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ABSTRACT Single-image dehazing plays an important role in adverse-weather vision, where visibility
degradation affects both human perception and downstream scene understanding. Dense and non-uniform
haze remains a stimulating degradation for image restoration since it simultaneously obfuscates scene
structure, distorts color, and weakens the reliability of purely supervised models under real-world domain
shift. This paper presents Semi-PhysHDNet, a dehazing framework built on orthogonal content-haze
disentanglement and uncertainty-calibrated semi-supervised learning. The network integrates a haze-aware
hierarchical Swin encoder with subband-selective frequency refinement, a latent disentanglement stage that
separates scene content from haze-related degradation, and a physics-constrained atmospheric reconstruction
branch for transmission and atmospheric light estimation. To advance adaptation to real hazy data,
a heteroscedastic uncertainty mechanism is presented to down-weight unreliable regions during semi-
supervised optimization. This joint design enables more stable restoration under dense and spatially
varying haze conditions. Experimental results on synthetic and real-world benchmarks demonstrate strong
and consistent performance, including 35.25/0.988 on RESIDE Outdoor, 23.98/0.867 on O-HAZE, and
20.87/0.789 on NH-HAZE. The proposed method also improves downstream YOLOVS8s detection on Foggy
Cityscapes from 8.77 to 11.01 detections per image, indicating practical value beyond pixel-level restoration.

INDEX TERMS Image dehazing, dense haze, content-haze disentanglement, semi-supervised learning,
uncertainty-calibrated learning, Swin transformer, atmospheric reconstruction.

I. INTRODUCTION

Image dehazing seeks to recover clear scene radiance
from visibility-degraded observations and remains a fun-
damental problem in adverse-weather vision. Atmospheric
scattering and haze attenuate scene radiance, weaken con-
trast, and blur structural cues, thereby degrading both
image quality and the reliability of downstream tasks such
as autonomous driving, surveillance, and remote sens-
ing [1]. The impact extends beyond pixel-level restoration:
visibility degradation under dense fog or haze directly
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compromises target detection and recognition in safety-
critical applications, as evidenced by recent work on detection
frameworks designed specifically for low-visibility foggy
environments [2].

Early dehazing methods are largely built on hand-crafted
physical priors. A representative example is the Dark Channel
Prior (DCP) [3], which estimates transmission from local
intensity statistics in haze-free outdoor images. Although
such methods are physically interpretable and effective under
mild or relatively uniform haze, their assumptions often
break down in dense, spatially varying, or scene-dependent
conditions, especially in bright regions, sky areas, and
complex indoor environments.
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FIGURE 1. Multi-metric radar comparison against state-of-the-art
methods.
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FIGURE 2. Representative dehazing results on NH-HAZE: (a) hazy inputs
and (b) outputs produced by the proposed method.

With the rise of deep learning, convolutional dehazing
models [4], [5], [6], [7], [8], [9], [10], have shown clear
gains by learning direct haze-to-clean mappings from paired
synthetic data. These methods achieve strong performance on
standard benchmarks, yet their robustness in real scenes is
still constrained by the domain gap between synthetic haze
generation and real atmospheric degradation. In practice,
models trained only on synthetic pairs may leave residual
haze, distort color, or produce unstable enhancement when
applied to real-world images.

More recent transformer-based approaches, including
Dehamer [11], DehazeFormer [12], Vision Transformer
(ViT) [13], and USCFormer [14] further improve restoration
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quality by modeling long-range dependencies and global
contextual information. However, most of these methods still
formulate dehazing as a direct image restoration problem,
without explicitly separating haze-related degradation from
scene-preserving content or imposing sufficient physical
constraints on the reconstruction process. This limitation
becomes more evident on challenging real-world datasets
such as NH-HAZE [15], where haze is dense, non-uniform,
and difficult to represent using conventional paired training
settings.

These observations point to several limitations that moti-
vate the proposed framework. First, most existing dehazing
networks operate primarily in the spatial domain and do not
explicitly exploit frequency-selective representations, even
though haze suppression and detail recovery affect different
spectral components in different ways. As a result, fine struc-
tures and residual haze can remain insufficiently separated
in deep features. Second, latent representations are typically
learned in an implicit manner, without explicitly decoupling
scene-preserving content from haze-related degradation. This
entanglement can reduce reconstruction quality and weaken
generalization when the haze characteristics at test time
differ from those seen during training. Third, adaptation
to unpaired hazy images is often driven by uniform self-
consistency objectives, which assume equal reliability across
all pixels. In dense and spatially varying haze, however,
heavily degraded regions are inherently more uncertain, and
treating them identically during optimization can introduce
unstable supervision.

Fig. 1 represents multi-metric radar comparison against
state-of-the-art methods. Each axis is independently nor-
malized; a larger covered area indicates stronger overall
performance. The proposed method achieves the broadest
coverage across all five benchmarks, demonstrating bal-
anced generalization rather than specialization on a single
dataset. Fig. 2 presents representative examples from NH-
HAZE, where dense and spatially varying haze severely
degrades scene visibility. As observed, heavy atmospheric
scattering suppresses background content, weakens structural
boundaries, and introduces noticeable color attenuation.
The corresponding outputs demonstrate the target restora-
tion behavior required in challenging real-world dehazing,
namely improved visibility, clearer recovery of scene struc-
tures, and better preservation of natural color appearance
under non-uniform haze conditions.

To address these limitations, we propose Semi-PhysHDNet,
a unified dehazing framework whose novelty lies in three
tightly coupled design decisions that have not been jointly
explored in prior work: (i) explicit orthogonal disentan-
glement of scene content and haze degradation in latent
space, enforced through a correlation-based regularization
loss rather than implicit feature separation; (ii) physics-
guided iterative transmission refinement grounded in dark
channel priors, providing an explicit physical correction
signal at each refinement step; and (iii) heteroscedas-
tic uncertainty-calibrated semi-supervised learning that

VOLUME 14, 2026



H. Khan, S. W. Kim: Semi-PhysHDNet: OCHD and Uncertainty-Calibrated Learning for Dense Dehazing IEEE/ \CCESS
e A e Hiaar okl Sei Eatode Orthogonal Content-Haze Disentanglement Module
o StageS: Disentanglement Paich Embed
Stage 1: Feature Extraction Stage 2: Frequency & Haze Refinement . ¢
Comv1xl BN RelU
(56 Hax W) Patch Merge
(192 % B WiS)
(334 * H/16 x Wil§) T ™ ™ = o Orthogonality Loss Uiz
(68 % /32« Wi3D) | (L_ortho) e
Mt Haze Density Attention & e
Input Hazy mage F4 =g_freqF4) F4 Module (HDAM) Sl b | Solid Lines = Daw Prediction flow
HeRMB=3EW), = 1 ' Comv1x1 BN Dashed Lines= Gradient Update/ Flow
> SubbandSelective — B = S Residual Fusion
Fi Frequency Refinement = B | 7] B =B vre r)
Module L > L
Swin Transformer Encoder Bridge Network >Fh
-
Encoder Features Haze Branch - Fe i
e (Fs F2,F1} « Tr oss (L_t),
=50 = T e e e e e e e e T e e e e — — — — — — — — — = — — —s+ PhysicsReconstuction
| ! i ‘\ i ‘ih Loss (L_rec)
! e Physics-Constrained Atmospheric
= shkp = Spl
Paired Synthetic Tmages L =y _t(D:) B t_phys = DCP(H) Decoder Feature D3
) | ! | | mital wansmission | | | Physical wansmission Reonsdrution “1"‘“19 w0 “ eature =i phy+R
& Ak 1 # — estimate L prior
- ! | |
o ; T hit. e
y Af - I I > I_phy
UsradRost teay lnepes " PhysicsReconstmction '
[ca) N P
D1 D2 D3 L . ﬁii Rwdual Raﬂnemen:
= A=q AGAR(EB))
Multiscale Decoder ]
e Refi A
Feature Reconstruction Naative issicTight
f =
Toput
TUncertainty-Calibrated Semi-Supervised Learning
7 ] stopgrad|
Conv3%3y Conv1xl, b Com3x3  Comy IxL, clamp B TEE‘EH
B $ Uncertainty Loss .
o [ (L_unc) - - - - -
| u 7 =
> o 15 ‘ logs® [ |
Mean Head Variance Head |

Stage 6: Semi-Supervised Learning

FIGURE 3. Overview of Semi-PhysHDNet. A hazy input is encoded into multi-scale features via a Swin-based backbone, followed by frequency-aware
refinement (SSFRM) and haze-density modulation (HDAM). The refined latent is disentangled into content and haze components (OCHD) and
progressively reconstructed (PMRD). A physics-constrained module (PCARM) estimates transmission and atmospheric light for final restoration, while an
uncertainty-calibrated branch (UCSSL) enables robust semi-supervised learning on real-world data.

adaptively suppresses unreliable pseudo-supervision in

spatially degraded regions,

enabling stable real-domain
adaptation without paired real-world data. Together, these

components form a unified architecture trained under a joint
supervised and semi-supervised objective, enabling robust

enabling stable adaptation to real-world, unpaired, hazy

data.

o We integrate all components into a unified hybrid

framework and demonstrate consistent improvements
across synthetic and real-world benchmarks, as well as

restoration under dense and spatially varying real-world haze.
The main contributions of this work are summarized as
follows:

enhanced downstream detection performance.

We propose a novel orthogonality-constrained
content-haze disentanglement framework that explicitly
separates haze-invariant structural information from
degradation components in latent space, improving
representation robustness under dense and spatially
varying haze.

We introduce a frequency-aware refinement mechanism
based on subband-selective processing, which adap-
tively enhances structural details and suppresses haze
artifacts across different spectral components.

We develop a physics-constrained atmospheric recon-
struction strategy with iterative transmission refinement,
ensuring consistency with the atmospheric scattering
model while correcting residual estimation errors.

We design an uncertainty-calibrated semi-supervised
learning scheme that incorporates heteroscedastic uncer-
tainty modeling to down-weight unreliable regions,
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Il. RELATED WORK

Recent progress in image dehazing has been driven by
prior-based models, deep supervised restoration networks,
transformer-based architectures, and emerging real-world
adaptation strategies. This section briefly reviews the most
relevant lines of work and highlights the limitations that
motivate the proposed framework.

