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PanDiT: A Few-Step Diflusion Transformer for
High-Fidelity and Efficient Pansharpening

Jiabin Fang", Ke Cao", Xuanhua He", Jie Zhang", Man Zhou", and Liu Liu

Abstract—Pansharpening plays a crucial role in remote sens-
ing by fusing low-resolution multispectral (LRMS) images
and high-resolution panchromatic (PAN) images to generate
high-resolution multispectral (HRMS) images. While denoising
diffusion models offer potential for high-fidelity image generation,
their practical application in pansharpening has been severely
hindered by huge computational costs from iterative sampling
and naive conditioning strategies that struggle to fuse multimodal
information effectively. In this article, we introduce PanDiT, a
novel diffusion transformer (DiT) framework designed to address
these challenges. PanDiT is built on the core principle of a decou-
pled conditioning mechanism, which explicitly disentangles and
injects spatial and spectral guidance, and is engineered for practi-
cal, few-step inference. Our framework leverages a powerful DiT
backbone, where conditioning is achieved through two specialized
injection blocks that capture spatial and time—frequency features.
Crucially, by integrating an implicit sampling strategy, we
accelerate the inference process to as few as two steps. Extensive
experiments on multiple benchmark datasets demonstrate that
PanDiT not only establishes a new state-of-the-art in fusion
quality and achieves a good quality-efficiency trade-off. Code is
available at https://github.com/paral33/PanDIT

Index Terms—Deep learning, diffusion transformer (DiT),
image fusion, pansharpening.

I. INTRODUCTION

ITH the rapid advancement of remote sensing imaging

technology, satellite remote sensing images have gar-
nered increasing attention from enterprises and organizations,
and have been widely applied across diverse fields such as
mineral exploration [1], environmental monitoring [2], and
military defense [3]. However, due to current technological
limitations, it remains challenging to directly acquire high-
resolution multispectral (HRMS) images. To address this,
satellites are typically equipped with two types of sensors to
simultaneously capture low-resolution multispectral (LRMS)
images and high-resolution, texture-rich panchromatic (PAN)
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images. Pansharpening techniques are then employed to inte-
grate these complementary sources of information, enabling
the generation of HRMS images with enhanced spatial and
spectral quality.

Over the past decades, various pansharpening techniques
have been proposed, which can be broadly categorized
into traditional physics-based approaches [4], [5] and deep
learning-based methods. Traditional approaches, although
physically interpretable, rely on manually designed feature
extraction, limiting their ability to model complex scenes and
nonlinear relationships, thus leading to issues like spectral
distortion and spatial artifacts. In recent years, inspired by
the powerful feature extraction capabilities of deep learning
for images, deep learning-based pansharpening methods have
gained significant attention. Early works such as PNN [6]
demonstrated the superiority of neural networks over tra-
ditional methods. Subsequent models, such as PanNet [7],
enhanced fusion by injecting high-frequency details from
PAN into upsampled LRMS images, while MSDCNN [8]
improved multiscale feature representation through multiscale
convolution. More recently, INNformer [9] introduced vision
transformers (ViTs) [10] into pansharpening, leveraging long-
range dependency modeling to achieve impressive results.
Concurrently, the remarkable success of denoising diffusion
probabilistic models (DDPMs) [11] in high-fidelity image
generation has inspired their application to pansharpening [12],
[13], [14]. These methods frame the task as a conditional
generation process, offering a powerful new pathway for detail
restoration, surpassing other methods.

Despite these advancements, the application of diffusion
models to pansharpening is constrained by two critical bot-
tlenecks that prevent them from reaching their full potential.

The first is the computational cost inherent in the diffu-
sion process. The high generative fidelity of these models is
achieved through a slow, iterative refinement process, starting
from pure Gaussian noise and gradually denoising it over
hundreds or even thousands of sequential steps [15]. For
typical high-resolution remote sensing images, which can be
thousands of pixels wide, this inference requires minutes
per image and massive GPU memory consumption. This
computational overhead makes them largely impractical for
real-world scenarios. The second lies in the naive conditioning
strategies employed by existing diffusion-based approaches.
These methods typically resort to simple channel-wise con-
catenation, treating the guiding PAN and LRMS images as
additional input channels to a standard U-Net backbone. This
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simple fusion approach fails to consider the distinct physi-
cal properties of each modality. It forces a single network
architecture to implicitly untangle two different signals: a
single-channel, high-resolution structural map and a multi-
channel, low-resolution spectral data. This often leads to
inefficiency in information fusion. An effective model requires
a tailored method to explicitly disentangle and fuse these
information sources, rather than leaving the task to chance
during the training process.

In this article, we argue that unlocking the power of
diffusion models for pansharpening requires a paradigm that
simultaneously addresses these two challenges. To this end, we
propose PanDiT, a novel framework built upon two core princi-
ples. First, we introduce a decoupled conditioning mechanism
designed to orthogonally inject guidance from different physi-
cal domains—spatial structure and spectral information—into
the diffusion process. This allows the model to intelligently
integrate complementary features while minimizing modal
conflicts. Second, we integrate an accelerated denoising strat-
egy based on implicit sampling, which enables practical
few-step inference and makes our high-performance model
usable.

Our framework is built around a powerful diffusion trans-
former (DiT) [16] backbone, which excels at generative
modeling. To realize our decoupled conditioning principle,
we design two specialized injection blocks. One captures
fine-grained spatial features using multiscale convolutions,
while the other extracts directional frequency information via
wavelet transforms. These distinct feature streams are then
intelligently fused using a cross-attention mechanism before
being injected into the DiT. Critically, our adoption of implicit
sampling reduces the number of required inference steps to as
few as two, representing a great leap in efficiency.

Our contributions are summarized as follows.

1) We propose a novel framework that, for the first
time, successfully adapts the DiT architecture to
pansharpening.

We introduce a decoupled conditioning mechanism that
orthogonally injects spatial and time—frequency features.
This approach to information fusion allows for superior
preservation of both spatial details and spectral fidelity
compared to previous methods.

We achieve a noticeable improvement in efficiency by
integrating implicit sampling, reducing the inference
process to as few as two steps.

