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Multistage Dual-Attention Guided Fusion Network
for Hyperspectral Pansharpening

Peiyan Guan

Abstract—Deep learning, especially the convolutional neural
network, has been widely applied to solve the hyperspectral
pansharpening problem. However, most do not explore the
intraimage characteristics and the interimage correlation concur-
rently due to the limited representation ability of the networks,
which may lead to insufficient fusion of valuable information
encoded in the high-resolution panchromatic images (HR-PANs)
and low-resolution hyperspectral images (LR-HSIs). To cope
with this problem, we develop a hyperspectral pansharpening
method called multistage dual-attention guided fusion network
(MDA-Net) to fully extract the important information and
accurately fuse them. It employs a three-stream structure, which
enables the network to incorporate the intrinsic characteristics of
each input and correlation among them simultaneously. In order
to combine as much information as possible, we merge the
features extracted from three streams in multiple stages, where
a dual-attention guided fusion block (DAFB) with spectral and
spatial attention mechanisms is utilized to fuse the features
efficiently. It identifies the useful components in both spatial
and spectral domains, which are beneficial to improving the
fusion accuracy. Moreover, we design a multiscale residual dense
block (MRDB) to extract dense and hierarchical features, which
improves the representation power of the network. Experiments
are conducted on both real and simulated datasets. The evalua-
tion results validate the superiority of the MDA-Net.

Index  Terms— Convolutional
dual-attention guided fusion,
multistage fusion.

neural network (CNN),
hyperspectral pansharpening,

I. INTRODUCTION

YPERSPECTRAL imaging technique is capable of

acquiring hyperspectral images (HSIs) with hundreds
of narrow spectral bands that cover a wide spectral range
[1], [2]. Each spatial pixel of the HSI contains abundant
spectral information of the object. Because of the high dis-
criminative capability in the spectral domain, hyperspectral
imaging has been widely used in various remote sensing
applications, such as geochemical exploration [3], land-cover
classification [4], and environment monitoring [5]. However,
due to the hardware limitation, tradeoffs always exist between
spatial and spectral resolutions while acquiring HSIs [6].
Specifically, the HSIs with rich spectral information have a
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rather low spatial resolution, which hinders their practical
applications. On the other hand, panchromatic images (PANs)
with one single band usually have a much higher spatial reso-
lution. Considering that the high-resolution PAN (HR-PAN)
and low-resolution HSI (LR-HSI) contain abundant spatial
information and spectral information separately, one way to
acquire an HR-HSI is to fuse the HR-PAN and LR-HSI
of the same scene. This process is referred to as hyper-
spectral pansharpening [7]. It greatly promotes the appli-
cation of HSI in accurate scene classification and object
identification.

Recently, deep learning has drawn much attention and
demonstrates impressive performance in image processing and
computer vision areas [8]—[11]. In particular, a convolutional
neural network (CNN) is applied for various image restoration
tasks, such as image superresolution [12], denoising [13],
and inpainting [14]. In hyperspectral imaging, researchers
also apply CNN to deal with the pansharpening problem,
and among them, the pansharpening network (PNN) [15],
PanNet [16], and the two-stream fusion network [17] are some
representative methods. Nevertheless, there still exist several
challenges.

1) Due to the large gap between the LR-HSI and HR-PAN

in spectral range and spatial resolution, it is difficult to
adaptively merge the spatial details in HR-PAN into all
bands of LR-HSI according to the spectral character-
istics. Thus, how to fully extract the essential spectral
information and spatial information from the two inputs
and fuse them together accurately still remains a crit-
ical challenge for the representation capability of the
networks.
Most CNN methods integrate the two images either on
the raw or the feature level. Such fusion strategy fails to
explore the interimage correlation and intraimage char-
acteristics simultaneously, which may cause insufficient
integration of information embedded in the two images.
The existing methods treat the extracted representations
at different locations or bands equally during the fusion
procedure, which neglects to differentiate the valuable
versus redundant information. Fusing the raw features
without reinforcement may cause serious spectral and
spatial distortion in the reconstructed result.

To overcome these issues, we propose a novel hyperspectral
pansharpening method, called multistage dual-attention guided
fusion network (MDA-Net), to efficiently extract and fuse
the valuable spatial information and spectral information in

2)

3)
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LR-HSI and HR-PAN step by step. The main contributions of
this article can be summarized as follows.

1) We implement our method with a three-stream CNN
architecture to sufficiently learn both interimage and
intraimage information concurrently for pansharpening.
The entire fusion procedure is completed in multiple
stages, where the feature maps extracted by the three
streams are fused on various levels. This design enables
the network to extract adequate valuable contents of
different inputs and combine them together more com-
pletely. We use the three-stream architecture and multi-
stage fusion to address the first challenge on learning
essential useful information and the second one on
insufficient integration, respectively.

We propose the dual-attention guided fusion block
(DAFB), which incorporates both spectral and spatial
attention mechanisms, to guide the fusion of features
extracted by the three streams. This block uses a
dual-attention mechanism to highlight the desired infor-
mation and suppress the redundant components of the
extracted features before fusing them, which greatly
improves the spatial and spectral prediction accuracy.
The DAFB overcomes the third challenge by differenti-
ating the useful versus redundant contents while fusing
the extracted features.

We develop the multiscale residual dense block (MRDB)
to extract rich, dense, and multiscale hierarchical fea-
tures of the input images. This block enhances the
representation capability of the MDA-Net by enabling
it to extract spatial details over large areas and spectral
correlation across a wide spectral range. The MRDB
addresses the first challenge of improving the represen-
tation ability of the network by extracting features of
multiple scales.

2)

3)

The rest of this article is organized as follows. Section II
introduces the related work on hyperspectral pansharpening
and the attention mechanism used in our method. Section III
describes the network architecture and detailed design of the
DAFB and MRDB. Section IV presents the experimental
results on collected datasets and ablation study of the MDA-
Net. We conduct the experiments on both simulated and real
datasets, and the evaluation results demonstrate the superiority
of our method in hyperspectral pansharpening. Conclusions are
drawn in Section V.

