytechnic University of Armenia. Address: /TBD], Yerevan.

The Dissertation is available at the library of /TBD].
The synopsis is delivered on [TBD].

Scientific Secretary of the Specialized Council: M. E. Harutyunyan



Relevance of the Research

Autonomous vehicles navigating urban and highway environments depend on object detectors that
fail to recognize pedestrians and other vehicles under dense haze or in dimly lit conditions: proper
dehazing can restore a 12% improvement in downstream detection performance, while methods that
fail to generalize to real-world haze distributions introduce artifacts that actively degrade detection
by over 20% relative to leaving the original hazy image unprocessed (Table 2). Surveillance cameras
deployed at payment terminals, transit stations, and public infrastructure produce unusable nighttime
footage in which face detection without enhancement misses more than 80% of individuals that be-
come recoverable after appropriate low-light processing. Drone and unmanned aerial vehicle (UAV)
platforms conducting photogrammetric surveys and aerial mapping encounter haze-induced color cor-
ruption that invalidates 3D reconstruction, spectral classification, and change-detection pipelines,
forcing costly mission rescheduling. These are not aesthetic deficiencies: they are safety-critical,
operationally costly failures that directly motivate the development of principled visibility restoration
systems.

Automated analysis of visual data captured under adverse conditions is one of the central chal-
lenges in modern computer vision. Two degradation families account for the vast majority of real-
world visibility failures: atmospheric haze and low-light illumination. Haze, fog, and smoke arise
from the scattering of light by suspended particles, attenuating scene radiance and drastically reduc-
ing image contrast. Low-light conditions introduce severe underexposure, noise, color distortion, and,
in nighttime scenes, additional complications from artificial light sources whose glow saturates nearby
regions while leaving the rest of the scene in near-total darkness. Figure 1 illustrates the spectrum of

atmospheric degradation; Figure 2 illustrates the components of the nighttime formation model.

Clear Fog Haze Mist

Figure 1: Atmospheric scattering degradation. From left to right: (a) clear scene; (b) haze; (c) mist;
(d) fog. Contrast and color are progressively attenuated as the proportion of scattered airlight increases.

Classical prior-based methods, such as the Dark Channel Prior, the color attenuation prior, and
haze-line clustering, encode hand-crafted statistical regularities that break down under dense or spa-
tially non-uniform real-world haze. Supervised deep learning replaced them with learned mappings,
achieving high benchmark scores, but these models depend entirely on the training distribution. Since
real paired training data is practically impossible to collect at scale, networks are trained on syntheti-
cally generated degradations that are substantially simpler and more uniform than what they encounter
in deployment. This mismatch is apparent in downstream performance: methods that rank highest on
the synthetic Haze4K benchmark, namely WDMamba and CasDyF-Net, achieve only +5.6% and



Figure 2: Visual decomposition of a nighttime low-light image: (a) input with artificial light source
glow; (b) isolated glow component G(x); (c) background after glow removal; (d) estimated illumina-
tion L(z); (e) denoised reflectance R(z); (f) final enhanced output.

comparable object detection gains on KITTI (Table 2), demonstrating that synthetic benchmark rank
does not predict real-world utility. Neither method family incorporates explicit modeling of artificial
light source glow, and their computational demands of 4,000-33,000 GFLOPs correspond to through-
puts of 0.1-5 FPS, making real-time 4K deployment unattainable.

Two structural problems motivate this dissertation. The synthetic-to-real generalization gap
arises because training data is almost exclusively synthetic: deep learning models overfit to the specific
statistics of synthetic degradation and fail on real-world images. Leading low-light enhancement
Transformers collapse from 25 dB on synthetic test sets to below 11 dB on real camera captures.
The root cause is not architectural: no purely data-driven model can generalize beyond the statistical
distribution it was trained on, and synthetic data cannot faithfully represent the full diversity of real-
world atmospheric and illumination conditions.

The quality-speed gap is the second structural problem. The methods that come closest to bridg-
ing the generalization gap require 4,000-33,000 GFLOPs per image at throughputs of only 0.1-5 FPS
on current hardware, placing real-time operation at 4K resolution entirely out of reach.

The present dissertation addresses both gaps through a unified strategy built on a common prin-
ciple: physically-grounded probabilistic modeling. The physical formation laws governing haze and
low-light are well established (the Atmospheric Scattering Model for haze and Retinex theory for low-
light), and embedding them directly into the learning framework provides inductive biases that remain
valid across all real-world conditions, not only those represented in the training distribution. Both
teacher networks, described in Chapter 4, achieve state-of-the-art real-world generalization trained
exclusively on synthetic data (Haze4K for dehazing; LOLv2-Synthetic for low-light enhancement),

and knowledge distillation transfers this to compact EfficientViT students enabling real-time inference



at 4K resolution. The result is the first system to simultaneously achieve high real-world quality and

real-time throughput across both degradation families.

