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Abstract

Cloud removal (CR) remains a challenging task in remote
sensing image processing. Although diffusion models (DM)
exhibit strong generative capabilities, their direct applica-
tions to CR are suboptimal, as they generate cloudless im-
ages from random noise, ignoring inherent information in
cloudy inputs. To overcome this drawback, we develop a
new CR model EMRDM based on mean-reverting diffusion
models (MRDMs) to establish a direct diffusion process be-
tween cloudy and cloudless images. Compared to current
MRDMs, EMRDM offers a modular framework with updat-
able modules and an elucidated design space, based on a
reformulated forward process and a new ordinary differen-
tial equation (ODE)-based backward process. Leveraging
our framework, we redesign key MRDM modules to boost
CR performance, including restructuring the denoiser via
a preconditioning technique, reorganizing the training pro-
cess, and improving the sampling process by introducing
deterministic and stochastic samplers. To achieve multi-
temporal CR, we further develop a denoising network for si-
multaneously denoising sequential images. Experiments on
mono-temporal and multi-temporal datasets demonstrate
the superior performance of EMRDM. Our code is avail-
able at https://github.com/Ly403/EMRDM.

1. Introduction

Satellite imagery, as a fundamental remote sensing prod-
uct [68, 72], enables diverse applications including envi-
ronmental monitoring [59], land cover classification [34],
and agricultural monitoring [48]. However, cloud coverage
severely affects the usability of satellite imagery. Data anal-
ysis for the Moderate Resolution Imaging Spectroradiome-
ter (MODIS) on the Terra and Aqua satellites indicates that
about 67% of the Earth’s surface experiences cloud cover-
age [33]. Hence, cloud removal (CR) is a critical prelimi-
nary step in processing satellite imagery.
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Figure 1. Comparison of EMRDM (c) with generative DMs (a)
and MRDMs (b). Here, target is the cloudless image, pred is the
CR prediction result, mean is the cloudy image, and noisy mean
is the noisy cloudy image. The forward processes of (a), (b), and
(c) generate diffused images approximated by noise (for DMs) and
noisy mean (for EMRDM and MRDMs), respectively.

Recent advances in deep learning have driven the
progress of CR [62], with generative adversarial networks
(GANS) [20] becoming a predominant approach. However,
the effectiveness of GANs in CR is undermined by train-
ing instability [51] and mode collapse [3]. In comparison,
diffusion models (DMs) [23, 55, 56] can overcome these
limitations via enhanced training stability and output diver-
sity, setting new benchmarks in image synthesis [11] and
restoration [36]. Such advantages of DMs also extend to
CR tasks [29, 58, 71, 74].

Existing diffusion-based CR methods typically employ
vanilla DM frameworks that start the diffusion process
from pure noise (Fig. 1 (a)). However, this is unnecessary
as cloudy images contain substantial unexploited informa-
tion. Even worse, noise-initiated generation lacks pixel-
level consistency, inducing distortion [6] in restored images
due to poor fine-grained controllability. To resolve this, we
propose the integration of mean-reverting diffusion models
(MRDMs) [41] into CR. MRDMs start the diffusion pro-
cess directly from noisy cloudy images (Fig. 1 (b)), intrinsi-
cally preserving structural fidelity through pixel-level con-
sistency constraints. Specifically, the forward process pro-
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gressively diffuses the target image by injecting noise while
maintaining the cloudy image as the distribution mean,
yielding a noisy cloudy image (noisy mean). Subsequent
denoising in the backward process reconstructs the cloud-
less image (pred) while preserving structural consistency.

However, current MRDMs exhibit limitations due to
their intricately coupled modules and opaque relationships
among modules, impeding their application. Inspired by
the successful designs of EDM [31] in image generation,
we conduct an in-depth analysis of the underlying mathe-
matical principles of MRDMs to clarify the roles and in-
terrelationships of modules within the MRDM framework.
Based on these insights, we Elucidate the design space of
MRDMs and propose a novel MRDM-based CR model,
termed EMRDM. EMRDM offers a modular framework
by reformulating the forward process through a stochastic
differential equation (SDE) with simplified parameters and
introducing an ordinary differential equation (ODE)-based
backward process, as illustrated in Fig. | (c). The frame-
work offers two critical advantages: (1) an elucidated and
flexible design space enabling orthogonal module modifica-
tions, and (2) seamless compatibility with generative DMs.
Leveraging the advantages of our framework, we further
redesign key MRDM modules to boost CR performance,
focusing on the following enhancements: (1) We restruc-
ture the denoiser via a preconditioning technique, inspired
by image generation methods [31, 57], to adaptively scale
inputs and outputs of the denoising network according to
noise levels. (2) We reorganize the training process and
improve the sampling process. For practical sampling of
CR results, we introduce novel deterministic and stochastic
samplers based on the improved sampling process.