Through extensive experiments on multiple bench-
mark datasets, our proposed PanDiT establishes a new
state-of-the-art in both qualitative and quantitative eval-
vations, and we provide a systematic analysis of key
architectural choices to guide future research.

2)

3)

4)

II. RELATED WORK
A. Pansharpening

Traditional pansharpening methods primarily rely on prior-
based, handcrafted designs. Among these, component substi-
tution (CS) algorithms enhance the spatial details of LRMS
images by substituting their spatial features with those from
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the PAN image. However, these methods often suffer from
significant spectral distortion, as they fail to account for
the inherent correlations between LRMS and PAN images.
In contrast, variational optimization (VO) techniques extract
spatial information from the PAN image using multiresolution
decomposition and inject it into the LRMS image by solving
an optimization problem defined through an objective function.
Multiresolution analysis (MRA) methods decompose images
at multiple scales to extract and fuse spatial and spectral
features. While these approaches attempt to leverage the com-
plementary feature between the two modalities, their ability to
represent features remains limited.

The advent of deep learning has significantly advanced pan-
sharpening by overcoming the representational limitations of
traditional methods. Inspired by the success of SRCNN [17],
PNN was the first to apply deep learning to pansharpening,
utilizing a three-layer convolutional network to fuse PAN and
upsampled LRMS images, leading to significant improvements
in performance. Subsequent works have built upon and refined
this framework. For instance, PanNet introduced residual
learning to better restore high-frequency spatial details, while
SFINet [18] applied the Fourier transform for high-frequency
feature extraction and employed an invertible network for
spatial feature fusion. Zhou et al. [19] proposed a mutual
information-driven approach, optimizing the loss function to
promote complementary feature extraction from both LRMS
and PAN images.

The introduction of ViTs has further revolutionized pan-
sharpening techniques. Panformer [20] leveraged self-attention
mechanisms to effectively capture global spatial dependencies.
GPPNN [21] incorporated multimodal prior knowledge to
enhance fusion quality. More recently, diffusion models have
been incorporated into pansharpening. Cao et al. [22] proposed
DDREF, which employs a denoising autoencoder structure.
By conditioning on the upsampled LRMS and PAN images,
the model progressively refines HRMS images from noise,
demonstrating the strong potential of diffusion-based methods
in pansharpening tasks.

B. Diffusion Transformer

In recent years, diffusion models have made significant
strides in generative modeling. Ho et al. [11] introduced the
DDPM, which reconstructs high-quality images from random
noise through a progressive denoising process, showcasing the
powerful potential of diffusion models in image generation.
Subsequently, score-based generative models [23] deepened
the theoretical understanding of noise modeling and denoising
dynamics, thereby propelling the field forward.

At the same time, the advent of the ViT introduced a
new paradigm for image feature modeling. By employing
self-attention mechanisms, ViT effectively overcomes the lim-
itations of local receptive fields inherent in convolutional
neural networks (CNNs), enabling the modeling of long-range
dependencies across an image. However, ViT models are
typically less robust to noise and degraded inputs compared
to carefully designed CNN architectures.

To harness the strengths of both paradigms, the DiT
architecture was proposed, integrating diffusion models with

Authorized licensed use limited to: HEFEI UNIVERSITY OF TECHNOLOGY. Downloaded on November 23,2025 at 07:31:24 UTC from IEEE Xplore. Restrictions apply.



FANG et al.: PanDiT: A FEW-STEP DiT FOR HIGH-FIDELITY AND EFFICIENT PANSHARPENING

Transformer-based self-attention mechanisms. Unlike tradi-
tional diffusion models, which use a U-Net backbone, DiTs
employ the global modeling capabilities of self-attention to
better fuse multiscale and hierarchical features, thus improv-
ing the quality of image generation. DiTs have achieved
remarkable performance across various tasks, including text-
to-image generation [24], image super-resolution [25], and
image restoration [26]. Despite these successes, their appli-
cation in image fusion tasks, such as pansharpening, remains
a promising avenue for future exploration.

C. Denoising Diffusion Implicit Models

Denoising diffusion implicit models (DDIMs) represent
a notable advancement in implicit sampling for diffusion
models. Through a non-Markovian formulation, DDIM alters
the traditional diffusion process, enabling the omission of
intermediate denoising steps during sampling. This approach
leverages a deterministic reverse process, which accelerates
image generation by producing high-quality results with sig-
nificantly fewer sampling steps than DDPM. As a result,
DDIM reduces computational costs while maintaining image
fidelity.

III. PROPOSED METHOD

In this section, we denote the PAN image as P € RF>*Wx! In
the model input, the LRMS image is upsampled using bicubic
interpolation to match the spatial resolution of the PAN image,
yielding M € RAXWxC,

A. Preliminaries

The diffusion model consists of two primary processes:
forward diffusion and reverse denoising. Both processes are
parameterized as Markov chains. In the forward diffusion
process, Gaussian noise is progressively added to the image,
leading to a noisy version of the original image. In contrast, the
reverse denoising process reconstructs the original image by
progressively denoising the noisy image through a specialized
denoising network.

The forward diffusion process generates a Gaussian-
distributed noisy image x7 ~ N(0,I) by sequentially injecting
Gaussian noise into the original image Xo. This process is
mathematically expressed as

g = N (% v/ T=Bx 1,51 ()

where 3, represents the variance of the Gaussian noise at the
tth step. Defining a; = 1 — 3; and @, = ]_['X:1 a;, the distribution
from x( to Xx; is given by

q (/%) = N (x; Va@xo, (1 - anT). )

The core of the reverse denoising process involves learning
a conditional distribution, which can be expressed as

Po (Xi-11x) = N (Xr—13 py (x,,1) , 071) 3)

where 6 represents the model parameters to be trained. In the
DDPM framework, this is typically achieved by directly pre-
dicting the added noise €. Consequently, the training objective
becomes

Esimple = Exo,e,t [lle — e (x1, D [I1]. 4
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During inference, the diffusion model begins with a random
Gaussian noise sample x7 ~ N(0,I) and iteratively denoises
it to reconstruct the original image. The sampling step is
described by the following equation:

X1 =

= (xt e (xm) toz )
where o = 3, and z represents standard Gaussian noise.

