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HPN-ICE: Information Cross Embedding for Hyperspectral Pansharpening

Yan JIN

Abstract: Hyperspectral (HS) pansharpening aims to generate high-spatial-resolution hyperspectral (HRHS) images by fusing panchromatic (PAN) images with
low-spatial-resolution hyperspectral (LRHS) images. However, many existing HS pansharpening methods fail to capture global dependencies between cross-modal features,
leading to spectral and spatial distortions.To address this issue, we propose a hyperspectral pansharpening network based on information cross embedding (HPN-ICE). The
model progressively fuses HS and PAN image features through two modules: the global feature fusion module (GFFM) and the multi-directional feature enhancement module
(MFEM). In GFFM, a feature embedding fusion module (FEFM) is firstly designed based on the information cross embedding, which efficiently fuses spectral and spatial
features by establishing cross dependencies between two modal features. Then, a frequency-domain channel attention module (FCAM) is constructed to enhance the global
spectral information in the frequency domain. MFEM is constructed to enhance the local details of fused features in multi-dimensional directions. Extensive experiments
conducted on three widely used datasets demonstrate that HPN-ICE achieves significant improvements in both spatial and spectral quality metrics over some

state-of-the-art (SOTA) methods. The code will be released on GitHub.
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1 INTRODUCTION

Hyperspectral (HS) images usually comprise hundreds
of narrow spectral bands, offering high spectral resolution,
with each band representing the radiance information of the
scene within specific wavelength intervals. However, due
to the physical limitations of hyperspectral sensors, only
low-spatial-resolution hyperspectral (LRHS) images can
be acquired, which limits the application of HS images in
numerous fields [1, 2]. In contrast, panchromatic (PAN)
imaging systems can provide single-band images with high
spatial resolution. One possible approach is to reconstruct
high-spatial-resolution hyperspectral (HRHS) images from
LRHS images and PAN images. This process is commonly
referred to as HS pansharpening.

The traditional methods are roughly classified into
four categories, such as component substitution (CS)-based
methods  [3-7], multi-scale resolution  analysis
(MRA)-based methods [8-11], Bayesian-based methods

[12-15], and Matrix decomposition-based methods [16-18].

The CS-based methods obtain HR-HS images by
substituting the spatial components of HS images with the
spatial components of PAN images, mainly including
Principal Component Analysis (PCA) [4],
Intensity-Hue-Saturation (IHS) [5], and Gram-Schmidt
Adaptive (GSA) [6, 7] methods. The MRA-based methods
generate HR-HS images by injecting the spatial details of
PAN images at different scales into LR-HS images. The
multi-scale decomposition approaches used in these
methods mainly include the Wavelet Transform
(WT)-based methods [8, 9] and Laplacian Pyramid
(LP)-based methods [10, 11]. In addition, some hybrid
methods, such as Guided Filter PCA (GFPCA) [19] based
on CS and MRA were also proposed to balance the quality
of spatial and spectral information. Bayesian-based
methods solve fusion problems by constructing
regularization terms based on Bayesian priors, such as
Bayesian Naive [12] and Bayesian Sparse Promoting
Gaussian Prior (BSP) [13, 14]. However, the solutions of
these methods are complex and require precise prior
definitions. Matrix  factorization-based  approaches
regularize the fusion problem via utilizing the priors of

spectral unmixing, and the coupled non-negative matrix
factorization (CNMF) [16] is a commonly used and typical
method. Although traditional methods enhance spatial
details, they often suffer from severe spectral distortion due
to limited feature extraction, imprecise priors, and spectral
gaps between LR-HS and PAN images.