Purpose and Objectives

The purpose of this research is to develop, evaluate, and deploy a coherent system of algorithms for
restoring visibility in images degraded by atmospheric haze or low-light conditions, addressing both
the quality dimension (accuracy and real-world generalization) and the efficiency dimension (real-time
inference at high resolution).

The following four specific objectives guide this work:

1. Variational Bayesian dehazing for synthetic-to-real generalization. Formulate single-image
dehazing as a Bayesian inverse problem over the ASM, derive a multi-scale prior on the haze-
free image that promotes synthetic-to-real generalization, and validate on real-world bench-

marks without real-world paired training data.

2. Iterative Retinex-based low-light image enhancement. Design a physically motivated multi-
stage architecture based on the formation model /(x) = G(z) + R(z) L(z) that explicitly de-
composes artificial glow, performs Retinex illumination and reflectance separation, and applies

guided denoising.

3. Knowledge-distilled real-time dehazing. Extend the variational Bayesian framework with a
Gaussian output layer and space-variant atmospheric light estimation, and distil its capabilities
into a lightweight EfficientViT student that processes 4K images in real time while preserving

the teacher s synthetic-to-real generalization.

4. Knowledge-distilled real-time low-light enhancement. Derive a spatially-varying per-pixel
uncertainty from the Retinex illumination ratio and use it to construct an uncertainty-weighted

distillation loss that trains a compact student matching teacher quality at real-time throughput.

Scientific Contributions

1. A multi-scale variational Bayesian framework for single-image dehazing is proposed, embed-
ding the ASM as a physical likelihood in a joint generative model. A novel three-component
prior on the haze-free image is derived from distributional assumptions, combining a spatial ¢,
term preserving structural edges, a frequency-domain FFT term correcting spectral distortion,
and a multi-scale quadratic term suppressing diffuse noise residuals. The physical ASM likeli-
hood provides inductive bias that remains valid across real-world haze distributions, achieving
superior synthetic-to-real generalization without any real-world paired training data, closing
the generalization gap at the modeling level rather than through data augmentation or domain

adaptation, where data-driven methods trained on synthetic distributions routinely fail.



2. RSD-Net introduces the first supervised glow decomposition module in the low-light en-
hancement literature, trained on synthetically generated glow labels, that explicitly separates
artificial light source glow from the scene background prior to Retinex decomposition. All prior
approaches absorb glow into the illumination estimate, causing artifacts that propagate through
the enhancement pipeline; the proposed iterative Retinex architecture, physically motivated by
I(z) = G(x)+ R(x) L(x), with dedicated stages for glow removal, illumination and reflectance
separation, and guided denoising, yields demonstrably better results on nighttime scenes than

all existing unsupervised decomposition approaches.

3. A novel physics-grounded knowledge distillation framework for dehazing is proposed, the
first to integrate KL divergence between student and teacher variational posteriors directly into
the ELBO objective. It extends the ASM to space-variant per-pixel atmospheric light estimation
to handle non-homogeneous real-world haze, and uses Gaussian teacher sampling as implicit
data augmentation during student training, departing fundamentally from prior KD methods that

transfer only deterministic point estimates.

4. This work introduces the first physically-grounded, spatially-varying distillation loss for
low-light image enhancement, derived analytically from the Retinex illumination ratio #(z) =
L(x)/ Lenn (). Every prior knowledge distillation approach for low-light enhancement weights
all spatial locations equally, despite dark pixels near zero admitting many plausible enhanced
values while bright pixels have tightly constrained outputs; the per-pixel predictive variance
6% (z) produced by this physically-grounded formulation drives a 1/62(z)-weighted distillation
loss that concentrates the student’s gradient on reliably recoverable bright pixels and attenu-
ates it in ambiguous dark regions. This mechanism has no precedent in the LLIE knowledge

distillation literature.

Practical Significance

The methods of this dissertation are designed for settings where visibility degradation directly compro-
mises operational safety or mission success, and where conditions cannot be controlled or rescheduled.

In autonomous driving, haze and low-light are among the primary causes of perception failure:
object detectors miss pedestrians and vehicles when image quality degrades, and the consequences are
safety-critical. A dehazing system that generalizes to real-world atmospheric conditions and runs at
4K resolution in real time can be integrated directly into the vehicle perception stack without additional
hardware or offline post-processing.

In surveillance, nighttime CCTV footage at payment terminals, transit stations, and public infras-
tructure is often unusable for face detection without enhancement. The low-light framework restores
the operational capability of the downstream detection system under the exact conditions it is deployed
for, turning previously unusable nighttime footage into actionable data.

