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Abstract

This supplementary material first presents a theoretical jus-
tification of the Cross-domain Invariant Manifold (CIM) un-
der the atmospheric scattering model. It further elaborates
the mathematical derivation of our physically-grounded
HSV constraint and provides comprehensive details of the
complete network architecture. The document also in-
cludes extensive experimental analyses, encompassing do-
main ablation studies and additional visual comparisons
that demonstrate the superiority of CIM-D across diverse
hazy scenarios. Finally, we conclude the broader impacts
of our proposed approach.

A. Theoretical Justification of the Cross-
domain Invariant Manifold (CIM)
Setting and notation. Let Iis ∈ X denote the i-th image
with state s ∈ {h, c}, where h and c correspond to hazy
and clear, respectively. X denotes the training dataset con-
taining hazy and clear images. For each of the five domains
k ∈ {1, . . . , 5} in CIM-D (namely spatial (SPA), frequency
(FRE), non-local (NOL), diffusion (DIF), and compressed-
sensing(CS)) a domain-specific encoder Φk processes Iis
and outputs a global feature vector

f i,ks = Φk(I
i
s) ∈ RDk

feat,k, (18)

where Dk is the feature dimensionality of domain k, and
RDk

feat,k denotes the corresponding feature space. Then, a
shared domain-translation network P maps each domain
feature to a unified CIM representation:

zi,ks = P
(
f i,ks

)
∈ M, (19)

where M denotes the cross-domain invariant manifold,
i.e., a low-dimensional latent space that contains the
embeddings zi,ks produced by P .

A.1 ASM scattering semantic on CIM
Although haze manifests differently across domains, its for-
mation is universally governed by the Atmospheric Scatter-
ing Model (ASM) [42]:

Ih = J · t+A ·
(
1− t

)
, (20)

where Ih is the hazy observation, J is the scene radiance,
t is the transmission map, and A is the global atmospheric

light. A clear image Ic corresponds to the limiting case
t→ 1, causing the scattering term to vanish.

To formally connect the CIM with the Atmospheric Scat-
tering Model (ASM), we recognize that haze formation is
governed exclusively by the transmission map t and the at-
mospheric light A, while the scene radiance J represents
the underlying content, independent of the scattering pro-
cess. (This principle has been empirically validated by
recent work, PHAT [50], which demonstrates that the scat-
tering parameters (t,A) extracted from hazy images can be
transferred to arbitrary clear images to synthesize new hazy
scenes. This confirms that the scattering process is indeed
separable from scene content and can be shared across dif-
ferent images.) This physical distinction motivates the def-
inition of an abstract scattering state for an image Is as a
function of the scattering parameters:

η(Is) = ϕ(t,A) ∈ Rpscat, (21)

where Rpscat denotes the p-dimensional scattering-parameter
space of (t,A). ϕ maps the physical scattering parame-
ters to an abstract state representation η(Is). Critically, the
scene radiance J is excluded from this state. It is precisely
the entanglement between the inherent scene attributes J
and the scattering variables (t,A) that causes conventional
methods to misidentify haze characteristics. The scattering
state η(Is) serves as a physical anchor to disentangle this
ambiguity, encoding only the scattering condition irrespec-
tive of scene content.

Note that the scattering state η(Is) is an abstract rep-
resentation, as real-world haze involves more complexities
than two global parameters. We do not require the CIM to
explicitly reconstruct (t,A); instead, we design the learn-
ing such that the dominant variations in M correlate with
changes in the scattering state and are invariant to scene
content J . This leads to a manifold structured by scatter-
ing semantics.

A.2 Cross-domain Consensus Learning on CIM
The extraction of scattering states fundamentally relies on
the regularity of atmospheric scattering effects as images
transition from clear to hazy conditions. This regularity in-
herently encodes atmospheric scattering semantics. In our
work, we select five distinct domains—spatial, frequency,
non-local, diffusion, and compressed-sensing—as our pro-
cessing targets precisely because haze exhibits discernible
and consistent patterns across these domains, as visually
demonstrated in Fig. 9:
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Figure 9. The impact of haze across different domains

• Spatial Domain: Haze systematically reduces image
contrast and sharpness, enhancing low-frequency compo-
nents while diminishing high-frequency details.