II. RELATED WORK

A. Traditional Methods

Over the years, many methods have been developed for
hyperspectral pansharpening. They can be categorized into
four classes: component substitution (CS), multiresolution
analysis (MRA), Bayesian methods, and matrix factoriza-
tion. CS methods substitute the spatial component of the
LR-HSI with the corresponding HR-PAN. Then, inverse trans-
formation is employed to restore the fused image. These
methods are often easy and fast to implement. They can
also preserve spatial information, but the drawback is that

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 60, 2022

they typically suffer from severe spectral distortion. Exam-
ple methods include principal component analysis (PCA) [18],
Gram-Schmidt adaptive (GSA) technique [19], and intensity—
hue—saturation (IHS) [20]. MRA methods first perform a
multiresolution decomposition on the HR-PAN and then inject
the spatial structure information into the upsampled LR-HSI to
acquire the HR-HSI. Compared to CS methods, MRA gives
better performance in preserving spectral information but is
more susceptible to coregistration error between two images.
Examples of the MRA methods are the wavelet transform
methods [21], Indusion [22], smoothing filter intensity mod-
ulation (SFIM) [23], and modulation transfer function (MTF)
methods [24], [25]. Bayesian methods regard fusing images
as an optimization problem and use some prior constraints
as regularization. Representative Bayesian methods include
Bayesian naive Gaussian prior [26], Bayesian posterior prob-
ability [27], and Bayesian HySure [28]. Matrix factorization
methods employ spectral unmixing to transform the observed
image into signal subspace. By fusing the learned spectral
end-members and spatial abundance maps, these methods
manage to reconstruct the HSIs with abundant spatial infor-
mation. One typical method of this type is the coupled non-
negative matrix factorization (CNMF) [29]. The Bayesian and
matrix factorization methods both require optimization. They
perform well on restoring both spatial information and spectral
information but require huge computation costs. In addition,
the inadequate representation capability of the models usually
limits the performance of these methods.

B. CNN Methods

Recently, deep learning methods have shown notable
achievements in the image super-resolution area [12], [30],
which is quite related to hyperspectral pansharpening. Existing
works treat the HR-PAN as an extra band of the LR-HSI
and concatenate them to form the input to the network.
These early fusion methods combine the two input images
on the raw level, which generally does not explore the dis-
tinct characteristics of HR-PAN and LR-HSI separately. One
early example is the pansharpening neural network (PNN),
which utilizes three convolutional layers to learn the mappings
between the HR-HSI and the two stacked images [15]. Sim-
ilarly, Palsson et al. [31] employ a 3-D-convolutional layer
to improve the feature extraction capability of the network.
In addition, the multiscale and multidepth CNN (MSDCNN)
improves the PNN by employing a multiscale convolution
block to enhance the representation power [32]. However,
these methods are still incapable of extracting deep features
with spectral or spatial information from the corresponding
LR-HSI and HR-PAN separately.

In order to overcome this drawback, other researchers
propose to fuse the HR-PAN and LR-HSI on the feature level,
which is called late fusion. Shao and Cai [33] propose to
use a two-branch architecture to extract high-level features
of two inputs separately and fuse the extracted features by
elementwise addition. This method is referred to as a remote
sensing image fusion network (RSIFNN). The two branches
enable the network to explore the intrinsic characteristics
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of each input image. Following this manner, Liu et al. [17]
propose to use two subnetworks to extract spectral and spatial
features, respectively, and integrate the features by using a
fusion network with several convolutional layers. In addition
to combining the features of the two inputs, some meth-
ods propose to fuse one raw image with the deep features
extracted from the other input. Zhou et al. [34] propose a
pyramid fully CNN (PFCNN) to integrate the HR-PAN of
various scales into the features extracted from LR-HSI of
the same scale. He et al. [35] propose a spectrally predictive
CNN (HyperPNN) to extract the spectral features with two
layers from the LR-HSI first and fuse them with the HR-PAN
for the following reconstruction. These methods succeed in
extracting different features of each input image but do not
learn the correlation between the LR-HSI and HR-PAN during
the feature extraction procedure. These methods suffer from
a misalignment of features extracted by different branches,
which may cause significant spectral and spatial distortion.

C. Attention Mechanism

Attention mechanism has been widely used to enhance
the deep learning models for image processing, such as
image super-resolution, identification, and classification. The
principle behind the attention mechanism is to automati-
cally highlight the most informative components and suppress
the insignificant ones for better computational efficiency.
Hu er al [36] first propose to employ channel atten-
tion to improve the performance of the network on object
identification. Roy et al. [37] propose to generate the spatial
attention map by using a convolutional layer with 1 x 1
kernel. Woo et al. [38] propose the convolutional block atten-
tion module (CBAM), which generates 3-D attention mask
by merging spectral and spatial attention. Inspired by these
works, we propose to incorporate an attention mechanism into
our fusion block, DAFB, which greatly improves the fusion
accuracy and information fidelity.

III. PROPOSED METHOD
A. Problem Statement

HR-PAN has abundant spatial information, while LR-HSI,
despite the poor spatial quality, contains rich spectral informa-
tion. The objective of this work is to fuse the complementary
spectral and spatial contents to generate HSIs with high spatial
resolution.

To accomplish this goal, we propose a deep learning method
to adaptively fuse the spatial information and spectral infor-
mation in multiple stages and reconstruct the HR-HSI from
the fused feature maps. Let Y € R?*"*C be the LR-HSI with
w x h pixels and C spectral bands and P € R"*#*! be the
HR-PAN, where W x H is the spatial dimension. Generally
speaking, the spectral band number of LR-HSI is much larger
than that of HR-PAN, while the spatial resolution of HR-PAN
is much higher than that of LR-HSI. Thatis, W > w, H > h,
and C > 1. Then, the corresponding HR-HSI is indicated as
X € RW*H*C By fusing Y and P, we obtain X with high
spatial and spectral resolutions.
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B. Motivation and Model Overview

As mentioned above, the early fusion CNN methods do not
make use of the intraimage characteristics of each image, while
the late-fusion methods do not explore the correlation between
LR-HSI and HR-PAN. Our work aims to learn the intraimage
and interimage information of the input images concurrently.
We use a parallel three-stream structure to extract features of
various levels of LR-HSI, HR-PAN, and their concatenation.
In order to fully merge the useful spatial information and
spectral information, we combine the features extracted by the
three distinct streams in multiple stages. In each stage, features
of equivalent levels from the three streams are fused via a
DAFB, into which the spectral and spatial attention operations
are incorporated. The attention mechanism is employed to
recognize the informative contents in the extracted features.
By using the attention mask, the original feature maps are
rescaled adaptively to focus on the relevant information.