To achieve multi-temporal CR, we further develop a de-
noising network that processes arbitrary-length image se-
quences. Specifically, for L sequential cloudy images, our
architecture employs L weight-sharing encoders and bot-
tleneck modules, compresses temporal features through a
novel attention block, and reconstructs outputs via a sin-
gle decoder. The generated attention masks are preserved
and upsampled to various resolutions, serving as adaptive
weights to fuse temporal skip feature maps. The precondi-
tioning and training methods are modified to accommodate
multi-temporal scenarios through sequential input compat-
ibility optimization. During sampling, to ensure temporal
restoration consistency, we independently restore each tem-
poral instance under mono-temporal conditions and aggre-
gate results through a mean fusion operator (Fig. 1 (c)).

Our contributions are summarized as follows:

1) We propose a novel CR model EMRDM that offers a
modular framework with updatable modules and an elu-
cidated design space.

2) We develop a multi-temporal network with a temporal fu-
sion method to denoise arbitrary-length image sequences.

3) We restructure the denoiser via a preconditioning method,
improve training and sampling processes, and propose
novel stochastic and deterministic samplers.

4) Experiments on mono-temporal and multi-temporal cases
demonstrate the superior CR performance of EMRDM.

2. Related Work

Cloud Removal. CR methods are primarily divided into
traditional methods [37, 64, 65] and deep learning-based
methods, with the former offering better interpretability
but generally inferior performance compared to data-driven
methods. Deep learning-based methods are further catego-
rized into mono-temporal [4, 15-17, 21, 35, 43, 45, 63, 74]
and multi-temporal [14, 15, 24, 52, 71, 74] paradigms
based on single-image or sequential inputs. Mono-temporal
methods commonly employ vanilla conditional GANs
(cGANs) [20, 44] in early applications [4, 16, 21], with
improvements including spatial attention [45] and trans-
former architectures [35]. Alternative frameworks include
DMs [74] and non-generative models [15, 43, 63]. Multi-
temporal strategies mainly use temporal cGAN [24, 52],
temporal fusion attention (e.g., L-TAE [18, 19]) as in [15],
and sequential DMs [71]. CR methods are also classified as
mono-modal [16, 45, 74] or multi-modal, depending on the
use of auxiliary modalities, including infrared (IR) and syn-
thetic aperture radar (SAR) images. Multi-modal methods
involve modality concatenation [4, 14, 15, 21, 24, 43, 52]
and specialized fusion modules [17, 63, 71].

Diffusion Models. Recent advances in generative modeling
have witnessed DMs [23, 55, 56] surpass GANs [11] in im-
age synthesis. Notable improvements to DMs [9, 31, 46, 47]
have also been proposed, with EDM [31] and HDiT [9]
most crucial to our work. EDM presents a framework that
delineates the specific design decisions for DM compo-
nents, while HDiT introduces an efficient hourglass diffu-
sion transformer. Inspired by the success of DMs in image
generation, extensive studies have investigated their appli-
cations in image restoration [36]. These methods can be
categorized as supervised learning [1, 10, 38, 39,41, 42,49,
50, 61, 69] or zero-shot learning [8, 32, 40, 54, 60]. In the
first category, several methods focus on generating images
directly from noiseless or noisy corrupted images, such as
IR-SDE [41], InDI [10], ResShift [69], RDDM [39], and
I2SB [38]. Considering that starting with pure noise is in-
efficient, IR-SDE, InDI, ResShift, and RDDM all integrate
the corrupted image and noise within the diffusion process.
We extend this paradigm and apply it to CR.

3. Methodology

As illustrated in Fig. 2, we introduce the EMRDM frame-
work in Sec. 3.2, propose a novel multi-temporal denoising
network in Sec. 3.3, restructure the denoiser by the precon-
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Figure 2. (a) The EMRDM framework comprises a forward
process and a backward process that contains a denoiser. (b)
The denoiser consists primarily of a denoising network, where
the preconditioning module generates reparameterized factors
¢in (0) , Cout (0) 5 Csip (0) , Cnoise (o) based on noise level o(t). We
show the multi-temporal condition with the sequence length L.

ditioning technique in Sec. 3.4, and present our redesigned
training and sampling process in Sec. 3.5.

