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Abstract

Although deep learning-based methods have achieved
promising performance in Pansharpening, they generally suf-
fer from severe performance degradation when applied to
data from unseen sensors. Existing cross-domain strategies,
including retraining, fine-tuning, and zero-shot methods, fail
to simultaneously preserve model architecture and maintain
low adaptation costs. Therefore, we are the first to define and
address a novel task in the pansharpening field: enhancing a
model’s cross-sensor generalization at an extremely low cost
while keeping the model architecture invariant. To tackle this
task, we propose SWIFT (Sensitive Weight Identification for
Fast Transfer), a plug-and-play framework. SWIFT first em-
ploys an unsupervised manifold-based sampling strategy to
efficiently select a high-fidelity subset the most informative
target-domain samples. It then leverages this subset to probe
a source-domain pre-trained model, identifying and updating
only the weight subset most sensitive to the domain shift by
analyzing the gradient behavior of its parameters. Extensive
experiments demonstrate that SWIFT can be applied to vari-
ous deep learning models, boosting adaptation efficiency by
up to 30-fold. On a single NVIDIA RTX 4090 GPU, this re-
duces adaptation time from hours to as little as one minute.
The adapted models not only substantially outperform direct-
transfer baselines but also achieve performance competitive
with, or even superior to full retraining while using only 3%
of the target domain dataset and adapting nearly 10% to 30%
of the model’s parameters. This establishes a new state-of-
the-art on the WorldView-2 and QuickBird datasets.

Code Availability:https://github.com/Eden-netizen/SWIFT

Introduction

High-resolution multispectral (HRMS) images are essen-
tial for applications such as urban planning and environ-
mental monitoring (Crampton et al. 2013; Fitzner et al.
2013). However, due to hardware limitations, many com-
mercial satellites such as WorldView-2 (WV2) and Gaofen-2
(GF2) cannot capture images with both high spatial resolu-
tion and rich spectral information. To resolve this trade-off,
these systems acquire two complementary data types: high-
resolution panchromatic (PAN) and low-resolution multi-
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Figure 1: The SWIFT framework and its impact on perfor-
mance. Top: The two-step strategy of SWIFT. Bottom: Com-
parison of HQNR between two representative models (i.e.,
FusionNet (Deng et al. 2021) and ADWM (Huang et al.
2025a)) with and without SWIFT enhancement.

spectral (LRMS) images. The process of fusing these two
kinds of images to generate high-resolution multispectral
(HRMS) images is known as Pansharpening.

Over the past few decades, Pansharpening methods have
evolved considerably, transitioning from traditional ap-
proaches to modern deep learning-based methods. Tradi-
tional approaches can be roughly categorized into three pri-
mary classes: component substitution (CS)(Choi et al. 2005;
Vivone et al. 2015), multiresolution analysis (MRA)(Otazu
et al. 2005; Vivone, Restaino, and Chanussot 2018), and
variational optimization (VO)(Tian et al. 2022; Wu et al.
2025). More recently, deep learning techniques have lever-
aged the powerful feature extraction capabilities of neural
architectures. Models based on Convolutional Neural Net-
works (CNN) (Masi et al. 2016; He, Zhong, and Ma 2019;
Yang et al. 2023), Transformer (Zhang and Ma 2021; Zhou,
Liu, and Wang 2022; Li et al. 2024b; Wu et al. 2025), and
diffusion (Meng et al. 2023; Zhong et al. 2024; Rui et al.
2024) have already produced superior fusion results, signif-
icantly outperforming traditional methods.

While deep learning (DL) methods(Li et al. 2024a, 2025)
have become the dominant paradigm in Pansharpening, they
suffer from a critical limitation: severe performance degra-



dation when applied to target-domain data that exhibits a
distribution shift from the source. This “cross-domain gener-
alization” challenge is exacerbated by the diversification of
satellite sensors and has led to a fundamental performance-
cost dilemma. Current solutions either involve designing
more complex architectures, which increases computational
load without guaranteeing better generalization, as our ex-
periments with models like FusionNet and ADWM demon-
strate, and full-scale retraining on the target domain is also
expensive. Consequently, a critical research gap exists: no
current method effectively balances adaptation cost with ar-
chitectural invariance.