For pansharpening tasks, the diffusion model can be
extended to a conditional diffusion model by incorporating the
LRMS and PAN images as conditioning inputs, denoted by c.
In this setting, the model ¢, takes the conditioning information
into account, as formulated by

€ (X, 1,€). (6)

The forward diffusion process remains unchanged, with the
HRMS image used as the original image X, to which Gaussian
noise is progressively added. However, during the reverse
denoising process, the conditioning input ¢ guides the gen-
eration. Consequently, the training objective is reformulated
as a conditional loss function to incorporate this additional
information.

B. PanDiT Framework

1) Overview: The overall architecture of our model, as
shown in Fig. 1, consists of three primary components: the DiT
Block, the feature extraction block, and the modality fusion
block (MFB). The feature extraction block is further divided
into the spatial extraction block (SEB), which extracts spatial
features, and the time—frequency extraction block (TFEB),
which captures time—frequency domain features.

Our model adopts a residual learning approach. Instead of
directly predicting the HRMS image, we predict the residual
difference between the HRMS image and the LRMS image.
The final HRMS image is obtained by adding the predicted
residual to the LRMS image. In line with the diffusion model
framework, we initially generate random noise sampled from
a Gaussian distribution, denoted as N € R¥*W*C_ To preserve
image details during the reconstruction process, we refrain
from using a variational autoencoder. Additionally, to enable
comprehensive feature fusion, a preprocessing convolutional
layer is applied to upsample the number of image channels,
resulting in the noise representation Ny, € R*W>Ci ' where C),
denotes the intermediate hidden channel dimension.

The noise Njp is then processed through a series of
DiT Blocks, where conditional information is progressively
injected to restore the feature maps corresponding to the
residuals between the HRMS and LRMS images. The first
half of the DiT Blocks utilizes the SEB for spatial feature
extraction, while the latter half incorporates the TFEB to
capture time—frequency domain features. In the final layer,
the channel dimensions are restored to match the original
multispectral image, and the LRMS image is added to the
predicted residual to produce the final HRMS output.

Eventually, the overall process can be summarized as fol-
lows:

HRMS = 6(gi ... (g1 (¢ (N)) + M. (N
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Fig. 1. Overall architecture of PanDiT is composed of three main components: the DiT Block, the feature extraction block, and the MFB. The upsampled
noise is passed through multiple DiT blocks and subsequently downsampled through the final layer, generating the residual difference between HRMS and

LRMS images.

In this equation, ¢;(.) denotes the ith DiT Block, 6(.) represents
the final downsampling output layer, and ¢(.) refers to the
preconvolution layer employed in the network.

2) DiT Block Design: In this work, we adopt the adalLN-
Zero strategy, following the approach outlined by Peebles and
Xie [16]. However, unlike the original implementation, we
apply LayerNorm to Ny, after the rearrange operation rather
than to the individual tokens. This modification ensures better
preservation of the relative relationships among the parameters
in the feature maps. The scale and shift parameters in adaLN
are generated by the SEB or TFEB, and their dimensions are
aligned with those of Nj,.

Within the DiT Block, unlike the conventional Transformer
encoder, we introduce a Rearrange operation before each Lay-
erNorm to reconstruct the token sequence back into its original
spatial configuration I € RFXW*C_ This operation restores the
2-D spatial layout of the image, allowing the model to maintain
the relative spatial relationships among tokens throughout the
encoding process. By preserving spatial consistency, the model
can better capture local structural dependencies and reduce
the loss of spatial contextual information that typically occurs
during sequential token processing in standard Transformers.

We integrate multihead cross-attention to facilitate effective
feature fusion. To maintain consistent feature flow, the key (K)

and value (V) are derived from the feature maps produced by
the SEB or TFEB. These feature maps are first upsampled
using a convolutional layer, then split equally. The query (Q’)
is generated from Nj within the multihead cross-attention
using a linear transformation. Before the multihead cross-
attention, the scale and shift operations are applied within
the RLN Block. The feature maps of Q’, K, and V are then
split into hyum heads, denoted as Q;, K;j, and V;, with each
head computing attention values independently. The results are
subsequently concatenated. Eventually, the multihead attention
(MHA) operation MHA is defined as

Attention; (Q;, K;, V;) = softmax (Q,{KiT) )
i 12 Vi \/d_k
MHA (Q'. K, V) = Concat (Attention)"™ . (9)

Before applying multihead self-attention within the DiT Block,
we concatenate time tokens and global tokens with the token
sequence generated by the patchify operation. The time token
is generated by feeding the time step, produced by a cosine
scheduler, into a multilayer perceptron (MLP). The global
token is generated by applying the patchify operation to
the feature map obtained from the MFB. This concatenated
sequence is then processed through an MLP and an average
pooling layer. The global token provides the model with the
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Fig. 2. Schematic of the proposed method for extracting spatial features.
A spatial pyramid is utilized to extract multiscale spatial features from both
LRMS and PAN images.

relative relationships between each token in the sequence and
the entire image, enabling the self-attention mechanism to
incorporate global image features. After the multihead self-
attention, both the time and global tokens are discarded,
and only the remaining tokens continue through the DiT
Block.

In the final layer, only the last RLN and MLP components of
the DiT Block are retained. The output dimension of the final
MLP layer is adjusted to match the number of channels in the
multispectral image, ensuring that each output token tokeng €
RHXWXC corresponds to the final prediction. Subsequently, the
predicted residuals between the HRMS and LRMS images are
obtained through the rearrangement operation.

3) Decoupled Conditioning Mechanism: In prior condi-
tional diffusion models, the incorporation of conditional
features was typically achieved through a straightforward con-
catenation along the channel dimension. However, the LRMS
and PAN images in pansharpening contain fundamentally dif-
ferent types of information, and as such, direct concatenation
may not effectively capture these distinctions. Specifically,
LRMS images are primarily characterized by spectral informa-
tion, while PAN images offer high-resolution spatial details.
To address this, our proposed PanDiT model adopts a more
nuanced approach. We introduce a spatial pyramid structure
that extracts spatial features from both LRMS and PAN
images across multiple scales. Additionally, we apply wavelet
transforms to extract principal component features from the
LRMS images and directional high-frequency features from
the PAN images. To fully leverage these diverse features, we
implement a fusion strategy that considers both the discrepant
and common features between the two modalities. This strat-
egy ensures that the complementary features from both image
types are maximally utilized, thereby enhancing the model’s
performance.

a) Spatial feature extraction: The SEB, illustrated in
Fig. 2, is designed to extract spatial features by leveraging
the local aggregation capability of convolutional operations. It
captures regional details through localized receptive fields and
constructs multiscale feature representations via progressive
downsampling.