A. PRIOR-BASED IMAGE DEHAZING

Early image dehazing methods are largely founded on
hand-crafted priors derived from the statistics of clear images
and the atmospheric scattering model. A representative
example is the DCP proposed by He et al. [3], which
estimates transmission by exploiting the observation that
at least one color channel in most local haze-free patches
tends to contain very low-intensity values. Although DCP is
physically intuitive and effective in many outdoor scenes, its
underlying assumption is often violated in sky regions, bright
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FIGURE 4. Architecture of the proposed Subband-Selective Frequency
Refinement Module (top) and Haze Density-Aware Attention Module
(bottom).

objects, and complex scenes, which limits its robustness.
Later prior-based methods introduced complementary cues,
such as color attenuation [16] and non-local priors [17],
to better model haze formation. Alternative physically
grounded approaches have also explored frequency-domain
representations for transmission estimation: demonstrating
that subband decomposition can improve transmission accu-
racy beyond what purely spatial priors achieve [18]. These
methods remain highly dependent on scene statistics and
generally degrade under dense, spatially varying, or non-
uniform haze, where fixed assumptions are no longer
reliable. More recently, polarization-based dehazing has
emerged as an alternative physical prior, exploiting the
polarimetric properties of atmospheric scattering to suppress
haze while preserving edge and structural detail through
Laplacian-based post-processing [19]. Nevertheless, prior-
based methods in general remain highly dependent on scene
statistics and degrade under dense, spatially varying, or non-
uniform haze, where fixed physical assumptions are no longer
reliable.

B. CNN-BASED IMAGE DEHAZING

With the rise of deep learning, supervised dehazing mod-
els have largely replaced hand-crafted priors by learning
direct haze-to-clear mappings from synthetic paired data.
DehazeNet [4] represents one of the earliest end-to-end
frameworks for transmission estimation, while AOD-Net [5]
simplifies atmospheric modeling through a lightweight uni-
fied formulation. Subsequent methods improve restoration
quality through stronger feature modeling. GD-Net [6]
adopts an attention-based multi-scale grid architecture to
better capture spatially varying haze; FFA-Net [8] enhances
discriminative responses via channel and pixel attention; and
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MSBDN [9] introduces multi-scale dense fusion to preserve
structural detail during reconstruction. AECR-Net [20]
further incorporates contrastive learning to guide restored
outputs toward the clean-image distribution. Although these
CNN-based methods achieve strong results on synthetic
benchmarks, their locality-biased convolutional design still
limits global context modeling, which can reduce robustness
under dense haze and complex long-range atmospheric
degradation.

C. TRANSFORMER-BASED IMAGE DEHAZING
Transformer-based restoration models have recently attracted
considerable attention because self-attention provides a
stronger mechanism for modeling long-range spatial inter-
actions than conventional convolution. A key foundation is
the Swin Transformer [21], which introduces a hierarchical
architecture with shifted-window attention to improve effi-
ciency while preserving multi-scale representation learning.
Building on this idea, DeHamer [11] combines convolutional
and transformer branches through feature modulation and
incorporates transmission-aware positional encoding to better
represent haze-related structure. DehazeFormer [12] further
adapts the transformer design to image restoration by revising
normalization and activation components, leading to strong
quantitative performance on standard dehazing benchmarks.
However, most transformer-based methods still formulate
dehazing as a direct restoration task in image space, without
explicitly disentangling scene content from haze degradation
or sufficiently constraining reconstruction with atmospheric
priors. As a result, their performance may remain sensitive
when haze characteristics in real scenes deviate substantially
from the training distribution.

D. SEMI-SUPERVISED AND UNPAIRED DEHAZING

A major limitation of fully supervised dehazing lies
in its dependence on paired hazy/clean datasets, which
are typically synthetic and therefore unable to fully
represent the complexity of real atmospheric degradation.
To reduce this domain gap, several studies have explored
unsupervised or semi-supervised learning strategies. Cycle-
consistency-based frameworks have been adapted for
unpaired dehazing, but they often suffer from unstable
optimization and limited structural fidelity [22]. D4+ [22]
addresses this issue by decomposing haze formation into
scattering and depth-related components, enabling more
diverse haze synthesis under physics-aware constraints.
PSD [23] leverages pre-trained restoration models to generate
pseudo-supervision for real unpaired hazy images. Although
these approaches improve adaptation to real data, they
generally apply the training signal uniformly across spatial
locations, without accounting for the varying reliability of
predictions in severely degraded regions. This limitation
becomes particularly critical under dense and non-uniform
haze, where unreliable supervision can negatively affect
optimization stability and restoration quality.

VOLUME 14, 2026
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FIGURE 5. Intermediate feature analysis of Semi-PhysHDNet under spatially non-uniform haze (top) and dense real-world haze (bottom).
(a) Input hazy image. (b) SSFRM output highlighting subband-selective frequency enhancement and improved structural contrast. (c) OCHD
disentanglement map ([|F¢ [l — I|Fpll2). where blue denotes content-dominant regions and red indicates haze-dominant regions. (d) Predicted
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physics-constrained iterative estimation. (f) Final dehazed output J.

E. FEATURE DISENTANGLEMENT AND UNCERTAINTY
ESTIMATION

Related lines of work can also be found in representation
disentanglement and uncertainty-aware learning. In gen-
erative modeling and domain adaptation, disentanglement
has been used to separate content-related information from
style or domain-specific variation, often through variational
formulations [24]. In image restoration, AECR-Net [20]
introduces contrastive regularization to improve the sepa-
ration between degraded and restored representations, but
it does not explicitly impose orthogonality between scene
structure and haze-related degradation within the latent space
of a unified dehazing model. In parallel, heteroscedastic
uncertainty modeling [25] estimates pixel-wise aleatoric
uncertainty together with the primary prediction, allowing
unreliable regions to contribute less during optimization.
Although this strategy has shown clear benefits in tasks such
as depth estimation and semantic segmentation, its use in
semi-supervised image dehazing remains largely unexplored,
particularly under dense and non-uniform haze where the
reliability of unlabeled real-world supervision can vary
substantially across spatial regions.

Opverall, existing studies have advanced dehazing through
stronger restoration backbones, global context modeling, and
real-world adaptation, yet explicit content-haze disentan-
glement and reliability-aware semi-supervised optimization
remain insufficiently explored. This gap motivates the pro-
posed framework, which integrates orthogonal content-haze
disentanglement and uncertainty-calibrated learning within a
unified architecture for dense dehazing.

lll. PROPOSED METHODOLOGY
The proposed framework integrates a Haze-Aware Hier-

archical Swin Encoder, a Subband-Selective Frequency
Refinement Module (SSFRM), a Haze Density-Aware
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, showing elevated responses in ambiguous and heavily degraded areas. (e) Refined transmission map ¢ obtained via

Attention Module (HDAM), an Orthogonal Content-Haze
Disentanglement module (OCHD), a Progressive Multi-Scale
Reconstruction Decoder (PMRD), a Physics-Constrained
Atmospheric Reconstruction Module (PCARM), and an
Uncertainty-Calibrated Semi-Supervised Learning branch
(UCSSL) within a unified dehazing architecture. Starting
from a hazy input image, the network learns haze-robust
latent features and restores the clean scene through joint
transmission estimation, atmospheric light prediction, and
residual refinement.

As illustrated in Fig. 3, the data flow begins with the
input hazy image, which is encoded into multi-scale feature
maps. The deepest feature undergoes subband-selective fre-
quency refinement and haze-aware modulation before being
projected into a latent representation. This representation is
explicitly decomposed into content and haze subspaces via
orthogonal disentanglement. The fused representation is then
progressively decoded while integrating encoder skip con-
nections. Finally, transmission estimation and atmospheric
light prediction are performed within a physics-constrained
reconstruction module, and the output is refined through
residual learning and uncertainty-guided optimization.

To improve clarity, the overall processing pipeline of
Semi-PhysHDNet can be summarized in four sequential
stages: (1) hierarchical feature extraction using a Swin-based
encoder to capture multi-scale haze-aware representations;
(2) frequency-aware refinement and haze-density modulation
to enhance structural details and suppress haze artifacts;
(3) orthogonal disentanglement of latent features into content
and haze components followed by progressive reconstruction;
and (4) physics-constrained atmospheric reconstruction com-
bined with uncertainty-calibrated semi-supervised learning
for robust real-world adaptation.

This staged formulation provides an interpretable view of
how each module contributes to the final dehazing output.
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Algorithm 1 Training Procedure of Semi-PhysHDNet
Require: Paired hazy-clean samples D, = {(H, )},
unpaired real hazy samples D, = {H,}, maximum
epochs T
Ensure: Trained model parameters ®
1: Initialize network parameters ®

2: fore=1to T do
3 for each mini-batch do
4: Sample paired batch (H, J) ~ D,
5 Generate dehazed output j , transmission 7,
atmospheric light A, and uncertainty o>
6: Compute supervised reconstruction loss Ly,
7: Compute orthogonality loss L, and physics
consistency loss Lppys
8: if ¢ > 20 then
9: Sample unpaired real batch H, ~ D,
10: Generate pseudo-target
11: J= stopgrad(fe (H,))
12: Compute L.
13: Liotal < Esup + XoLortho
14: +)"p£phys + AuLlyne
15: else
16: Actotal <~ Esup + )\oﬁortho + )\pﬁphys
17: end if
18: Update ® using AdamW
19: end for
20: end for

21: return ®

Table 1 provides a structured overview of all seven modules
constituting Semi-PhysHDNet, including their inputs, out-
puts, and key operations. Together with Fig. 3 and Fig. 4, this
summary is intended to support reproducibility and facilitate
comparison with alternative designs.

A. PROBLEM FORMULATION

Let H € RE3*HXW denote a batch of hazy RGB images,
where B is the batch size and H, W are spatial dimensions.
For each spatial coordinate x, haze formation is governed by
the atmospheric scattering model:

H(x) = J()r(x) + A1 — 1(x)), ey

where J(x) € R3 denotes the haze-free scene radiance,
t(x) € [0, 1] denotes the transmission coefficient describing
scene visibility,and A € R3 denotes global atmospheric light.
The objective is to estimate J, ¢, and A such that Eq. (1) is
approximately satisfied while preserving structural integrity
and perceptual consistency.