This framework manages to extract abundant multilevel fea-
tures of intraimage characteristics and interimage correlation
concurrently, while the extracted features are fully fused in
multiple steps. The dual attention mechanism defines the more
important components in both spatial and spectral domains,
which further improves the fusion accuracy. The details of the
network structure are discussed in the following.

C. Network Design

The workflow of the MDA-Net is depicted in Fig. 1, which
consists of two phases. In the first phase, three parallel streams,
which refer to the three subnetworks that take HR-PAN,
upsampled LR-his, and their concatenation as input, respec-
tively, explore the intrinsic characteristics of each kind of
image and the correlation among them. Specifically, LR-HSI is
upscaled to the same size as HR-PAN via bicubic interpolation.
Extracted features from the three streams are then merged in
multiple stages. The fused feature of the last stage is used as
the input of the next phase, where a reconstruction module
learns to map the merged features into the desired HR-HSI.

The streams taking HR-PAN or upsampled LR-HSI as input
extract multilevel features of the corresponding image, while
the other one exploits their correlation. As shown in Fig. 1,
the three streams have a similar structure, except for three
additional DAFBs in the middle stream. At the beginning of
each stream, one convolutional layer maps the input image
into features with the same 64 channels. Such features are
used as inputs of the first fusion stage. Then, MRDBs extract
rich and hierarchical features of different inputs, which are
then integrated by a DAFB. The new fusion feature is prop-
agated to the next stage. The DAFB uses both spectral and
spatial attentions to merge the extracted features under the
guidance of learned intraimage/interimage information, where
the predicted attention maps refine the input features for more
accurate fusion. The structures of MRDB and DAFB are
discussed in detail in the following.

The feature extraction and fusion procedure are repeated
for L stages. In the end, the fusion feature merges useful
information extracted by the three streams from all previous
L stages. After the multistage feature fusion, a reconstruction
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Fig. 1. Detailed schematics of the MDA-Net.

module with two MRDBs followed by one convolutional layer
is applied to estimate the latent residual HR-HSI based on
the fusion feature. To avoid learning redundant information,
we conduct global residual learning by creating a skip con-
nection between the upsampled LR-HSI and the reconstructed
residual, while the latent HR-HSI can be obtained by adding
them. The residual learning strategy makes the network con-
verge faster and solves the gradient vanishing problem in a
deep network.

1) Dual-Attention Guided Fusion Block: Let F(y ), Fp.1),
and F(.; denote the feature maps produced by the MRDBs of
the three streams, whose inputs are upsampled LR-HSI, HR-
PAN, and their concatenation, respectively, at stage [. The three
feature maps have identical size of W x H x 64. The first
two, F(, 1) and F(, ), either lack spatial or spectral information,
while F(.; has both. Thus, we use F(; as the guidance to
enhance F(,; and F(, separately.

As shown in Fig. 2, we feed the concatenation of F(,
and F(; into the spatial attention module to generate a
spatial attention map for the former. With the guidance of
rich information on texture details and correlation among two
images encoded in F. ), this spatial attention map could
enhance F(,; over various spatial locations. In a similar way,
we obtain a spectral attention mask for F(,; by using the
spectral attention module. This mask is able to reinforce F,
over various spectral channels. This process can be defined as

Aspa = fspa ([F(y,l)a F(c,l)]§ espa) (1)
Aspe = fspe([F(p,I); F(c,l)]? espe) (2)

where fipa (-3 Ospa) and fope (5 Ospe) represent the functions of
the spatial and spectral attention modules, respectively. 6p,
and Oy, are the parameters of corresponding attention mod-
ules. [F(y.1y, Fe,n] and [F(p.1y, Fic,y] denote the concatenation
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Fig. 2. Architecture of the DAFB.

of the corresponding input features. A, and Agp indicate
the generated attention maps, which are of size W x H x 1
and 1 x 1 x 64, respectively. Details of these two attention
modules will be given in the following. The attention masks
are used to refine the features F(, ; and F(,; via

3)
“)

F(/y,l) = Aspa 0 F(y1)
F(/p,l) = Agpe © Fip,))

where o denotes elementwise multiplication, During the mul-
tiplication, attention maps Agp, and Agpe are broadcasted to the
size of F(y,;) and F(, 5, respectively. F(, , and F{, , represent
the refined features with attention guidance. We concatenate
the refined features F(,y,l)’ F(/p,l)’ and F(; and encode the
stacked features into a more compact representation by using
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two convolutional layers as
Fieyy = Wak (6(Wi * [F( 1y, Fl,p) Feen])) ®)

where J(-) indicates the ReLU activation function and =
denotes the convolution operation. F(., with the same size
as F(.; represents the output of DAFB, which is propagated
to the next stage. W; and W, are weights of the two convolu-
tional layers, respectively, where the bias term is omitted for
simplicity.

DAFB employs spatial and spectral attention mechanisms to
adaptively recalibrate F(,; and F(,; under the guidance of
F(¢,1. The dual-attention mechanism enhances the channelwise
and locationwise contents in the extracted features, which
greatly reduces spectral and spatial distortion in the fusion
process. The effectiveness of the DAFB is further studied in
Section IV-D.

1) Spatial Attention Module: As shown in Fig. 2, the spatial
attention module takes the concatenation of F,; and
Fc,;y as input. It consists of one convolutional layer, two
residual blocks, and two following convolutional layers.
The residual block adopts the design in [39] without
the batch-normalization layers. In the end, a sigmoid
function is used to generate spatial attention maps for
F(y,;) with values between 0 and 1. Under the guidance
of spatial-spectral information in F;, this module
highlights the informative spatial components in F(, ),
which is beneficial to improving spatial fidelity.

2) Spectral Attention Module: The structure of the spec-
tral attention module is depicted in Fig. 2. It takes
the stacked F(,; and F; as input. There are two
convolutional layers, and each of them is followed by
a residual block. The two convolutional layers comprise
4 x 4 kernels with a stride of 4 to aggregate the spatial
information gradually. The residual blocks have the same
structure as those in the spatial attention module. Then,
a global average pooling (GAP) layer is employed to
squeeze features into a vector, the values of which
are then rescaled into [0, 1] by the following sigmoid
function. The size of the attention vector is identical
with the channel number of F(, ;. This module refines
F(p.1y channelwise by using the interimage information
in F ), which reduces spectral distortion in the fusion
result.