In aerial survey and photogrammetry, drone platforms cannot always reschedule missions to avoid

haze: the dehazing framework enables 3D reconstruction and spectral analysis to proceed on imagery
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that would otherwise be discarded, directly reducing mission-rescheduling costs for operators.
Across all three domains, real-time throughput is not an optimization target; it is a deployment

requirement. The knowledge-distilled student networks developed in Chapter 4 are what make the

framework operationally viable, translating the quality of the teacher models into systems that run on

live video streams.

Real-World Applications
OCUTECH LLC has integrated the Chapter 4 dehazing student into AutoWaypoints, a drone mapping

and photogrammetry automation platform, enabling their enterprise clients to conduct aerial surveys
in hazy conditions.

Ayatech has deployed the Chapter 4 knowledge-distilled low-light enhancement student within the
security surveillance pipeline of their payment terminal network. The student processes live nighttime
CCTYV footage to enable face detection where unenhanced imagery yields zero or near-zero detections.

Parsl.ai, a startup co-founded by Stepan Babayan, has reached a verbal agreement with UP42, a
geospatial data platform for Earth Observation, to integrate the dehazing pipeline; this agreement has

not been formalized in a signed contract at the time of writing.

Structure of the Dissertation

The dissertation comprises four chapters preceded by an introduction and followed by a conclusion.
Chapter 1 reviews the state of the art in image dehazing and low-light enhancement, introduces the
Atmospheric Scattering Model and Retinex theory, and formally states the four research gaps. Chap-
ter 2 presents the multi-scale variational Bayesian dehazing framework. Chapter 3 presents RSD-
Net, the iterative Retinex decomposition framework for nighttime low-light enhancement. Chapter 4
develops the unified uncertainty-weighted knowledge distillation framework that bridges both teacher

networks to compact real-time EfficientViT students.

Variational Bayesian Framework for Image Dehazing

Framework Overview

Single-image dehazing is formulated as a Bayesian inverse problem over the Atmospheric Scattering
Model (ASM):
I=Jot+A6G (-1, (1)

where [ is the observed hazy image, .J is the latent haze-free image, ¢ is the transmission map, and A is
the atmospheric light. To handle the ill-posedness principally, a joint probability distribution is placed
over all variables: p(J,t, A, 1) = p(J) p(t) p(A) p(I | J,t, A). The likelihood is Gaussian with noise
precision )\, ; flat priors are assigned to ¢ and A.

The informative prior on the haze-free image is the central design element:

p(J) o exp{—NLy(J) = NLi(J) = ApLp(J)}, 2



where L£; (spatial ¢,, from a Laplacian prior) preserves structural edges; Lz (FFT-domain ¢;) cor-
rects spectral distortion introduced by haze; and £, (multi-scale quadratic) suppresses diffuse low-
amplitude noise residuals that the /; term under-penalizes. All three terms are applied at three spatial
scales, enforcing multi-scale consistency that prevents overfitting to the uniform statistics of syn-
thetic haze. Variational inference with Dirac delta posteriors yields a tractable Evidence Lower Bound
(ELBO) training objective.

Three dedicated subnetworks implement the inference: JNet (CasDyF-Net backbone with a Dy-
namic Filter Network refinement stage) estimates the clean image; TNet (GCANet) estimates the
transmission map; ANet (global average pooling) estimates the atmospheric light. All three are trained

jointly so that ASM consistency couples their parameters. Figure 3 shows the complete architecture.

TRAINING INFERENCE

(1) = 3% (D) O t(I) + A (D) © (1 - t%(T)) —

JNet

i Hazy Image JNet ehazed Imae
: : Encoder

Encoder

JNet
Decoder

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

‘Ground Truth Reconstructed

[ ¥ =

Dehazed Imae

Figure 3: Architecture of the variational Bayesian dehazing framework. JNet estimates the clean
image J; TNet estimates the transmission map t; ANet estimates the atmospheric light A. Joint opti-
mization enforces ASM consistency. At inference, only JNet is used.

Experimental Results

All models are trained on the synthetic Haze4K dataset and evaluated on both synthetic and real-world
benchmarks without any fine-tuning. Table 1 reports PSNR/SSIM on four datasets. The proposed
method ranks third on the synthetic Haze4K test set, behind WDMamba and CasDyF-Net; this reflects
an intentional trade-off: the multi-scale prior regularization sacrifices a small amount of in-distribution
performance in exchange for physics-grounded constraints that prevent overfitting to synthetic ren-
dering statistics. Those same top-Haze4K methods rank among the lowest on real-world benchmarks,
and WDMamba achieves only +5.6% object detection improvement on KITTI versus the proposed

method’s +12.0%, confirming the overfitting hypothesis. The proposed method achieves first rank



on O-Haze and NH-Haze and second rank on I-Haze, demonstrating the strongest synthetic-to-real
generalization among all compared methods. Table 2 reports downstream object detection on KITTTI:
the proposed method achieves the highest improvement (412.0%) among all dehazing methods, while
methods optimized for synthetic benchmarks (FSNet, CasDyF-Net) actively degrade detection perfor-

mance. Figure 4 shows representative qualitative comparisons.