In recent years, convolutional neural networks (CNNs)
have been developed in pansharpening tasks due to their
excellent feature learning capacities [20, 21]. Bandar et al.
[22] adopted the DIP approach to upsample LR-HS images
and designed an over-complete network called HyperKite
to effectively capture image edge details. However, since
the difference between the two image features is not
considered, directly extracting spatial and spectral features
from the two images may cause spectral and spatial
distortions in the fusion results. To reduce the aliasing of
spatial and spectral features, Qu et al. [23] proposed a
two-branch detail extraction pansharpening method, which
uses a pre-trained network to sharpen LR-HS images. He
et al. [24] developed a spectrum prediction convolutional
neural network (HyperPNN), which improves the spectral
and spatial prediction capabilities by introducing a
spectrum prediction structure. Dong et al. [25] proposed a
feature pyramid fusion network (FPFNet) for
pansharpening, which extracts multi-resolution features
from PAN and HS images by constructing two branches
and gradually injects them into the fused features. Wang et
al. [26] proposed DISPNet, an interpretable deep unfolded
network with intrinsic supervision for pansharpening. The
method leverages spatial consistency and spectral
projection priors to enhance spatial quality and modality
correlation. However, its reliance on a variational
framework and iterative algorithm introduces significant
computational complexity. Zhuo et al. [27] designed a
Hyper-DSNet that ensures the spatial and spectral fidelity
of fused images by constructing a deep-shallow fusion
structure with multi-detail extraction and spectral attention.
Dong et al. [28] developed a deep CNN within a Gaussian
Laplacian pyramid for pansharpening, which reconstructs
HR-HS image by injecting sub-band residuals extracted
from PAN images into upsampled HS images. However,
due to the limitation of kernel size in convolution
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operations, these methods mainly focus on learning local
features of the image and lack exploration of long-range
features, leading to spatial and spectral distortions in the
fusion results.

Due to the long-range feature learning capability of the
Transformer architecture, it has been widely applied in
computer vision tasks. Considering the advantages of
Transformer and CNN, researchers have attempted to
explore the learning of global and local contextual
information in images by combining the two structures. For
example, Liu et al. [29] designed an Interactformer that is
a dual-branch network consisting of Transformer and
3D-CNN network to extract global and local features. Zhou
et al. [30] constructed a deep learning fusion network
called HyperRefiner based on autoencoders and
self-attention mechanism. Bandara et al. [31] designed a
HyperTransformer to improve the reconstruction quality of
spatial and spectral features by effectively capturing the
feature relationship between PAN and LR-HS images.
Shang et al. [32] modeled the panshapening task as an
optimization model and utilized transformer and CNN
structures to optimize and solve the model. Zhou et al. [33]
designed a self-attention dual-stream network architecture
based on Transformer, which extracts two modal features
from Multispectral and PAN images and fuses spatial and
spectral features by constructing a cross-attention module.

However, due to the high-dimensional data property of
HS images, these methods usually have high
computational complexity. Recently, researchers have
developed structured state space models (SSM) [34] with
the capacity to learn global features for the purpose of
reducing computational complexity. Then, there are some
challenges when applying the Mamba model, as an
outstanding SSM, to the task of HS pansharpening. The
Mamba model only supports linear input at the pixel level.
Therefore, when it is used for cross-modal image fusion, it
is rather difficult to effectively capture and establish
long-range dependencies between cross-modal images. In
addition, converting HS images to one-dimensional
sequences for modeling may overlook spectral correlation
info among channels in the Mamba model. In HS
pansharpening tasks, frequency domain processing
methods [35, 36] have drawn wide attention for their
unique global modeling capabilities. Image transformation
from spatial to frequency domain enables effective spectral
feature separation or enhancement via HS images
frequency characteristics.

To address the above challenges, we capitalize on the
advantages of the Mamba model and frequency-domain
computational methods, and propose a hyperspectral
pansharpening network based on information cross
embedding (HPN-ICE) that aims to simultaneously
preserve spectral fidelity and spatial detail. The feature
embedding fusion module (FEFM), which is constructed
based on Mamba model, carries out the cross-modal fusion
of LRHS and PAN images through pixel-wise cross
combination calculations. Subsequently, the fused images
are fed into the Mamba model for feature learning. This
design effectively overcomes the limitations of the Mamba
model in establishing cross-modal image mapping
relationships in HS pansharpening. In addition, we
proposed a frequency channel attention module (FCAM) to
enhance spectral features in the frequency domain. The