Based on the preceding analysis, this paper introduces a
novel task in Pansharpening field: improving a model’s gen-
eralization at a low computational cost while maintaining
its original architecture. We propose a model-agnostic en-
hancement framework—SWIFT to firstly address this task.
It first employs a density-aware sampling method to se-
lect a minimal, high-information data subset. Subsequently,
SWIFT leverages this data to perform a gradient-based sen-
sitivity analysis, identifying and updating only the most sen-
sitive model parameters, thereby achieving efficient and pre-
cise model adaptation, as we show in Figure 1.

In summary, the contributions of this study are as follows:

* We are the first to define and address a novel task in the
Pansharpening field that enhances model generalization
while jointly considering model architecture invariance
and adaptation economy, offering a more practical re-
search perspective for the community.

We propose SWIFT, a plug-and-play, general-purpose
framework. It integrates: (a) a data density-aware sample
selection strategy, and (b) an efficient, gradient-based pa-
rameter sensitivity identification method, providing the
first effective solution to the newly defined task.

Extensive experiments demonstrate that SWIFT signif-
icantly improves cross-sensor performance of various
models, achieving results comparable to or even surpass-
ing full retraining on the target domain while requiring
only minimal adaptation cost (nearly one minute, 3%
training data, and 10% to 30% trainable parameters), in-
dicating the effectiveness of our framework.

Related Work
Deep Learning-based Pansharpening

Deep learning is the dominant paradigm in Pansharpening
field. Based on network architecture, these methods can be
broadly classified into three categories. Early CNN-based
models, from the pioneering PNN (Masi et al. 2016) to ad-
vanced architectures like PanNet (Yang et al. 2017) and Fu-
sionNet (Deng et al. 2021), excel at capturing local spatial-
spectral patterns, but their limited receptive fields restrict the
modeling of global dependencies. Transformer-based meth-
ods such as PanFormer (Zhou, Liu, and Wang 2022) in-
corporating self-attention to model long-range dependen-
cies. Although this improves fusion accuracy, the high
computational cost limits their applicability in resource-
constrained scenarios. Finally, emerging hybrid methods,
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such as diffusion-based SSDiff (Zhong et al. 2024) that have
emerged to capture complex data distributions, but these
models are usually sensor-specific and require costly retrain-
ing for adaptation. Consequently, a core bottleneck in all
deep learning models persists: a model trained in a source
domain (e.g., QuickBird) often suffers from spectral distor-
tion or spatial detail loss when applied to a target domain
(e.g., GaoFen-2) due to distribution shifts caused by differ-
ent sensor characteristics.

Existing Cross-Domain Strategies

To address the performance degradatio in cross-domain sce-
narios, existing research follows four technical routes:

Model retraining and architectural optimization improve
performance through full retraining (e.g., PanNet (Yang
et al. 2017) retrained on target domain data) or architectural
adjustments (e.g., FusionNet (Deng et al. 2021) adding de-
tail modules, ADWM (Huang et al. 2025a) introducing dual-
level mechanisms). However, they require large amounts
of data and lengthy training, while architectural modifica-
tions will hinder lightweight and weight-only updates for
deployed models. Parameter-Efficient Fine-Tuning (PEFT)
freezes the backbone network and updates few parame-
ters. For example, PanAdapter (Wu et al. 2025) in the pan-
sharpening domain inserts lightweight adapter modules, and
LoRA (Hu et al. 2021) in the general domain uses low-
rank matrices to adjust key layers. Although validated ef-
fective in vision models, adapter methods like PanAdapter
require modifications to the model architecture, LoRA re-
lies on empirical selection of low-rank dimensions, and it
remains challenging to capture target domain distributions
accurately with extremely few samples, all of which limit
adaptation efficiency.