3.1. Preliminary

The forward process of DMs can be expressed as an SDE
proposed by Song et al. (Eq. 5 in [56]), as follows:

dz = f(x, t)dt + g(t)dw,, ()

where w; is a standard Brownian motion, € R¢ is an Ito
process, f(-,t) : R — R% and g(-) : R — R are the
drift and diffusion coefficients, respectively, and d is the di-
mensionality of images. Song et al. further derive a reverse
probability flow ODE (Eq. 13 in [56]) for sampling as

1
dz = f(w,t)—ig(tfvwlogpt(m) dt,

where p,(x) is the probability density function (pdf) of x
at time ¢. The score function V, log p;(x) is predicted by a
neural network. Therefore, the models proposed by [56], as
well as our models, are score matching models.

3.2. The EMRDM Framework

We reformulate the forward process of MRDMs to construct
a stochastic process {z(t)}L_, that transforms a target im-

age into its noisy cloudy counterpart. The new ODE-based
backward process iteratively denoises the corrupted images.
Forward Process. We transform the SDE in Eq. (1) into

dz = f(t)(x — p)dt + g(t)dw:, 3)

where p € R is the cloudy image, and the stochastic pro-
cess x(t) is simplified to . According to [41], Eq. (3)
can be viewed as a special case of Eq. (1) by defining
f(z,t) = f(t)(x — p). This setting yields a solution for
the pdf of x(¢) given x(0) and p:

por (@ (1) | @(0), 1) = s(8) " "Pos (B(t) | Zo(1)), )
x(t)

Pot(E(t) | Zo(t)) =N (s(t)’ azo(t),a(t)21> )
1 —s(t)

s(t) K,

where A (x; m, X) denotes the Gaussian pdf evaluated at
x, with mean m and covariance ¥. We define Z(t) =
x(t)/s(t). The values of s(t) and o(t) are as follows:

s(t>=exp< /Otf(ods),a(t): /Ogggjdg @

In our framework, s(¢) and o(t) are used instead of f(t)
and g(t) for the design simplicity. By introducing the mean-
adding term, i.e., 1;(‘1()” w, in Eq. (6), the mean of &(t) ap-
proximately shifts to p, unlike generative DMs with a final
mean of zero. Hence, the SDE in Eq. (3) is named the mean-
reverting SDE. Concretely:
* Att = 0, it is obvious that s(0) = 1 and o(0) = 0,

ensuring Z(0) = Z((0) = x(0).
1—s(T)

s(T)

to obscure x(0), ensuring that £(7T") has a mean almost

proportional to p and a standard variance equal to o (7).
With the techniques above, we establish a diffusion process
that bridges the target image «(0) and the cloudy image p
with noise m, ensuring pixel-level fidelity in CR outputs.
Notably, by omitting the mean-adding term (i.e., setting
s(t) = 1), the EMRDM framework reduces to the genera-
tive DM in [31]. Hence, our framework expands the bound-
ary of generative DMs.

See Appendix A.1 for derivations of the forward process.

Backward Process. We use s(t) and o(t) to derive the
backward ODE. Based on Eq. (2), we have

Zo(t) = z(0) +

(6)

e Atalarge t = T, we require to be large enough

p—&(t)o(t)se(Z(t)) | dt,  (8)

where s¢(Z(t)) = Vazu logp(&(t)) is the score func-
tion [27], a vector field pointing to the higher density of
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data, with 6 as its parameters. As s¢(&(t)) does not depend
on the intractable form of log p; (&(t)) [27], it can be easily
calculated. We use a denoiser function Dy (x; 0; ¢) to pre-
dict it, with « as the image input, o as the noise level input,
and c as the conditioning input. By training Dy as follows:

L(Dg,o(t)) :]E:zo(t)~pdamEn~N(o,g(t)21)

_ _ , 9
1 De (&0(t) +n;0(t);c) — Z0(0)]5
with pya, as the distribution of & (t), we can acquire
) Dy(Z(t); o (t);¢) + =20 — &(1)
so(&(t)) = © . (10)

o(t)”

Though it is common to directly use a neural network as
the denoiser Dy, it is suboptimal for stable and effective
training, as explained in Sec. 3.3. Hence, as shown in Fig. 2,
we restructure Dy by training a different network Fy via the
preconditioning technique. Sec. 3.3 provides details on Fp,
while the relationship between Fy and Dy is discussed in
Sec. 3.4. By substituting Eq. (10) into Eq. (8), we obtain

HONEEA0)

s o)

di(t) = l—
(11)

(De (Z(t);0(t);c) + 1 ;(:)(t)u - ﬂt)) ]dt.