2) Multiscale Residual and Dense Block: The conventional
residual dense block (RDB) usually employs multiple convo-
lutional layers with small kernels to extract deep and dense
features [12]. However, it does not exploit the nonlocal simi-
larities in the spatial domain due to the small receptive field of
the used filters. Besides, target objects in HSIs are usually of
various scales, while information of multiple scales is required
for accurate reconstruction. Thus, we introduce multiscale
convolution into the RDB to extract more hierarchical features.

To give an example, we take the MRDB in the stream with
HR-PAN as input. As illustrated in Fig. 3, it takes F(, ;1)
as input and then generates the output F(,; at stage [. The
MRDB utilizes four branches comprising of convolutional
layers of different kernel sizes to separately extract multiscale
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Fig. 3. Structure of the MRDB.

information of the input feature. The bottom branch stacks four
3 x 3 layers to extract dense small-scale features. It adopts
the classical dense design in RDB, where each layer takes the
concatenation of outputs from the previous layers as input.
In contrast, in order to reduce computation complexity, only
one convolutional layer with larger filters is used for each
of the other three branches. Specifically, filters in these three
branches are set to 5 x 5,7 x 7, and 9 x 9, respectively.
Such design allows us to extract both dense and multiscale
features of inputs efficiently. Feature maps generated by these
four branches are then stacked and fed into one local fusion
layer to learn a more compact representation. The local fusion
layer, which has one 1 x 1 convolutional layer, reduces the
number of concatenated features to 64.

D. Loss Function

In addition to the network structure, the loss function, which
guides the training of a deep network, is also a key factor.
Most previous methods for hyperspectral pansharpening utilize
the £, norm as the loss function to optimize the parameters
of the networks. However, the ¢, norm generally leads to
blurry and oversmooth images. Instead, we use the £; norm
as the loss function to train the MDA-Net. For a training set
{Y;, P;, Xi}fle, where Y;, P; and X; refer to the ith LR-HSI,
HR-PAN, and HR-HSI, respectively, the ¢; loss function can
be computed as

k
1
{) = %;@(Yi,m;@)—xn (6)

where @ (-; ®) represents the function of the MDA-Net and ®
denotes all the parameters involved in the network.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

A. Dataset

Experiments are conducted on three simulated hyperspectral
datasets and one real hyperspectral dataset to validate the
performance of the MDA-Net. The collected datasets are
described as follows.
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1) Pavia University: The image of Pavia University is
captured by the reflective optics system imaging spectrom-
eter (ROSIS) during a flight over Pavia, Italy. The spatial
resolution of this image is 1.3 m. After removing noisy bands,
we have an image with a size of 610 x 610 and 103 spectral
bands in the spectral range of 430-860 nm. Since one area
in the right contains no information, we only use the top left
corner with 560 x 336 pixels of each band in our experiment.
It is then subdivided into 15 nonoverlapping patches of size
112 x 112 x 103 to form the PaviaU dataset. Ten patches
are randomly chosen to form the training dataset, while the
remaining five patches are used for testing.

2) Houston: It is captured over the campus and neighboring
urban area of the University of Houston. There are 144 spectral
bands covering the spectral region of 380-1050 nm, each
of which contains 1905 x 349 pixels. We only use the
top left area of size 1680 x 336 for our experiment. The
selected region is then subdivided into five patches of size
336 x 336 without overlapping to constitute the dataset. For
the Houston dataset, three patches are selected randomly to
train the network, and the remaining two patches are used for
validation.

3) Washington DC Mall: 1t is acquired by the hyperspectral
digital imagery collection experiment (HYDICE) over the
Washington DC mall area. The water absorption bands are
discarded, and there remain 191 bands ranging from 400 to
2500 nm, each of which has a size of 1280 x 307. For the
experiment, the top left area with 1216 x 304 pixels is cropped
and then partitioned into 16 nonoverlapping patches to form
the dataset. We randomly select 11 patches for the network
training, and the remaining five patches comprise the testing
dataset.

4) WorldView-4: This dataset consists of image pairs of
LR-HSI and HR-PAN of the same scene over Acapulco in
Mexico, which are collected by the WorldView-4 (formerly
GeoEye2) satellite. It is used for our real hyperspectral pan-
sharpening experiment. This satellite is capable of capturing
LR-HSI with a spatial resolution of 0.31 m and HR-PAN with
a spatial resolution of 1.24 m simultaneously. In other words,
the resolution ratio between these two kinds of images is 1:4.
We discard the water area on the left. The remaining parts
are subdivided into 16 image patch pairs without overlapping.
The LR-HSI patch contains 128 x 128 pixels in each band,
while the dimension of the corresponding HR-PAN patch is
512 x 512.

The Pavia University, Houston, and Washington DC Mall
datasets are all simulated hyperspectral datasets. For these
three datasets, the original HSIs are considered as the reference
HSIs, from which the LR-HSI and HR-PAN pairs can be
simulated. Specifically, the LR-HSI is obtained by Gaussian
blurring the reference HSI with an 8 x 8 filter and then
downsampling the blurred image by a certain scale factor. The
scale factor is set to 8 for the Washington DC Mall dataset
and 4 for the PaviaU and Houston datasets. To create the
corresponding HR-PAN, we average the visible bands of the
same reference HSI.

For the experiment on real data, ground-truth HR-HSIs are
not available in the WorldView-4 dataset. Therefore, we follow
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Wald’s protocol to generate the training data [40]. Based
on this method, the original LR-HSI and HR-PAN are first
downsampled by the resolution ratio between them separately.
Then, the downsampled image pairs are used as the input to
train the network, while the original LR-HSI is considered as
the reference image. After the training procedure, the proposed
method is assessed on the image pairs of the original LR-HSI
and HR-PAN.