B. HAZE-AWARE HIERARCHICAL SWIN ENCODER
The encoder £ extracts hierarchical feature representations
from the input hazy image:

{F1,F2, F3, F4} = E(H), @
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TABLE 1. Architecture summary of the proposed Semi-PhysHDNet. Input
and output tensor shapes follow B x C notation. All spatial dimensions at
stage i are denoted H; x W;.

Module Input
Swin HcRBX3

Output Key Operations
{F1, F», F3, F4Patch embed, W-MSA,
SW-MSA, patch merge
(4 stages)
Fy Haar DWT, Swin
LL  branch, Conv
{LH.HL,HH},
IDWT, residual
(a=0.1)
Channel
haze-density
modulation, bridge
projection (Conv-BN-
ReLU x2)
Parallel projections
dcldp, (Convl x 1),
Lortho, residual fusion

SSFRM Fy

HDAM Fy B attention,

OCHD BeREXHaxWa . F; B*

PMRD B*,{F1, F2, F3} D1, D2, D3 %3 bilinear upsample,
channel concat, Conv-
BN-LeakyReLU

fusion, skip

connections

DCP prior, iterative
residual refinement
(K=3), GAP— ¢4,
physics inversion +
residual head

UCSSL D3 w, o Dual conv
heads HulHo,
heteroscedastic ~ NLL,
stop-gradient  pseudo-
target

PCARM D3 H t, A, Jonys

where F; e REXCxHxWi denotes the feature map
at stage i. The encoder is implemented using a Swin
Transformer backbone, in which each stage performs patch
embedding, window-based multi-head self-attention, shifted-
window attention, and patch merging. This hierarchical
design progressively reduces spatial resolution while increas-
ing channel dimensionality, enabling increasingly abstract
feature modeling.

The shallow stages preserve local texture and fine spatial
structure, while deeper stages encode broader contextual
and haze-related information. In particular, the deepest
feature map F4 captures high-level semantic and atmospheric
representations.

Prior to latent projection, the deepest encoder feature Fy is
passed through a wavelet enhancement branch:

F4 = ¢freq(F4)a (3)

where ¢rreq(-) applies Haar DWT to decompose Fy into four
subbands:

LL,LH,HL, HH = DWT(F}). )

The LL subband carries a coarse, haze-dominant structure
and is processed through a lightweight Swin-based branch
to suppress atmospheric interference. The detail subbands

VOLUME 14, 2026
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TABLE 2. PSNR/SSIM comparison across RESIDE (Outdoor), RESIDE (Indoor), O-HAZE, NH-HAZE, and Dense-HAZE. Higher is better.

RESIDE (Outdoor)  RESIDE (Indoor)

O-HAZE NH-HAZE Dense-HAZE

Method PSNR (dB)t SSIMT PSNR (dB)t SSIM{ PSNR (dB)t SSIMt PSNR (dB)T SSIMt PSNR (dB)T SSIMt
DCP [3] 19.13 0.815 16.62 0.818 16.60 0.653 14.56 0.646 - -
DehazeNet [4] 21.14 0.847 19.82 0.821 - - - - - -
AOD-Net [5] 20.06 0.847 20.51 0.816 19.90 0.816 - - - -
GD-Net [6] 30.86 0.982 32.16 0.984 - - 13.80 0.537 19.53 0.726
MSBDN [9] - - 33.79 0.984 - - 19.23 0.706 22.55 0.758
AECR-Net [20] 33.12 0.948 33.17 0.990 16.53 0.626 15.57 0.618 - -
FFANet [8] 31.98 0.992 33.57 0.984 - - 12.06 0.772 22.26 0.781
EPDN [26] 22.57 0.863 25.06 0.923 15.40 0.712 16.28 0.621 - -
Dehamer [11] 35.17 0.986 36.63 0.988 20.74 0.813 20.66 0.684 - -
DeFormer [12] 26.44 0.962 38.93 0.988 - - - - 24.01 0.815
TSMD-Net [27] 25.31 0.924 22.29 0.849 19.11 0.715 - - 17.47 0.631
D4+t [28] 25.83 0.956 25.42 0.932 - - - - - -
Restormer! [29] - - 38.88 0.991 23.58 0.768 - - 15.78 0.548
OKNet-ST [30] 3545 0.992 37.49 0.994 - - 20.29 0.800 16.85 0.620
(Ours) 35.25 0.998 36.89 0.992 23.98 0.867 20.87 0.789 23.57 0.789
TValues taken directly from original publications on identical test sets. ‘=" denotes results neither reported in the original publication nor

reproducible from available official implementations. All remaining values are self-evaluated under the unified experimental settings described
in Section IV-A2 (resolution: 512x 512, datasets: as listed, using official author-released code where available).

TABLE 3. No-reference perceptual evaluation on RTTS. Lower is better.

Method NIQE] FADE] BRISQUEJ
DCP [3] 5462 1115 -
EPDN [26] 5112 1221 -
GD-Net [6]  4.987 0.984 -
Dehamer [11] 4912 0928  33.866
MSBDN [9] 3154 1363  28.743
SSLD [23] 3480 0867  32.428
RIDCP [31] - 0944 18782
(Ours) 4.859  0.807 27.94

TABLE 4. VIF and FOM comparison across synthetic (RESIDE) and
real-world datasets. Higher values indicate better structural fidelity (VIF)
and edge preservation (FOM).

Dataset VIF{ FOM?T
RESIDE Indoor (SOTS)  0.2436 0.9580
RESIDE Outdoor (SOTS) 0.1953 0.9611
NH-HAZE 0.0975 0.8519
Dense-HAZE 0.0715 0.7224
O-HAZE 0.1260 0.8863
Average 0.1468 0.8759

{LH, HL, HH}, encoding horizontal, vertical, and diagonal
edges respectively, are refined through convolutional process-
ing to recover fine scene structure. The enhanced subbands
are then recombined:

F4 = IDWT(LLenh, LHenh, HLenh, HHenn), — (5)

The enhanced subbands are recombined and integrated with
the original encoder feature F4 through a residual connection

weighted by a fixed scalar «=0.1:
F4=F4+O['AF4, a=0.1. (6)

The residual weight is intentionally kept small so that
frequency refinement acts as a corrective modulation rather
than dominating the primary encoder representation. This
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is particularly important before the disentanglement stage,
where overly strong frequency perturbation may distort struc-
tural cues needed for stable content-haze separation. In our
implementation, o was fixed empirically as a conservative
scaling factor based on preliminary validation experiments,
which showed that larger values led to less stable feature
fusion and occasional over-enhancement, while smaller
values reduced the contribution of subband refinement.

Fig. 4 illustrates both refinement modules. The Wavelet
Enhancement Module separates encoder features into com-
plementary frequency bands, processes each independently,
and reconstructs an enriched representation through inverse
DWT with gated residual fusion. The Haze Density-Aware
Module reweights features via channel attention conditioned
on haze-sensitive responses, yielding a density-aware repre-
sentation for physics-guided reconstruction.

The enhanced feature is then projected through a bridge
network:

B = ¢bridge(Fa), (7

where  @uridge(-) consists of stacked convolution, batch
normalization, and nonlinear activation layers, with an
embedded haze-density-aware processing module that adap-
tively modulates feature responses. The resulting latent
representation

Bec RBXSIZXH4><W4 (8)

is forwarded to the disentanglement and reconstruction
stages.

C. ORTHOGONAL CONTENT-HAZE DISENTANGLEMENT
MODULE

Latent representations extracted from hazy images typi-
cally contain entangled scene structure and degradation
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FIGURE 6. Qualitative comparison on O-HAZE (first row) and SOTS Outdoor (second row). From left to right: (a) hazy input, (b) MSCNN,
(c) AOD-Net, (d) GD-Net, (e) Dehamer, (f) Deformer, (g) the proposed method, and (h) ground truth.

FIGURE 7. Qualitative comparison of Dense-Haze Indoor (first row) and I-HAZE (second row). From left to right: (a) hazy input, (b) AOD-Net,
(c) GD-Net, (d) LDFormer, (e) DDPM, (f) the proposed method, and (g) ground truth. The outputs of the compared methods are adapted

from [20].

FIGURE 8. Qualitative comparison of RESIDE-Outdoor. From left to right: (a) hazy input, (b) AOD-Net, (c) GD-Net, (d) FFANet, (e) Deformer, (f) the
proposed method, and (g) ground truth.

information. To explicitly separate these components, the
Bridge feature (B) is decomposed into two complementary
representations corresponding to haze-invariant scene content
and haze-related degradation cues.

Two parallel projection mappings are applied to the bridge
feature:

F. = ¢.(B), ©))
Fy = ¢n(B), 10)

The content branch (F.) is designed to capture
haze-invariant scene structure such as edges, textures, and
object boundaries, which correspond to the underlying
clean image representation. In contrast, the haze branch
(Fj) models degradation-related characteristics, including
contrast attenuation, atmospheric scattering, and haze density
variations. By explicitly separating structural and degradation
information, the network learns disentangled representations
that facilitate more robust haze removal.
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The resulting features are concatenated and fused through
a residual projection layer to produce the refined latent
representation used for subsequent decoding.

To enforce feature separation, the content and haze
representations are reshaped across spatial locations and nor-
malized along the channel dimension. A spatial correlation
matrix is then computed between the two normalized feature
spaces for each sample, and the orthogonality loss is defined
as the mean absolute correlation:

M? = FOTF), (11)
13 :
Lortho = Clamp(E 21 mean (‘Mm‘) .0, 1) . (12
=

where I_*"C and Fh denote the normalized feature representa-
tions. Minimizing this loss suppresses correlation between
the content and haze subspaces and promotes disentangled
latent representations.
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FIGURE 9. Qualitative comparison on Dense-Haze. From left to right and top to bottom: (a) hazy input, (b) DCP, (c) DehazeNet,
(d) AOD-Net, (e) GD-Net, (f) FFA-Net, (g) MSBDN, (h) KDDN, (i) the proposed method, and (j) ground truth. The outputs of the
compared methods are adapted from [20] with permission from IEEE.

After disentanglement, the two feature components are
fused through channel-wise aggregation followed by a
learnable projection. The resulting feature is combined
with the original bridge representation through a residual
connection, yielding the refined latent representation,

B* =B + y/([Fc, F;]), 13)

where ¥ (-) denotes a learnable transformation that integrates
structural and degradation cues. The refined feature B*
is subsequently forwarded to the decoder for multi-scale
reconstruction.