See Appendix A.2 for the proof of Egs. (8) to (11). We re-
design the samplers based on this ODE, detailed in Sec. 3.5.
Generally, as depicted in Fig. 2 (a), at time 7', the samplers
iteratively use Dy to estimate x(0). The output &(0) is used
in Eq. (11) to compute the next-step image &(7 — 1) for N
steps, ultimately restoring the image.

Choices of s(¢) and o (t). It is essential to ensure o(0) = 0

and lim;_,q 1:(732()15) = 0. We adopt the linear choice o (t) = ¢

according to [31], and set s(t) = ﬁ where « controls
the mean reversion rate. Such settings yield a simpler SDE
parameterization compared to prior MRDMs [41].

3.3. Multi-temporal Denoising Network

Network Architecture. For mono-temporal CR, previous
improvements to the denoising network [2, 9, 46] can be di-
rectly used, as it is orthogonal to other modules. We choose
HDIT [9] for effectiveness and efficiency. To adapt HDiT to
CR tasks, we reset the input channels and remove the non-
leaking augmentation [30] and classifier-free guidance [22],
as they are unsuitable for restoration. Following [49], we
concatenate the noisy cloudy image & (t) +n with the con-
dition c. The condition includes cloudy images and optional
auxiliary modal images (e.g., SAR or IR images).

To extend HDiT to multi-temporal CR tasks, we propose
anew denoising network based on UTAE [19] to denoise se-
quential images. As shown in Fig. 3 (a), we retain the main

architecture of HDIiT and create L weight-sharing copies of
the encoder and middle HDiT blocks 3, while keeping the
decoder unchanged. In the bottleneck module, we introduce
a temporal HDiT block (THDiT), allowing sequential fea-
ture maps to be condensed into one map. Attention masks
are generated from THDIT and used to collapse the tempo-
ral dimension of the skip feature maps per resolution:
I G
o' = Concat Zbilinear(alg,i) ©ep? , (12)

=1 g=1

where o is the output skipping feature map to the decoder at
resolution level 7, af’ is the attention mask at head g and time

L eli’g is the input feature map from the encoder at head g,
time [/ and resolution level 7, GG is the number of heads, © is
the element-wise multiplication, and bilinear(-, 7) indicates
upsampling the map from the lowest resolution to level <.
Temporal HDiT Block. THDIT is modified from the orig-
inal HDiT block. As shown in Fig. 3 (b), we replace spatial
attention with our proposed temporal fusion self-attention
(TFSA) to merge sequential feature maps and generate at-
tention masks. We also introduce rearrangement layers to
ensure that the feature maps have the correct shape before
entering different blocks. As the temporal dimension col-
lapses after TFSA, we remove the residual connection.
Temporal Fusion Self-Attention. As shown in Fig. 3 (c),
TFSA adopts vanilla multi-head self-attention. Following
L-TAE [18], we define query, key and value matrices as
Q c R K = XW € REXW vV = X ¢ REXC
respectively. Here, we consider a single-head scenario and
omit the batch size dimension for simplicity. The feature
map X has a sequence length of L and C channels. Both
Q@ and K have dj, channels. We use X as V/, and project
it to K with weights W € RE*?_ Q is set as a learnable
parameter and initialized from a normal distribution, with a
sequence length of 1 to condense the temporal information.

3.4. Preconditioning

In this section, we restructure the denoiser via the precondi-
tioning technique to adaptively scale inputs and outputs ac-
cording to noise variance o(t), focusing on multi-temporal
CR, with the mono-temporal case covered by setting L = 1.
We use the superscript [ to represent the time point.