B. Evaluation Metrics

In order to evaluate the performance of the MDA-Net on the
simulated hyperspectral datasets objectively, five widely used
metrics are employed, i.e., root mean square error (RMSE),
peak signal-to-noise ratio (PSNR), spectral angle mapper
(SAM) [41], structure similarity index (SSIM) [42], and erreur
relative globale adimensionnelle de synthése (ERGAS) [43].
RMSE measures the intensity difference between the recon-
structed image and ground truth. The results in terms of RMSE
are all absolute values. As a function of RMSE, PSNR reflects
the reconstruction quality of the fused image. SAM is used
to assess the spectral fidelity of the generated image. SSIM
evaluates the spatial structure similarity between the fused
result and the reference image. ERGAS assesses the global
quality of the produced image. For RMSE, SAM, and ERGAS,
a lower value implies better reconstruction quality. In contrast,
the higher the PSNR and SSIM, the better the performance.

Since there is no reference image in the experiment on
real data, we employ the no-reference HSI quality assessment
method proposed in [44] to evaluate the pansharpening per-
formance of different methods. This metric uses some pristine
HSIs as training data to acquire the benchmark features. Then,
it extracts a set of features from the test image and predicts the
quality by comparing the extracted features with those from
the training data. In our experiment, to ensure the accuracy
of assessment, we follow the suggestions in [45] to use the
original LR-HSIs of the WorldView-4 satellite to train the
evaluation model. For this metric, a smaller value represents
better image quality.

C. Implementation Details

Here, we provide the details of the model parameters, net-
work design, and training settings. If not specified otherwise,
the default convolutional layers are set to contain 64 kernels
of size 3 x 3 with a stride of 1 followed by an ReLU
function in the MDA-Net. Meanwhile, zero padding is applied
in every convolutional layer to retain the size of feature maps
by default. As such, the last convolutional layer has the same
number of filters as the spectral bands of reference HR-HSI.
In our implementation, the growth rate of the bottom branch
of MRDBs is set to 32.

For the network training, the reference HR-HSI, the pixel
intensities of which are normalized to [0, 1], is partitioned
into patches of size 64 x 64 with a stride of 32 to generate
the training pairs by using the described above simulation.
The batch size is set to 16 in our experiment. The train-
ing process is completed after 300 epochs. The ¢; loss
function is minimized by using Adam optimizer [46] with
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B1 = 0.9, while the learning rate is set to 2 x 10~ initially
and decreases 10% for every 30 epochs. The network is
implemented based on Pytorch, and parameters are computed
on a Linux OS computer with an Intel Core i5-6500 CPU
(3.2 GHz and four cores), 16-GB physical memory, and an
Nvidia RTX 2060s graphics card. The code is available at
https://github.com/pyguan88/MDA-Net.

The network extracts the useful information of various
inputs and integrates them in multiple stages. The fusion per-
formance is highly dependent on the number of stages denoted
by L. To investigate how this value affects performance,
we construct several variants of the MDA-Net, each containing
a different number of stages, while the other settings of these
variants remain the same. The experiment is conducted on the
three simulated datasets, and PSNR is employed to evaluate
the performance of the variants quantitatively. The results are
presented in Fig. 4. Generally speaking, the network gives bet-
ter fusion performance as L increases. In particular, the MDA-
Net achieves the best performance on all the three datasets
when L = 3 and does not deliver significant performance
improvement, while more stages are employed. However,
the computational complexity of the network increases greatly
as it goes deeper. Taking both the pansharpening performance
and the network complexity into consideration, the number of
stage L is set to 3 in the subsequent experiments.

D. Ablation Study

We conduct an ablation study of the MDA-Net on the
Houston dataset to assess the effectiveness of the network
structure, DAFB, and MRDB.

1) Effect of the Network Structure: One major contribu-
tion of this work is the architecture of the network. Its
superiority mainly lies in two aspects: three parallel streams
and multistage fusion. In this experiment, we evaluate the
effect of the three-stream and multistage fusion architecture,
which are proposed in our first contribution. The three-stream
structure enables the network to explore the intraimage char-
acteristics and interimage correlation concurrently, while the
multistage-fusion design fuses the valuable information of
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TABLE I

QUANTITATIVE RESULTS OF ABLATION STUDY OF THE MDA-NET ON THE
HOUSTON DATASET. THE BEST VALUE IS IN BOLD

Methods PSNR SAM SSIM ERGAS RMSE
MDA-Net (one stage) 39.37 5.145 0.9543 2.663 0.0108
MDA-Net (one stream) 3945 5.036 0.9553 2.626 0.0107
MDA-Net (two streams) 3934 5.162 09541 2.666 0.0108
MDA-Net w/o attention 39.30  5.134  0.9538 2.670 0.0108
MDA-Net w/o spectral att ~ 39.44  5.035 0.9552 2.640 0.0107
MDA-Net w/o spatial att 3948 5.012 0.9555 2.628 0.0106
MDA-Net (res block) 39.28 5125 0.9536 2.675 0.0109
MDA-Net (RDB) 39.39  5.095 0.9546 2.654 0.0107

MDA-Net 3991 4747  0.9596 2.495 0.0101

different inputs more completely. To demonstrate the effect of
the network structure, we employ three variants of the MDA-
Net, each of which has fewer streams or fusion stages. The first
one is referred to as “MDA-Net (one stream),” which keeps the
stream that takes the concatenation of HR-PAN and upsampled
LR-HSI as input and eliminates the other two. It has a similar
structure to the early fusion methods. The second one, which
is called “MDA-Net (two streams),” keeps the two streams that
take HR-PAN and upsampled LR-HSI as inputs, respectively,
and removes the other one. This variant can be categorized
as a late-fusion method. The last one is termed “MDA-Net
(one stage),” where the first two DAFBs are removed and the
extracted features from the three streams are only merged in
the last stage.

The experimental results are given in Table I. As can be
seen, variants with one or two streams both incur obvious
performance drop in terms of all the evaluation metrics. This
is because they do not exploit the characteristics of each kind
of image and the correlation among them simultaneously. The
performance of “MDA-Net (one stage)” also drops, which
is due to the insufficient integration of various features. The
MDA-Net outperforms all the three variants in all the objective
indices, which proves the effectiveness of the three-stream
structure and the multistage-fusion design proposed in our
method.