FCAM combines channel attention mechanisms with the
fast fourier transform (FFT), enabling the interaction of
input features at the spectral level and thereby
strengthening the representation of spectral information.
Finally, considering the rich land-cover information in
HS images, we designed a multi-directional feature
enhancement module (MFEM) to extract and enhance the
details and structural information in the fusion image
through multi-directional attention mechanisms. Our main
contributions can be summarized as follows:
1) An HPN-ICE composed of multiple GFFMs and MFFM
is proposed to achieve fusion of PAN and LRHS images,
in order to obtain HRHS images with both spectral and
spatial fidelity.
2) In GFFM, a FEFM is designed based on the Mamba
model to achieve the fusion of two image features by
establishing long-range dependencies across modal
features. A FCAM is constructed to enhance the spectral
and detail features in the frequency domain.
3) A MFEM is constructed to enhance the detail
information in the fused features by designing multi-
directional attention mechanisms.

2 PROPOSED METHOD

In this section, as shown in Fig. la, we propose an
HPN-ICE for HS pansharpening, the specific execution
process of HPN-ICE is as follows.

Firstly, the LRHS image I €
upsampled to the same spatial size as PAN image to obtain

the upsampled LR-HS image Uy e R C | and the

HIAW /4. .
R ¢ s

PAN image I, € R”"" is extended to the same number
of channels as the LRHS image through a copy operation
to obtain a fake hyperspectral PAN Flyg p € R (H

and W represent the height and width of PAN image, and
C represents the channel number of LRHS image).
Multiple cascaded GFFMs are constructed to achieve
progressive fusion of two image features, with each GFFM
consisting of a FEFM and an FCAM. FEFM is designed to
achieve interactive embedding of local features between
two images and learning of global features, while FCAM
is constructed to enhance spectral features by computing a
frequency channel attention. The input of the first GFFM
is Ul and Flys p, and the subsequent GFFM takes the
fused features obtained from the previous GFFM and
Flys p. The above operations are as follows.

Ul =Up(Iiy ), Flys p =Exp(Ip) 1)

FI; = GFFM(FIG' Flys p)
= FCAM (FEFM (FI, Flys o)) )

[=1,2,...n,FIg =UlLy

where Up(:) and Exp(-) represent upsampling and
channel expansion operations, respectively. GFFM(-),
FEFM(-), and FCAM(+) denote GFFM, FEFM, and FCAM.

FIIG denotes the output of the /-th (/=1, 2, ..., n) FEFM.
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Then, the output of the last GFFM is fed into an
MFEM to enhance spatial detail features by designing a
multi-directional attention mechanism. The enhanced
features are fed into a convolutional layer to achieve
feature integration. Finally, a jump link is used between the
integrated features and UlLy to obtain the final fusion result
Tiys. The above operations can be expressed as follows.

L = cOan(MFEM(FIg )) +UIL

Pixel-wise
cross combination

decomposition

where ConvB(+) denotes a convolution block that includes
a 3 x 3 convolution operation, a LeakReL U function, and
a 3 x 3 convolution operation, and MFEM(*) denotes the
MFEM.

Next, we will provide a detailed introduction to the
main components in the network.

Conv Block

Conv Block

—_—— e —— = e e e -

=

~<-_ (3 MFCHP-Net

—

Squeeze

® ReLu function ® Sigmoid function

i
EF),
Unsqueeze
—>
(d) FCAM

@ Element-wise multiplication @ Element-wise addition

Conv Block | 3x3Conv + ReLu + 3x3Conv 1x1Conv

@ Concatenation

Figure 1 Overall architecture of HPN-ICE, showing ICE for cross-modal feature embedding, FCAM for spectra lenhancement in the frequency domain, and MFEM for
multi-directional spatial detail extraction