Specifically, the input images are first processed by a
convolutional layer to obtain initial feature maps M;,P; €
RHXWxCi  Subsequent downsampling operations halve the
spatial resolution and double the channel dimension at each
stage, resulting in feature maps My, P, € RH/2XW/2x2Ci apq
M3,P3 c RH/4><W/4><4C;,.
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Fig. 3. Proposed method for time—frequency domain feature extraction. The
wavelet transform is employed to extract low-frequency components from
LRMS and high-frequency components from PAN, enabling complementary
feature representation in the time—frequency domain.

LRMS

To facilitate the fusion of features from LRMS and PAN
images, we apply an element-wise affine transformation at
each scale. The computation is described as follows:

Scaleyy, Shifty = Convp, (P;),Convp, (P;) (10)
M; = M; © (1 4 Scaley) + Shifty, (1n

Scalep, Shiftp = Convy, (M;), Convy, (M;) (12)
P; = P;®© (1 + Scalep) + Shiftp. (13)

Here, © represents element-wise multiplication. Finally, trans-
posed convolutions are applied to upsample the lower
resolution feature maps, restoring them to their original spatial
size.

b) Time—frequency feature extraction: We adopt a simple
yet effective strategy to capture complementary features from
different modalities: high-frequency features are extracted
from the PAN image, which contains rich structural details,
while low-frequency features are derived from the LRMS
image, which primarily encodes the dominant spectral content
of the target HRMS image. The overall structure of the TFEB
is illustrated in Fig. 3.

Specifically, we apply single-level wavelet decomposition
to the PAN image to obtain its diagonal (HH), vertical
(HL), and horizontal (LH) detail subbands. Similarly, wavelet
decomposition is applied to the LRMS image; however, only
the low-frequency approximation component (LL) is retained,
given the LRMS image’s predominantly low-frequency nature.
The decomposition process is defined as

[((HHp,HLp,LHp) ,LLp] = dbl (P)
[HH s, HL s, LHyy, (LLy)] = dbl (M)

(14)
15)

where the components enclosed in parentheses denote the
sub-bands that are preserved for subsequent processing. Each
extracted subband of image [/ has a spatial size of [, €
RH2XW/2XCi  To ensure spatial alignment, all components
are upsampled to the original image resolution via bicubic
interpolation.

The high-frequency components of PAN are concatenated
along the channel dimension and passed through a convolu-
tional layer, followed by an element-wise affine transformation
with features extracted directly from the original PAN image.
This operation embeds rich spatial detail into the final feature
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Fig. 4. Proposed modality fusion strategy. Both discrepant and common features are extracted from LRMS and PAN images to ensure the final output
preserves the low-frequency spectral content of LRMS and the high-frequency spatial details of PAN.

representation. As for the LRMS input, which predominantly
conveys low-frequency information, we concatenate the LL
component with the original LRMS image and feed the result
into a convolutional layer. This enables the model to learn
a more expressive low-frequency representation with minimal
redundancy.

¢) Modality fusion: The complete condition injection
block is responsible for extracting spatial or time—frequency
domain features from the inputs and fusing these multi-
modal features. To achieve effective modality fusion, we draw
inspiration from the ATFuse block [27], with appropriate mod-
ifications tailored to the pansharpening setting. We hypothesize
that superior fusion quality can be attained by explicitly mod-
eling both the discrepancies and the commonalities between
LRMS and PAN inputs. The architecture of the MFB is
depicted in Fig. 4.

We begin by splitting the extracted feature maps Fy; and
Fp from LRMS and PAN into three equal segments, cor-
responding to the query, key, and value for each modality.
Following the MHA mechanism, each set of features is further
divided into hyy, attention heads. To extract modality-specific
differences, we employ a cross-attention strategy where the
query originates from the PAN branch while the key and value
come from LRMS. The attention mechanism computes the
similarity between Qp and Ky using dot-product attention,
and the resulting weights are applied to Vy to estimate the
common features between the two modalities. The discrepant
feature between PAN and LRMS is then obtained by subtract-
ing the common representation from the original PAN features,
followed by a linear projection to adjust dimensionality. This
can be formally expressed as

Dyp = Linear (Vyy — MHA (Qp, Ky, Vi) (16)

where Dyp represents the discrepant feature. To further lever-
age the unique high-frequency information from the PAN
image, this discrepant feature is reintegrated into the PAN

representation. After a rearrangement operation, we employ
a convolutional perception block to refine and enhance this
output, yielding the enhanced feature map Fp.

Although the discrepant feature derived via cross-attention
captures detailed spatial structures, it is not sufficient for
reconstructing complete HRMS content. Spectral fidelity and
shared semantic structure must also be preserved. To this
end, we introduce two additional common feature extraction
modules: one conditioned on the PAN features and the other
on the LRMS features. In both cases, the Query is derived
from the original features, while the key and value originate
from the alternate modality. The resulting common feature is
denoted as Fc. Finally, the enhanced output is obtained by
combining the discrepancy and common features as follows:

Fp = Perception (Rearrange (Q), + Dup)) 7
F¢, = Common (Fp, Ky, Vir) (18)
Fc, = Common (Fc,, Kp, Vp) 19)
Fo=Fp+ Fo,. (20)

C. Denoising Diffusion Implicit Models

In DDPM, as described in (1), the forward diffusion process
progressively adds Gaussian noise to the data through a
Markov chain. In contrast, in PanDiT, the residual between
the target HRMS and LRMS images is deterministic rather
than stochastic. Hence, we adopt the deterministic variant of
the diffusion model (DDIM) by setting o, = 0, which removes
the random noise component in the reverse process.