D. PROGRESSIVE MULTI-SCALE RECONSTRUCTION
DECODER
The decoder reconstructs high-resolution representations
by progressively upsampling the latent feature B* while
integrating encoder features through skip connections. This
design enables recovery of spatial details that are lost during
hierarchical encoding.

The decoding process can be expressed as

D; = Ui (B*, F3), (14)
D, = UH Dy, Fo), (15)
D3 = U3(D7, Fy), (16)

where U;(-) denotes an upsampling-and-fusion block con-
sisting of bilinear upsampling, channel-wise concatenation
with the corresponding skip feature F;, and two sequential
Conv-BN-LeakyReLU layers that project the concatenated
representation to the target channel dimensionality. This
design avoids checkerboard artifacts associated with trans-
posed convolutions while preserving multi-scale structural
cues through the skip connections. The channel dimensions
at each decoder stage follow a symmetric schedule relative to
the encoder: D1 halves the encoder bottleneck dimensionality,
and each subsequent stage further reduces channels while
doubling spatial resolution. Gradient propagation is stabilized
throughout training by the residual paths inherited from the
skip connections, which provide direct gradient highways
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between shallow encoder features and the deep decoder
supervision signal.

The final decoder representation D3
restores the full input spatial resolution and serves as the
shared feature source for three parallel output branches:
the physics-based reconstruction in PCARM, the residual
correction head Hpg, and the uncertainty prediction heads
and H, in UCSSL.

e RBxCdxHxW

E. PHYSICS-CONSTRAINED ATMOSPHERIC
RECONSTRUCTION MODULE

To incorporate physical priors of atmospheric scattering, the
transmission map and atmospheric illumination are estimated
using a hybrid strategy that combines learned features with
physics-inspired guidance.

An initial transmission estimate fy is predicted from
the decoder feature D3 through a convolutional projection
followed by a bounded activation function. To enforce
physical consistency, a transmission prior derived from the
dark channel assumption is introduced:

fohys () = 1 = min (Ce{‘}%,ié‘,g} Hc(y)) .an
where 2(x) denotes a local spatial neighborhood of radius r
centered at x, and H.(y) denotes the intensity of the channel
¢ € {R, G, B} of the hazy input image H at spatial location y.
The transmission map is iteratively refined by predicting
residual corrections conditioned on the decoder features and
the discrepancy between the prior and the current estimate:

Tt = Iphys — Tk, (18)
tky1 = Clamp(Ri ([D3, rt]), 0, 1). (19)

where Ry(-) a learnable convolutional refinement block is
at iteration k, and Clamp(-, 0, 1) constrains the transmission
estimate to a physically valid range. The residual r; condi-
tions each refinement step on the discrepancy between the
physics prior and the current estimate, providing an explicit
correction signal at every iteration. After the final refinement
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iteration, the resulting transmission map is denoted as
f= 1K . (20)

The atmospheric illumination parameter is estimated from
the global scene representation. Since atmospheric light is
assumed to be spatially homogeneous, the bridge feature B
is aggregated via global average pooling and mapped to the
atmospheric illumination vector:

A = ¢4(GAP(B)), @1

where GAP(-) denotes global average pooling and ¢4 (-) rep-
resents a learnable projection that predicts the three-channel
atmospheric illumination vector.

Given the estimated transmission 7 and atmospheric
illumination A, the clean image is reconstructed according
to the atmospheric scattering model:

H(x) — A(1 — 7(x))
fx)+ € '

where e=107° is a numerical stability constant that prevents
division by zero in near-zero transmission regions. To com-
pensate for model inaccuracies in complex scenes, a residual
correction map is predicted from the decoder features:

R = Hr(D3). (23)

Jonys(x) = (22)

where Hg(-) denotes a lightweight convolutional residual
head that maps the final decoder feature D3 € RE*CaxHxW
to a pixel-wise correction field R € RE*3*H*W The final
dehazed output is obtained by adding the physics-guided
reconstruction and the learned residual:

J = Jonys +R, (24)

where R = Hg(D3) absorbs scene-specific deviations
from the atmospheric scattering model that the physics prior
cannot resolve. That includes spatially varying illumination,
transmission estimation errors, and haze-independent color
artifacts.

Algorithm 1 summarizes the training flow of the proposed
network. The hazy input is encoded, refined by the frequency
and haze-aware modules, disentangled into content and haze
features, and then decoded for dehazing. Physical priors and
uncertainty estimation are incorporated during optimization,
and all objectives are jointly used to update the generator
parameters.

F. UNCERTAINTY-CALIBRATED SEMI-SUPERVISED
LEARNING (UCSSL)
To enable stable learning from unpaired real hazy images, the
generator is augmented with an uncertainty prediction branch
connected to the final decoder feature D3 € RBE*CaxHxW
This branch performs heteroscedastic uncertainty modeling
by predicting both the restored mean image and its associated
predictive variance at each pixel.

The mean prediction is defined as

p = tanh (H,(D3)), (25)
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FIGURE 10. Component-wise contribution analysis on NH-HAZE using
PSNR (dB). The full model achieves 20.87 dB, while removing individual
components leads to consistent performance degradation. The dominant
contributions are observed for UCSSL and OCHD (PSNR drop > 3 dB),
whereas SSFRM, PCARM, and semi-supervised fine-tuning provide
complementary improvements (PSNR drop ~1.7-2.24 dB). The dashed
line indicates the full-model reference performance.

where H,(-) denotes a convolutional mapping that projects
decoder features into a three-channel RGB image. The
resulting tensor g € REX3XHXW represents the predicted
clean image.

In parallel, the predictive variance is estimated as

loga? = Clamp(H,(D3), a, b), (26)

where H,(-) denotes a convolutional projection producing
a spatial variance map, and Clamp(., a, b), a=—4.6 and
b=1.1 restrict the log variance to a numerically stable
interval. The lower bound prevents variance collapse, which
would produce pathologically large gradients in the uncer-
tainty loss. While the upper bound prevents degenerate
over-uncertainty that would suppress all training signals. The
resulting tensors? models heteroscedastic uncertainty that
varies across spatial locations depending on scene content and
haze density. .

For unpaired samples, the reconstructed image J is used
as a pseudo-target. To prevent degenerate optimization,
gradients are detached from this pseudo-target using the stop-
gradient operator stopgrad(-).

The uncertainty-aware objective is formulated as a Gaus-
sian negative log-likelihood:

1 ( | 1 — stopgrad(J)

Eunc - 02

+ log 02) . 27

[\

where g and o2 are the predicted mean restoration and
heteroscedastic variance maps from H,(D3) and H,;(D3)
respectively, and stopgrad(j) is the
gradient-detached pseudo-target that prevents circular
decoder backpropagation. The inverse-variance weighting
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attenuates gradients from uncertain regions while log o2 reg-
ularizing against unbounded variance inflation.

This formulation corresponds to maximum likelihood
estimation under a pixel-wise Gaussian observation model.
The reconstruction error is weighted by the inverse variance,
allowing pixels with high predictive uncertainty to contribute
less to the optimization process. As a result, the network
learns to focus on reliable regions while reducing the
influence of uncertain areas in unlabeled real hazy images.

1) SUPPRESSION OF SEMI-SUPERVISED EDGE
OVER-SMOOTHING

A known limitation of pseudo-label-based semi-supervised
learning is the tendency to over-smooth high-frequency
boundary regions. Under dense haze, structural edges are
significantly attenuated, leading to unreliable pseudo-labels
near object boundaries. When treated uniformly during
optimization, these uncertain boundary predictions suppress
gradient updates for sharp transitions, resulting in progressive
edge softening.

The proposed UCSSL formulation mitigates this effect
through heteroscedastic uncertainty weighting. The predicted
variance map o2 assigns higher uncertainty to structurally
ambiguous regions, particularly near edges. Consequently,
the inverse-variance weighting in £y reduces the influence
of unreliable boundary pseudo-labels, preventing the accu-
mulation of erroneous edge gradients during training.

This primary mechanism is further reinforced by three
complementary design components: (i) OCHD disentangle-
ment, which isolates haze-invariant structural information
in F. and reduces degradation interference; (ii) SSFRM
frequency refinement, which preserves high-frequency edge
information through subband-selective processing; and (iii)
Edge-aware supervision, where Legge enforces gradient
consistency during supervised training, promoting boundary-
sensitive representations.

Despite these mechanisms, minor edge softening may per-
sist under extremely dense haze conditions, where structural
cues are severely degraded at the input level. A more detailed
analysis is provided in Section IV-E.

TABLE 5. Component-wise ablation on NH-HAZE. Each variant removes
one key module from the full model.

Configuration PSNRT SSIMT APSNR ASSIM
Full model (Ours) 20.87 0.7892 - -

w/o UCSSL 17.10  0.6981 -3.77 -0.091
w/o OCHD 17.45  0.7074 -3.42 -0.082
w/o SSFRM 18.63  0.7361 -2.24 -0.053
w/o PCARM 1891 0.7428 -1.96 -0.046

w/o semi-supervised fine-tuning 19.12  0.7513  -1.75 -0.038

G. UNIFIED SEMI-SUPERVISED OPTIMIZATION OBJECTIVE
The model is trained using both paired synthetic samples
and unpaired real hazy images. Let D, = {(H, J)} denote
paired training data where the ground-truth clean image J
is available, and let D, = {H,} denote unpaired real hazy
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TABLE 6. Complexity comparison of representative dehazing methods.
Lower values indicate higher efficiency. FLOPs are computed at

256 x256 for all methods to ensure fair comparison. The proposed
method is trained at 512x512, but FLOPs are recomputed at 256 x 256 for
consistency with prior works.

Method Params (M)] FLOPs (G)|
AOD-Net [5] 0.002 0.005
FFA-Net [8] 4.46 287.8
MSBDN [9] 31.35 -
Dehamer [11] 29.44 870
DehazeFormer-L [12] 25.44 279.7
TSMD-Net [27] 16.3 97
HITFormer [32] 2.0 35
Ours (256 x256) 28.98 32.74

samples. During training, mini-batches are sampled from
both datasets, and different objective terms are activated
depending on the supervision type.