2.1 Feature Embedding Fusion Module (FEFM)

At present, most HS pansharpening networks extract
features from two types of images separately, which makes
it difficult to establish cross dependencies between two
modal features, resulting in inaccurate feature fusion. To
address this issue, we constructed an FEFM consisting of
information cross embedding (ICE) strategy and two
Mamba blocks. ICE is designed to achieve the embedding

of pixel information between two modal features FIL;'

and Flys p, in order to obtain two features CFlf[S p and

CFI{HS with  cross-modal  information. CF}IISP

represents the cross-modal features obtained by embedding
the LRHS image information in the PAN image features,

and CFy 4 represents the cross-modal features obtained

by embedding PAN image information in the LRHS image
features. Considering that the Mamba model [37, 38] has
the advantage of lower computational complexity
compared to Transformer, we adopt two Mamba blocks to
extract long-distance features from two cross-modal

features CFI_IISJ, and CFIJIJIS . The outputs from two

Mamba blocks are concatenated and integrated through a
convolution layer to obtain the coarse fusion features Fé‘ .

The operation of FEFM can be expressed as follows.

{CFlis » Fl s} = 1CE(FIG, Flys o) )
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Fl = ConVB(Cat(M (CFis ). M(CFPCHS))) )

where ICE(-) and M(-) denote the ICE and Mamba block,
and Cat(-) denotes the concatenation operation. The
execution process of FEFM is as follows.

The ICE strategy shown in Fig. 1b is defined to execute
the mutual embedding of two types of image information.
Because PAN and LRHS images are obtained from the
same region, their corresponding positions represent the
same structural information. In response to this
characteristic, we define the ICE strategy for the
interaction of features between two modal images,
Moreover, it helps to establish cross dependencies in later
feature extraction. Specifically, sampling information from
odd rows and columns in Flys p is embedded into the

corresponding positions in Flus p or Fclf to obtain the
cross-modal features CFPCHS . Similarly, the sampling

. . . !
information from even rows and columns in Flys por F;

is embedded into the corresponding positions in Flys p to

obtain the cross-modal features CF}IIS) . The above
operations can be expressed as follows.
CF]{HS = FIIG (i’j)

Flllisip (i,:)if i=1,.., H and imod2 =1 (6)

FI{{S_P (:,j) if j=1, ..., W and jmod2 =1

CFILIIS) = FIIZ{S} (i,j)
FIg (i,:) if i=1, ..., H and imod2 =0 Q)
FIG (:,j) if j=1, .., W and jmod2 =0

Eq. (6) and Eq. (7) show how ICE embeds cross-modal
features, ensuring each modality captures structural details
from the other, which in turn enhances cross-dependency
between the two modalities during subsequent feature
extraction.

2.2 Frequency Channel Attention Module (FCAM)

We construct an FCAM, as shown in Fig. 1d, which
employs channel attention mechanisms for amplitude and
phase components in the frequency domain. Specifically,
firstly, a global average pooling operation is applied to the

input feature maps Fclf. to obtain a vector of size C x 1 x

1. To reduce redundancy channel information, a channel
compression operation is performed to reduce the number
of channels in the vector. In addition, FFT is used to obtain

the amplitude and phase components A(Fcl/) and

P(Fclf) of the vector. The operations can be represented

as follows.

{A(Fc’f), P(F} )} - O(Seq(GAP(ITCff))) ®)

where GAP(-) denotes the global average pooling, Seq(+)
denotes the channel compression operation, and O denotes
the FFT operation.

Then, channel attention operation is used for amplitude
and phase components to enhance image features in the
channel dimension. These operations are as follows.

EA(FY)= S(O'(Convl,l (A(E;)))j@A(E;) )

eP(F) )= S(O'(Convl,l (P(F’f))))OP(F’,) (10)

where S(-) and o represent the Sigmoid and LeakyReLU
activation functions, respectively. Conv; x 1(-) denotes the
1 x 1 convolution operation, and © represents the

element-wise multiplication. EA(-) and EP(-) denote

the enhanced amplitude and phase components.