Zero-shot methods (e.g., ZS-Pan (Cao et al. 2024; Zi-
Han Cao 2025) in Pansharpening) perform inference opti-
mization using only a single target-domain image pair with-
out additional labels. Yet, single-image processing is time-
consuming and the fusion quality is limited, failing to meet
demands for timeliness and stability. Data augmentation and
selection enhance adaptability by expanding diversity or se-
lecting representative samples, but existing strategies based
on simple distance metrics or uniform distribution assump-
tions struggle to balance sparse edge and dense core features
in minimal sample sets, leading to insufficient learning of
target domains.

Methodology
Motivation

The preceding analysis of related work reveals a fundamen-
tal performance-cost dilemma in cross-domain scenarios.
Full retraining is prohibitively expensive, while architec-
tural modifications hinder lightweight, weight-only updates
for deployed models. Moreover, zero-shot and PEFT meth-
ods are often inefficient and yield suboptimal fusion quality.
Consequently, two key challenges remain: reducing adapta-
tion costs while preserving the original model architecture.
To our knowledge, no existing method effectively addresses
these two mutually constraining challenges simultaneously.
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Figure 2: Overall Framework of the SWIFT framework. Step 1 first selects low-density samples and then chooses high-distance
samples via Farthest Point Sampling (FPS) to obtain a high-information subset ¢. Step 2 then selects the most sensitive param-
eters by analyzing gradient information and uses the subset ¢ to adapt the pre-trained model.

Motivated by this gap, we are the first to define and ad-
dress a novel task in the Pansharpening field: enhancing a
model’s cross-sensor generalization at a minimal cost while
maintaining architectural invariance. To tackle this task, we
propose SWIFT, a framework built on a different philoso-
phy. We posit that the key to efficient adaptation lies not
only in which parameters to update, but also in which data
to use for the update, thus introducing data efficiency as
a new, crucial dimension largely ignored by conventional
PEFT. SWIFT operationalizes this insight through a two-
step “targeted identification” strategy that reduces computa-
tional costs without altering the model architecture. The de-
sign of SWIFT is introduced in the following subsection and
illustrated in Figure 2. A complete list of all hyperparame-
ters and implementation details can be found in the supple-
mentary material.

Density-Aware Farthest Point Sampling Strategy

In cross-domain model adaptation, the informational value
of target-domain samples is heterogeneous: samples in
dense regions are highly redundant, while critical informa-
tion in sparse regions is easily overlooked. Thus, we pro-
posed the Density-Aware Farthest Point Sampling (DA-FPS)
strategy to get a small subset that preserves the core distribu-
tion of the target domain. Figure 3 shows the effectiveness.

First, to quantify the “uniqueness” of each sample, we
construct a unified feature vector x; by concatenating the
flattened vectors of its corresponding PAN, upsampled
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Figure 3: Comparison of the Maximum Mean Discrepancy
(MMD) (Gretton et al. 2012) between our sampling method
and random sampling under different sampling ratios.

LRMS, and original MS images, then calculate the local
density p; for each sample z; in the target-domain dataset
T = {z1,z9,...,2n} by using a K-Nearest Neighbors
(kNN) based approach:

k
ijENk(a:i) d(xﬂ ij) +e

pi = (D
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where d(z;,z;) denotes the Euclidean distance between
samples x; and x;:

D

> (@iw —zjn)?

k=1

d(l‘i,l‘j) = (2)

where Ny (z;) is the set of the k nearest neighbors of sample
x;, and € is a small constant to prevent division by zero.

In our experiments, we set k = 5. The impact of this hy-
perparameter is further analyzed in the supplementary mate-
rial. A larger p; indicates that the sample z; is located in a
dense region, while a smaller p; suggests that it is in a sparse
and more informative region. Subsequently, we obtain get a
dataset labeled by local density 77 = {z1,x2,...,ZN}.