Under this setting, the sampling trajectory becomes fully
determined by the model’s prediction €, and the initial latent
xr. The reverse process can be compactly expressed as

— — X; — Va,Xo
X1 = V& X0+ V]0I-@ g ———
V1-a,

where Xy = Xy(X;,1,¢) denotes the model’s predicted clean
image at step ¢ = 0.

2n
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Given the noisy input x;, time step f, and conditioning
information ¢. To encourage faithful HRMS reconstruction,
we employ an £; reconstruction objective

£recon =E[lxo — x¢ (X1, 2,0) [1] (22)

which minimizes the distance between the ground truth and
the model prediction, thereby promoting high-fidelity recon-
struction in a fully deterministic denoising process.

In practical applications, we set the total number of diffusion
steps to T. To accelerate the inference process, a subsequence
[t1,72,...,7s] is sampled from the original step sequence
[1,2,...,T]. The corresponding forward diffusion process for
each sampled step remains a Markov chain, defined as

q (X5x0) = N (x5 Varxo, (1 —a)1).

Accordingly, the reverse process can be constructed as a
Markov chain over the selected steps, enabling a significantly
reduced number of iterations for sampling

= A _ Xr — @)20
Xr-1 V1% + v 1—a-_ \/1——5’T .
Conventional diffusion models typically adopt a noise pre-
diction paradigm, which has proven effective for generating
large-scale, high-resolution images. However, in the pansharp-
ening scenario, the target outputs are relatively small, and
the model benefits from rich conditional information provided
by the LRMS and PAN images. To better exploit these
informative priors, our approach introduces a residual learning
strategy that shifts the prediction target from the entire HRMS
image to its residual with respect to the LRMS image. This
design substantially reduces the learning complexity, as the
model only needs to reconstruct fine-grained differences rather
than synthesizing the full image from random noise.
Theoretically, this residual formulation transforms the dif-
fusion trajectory into a low-variance mapping, where each
reverse step predicts a deterministic correction to the con-
ditional inputs. Under this setting, the signal-to-noise ratio
(SNR) of the intermediate states remains high throughout the
process, making it possible to recover high-fidelity details with
only a few denoising iterations. Moreover, the deterministic
reverse process ensures that the predicted residuals are con-
sistent across diffusion steps, effectively eliminating stochastic
perturbations and further stabilizing reconstruction. Built upon
a ViT backbone with strong representation capability, the
proposed model thus achieves accurate and consistent residual
estimation in each step. As a result, high-quality pansharpened
images can be generated with only a small number of sampling
steps, maintaining both fidelity and efficiency during inference.

(23)

(24)

IV. EXPERIMENT
A. Datasets and Benchmark

Our experiments were conducted on three datasets:
WorldView-II (WV2), Gaofen-2 (GF2), and WorldView-III
(WV3), which encompass a diverse range of natural and urban
scenes. Since ground-truth data is not available, we follow the
Wald protocol [28] to generate the datasets. For training, we
extract LRMS patches of size 32 x 32 and PAN patches of
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size 128 x 128 from the images. We compare the proposed
method against both classical traditional approaches, including
GFPCA [29], GS, Brovey [4], IHS [30], and SFIM [5], as well
as state-of-the-art deep learning methods, such as PanNet [7],
MSDCNN [8], SRPPNN [31], INNformer [9], SFINet [18],
MSDDN [32], PanFlowNet [33], Pan-Mamba [34], CrossDiff
[35], and DDRF [22]. The evaluation metrics used in our
experiments include PSNR, SSIM, SAM [36], and ERGAS,
alongside no-reference metrics such as Dy, D,, and QNR.

B. Implement Details

We trained our model using the PyTorch framework on an
RTX 4090 GPU. The training process employed the AdamW
optimizer with an initial learning rate of 1 x 10~*. The model
consists of 12 DiT blocks, with a patch size of 8 and a
token size of 1024. The exponential moving average (EMA)
ratio was set to 0.995. A total of 20000 iterations were
performed, with the learning rate reduced to 2 x 107> after
10000 iterations. During training, the total number of diffusion
steps was set to 500, while for prediction, only two sampling
steps were performed.

C. Comparison With State of the Art Methods

1) Evaluation on Reduced-Resolution Scene: The evalua-
tion results on the three datasets are presented in Table I.
We benchmarked our proposed method against state-of-the-
art pansharpening approaches, and the results demonstrate that
our model achieves significant improvements, outperforming
all other methods across all evaluation metrics. Notably, on
the WV2 and GF2 datasets, our method achieves a sub-
stantial PSNR improvement, outperforming the second-best
method by 0.35 and 0.30 dB, indicating superior consistency
with the ground truth. Additional metrics further validate the
effectiveness of our approach: higher SSIM indicates better
preservation of contrast and structural details, while lower
SAM and ERGAS suggest more accurate spectral fusion and
reduced overall error, resulting in clearer textures.

The quantitative results of the model are illustrated in Figs. 5
and 6. Representative samples were selected for visualization,
with the last row of each image displaying the mean squared
error (mse) distribution between the fusion and the ground
truth. In these visualizations, brighter areas indicate higher
discrepancies. Our method consistently showcases the lowest
error across all datasets, strongly affirming that its results are
the closest to the ground truth.

2) Evaluation on Full-Resolution Scene: To assess the
generalization capability of our model, we evaluated it on
the full-resolution WV2 dataset without downsampling. Given
the absence of ground-truth data, we evaluated our model’s
performance using no-reference quality metrics, including Dy,
D,, and QNR. As shown in Table II, our method outperforms
all other state-of-the-art approaches across all evaluation met-
rics, showcasing its strong potential for practical applications.
Visual results of different methods on the full-resolution
dataset are provided in Fig. 7. These results demonstrate that
our method effectively preserves fine spatial details while
maintaining high spectral fidelity.
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TABLE I

QUANTITATIVE COMPARISON ON THREE DATASETS. BEST RESULTS HIGHLIGHTED IN RED. T INDICATES THAT THE LARGER THE VALUE, THE BETTER
THE PERFORMANCE, AND | INDICATES THAT THE SMALLER THE VALUE, THE BETTER THE PERFORMANCE

