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Abstract

Currently, most Hyperspectral(HS) pansharpening methods
have two problems, namely the lack of consideration the spa-
tial variations of HS images and inaccurate feature recon-
struction in multi-channel complex mapping relationships,
leading to spectral and spatial distortions in the fusion re-
sults. To address these issues, we propose a dynamic net-
work based on feature modulation and probability mask
(FMPM-DNet) for HS pansharpening, including two stages
of spectral-spatial feature modulation and feature reconstruc-
tion. In the first stage, to increase the feature representation
ability of the model, a wave function is defined based on com-
plex transformation to convert spatial features into wave-like
features. On this basis, considering the spatial variations of
HS images, a dynamic feature modulation unit (DFMU) is
constructed to achieve adaptive modulation and coarse fusion
of features by dynamically generating spectral-spatial correc-
tion matrix. In the second stage, a feature probability mask
unit (FPMU) is designed to realize global feature embedding
at different depths and local feature embedding at the same
depth to obtain refined fused features. Extensive experiments
on three widely used datasets demonstrate that the proposed
FMPM-Net achieves significant improvements in both spatial
and spectral quality metrics compared to some state-of-the-
art (SOTA) methods.

Code — https://github.com/EchoPhD/FMPM-DNet

Introduction

In the optical remote sensing systems, the balance among the
spatial resolution, the spectral resolution, and the signal-to-
noise ratio (SNR) is a key consideration factor. Single re-
mote sensing system cannot directly acquire high-spatial-
resolution hyperspectral (HRHS) images. Typically, spec-
troscopy imaging systems can capture hundreds of narrow
spectral bands at once, yielding hyperspectral (HS) data
with abundant spectral information, but often reduce the spa-
tial resolution of HS data. In contrast, panchromatic (PAN)
imaging systems can provide single-band images with high
spatial resolution. To accommodate requirements for HRHS
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Figure 1: Different network structures. (a) static network, (b)
dynamic network, and (¢) FMPM-DNet.

data in many practical remote sensing applications, such as
environmental monitoring, target detection, and classifica-
tion (Aburaed et al. 2023), one possible approach is to recon-
struct HRHS images from low spatial resolution HS (LRHS)
images and PAN images. This process is commonly referred
to as HS pansharpening.

The traditional pansharpening methods can be classified
into four categories (Li et al. 2024): component substitu-
tion (CS) methods (Aiazzi et al. 2007), multiresolution anal-
ysis (MRA) methods (Aiazzi et al. 2006), Bayesian (VO)
methods (Wei et al. 2015), and matrix decomposition-based
methods (Yokoya, Yairi, and Iwasaki 2012). Although the
traditional methods are easy to implement and physically
interpretable, they often suffer from spatial and spectral dis-
tortions due to imprecise definition of prior knowledge and
imprecise manual feature extraction (Zhang et al. 2020).

In HS pansharpening, the complex mapping relationship
between multiple channels has always been a challenging
problem that is difficult to solve. Deep learning (DL)-based
methods have been proven to be more effective in handle
these problems compared to traditional methods. Accord-
ing to the network architectures shown in Figure 1(a) and
(b), DL-based methods can be roughly divided into two
categories: methods based on static network and methods
based on dynamic network. The methods based on static
network (He et al. 2023) aims to directly map PAN and
LRHS images to HRHS images by learning networks with
fixed parameters. For example, Hyper-DSNet (Zhuo et al.



2022) is proposed to preserve spatial details and spectral fi-
delity by constructing a deep-shallow fusion structure with
multi-detail extraction and spectral attention. FPFNet (Dong
et al. 2023) is a dual-branch feature pyramid network struc-
ture that reconstructs HRHS images through the progressive
fusion of multi-scale features. DMOEAD (Wu et al. 2024)
is a multi-task, multi-objective driven HS fusion network
that enhances the final fusion results by mutually optimizing
the shared high-frequency information obtained by CNNs.
This type of network structure that learns fixed parameters
is prone to ignoring the spatial variations of HS images, re-
sulting in a decrease in the generalization of the model.