After obtaining the density information for all samples,
we iteratively construct the “essence” sample set ¢. Our se-
lection process is conceptually guided by a balance between
data uniqueness and spatial coverage. Specifically, we lever-
age the calculated density p; to guide the selection of a high
potential candidate set, denoted as C' C T”,the probability
P(z;) of each sample x being selected into the candidate set
is defined as:

1/pi

s (1pj)
which ensures that samples from sparse regions are more
likely to be considered.

Finally, we apply an efficient Farthest Point Sampling
(FPS) algorithm on this candidate set C, this process is ini-
tialized by selecting the sample with the lowest global den-
sity to be the initial seed, which ensure that the rarest in-
formation is not missed. In each subsequent iteration, we
select the next sample x,,.,+ from every unselected sample
x; € C'\ t, the selection criterion is formally expressed as:

({glelglxi - s||2>

The chosen sample is the one that maximizes the shortest
distance to any sample already in ¢. This process contin-
ues until ¢ reaches a predefined size. The resulting subset
t thus preserves the core distribution of the target domain,
benefiting from both the density-based pre-selection and the
distance-based coverage maximization.

P(z;) = 3)

“

Tpept = Argmax
z; €C\t

Sensitive Parameter Selection and Efficient Model
Adaptation

After obtaining the high-information sample subset ¢, we
further screen the parameters in the pretrained model
F(-;0s) that are most sensitive to target domain shifts, and
only update this subset to achieve efficient adaptation.

As we all know, in the field of deep learning, the rule for
parameter updates is as follows

9]' — 0]' — ’I]ng,c (®)]

where the magnitude of gradient determines the convergence
rate of the loss function directly, this principle is widely rec-
ognized and utilized in pruning work. However, the mag-
nitude or direction of the gradient for a single parameter
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can vary significantly across different data batches, so we
introduced Standard Deviation(STD) and Direction Consis-
tency(GDC) to measure the stability of the gradient, which
allow us to select parameters that are both impactful and
consistently stable. The introduction of the above two vari-
ables can also relatively mitigate the influence of gradient
explosion on parameter selection.

Specifically, to quantify these characteristics, we divide
the “essence” sample subset ¢ into M microbatches. For any
given trainable parameter ; in the model, we perform a full
forward and backward pass for each microbatch ¢ to obtain
a set of gradients G; = {g;.1.9;2, - -, 9; M} Based on this
set, we compute the following three core metrics:

First, calculate the Gradient Magnitude (M AG), which
reflects the parameter importance through the average in-
tensity of gradients. A larger magnitude indicates a higher
impact on the loss reduction. It is formulated as follows:

1 M
MAG(0;) = -7 > IElg;all (6)
=1

where FElg;;] is the expectation of all gradient values for
parameter ¢; within the i-th microbatch.

Second, we compute the Gradient Direction Consistency
(GDC), which is used to evaluate the stability of parameter
update directions, and is defined as:

M
o 1 maX(Npos» Nneg)

D ) = —
GDC(4,) M 2 Noos + Noeg

(7

where N, and N, are the counts of positive and neg-
ative gradients for parameter ; in the i-th microbatch, re-
spectively. This metric measures the consistency of the ex-
pected update direction across different samples. A GDC
value closer to 1 indicates a more definite update direction.

Finally, we calculate the Gradient Standard Deviation
(STD), which is used to characterize the intensity of gradient
fluctuations, with the formula::

STD(0;) = (8)

where Var(g,;) is the variance of the gradients for parame-
ter 0; in the i-th microbatch.This metric reflects the stability
of the update intention; a lower STD signifies a more stable
update process.

To synthesize the importance of these three metrics, we
normalize them and devise a weighted sum to compute a
composite sensitivity score for each trainable parameter 0;:

S(0;) = a-MAG(0;)+5-(1-STD(6,))+~-GDC(8;) (9)

where MAG, STD, and GDC are the normalized metrics,
we set these weights to a=0.6, 5 =0.1, v =0.3, respectively,
a detailed discussion on the selection of these values is pro-
vided in our experiment part. Notably, we assign a negative
weight to the standard deviation term to reward parameters
with more stable gradients.