• Frequency Domain: Haze disturbs the magnitude spec-
trum distribution, causing attenuation of high-frequency
coefficients and concentration of low-frequency energy.

• Non-local Domain: Haze disrupts inherent similarity re-
lationships between image patches. Specifically, it re-
duces similarity between originally similar patches, while
artificially increasing similarity between originally dis-
similar patches due to atmospheric light homogeniza-
tion—thereby interfering with non-local self-similarity
priors.

• Diffusion Domain: Haze alters the feature evolution tra-
jectory during the diffusion process, causing the denois-
ing path to deviate from that of clear images.

• Compressed-sensing Domain: Haze impairs sparse rep-
resentation in the compressed-sensing domain. For exam-
ple, in the DCT [29] domain, haze disturbs the sparsity of
transform coefficients and causes their distribution to de-
viate from the expected concentration.

In an ideal scenario, the projection from each domain
would yield the same physics semantics embedding for a
given image. However, due to domain-specific biases, we

model the projection as:

zi,ks = z̄is + δk, (22)

where z̄is is the ideal consensus embedding depending only
on η(Iis), and δk is the domain-specific residual.

To robustly estimate z̄is and suppress δk, we use the con-
sensus density ρs(z) (geometric mean of domain-wise den-
sities). This product-of-experts formulation ensures that
high density is assigned only to points with cross-domain
agreement, thus filtering out domain-specific deviations.

Building upon the structured manifold, Lssa (Eq. 8) re-
inforces consensus by pulling together high-density embed-
dings across domains while pushing away low-consensus-
density samples m−, creating a self-reinforcing cycle that
sharpens density peaks. Meanwhile, Ldmt guides the de-
hazed embedding md (Eq. 10) toward high-density clear
regions (µc) and away from both hazy and low-consensus-
density areas (µh and m−). The clear and hazy prototypes
{µc} and {µh}, obtained via density-peak clustering of
their respective consensus density fields, capture multiple
modes of the scattering state distribution and provide di-
verse semantic anchors for the traversal process. The adap-
tive weight w from Eq. 10 ensures this traversal remains
within physically plausible regions.

B. Derivation of Physically-Grounded HSV
Constraint
HSV-RGB Conversion Given HSV values with H ∈
[0, 1], S ∈ [0, 1], V ∈ [0, 1], we can derive these compo-
nents: 

C = V S,

X = C
(
1− |(6H mod 2)− 1|

)
,

m = V − C,

(23)

Let i be the integer part of 6H (i.e., i = ⌊6H⌋), which
serves as the hue sector index. The RGB components are
then given by

(R,G,B) = (Ri +m, Gi +m, Bi +m), (24)

where

(Ri, Gi, Bi) =



(C,X, 0), i = 0,

(X,C, 0), i = 1,

(0, C,X), i = 2,

(0, X,C), i = 3,

(X, 0, C), i = 4,

(C, 0, X), i = 5.

(25)

For clarity of exposition, we first detail the derivation for
hue sector i = 0; the final constraint is independent of i and



therefore holds for all sectors i ∈ {0, . . . , 5}. In this case,
the spectral-balanced scene radiance Jw = (JwR , J

w
G , J

w
B )

can be written as
JwR = VJw ,

JwG = VJw − VJwSJw

∣∣(6HJw mod 2)− 1
∣∣,

JwB = VJw − VJwSJw ,

(26)

and similarly the hazy image Iw = (IwR , I
w
G , I

w
B ) under a

neutral atmospheric light Aw (with saturation SAw ≈ 0) is
given by

IwR = VIw ,

IwG = VIw − VIwSIw
∣∣(6HIw mod 2)− 1

∣∣,
IwB = VIw − VIwSIw .