2) Effect of the DAFB: In this experiment, we assess the
effect of the DAFB proposed in the second contribution.
We incorporate both spectral and spatial attention mechanisms
into the DAFB. The dual attentions identify and enhance the
valuable components of features from different streams under
the guidance of learned intraimage/interimage knowledge.
By refining the features of different inputs before integrating
them together, the fusion accuracy could be further improved.
To verify the significance of the two attention modules in
the DAFB, we construct three variants of the MDA-Net,
which are termed “MDA-Net w/o attention,” “MDA-Net w/o
spectral att,” and “MDA-Net w/o spatial att.” The first one
removes both spatial and spectral attention modules from the
DAFB and fuses the raw features directly. The second removes
the spectral attention module while keeping the spatial
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attention one. The last one works the opposite way to the
second one.

The quantitative evaluation results of these variants are
presented in Table I for comparison. The “MDA-Net w/o
attention” comes across obvious performance drop without
attention assistance. In contrast, incorporating a single spatial
or spectral attention module improves the fusion accuracy
noticeably. Moreover, our DAFB with two attention modules
gives the best performance compared to these three variants,
which demonstrates the effectiveness of the dual-attention
mechanism for feature fusion.

3) Effect of the MRDB: In this experiment, we evaluate
the effect of the MRDB developed in our third contribution.
We apply multiple convolutional layers with kernels of various
sizes in the MRDB. Layers with small filters extract the deep
features of local information, while those with large filters
exploit the global spatial similarities. Such design gives the
MRDB strong representation capability. All these layers jointly
extract the multiscale information of the input feature maps,
which is beneficial to reconstructing targets of various sizes.
To illustrate the effectiveness of the MRDB, we compare
MDA-Net with two variants that are called “MDA-Net (res
block)” and “MDA-Net (RDB).” These two variants replace
the MRDBs in the MDA-Net with residual blocks, which adopt
the same design as those in DAFB, and conventional RDBs,
which have the identical structure with the bottom branch in
our MRDBs, respectively.

We present the quantitative comparison of these variants
in Table I. It can be observed that “MDA-Net (res block)” with
residual blocks gives the lowest scores on the evaluation met-
rics. Replacing MRDBs with conventional RDBs also causes
an obvious performance drop. Our method with the MRDBs
outperforms the two variants in terms of all indices, which
verifies the powerful representation ability of our MRDB.

GSA [19]

SFIM [23] Indusion [22]

PP

TFNet [17]

DARN [47] MDA-Net

Visual comparison of different methods on the selected patch “PU_10" of the Pavia University dataset with a scale factor of 4. The yellow box

E. Experiments on Simulated Datasets

In order to evaluate the performance of the MDA-Net,
we compare it with eight pansharpening methods belong-
ing to different categories, namely, PCA [18], GSA [19],
SFIM [23], Indusion [22], and four state-of-the-art CNN meth-
ods, including MSDCNN [32], HyperPNN [35], TFNet [17],
and DARN [47]. We reimplement the CNN methods by
Pytorch. These methods are trained with the same simulated
datasets as the MDA-Net for a fair comparison. For Hyper-
PNN, the best HyperPNN2 model with skip connection is
selected for comparison. In addition, the residual variation
ResTFNet of TFNet with better performance is used in our
experiment. We also employ four CSA ResBlocks, which are
the same as the original paper, to build the DARN model
for the evaluation. Except for the CNN methods, the four
traditional methods are implemented with the released official
MATLAB codes. The parameters of all the comparison meth-
ods are set to follow the suggestions of the original papers to
give the best performance. Experiments are conducted on three
simulated datasets: Pavia University, Washington DC Mall,
and Houston datasets. Results on each dataset are presented
as follows.

1) Pavia University Dataset: The MDA-Net is compared
to the aforementioned methods on the test subset of the Pavia
University dataset with a scale factor of 4. The quantitative
evaluation results are given in Table II, where the best values
are marked in bold. CNN methods outperform the traditional
methods on the objective metrics clearly. Among them, TFNet
does a better job than MSDCNN and HyperPNN because it
has a deeper structure and explores the intrinsic characteristics
of HR-PAN and LR-HSI before fusing them together. DARN
gives better results due to the attention mechanism used in the
residual blocks. The MDA-Net, which explores the intraimage
characteristics and interimage correlation simultaneously, out-
performs other methods significantly.
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Fig. 6. Comparison of the spectral reflectance difference curve of a selected
point (30, 80) of the patch “PU_10.”

In addition to the above numerical assessment, the visual
comparison on a randomly selected image patch “PU_10"
is presented in Fig. 5. One region of interest (ROI) is also
zoomed in for each image patch to better demonstrate the
reconstruction results. PCA and GSA produce very blurry
images with serious spectral distortion, while SFIM, Indusion,
MSDCNN, and HyperPNN obtain reconstruction results with
severe ringing artifacts. TFNet and DARN generate relatively
clearer images but recover unfaithful edges and texture details.
As shown in the zoomed-in regions in Fig. 5, MDA-Net
succeeds in recovering the accurate contour and edge of the
lawn, while all the other methods fail. This demonstrates the
superior capability of our method in restoring faithful spatial
details and textures.

In addition, we compare these methods on spectral infor-
mation preservation. One location is randomly selected from
patch “PU_10" to exhibit the spectral reflectance difference
values between each fused image and ground truth. As shown
in Fig. 6, one dotted line serves as the optimal curve for the
different values. On the whole, the MDA-Net produces the
best spectral preservation result.

2) Houston Dataset: For the experiment on the test subset
of the Houston dataset with a scale factor of 4, Table III
presents the numerical evaluation results that are similar to
those of the Pavia University dataset. As can be seen, the CNN
methods outperform the traditional ones again, while the
MDA-Net ranks the first in all the quantitative metrics and
leads by a large margin.