Finally, the inverse fast fourier transform (IFFT) is
used for the enhanced amplitude and phase components to
reconstruct the vector, in order to obtain enhanced channel
features in the spatial domain. Channel expansion
operation is adopted to expand the channel dimension of
constructed vector, and the sigmoid function is used to
generate the weighting coefficients. These coefficients are
used to weight the input features in the channel dimension,
and an addition operation is employed to achieve spectral
enhancement of the input features. These operations are as
follows.

Eq,’fw(Exp(o,(A(Q?f),P(Q;)))jeq?f+q?f (n

where Oy(-) represents the IFFT operation, and EFJ,

represents the enhanced features.
2.3 Multi-Directional Feature Enhancement Module (MFEM)

To enhance the detail features in the fused features, we
design a MFEM to enhance the spatial detail features by
designing multi-directional attention weights. As shown in
the Fig. lc, three directional convolution operations are
firstly performed on the input feature maps to achieve
feature extraction in the horizontal, vertical, and diagonal
directions, and then the sigmoid function is used to
generate three directional attention maps. These attention
maps are used to enhance features in three directions. The
feature enhancement operations in three directions are as
follows.

EF, = S(Convx (EFy ))EFf VEF',x=H,V,D (12)

where Convy(-), Conviy(-) and Convp(-) convolution
operations with a kernel size of 3 in the horizontal, vertical,
and diagonal directions, respectively.

Finally, the enhanced features in three directions are
concatenated and are passed through a convolutional layer
to generate the final enhanced features EFwvp. The
operations are as follows.
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EFyp, = ConvB(Concat(EFy, , EFy , EFy, ) (13)

where Concat(-) represents the concatenation operation.
2.4 Loss Function

To maintain both spatial and spectral fidelity in the
fusion results, a joint loss function L, consisting of

reconstruction loss £ and spectral loss Loy s

defined to guide the network training. This function L
can be expressed as follows.

Lo = L4+ ALsan (14)
1 N
L, =WZ I -1 1 (15)
Lopy =~ —arceos| — L (16)
NTrn Iy . 17 )

where 4 is a weighting factor set to 0.001 based on
empirical evidence, N is the batch size, IGr and [}

represent the ground truth (GT) image and fused image,

MTF _GLP HPM SSFCNN

Hyper-DSNet FPFNet HyperRefiner

HyperPNN

and ||||; denotes the £ norm, arccos(-) denotes the
inverse cosine function, 7 is the symbol for PI, and |||
denotes the £, norm.

3 EXPERIMENTS
3.1 Datasets, Metrics, and Training Details

To demonstrate the performance of the proposed
algorithm, we conducted extensive experiments on three
commonly used datasets, including Pavia Center dataset
[39], Botswana dataset [40], and Chikusei dataset [41]. The
datasets were processed following the Wald's protocol [42]
and set according to Bandara [43]. We compared HPN-ICE
with several SOAT methods, including one traditional
method: CNMF [16] and several deep leaning (DL)-based
methods: DHP-DARN [44], DIP-Hyperkite [43],
Hyper-DSNet [27], FPFNet [25], HyperRefiner [30], and
Tree-SNet [45]. Four objective metrics were used on the
simulated datasets: SSIM, SAM, ERGAS, and PSNR [44].
We retrained all DL-based methods with Python 3.9 and
PyTorch 1.13 on Ubuntu 20.04 system with a NVIDIA
RTX A6000. The proposed structure was trained for 1000
epochs using the Adam optimizer. The initial learning rate
was set to 0.001, and inference was performed every five
rounds of training. When the loss of the verification set no
longer decreased for five consecutive rounds, the learning
rate was attenuated by half.

DHP-DARA

i
-

DIP-Hyperkite

Tree-SNet HPN-ICE GT

Figure 2 Fusion results on the Pavia Center dataset

Tab. 1 summarizes the objective evaluation metrics of
the fusion results for different methods across three
datasets. The best results are highlighted in bold, while the
second-best results are underlined. It can be observed that
our proposed method outperforms other methods in most
evaluation metrics. As shown in Fig. 2, Fig. 3, and Fig. 4,

we present the fusion results of different methods on three
public datasets. To more clearly illustrate the differences
between the fusion results, we display a zoomed-in local
region in the bottom-left corner and the Mean Absolute
Error (MAE) maps between the fusion results and the GT
in the bottom-right corner. It can be observed that our
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method is visually closest to the GT images, demonstrating
better spatial and spectral fidelity.