The methods based on the dynamic network shown in Fig-
ure 1(b) dynamically adjust the learned fixed parameters by
learning a set of dynamic mapping weights based on dif-
ferent input images. Tree-SNet (He et al. 2024) constructed
a spectral-spatial tree-structured network that addresses the
imbalance between spatial and spectral information by us-
ing adaptive convolutions. HyperRefiner (Zhou et al. 2023)
constructed an up-sampling spectral-preserving network that
achieves fine fusion of multi-scale PAN and HS image fea-
tures by constructing an adaptive cross-attention weight ma-
trix. Although dynamic networks can improve network per-
formance, some networks typically utilize dense connection
structures to achieve complex multi-channel feature map-
ping between HS and PAN images, which leads to feature
redundancy issues, resulting in spectral and spatial distor-
tions in the HS pansharping results (He et al. 2024).

In response to the above issues, we propose a dynamic
network based on feature modulation and probability mask
(FMPM-DNet) for the HS pansharpening, which adopts a
dual-stage dynamic network structure shown in Figure 1(c):
spectral-spatial feature modulation stage and feature recon-
struction stage. In the first stage, a wave function is de-
fined to transform spatial features into wave-like features,
which represent both modal features as complex domain fea-
tures(real and imaginary features). Then, a dynamic feature
modulation unit (DFMU) is constructed to modulate LRHS
image features using PAN image features, resulting in rough
fusion features. In the second stage, to learn the precise map-
ping relationship between multiple channels, a feature prob-
ability mask unit (FPMU) is designed, which can achieve
fine fusion feature reconstruction by selectively embedding
global and local features. Our main contributions can be
summarized as follows:

1. An FMPM-DNet with a spectral-spatial modulation stage
and a feature reconstruction stage is proposed for obtain-
ing fusion results possessing spatial and spectral fidelity.

2. A wave function-based DFMU is constructed to real-
ize adaptive modulation and coarse fusion of two modal
features by dynamically generating spatial and spectral
modulation weights.

3. An FPMU is designed to achieve fine reconstruction of
fused features by learning of global and local probability
masks.
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Proposed Approach

In this section, we propose a FMPM-DNet for HS pansharp-
ening, as shown in Figure 2, which consists of two stages:
a spectral-spatial feature modulation stage and a feature re-
construction stage. In the first stage, a sub-network with dual
U-Nets is constructed to extract and fuse two modal fea-
tures at different scales. In each scale layer, we construct a
DFMU to achieve coarse fusion of current scale features. In
DFMU, a wave function is first defined to transform image
features into wave-like features in complex domain. Then,
by dynamically generating spatial and spectral modulation
weights, the modulation and integration of the two modal
wave-like features are achieved. In the second stage, inspired
by neural structure search (Zhang et al. 2021), multiple prob-
abilistic reconstruction layers are constructed to gradually
achieve fine reconstruction of fused features. In each recon-
struction layer, an FPMU is designed to achieve global em-
bedding and local embedding of fused features by utilizing
learned global and local probability masks. Below, we pro-
vide a detailed introduction to DFMU and FPMU.

Dynamic Feature Modulation Unit (DFMU)

Considering that real and imaginary information in the com-
plex domain can more effectively address complex image
data (Tang et al. 2022), a DFMU based on wave function is
developed in the complex domain, as shown in Figure 2(a).
DFMU achieves rough fusion of LRHS and PAN image fea-
tures at each scale by modulating the real and imaginary
parts of the wave-like features corresponding to each pixel in
the LRHS image. This process includes three steps: feature
transformation, feature modulation, and feature fusion.

Firstly, in the feature transformation step, a wave function
is designed to achieve the transformation of features from
the spatial domain to the complex domain. We take the fea-
tures of the input PAN and HS images as waves |z| ® e (¢ is
the imaginary unit satisfying t*> = -1, and © is the element-
wise product) with amplitude |z| and phase §. The ampli-
tude represents the intensity of spectral features and spatial
details, while the phase represents the directionality of spa-
tial structures and patterns. To embed the wave-like features
from the complex domain into the proposed DFMU, allow-
ing for feature modulation using simple addition operations,
we use the Euler’s formula to represent the waves with real
and imaginary parts. The feature transformation of the wave
function W F (+) is defined as:

WF (Fla)) = |2 | © c080(.y) |2 | © sinfay

r=1--- H, y=1.--- W

where | - | denotes the absolute value operation. The ampli-
tude ‘z(zyy)| is real-value feature of the input feature F\, )
(F represents PAN image feature f,q, or HS image feature
fns)at spatial position (z,y). 0(,,,) denotes phase. H and W
denote the height and width of input images, respectively.