For training a network, it is advisable to maintain both
inputs and outputs with unit variance [5, 25], thus stabiliz-
ing and enhancing the training process. While directly train-
ing denoiser Dy is not ideal for this purpose, we train a net-
work Fj instead via the preconditioning technique to scale
inputs and outputs to unit variance, following EDM [31].
As shown in Fig. 2 (b), the relation between Dy and Fy is:

Dy ({&'}1::¢) = mean ({eun (0) '}y )

(13)
+ cout (0) Fy ({Cin (0) & M Cooise (0) C) :
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Figure 3. Illustration of the denoising network. (a) The network concurrently denoises sequences of noisy cloudy images (noisy mean),
cloudy images (mean), and optional auxiliary modal images (aux) to generate results (pred). The notation x L indicates L weight-sharing
copies. (b) We extend the original HDiT Blocks to THDIT Blocks to integrate temporal information. (c¢) TFSA collapses the temporal
dimension of inputs and generates the attention masks. For simplicity, we present a single-head scenario. Feature map dimensions are
indicated below each block, where [V is the batch size, H is the height, W is the width, L is the sequence length, C' is the channels of
feature maps, G is the number of heads, d. is the channels of condition vectors, and dj, is the channels of query and key matrices.

where o (t) is simplified to o and Z(t)" is simplified to &'.
The output shape of Fy differs from the input shape, which
requires a mean operator to reduce the temporal dimension
of {cuip (0) :il}lel. As our network can process sequential
images, {cin () #'}, does not need the mean operator. To
ensure that inputs and targets have unit variance, we intro-
duce four factors ciy (0), sip (0), Cou (o) and cnoise (0) to
scale the inputs and outputs governed by four hyperparame-
ters: oga, (the variance of target images), o, (the variance
of cloudy images), o, (the covariance between target and
cloudy images), and L (sequence length):

1
cn(0o) = , (14)
() \/Ugata + k202, + 02 + 2k0coy

2
O data + kJCOV

Cskin(0) = ; (15)
kp( ) Udata + k20-2 + %2 + 2k0cov
c t(U) _ kQO-r?‘lua-gata + Ufo'gata kQU?ov (16)
" O-gata + k20r2nu + %2 + 2kocoy ’
1
Cnoise(g) = Z 11’1(0’), (17)

where k represents k(t), and k(t) = T t()) Notably, set-

ting oy = ooy = 0 reverts Eqs. (14) to (17) to their origi-
nal form in EDM. See Appendix A.3 for derivations.

3.5. Training and Sampling

This section details the training and sampling processes un-
der the multi-temporal scenario, with the mono-temporal
case covered by setting L = 1.

Training. The training process is detailed in Algorithm 1.
We retain the training distribution of ¢ in [31] (line 2). Se-
quential images are then independently perturbed (lines 4
to 6) and denoised jointly (line 7). We further introduce a
parameter \ (o) to adjust the loss function at different noise
levels during training (line 9):

Eoo(o)n {AHDQ ({xo +n}E o, c) — (0 H ] , (18)

where )\ and :Eé represent A (o) and &} (t), respectively. We
set AM(o) = - ( FANPIEE in accordance with EDM [31].

Sampling. As outlined in Algorithm 2, we design a stochas-
tic sampler. It begins with the sequential sampling of noisy
images (lines 2 to 3). Within the sampling loop, ; is com-
puted (line 5) to perturb the time #; to a higher noise level #;
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Algorithm 1 Our training step with s(¢) = 1/(1 + «t) and
o(t) =t.

1: procedure TRAINSTEP(z(0), {y.l}lel, c, Dy)

2 sample In(0) ~ N (Prean, P2))

3 o + exp (In(0))

4: forl € {1,2,---,L}do

5: sample n! ~ N/(0, T)

6: &h(t) + x(0) + aop!, & (t) + &) (t) + on!
7

8
9

#(0) + Do ({&' (1)} ,;05¢) > Eq. (13)
Take gradient descent step on
VaEo,a(0),n [\(@)]2(0) — 2(0)]13] > Eg. (18)

Algorithm 2 Our stochastic sampler with s(t) =
1/(1+ «at) and o(t) = t.

Table 1. Quantitative results on (a) CUHK-CR1, (b) CUHK-CR2,
(c) SEN12MS-CR, and (d) Sen2_MTC_New datasets. The metrics
align with those used in prior studies on these datasets. The sym-
bols 1/] indicate that higher/lower values correspond to better per-
formance. The best results are highlighted in red bold underline,
while the second-best results are marked in blue bold. Dashed
lines separate diffusion-based approaches from others.

