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A two-stream remote sensing image fusion network (RCAMTFNet) based on the residual channel attention mechanism is
proposed by introducing the residual channel attention mechanism (RCAM) in this paper. In the RCAMTFNet, the spatial
features of PAN and the spectral features of MS are extracted, respectively, by a two-channel feature extraction layer.
Multiresidual connections allow the network to adapt to a deeper network structure without the degradation. The residual
channel attention mechanism is introduced to learn the interdependence between channels, and then the correlation features
among channels are adapted on the basis of the dependency. In this way, image spatial information and spectral information
are extracted exclusively. What is more, pansharpening images are reconstructed across the board. Experiments are conducted
on two satellite datasets, GaoFen-2 and WorldView-2. The experimental results show that the proposed algorithm is superior
to the algorithms to some existing literature in the comparison of the values of reference evaluation indicators and
nonreference evaluation indicators.

1. Introduction
With the widespread application of GIS, the demand for
spatial and geographic data in various industries is increasing [1]. However, due to various reasons such as the complexity of the scene, the time and spectral transformation
of the input data set, diﬀerent spatial data standards, and
speciﬁc spatial object classiﬁcation and classiﬁcation systems, there are many diﬀerences in the accuracy and form
of remote sensing data [2]. Nowadays, there are many
remote sensing satellites with diﬀerent functions on various
observation platforms outside the earth. These satellites
can provide diﬀerent spatial, temporal, and spectral images,
that is, remote sensing images. Because of the limitation of
satellite sensor, remote sensing satellite can only obtain
hyperspectral image and high spatial resolution panchromatic image, respectively. In practical applications, both
high spectral resolution remote sensing images and high
spatial resolution remote sensing images are required, which