In the network, the amplitude is similar to real-value fea-
tures in traditional model. This element-wise absolute value
operation can be absorbed into the phase term, as defined
below.

0
|Z( )| etg(w,y) — Z($7y)€ (z,y)’ Z(w,y) > O
oy 2y @™ otherwise
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Figure 2: The overall architecture of FMPM-DNet.

Thus, the absolute value operation can be removed to sim-
plify the calculation, and a simple convolution operation is
used to obtain the amplitude of the input features. The oper-
ation is as follows:

3

where C'onv; 1 (+) indicates the convolution operation with
a kernel size of 1x1. To obtain the specific attributes of dif-
ferent input features, we utilize an estimation module (Tang
et al. 2022) to generate the phase information of the input
features. The specific operation is as follows:

0 ReLU (BN (Convixi (Flay))))

Z(z,y) = Convixi(Flz,y))

“

where BN(-) represents the batch normalization, and
ReLU(-) indicates the ReLU activation function. Accord-
ing to equations (3) and (4), we can obtain the amplitudes
and phases corresponding to the PAN and HS image features
at each scale, which are substituted into the wave function
equation (1) to obtain the real and imaginary parts of the
wave-like features. Six wave functions are used to achieve
feature transformation, and the operations are as follows.

zy)

Cat (Rel’ Im&") = WF' (fpan), i=1,2 (5
Cat (Refl Tmfl) = WF' (fu), i=12  (6)
Cat (Rejt Imj’) = WF' (frs),i=1,2 (1)

where Regi and Imgi represent the real and imaginary parts
corresponding to the PAN features. Re]f:g and Re],’, represent
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the real parts corresponding to the HS features. Imﬁ and
Imj’, represent the imaginary parts corresponding to the HS
features. C'at (-) represents the concatenation operation.

In the feature modulation step, we first synthesize the real
and imaginary parts of PAN and HS image features, and em-
ploy different convolution operations to dynamically gen-
erate spatial and spectral modulation matrices SpaM and
SpeM . Then, these two matrices are multiplied with the real
and imaginary parts of the HS image features to achieve the
corrected HS image features. This process can be expressed
as follows.

SpaM = S (C’onvsx?s (C“t (Relfcj +Ref?, I+ Im?) )) ®)

SpeM = S (Convl x1x3 (C‘lt (Relfils +Regl ,Imﬂ +Imgl))> ©)

Fypo = SpaM © Cat (Rej}, Imj}) (10)

Fype = SpeM @ Cat (Rej2, Im}?) an
where Convsx3(+) and Convyx1x3(+) indicate the convolu-
tion operation with a kernel size of 3x3 and 1x1x3, respec-
tively. S(-) represents the softmax operation. Fj,, and Fj,.
represent the modulation features in the spectral and spatial
dimensions, respectively.

Next, in the feature fusion step, we design a soft cross-
attention mechanism to adaptively fuse two modulation fea-
tures F,,, and Fi,.. Specifically, these two modulation fea-
tures are fed into the softmax operation to calculate two
adaptive weight matrices Wspq and Wspe.