1: procedure STOCHASTICS AMPLER({ g/ }lel, ¢, Dy)

2 forl € {1,2,---,L}do

3 sample z}, ~ N (aop!,02I)

4: fori e {0,1,--- ,N — 1} do

5 Yi < Schum/N ift; € [Stmim Stmax} else 0

6: i <= ti +yils

7 forl € {1,2,---,L}do

8 sample €} € N (0,52, 1)

9 &l al +alf; —t)pl + /12 —t2e.  >Eq.(19)
10: forl € {1,2,---,L}do

1 di (@) - Do({@l}f,i030)) /hi b Eq. (1)
12: :l:é+1 — :i:i + (ti+1 — fz)di

13: @y « mean ({z} }F )

14: return x n

(line 6). Updated samples ﬁ:ﬁ at noise level ¢; are obtained:

&) = i+ (F(t:) = k(t:) p' + Y o(t:)? — o(ti)?e;, (19)

where €. denotes Gaussian noise. The Euler step (lines 10
to 12) based on Eq. (11) computes the next sample :cﬁ 41 for
each [. The loop ends with a mean operator to collapse the
temporal dimension of {z;}£_,. The method includes fol-
lowing hyperparameters: N, Schum, Stmins Stmax and Shoises
as in EDM. N is the number of sample steps. Schurn, Stmin
and Symax control «y;, while Spoise regulates the variance of
€l. The stochastic sampler becomes deterministic when set-
ting Schum = 0. In addition, we should set a range for
o when sampling. In other words, o(tny—1) = Omax and
o(to) = Omin- Both omax and o, are also hyperparame-
ters. The intermediate o values are interpolated following
EDM (Eq. 5in [31]). See Appendix A.4 for more details.

4. Performance Evaluation

4.1. Implementation Details

We conduct experiments on four datasets: CUHK-
CR1 [58], CUHK-CR2 [58] and SEN12MS-CR [13] for

Method (a) CUHK-CR1 (b) CUHK-CR2
PSNR{ SSIM{ LPIPS) |PSNR{ SSIM{ LPIPS|
SpA-GAN [45] 20.999 0.5162 0.0830 | 19.680 0.3952 0.1201
AMGAN-CR [66] 20.867 0.4986 0.1075 | 20.172 0.4900 0.093
CVAE [12] 24.252 0.7252 0.1075 | 22.631 0.6302 0.0489
MemoryNet [70] 26.073 0.7741 0.0315 | 24.224 0.6838 0.0403
MSDACR [(7] | 25435 07483 0.0374 23755 06661 00433
DE-MemoryNet [58] | 26.183 0.7746 0.0290 | 24.348 0.6843 0.0369
DE-MSDA [58] 25.739 0.7592 0.0321 | 23.968 0.6737 0.0372
Ours (EMRDM) 27.281 0.8007 0.0218 | 24.594 0.6951 0.0301
(¢) SENI2MS-CR PSNRT SSIMT MAE| SAM.|
McGAN [16] 25.14 0744 0.048 15.676
SAR-Opt-cGAN [21] 2559 0764 0.043 15.494
SAR20PT [4] 2587 0793 0.042 14.788
SpA GAN [45] 2478 0754 0.045 18.085
Simulation-Fusion GAN [17] | 24.73  0.701 0.045 16.633
DSen2-CR [43] 2776 0.874 0.031 9472
GLF-CR [63] 28.64 0.885 0.028 8.981
UnCRtainTS L2 [15] 28.90 0.880 0.027 8.320
ACA-Net [26] 29.78  0.896 0.025 7.770
DiffCR[74] | 3177 0.902 0.019 5.821
Ours (EMRDM) 3214 0924 0.018 5.267
(d) Sen2_MTC New PSNRT SSIMT LPIPS]
McGAN [16] 17.448 0513  0.447
Pix2Pix [28] 16985 0455  0.535
AE [53] 15100 0441  0.602
STNet [7] 16206 0427  0.503
DSen2-CR [43] 16827 0534  0.446
STGAN [52] 18.152 0587  0.513
CTGAN [24] 18308  0.609  0.384
SEN12MS-CR-TS Net [14] | 18.585 0.615  0.342
PMAA [73] 18369  0.614  0.392
UnCRtainT$ [15] 18770  0.631  0.333
DDPM-CR[29] | 18742 0614 0329
DiffCR [74] 19150  0.671  0.291
Ours (EMRDM) 20.067 0709 0255

mono-temporal CR tasks; and Sen2 MTC_New [24] for
multi-temporal CR tasks with L = 3. MAE, PSNR, SSIM,
SAM, and LPIPS are used as evaluation metrics. We move
more implementation details to Appendix C.1.