Method WorldView-II GaoFen?2 Worldview-IIT

PSNRT | SSIMT | SAM| | ERGAS] | PSNRT | SSIMT | SAM| | ERGAS] | PSNRT | SSIM?T | SAM| | ERGAS]|
SFIM 34.1297 | 0.8975 | 0.0439 | 2.3449 [36.9060 | 0.8882 |0.0318| 1.7398 |21.8212]0.5457 [0.1208 | 8.9730
Brovey 35.86460.9216 | 0.0403 | 1.8238 |37.7974{0.9026 |0.0218 | 1.3720 |22.5060 |0.5466 |0.1159 | 8.2331
IHS 35.296210.9027 | 0.0461 | 2.0278 |38.1754{0.9100 |0.0243 | 1.5336 |22.5579|0.5354 |0.1266| 8.3616
GS 35.637610.9176 | 0.0423 | 1.8774 |37.2260|0.9034 |0.0309 | 1.6736 |22.5608 |0.5470|0.1217| 8.2433

GFPCA 34.558110.9038 |0.0488 | 2.1411 |37.944310.9204 |0.0314| 1.5604 |22.3344|0.4826 |0.1294| 8.3964
PANNET |40.8176|0.9626 | 0.0257| 1.0557 |43.0659|0.9685 |0.0178| 0.8577 |29.6840|0.9072 | 0.0851 | 3.4263
MSDCNN |41.3355]0.9664 | 0.0242| 0.9940 |45.6847|0.9827 |0.0135| 0.6389 |30.3038|0.9184 [0.0782| 3.1884
SRPPNN  41.4538|0.9679 [ 0.0233 | 0.9899 |47.1998|0.9877 [0.0106| 0.5586 |30.4346|0.9202 |0.0770| 3.1553
INNformer |41.6903|0.9704 | 0.0227| 0.9514 |47.3528{0.9893 |0.0102| 0.5479 |30.5365|0.9225 [0.0747 | 3.0997
SFINet 41.724410.9725 1 0.0220 | 0.9506 |47.4712|0.9901 |0.0102| 0.5462 |30.5971|0.9236 [0.0741 | 3.0798
MSDDN 41.8435|0.9711 | 0.0222| 0.9478 |47.4101]0.9895 |0.0101 | 0.5414 |30.8645(0.9258 |0.0757 | 2.9581
PanFlowNet | 41.8548|0.9712 | 0.0224 | 0.9335 [47.2533|0.9884 |0.0103| 0.5512 |30.4873|0.9221 |0.0751 | 2.9531
Pan-Mamba | 42.2354|0.9729 | 0.0212| 0.8975 |47.6453|0.9894 |0.0103 | 0.5286 |31.1551{0.9299 [0.0702| 2.8942
CrossDiff | 40.4803|0.9604 | 0.0258 | 1.0823 |46.4624|0.9854 |0.0115| 0.6027 |29.4448|0.8975 |0.0856 | 3.5246

DDRF 42.2880(0.9732 [ 0.0210| 0.8880 |47.2665|0.9884 [0.0104| 0.5511 |30.6744(0.9216 [0.0759| 3.0688
Ours 42.6385(0.9748 [ 0.0202| 0.8564 |47.9487(0.9902 [0.0095| 0.5110 |31.2684(0.9319 [0.0732| 2.8620
GFPCA Brovey PanNet

MSDCNN SRPPNN PanFlow Pan-Mamba DDRF

GFPCA Brovey PanNet MSDCNN SRPPNN PanFlowNet Pan-Mamba DDRF

Fig. 5. Result of our approach was compared against nine other methods on the WorldView-II dataset.

D. Comparison of Model Configurations named based on their patch size, token size, and the number

We explored various configurations of the PanDiT and of layers. Specifically, “D” and “S” denote models with 12
examined the scaling properties of our model. The model are and 8 DiT blocks, respectively, while “L” and “M™ refer to
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PanFlowNet Pan-Mamba DDRF Ours

Fig. 7. Result of our approach was compared against four other methods on the full-resolution WV2 dataset.

TABLE I

EVALUATION OF THE PROPOSED METHOD ON REAL-WORLD FULL-RESOLUTION SCENES FROM THE WORLDVIEW-II DATASET. BEST RESULTS
HIGHLIGHTED IN RED. T INDICATES THAT THE LARGER THE VALUE, THE BETTER THE PERFORMANCE, AND | INDICATES THAT THE SMALLER
THE VALUE, THE BETTER THE PERFORMANCE

Metric | SFIM Brovey IHS GFPCA MSDCNN SRPPNN INNformer SFINet PanFlowNet Pan-Mamba Ours
Dy | 10.1403 0.1026 0.1110 0.1139  0.1063 0.0998 0.0995 0.1034  0.0966 0.0966  0.0917
Dg | 10.1320 0.1409 0.1556 0.1535 0.1443 0.1637 0.1305  0.1305 0.1274 0.1272  0.1222
QNR 1(0.7826 0.7728 0.7527 0.7532  0.7683 0.7548 0.7858  0.7827 0.7910 0.7911  0.7997

models with token sizes of 1024 and 512, respectively. For
instance, PanDiT-8/L/D corresponds to a PanDiT model with
a patch size of 8, a token size of 1024, and 12 DiT blocks.
We trained and evaluated these different model configura-
tions on the WV2 dataset, calculating performance metrics of
fusion results, as well as the FLOPs and parameter counts. The
result is shown in Table III.. Our findings indicate that reducing
the patch size, which results in longer token sequences,
significantly enhances model performance. This improvement
can be attributed to the model’s enhanced capacity to capture

fine-grained features, which facilitates better recovery of high-
frequency details. Additionally, increasing the token size and
model depth further improves performance: larger tokens
provide richer representations for each patch, while deeper
networks enable more effective feature extraction.