B exp (Fy)
exp (Fispe) + exp (Fopa)

, © = {spe,spa} (12)



where exp () refers to the exponential function. Finally,
the weight matrices wgy,, and wgy. are multiplied with two
modulation features to obtain the fused modulation features,
which are then added to the input HS image features of
DFMU to obtain the coarse fusion features f,; at the cur-
rent scale. The specific operation is as follows.

fcf = fhs + (wspe © Fspe + Wspa, O) Fspa)
Feature Probability Mask Unit (FPMU)

At present, most networks integrate features of different
depths by directly concatenating or summing all features,
which may result in inaccurate feature reconstruction when
learning complex mapping relationships between multiple
channels. Therefore, in each feature reconstruction layer in
the second stage, an FPMU is constructed by introducing
learnable probability masks, as shown in Figure 2(b), which
selectively utilizes features to obtain accurate reconstructed
features. FPMU consists of two learnable probabilistic mask
structures: global probabilistic embedding structure (GPES)
and local probabilistic embedding structure (LPES). GPES
achieves the embedding and integration of features from dif-
ferent reconstruction layers through defining adaptive global
probability masks. LPES achieves feature embedding and
integration in both channel and spatial dimensions by defin-
ing adaptive local probability masks. Taking the j-th FPMU
as an example, we provide a detailed introduction to the con-
struction of two structures.

In GPE, the input features and global probability masks
are considered as elements in the global probability space
SG, as represented below.

SG ={(@, F")(@®, FD), - (@, FI)}  (14)

where the binary vector o) € {0,1} with length j indicates
whether to use the features from the previous j layers. F)
denotes the aggregated features from the previous j layers.
a¥ follows the Bernoulli distribution B(X), also known as
the 0-1 distribution, which is a discrete probability distribu-
tion defined as:

X=0

|
BX)= {p, X=1

where X represents a random variable, equivalent to
a¥(m), m €[l,2,--- , j]in the space SG, and p is the prob-
ability parameter, which satisfies the condition 0 < p < 1.p
can be obtained by training a mask network with a learnable
independent Bernoulli distribution. However, Bernoulli dis-
tribution is not differentiable and cannot be directly used to
calculate gradients. To solve this problem, a differentiable
continuous random variable needs to be introduced to ap-
proximate the discrete random variable, allowing gradient
calculation during training. Gumbel softmax (Jang, Gu, and
Poole 2017) can relax a discrete Bernoulli distribution into
a continuous space, which can be defined as:

p log(r1)

Mi(p) = sigmoid((log( 2= + tog(GZE L) 16)

where r; and 7, are random noises with standard uni-
form distribution in the range of [0,1], 7 is a temperature.
sigmod () represents the sigmoid activation function.

13)
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According to Formula (16), the feature selection and inte-
gration operations for each reconstruction layer can be rep-
resented by the following equations.

Tm.J — plm) o M (B (m)))

Fg) — OOTL’L)]X1(T(O’j), T(l,j)7 . ’T(jvj)) a7
where T(m.9) indicates the features selected from £(™) and
Fg ) represents the global aggregated features.

In LPES, local feature embedding is achieved by adap-
tively learning local probability masks in the horizontal
(h), vertical (v), and channel (c) directions. Firstly, the
global aggregated features are processed through three 2D

(€9 (), €9 (). c9 ()] n e
{h,v, c}, which extracts features in the horizontal, vertical,
and channel dimensions. Then, according to Formula (16),
three learnable probability masks are defined to achieve the

selection of these three features. The above operations can
be represented by:

convolutions CY (+) =

o) — CS)(Fg)) ® M(B(BY(n))) (18)

where O(™7) represents the selected features in three direc-

tions. 89 € {0,1]° with length of 3 indicates whether to
use the features from the horizontal, vertical, and channel
dimensions. Finally, the soft cross-attention mechanism is
adopted to embed local features into the output of FPMU,
and the operations are defined as follows.

B exp (O("J))
Wn = exp (O:1)) 4+ exp (O:9))+ exp (O(<:9))

FOHD =3, © 00
n

19)

(20)

where wy,, w,,, and w,. represent the embedding weights for
the features O™ 7 O™ and O, respectively. F+1)
represents the output of the j-th FPMU.

Loss Function

L1 loss is used to calculate the reconstruction loss, which
is commonly used in HS pansharpening tasks(Zhuo et al.
2022). The reconstruction loss is defined as:

21

Lyey = lHer — Iarus| 4

1
CHW
where Hgp denotes the ground truth (GT) HRHS im-
ages, I'yrps is the network-predicted HRHS images, and
(C, H,W) denotes the dimensions of Hg7: the number of
spectral channels, image height, and width.