4.2. Performance Comparison

All quantitative results are illustrated in Tab. 1 using the
optimal configuration for each model for a fair compari-
son. EMRDM surpasses all previous methods across all
datasets and metrics, demonstrating its superiority. On the
SEN12MS-CR dataset containing multi-spectral optical and
auxiliary SAR images, EMRDM achieves significant im-
provements over existing methods. This validates its ca-
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Figure 4. (a) SEN12MS-CR dataset results: RGB channels for optical imagery (linearly enhanced for visualization) and VV channel for
SAR imagery. GLF-CR results are obtained by combining four separately processed subimages as it processes 128 x 128 images (256 x 256
for others). (b) Sen2_MTC_New dataset results. (c,d) RGB channel results on CUHK-CR1 and CUHK-CR?2 datasets, respectively.

pability to exploit SAR’s all-weather imaging characteris-
tics and effectively process multi-spectral inputs. On the
CUHK-CR1, CUHK-CR2, and Sen2_MTC_New datasets
that mainly consist of RGB channels, EMRDM attains
remarkable results across perceptual quality (LPIPS) and
structural consistency metrics (SSIM, PSNR). Notably, it
maintains performance superiority on the CUHK-CR1/CR2
datasets without auxiliary modalities, demonstrating robust
CR capabilities with limited information. EMRDM further
exhibits strong multi-temporal processing capability, as ev-
idenced by leading metrics on the Sen2_MTC_New dataset.
The visual results in Fig. 4 further prove the superior CR
quality of EMRDM. In particular, when the input images
are heavily cloud-covered, our model restores better tex-
tures, crucial for subsequent tasks after CR.

4.3. Ablation Study& Parameter Effect

Effects of Modules. We conduct ablation studies on key
modules, as outlined in Tab. 2, using models trained for
500 epochs with a deterministic sampler, setting N = 5,
Odata = 1.0, omin = 0.001 and oax = 100 for a fair com-
parison. The baseline (config A) sets s(t) = 1, reducing

Table 2. We conducted an ablation study on the Sen2_MTC_New
dataset to evaluate our method by incrementally adding modules.

Training configuration | PSNR1 SSIMT MAE| SAM| LPIPS|

A Baseline (s(t) = 1) 12.81 0.342 0.204 13.005 0.718
B + Corrupted images 18.26  0.649 0.109 6.526 0.311
C + IR images 19.31 0.677 0.095 6.547 0.279
D + Our MRDM framework | 19.52 0.679 0.092 6.551 0.278
E + Our preconditioning 19.47 0.693 0.093 6.390 0.267

our method to generative DMs, with only noise images as
inputs. Config B and C incorporate cloudy and IR images,
respectively. The results demonstrate their essential roles
as conditioning inputs. Config D verifies the effectiveness
of the EMRDM framework in Sec. 3.2 with s(t) = 1+|-t
and oy = 0y = 0. Incorporating preconditioning tech-
niques proposed in Sec. 3.4 in config E, with o, = 1.0,
ocov = 0.9, results in improved performance.

Effects of «, opax and N. Tab. 3 presents the results while
varying key parameters. Each model is trained for 500
epochs, with gy = oy = 1.0 and ooy = 0.9. We use a
deterministic sampler with o, = 0.001. For o, which con-
trols the ratio of  and n in the forward process, it yields the
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Table 3. Hyperparameter analysis on the Sen2_MTC_New dataset.

Table 4. Analysis of L on the Sen2_MTC_New dataset.