For the qualitative evaluation of the Houston dataset, patch
“Houston_5" is selected to present the performance of different
approaches. As shown in Fig. 7, severe ringing artifacts occur
in the generated images by SFIM and Indusion. PCA, GSA,
and MSDCNN yield blurry and off-color images, indicating
failure of reconstructing spatial details and spectral correla-
tions. HyperPNN and TFNet produce clearer images. However,
there still exists a noticeable spectral distortion in the recon-
struction results. For example, the color of the athletic field
of their fused images changes greatly in comparison with the
reference image. By contrast, DARN performs relatively better

5515214

TABLE II

QUANTITATIVE RESULTS OF THE DIFFERENT METHODS ON THE PAVIA
UNIVERSITY DATASET. THE BEST VALUE IS IN BOLD

Methods PSNR SAM  SSIM  ERGAS RMSE
PCA [18] 21.04 1949 0.4961 16.70 0.0887
GSA [19] 27.09 7.047 0.8196 7.569 0.0442
SFIM [23] 26.57  9.395  0.8068 9.707 0.0469
Indusion [22] 2554  8.883 0.7685 8.401 0.0528
MSDCNN [32]  30.65 5.084 0.9070 5915 0.0293
HyperPNN [35] 3142 5376 0.9186 5.262 0.0269
TFNet [17] 3401 4.613 09383 3918 0.0199
DARN [47] 3445  4.133  0.9488 3.860 0.0190
MDA-Net 37.32 3360 0.9639 2.801 0.0136

on reducing both spatial and spectral distortions. Moreover,
the MDA-Net gives the slightest chromatic aberration and
recovers sharper edges, as shown in the enlarged area in Fig. 7,
which illustrates the strong ability of our method on restoring
spectral information and spatial information.

To assess the spectral preservation ability of each method,
similar to the previous experiment, we calculate the spectral
signature difference between the fused image and ground truth.
The results of one random point in patch “Houston_5" are
presented in Fig. 8. As can be seen, the curve of the difference
value of the MDA-Net is closest to the reference dotted
line, which demonstrates that our method produces the least
spectral distortion. The superior performance of our method on
preserving spectral fidelity also verifies the quantitative results
on SAM in Table III.

3) Washington DC Mall Dataset: For the Washington DC
Mall dataset, Table IV exhibits the quantitative assessment
results of all methods with a scale factor of 8. It can be seen
that CNN methods present better performance compared to
the traditional ones. In addition, the MDA-Net surpasses all
the comparison approaches on the evaluation metrics.

Fig. 9 presents the visual comparison of different methods
on the image patch “WDC_15.” Serious ringing artifacts also
occur in the images produced by SFIM and Indusion. As can
be seen, there exist obvious color variations in the grassland
of the PCA and GSA fusion images. Besides, the color in the
roof parts of the fused images of HyperPNN and TFNet differs
from that of the reference image greatly, which indicates a
serious loss of spectral information. MSDCNN and DARN
present better performance in preserving spectral information.
Howeyver, the reconstruction results of these methods are still
blurry. For the grass area (pointed by the red arrow) in the
enlarged subimages in Fig. 9, only our method can recover
it accurately, while all the other methods fail to reconstruct it
faithfully to the ground truth. In other words, a fused image of
our method is closest to the ground truth, which demonstrates
that our model performs better in spatial restoration and
spectral preservation.

In addition, we draw the spectral reflectance differ-
ence curves for various methods to compare their spectral
preservation ability. The comparison results of one randomly
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Fig. 8. Comparison of the spectral reflectance difference curve of a selected
point (221, 129) of the patch “Houston_5.”

chosen point in patch “WDC_15" are presented in Fig. 10.
As can be seen, the MDA-Net curve is closest to the dotted
reference line, which demonstrates the best effectiveness of
our method on preserving spectral information.

F. Experiments on Real Dataset

To evaluate the generality of the MDA-Net, we per-
form experiments on the real hyperspectral dataset, i.e., the
WorldView-4 dataset. Since there is no ground-truth HR-HSI
available, we follow the no-reference assessment method
in [44] to quantitatively evaluate the pansharpening perfor-
mance of different methods, which is shown in Table V. As can
be seen, the MDA-Net obtains the best result.

The visual comparison on the selected patch “WV4_9” is
depicted in Fig. 11. We use the upsampled LR-HSI via bicubic

GSA [19]

TFNet [17]
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Visual comparison of different methods on the selected patch “Houston_5" of the Houston dataset with a scale factor of 4. Yellow boxes represent

TABLE III

QUANTITATIVE RESULTS OF THE DIFFERENT METHODS ON THE HOUSTON
UNIVERSITY DATASET. THE BEST VALUE IS IN BOLD

Methods PSNR SAM  SSIM  ERGAS RMSE
PCA [18] 3354 10.11 0.8623 5.097 0.0210
GSA [19] 3407 9327 0.8721 4.756 0.0198
SFIM [23] 3201 9438 0.8582 6.133 0.0251
Indusion [22] 3291  9.588  0.8503 5.473 0.0226
MSDCNN [32]  35.01  7.156  0.8905 4.324 0.0178
HyperPNN [35] 36.23  7.149 009117 3.833 0.0154
TFNet [17] 3774 6.179  0.9357 3.248 0.0130
DARN [47] 38.39  5.725 0.9432 2.962 0.0120
MDA-Net 3991  4.747  0.9596 2.495 0.0101
TABLE IV

QUANTITATIVE RESULTS OF THE DIFFERENT METHODS ON THE
WASHINGTON DC MALL DATASET. THE BEST
VALUE Is IN BOLD

Methods PSNR SAM  SSIM  ERGAS RMSE
PCA [18] 3273 12.06 0.8774 7.259 0.0243
GSA [19] 36.52 6.988 0.9393 4.674 0.0152
SFIM [23] 3698  6.638  0.9449 4.332 0.0143
Indusion [22] 3547  7.578 09277 5.162 0.0171
MSDCNN [32] 3796 5.666 0.9537 4.100 0.0128
HyperPNN [35]  38.10  5.827  0.9583 3.997 0.0126
TFNet [17] 3826 5.592  0.9583 3.856 0.0124
DARN [47] 38.57 5479 09597 3.672 0.0119
MDA-Net 40.21 4.265 0.9719 2.969 0.0099

interpolation as the reference image. It can be observed that
there exist obvious artifacts in the reconstruction results of
Indusion and SFIM. PCA and GSA produce images that are
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Fig. 10. Comparison of the spectral reflectance difference curve of a selected
point (45, 20) of the patch “WDC_15.”

oversmooth and contain severe spectral distortion. MSDCNN
and TFNet generate relatively clearer fused images. However,
chromatic aberration is still not solved for these methods.
By comparison, our method gives the best performance in tex-
ture details restoration and spectral information preservation.
The qualitative and quantitative evaluation results depicted
in Fig. 11 and Table V both illustrate the superior performance
of our MDA-Net on pansharpening real HSIs.