After obtaining and ranking the sensitivity scores for
all parameters in descending order, we employ a dy-
namic thresholding mechanism for parameter selection.
First, quantify the “sharpness™ of the gradient distribution
to judge parameter distinguishability, Let M = {MAG;}
denote the set of normalized gradients:

H = std(M) + (max(M) — median(M)) (10)

where {MAG;} is the set of normalized average gradi-
ent magnitudes across all parameters. The sharpness is com-
posed of two complementary components: the standard de-
viation and the difference between the maximum and me-
dian, a high std means that the distribution of gradient mag-
nitudes is very uneven, but it is insufficient as it does not cap-
ture the shape of the distribution. For instance, a wide, sym-
metric distribution and a skewed distribution with a long tail
could have similar std values. Therefore, we introduce the
difference mentioned above, a large difference specifically
identifies a “sharp head” in the distribution, complement-
ing the std by capturing the upper-tail skewness. A higher
‘H value indicates a clear distinction between important and
unimportant parameters. Subsequently, based on the calcu-
lated sharpness H, we dynamically determine the optimal
selection ratio Psjeq+ for the current adaptation task to iden-
tify the final parameter subset gy 7 pr:

Pselect = Tmin + (nmax - nmin) : Clip(Hnorm7 Oa 1) (1 1)

where 1,;, and 1,4, are preset ratio ranges(set to 0 and 1
respectively in our experiments), and oy, 1S the min-max
normalized result of H, defined as:

H— Hmin
Hmax - 7'Lmin
Finally, we freeze all trainable parameters outside the subset

Oswrrr and update this sensitive subset using the sample
subset ¢ to achieve efficient model adaptation.

Hnorm = ( 1 2)

Experiment
Datasets and Metrics

Datasets: We investigate the effectiveness of the pro-
posed method on a wide range of datasets, including an 8
band dataset from WorldView-3 (WV3) and WorldView-2
(WV2) sensors, and 4-band datasets from QuickBird (QB)
and GaoFen-2 sensors. Notably, we leverage Wald’s pro-
tocol to simulate the source data due to the unavailability
of ground truth (GT) images. Taking WV3 as an instance,
we use 10000 PAN/LRM S/GT image pairs (64 x 64) for
network training. For testing, we take 20 PAN/LRMS/GT
image pairs (256 x 256) for reduced-resolution evaluation,
and 20 PAN/LRMS image pairs (512 x 512) for the full-
resolution assessment, which lacks GT images.

Metrics: The quality evaluation is conducted at two reso-
lutions. For reduced resolution tests, the widely used SAM
(Yuhas, Goetz, and Boardman 1992), ERGAS (Wald 2002),
SCC (Zhou, Civco, and Silander 1998), and Q-index for 4-
band (Q4) and 8-band data (Q8) (Garzelli and Nencini 2009)
are adopted to assess the quality of the results. To evaluate
the performance at full resolution, the HQNR, the D), and
the Ds (Vivone et al. 2015) indexes are considered.
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Training Details and Benchmark

Training Details: We denote our experimental settings
as “SourceDomain—TargetDomain”. In our result tables,
Model indicates it is trained from scratch and tested on Tar-
getDomain, Model.,,;; ot SWIFTy,4, donates it is pre-
trained on the SourceDomain, then transfer to and finally
tested on TargetDomain. All experiments are conducted on
a NVIDIA RTX 4090 GPU with 24GB of video memory.