(27)

Under neutral airlight, the hue is preserved, soHIw = HJw

in this case.

Remark on J , Jw and HSV Constraint Derivation. In
the classical atmospheric scattering model, the symbol J
denotes a haze-free scene radiance under an atmospheric
light A. In that formulation A is written as a global 3 ×
1× 1 vector. However, subsequent works have shown that,
especially for images with large sky regions or non-uniform
haze, it is more realistic to model the atmospheric light as a
smoothly varying airlight field A or airlight map rather than
a single constant vector [35, 43, 49]. In this supplement
we adopt this more general view and treat A as a spatially
varying map.

Based on the airlight map A, one [26] can conceptually
factor the clear radiance as J = R ⊙ A, where R is the
intrinsic surface reflectance and A plays the role of illumi-
nation. When A is chromatically biased, the corresponding
J also inherits color cast casused by atmospheric map A.
To work in a better-conditioned domain, our method intro-
duces a learnable spectral-balance matrix W ∈ R3×H×W

that acts elementwise on each pixel, and we define the spec-
trally balanced quantities:

Aw = A⊙W , (28)
Jw = J ⊙W (29)

= R⊙A⊙W (30)
= R⊙Aw, (31)

where ⊙ denotes element-wise multiplication. The spec-
trally balanced clear image Jw removes the color bias of A
while preserving the underlying reflectance R.

In the derivation of the HSV constraint below, we consis-
tently use Jw to denote the spectrally balanced clear radi-
ance, which aligns with the output of our disentanglement-
wise HSV network. For notational simplicity throughout

the main paper, we reuse the symbol J (without superscript)
to denote the dehazed image predicted by our network.

Then, based on spectrally balanced output Jw, we sub-
stitute the HSV expressions into the atmospheric scattering
model for each channel:

Iw = Jwt+Aw(1− t), (32)

one can collect terms in V and SV to obtain the following
two scalar equations:

VIw = VJw t+ VAw(1− t),

SIwVIw = SJwVJw t+ SAwVAw(1− t),
(33)

with SAw → 0 for neutral airlight. Eliminating the trans-
mission t from these equations yields the spectrally bal-
anced scattering constraint

VIwSIw

VAw − VIw
=

VJwSJw

VAw − VJw

, (34)

where, for notational simplicity, (VIw , SIw , VAw) are un-
derstood in the spectrally balanced domain. By the
piecewise-linear structure of the HSV↔RGB mapping, this
derivation holds for all hue sectors i ∈ {0, . . . , 5}. At this
point, we have thus derived the constraint term employed in
Eq. (15) of the main text.

C. Network Architecture and Implementation
Details
C.1 Domain-specific feature extractors
CIM-D employs five lightweight domain-specific feature
extractors {Φk}5k=1 that operate on the same input image
but encode complementary scattering effects induced by the
atmospheric scattering model (ASM).

Spatial feature extractor. We adopt a VGG-style convo-
lutional encoder [47] to capture local structural information
affected by haze, such as contrast decrease and edge degra-
dation. This design choice is motivated by VGG’s proven
effectiveness in representing local image structures, which
are critically altered during haze formation. The encoder
outputs a spatial feature vector f i,1s ∈ RD1

feat,1 that encodes
local contrast variations and structural information degrada-
tion due to atmospheric scattering.

Frequency Feature Extractor. We employ a frequency-
domain encoder based on Fast Fourier Convolution (FFC)
[8] to explicitly model the frequency-dependent effects of
atmospheric scattering. This design is motivated by the
physical insight that haze simultaneously suppresses high-
frequency components (corresponding to texture and edge



details) while enhancing low-frequency components (asso-
ciated with the atmospheric veil). By analyzing the spec-
tral distribution, the encoder captures this characteristic fre-
quency shift induced by scattering phenomena. The result-
ing frequency feature vector f i,2s ∈ RD2

feat,2, encodes the dis-
tinctive spectral signature of haze, providing complemen-
tary information to spatial-domain representations.