The relationship between PanDiT and other methods in
terms of parameter count and performance is illustrated in the
Fig. 8. Although our model involves a slight increase in
parameters, this increase results in a substantial improvement
in performance metrics. Specifically, PanDiT achieves higher
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TABLE III
COMPARISON OF DIFFERENT MODEL CONFIGURATIONS ON WORLDVIEW-II

WorldView-II
Method Param(M) | Flops(G)
PSNR1 | SSIM?T | SAM| | ERGAS]

PanDiT-16/M/S | 40.9872 | 0.9641 | 0.0244 | 1.0209 0.2178 0.9860

PanDiT-16/M/D | 41.2656 | 0.9658 | 0.0239 | 0.9947 0.3241 1.4529

PanDiT-16/L/S | 41.7145]0.9690 | 0.0227 | 0.9471 0.8419 3.5049

PanDiT-16/L/D | 41.8430 | 0.9698 | 0.0223 | 0.9337 1.2550 5.1947

PanDiT-8/M/S | 42.3091 | 0.9728 | 0.0210 | 0.8881 0.2588 3.2696

PanDiT-8/M/D | 42.3500 | 0.9731 | 0.0209 | 0.8832 0.3818 4.8624

PanDiT-8/L/S | 42.4778|0.9737 | 0.0206 | 0.8724 0.9239 | 12.6345

PanDiT-8/L/D | 42.6385|0.9748 | 0.0202 | 0.8564 1.3703 | 18.8263
PSNR vs Parameters on WorldViewdl representative paradigms in pansharpening. CrossDiff lever-
4 ages a cross-predictive diffusion process. In the pretraining
“ reapizg ERTREST stage, a cross-predictive task is constructed where the model
4225 learns to reconstruct PAN images from MS images and vice
1200 versa using DDPM. In the adaptation stage, the pretrained
g ° ° encoders are frozen to extract image features, and only a
ghri e fusion head is trained. DDRF employs a conditional U-Net
s o backbone and utilizes two conditional injection modulation
s @ M modules to inject both global and fine-grained high-frequency
e Veoon' features. Those design achieves high-quality fusion results but
oo s E::‘:ETN require relatively large iterative sampling steps, leading to high

@ SRPPNN

0.75 1.00
Parameters (M)

1.25 1.75

Fig. 8. Comparison of Parameter Count and PSNR Metrics between PanDiT
and Other Methods on WorldView-II.

PSNR values compared to models with similar or even larger
parameter counts, indicating that the additional parameters
effectively enhance the model’s ability to capture fine-grained
image details. This also demonstrates that PanDiT’s design
enables a more efficient utilization of parameters, striking
a favorable balance between model size and reconstruction
quality.

It is important to note that the patch size directly influences
the sequence length, with smaller patch sizes resulting in
longer token sequences and consequently increasing compu-
tational complexity. On the other hand, the token size has a
critical impact on the total number of model parameters. While
longer sequences are introduced with smaller patch sizes, the
parameter count remains relatively stable as long as the token
size is fixed. Therefore, the model’s configuration requires
careful consideration to balance computational efficiency and
performance. Notably, even lightweight models can deliver
strong performance when appropriately configured.

E. Comparison With Other Diffusion Methods

To provide a comprehensive comparison, we briefly
introduce the diffusion-based methods used in our experi-
ments, including CrossDiff and DDRF, which represent two

computational cost during inference.

We conducted a comparative analysis on the WV2 dataset.
The test results include the time overhead required for model
prediction on 50 images with varying numbers of sampling
steps, with predictions made on a laptop equipped with an
NVIDIA 3060 GPU. The results are presented in Table IV.
Our experimental findings demonstrate that, in the context
of pansharpening, the implicit denoising sampling method
outperforms the explicit method. Compared to DDRF, our
model maintains strong performance even when the number
of steps for implicit denoising sampling is reduced to as low
as two steps, with no obvious degradation in the evaluation
metrics. Therefore, the conclusion can be summarized as
follows: slightly increasing the model’s computational cost
to enhance single-step prediction performance, the implicit
denoising sampling method can be more robust and less
dependent on the number of steps, which results in improved
prediction efficiency while preserving image quality and reduc-
ing overall time costs.

Our proposed PanDiT introduces a DiT backbone with a
decoupled conditioning mechanism, which explicitly disentan-
gles spatial and spectral features through dedicated extraction
blocks. Moreover, by integrating implicit sampling, PanDiT
dramatically reduces the number of inference steps to only a
few (as few as two), achieving a superior trade-off between
efficiency and fidelity. In contrast to DDRF’s heavy iterative
denoising and CrossDiff’s pretext-based learning, PanDiT is
designed for direct, efficient, and high-fidelity fusion under a
unified framework.
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TABLE IV
COMPARISON OF SAMPLING STRATEGIES IN DIFFUSION MODELS ON WORLDVIEW-II

Model Sampling Strategy | steps | time(s) WorldView-I1

PSNR1 | SSIM?T | SAMJ | ERGAS|
CrossDiff | Explicit Sampling | 1000 | 128.69 | 40.4803 | 0.9604 | 0.0258 | 1.0823
CrossDiff | Explicit Sampling | 100 | 54.92 |35.0817 |0.8835 |0.0373 | 1.9101
DDRF Explicit Sampling | 100 | 93.41 |41.2757|0.9659 | 0.0238 | 0.9976
DDRF Implicit Sampling | 25 | 28.27 |42.2880|0.9732 |0.0210| 0.8880
DDRF Implicit Sampling | 2 8.90 |42.0884(0.9719 |0.0215| 0.9050
PanDiT | Explicit Sampling | 100 | 141.93 | 40.8406 | 0.9628 | 0.0249 | 1.0386
PanDiT | Implicit Sampling | 25 | 38.66 |42.6385|0.9749 |0.0202| 0.8565
PanDiT | Implicit Sampling | 2 | 10.18 |42.6385|0.9748 | 0.0202 | 0.8564

LRMS Fone Fuodairusion Furp

Fig. 9. Feature maps from the last DiT Block of different model variants.

F. Ablation Study

To validate the effectiveness of the proposed components
in our model, we conducted a series of ablation studies.
All experiments were performed on the WorldView-II dataset
and evaluated using implicit sampling with a sampling step
of 2, ensuring consistency across all experimental variants.
The ablation study can be divided into two parts. The first
part involves replacing components of the condition injection
blocks to assess the contributions of the proposed SEB,
TFEB, and MFB. The second part compares our condition
injection block with the previous approach used in DiT, where
MLPs were directly applied to extract and inject conditional
information.