Configurations Metrics
& ome N | PSNRT SSIMT MAE] SAM] LPIPS] Sequence Length | PSNR1 SSIMTMAE] SAM| LPIPS|
0.2 19.34 0.692 0.095 6.306 0.269 _
0.5 1914 0675 0097 6580 0283 L=1 16.09 0.493 0.146 7.773 0.440
0.8 1990 0689 0088 6249  0.260 L=2 18.10 0.623 0.106 7.313 0.344
1o 10 9 o4s 0688 0001 6367 0273 L=3 20.07 0.709 0.084 5.670 0.255
2.0 19.77 0.704 0.087 5.922 0.262
3.0 20.00 0.708 0.084 5.710 0.255 W1 S "
4.0 19.76 0.695 0.087 5.821 0.263 . 4 " -
40 1958 0701 0087 5764 0260 ‘« d ; .
60 19.88 0.706 0.085 5.733 0.257 o . | B
80 19.96 0.707 0.084 5.726 0.256
30 100 3 20.00 0.708 0.084 5.710 0.255 - ' -
150 2003 0707 0085 5730 0256 : - j
200 20.03 0.707 0.085 5.723 0.256
300 20.02 0705 0.086 5.728 0257 b 6. Visualizati ¢ atten s and thei q
T 1995 070z 0085 5742 03% : 1gur1e d fisua 1za;10ns of attention mhasss e;nJVITgrl\(Izorrf(:ispon -
s | 2000 0708 0084 5710 0255 ing cloudy images rom.two cases Qnt e Sen ew dataset.
20 100 6 1997 0705 0084 5710 0257 Each mask at different time points is normalized to the range [0, 1]
: 8 19.89 0700  0.085  5.695 0.257 and upsampled using bilinear interpolation to match the size of the
10 | 19.89 0700  0.085 5.695  0.257 cloudy images for clarity. The left panel shows a case from head
15| 1955 0672 0083 5715  0.261 0, while the right panel displays a case from head 15.
50 19.19 0.641 0.091 5.857 0.270

1
0.7095

02552
07092
02550
oasis 0.709

02545 07087

02542 | 0.7085

02540 07082

—— Stmax=]

025381 & 0.7080.
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Figure 5. Analysis of our samplers on the Sen2_MTC_New
dataset. When Schum = 0, the sampler reduces to be determin-
istic. The upper row shows the effects of Schum and Spoise by fixing
Simin = 0 and Simax > 100. The lower row examines the effects
Of Simin and Simax With fixed Schum = 1 and Shoise = 1. Note that
Stmin >= Simax is excluded as this leads to a deterministic sampler.

optimal results across all metrics when set to 3. For opax,
the results show that a moderate value (e.g., 100) produces
almost all the best metrics. For N, surprisingly, contrary to
the expectations in generative DMs, a large N yields poor
results, while using only five steps delivers superior results
across most metrics. This finding aligns with [69].

Effect of Samplers. We examine our samplers in Fig. 5 us-
ing the a = 3.0 configuration in Tab. 3, and setting o, =
0.001, omax = 100, and N = 5. According to the upper row
of Fig. 5, the stochastic sampler consistently outperforms
the deterministic one in PSNR, with Spise € [1.000, 1.020]
and Scpym > 6.0 achieving superior scores. However, high
Schurn can negatively affect LPIPS and SSIM. While LPIPS

is relatively insensitive to Shoise, SSIM declines at higher
Shoise- We suggest using Syoise &~ 1.000 and Scpym =~ 1.0 for
balanced metric performance. According to the lower row
of Fig. 5, the optimal results are achieved across all metrics
when Simin & 0. Generally, Syy.x should be relatively large,
such as 80 and 100.

Effect of the Network. We analyze the impact of L on our
network (see Tab. 4), with models trained using the v = 3.0
configuration in Tab. 3 and evaluated via a deterministic
sampler (omin = 0.001, omax = 100, and N = 5). Increas-
ing L consistently boosts performance across all metrics,
highlighting the benefits of multi-temporal inputs and our
network’s ability to process them. Fig. 6 visualizes TFSA
attention masks, with high attention scores for cloudless re-
gions and low scores for cloudy ones. Regions occluded by
clouds, characterized by low attention scores, correspond-
ingly exhibit elevated scores in cloudless temporal coun-
terparts. This validates TFSA’s capacity to compensate for
corrupted information by integrating information from spa-
tially equivalent regions across the temporal dimension.

5. Conclusion

We propose a novel MRDM-based CR model named EM-
RDM. It offers a modular framework with updatable mod-
ules and an elucidated design space. With this advantage,
we redesign core MRDM modules to boost CR perfor-
mance, including restructuring the denoiser via a precon-
ditioning technique and improving training and sampling
processes. To achieve multi-temporal CR, a new network
is devised to process sequential images in parallel. These
improvements enable EMRDM to achieve superior results
on mono-temporal and multi-temporal CR benchmarks.
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