Non-local feature extractor. We employ a non-local at-
tention encoder [52] to capture long-range dependencies
altered by haze scattering. This design is motivated by
the observation that atmospheric scattering disrupts natu-
ral self-similarity patterns across image regions, making
global affinity relationships crucial for characterizing haze
distribution. The encoder outputs a non-local feature vector
f i,3s ∈ RD3

feat,3, that encodes changes in long-range correla-
tions and self-similarity patterns induced by haze.

Diffusion feature extractor. For diffusion domain, our
implementation uses a simplified forward-diffusion plus de-
noising pipeline inspired by DDPM-style denoisers [23].
This design is motivated by the observation that haze fun-
damentally alters the natural image distribution, shifting it
away from clear image statistics. The diffusion process in-
herently models these distributional shifts, allowing us to
extract features that characterize how haze perturbs the im-
age’s trajectory through the diffusion space. Given an input
image, we sample a small set of timesteps {τℓ}Lℓ=1 from
a fixed noise schedule and generate noisy versions xτℓ via
the forward diffusion process. A lightweight U-Net de-
noiser with shared weights across timesteps then predicts
the clean image from each xτℓ . We compute residuals be-
tween the noisy and denoised images, fuse them with cor-
responding timestep embeddings, and employ a final linear
layer to produce the diffusion feature vector f i,4s ∈ RD4

feat,4.
This feature vector captures how the image responds to it-
erative diffusion-based denoising under haze, reflecting the
statistical deviations induced by scattering effects.

Compressed-sensing feature extractor. We implement
a compressed-sensing based encoder to capture how haze
degradation affects the sparse representations of natural im-
ages. This approach is motivated by the observation that
haze introduces structured noise that disrupts the inherent
sparsity of clear images in transform domains. Our im-
plementation follows non-iterative CNN reconstructor de-
signs such as ReconNet [30]. Specifically, the input image
is vectorized and projected using a fixed random Gaussian
measurement matrix (with orthonormalized rows) at a spec-
ified sampling ratio, producing compressed measurements
y. These measurements are processed by a shallow CNN-
based reconstructor that generates a coarse reconstruction
x̂. We compute the reconstruction residual r = x − x̂

and concatenate x̂ with r along the channel dimension. A
convolutional head followed by global pooling and a linear
layer then produces the compressed-sensing feature vector
f i,5s ∈ RD5

feat,5, which encodes how haze perturbs structured
sparsity and reconstruction behavior.

Notably, the backbones of all feature extractors are pre-
trained as provided in their original publications and remain
fixed throughout the training of CIM-D.

C.2 Domain Translation Network and Spectral-
Balance Network
Domain translation network. The domain translation
network transforms domain-specific features into a unified
cross-domain invariant manifold through a two-stage archi-
tecture, as illustrated in Fig. 10.
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(1) Domain-specific projection heads: Each domain
feature f i,ks ∈ RDk

feat,k first passes through a dedicated 4-
layer MLP projection head, with each layer comprising lin-
ear transformation, layer normalization, and GELU activa-
tion. These domain-specific projections serve to unify fea-
ture dimensions and perform initial coordinate transforma-
tion while preserving domain characteristics.

(2) Shared Manifold Mapping: The projected features
hi,ks are then transformed by a shared network composed of
4 residual MLP blocks. This network, followed by Sigmoid
activation function, shared mapping enforces cross-domain
alignment by projecting all features into the common CIM
manifold M, where points from different domains repre-
senting the same physical scene cluster in high-density re-
gions. The resulting coordinates {zi,1s , . . . ,zi,5s } on M
capture consistent scattering semantics regardless of their
original domain.