1) PAIRED TRAINING OBJECTIVE
The overall supervised loss for paired samples combines
reconstruction, structural, and regularization terms:

Esup = Lr1 + Lssm + Lyay + Ledge + LLAB
+ L1v + Lortho + Lunc- (28)

For paired samples (H, J) € D,, the generator is optimized
directly on the supervised objective:

L = L. (29)

2) UNPAIRED TRAINING OBJECTIVE

For unpaired real hazy samples H, € D,, the model is trained
using an uncertainty-weighted self-consistency objective.
The generator prediction serves as a detached pseudo-target,
while the predicted uncertainty modulates the contribution of
each pixel:

LIPS 0.1 Loattoon +0.01 Loreg. (30)

where

— stopgrad(J
Lelf-con = mean (w) , (31)

o+¢€
L reg = mean(o). (32)

3) OPTIMIZATION PROCEDURE

During training, paired samples optimize the supervised
objective, while unpaired samples contribute through the
semi-supervised self-consistency update from epoch 21
onward.

IV. RESULTS AND DISCUSSION

A. EXPERIMENTAL SETUP

1) DATASETS

The proposed framework was evaluated on seven public
dehazing benchmarks: RESIDE Outdoor [33] (synthetic
outdoor scenes), NTIRE Dense-Haze, O-HAZE [34] (real
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(2) (b) (©)

FIGURE 11. Qualitative comparison on Foggy Cityscapes. From left to right: (a) hazy input, (b) DCP, (c) YOLY, (d) SGID, (e) the proposed
method, and (f) ground truth/reference image.

outdoor haze), I-HAZE [35] (real indoor haze), NH-
HAZE [15] (dense, non-homogeneous real haze), Foggy
Cityscapes [36], and RTTS. These datasets include both syn-
thetic and real hazy images under indoor and outdoor scenes,
covering homogeneous, dense, and non-homogeneous haze
conditions. RESIDE SOTS Indoor and Outdoor were used to
assess performance on widely adopted synthetic benchmarks,
while O-HAZE, I-HAZE, Dense-Haze, and NH-HAZE
provided challenging real-world paired evaluation scenarios.
Foggy Cityscapes was included to examine urban street
scenes under synthetic fog degradation, and RTTS was
used for qualitative evaluation on real traffic scenes without
reference ground truth. This dataset selection enables a
comprehensive assessment of the proposed method across
diverse haze distributions, scene structures, and domain
conditions.

2) IMPLEMENTATION DETAILS

a: HARDWARE AND SOFTWARE PLATFORM

All experiments are implemented in PyTorch 2.1.0
(Python 3.10, CUDA 12.1) and executed on two NVIDIA
GeForce RTX 4090 GPUs. Unless otherwise specified, all
models are trained and evaluated at a fixed input resolution
of 512x512.

b: OPTIMIZATION SETTINGS

Model parameters are optimized using AdamW [37] with
B1=0.9, B,=0.999, weight decay A,=10"* and initial
learning rate r;0:10_4. A cosine annealing schedule [38]
decays the learning rate to nmin=10"% over T=150 epochs.
Training is performed with a mini-batch size of 2 per GPU,
an effective batch size 4, and gradient norms are clipped to
[IV]l2 < 1.0 to stabilize optimization.

¢: TRAINING SET CONSTRUCTION

The supervised phase (Phase 1) is trained using paired
hazy-clean images from the following sources: RESIDE ITS
(13,990 pairs), RESIDE OTS (313,950 pairs), the training
splits of Dense-HAZE (45 pairs), NH-HAZE (45 pairs)
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(d) (e) ®

and FoggyCityscapes (500 paired frames). The official test
splits of each real-world benchmark are strictly withheld
from training and used exclusively for final evaluation.
From epoch 21, Phase 2 introduces unpaired real-world hazy
images from RESIDE-B and RTTS using a 1:1 paired-to-
unpaired sampling ratio, enabling semi-supervised domain
adaptation.

d: VALIDATION AND MODEL SELECTION

Model selection is performed on a held-out validation
partition comprising 10% of the RESIDE training splits,
stratified to preserve haze-density distribution. Validation
PSNR is computed every 2 epochs, and the checkpoint
achieving the highest average validation PSNR is selected.

e: TEST SET CONSTRUCTION

All reported results use standard publicly defined benchmark
test splits. For RESIDE, the official SOTS subsets are used
(500 indoor and 500 outdoor pairs). For Dense-HAZE and
NH-HAZE, the last 10 images (by filename order, images
46-55) are strictly reserved as the held-out test split and
are excluded from training. For O-HAZE and I-HAZE, the
complete datasets are used for evaluation only and are not
included in training. No-reference evaluation on RTTS uses
all 4,322 real, hazy images. Foggy Cityscapes detection uses
the official validation split (500 images).

f: COMPARISON PROTOCOL AND BASELINE
REPRODUCIBILITY

To ensure a scientifically fair and transparent comparison,
all baseline methods are evaluated exclusively at inference
using official author-released pretrained weights; no baseline
is retrained or fine-tuned under our settings. This approach
avoids confounding the comparison with training hyperpa-
rameter choices (batch size, epochs, optimizer settings) that
vary across architectures and are not the subject of this
evaluation.
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Specifically, DCP [3], DehazeNet [4], AOD-Net [5], FFA-
Net [8], MSBDN [9], AECR-Net [20], Dehamer [11], and
DehazeFormer [12] are evaluated using their official PyTorch
implementations with provided pretrained weights. For meth-
ods without compatible official implementations (marked t
in Table 2), results are taken from the original publications
where the authors evaluated on identical benchmark test
splits (RESIDE SOTS, O-HAZE, NH-HAZE, Dense-HAZE);
using published values in this case is the standard accepted
practice in the image restoration literature and does not
introduce unfair advantage.

The following unified inference protocol is applied to all
self-evaluated methods:

« Resolution: All test images resized to 512x512 using
bicubic interpolation prior to inference, ensuring
resolution-consistent evaluation across all methods.

o Test splits: Standard publicly defined benchmark splits,
identical for all methods, as described in Section IV-A2.

o Preprocessing: pixel values normalized to [0, 1]
by dividing by 255, no additional augmentation or
post-processing applied at inference;

o Metrics: PSNR and SSIM computed using scikit-
image 0.21 on full-resolution RGB outputs;

o Hardware: All self-evaluated methods run on the same
2xRTX 4090 workstation to ensure consistent runtime
conditions.

g: EVALUATION PROTOCOL

PSNR and SSIM are computed using scikit-image 0.21 on
full-resolution 512x512 RGB outputs. VIF [39] and
FOM [40] are computed on all paired benchmarks using
standard reference implementations. No-reference metrics
(FADE, BRISQUE, NIQE) are computed on RTTS using
their standard implementations. All results are reported as
averages over complete test splits with no selective sampling.

h: LOSS CONFIGURATION

The supervised and unpaired objectives are defined in
Section III-G. The concrete scalar weights applied to each
term during training are reported in Table 7, selected
by grid search on the held-out validation partition. The
orthogonality and uncertainty losses Lorho and Lypc
remain active for unpaired batches since neither requires
ground-truth supervision.

L11 and Lssmv provide primary pixel-level and structural
supervision. Ly, penalises subband discrepancy across
all Haar decomposition levels to preserve high-frequency
texture. Ledee minimises Sobel gradient error to enforce
boundary sharpness. Lpap constrains perceptual colour
fidelity in the CIE-LAB space. Lty applies total varia-
tion regularization for spatial smoothness. Loiho imposes
representational orthogonality between content and haze
subspaces (OCHD), and Lync is the uncertainty-weighted
negative log-likelihood objective (UCSSL).

For unpaired real-domain samples, the supervised terms
L1 through Lty are inapplicable in the absence of ground
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truth. Instead, a self-consistency objective Lunpaired =
0.10 Lgeir + 0.01L, is applied, where Lgs is the
uncertainty-weighted reconstruction consistency between the
mean prediction g and the stop-gradient dehazed output, L,
is a variance regularization term that prevents degenerate
uncertainty collapse. The orthogonality and uncertainty
losses Lortho, Lunc remain active for unpaired batches.

TABLE 7. Loss term weights used in Eq. (28). All values were selected by
grid search on the held-out validation partition.

Symbol Loss Term  Weight Role

A1 L11 0.50 Pixel reconstruction

A2 Lssim 0.20 Structural similarity

A3 Lway 0.50 Wavelet texture fidelity

A4 Ledge 0.20 Boundary sharpness

A5 L1AB 0.05 CIE-LAB colour fidelity

A6 Lrv 5x104 Spatial smoothness

A7 Lortho 0.05 Feature disentanglement (OCHD)
As Lunc 0.05 Uncertainty calibration (UCSSL)

3) EVALUATION METRICS

To comprehensively assess dehazing performance, both
full-reference and no-reference image quality metrics are
adopted. For paired benchmark datasets with available clean
targets, Peak Signal-to-Noise Ratio (PSNR) and Structural
Similarity Index Measure (SSIM) are used to quantify
reconstruction fidelity and structural consistency between
the restored image and the ground-truth image [41], [42].
Since reference-based measures alone do not fully reflect
perceptual quality in real-world scenes, no-reference metrics
are also included. In particular, Natural Image Quality
Evaluator (NIQE) and Blind/Referenceless Image Spatial
Quality Evaluator (BRISQUE) are employed to assess
perceptual naturalness and distortion without requiring clean
references [43] and [44]. In addition, Fog Aware Density
Evaluator (FADE) is used to estimate the perceptual density
of residual fog in the restored outputs, which is especially
relevant for challenging and dense haze conditions [45].
In our experiments, better dehazing performance is indicated
by higher PSNR and SSIM values, whereas lower NIQE,
BRISQUE, and FADE scores correspond to better perceptual
quality and more effective haze removal.

B. QUANTITATIVE EVALUATION ON SYNTHETIC AND
REAL-WORLD DATASETS

To validate the generalization ability of the proposed
framework across different haze distributions, quantitative
evaluations are performed on both synthetic and real-world
benchmark datasets. Since paired ground truth is avail-
able only for part of the evaluation set, the analysis
includes both full-reference metrics for fidelity assessment
and no-reference perceptual metrics for real-world quality
evaluation.

1) COMPARISON METHOD SELECTION

To ensure a rigorous and representative evaluation, the
comparison set is structured to span five major methodolog-
ical paradigms in image dehazing: (i) prior-based methods

96355



IEEE Access

H. Khan, S. W. Kim: Semi-PhysHDNet: OCHD and Uncertainty-Calibrated Learning for Dense Dehazing

V4 wio PCARM

FIGURE 12. Qualitative ablation on NH-HAZE. From left to right: hazy input, full model, and reduced variants obtained by removing SSFRM,
OCHD, PCARM, UCSSL, and semi-supervised fine-tuning, followed by ground truth.