Benchmark: We compare our method with a series of
representative deep learning models in Pansharpening field,
covering architectures from classical to the latest ones, in-
cluding PanNet (Yang et al. 2017), FusionNet (Deng et al.
2021), U2Net (Peng et al. 2023), SSDiff (Zhong et al. 2024),
ADWM (Huang et al. 2025a), and WFANet (Huang et al.
2025b). For fairness, all baseline models are pretrained by
the same source-domain dataset as our method, and their
hyperparameter settings strictly follow the configurations in
their respective original papers. Notably, we exclude Zero-
Shot methods like ZS-Pan and PSDip from this direct com-
parison as they do not utilize training data. Similarly, PEFT
methods like Panadapter are not included in our main com-
parison because their baseline is a general super-resolution
model, which differs from our task of adapting existing
Pansharpening-specific models, but we still make a compar-
ison as they are both key cross-domain methods.

Main Experimental Results

Our main experimental results, presented in Tables 1, 3,
4, demonstrate that the SWIFT framework significantly en-
hances the cross-sensor performance of various Pansharp-
ening models. While models perform excellently on source-
domain data, their performance degrades significantly when
applied to a target domain with a distribution shift, as shown
in Table 1. A pretrained model shift to a target domain(e.g.,
PanNet,,.ss) always has a huge performence degration com-
pared to a model trained on target domain(e.g., PanNet) di-
rectly. Based on this, enhancing the performance of source
pretrained models has become a key goal for improving
cross-domain generalization ability.

Our method establishes a new SOTA performance on the
HQNR metric for WV2 and QB datasets. Qualitatively, the
visual comparisons in Figure 4 show that SWIFT-enhanced
networks consistently produce results with error maps ex-
hibiting visibly smaller residuals. Notably, these results also
validate our initial claim from the introduction: as shown in
our cross-domain experiments (e.g., Table 1), the Fusion-
Net model consistently outperforms the ADWM which is
designed above FusionNet, confirming that increasing archi-
tectural complexity does not guarantee better generalization.

Quantitatively, the improvements are substantial across
all tested datasets. For instance, when SWIFT is applied
to ADWM, the HQNR metric is significantly increased by
0.253 on the full-resolution QB data (Table 1). Similarly,
our method has also achieved remarkable results on reduced-
resolution data (details in the supplementary materials). Ad-
ditionally, it is crucial to note that the Time(s) metric signi-
fies different procedures: for baseline models (e.g., PanNet,