Spectral-balance network. Inspired by [1], the spectral-
balance module implements the color compensation de-
scribed in Sec. 3.2 through a lightweight U-Net architecture
Bψ. This network maps the hazy image I to its spectrally
balanced version Iw = Bψ(I) · I , which is subsequently



utilized in the ASM and HSV constraints. The U-Net fol-
lows a symmetric encoder-decoder design, consisting of
multiple downsampling and upsampling stages, ReLU ac-
tivations, and skip connections between corresponding en-
coder and decoder levels. We initialize Bψ to approximate
a basic white-balancing function based on the color con-
sistency dataset [2], providing a reasonable starting point
for color correction. Nevertheless, such hand-crafted priors
cannot handle severely degraded scenes (e.g., dense haze
or sandstorms). Hence, during training, the network learns
residual spectral corrections under the guidance of the phys-
ical losses in Eq. 15-16, progressively refining its output to-
ward the ideal balanced radiance Jw.

C.3 Training Details

This section provides additional training parameter details
that were omitted from the main paper due to space con-
straints. In Eq. (3), the bandwidth parameter σ is set to 0.15
to control the neighborhood similarity scale in contrastive
learning. In Eq. (9), the scaling factor σg is set to 0.45
to regulate the similarity scaling in positive pair distribu-
tion. Both parameters are annealed during training: they
start from larger values (1 and 1.9, respectively) and gradu-
ally decay to their final values following a cosine schedule
with a total of 40 steps, enabling the model to first establish
coarse cross-domain consensus before refining fine-grained
similarity. We enhance each MConv block by integrating
a Mixed Attention Module at its end (see Fig .5), which
adaptively recalibrates the feature responses. For all convo-
lutional layers, we adopt ReLU variants (specifically Leaky
ReLU with a negative slope of α = 0.01 in our implementa-
tion) as the activation function. The final output is obtained
via a Tanh activation followed by linear scaling to [0,1]. To
ensure stable training, the atmospheric light intensity VA is
estimated robustly as the average of the top 0.1% bright-
est pixels in VI . For the channel decoupling loss Lcdr in
Eq. (11), the Gaussian parameters µi,j and σi,j are initial-
ized from the statistical analysis of clear images and jointly
optimized during training, allowing the model to adaptively
refine the target distribution. To ensure stable training, we
follow common practice by incorporating standard numeri-
cal safeguards (e.g., adding a small epsilon to denominators
or restricting numerical ranges) into our loss functions; we
omit further elaboration in the main text for brevity.

Inspired by [54], we also employ real-world clear im-
ages as additional inputs to our network architecture dur-
ing training, which significantly improves training stability
and convergence behavior. This approach provides stronger
physical constraints and helps the model learn more robust
feature representations for haze removal. To ensure fair
comparison, all competing methods in our experiments are
evaluated using either their publicly available pre-trained
weights or our re-implementations following the original

papers.

D Experiment Results
D.1 Progressive Domain Analysis of CIM
To systematically evaluate the contribution of each domain
in our CIM framework, we conduct a progressive domain
ablation study. We start by removing all domain-specific
extractors and gradually reintroduce them one by one, re-
sulting in variants CIM-D(1) to CIM-D(5), as illustrated in
Tab. 3.

Table 3. Progressive domain composition of CIM-D variants.

Variant Φ1 Φ2 Φ3 Φ4 Φ5

CIM-D(1) ✓ × × × ×
CIM-D(2) ✓ ✓ × × ×
CIM-D(3) ✓ ✓ ✓ × ×
CIM-D(4) ✓ ✓ ✓ ✓ ×
CIM-D(5) ✓ ✓ ✓ ✓ ✓

Qualitative Analysis: The visual comparisons pre-
sented in Fig. 11 reveal a progressive improvement across
model variants: while CIM-D(1) demonstrates basic dehaz-
ing capability, it suffers from blurred texture details and
residual haze in distant regions; CIM-D(2) significantly en-
hances high-frequency details yet occasionally amplifies
noise in certain scenarios and introduces uneven color dis-
tribution in some areas; CIM-D(3) improves structural con-
sistency across large regions and enhances long-range de-
pendency modeling, though severe detail blurring persists in
far-field areas; CIM-D(4) brings improved naturalness and
better handles complex haze distributions through genera-
tive priors, yet introduces certain artifacts in sky regions;
ultimately, CIM-D(5) achieves the optimal balance between
detail preservation, color fidelity, and structural consistency.