Experimental Results and Analysis
Dataset and Metrics

To validate the effectiveness of the proposed FMPM-DNet,
extensive experiments were conducted on three publicly
available and widely used HSI datasets, including Pavia cen-
ter(Plaza et al. 2009), Botswana (Ungar 2002), and Chiku-
sei(Yokoya and Iwasaki 2016). The datasets were processed



Datasets Methods PSNR(1) SAM(]) SSIM(1) SCC(}) RMSEx1072(]) ERGAS(])

CNMF (Yokoya et al. 2012) 32.0244 7.2364 0.8913 0.9462 2.7090 4.8195

DARN (Zheng et al. 2020) 37.1592 5.2685 0.9545 0.9824 1.5299 2.8876

Hyperkite (Bandara et al. 2022) 36.9586 5.3630 0.9527 0.9809 1.5661 2.9363

Hyper-DSNet (Zhuo et al. 2022) 37.1725 5.1541 0.9539 0.9822 1.5245 2.8929

Pavia center FPFNet (Dong et al. 2023) 37.2121 5.3962 0.9520 0.9822 1.5297 2.8992
HyperRefiner (Zhou et al. 2023) 37.7193 5.0461 0.9588 0.9856 1.4265 2.7748

Tess-SNet (He et al. 2024) 38.1569 4.8628 0.9594 0.9855 1.3815 2.6432

FMPM-DNet (Ours) 38.8193 4.6083 0.9633 0.9874 1.2829 2.4837

CNMF (Yokoya et al. 2012) 33.6006 2.3018 0.9193 0.9549 4.5080 3.8151

DARN (Zheng et al. 2020) 41.1629 1.9877 0.9453 0.9818 1.3589 2.5892

Hyperkite (Bandara et al. 2022) 42.4773 1.7728 0.9576 0.9825 1.2897 1.8724

Hyper-DSNet (Zhuo et al. 2022) 43.7004 1.8418 0.9554 0.9809 1.2998 1.4724

Botswana FPFNet (Dong et al. 2023) 44.1665 1.8960 0.9621 0.9843 1.2396 1.4639
HyperRefiner (Zhou et al. 2023) 44.2455 1.6751 0.9663 0.9864 1.1655 1.3997

Tess-SNet (He et al. 2024) 45.2278 1.5787 0.9671 0.9875 1.0738 1.3039

FMPM-DNet (Ours) 45.6029 1.5171 0.9692 0.9886 1.0343 1.2521

CNMF (Yokoya et al. 2012) 35.6701 3.7933 0.8970 0.9013 1.9730 6.6018

DARN (Zheng et al. 2020) 41.0419 24217 0.9686 0.9743 0.9837 4.2614

Hyperkite (Bandara et al. 2022) 41.6503 2.3207 0.9702 0.9761 0.9246 4.0896

Hyper-DSNet (Zhuo et al. 2022) 41.6990 2.3315 0.9705 0.9765 0.9197 4.0150

Chikusei FPFNet (Dong et al. 2023) 42.3698 2.3260 0.9759 0.9826 0.8243 3.8711
HyperRefiner (Zhou et al. 2023) 42.9958 2.1112 0.9777 0.9829 0.8046 3.5126

Tess-SNet (He et al. 2024) 43.2155 2.0608 0.9795 0.9847 1.7487 3.4806

FMPM-DNet (Ours) 44.0595 1.9074 0.9826 0.9874 0.6809 3.1860

Table 1: The average quantitative results on the Pavia center, Botswana, and Chikusei datasets.