make remote sensing image fusion with important application value [3].
Remote sensing image fusion is an algorithm that fuses
the panchromatic image with high spatial resolution (panchromatic, PAN) and the multispectral image with low spatial resolution (low-resolution multispectral, LMS) into the
high-resolution multispectral (high-resolution multispectral,
HRMS) images, shortened to pansharpening [4]. Highresolution multispectral images can calculate the reﬂection
spectrum of each pixel on the earth surface to get a variety
of information. It can also provide help for subsequent
remote sensing scene segmentation, classiﬁcation, and feature extraction such as the survey of forest resources, the
ground feature classiﬁcation, the precision agriculture, and
the weather forecast [5]. However, due to the limitations of
the current hardware, it is diﬃcult to obtain high-resolution
remote sensing images from a single sensor. Only singleband panchromatic images and multiband multispectral
images can be obtained, respectively, in this way. The
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information carried by the two images is diﬀerent, but they
are complementary [6, 7]. As the remote sensing image
becomes more and more important, the remote sensing
image fusion algorithm is constantly improved. How to fuse
the spatial and spectral information of panchromatic image
and multispectral image as much as possible to improve the
fusion eﬀect is a key concern in remote sensing image fusion
[8]. Pansharpening plays a signiﬁcant role in it. So far, many
methods of pansharpening have been proposed. They can be
divided into three categories roughly.
The ﬁrst category is component substitution (CS) [9].
In this method, the low resolution multispectral image is
transformed into spatial and spectral components. After
that, the spatial components are replaced by a high spatial
resolution panchromatic image. Finally, the fused image is
obtained by the inverse transformation [10]. It is apparent
that the spatial characteristics of the resulting image after
pansharpening are closely related to the replacement components of the panchromatic image. The popular algorithms are IHS (Intensity Hue Saturation) transformation
[11], Principal component analysis (Principal Component
Analysis) [12], Brovey transform (Brovey) [13], and so
on. The fusion algorithm based on the component substitution has high computational eﬃciency, but it prones to
the spectral distortion [14].
Multiresolution analysis (MRA) is the second category,
which aims to extract the spatial information of panchromatic images by multiresolution analysis such as the Laplace
pyramid and the wavelet transform. Fused images are
obtained by the weighted fusion and the reconstruction of
diﬀerent image multiresolution representation coeﬃcients.
Compared with the component substitution, the method
based on MRA is unlikely to be aﬀected by the spectral distortion. For example, there is an intensity modulation based
on smoothing ﬁlter (SFIM) in [15] and the coupled nonnegative matrix factorization (CNMF) for data fusion in [16].
Modulation Transfer Function-Generalized Laplacian Pyramid (MTF_GLP) [17] is also proposed. This kind of method
with high computational complexity prones to the space
distortion [18].
The third category is based on the method of deep learning, in which the low-resolution multispectral image is
regarded as the input of the deep network [19]. Moreover,
the high-resolution image is outputed by learning the endto-end mapping of the low-resolution and high-resolution
image quality [20]. The performance of this kind of fusion
method is improved by constructing more reasonable loss
function, processing image residual and using deeper frame
structure [21–24]. Traditional methods, whether in spectral
domain or spatial domain, have great losses. In order to
overcome the above shortcomings, the method based on
the deep learning has a typical advantage. It can reduce the
diﬃculty of training the network by initializing parameters
layer by layer and ﬁnish the initialization layer by layer by
means of the unsupervised learning. The deep learning can
simulate the hierarchical structure of the visual perception
system. After the establishment of a machine learning model
with multiple hidden layers, more useful features can be
obtained from the training of a large number of data [25].
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For example, in [26], the three-layer CNN structure based
on convolution neural network is used for the remote sensing image fusion, and the remote sensing image fusion algorithm PNN (Pansharpening by CNN) based on CNN is
proposed, which signiﬁcantly promotes the performance of
remote sensing image fusion algorithm. In [27], the deep
residual network is used to increase the accuracy of pansharpening of multispectral images (deep residual pansharpening neural network, DPRNN). There is also a deep network
architecture (deep network architecture for pansharpening,
PanNet) for pansharpening [28]. To get a ampler extraction
of features, a two-channel CNN to extract image features of
PAN and LMS, respectively, is proposed. The residual join is
also adopted to enhance the ability of feature learning and
the results of image fusion in [29]. The generative adversarial network (GAN) is proposed in [30]. By inputting PAN
and MS images, the estimated MS images share the same
distribution with the reference HRMS images. It can extract
and transmit spectral and spatial features, respectively, and
measure the diﬀerences between distributions eﬀectively.
According to the structural characteristics of multiscale
information, a fusion rule based on the fuzzy logic is proposed to fuse low-order components, which is able to eﬀectively fuse the high frequency components of PAN and MS
images [31].
However, there are some problems in the deep learning
algorithm above mentioned during the fusion. The information contained in the pan image and MS image is diﬀerent.
There is a lot of high-frequency and texture information in
pan image while MS images are abundant in spectral information and low-frequency components. It is hard to learn
the relationship between them directly with high redundancy [32]. A larger convolution kernel will lead to a more
complicated network model and more network parameters
in the training process. Thus the test will be more diﬃcult.
In the process of the convolution, each convolution operator
has only one local receptive ﬁeld. It cannot make full use of
the context information; so, the obtained features also lack
the context information [33].
In recent years, good results have been achieved since the
channel attention mechanism is applied to the superresolution of the image by [34–36] In [37], a hybrid attention
mechanism applied in pansharpening is proposed to alleviate the spectral distortion and improve the spatial resolution.
A channel spatial attention residual block (CSAResBlocks) is
proposed in [38], which can make full use of the relationship
between the channel and the space of the feature graph at the
same time. The accuracy of pansharpening is able to be
further increased by stimulating more related features and
suppressing the less useful features in some spectral channels
and spatial positions. In addition, the attention mechanism
module is added to the Tri-UNet in [39] to make the network extract multilevel features and reduce the loss of details
in the downsampling process in the meantime.
In order to solve the above problems, a two-stream fusion
network based on the residual channel attention mechanism
is proposed in this paper. During the fusion, because there is
no high-resolution multispectral reference image, the fusion
image is degraded by design space degradation, and then
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the fusion network is trained. In order to obtain a better
fusion eﬀect, the method also adds a channel attention mechanism, which eﬀectively improves the fusion performance
and better retains the spectral characteristics. The main contributions of this paper are as follows.
(1) A novel remote sensing image fusion network is
proposed for pansharpening. This is a deep endto-end structure of the network that is designed
to generate remote sensing images with high spatial resolution
(2) The model of two-stream fusion network combined
with the residual channel attention mechanism is
constructed. The detail features of PAN images and
the spectral features of MS images can be extracted,
respectively, to generate deeper features
(3) A residual channel attention group is designed to
model the interdependence between feature channels. It can adaptively adjust the feature weight of
each channel and get useful information as much
as possible. Multiple residual connections allow a
large number of shallow information to realize jump
connections, simplifying the ﬂow of information
The rest of this article is organized as follows. In Section
2, we introduced residual learning and channel attention
mechanisms. Section 3 introduces our network structure
and explains in detail. Section 4 gives experiments and comparisons with other methods. The conclusion of the article is
in Section 5.