To validate the spectral fidelity of the proposed
method, as shown in Fig. 5, we randomly selected three
points from three datasets (Pavia Center (12,47), Botswana

(60,10), and Chikusei (8,191)) to illustrate their spectral
difference curves across different methods. From the figure,
it is evident that our method exhibits the smallest spectral
differences, demonstrating its superior spectral fidelity.

Table 1 The average quantitative results on the Pavia Center, Botswana, and Chikusei datasets

Dataset Methods SSIM(}) SAM(}) SCC(D) RMSE x 10%(]) | ERGAS(}) PSNR(?])
CNMF 0.8913 7.2364 0.9462 2.7090 32.0244

MTF_GLP_HPM 0.8911 8.8859 0.9267 3.1100 31.3672

SSFCNN 0.9426 5.7787 0.9761 1.8104 35.5897

HyperPNN 0.9520 5.2954 0.9806 1.5656 37.0370

DHP-DARN 0.9545 5.2685 0.9824 1.5299 37.1592

PaviaCenter DIP-Hyperkite 0.9527 5.3630 0.9809 1.5661 36.9586
Hyper-DSNet 0.9539 5.1541 0.9822 1.5245 37.1725

FPFNet 0.9520 5.3962 0.9822 1.5297 372121

HyperRefiner 0.9588 5.0461 0.9856 1.4265 37.7193

Tree-SNet 0.9594 48628 0.9855 1.3815 38.1569

HPN-ICE 0.9642 45331 0.9879 1.2617 38.9527

CNMF 0.9193 23018 0.9549 4.5080 33.6006

MTF_GLP_HPM 0.9352 22292 0.9637 3.1770 36.9958

SSFCNN 0.9386 1.9164 0.9818 1.3880 423542

HyperPNN 0.9522 1.9909 0.9778 1.3955 42.5861

DHP-DARN 0.9453 1.9877 0.9818 1.3589 41.1629

Botswana DIP-Hyperkite 0.9576 1.7728 0.9825 1.2897 424773
Hyper-DSNet 0.9554 1.8418 0.9809 1.2998 43.7004

FPFNet 0.9621 1.8960 0.9843 1.2396 44.1665

HyperRefiner 0.9663 1.6751 0.9864 1.1655 44.2455

Tree-SNet 0.9671 1.5787 0.9875 1.0738 452278

HPN-ICE 0.9689 1.4764 0.9888 1.0102 45.6354

CNMF 0.8970 3.7933 0.9013 1.9730 35.6701

MTF_GLP_HPM 0.8458 7.7090 0.7052 45440 30.6859

SSFCNN 0.9656 2.4829 0.9712 1.0188 40.8220

HyperPNN 0.9644 2.5668 0.9699 1.0318 40.6471

DHP-DARN 0.9636 24217 0.9743 0.9837 41.0419

Chikusei DIP-Hyperkite 0.9702 2.3207 0.9761 0.9246 41.6503
Hyper-DSNet 0.9705 23315 0.9765 0.9197 41.6990

FPFNet 0.9759 2.3260 0.9826 0.8243 42.3698

HyperRefiner 0.9777 21112 0.9829 0.8046 42.9958

Tree-SNet 0.9795 2.0608 0.9847 0.7487 432155

HPN-ICE 0.9797 1.9205 0.9844 0.7539 43.5860

[
CNMF MTF_GLP _HPM
Hyper-DSNet FPENet HyperRefiner

0.5

HyperPNN DHP-DARA DIP-Hyperkite

0.5

Tree-SNet HPN-ICE GI.