DARN  DIP-Hyperkite Hyper-DSNet FPFNet  HyperRefiner — Tree-SNet Ours

v < k o % E oy - b . ¥ 2 . - 8 o S : "

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0A8 0.9 1

Figure 3: Fusion results on the three datasets.(The first row presents the results on the Pavia center dataset, the second row
shows the results on the Botswana dataset, and the third row displays the results on the Chikusei dataset.)
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Figure 4: Spectral difference curves at three positions in three images from three datasets.
One Two PSNRT SAM| SSIM{ SCCT ERGAS. GPES LPES PSNRT SAM| SSIMtT SCCT REGAS]
stage  stage X X 38.4795 4.7636 0.9609 0.9862 2.5613
38.4756 4.8016 09616 09866 2.5618 X v’ 387094 4.5948 0.9634 0.9871 2.5050
;{ ‘>/< 38.0810 4.2951 0.3589 0.8250 2.2618 v X 38.6997 4.6188 0.9634 0.9871  2.5059
Table 2: Ablation study on the dual-stage structure. Table 5: Ablation study on the probability masks in FPMU
structure.
Methods PSNRT SAM| SSIMT SCCT REGAS|
w/o DEMU  38.6033 4.6914 0.9662 0.9867  2.5263 Methods .. P1P- Hyper- FPE - Hyper Tree- o
w/ DFMU  38.8193 4.6083 0.9633 0.9874  2.4837 °  Hyperkite DSNet Net Refiner SNet

#Params(M)  0.97 0.53 2234 1932 9.12 584

Table 3: Ablation study on DFMU structure. FLOPs(G) 212.64 21.89 174.92 85.00 205.00 100.16

Methods PSNRT SAMJ| SSIMfT SCCT REGAS)| Table 6: Comparision of parameters and FLOPS of DL-
wio Wave 38.4758 47491 09616 09866  2.5593 based methods on the Chikusei dataset.
w/ Wave 38.8193 4.6083 0.9633 0.9874 2.4837

Table 4: Ablation study on the wave function in DFMU Objective and Subjective Comparison

structure.

Table 1 presents the objective evaluation results of the fusion
results on the three datasets. The best results are highlighted

following the Wald’s protocol (Wald 2000) and set accord- in bold, while the second-best results are underlined. The ta-
ing to Bandara(Bandara et al. 2022). We compared FMPM- ble shows that our proposed method outperforms the other
DNet with several SOAT methods, including one traditional methods in all evaluation indicators. Specifically, the PSNR
methods: CNMF(Yokoya, Yairi, and Iwasaki 2012), and values of the proposed method are 0.6624 dB, 0.3751 dB,
six DL-based methods: DARN(Zheng et al. 2020), DIP- and 0.8440 dB higher than those of the second-best compar-
Hyperkite(Bandara et al. 2022), Hyper-DSNet(Zhuo et al. ison methods, respectively.

2022) , FPFNet(Dong et al. 2023), HyperRefiner(Zhou et al. Figure 3 shows the fused images obtained by the different
2023), and Tree-SNet(He et al. 2024). To objectively eval- methods on the three datasets. To observe the differences
uate the performance of all comparative methods, six ob- between the fusion results more clearly, the Mean Absolute
jective metrics were adopted, including Spectral Cross Cor- Error (MAE) maps between the fusion results and the GT
relation (SCC), Spectral Angle Mapping (SAM), Structural are calculated and displayed in the lower right corner, with
SIMilarity (SSIM), Root Mean Square Error (RMSE), Er- magnified local areas shown in the lower left corner. It can
reur Relative Globale Adimensionnelle de Synthese (ER- be seen that our results are visually closest to the GT images
GAS), and Peak Signal-to-Noise Ratio (PSNR)(Zheng et al. and the corresponding MAE maps contain the least residual
2020; Bandara et al. 2022). information. This also indicates that our results have better

. spatial and spectral fidelity.

Experimental Setup To further assess the spectral preservation capability of
We retrained all DL-based methods using Python 3.9 and the DL-based methods, Figure 4 presents the spectral differ-
PyTorch 1.13 on Ubuntu 20.04 system with a NVIDIA GTX ence curves of three randomly selected pixels in three im-
A6000. The initial learning rate, epoch, and batch size are ages from these datasets (Pavia center (155, 49), Botswana
set to 0.0001, 8000, and 4, respectively. Adam is selected as (26, 26), and Chikusei (171, 215)). Our method exhibits the
the optimizer, and the learning rate decays by 0.8 every 2000 least spectral difference values, demonstrating its excellent
epochs. spectral preservation capability.
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CNFM DARN  DIP-Hyperkite Hyper-DSNet FPFNet HyperRefiner  Tree-SNet Ours GT
Figure 5: The classification results of fused images from comparison methods on the Pavia center dataset.
Metrics CNMF DRAN DIP-Hyperkite Hyper-DSNet FPFNet HyperRefiner Tree-SNet Ours
OA 0.7795 0.9451 0.9405 0.9435 09459 0.9465 0.9519 0.9564
Kappa 0.9393 0.9246 0.9184 0.9225 0.9258 0.9265 0.9340 0.9402
Table 7: Objective comparison of classification results on the Pavia center dataset.
Ablation Study Model Complexity. We compared the parameters and