Table 1: PSNR/SSIM on synthetic (Haze4K) and real-world benchmarks. All methods trained on
Haze4K. Bold: best; underlined: second.

Method HazedK O-Haze I-Haze NH-Haze
(synthetic) (real) (real) (real)

WDMamba 35.88/0.990 17.76/0.738 16.78/0.733 11.41/0.524
CasDyF-Net 35.71/0.992 17.79/0.744 15.44/0.706 11.43/0.531
MB-TaylorFormer 34.93/0.989 18.26/0.666 16.24/0.709 11.82/0.509
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
Ours 35.28/0.991 18.91/0.815 16.80/0.779 12.26/0.576

Table 2: Object detection on KITTI (200 synthetically hazed images, YOLOv8n).

Method Avg Det Improv. vs Hazy (%) Total Det
Hazy Input 4.90 0.0 980
FSNet 3.86 -21.3 771
CasDyF-Net 4.77 2.7 954
WDMamba 5.16 +5.6 1035
FFA-Net 5.40 +10.1 1079
GridFormer 542 +10.6 1084
DEA-Net 5.44 +10.9 1087
MB-TaylorFormer  5.44 +11.1 1089
Ours 5.49 +12.0 1098
Ground Truth 5.79 +18.2 1158

Iterative Retinex-Based Low-Light Visibility Restoration
Framework Overview

Nighttime low-light images require handling three simultaneous degradations: severe underexposure,
spatially non-uniform sensor noise, and artificial light source glow. The image formation model is
extended with an explicit glow term:

I(z) = G(z) + R(x) L(z), R(z) = R'(r) + N(z), 3)
where G(z) is the glow, L(x) is the illumination, R'(z) is the clean reflectance, and N (x) is noise.

The target enhanced image is J(x) = R'(x) Lenn ().



Figure 4: Qualitative dehazing comparison on I-Haze (rows 1-2), O-Haze (rows 3—4), and Haze4K
(row 5). IN: hazy input; GT: ground truth.

RSD-Net (Retinex Supervised Decomposition Network) processes the input through four sequen-
tial stages (Figure 5): (1) a supervised DeGlow module (RCAN without long skip connections, trained
on synthetically generated glow labels) separates the glow layer from the background; (2) a first
Retinex decomposition (modified U-Net for illumination + RCAN for reflectance) decomposes the
glow-removed image into illumination and reflectance; (3) a joint enhancement network applies
Detail Reconstruction Module (DRM) processing and an attention-guided illumination enhancer, with
a parallel attention-generation module that maps the illumination difference to a per-pixel denoising
weight; (4) a second Retinex decomposition iteratively corrects residual illumination inconsistencies

from the first stage, contributing the largest single-stage quality improvement.

Experimental Results

RSD-Net is trained on the LOL dataset (LOLv1, 485 real paired captures) and evaluated on un-
paired real-world benchmarks without any fine-tuning. Table 3 reports no-reference perceptual quality
(NIQE, BRISQUE) on three unpaired real-world datasets. RSD-Net achieves the best NIQE on all
three and the best BRISQUE on two, confirming that the iterative decomposition produces outputs
conforming to natural image statistics across diverse real-world conditions. Performance on the Real
Nighttime Haze dataset, which combines glow, haze, heavy noise, and underexposure simultaneously,
is particularly strong (NIQE 3.44), a consequence of the dedicated glow decomposition and the itera-
tive two-stage design. Figure 6 shows qualitative comparisons on this most challenging benchmark.
Face detection on the DARK FACE benchmark confirms practical utility: RSD-Net reveals the
most faces across all three evaluated images (8, 9, and 4 detections vs. 0, 3, and 0 for unenhanced

input), outperforming all compared methods. Figure 7 illustrates the detection results visually.
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Figure 5: RSD-Net overall architecture: (a) glow decomposition block; (b) first Retinex decomposi-
tion; (¢) second Retinex decomposition; (d) joint image enhancement and denoising.

Table 3: No-reference comparison (Avg/ Std) on three real-world benchmarks. NIQE and BRISQUE:
lower is better. Bold: best.