The experimental results are summarized in Table V. In
Fig. 9, we present feature maps from the final DiT Block and
the direct prediction results of selected model variants in the
ablation study on a representative sample. The visualizations
from left to right include the ground truth, the LRMS image,
the PAN image, the feature map from the original PanDiT
model, the feature map from the variant without the MFB,
and the feature map from the variant using an MLP as the
condition injection block.
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TABLE V

ABLATION FOR PANDIT ON WORLDVIEW-II DATASETS. “A — B”
MEANS REPLACING A WITH B, “TOTAL” REPRESENTS THE ENTIRE
CONDITION INJECTION BLOCK, AND “NONE” REPRESENTS THE
ORIGINAL PANDIT MODEL

Varianty WorldView-11

PSNR?T | SSIM?T | SAM| | ERGAS]
SEB — Conv [42.4596|0.9735|0.0207 | 0.8737
TFEB — Conv | 42.4090|0.9733 [0.0208 | 0.8778
TFEB — SEB |42.4904 | 0.9740 | 0.0206 | 0.8691
SEB — TFEB |42.3372/0.9727 | 0.0210| 0.8865
Total - MLP |41.6133|0.9681 [ 0.0226| 0.9561
None 42.6385(0.9748 [ 0.0202| 0.8564

1) Effectiveness of the Spatial and TFEB: We propose
two distinct methods for extracting features from LRMS and
PAN images: the SEB, based on spatial pyramids, and the
TFEB, based on wavelet transforms. In this ablation, we
replaced each feature extraction module with convolutional
layers to maintain the overall parameters. As shown in the
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results, substituting either feature extraction method resulted
in varying degrees of performance degradation, with PSNR
dropping by 0.18 and 0.23 dB, respectively. These findings
highlight the effectiveness of our feature extraction methods
in enhancing the model’s ability to capture essential features
from LRMS and PAN images.

2) Effectiveness of the Dual-Branch Feature Extraction
Mechanism: In PanDiT, we propose to explicitly extract both
spatial and time—frequency domain features to help the model
better analyze information from different frequency compo-
nents, thereby achieving more accurate HRMS reconstruction.
To verify the effectiveness of this design, we conducted
ablation experiments in which the model was tested using
only spatial features or only time—frequency features for image
fusion. The results show that, compared with the full model,
the PSNR decreased by 0.14 and 0.30 dB, respectively. These
findings indicate that spatial and time—frequency features are
highly complementary: spatial features focus on local struc-
tural details, while time—frequency features capture global
frequency information. The combination of both enables a
more comprehensive feature representation and significantly
improves reconstruction quality.

3) Effectiveness of the MFB: The MFB is designed to
integrate features from multiple modalities by extracting both
the discrepant and common features between LRMS and
PAN images. In the ablation study, we replaced the fusion
mechanism by simply concatenating the features from LRMS
and PAN images. The test results show that removing the
MFB led to a noticeable decline in performance, with PSNR
dropping by 0.33 dB.

The visualized feature maps further reveal that eliminating
the MFB significantly weakens the model’s ability to capture
fine texture details. Compared to the original PanDiT model,
the activation in high-frequency texture regions is substantially
reduced. This suggests that, without the fusion module, the
model’s ability to capture the rich details in PAN images
is severely diminished. Moreover, the model’s capacity to
represent continuous low-frequency structures from LRMS is
compromised, leading to fragmented or discontinuous coherent
regions. These observations underscore the critical role of
the MFB in enabling the model to effectively perceive both
detailed and structural information from multisource images.

4) Effectiveness of the Condition Injection Block: In most
generative tasks, conditional information of DiTs is typically
injected through an MLP to guide the backbone in denoising
and reconstruction. However, the simple MLPs restrict the
model’s capability to model spatial correlations between image
patches, impairing the recovery of high-frequency details and
compromising fusion quality. To address this limitation, we
propose an improved condition injection block, which aug-
ments the traditional MLP by incorporating a convolutional
structure based on a sliding window mechanism. Leveraging
the local receptive field of convolutions, this design enables
the model to more effectively capture image details and local
structures during conditional information injection, thereby
enhancing its ability to model high-frequency content.

Experimental results corroborate the effectiveness of our
approach. When the condition injection block is replaced with
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a pure MLP structure, the spectral reconstruction accuracy
of the fusion results deteriorates notably, which leads to
clear distortions. These findings highlight the critical role of
conditional information injection in diffusion models, which
determines the final reconstruction quality.

The visualized feature maps also reveal that although the
MLP-based structures can partially perceive high-frequency
features and activate certain texture areas, they still face dif-
ficulties in modeling edge structures. Specifically, the feature
maps extracted by the MLP often show broken responses and
incomplete structures in regions where edges are expected to
be continuous. This demonstrates that MLP cannot directly
model local spatial neighborhoods. They tend to compress
features globally, overlooking the continuous and structured
nature of local image features. As a result, MLPs struggle with
edge contours and fine-grained textures, and are insufficient for
tasks requiring spatial detail continuity. In contrast, the feature
maps generated by the original PanDiT show clearer and more
continuous responses to structural elements such as edges and
contours. This suggests that our proposed condition injection
block is more effective at preserving spatial structure and
geometric information during feature extraction, particularly
excelling at modeling detailed features.

V. CONCLUSION

In this study, we propose a novel pansharpening network,
PanDiT, inspired by the widely adopted DiT architecture in
generative tasks. In network design, we introduce two tailored
modules to effectively extract conditional information from
the input images: the SEB, constructed using a spatial feature
pyramid, and the TFEB, which leverages wavelet transforms.
Additionally, we design an MFB to capture both the com-
plementary features between the LRMS and PAN modalities.
From the perspective of sampling strategy, PanDiT adopts an
implicit sampling mechanism within the diffusion framework,
significantly reducing the number of inference steps required
and thus enhancing generation efficiency. Extensive experi-
ments demonstrate that PanDiT outperforms state-of-the-art
methods, achieving superior fusion of spectral and spatial
details. The proposed framework not only delivers high-quality
pansharpening but also offers improved computational effi-
ciency, making it a promising solution for real-world remote
sensing image fusion.
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