Figure 3 Fusion results on the Pavia Botswana dataset
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HyperRefiner

Hyper-DSNet FPFNet

HyperPNN

DHP-DARA DIP-Hyperkite

1
iﬂﬁ
o

Tree-SNet HPN-ICE

Figure 4 Fusion results on the Chikusei Dataset

Difference Value
Difference Value
A s & &

Band Numhor

Pavia Center(12 47)

Difference Value

w o " e
Band Number Eand Number

Botswana(60 10)

Chlkuse1(8 191)

Figure 5 Spectral difference curves between GT images and pansharpening results

3.2 Ablation Study

To validate the effectiveness of components in
HPN-ICE, we conducted ablation studies on the Pavia
Center dataset.

3.2.1 Number of GFFM Layers

We conducted ablation experiments on the number of
layers of the GFFM. The results are shown in Tab. 2. The
network performance reaches its optimum when the
number of GFFM is 2. Therefore, the number of GFFM is
set to 2 in our work.

3.2.2 Effectiveness of ICE

We conducted ablation experiments by replacing the
ICE structure with the addition operation between PAN
and HS images (Method A) or the concatenation operation
(Method B), respectively. As shown in Tab. 3, using the
proposed ICE module can significantly improve the
performance of the network. This confirms that ICE
contributes more effectively than simple addition or
concatenation by strengthening cross-modal dependencies.

3.2.3 Effectiveness of FCAM

We replaced the FCAM with a convolutional layer
with a kernel size of 3x3 and a channel attention (CA)
module [46], respectively. As shown in Tab. 4, the model
using the FCAM outperforms other models in all
performance metrics.

3.2.4 Effectiveness of Ablation of MFEM

We replaced the convolutional operations of the
MFEM with multiple convolution operations with a kernel
size of 3 x 3, as shown in Tab. 5. The network containing
the MFEM achieves better performance in objective
metrics, especially in terms of spectral fidelity and spatial
fidelity.

3.2.5 Model Complexity

We compared HPN-ICE with five DL-based methods
in terms of parameter count and computational complexity.
The detailed results are shown in Tab. 6. Although our
proposed method has higher computational complexity
compared to DHP-DARN, Hyper-DSNet, and
HyperRefiner, it demonstrates superior PSNR performance,
showcasing significantly better HS pansharpening results.

Tehnicki viesnik 33, 3(2026), 1029-1039
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This highlights a clear computation trade-off, namely that
although  HPN-ICE  incurs  marginally  higher
computational cost, the significant gains in spectral fidelity
and spatial detail make this trade-off worthwhile,
especially for tasks demanding high reconstruction quality.

3.2.6 Classification Application

To further demonstrate the effectiveness of the
proposed method, we performed classification experiments
on the HS pansharpening results from the Chikusei dataset,
obtained using DL-based methods. The fusion results of
different methods were classified using the K-Means
algorithm in the ENVI software. The classification process

was configured with six categories and a maximum
iteration count of 10. The classification results are
presented in Fig. 6. From the magnified regions, it is
evident that the classification results of our method align
most closely with those of the GT image. Additionally,
overall accuracy (OA?) and the kappa coefficient (K7)
metrics in Tab. 7 confirm the superior fusion performance
of our proposed method. Importantly, classification
accuracy serves as a meaningful proxy for fusion quality,
as reliable spectral-spatial preservation in the
pansharpened images directly improves downstream
classification performance, thereby highlighting the
practical relevance of our method.

Table 2 Ablation study of gffm layers numbers

SSIM(1) SAM(]) SCC(1) RMSE x 10%(}) ERGAS(]) PSNR(?1)

w/o GFFM 0.9619 4.6582 0.9864 1.3256 2.5532 38.5219

GFFM x 1 0.9633 4.5824 0.9873 1.2875 2.4938 38.7685

GFFM x 2 0.9642 4.5331 0.9879 1.2617 2.4530 38.9527

GFFM x 3 0.9637 4.5668 0.9875 1.2773 24779 38.8421

Table 3 Ablation study of ice

SSIM(1) SAM(]) SCC(1) RMSE x 10%(}) ERGAS(]) PSNR(?1)