TM-DIED DICM Nighttime Haze
Method NIQE| BRISQUE| NIQE| BRISQUE| NIQE| BRISQUE,]

KinD++ 4.38 18.42 3.81 26.07 3.51 22.07
MIRNet 4.26 20.88 3.80 21.01 4.52 18.15
night-enh. 4.32 17.80 5.23 28.24 5.05 31.13
IAT 4.61 17.53 4.42 29.03 4.33 19.97
Bread 4.35 19.20 4.23 27.58 4.58 24.62

RSD-Net  4.21 15.46 3.48 15.62 3.44 16.99

Efficient Large-Scale Processing via Knowledge Distillation

Paradigm: Uncertainty-Weighted Knowledge Distillation

Chapters 2 and 3 establish high-quality teacher frameworks, but both are computationally prohibitive
for real-time deployment: the dehazing teacher requires 4,890 GFLOPs at 4K resolution (0.5 FPS)
and the LLIE teacher runs at approximately 1 FPS. Figure 8 illustrates the quality-speed trade-off
that motivates this chapter: no existing method simultaneously achieves high real-world quality and
real-time throughput.

The key insight is that probabilistic teachers provide richer supervision than deterministic ones.
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Figure 6: Visual comparison on the Real Nighttime Haze dataset. RSD-Net simultaneously handles
glow, haze, and noise, where competing methods amplify or fail to remove these artifacts.

A d i
Low-Light MIRNet KinD++ Retinex-2021 RSD-Net

Figure 7: Face detection results on DARK FACE. RSD-Net is the only method that recovers faces
in all three evaluated images simultaneously, achieving 8, 9, and 4 detections vs. 0, 3, and 0 for the
unenhanced input.
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Quality-Speed Trade-off: real-world PSNR vs. throughput
(upper-right corner is ideal: high quality AND real-time speed)
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Figure 8: Quality—speed trade-off across dehazing (left) and low-light enhancement (right). Real-
world PSNR on O-Haze and LOLvI respectively. Heavy SOTA models (MambaLLIE, Retinex-
former) score below lightweight baselines on real-world benchmarks while also being slow. The
proposed Teacher—Student approach (star/diamond) is the only configuration achieving both high real-
world quality and real-time throughput.

By attaching a Gaussian output layer to each teacher and sampling from the resulting distribution,
the student receives diverse training targets (implicit data augmentation) and a physically grounded
uncertainty map. The 1/6%(x)-weighted distillation loss concentrates student gradients on reliably
recoverable pixels and attenuates them where the teacher is uncertain, constituting a novel physically-
grounded distillation mechanism. In both cases the student adopts an EfficientViT backbone, de-

signed for memory-efficient processing at arbitrary resolution without architectural modification.

Dehazing: Space-Variant Teacher and Compact Student

The dehazing teacher is extended with per-pixel atmospheric light estimation (replacing global average
pooling with a 4-layer dilated convolutional ANet) and a constant-variance Gaussian output layer
(02 = 0.05). The resulting 54-GFLOP EfficientViT student achieves 76 FPS at 4K resolution, over
150x faster than the teacher.

LLIE: Illumination-Ratio Uncertainty and Compact Student

For low-light enhancement the per-pixel predictive variance is derived analytically from the Retinex

illumination ratio:

~>

() )

7;(1]) = 2 ’ o (.7)) = O-Elin + (Urznax - Urzrlin)(l - tA(‘r))7 (4)
max(Lenn (), €)
with calibrated values o2, = 0.002, 02, = 0.06. Dark pixels (f(x) ~ 0) receive high variance; bright

pixels receive low variance. The resulting 28.59-GFLOP EfficientViT-MO student achieves 479 FPS
at 512 x 512, over 90x the throughput of Retinexformer.
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Experimental Results

Table 4 compares PSNR, SSIM, and NIQE on paired benchmarks. The most notable result is the cross-
domain behaviour: MambalL LIE and Retinexformer collapse from ~25 dB on LOLv2-Synthetic to
below 11 dB on the real-world LOLv1 benchmark (a 15 dB drop), while the Teacher suffers only a
2 dB drop (23.12 — 21.05 dB). The Student retains this cross-domain stability (20.58 dB on LOLv1)
despite a 420 x throughput advantage over the Teacher.

Table 4: PSNR/SSIM/NIQE on LOLv1 and LOLv2-Synthetic (all methods trained on LOLv2-
Synthetic). Bold: best; underlined: second.

Method LOLv1 LOLv2-Synthetic
Zero-DCE++  14.66/0.47/7.80 17.58/0.81/4.42
IAT 17.79/0.69/6.37 23.50/0.82/3.97
LLFlow 20.31/0.84/5.43 23.42/0.93/4.33

MambalLLIE 10.77/0.47/5.86 25.87/0.94/4.09
Retinexformer 10.89/0.46/6.31 25.67/0.93/4.01

Teacher 21.05/0.84/4.58 23.12/0.89/3.85
Student 20.58/0.82/4.57 22.47/0.86/3.87

Table 5 quantifies the efficiency advantage. The Student (479 FPS) is ~ 90 faster than Retinex-
former and > 1800 x faster than diffusion-based methods, with only 28.59 GFLOPs and 2.30M pa-

rameters.