(DCP [3]), providing physically interpretable baselines;
(i1) early CNN methods (DehazeNet [4], AOD-Net [5],
EPDN [26]), which learn direct haze-to-clean mappings with-
out global context modeling; (iii) attention and multi-scale
CNN methods (GD-Net [6], FFA-Net [8], MSBDN [9],
AECR-Net [20]), which enhance feature discrimination
via spatial and channel attention; (iv) transformer-based
methods (Dehamer [11], DehazeFormer [12], Restormer [29],
OKNet-S [30]), which model long-range dependencies and
represent the current state of the art; and (v) semi-supervised
and real-domain adaptation methods (D4+ [28], TSMD-
Net [27]), which leverage unpaired real-world data and
are most comparable to the proposed framework. This
structured selection enables evaluation across increasing
model complexity and directly benchmarks the proposed
semi-supervised design against methods addressing domain
shift.

Table 2 reports quantitative comparisons on RESIDE
(Outdoor/Indoor), O-HAZE, NH-HAZE, and Dense-HAZE.
Prior-based and early CNN methods exhibit limited per-
formance, particularly under dense and non-uniform haze,
reflecting weak generalization beyond synthetic conditions.
In contrast, attention-based CNN and transformer models
provide substantial improvements through enhanced feature
modeling and global context integration. Among these,
Dehamer and DehazeFormer achieve strong performance
on RESIDE benchmarks, while GD-Net, MSBDN, and
FFA-Net remain competitive on selected real-world datasets.
The margin observed on RESIDE benchmarks is expected:
OKNet-S [30] is trained exclusively on large-scale paired
synthetic data (ITS: 13,990 pairs; OTS: 313,950 pairs) with
a loss objective optimized solely for synthetic PSNR, placing
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it in-domain on SOTS evaluation; the proposed framework
sacrifices a marginal RESIDE gain in exchange for robust
semi-supervised adaptation to real-world haze, as evidenced
by superior performance on O-HAZE and Dense-HAZE.

The proposed Semi-PhysHDNet achieves the most consis-
tent overall performance, obtaining the highest PSNR/SSIM
on O-HAZE, NH-HAZE, and RESIDE (Outdoor), as well as
the best SSIM on RESIDE (Indoor). Although DehazeFormer
slightly outperforms the proposed method on Dense-HAZE
and indoor PSNR, the proposed framework demonstrates
superior cross-dataset stability, indicating improved robust-
ness under varying haze densities and real-world conditions.

Compared to purely data-driven approaches, the proposed
method benefits from explicit physical modeling, which
reduces over-enhancement artifacts and improves structural
consistency. In contrast to transformer-based methods that
rely solely on global attention, the integration of disen-
tanglement and uncertainty modeling allows the proposed
framework to better handle non-uniform haze and domain
shift.

Table 3 reports no-reference perceptual evaluation on
RTTS, where the absence of clean ground-truth references
makes metrics such as NIQE, FADE, and BRISQUE the
primary basis for assessing real-world dehazing quality.
The proposed method achieves the lowest FADE score
(0.807) across all compared methods, indicating superior
haze density suppression in unconstrained outdoor scenes.
It also records a competitive BRISQUE of 27.94, out-
performing Dehamer [11] (33.866), SSLD [23] (32.428),
and MSBDN [9] (28.743), and approaching RIDCP [31]
(18.782), a method specifically optimized for real-image
perceptual quality via reference-guided color priors.
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FIGURE 13. Visual error analysis on NH-HAZE. Top: dehazed outputs of different ablation variants. Bottom: absolute error maps with respect
to the ground truth.

The relatively higher NIQE score of the proposed method
(4.859) compared to MSBDN (3.154) and SSLD (3.489)
requires contextual interpretation grounded in cross-metric
analysis. NIQE measures the statistical deviation of an image
from a naturalness model trained exclusively on haze-free
natural images [43]; consequently, methods that achieve
lower NIQE do not necessarily produce better-dehazed
images; they may simply produce outputs whose statistical
distribution more closely resembles natural images, which
can arise from incomplete haze removal rather than genuine
scene restoration.

This interpretation is directly supported by the cross-metric
evidence in Table 3. MSBDN achieves the lowest NIQE
(3.154) but simultaneously records a FADE score of 1.363,
nearly 1.7x worse than the proposed method’s FADE
of 0.807, indicating substantially more residual haze in
its output. Since FADE directly measures perceptual haze
density [45], MSBDN’s strong NIQE score is attributable
to incomplete haze suppression preserving natural image
statistics, not to superior perceptual quality. Similarly, SSLD
achieves NIQE of 3.489 but records BRISQUE of 32.428,
worse than the proposed method’s BRISQUE of 27.940,
indicating higher levels of perceptual distortion despite the
lower NIQE.

In contrast, the proposed method achieves the best FADE
score (0.807) confirming the most effective haze suppression;
the best BRISQUE (27.940) among all learning-based meth-
ods, confirming structural fidelity and absence of perceptual
distortion; and a competitive NIQE consistent with a method
that performs genuine haze removal rather than statistical nat-
uralness optimization. The joint optimization across all three
no-reference metrics, particularly the simultaneous best-
in-class FADE and competitive BRISQUE, constitutes the
perceptual evidence that the proposed method’s higher NIQE
reflects effective physics-guided reconstruction rather than
perceptual quality degradation. This multi-metric perceptual
validation corroborates the reference-based PSNR/SSIM
results and the VIF/FOM analysis in Table 4, collectively
confirming the perceptual soundness of the proposed frame-
work. To avoid relying on NIQE alone, we further analyze
perceptual quality using BRISQUE and FADE and structural
preservation using VIF and FOM. These complementary
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metrics show that the proposed method maintains strong
haze suppression and edge fidelity even when NIQE is
not the lowest, indicating that NIQE should be interpreted
together with perceptual and structural measures rather than
in isolation.

2) ADDITIONAL METRICS (VIF AND FOM)

To further strengthen the quantitative evaluation, we addition-
ally report Visual Information Fidelity (VIF) and Figure of
Merit (FOM) across both synthetic and real-world datasets,
as summarized in Table 4.

VIF measures the mutual information between the restored
image and the ground truth, reflecting structural fidelity,
while FOM evaluates edge preservation by comparing
gradient-based structural consistency.

The proposed method achieves high VIF scores on
RESIDE Indoor (0.2436) and Outdoor (0.1953), indicating
strong structural reconstruction under controlled synthetic
conditions. On real-world datasets, VIF values decrease
(e.g., 0.0715 on Dense-HAZE), which is expected due
to the increased difficulty of recovering structure under
dense and spatially non-uniform haze. Despite this, the
method maintains consistent performance across NH-HAZE
(0.0975) and O-HAZE (0.1260), demonstrating robustness to
real-world degradations.

Similarly, the FOM scores remain high across datasets,
with values exceeding 0.95 on synthetic data and maintaining
strong performance on real-world datasets (average 0.8759).
The reduction in Dense-HAZE (0.7224) is consistent with
the severe attenuation of edges under dense haze, indicating
that the observed trend reflects inherent task difficulty
rather than model limitations. Overall, the combined VIF
and FOM results validate that the proposed framework
effectively preserves both structural information and edge
details, with performance trends that are physically and
statistically consistent across varying haze conditions.

Overall, the quantitative results demonstrate that the
proposed model offers a favorable balance between synthetic
benchmark accuracy and real-world perceptual quality. The
results on Dense-HAZE show that there is still a narrow gap
with the strongest transformer-based competitor, suggesting
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that extremely dense and highly structure-degraded scenes
remain challenging. Nevertheless, the proposed method
exhibits stronger overall stability across diverse datasets
than several competing methods, which supports its practical
applicability in both controlled and real-world settings.

Fig. 15 represents PSNR and SSIM comparison across
four benchmarks. The proposed method consistently achieves
the highest or competitive scores across all datasets, with
particularly strong gains on O-HAZE and NH-HAZE, where
real-world non-homogeneous haze is present.

TABLE 8. Task-driven evaluation on Foggy Cityscapes using pretrained
YOLOv8s without fine-tuning.

Input Avg. Det./ImageT  Avg. Confidence?
Hazy (no preprocessing) 8.77 0.599
Ours + YOLOVSs 11.01 0.574
Clear (upper bound) 11.03 0.575

C. QUALITATIVE EVALUATION OF VISUAL RESTORATION
To complement the quantitative evaluation, we present visual
comparisons across multiple benchmark datasets to examine
haze removal quality, structural recovery, contrast restoration,
and color fidelity under different scene conditions.

Fig. 6 shows qualitative comparisons on O-HAZE and
SOTS Outdoor against MSCNN [46], AOD-Net [5], GD-
Net [6], Dehamer [11], and Deformer [12]. MSCNN and
AOD-Net improve visibility, but the outputs still retain haze
residue and limited contrast. GD-Net restores stronger scene
content, yet some regions appear uneven and less natural.
Dehamer and Deformer recover richer details, although color
deviation and over-enhancement can still be observed in
challenging areas. In contrast, the proposed method yields
clearer structures, better contrast, and more stable color
restoration, while preserving a natural appearance. The
results suggest that the proposed model achieves a better
balance between haze removal and detail fidelity across both
synthetic and real outdoor scenes.

Fig. 7 shows visual comparisons on Dense-Haze
Indoor and I-HAZE against AOD-Net [5], GD-Net [6],
LDFormer [47], and DDPM-based dehazing [48]. AOD-Net
and GD-Net improve visibility, but residual haze and weak
contrast remain apparent. LDFormer enhances contrast more
strongly, yet some regions exhibit unstable restoration and
unnatural appearance. The DDPM-based method recovers
smoother content, but fine details and tonal fidelity are
still limited. In comparison, the proposed method produces
clearer structures, better contrast, and more natural color
reproduction, while avoiding the under-enhancement and
artifacts observed in competing methods. These results
indicate that the proposed model provides a more balanced
restoration under dense and non-uniform haze.