G. Analysis of the Computational Complexity

Computational complexity is also an important indicator for
the evaluation of the pansharpening methods. In this section,
we compute the average test runtime of each method on all
the test images of the Houston dataset. The experiment is

conducted on the same computing platform as above. Each
test image has a size of 336 x 336 x 114.

As can be seen in Table VI, CNN methods run notice-
ably faster than the traditional ones because the former only
perform feedforward computation in the test phase. Among
all the comparison methods, HyperPNN and MSDCNN rank
first and second, respectively. These two methods implement
a relatively shallow and light network. However, their fusion
performance is quite poor as shown in the previous experi-
ments. The MDA-Net is comparable to the TFNet in terms of
speed while costs much less time than DARN. Taking both the
runtime and fusion performance into consideration, the MDA-
Net is an effective and appropriate choice for hyperspectral
pansharpening.

H. Sensitivity Analysis of the Network Parameters

Many parameters are used in our method to adjust the
performance. For some of them, such as the £, for Adam
optimizer and the growth rate of MRDBs, we follow the
commonly used settings that have been proven effective in
various applications and over different datasets. The other
parameters, such as the learning rate and the batch size,
need to be determined according to the characteristics of the
specific input data and the employed network. In this section,
we perform the sensitivity analysis of the MDA-Net over
these parameters, i.e., the learning rate and batch size. The
experiment is conducted on the three simulated datasets, and
PSNR is used to evaluate the fusion results quantitatively.

As shown in Table VII, the experimental results do not
present significant variations as the batch size and learning
rate change, and a similar situation occurs in all three datasets.
This demonstrates that the MDA-Net is not very sensitive to
these parameters when they lie in a reasonable range, which
is empirically determined based on the specific dataset and
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Fig. 11. Visual comparison of different methods on the selected patch “WV4_9” of the real WorldView-4 dataset with a scale factor of 4.

TABLE V
NO-REFERENCE HSIS ASSESSMENT SCORE OF DIFFERENT METHODS ON THE WORLDVIEW-4 DATASET. THE BEST VALUE IS IN BOLD

Methods  PCA [18] GSA [19] SFIM [23] Indusion [22] MSDCNN [32] HyperPNN [35] TFNet [17] DARN [47] MDA-Net

Score 13.01 12.74 12.96 14.22 12.28 11.33 11.54 11.08 10.89

TABLE VI
AVERAGE RUNTIME OF DIFFERENT METHODS ON THE TEST IMAGES OF THE HOUSTON DATASET. THE BEST VALUE IS IN BOLD

Methods PCA [18] GSA [19] SFIM [23] Indusion [22] MSDCNN [32] HyperPNN [35] TFNet [17] DARN [47] MDA-Net

Runtime (s) 2.638 0.312 0.567 2.131 0.004 0.002 0.008 58.51 0.011
TABLE VII 0.035
PSNR INDICES OF THE SENSITIVITY ANALYSIS OF THE MDA-NET
OVER THE LEARNING RATE AND THE BATCH SIZE. 0.030 — Pavia Universi
THE BEST VALUE IS IN BOLD ’ avia University
—— Houston University
0.025 —— Washinton DC Mall
Parameter Pavia Houston Washington
setting University ~ University DC Mall
w 0-020
0.0003 39.88 37.23 40.22 E
Learning 0.0002 39.91 37.32 40.21 0.015
rate 0.0001 39.74 37.02 39.98
0.00005 39.66 37.11 40.01 0.010
Batch 24 39.87 37.08 40.08 0.005
size 16 39.91 37.32 40.21
8 39.93 37.29 40.15 0.000

50 100 150 200 250 300
Epoch

Fig. 12. Loss values of the proposed MDA-Net over different datasets during

network design. Thus, we set the learning rate to 2 x 1074, training.
which decreases 10% for every 30 epochs, and the batch size curves decline rapidly in the first 50 epochs and level off after
to 16 for all testing datasets in our experiments. 250 epochs. Thus, we set the training epoch to 300, which is
In addition, we study the effect of the training epoch over adequate for the network to give an optimal performance over

different datasets. As can be seen in Fig. 12, all three loss different datasets.
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TABLE VIII

PERFORMANCE OF EACH METHOD UNDER DIFFERENT LEVELS OF NOISE
ON THE PAVIA UNIVERSITY DATASET. THE BEST VALUE IS IN BOLD

Methods 25dB  30dB  35dB
PCA [18] 19.71 2047  20.89
GSA [19] 2537 25.83  26.72
SFIM [23] 2436 2542  26.18
Indusion [22] 23.63 2461 2523
MSDCNN [32] 29.14 2993 3048
HyperPNN [35] 30.13  30.55  31.07
TFNet [17] 32.07 3292 33.69
DARN [47] 3226 3359 3432
MDA-Net 3520 36.37 37.04

L. Analysis of the Generality to Different Levels of Noise

In this section, we evaluate the performance of the
MDA-Net under the noise of different levels on the simulated
Pavia University dataset. Three different levels of additive
Gaussian noise are added to generate the LR-HSIs, while the
signal-to-noise ratio (SNR) is set to be 25, 30, and 35 dB,
respectively. The numerical results in terms of PSNR of all
comparison methods are presented in Table VIII. As can be
seen, the MDA-Net still gives the best performance under
different levels of noise, which demonstrates the strong noise
robustness of our method.

V. CONCLUSION

In this work, we proposed a novel method called MDA-Net
for hyperspectral pansharpening. This approach applies a
three-stream network, which is able to learn the intraimage
information and the correlation among LR-HSI and HR-PAN
simultaneously. To merge the useful information as fully
as possible, we implement the fusion procedure in multiple
stages. In each fusion stage, a DAFB is used to guide the
combination of features from different streams. It incorporates
spectral and spatial attention mechanisms to enhance the valu-
able location and channel components. Moreover, we develop
an MRDB to extract multiscale deep features of the input
images, which improves the representation capability of the
network. The experimental results on both simulated and real
hyperspectral datasets demonstrate that the MDA-Net outper-
forms other state-of-the-art methods significantly in terms of
qualitative and quantitative evaluations.
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