Several ablation experiments were conducted on the Pavia
center dataset to demonstrate the effectiveness of the pro-
posed components: the dual-stage structure, DFMU, and
FPMU.

Effectiveness of Dual-stage Structure. We conducted ab-
lation experiments on networks with first stage, second
stage, and dual stages, and the results are shown in Table
2. From the table, we can observe that compared with the
suboptimal methods in Table 1, the network with first stage
achieves better performance, with an increase of approxi-
mately 0.32dB in PSNR value, indicating that the network
with this stage has good feature correction ability. The net-
work with dual stages exhibits better performance compared
to networks with only one stage, indicating that the dual-
stage structure is effective.

Effectiveness of DFMU. To validate the effectiveness of
DFMU, we directly removed the DFMU structure and re-
placed it with a concatenation operation on PAN and HS
feature maps. The results shown in Table 3 indicate that the
dynamic network using DFMU achieves better results.

Effectiveness of Wave Function. To validate the effec-
tiveness of the wave function in DFMU, we conducted abla-
tion experiments by replacing the wave functions in DFMU
with 1x1 convolutions. Table 4 displays the comparison re-
sults. From the table, we can observe that the network using
the wave function have better performance.

Effectiveness of Probability Masks in GPES and LPES
of FPMU. The ablation experiments were conducted to
validate the effectiveness of probability masks in GPES and
LPES of FPMU. In the experiments, without GPES or LPES
means removing the probability masks in GPES or LPES.
The results shown in Table 5 indicate that removing the
probability masks in both GPES and LPES obtain the low-
est metric values, while retaining the probability masks in
GPES or LPES obtains better results. Our method achieves
the best performance, which indicates the probability masks
in GPES and LPES of FPMU are effective in improving the
performance of the model.
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computational complexity of five DL-based models , and
the results are shown in Table 6. Although the pro-
posed method has more parameters than DIP-Hyperkite and
Hyper-DSNet, our method achieves higher PSNR values.
Compared with FPFNet, HyperRefinert, and Tree-SNet, our
method achieves better results with fewer parameters. Over-
all, our method has better performance.

Classification Application

To further demonstrate the effectiveness of the proposed
method, we conducted downstream ground object classifica-
tion experiments on the fused results. We used the k-means
algorithm in the software ENVI on satellite images to eval-
uate the fusion results of different methods. The number
of classification categories was set to 4, and the maximum
number of iterations was set to 5. The classification results
are shown in Figure 5. The figure shows that the classifi-
cation result of our fused images is the closest to that of
the GT. The accuracy metrics in Table 7 also indicate that
our method achieves better fusion results compared to other
methods.

Conclusion

In this paper, we propose a novel dual-stage dynamic fu-
sion network, called FMPM-DNet. The first stage consists
of two U-Net branches, which are used to extract features of
different scales from PAN and LRHS images, and to mod-
ulate LRHS image features using PAN image features. At
each scale layer, a DFMU based on wave function is con-
structed, which generates coarse fusion features by adap-
tively modulating the features of LRHS images. The sec-
ond stage is constructed to obtain the final pansharpening
results by gradually reconstructing refined fusion features.
At each reconstruction layer in this stage, an FPMU is de-
signed to achieve feature selection and embedding by defin-
ing learnable probability masks. Experiments conducted on
three widely used HS datasets demonstrate that our FMPM-
DNet outperforms other SOTA methods in both quantitative
and qualitative evaluations.
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