2. Related Work
2.1. Residual Learning for Pansharpening. The higher precision can be obtained based on the fully extract features by
the deep network with more convolution layers and hidden
layers. However, the deep network always cause a lot of
problems such as the gradient disappears, the gradient
explodes and so on. The residual learning is regarded as
the useful technique, in which the output is expressed as a
linear superposition of a nonlinear transformation of input
and the spatial distribution of residual features will be very
sparse [40, 41]. As a result, it becomes easier to ﬁnd the optimal weights and biases ðW, bÞ while the network is allowed
to add more hidden layers and show a better performance
[42]. In the pansharpening process, the residual learning
can be divided into the following two stages:
Stage 1: the residual output F Stage1 can be calculated to
predict the residual under the residual connection according
to the input M as follows:
F 0 = M, F l = max ð0, W l × F l−1 + bl Þ, l = 1, ⋯, L − 1,
F Stage1 = M + F L−1 :

ð1Þ

W l is the weight of the l layer, and bl is the bias of the l
layer. F Stage1 denotes the residual output of the layer L − 1.

Stage 2: the L layer of the residual network is established,
and the band of N + 1 is restored to N bands by the ﬁnal
convolution operation of the network. Thus, the ﬁnal result
F Stage2 can be computed by
F Stage2 = W L × F Stage1 + bL :

ð2Þ

2.2. Channel Attention Mechanism. Employing the convolutional neural network, for any picture initially represented
by three channels ðR, G, BÞ, a new signal can be generated
in each channel after passing through diﬀerent convolution
kernels. For example, 64 kernels convolution is chosen for
each channel of the image feature, and then it will generate
a matrix of new 64 channels ðH, W, 64Þ, where H, W represents the height and width of the picture feature, respectively.
The characteristics of each channel actually represent the
components of the picture on diﬀerent convolution kernels,
in which the convolution of the convolution kernel is similar
to the Fourier transform of the signal. Thus, the information
of one channel of this feature can be decomposed into signal
components on 64 convolution kernels [43]. Since each signal can be decomposed into components on the kernel function, the new 64 channels should involve the key information
more or less. If the weight parameter is introduced for each
channel to show the correlation with the key information, it
is clear that the greater weight parameter always indicates
the higher correlation. Thus, we should pay more attention
to the channels with greater weight parameters.
Based on the above mentioned correlation, a “squeezeexcitation module” has been proposed in the literature [44].
At ﬁrst, it clearly expresses the interdependence between
channels and then adaptively calibrates the channel-related
characteristic responses by the dependence to improve the
quality of features generated by the network. Applying a
channel attention mechanism, the information aggregation
can be achieved by squeezing for the global information
while the related dependencies between channels can be captured by excitation. In order to obtain the channel correlation
of aggregated information, a gating mechanism is set up to
learn the nonlinear interaction between channels and then
realize the activation of multichannel features. The gate here
can determine whether the data should be retained or discarded in a sequence, and it can pass relevant information
to a longer sequence chain for prediction. The sigmoid activation function, which is adopted by the simple gating mechanism, is similar to the tanh activation function, but it
controls the value between 0 and 1 instead of -1 to 1. It helps
to update or discard data, because any number multiplied by
0 is 0, which will cause the value to disappear or be omitted.
Any number multiplied by 1 is itself; so, the value remains
unchanged or saved. The network can identify which data
is unimportant, which can be omitted and which needs to
be saved.
In the pansharpening process, PAN images are singlechannel while MS images are multichannel. In the fusion
process, the PAN image and the MS image are ﬁrstly
stitched on the channel. If each channel is treated equally,
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the space of the PAN image and the spectral information of
the MS image cannot be well preserved. By applying the
channel attention mechanism for the remote sensing image
fusion, the spatial characteristics of PAN images and the
spectral characteristics of MS images can be extracted in a
targeted manner.
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The speciﬁc formula is as follows:
S1p = W 13×3 × X p + b13×3 ,
S2p = W 23×3 × S1p + b23×3 ,
S1m = W 13×3 × X m + b13×3 ,