Table 5: Efficiency comparison at 512 x 512 on NVIDIA A100.

Method FPST Params (M) Mem (GB)] GFLOPs|
SCI++ 568 0.0003 0.0029 0.13
Zero-DCE++ 272 0.011 0.0029 0.05
MambalLLIE 6 4.39 0.018 62.38
Retinexformer 5 1.61 0.009 136.15
Diff-Retinex  0.07 58.91 0.317 79491
Teacher 1 15.87 0.064 2776
Student 479 2.30 0.006 28.59

Downstream Task Evaluations

Face detection on DARK FACE. Table 6 reports face detection results on 300 randomly sampled
DARK FACE images using YOLOvI2n-face, with all methods trained on LOLv2-Synthetic. The
Teacher achieves the highest face count (+170.7% over unenhanced input). The Student ranks third
(+164.4%), trailing the Teacher by only 2.3%, directly validating that the uncertainty-weighted dis-
tillation preserves downstream practical utility at 479 FPS. Figure 9 shows qualitative LLIE compar-

isons.
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Table 6: Face detection on DARK FACE (300 images, YOLOv12n-face). Bold: best; underlined:
second.

Method Avg Det Improv. vs Dark (%) Total Det
Dark Input 0.80 0.0 239
KinD-++ 1.39 +74.5 417
IAT 1.50 +87.9 449
SNR-Aware 1.73 +116.7 518
GSAD 1.79 +124.3 536
SCI++ 1.87 +135.1 562
LLFlow 1.93 +142.7 580
Retinexformer  1.99 +150.2 598
MambaL LIE 2.08 +161.5 625
Diff-Retinex 2.09 +162.0 626
Zero-DCE++ 2.12 +166.1 636
Teacher 2.16 +170.7 647
Student 2.11 +164.4 632

LLFlow _ Retinexformer MambaLLIE Diff-Retinex _ Student
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Figure 9: Qualitative LLIE comparison on DICM (rows 1-2) and TM-DIED (rows 3—4). Teacher and
Student produce consistently brightened outputs with natural colour across the full tonal range.

Object detection on KITTI. Table 7 reports object detection results after dehazing on 200 KITTI
images. The Teacher achieves the highest improvement (+13.9%); the Student maintains 89% of
the Teacher’s detection gain (412.4%) at 76 FPS, making it the only method simultaneously achiev-
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ing top-tier detection improvement and real-time throughput. Figure 10 shows qualitative dehazing

comparisons for the KD framework.

Table 7: Object detection on KITTTI after dehazing (200 images, YOLOvS8n). Bold: best; underlined:
second.

Method Avg Det Improv. vs Hazy (%) Total Det
Hazy Input 4.90 0.0 980
FFA-Net 5.40 +10.1 1079
GridFormer 542 +10.6 1084
DEA-Net 5.44 +10.9 1087
Base (Ch. 2) 5.49 +12.0 1098
Student 5.51 +12.4 1101
Teacher 5.58 +13.9 1116
Ground Truth  5.79 +18.2 1158

FFA-Net DEA-Net  FSNet GridFormer ConvIR CasDIF Net Base [1] Teacher Student

Figure 10: Qualitative dehazing comparison on O-Haze, I-Haze, and Haze4K for the KD framework.
Teacher and Student closely match in visual quality while achieving over 150 x speedup.
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Main Contributions of the Work

. A multi-scale variational Bayesian framework for single-image dehazing that embeds the Atmo-
spheric Scattering Model as a physical likelihood and regularizes the solution through spatial,
frequency-domain, and multi-scale priors specifically designed to close the synthetic-to-real
generalization gap, achieving state-of-the-art real-world performance without any real-world

paired training data.

. RSD-Net, an iterative Retinex decomposition architecture for nighttime low-light enhancement,
incorporating the first supervised glow decomposition module in the literature that explicitly

separates artificial light source glow prior to Retinex processing.

. A physics-grounded knowledge distillation framework for dehazing that integrates KL diver-
gence between student and teacher posteriors into the ELBO, extending to space-variant atmo-
spheric light estimation and producing a compact EfficientViT student running at 76 FPS at 4K

resolution.