Fig. 8 presents a visual comparison between the proposed
method and representative dehazing approaches on the
RESIDE-Outdoor dataset. Early CNN-based methods such
as AOD-Net tend to under-compensate for haze, leaving
residual atmospheric artifacts, while attention-based models
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such as GD-Net and FFANet improve contrast but often
introduce over-enhancement or color distortion. Transformer-
based methods such as DehazeFormer recover global struc-
tures more effectively; however, they may still produce
inconsistent restoration in regions with spatially varying haze
density. In contrast, the proposed Semi-PhysHDNet achieves
more balanced restoration, simultaneously preserving fine
structural details (e.g., edges of buildings and objects),
maintaining natural color consistency, and effectively sup-
pressing haze in both foreground and background regions.
This behavior is attributed to the joint effect of frequency-
aware refinement, disentangled representation learning, and
physics-constrained reconstruction, which together improve
robustness under non-uniform haze conditions.

Fig. 9 shows qualitative comparisons on Dense-Haze
against DCP [3], DehazeNet [4], AOD-Net, GD-Net, FFA-
Net [8], MSBDN [9], and KDDN [49]. Traditional and
lightweight methods such as DCP, DehazeNet, and AOD-Net
do not recover dense haze well, and their outputs still exhibit
heavy veil, weak contrast, or color bias. GD-Net, FFA-Net,
MSBDN, and KDDN restore stronger structures; however,
some results remain over-enhanced or visually less stable
in severely degraded regions. In comparison, the proposed
method produces clearer scene structures, more balanced
contrast, and more natural color restoration, yielding a result
that is visually closer to the ground truth. Fig. 11 presents
qualitative comparisons on Foggy Cityscapes against DCP,
YOLY [50], and SGID [51]. DCP improves global visibility,
but the restored images still show residual haze and reduced
tonal consistency. YOLY produces stronger enhancement, yet
some regions appear over-darkened and less balanced. SGID
recovers clearer scene content, but haze traces and contrast
instability remain visible in distant areas. In comparison,
the proposed method provides cleaner structural recovery,
more balanced contrast, and more natural visual consistency,
yielding results that are perceptually closer to the reference
image.

1) INTERMEDIATE FEATURE ANALYSIS

To further validate the internal behavior of the proposed
framework, Fig. 5 presents intermediate outputs corre-
sponding to key components of Semi-PhysHDNet. The
SSFRM output demonstrates enhanced structural contrast,
confirming its role in frequency-aware edge preservation. The
OCHD disentanglement map shows a clear spatial separa-
tion between content-dominant and haze-dominant regions,
indicating effective orthogonal feature decomposition in
latent space. The predicted uncertainty map exhibits higher
responses in structurally ambiguous and heavily degraded
regions, validating the reliability of the heteroscedastic uncer-
tainty modeling used in UCSSL. Furthermore, the refined
transmission map produced by PCARM follows expected
depth-dependent behavior, aligning with the atmospheric
scattering formulation. These observations provide direct
interpretability of the proposed design and empirically verify
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FIGURE 14. Predicted uncertainty maps produced by the UCSSL branch on real hazy images. Brighter

regions indicate higher predictive uncertainty.

PSNR and SSIM comparison across four benchmarks

(a) PSNR comparison (b) SSIM comparison

PSNR (dB)
SSIM

04
SOTS Outdoor ~ SOTS Indoor ~ O-HAZE NHHAZE SOTS Outdoor ~ SOTS Indoor  O-HAZL NH-HAZE

WSS DCP BN GD-Ne WS FFANc MM MSBDN BN AECR S Dchamer M Deformer M Ous

FIGURE 15. PSNR and SSIM comparison across four benchmarks.

that each module contributes as intended to the final dehazing
performance.

D. DETAILED EXPERIMENTAL ANALYSIS

1) QUANTITATIVE PERFORMANCE TRENDS

The results in Table 2 show that the proposed method
achieves consistently strong performance across both syn-
thetic and real-world datasets. In particular, the gains
on O-HAZE and NH-HAZE indicate effectiveness under
dense and spatially non-uniform haze conditions, where
purely supervised models often struggle to generalize. This
improvement is attributed to semi-supervised learning with
uncertainty-aware weighting, which reduces the impact of
unreliable pseudo-labels in challenging regions.

2) EFFECT OF MODULE INTEGRATION

The ablation results in Table 5 quantify the contribution of
each module and establish a consistent performance hierarchy
across model variants. The full model outperforms all ablated
configurations, confirming that each component provides
complementary benefits.

Among all components, UCSSL introduces the most
significant gain, with its removal causing the largest
performance drop. This highlights the critical role of het-
eroscedastic uncertainty weighting in suppressing unreliable
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pseudo-supervision, particularly in haze-dense and boundary
regions.

OCHD provides the second-largest contribution, indicating
that explicit separation of structural content and haze-related
features in latent space is essential for accurate reconstruc-
tion. The degradation observed when removing UCSSL and
OCHD reflects their complementary interaction between
robust representation learning and stable semi-supervised
optimization.

SSFRM contributes by preserving high-frequency struc-
tural details through directional subband processing, while
PCARM improves global consistency via iterative transmis-
sion refinement grounded in atmospheric priors. Disabling
semi-supervised adaptation further confirms the importance
of real-domain adaptation beyond purely supervised training.

Overall, these results show that the proposed architec-
ture gains performance through the synergistic integration
of frequency-aware refinement, disentangled representation
learning, physics-guided reconstruction, and uncertainty-
aware semi-supervised optimization.

3) CROSS-DATASET GENERALIZATION

Unlike several competing methods that perform strongly
on specific benchmarks, the proposed framework maintains
stable performance across all evaluated datasets. This indi-
cates improved robustness to variations in haze density and
scene characteristics, resulting from the unified integration
of frequency-aware refinement, disentangled representation
learning, and physics-constrained modeling.

4) COMPONENT-WISE CONTRIBUTION VISUALIZATION

Fig. 10 provides a visual interpretation of the ablation results
by explicitly quantifying the PSNR degradation caused by
removing each module under identical conditions. The results
reveal a clear contribution hierarchy: removing UCSSL and
OCHD results in the largest performance drops (> 3dB),
indicating that uncertainty-aware semi-supervised learning
and orthogonal disentanglement are the dominant compo-
nents driving performance. In contrast, SSFRM, PCARM,
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FIGURE 16. YOLOv8s-based task-driven evaluation on Foggy Cityscapes. From left to right: hazy input,

proposed dehazed result, and clear reference image.

and semi-supervised fine-tuning provide consistent but com-
paratively smaller gains, acting as supporting modules that
enhance structural fidelity and reconstruction stability. This
visualization complements the numerical ablation table and
further confirms that the proposed architecture achieves its
performance through the synergistic integration of multiple
components rather than reliance on a single module.

E. DISCUSSION OF MERITS, LIMITATIONS, AND DESIGN
TRADE-OFFS

1) MERITS

The proposed framework exhibits consistent advantages
across both synthetic and real-world benchmarks. First, the
joint effect of uncertainty-calibrated semi-supervised learn-
ing (UCSSL) and orthogonal content-haze disentanglement
(OCHD) provides a significant improvement under dense and
spatially non-uniform haze. This is reflected in the leading
performance on O-HAZE (23.98/0.867) and NH-HAZE
(20.87/0.789). Mechanistically, the heteroscedastic uncer-
tainty modeling attenuates unreliable pseudo-supervision
in severely degraded regions, thereby preventing error
propagation during semi-supervised optimization. Second,
the physics-constrained atmospheric reconstruction module
(PCARM) contributes to effective suppression of residual
haze, as evidenced by the lowest FADE score (0.807)
on RTTS. This behavior is consistent with the iterative
refinement strategy, which anchors transmission estimation
to physically grounded priors rather than relying solely
on learned feature mappings. Third, the proposed method
demonstrates strong cross-dataset consistency. While com-
peting transformer-based approaches achieve competitive
results on specific benchmarks, their performance varies
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across datasets, whereas the proposed framework maintains
stable performance across diverse haze distributions.

2) LIMITATIONS AND TRADE-OFFS
Despite these strengths, several limitations are observed.

Dense-haze reconstruction: On Dense-HAZE, Dehaze-
Former achieves slightly higher PSNR (24.01 vs. 23.57 dB)
and SSIM (0.815 vs. 0.789). This gap can be attributed to
the behavior of the physics-based reconstruction under near-
zero transmission conditions, where inversion of the atmo-
spheric scattering model becomes ill-conditioned, limiting
reconstruction fidelity.

Perceptual metric trade-off: The proposed method yields
a higher NIQE score (4.859) compared to MSBDN (3.154)
and SSLD (3.489). Since NIQE favors statistically smooth
outputs, methods that aggressively suppress high-frequency
details may achieve lower scores. In contrast, the proposed
framework prioritizes physically consistent reconstruction,
producing a different perceptual trade-off that is better
reflected by FADE and BRISQUE.

Edge preservation under semi-supervision: As with many
pseudo-label-based approaches, high-frequency boundary
regions may experience slight over-smoothing due to
uncertainty-weighted supervision. This effect is partially mit-
igated by the orthogonality constraint in OCHD, edge-aware
loss terms, and frequency-domain refinement; however,
minor boundary degradation can still occur under severe haze
conditions.

F. ABLATION ANALYSIS OF KEY COMPONENTS

To evaluate the contribution of each architectural component
independently, we perform a component-wise ablation in
which a single module is removed per variant while all
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FIGURE 17. Performance and runtime analysis of Semi-PhysHDNet across increasing haze densi? levels (8 € [0.5, 3.5]), evaluated on 30 RESIDE Indoor

clean images with synthetically generated haze using the atmospheric scattering model I = Je™

+A(1 - e—ﬂd). Left: PSNR decreases monotonically

from 28.75 dB to 10.85 dB, indicating progressive degradation under increasing haze density. Centre: SSIM drops from 0.991 to 0.260, reflecting loss of
structural fidelity at higher densities. Right: Inference time remains constant at 85.2 & 2.8 ms (11.7 FPS), demonstrating haze-density-independent

computational cost due to the feed-forward architecture.

remaining training conditions are held constant. Evaluation
is conducted on NH-HAZE, a dataset that poses a rigorous
testbed due to its dense, spatially non-uniform haze char-
acteristics. Table 5 reports quantitative results; qualitative
evidence is provided in Fig. 12, Fig. 13, and Fig. 14.