Quantitative Analysis: We evaluate the CIM-D vari-
ants on the SOTS dataset and present the performance
metrics in Figure 12. The results reveal a diminishing
marginal improvement trend, where the performance gain
from CIM-D(1) to CIM-D(3) is substantial, while improve-
ments from CIM-D(4) to CIM-D(5) become more modest.
This pattern suggests that the core haze semantics are ef-
fectively captured by the spatial, frequency, and non-local
domains, while diffusion and compressed-sensing domains
provide complementary refinements. Despite the dimin-
ishing returns, the complete CIM-D(5) framework achieves
the best overall performance, justifying the inclusion of all
five domains for robust dehazing across diverse scenarios.
Considering the trade-off between computational complex-
ity and performance gains as more domains are incorpo-
rated, we strategically adopt these five domains to maintain
an optimal balance.



(a) Hazy Image (b) CIM-D(1) (c) CIM-D(2) (d) CIM-D(3) (e) CIM-D(4) (f) CIM-D(5)

Figure 11. Visual comparison of CIM-D variants.
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D.2 Further Limitation Analysis

Our method exhibits two limitations: halo artifacts near
depth edges and over-smoothing in distant regions, as il-
lustrated in Fig. 13. These issues can be attributed to two
main factors: (1) the limited receptive field of the CNN-
based decoupler, which hinders the recovery of fine texture
details under severe degradation. This limitation is particu-
larly evident near depth discontinuities, where abrupt trans-
mission changes cannot be fully captured by local convolu-
tions. (2) the global formulation of our physical constraints,

which tends to over-smooth fine local discontinuities. In
low-contrast distant regions, the strong regularization im-
posed by the ASM-based losses suppresses high-frequency
details, leading to loss of texture. Future work will focus on
developing edge-aware physical constraints and more pow-
erful networks for chromatic separation.

D.3 Generalization Analysis
Additionally, our method shows robustness in nighttime
haze with mild non-uniformity, but may exhibit artifacts
near strong point light sources, as shown in Fig. 13. This
is likely due to the inherent assumption of global atmo-
spheric light uniformity in the ASM, which is violated by
localized intense illumination. Future extensions could in-
corporate spatially varying atmospheric light estimation to
handle such challenging scenarios.

D.4 Additional Visual Results
We provide extended visual comparisons to evaluate the ef-
fectiveness of our CIM-D framework against seven state-
of-the-art dehazing methods, including IDE [27], C2P [58],
KA-Net [18], PTTD [6], FSDGN [57], IPC [19], and
UCL [54]. Fig. 14 illustrates the results on four challeng-
ing scenes with varying haze densities and degrees of color
entanglement, while Fig. 15 presents additional visual com-
parisons across a wider range of scenarios. Our approach
consistently delivers superior dehazing outcomes, charac-
terized by more thorough haze removal, higher color fi-
delity, and better preservation of structural details. These
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extensive comparisons underscore the effectiveness of our
cross-domain learning strategy and spectral balancing tech-
nique in handling diverse hazy conditions.

E. Broader Impacts
Our CIM-D algorithm demonstrates strong performance on
real-world datasets by achieving unified physical consen-
sus and effective color-aware disentanglement. This ca-
pability enables robust dehazing under diverse challeng-
ing conditions, including complex haze distributions, col-
ored atmospheric effects (such as yellow sand haze and
blue/purple haze from specific particle scattering), and stan-
dard white haze. The method’s strong generalization across
varied haze types ensures reliable performance in adverse
imaging conditions, benefiting downstream applications
like autonomous driving, aerial photography, surveillance,
and computational photography. By advancing physically-
grounded image restoration, we believe our work will have
positive impacts on both academic research and industrial
applications.
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