. An uncertainty-weighted knowledge distillation loss for low-light enhancement derived ana-
lytically from the Retinex illumination ratio, producing a compact student running at 479 FPS

while preserving the teacher’s real-world generalization.
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JakaoueHue

Crenan B. baoasau

Cucrema 00padoTKu N300paskeHMid, MOJYYEHHBIX B YCJIOBUAX HEOCTATOYHON BUIMMOCTH

PaGora mnocesimeHa pa3pa0oTke CHCTEMbl aJIrOPUTMOB BOCCTAaHOBJIEHUS BUAMMOCTH Ha
n300paKeHUSAX, JIerpajiipOBaHHbIX aTMOC(HEpPHO MABIMKOM MM HEIOCTATOYHBIM OCBEIICHUEM.
[IpenioskeHHbIE METOIbI OPUEHTUPOBAHBI HA 3a1a4y, T YXYALIEHNE BUIUMOCTH HETIOCPEICTBEHHO
BJIMSIET Ha 0€30MaCHOCTH WU ONlepallMOHHYI0 3()()EKTUBHOCTh: HABUT AU aBTOHOMHBIX TPAHCTIOPTHBIX
CPE/CTB, HOUHOE BUJICOHAOMIOEHUE B CUCTEMaxX 0€301acHOCTH, a3podoTochEMKA U (hoTorpaMmeTpus
BIUUIA. HccrnenoBaHue HampaBlIieHO Ha OJHOBPEMEHHOE pELIeHHE IByX KIIOYEBBIX MpolieM:
0000I1IeHNe C CHHTETUYECKHUX JaHHBIX HA pealibHbIE YCIOBHS U JOCTH)KEHUE MPOU3BOAUTEILHOCTH

PE€AaJTBbHOI0 BPEMCHHU.

AKTYaJIbHOCTb. ATMOC(epHasi TbIMKa M HEIOCTATOYHOE HOYHOE OCBEIICHUE SIBIISIOTCS TJIABHBIMU
IPUYUHAMH OTKa3a CUCTEM TEXHHUYECKOTO 3PEHHUsS B YCIOBUSX peajbHON dKcIuryaranuu. CUCTeMbl
oOHapyXeHusi 00bEKTOB B aBTOHOMHBIX TPAHCHOPTHBIX CPEACTBAX HE PACIO3HAIOT IMEIIEXOI0B
M aBTOMOOWIN B YCIIOBUAX IUIOTHOU ABIMKH WJIM IIpHU ciraboM OCBCIICHUH, HOYHBLIC KaMEPhbI
BUJICOHAOIIONEHHST (POPMHUPYIOT HETPUTOAHBIC HM300paKCHUs, TPU KOTOPBIX paCIO3HABaHHE
JIMII HEBO3MOXKHO; OECIWJIOTHBIC JIeTaTeJbHBIC ammaparbl TEPSIOT BO3MOXKHOCTh IPOBEICHUS
(oTorpaMMEeTpUUECKUX MHCCUI HM3-3a IIBETOBBIX MCKA)KEHHH, BBI3BAaHHBIX JBIMKOH. COBpEeMEHHBIE
METOAbI I‘J'IY60KOFO 06yqu1/I$[, O6y‘~IeHHI)Ie Ha CHMHTCTHUYCCKUX NAaHHBIX, UCIIBITBIBAIOT 3HAYUTCIBHOC
naJIcHHe KadyecTBa NMPH pa3BEPTHIBAHUM B peasibHBIX ycioBHsX (cHmkeHue PSNR Oonee yem Ha
15 dB Ha peanbHbIX HaOOpax JaHHBIX): 3TO OOYCIOBICHO (yHIaMEHTAIbHBIM HECOOTBETCTBUEM
MEXJY CHHTETUYECKHMMHU YCIOBHAMHU OOY4YEHHS U pPeaJbHBIM MHOT0ooOpasueM arMoc(epHbIX U
CBETOBBIX SIBJICHUN. MeTOJIbI, OJIMKE BCETO MOXOSIINE K MPEOOICHHIO JAHHOTO Pa3phiBa, TPEOYOT
4000--33000 GFLOPs nHa ogHo m3o6paxenue npu ckopoctu 0.1--5 FPS, uro nemaer o6paboTky B
peanbHOM BpeMeHH mpu paspemieHnn 4K HeocymecTBumMoi. Hu ofjHa U3 CyHIeCTBYOIIUX MOJAEIeH
HE yIOBIETBOPSET OJHOBPEMEHHO TPEOOBAHUSM K O0OOIICHHUIO HAa pealibHbIC TaHHBIC U K CKOPOCTH

00paboTKH.

Hay4yHnasi HoBU3HA.