The ablation results in Table 5 exhibit a well-defined
two-tier contribution structure. UCSSL and OCHD con-
stitute the dominant tier, with their combined removal
accounting for the majority of total performance loss,
while SSFRM, PCARM, and semi-supervised fine-tuning
form a secondary tier of consistent but smaller contri-
butions. The clear magnitude separation between the two
tiers confirms that the model’s dehazing capability is
primarily driven by uncertainty-aware real-domain adap-
tation and physics-guided feature disentanglement, with
frequency-selective and physics-constrained modules provid-
ing complementary structural support.

1) UCSSL

Removing the Uncertainty-Calibrated Semi-Supervised
Learning branch yields the largest performance degradation,
with PSNR declining by 3.77dB and SSIM by 0.0911.
This magnitude indicates that uncertainty-aware weighting
of unlabeled real-domain samples is not a peripheral
regularizer but a core component of the training objective.
Without it, the model cannot selectively suppress unreliable
pseudo-supervision in ambiguous or heavily degraded
regions, resulting in systematic reconstruction errors under
dense haze.

2) OCHD

Ablating the Orthogonal Content-Haze Disentanglement
module produces the second-largest drop, 3.42dB in PSNR
and 0.0818 in SSIM. The near-parity of this reduction with
that of UCSSL, combined with the functional orthogonality
of the two modules, establishes that they address distinct
and non-overlapping failure modes. OCHD enforces explicit
separation between scene-content and haze-related feature
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subspaces in the latent representation, thereby reducing
inter-component interference during decoder reconstruction.

3) SSFRM

Omitting the Subband-Selective Frequency Refinement
Module reduces PSNR by 2.24dB and SSIM by 0.0531.
The substantially smaller gap relative to UCSSL and OCHD
correctly positions SSFRM as a structurally supportive
component: wavelet subband decomposition improves the
encoder’s sensitivity to fine-grained structural detail and
attenuates haze-induced frequency artifacts, therefore, does
not independently govern the core dehazing pathway.

@. PCARM . . .

isabling the Physics-Constrained Atmospheric Recon-
struction Module results in a 1.96dB PSNR drop and a
0.0464 SSIM reduction. This confirms that physics-informed
transmission estimation provides non-trivial regularization,
particularly for spatially non-uniform haze regions where
purely data-driven feature extraction lacks the physical
inductive bias necessary for accurate atmospheric scattering
modelling.

5) SEMI-SUPERVISED FINE-TUNING

Removal of the real-domain fine-tuning stage yields the
smallest degradation, 1.75dB in PSNR and 0.0379 in
SSIM. The limited impact is consistent with its function
as a training-time domain adaptation step rather than a
structural modification and rules out the possibility that
the performance gains attributed to UCSSL and OCHD
are artifacts of the fine-tuning schedule rather than of the
architectural design.

The visual comparisons in Fig. 12 corroborate the quan-
titative hierarchy: the full model recovers sharper structural
boundaries, more accurate chrominance, and greater spatial
contrast than any ablated variant, with V3 (w/o OCHD)
and V5 (w/o UCSSL) exhibiting the most pronounced
residual haze and texture degradation. Fig. 14 shows that
the model’s predicted uncertainty is spatially concentrated
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in regions of severe degradation and structural ambiguity,
precisely the regions where UCSSL and OCHD jointly
provide the greatest reconstruction benefit. Fig. 13 provides
spatially explicit confirmation of these trends. The error maps
reveal that each removed component produces a qualitatively
distinct failure pattern, which collectively reinforces the
contribution hierarchy established in Table 5. V5 (w/o
UCSSL) and V3 (w/o OCHD) exhibit broadly distributed
reconstruction error across the scene, with consistently higher
average magnitude than the remaining variants. V2 (w/o
SSFRM), by contrast, produces spatially concentrated error
that is particularly pronounced at high-contrast structural
boundaries and architectural edges.

This spatial error pattern directly confirms the role of
SSFRM in preserving high-frequency boundary information:
its removal degrades edge fidelity in the final output,
consistent with its function as an edge-sensitive preprocessor
for the OCHD disentanglement stage. This observation fur-
ther supports the four-mechanism edge suppression strategy
described in Section III-F.

This distinction between diffuse global degradation in the
dominant variants and localised boundary artifacts in the
supporting variants is visually apparent in the error maps
and provides complementary spatial evidence for the two-tier
contribution structure that the quantitative metrics alone
cannot convey.

Hazy Input

FIGURE 18. Representative results on Dense-Haze NTIRE19 [52]. The
proposed method restores scene structure and visibility under extremely
dense haze, while slight color deviations remain in severely degraded
regions.

G. COMPUTATIONAL COST AND COMPLEXITY ANALYSIS

Table 6 compares parameter count and FLOPs across
representative dehazing methods. The proposed method
achieves the lowest FLOPs (32.74 G at 256x256) among
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all transformer-based approaches, including HITFormer
(35G), DehazeFormer-L (279.7 G), and Dehamer (870 G),
confirming that the proposed architecture design remains
computationally efficient despite its architectural scope. The
comparatively higher parameter count (28.98 M) reflects the
cumulative capacity of three task-specific modules: OCHD,
PCARM, and UCSSL. Each contributing dedicated parame-
ters for disentanglement, physics-guided reconstruction, and
uncertainty estimation, respectively. These components are
not redundant but serve functionally distinct roles that cannot
be collapsed without sacrificing the corresponding capability.
At the training resolution of 512x512, FLOPs increase
to 130.95 G, which still remains well below Dehamer and
FFA-Net at their respective resolutions.

1) RESOLUTION FOR COMPLEXITY COMPARISON

The proposed model is trained and evaluated at 512x 512 res-
olution in all experiments. However, for complexity com-
parison in Table 6, FLOPs are reported 256x256 to ensure
fair comparison with prior works, as most baseline methods
report complexity at this resolution.

To maintain consistency, FLOPs for the proposed method
are also computed 256 x 256 using the same implementation.
Since FLOPs scale approximately quadratically with spatial
resolution, this normalization enables a fair and standardized
comparison across different architectures.

2) RUNTIME AND HAZE DENSITY ANALYSIS

Fig. 17 presents a three-panel evaluation of Semi-
PhysHDNet across seven haze density levels f €
{0.5,1.0, 1.5, 2.0, 2.5, 3.0, 3.5}, synthesized using the atmo-
spheric scattering model I(x) =J(x)e A/® 1A (1 — eFI®),

I(x) = J(x)e P4® 4 4 (1 _ e‘ﬁd(x)) (33)

PSNR and SSIM degrade monotonically with increasing
haze density, reflecting the progressive loss of scene visibility
and structural information. The model achieves 28.75 dB/
0.991 under light haze (8=0.5), while performance decreases
to 10.85dB/ 0.260 at B=3.5, where transmission approaches
near-zero and the restoration problem becomes fundamen-
tally ill-posed.

Critically, the inference time remains constant at 85.2 +
2.8 ms per image (11.7 FPS on an RTX 4090 GPU) across
all haze levels. This behavior arises from the fixed-depth
feed-forward architecture, where inference requires a single
forward pass independent of degradation severity.

These results demonstrate that Semi-PhysHDNet main-
tains stable computational cost while degrading gracefully
in performance, confirming both efficiency and robustness
under varying atmospheric conditions.

H. TASK-ORIENTED EVALUATION FOR DOWNSTREAM
DETECTION

To evaluate the practical benefit of the restored images,
we further perform a task-driven analysis on Foggy
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Cityscapes using a pretrained YOLOv8s detector without
fine-tuning. Unlike pixel-level metrics, this experiment
examines whether dehazing improves downstream object
perception under adverse visibility conditions.

Fig. 16 shows representative detection results on hazy,
dehazed, and clear images. Under hazy input, several distant
or low-contrast objects are missed. After dehazing, more
vehicles, pedestrians, and traffic-related targets become
detectable, and the overall detection pattern becomes closer
to that of the clear reference image.

Table 8 reports the quantitative results. The proposed
method increases the average number of detections per image
from 8.77 to 11.01, corresponding to a 27.8% improvement.
At the same time, the average detection confidence remains
within a similar range across hazy, dehazed, and clear inputs.
This suggests that hazy images are still confident on a few
clearly visible objects, whereas the proposed method reveals
substantially more valid objects without introducing obvious
false positives.

I. LIMITATIONS AND CHALLENGING CONDITIONS

Despite strong and consistent performance across both syn-
thetic and real-world benchmarks, two operating conditions
reveal the boundaries of the current framework.

Fig. 18 illustrates the three most challenging cases from
Dense-Haze NTIRE19, where transmission values approach
zero across large spatial extents, effectively reducing input
images to near-featureless fields. Spatial layout, object
boundaries, and depth ordering are successfully recovered in
all cases; however, the reconstructed outputs exhibit residual
color saturation discrepancy relative to ground truth. This
degradation is mechanistically tied to the PCARM branch,
whose physics-guided transmission refinement becomes
ill-conditioned as #(x) — 0, causing the atmospheric
scattering model to lose its discriminative capacity for
separating scene radiance from airlight.

This observation motivate two targeted directions for
future investigation: spatially adaptive atmospheric light
estimation conditioned on local illumination context
and transmission refinement formulations that preserve
numerical stability under near-degenerate low-transmission
conditions.

V. CONCLUSION

In this paper, we presented Semi-PhysHDNet for image
dehazing under dense, non-uniform, and real-world haze con-
ditions. The proposed framework integrates subband-selective
frequency refinement, orthogonal content-haze disentangle-
ment, physics-constrained atmospheric reconstruction, and
uncertainty-calibrated semi-supervised learning within a
unified restoration pipeline. Experimental results on both
synthetic and real-world benchmarks show that the proposed
method achieves strong and stable performance across
diverse haze distributions, while the task-driven evaluation
further confirms its practical value for downstream object
detection.
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Although the proposed framework achieves favorable
computational efficiency in terms of FLOPs, its parameter
count of 28.98M can be further reduced through structured
pruning or knowledge distillation without compromising
the interpretability of its modular design. In addition, the
current uncertainty modeling focuses on aleatoric uncer-
tainty, and extending it to capture epistemic uncertainty may
further improve robustness under out-of-distribution haze
conditions. Future work will also investigate the general-
ization of the proposed disentanglement and physics-guided
reconstruction strategy to related adverse-visibility problems,
including rain streak removal, video dehazing, and underwa-
ter image enhancement.
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