QB — GF2: Avg+tstd

GF2 — QB: Avg+tstd

Method

\ Dyl Ds | HQNR?T Time(s) Dy | Ds | HQNR?T Time(s)
Panadapter \ 0.0184+0.017  0.070+0.012  0.903£0.020  74337.1 0.033+0.018 0.061+0.014  0.837+0.029 71937.2
ZS-Pan 0.078+0.018  0.0324+0.016  0.893+0.024 1636.2 0.0364+0.016  0.071+£0.019  0.896+0.027 1334.8
PSDip 0.13240.029  0.098+0.026  0.783£0.033  6630.8 0.045+0.021  0.07540.021  0.8834+0.022 5651.8
PanNet 0.1234+0.024  0.190+0.019  0.71240.025 12870.6 0.104+0.026  0.078+0.012  0.826+0.031 15486.4
PanNetcross 0.2204+0.040  0.198+0.026  0.62540.023  12870.6 0.285+0.045 0.23240.023  0.549+0.026  15486.4
SWIFTpannet 0.090£0.019  0.05640.012  0.8604+0.026  1399.6  0.1934+0.059 0.1724+0.025 0.668+0.023 1630.4
FusionNet 0.0354+0.019  0.103+0.013  0.866+0.022 5874.3 0.067+£0.020 0.046+0.014  0.890+0.029  6435.2
FusionNeteoss | 0.111£0.050  0.0554+0.014  0.840+0.051 5874.3 0.3114+0.045 0.191£0.039  0.55740.033  6435.2
SWIFTgusionnet | 0.041£0.037  0.027+0.006  0.9344-0.035 130.7  0.1674£0.050  0.0484+0.016  0.794+0.056 138.6
U2Net 0.0204+0.012  0.046+0.010  0.936+0.013  11023.3 0.075+0.018  0.04740.023  0.882+0.036  12769.2
U2Neteross 0.13740.047  0.13440.038  0.747+0.052 11023.3 0.1054+0.057 0.075+0.029  0.828+0.054 12769.2
SWIFTyonet 0.0334+0.020  0.071+0.013  0.898+0.017 460.2 0.1324+0.040  0.041+£0.031  0.83440.059 572.4
SSDiff 0.021£0.011  0.061+0.017  0.9204+0.021  32336.5 0.0324+0.011  0.0374+0.012  0.933+0.020 35972.1
SSDiffross 0.14440.075 0.060+£0.041  0.80540.084 32336.5 0.082+0.038 0.0764+0.025 0.850+0.047 35972.1
SWIFTsspist 0.0334£0.029  0.0364+0.015 0.932+0.021 1077.9  0.033+0.012 0.026+0.016 0.942+0.026 1199.1
ADWM 0.10440.151  0.079+0.035  0.83040.155 13645.9 0.076+0.019  0.03940.013  0.888+0.030 26284.6
ADWDMoss 0.161£0.046  0.1334+0.035 0.7284+0.060 136459 0.7954+0.196  0.1274+0.182  0.516+£0.177 26284.6
SWIFT sapwm 0.04940.034  0.040+0.015 0.913£0.032 1091.3 0.107+0.035  0.140£0.030  0.76940.055 971.7
WPFANet 0.0174+0.008  0.064+£0.010  0.920£0.011  24994.5 0.044+0.019 0.11040.024  0.851+0.013  26787.0
WPFANet ross 0.0354+0.012  0.066+0.019  0.90040.012  24994.5 0.304+0.082  0.2424+0.044  0.526+0.059 26787.0
SWIFTwrane: | 0.020£0.013  0.061£0.010  0.9204+0.012 16124  0.074£0.022  0.085+0.026  0.849+£0.042  1856.7

Table 1: Mean values, standard deviations, and time used of the baseline models, cross-domain models, and SWIFT-enhanced
models on 20 full-resolution samples from the QB and GF2 datasets. Best results: bold, second-best: underline.

PanNet,ss), it is the training or retraining time on the tar-
get domain, whereas for our SWIFT-enhanced models (e.g.,
SWIFTp,nnet), it denotes the rapid adaptation time.This com-
parison is fair and reflects a practical application scenario,
as all methods start from the same pretrained source-domain
model; we focus on evaluating the marginal cost required for
adaptation: full retraining versus our SWIFT enhancement.
And SWIFT requires only 3% of the target-domain samples
and adapts nearly 10% to 30% of the model’s parameters.
More notably, the adaptation time for a model like SSDiff
is reduced from nearly 10 hours to just under 20 minutes,
an approximately 30-fold improvement in efficiency (Table
1). These results validates the effectiveness of SWIFT and
highlights its comprehensive advantages in balancing per-
formance with data, parameter, and time efficiency.

Ablation Study

To verify the effectiveness of the essence” sample selec-
tion strategy and the key parameter identification and update
mechanism, we designed a series of ablation experiments on
the QB dataset using the FusionNet baseline model.

Density-Aware Farthest Point Sampling strategy: To
verify our DA-FPS strategy, we compared it with random
sampling (the 3% ratio, where gradient change stabilizes
significantly afterward, was chosen as a key point, and we
shows it in Figure 3). Results in Table 2 confirm our method
better selects samples with high learning value.
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GF2 — QB: Avg+std

Method ‘

| Drl D,]  HQNRt MMD Time(s)
DA-FPS | 0.17+0.05 0.05+0.01 0.79+0.06 0.044 69
Random | 0.14:£0.04 0.13+0.03 0.754£0.05 0.053 61

Table 2: Comparison of metrics between DA-FPS and ran-
dom sampling at a 3% ratio on full-resolution samples from
the QB dataset using the FusionNet benchmark model.