A 0.9640 4.5535 0.9875 1.2759 2.4761 38.8606

B 0.9632 4.6114 0.9871 12954 2.5106 38.7217

PCFM 0.9642 4.5331 0.9879 1.2617 2.4530 38.9527
Table 4 Ablation study of fcam

SSIM(?1) SAM(]) SCC(D) RMSE x 10%(}) ERGAS(]) PSNR(1)

Conv 0.9635 4.5905 0.9874 1.2825 2.4893 38.8075

CA 0.9622 4.6542 0.9868 1.3120 2.5278 38.6106

w/FCAM 0.9642 4.5331 0.9879 1.2617 2.4530 38.9527
Table 5 Ablation study of mfem

SSIM(1) SAM(]) SCC(1) RMSE x 102(}) ERGAS(]) PSNR(?1)

w/o MFEM 0.9620 4.6371 0.9866 1.3173 2.5344 38.5806

HPN-ICE 0.9642 4.5331 0.9879 1.2617 2.4530 38.9527

DHP-DARA

DIP-Hyperkite

&

v

o 3 i
Hyper-DSNet FPFNet HyperRefiner Tree-SNet HPN-ICE GT
Figure 6 Results of classification experiments on Chikusei dataset
Table 6 Comparison of params and flops of different methods

Methods Parameters (M) FLOPS (G) PSNR(1)
SSFCNN 0.71 46.25 40.8220
HyperPNN 0.52 8.86 40.6471
DHP-DARN 0.45 29.06 41.0419
DIP-Hyperkite 0.97 212.64 41.6503
Hyper-DSNet 0.53 21.89 41.6990
FPFNet 22.34 174.92 42.3698
HyperRefiner 19.32 85.00 42.9958
Tree-SNet 9.12 205.00 43.2155
HPN-ICE 4.08 163.23 43.5860
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Table 7 Objective evaluation of classification results

Methods OA(1) K(1)
CNMF 0.6062 0.4844
MTF_GLP_HPM 0.4654 0.2655
SSFCNN 0.7875 0.7069
HyperPNN 0.7708 0.6843
DHP-DARN 0.7756 0.6936
DIP-Hyperkite 0.8087 0.7329
Hyper-DSNet 0.7942 0.7142
FPFNet 0.8102 0.7373
HyperRefiner 0.8392 0.7773
Tree-SNet 0.7978 0.7243
HPN-ICE 0.8556 0.8007

4 CONCLUSION

This paper proposed HPN-ICE, a hyperspectral
pansharpening network that integrates three key modules:
the Feature Embedding Fusion Module (FEFM), the
Frequency Channel Attention Module (FCAM), and the
Multi-directional Feature Enhancement Module (MFEM).
The FEFM, based on an information cross embedding
strategy, enables effective interaction between
hyperspectral and panchromatic features, ensuring that
cross-modal dependencies are captured. The FCAM
enhances spectral fidelity by modeling features in the
frequency domain, while the MFEM reinforces structural
and textural details through multi-directional attention.
Extensive experiments conducted on three benchmark
datasets, Pavia Center, Botswana, and Chikuseli,
demonstrated that HPN-ICE consistently outperforms
traditional and state-of-the-art deep learning methods in
both quantitative metrics (SSIM, SAM, ERGAS, PSNR)
and visual quality. Ablation studies further confirmed the
effectiveness of the proposed modules, showing that ICE
improves cross-modal feature fusion, FCAM strengthens
spectral representation, and MFEM enhances spatial detail
fidelity. Classification experiments additionally validated
the practical utility of the fused hyperspectral images for
downstream applications. In summary, HPN-ICE achieves
a strong balance between spectral preservation and spatial
detail enhancement, offering a robust solution for
hyperspectral pansharpening. Beyond benchmark testing,
the method shows promise for real-world applications such
as environmental monitoring, mineral exploration,
precision agriculture, and urban analysis, where high-
resolution hyperspectral data can significantly improve
decision-making. Future work will focus on reducing
computational complexity, extending the model to
real-time scenarios, and exploring its adaptability to other
multi-modal remote sensing tasks.
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