1. TlpemnokeHa MHOTOMAacIITaOHAsT BapHAIIMOHHAS 0alieCOBCKAsi OCHOBA ISl YCTPAHEHUS JIBIMKA
Ha OJTHOM M300pakKeHUH, BCTPAUBAOIIAs MOJIETh aTMOC(HEPHOTO pacCcesiHUs KaK (PU3NIECKyIo
(GYHKIMIO TPaBIONOAOOHS U TPEXKOMIOHEHTHBIA anpuOPHBINA 3aKOH ({1 POCTPAHCTBEHHBIH,
FFT yacToTHBIH, KBaIpaTHIHBI MHOTOMACIITA0HBIH ), 0OecrieunBast 00001eHHe HA peajibHbIe

JAaHHbIEC 0e3 pP€aJLHBIX MAPHBIX oﬁyqaloumx MMpUMEPOB.

2. Pa3pabotaHna uTepaTUBHAsi apxuTekrypa naekomnosuimu Retinex (RSD-Net) ¢ mepBbiM
B JIUTEpaType KOHTPOJIUPYEMBIM MoayJeM YycrpaHenusi cBedyenuss (DeGlow), sBHO
OTAENAIMUM apTedakThl HCKYCCTBEHHBIX HWCTOYHHMKOB CBETa JI0 Pa3jOKEHUsS MO MOJEIH

Retinex.
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3. Pa3paborana ocHOBa JTUCTWJUIALIMK 3HAHUH ¢ (pM3MUECKH 000CHOBAHHBIM BEPOSITHOCTHBIM
yuuMTeJeM Il YCTpaHCHHsS IbIMKH, WHTErpupyromas pacxoxacHue Kymnbeka--Jleitbnepa
MEXJy alloCTepUOPHBIMU paclpeie]ICHUSIMHA yUeHUKa U yuauTes B 1eneByto pynkuuto ELBO,
a TaKk)Ke MPOCTPAHCTBEHHO-HEOTHOPOJAHYIO OLEHKY aTMOC(HEPHOTO OCBEIIEHUS ISl paOOThI

B HCOAHOPOAHBIX YCIOBUAX.

4. Tlpennoxena uoBas 1/6%(r) B3BemeHHast QYHKUHSI NMOTePb IUCTWULINMA 3HAHUM [T
yAy4IIeHHs U300paskeHUH IpH c1a00M OCBEILEHUH, aHATUTUYECKU BbIBEJCHHAS U3 OTHOLICHHUS
ocBem@nnocTell Retinex £(z) = L(x)/Len(%). JJaHHBIA MEXaHH3M HE HMEET aHAIIOTOB B
AuTepaTtype Mo AUCTHIULALMM 3HAHMN I 3ajad ydydlleHHs HM300pakeHHH npu ciaabom

OCBCIICHHNU.

IIpakTHyeckasi 3HAYMMOCTb. MeETONIbl JUCCEPTALMU BHEAPEHbl B KOMMEPYECKHE CHUCTEMBI:
MOJy/b yCTpaHEeHHsI ABIMKM HHTETPUPOBaH B Iuiardopmy alspodororpammerpun AutoWaypoints
(OCUTECH LLC); Momynu ymydmieHUus n3oOpaxeHuid mpu ciaabom ocsemenuu (I[maBer 3--4)
pa3BEPHYTHI B CUCTEME O€30IacCHOCTH IUIATEXHBIX TEPMHMHAIOB KoMmaHuu Ayatech; nocTurayta
JIOTOBOPEHHOCTh O COTPYAHUYECTBE C TUIAT(HOPMON TeONMpOCTPAHCTBEHHBIX MaHHBIX UP42 uyepes

crapran Parsl.ai.

+ KoMIakTHBINA yYeHUK YCTpaHEHHUs IBIMKH paboTaeTr co ckopocTbio 76 FPS mpu paspemenun,
npesbimarmem 4K UHD (Gonee wem B 150X ObicTpee yuutensi), yiydias oOHapyKeHHE
o0bexToB Ha HaOope KITTI na +12.4%.

» KommakTHbIN yueHUK yiayulieHus ocBeméHHocTu gocturaet 479 FPS npu paszpemennn 512 X
512 (6onee yem B 90 x OpIcTpee Retinexformer) u ooHapyxuBaet Ha 164.4% Gomnbe i Ha 300
nzoopakenusx DARK FACE no cpaBHeHnto ¢ HeoOpaOOTaHHBIM BXOJIOM, YCTYIas YUYUTEITIO

b Ha 2.3%.

* Ob0a ydeHMKa 3aHMMAaIOT IEpBOE WM BTOpoe MecTo no mnokazaremo NIQE Ha kaxiaom
POTECTUPOBAHHOM Ha0Ope MaHHBIX, BKJIOYas HemapHble peanbHble HaObopsl DICM u

TM-DIED, 6e3 1onoaHUTENbHOW HACTPOUKH.
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