| WV3 — WV2: Avgtstd

Method

\ Dyl Ds | HQNR?T Time(s)
FusionNet 0.05£0.03 0.06£0.02 0.894+0.02 2630
SWIFTgusionnet| 0.03+0.02 0.04+0.01 0.93+0.01 78
U2Net 0.09£0.08 0.04£0.01 0.87+0.08 35129
SWIFTuonet 0.04+£0.02 0.02+0.01 0.94+0.02 243
WPFANet 0.06£0.04 0.03£0.01 0.914+0.04 16481
SWIFTwranet | 0.04£0.02 0.034+0.01 0.9440.02 204

Table 3: Means, standard deviations, and time of all compar-
ative methods on 20 full-resolution samples from the WV2
datasets. Best: bold, and second best: underline.
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Figure 4: Visual Fusion image and Error maps on QB dataset (reduced data). For the error maps, blue indicate low error.

Dynamic Parameter Selection: To validate our dynamic configurations. The results confirm that our proposed setting
selection strategy, we compared it against fixed-ratio selec- outperforms simpler approaches, such as relying on a single
tion from 10% to 100%. The results in Figure 5 demonstrate metric or weighting all three metrics equally.
that our dynamic method, while retaining only 34.1% of pa-
rameters, surpasses the performance of any fixed-ratio se- Comparison of HQNR and Time Between Fix Ratio Selection and Our Method
lection and even matches that of full fine-tuning, but at a 0.7 |~ i Ratio Selecton HONR 95
fraction of the computational cost. [ e i v 90
0781~~~ Our Method Time l 85
Method \ WV3 — WV2: Avgstd E "§
\ SAM|  ERGAS| SCCt Q81 z §
FusionNet 6.33+0.65 5.04+0.46 0.88+0.01 0.86+0.08 5 @
SWIFTkusionNet| 4.4240.46 2.68+0.39 0.97+0.01 0.91+0.09 - E

U2Net ‘ 5.26+0.50 4.084+0.38 0.93+0.01 0.85+0.09

SWIFTuonet 4.50+0.52 2.81+0.44 0.97£0.01 0.9140.09
WFANet 5.79+0.56 4.35+£0.39 0.92+0.01 0.8440.08 T TR v v e PR oar.
SWIFTwrane: | 4.38£0.46 2.70£0.41 0.97+0.01 0.91-0.08 B merer Quantity () o 100
Table 4: Means, standard deviations, and time of all com- Figure 5: Performance and efficiency comparison of our dy-
parative methods on 20 reduced-resolution samples from the namic parameter selection strategy against fixed-ratio se-
WV2 datasets. Best: bold, and second best: underline. lection. The blue line (left y-axis) shows the HQNR score,
while the red line (right y-axis) shows the adaptation time.
Setting | GF2 — QB: Avg=std Conclusion
a B v | Dl D, | HQNRT This paper introduced SWIFT, a model-agnostic enhance-
10 0 | 0.12640.034 0.165+0.026 0.73140.048 ment framework designed to address the novel task of im-
. N lizati Wi
0 1 0 | 0.12500038 0.162£0.027 07340053 proving cross-sensor generalization at an extremely low cost
without altering the model architecture. Extensive experi-
0 0 1 |0.111£0.048 0.148£0.026 0.758+0.059 ments demonstrate that SWIFT achieves SOTA performance
0.33 033 0.33| 0.15340.044 0.135+0.026 0.734+0.055 on the HQNR metric across the WV2 and QB datasets, often

surpassing full retraining while using only a fraction of the
0.6 02 02 | 0.153+0.050 0.078+0.024 0.78240.055 data (3%) and tunable parameters (10%-30%). By efficiently
0.6 0.1 03 | 0.091+0.028 0.12940.031 0.79340.049 balancing high performance with minimal adaptation costs,
SWIFT offers a new and practical paradigm for deploying
Pansharpening models across diverse sensor domains.

Table 5: Weight hyperparameter settings for gradient mag-
nitude, gradient direction consistency, and gradient standard
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