3. Two-Stream Fusion Network Based on
Residual Channel Attention Mechanism
3.1. Network Framework. The network framework of this
paper is shown in Figure 1. There are three main steps to
generate high-resolution multispectral images. Firstly, the
two-stream CNN architecture extracts features from PAN
and LMS images, and then these features are merged on
the channel to form a compact feature map. Such feature
maps simultaneously represent the spatial information and
spectral information of the PAN and LMS images. Before
feature extraction, the PAN image will be downsampled to
ﬁt the size of the LMS image. Secondly, the fused feature
map passes through the residual channel attention group.
The residual attention group uses residual connection to
allow the residual learning of shallow features. It contains
multiple residual channel attention modules that use a combination of the channel attention mechanism and the residual connection. The attention mechanism can adaptively
adjust the characteristics of each channel by modeling the
interdependence between feature channels. This attention
mechanism enables the proposed network to focus on more
useful channels and improve the learning ability of the channel feature. The residual connection stacks several transformation layers, which allows a large amount of shallow
information to skip connections, simplifying the ﬂow of
information. Thirdly, the output of the residual attention
group is ﬁnally enlarged by the deconvolution layer, and
the enlarged features are reconstructed by a convolution
layer so as to obtain the ﬁnal high-resolution multispectral
image.
3.2. Two-Stream Fusion Network. PAN images and LMS
images contain diﬀerent information. PAN has abundant
spatial information while LMS is the carrier of spectral information. Convolution neural network (CNN) has great feature to represent the ability and reconstructs feature
images [45] very well. As a result, fusing PAN and LMS in
the feature domain is considered as shown in Figure 2.
First of all, the input of the two images of PAN and LMS
is represented by Xp and Xm, and the features extracted by
CNN are represented by S1p and S1m . The superscript 1 represents the extraction of features from layer 1. In order to fully
obtain spectral and spatial information, multiple convolution layers are used to extract layered features, and then
the two are fused together and concatenated on the channel.
To preserve features and prevent information loss without
using pooling layers, batch normalization, and ReLU, they
are simply connected together to implement a fusion
strategy.

S2m

= W 23×3

× S1m

h
i
C = S2p , S2m :

ð3Þ

+ b23×3 ,

W 1 and W 2 represent the weights of the ﬁrst and the
second convolution layers. b1 and b2 represent the bias
of the ﬁrst and the second convolution layers. 3 × 3 indicates the size of the convolution kernel. S2p and S2m represent the convolution output of layer 2. C = ½S2p , S2m  means
concatenating the two tensors together. Then, the characteristics of the connection are inputted into the network
to form a more compact representation, and follow-up
operations are carried out. The Concat is the spliced operation. The proposed network accepts two inputs and has a
two-stream architecture; so, it is called a two-stream fusion
network.
3.3. Residual Attention Group. The input PAN image and
MS image can be processed by the dual-stream fusion network to form a compact feature representation, but these
feature data more or less contain some redundant information. The previous neural network method treats the information between channels equally; so, the expressive ability
of the network is hindered. At the same time, previous
experiments [46] prove that fairly deep networks are the
most direct way to improve the performance of the deep
learning of networks. However, it is very diﬃcult to train
deeper network layers which are prone to result in accuracy
saturation and network degradation. In order to solve these
problems, the residual attention group is introduced to construct deep network as shown in Figure 3.
The residual attention group consists of the residual
attention module, the convolution layer, and the residual
connection. The residual connection in the group allows
the residual learning of shallow features. The residual attention group contains a plurality of residual attention blocks as
shown in Figure 4.
Each residual attention block contains some simple
transformation layers, channel attention mechanisms, long
residual connections, and short residual connections. Long
residual connection and short residual connection allow
shallow information to propagate backward directly through
identity mapping, which is beneﬁcial to the ﬂow of information.
Channel attention mechanism adaptively assigns diﬀerent
weights to each channel by modeling the interdependence
between characteristic channels, which allows the network
to focus on more useful channels and enhance the learning
ability.
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ð5Þ

x~c = wc × xc :

The speciﬁc formula is as follows:


X b−1 = δ F b−1 × W 13×3 + b13×3 ,
X b = W 23×3 × X b−1 + b23×3 ,

receptive ﬁeld for each convolution kernels in the convolution layer [47]. Therefore, the convoluted output cannot
make use of context information outside the local area. In
order to allow more information features to be paid attention to by the network, the interdependence between characteristic channels is made use of to generate channel attention
mechanism (CAM) as shown in Figure 5.
The channel attention mechanism uses global average
pooling to transform global spatial information into channel
descriptors in order to obtain channel statistics z. Suppose
X = ½X 1 , X 2 , ⋯, X c  is the input of a channel attention mechanism. For example, there is a feature map with C channels,
and its size is ðH, WÞ. The descriptor Z c of the C channel is
the average of the values on this channel (global average
pooling).
The speciﬁc formula is as follows.

ð4Þ

F b = CAðX b Þ + F b−1 :
F b−1 and F b are the input and output of the residual
attention block, respectively. X b−1 is the output of the input
F b−1 after the convolution of ReLU. X b is obtained after the
next convolution, and it can be used as the input of the
channel attention mechanism. W 1 and W 2 represent the
weight of the ﬁrst and the second convolution layers, respectively, while b1 and b2 represent their bias. 3 × 3 indicates the
size of the convolution kernel. δ represents the ReLU function while CA represents the channel attention mechanism
function.
In the pansharpening process, channel features are dealt
with equally by the previous CNN-based method of remote
sensing image fusion. In the network, there is only one local

f GP ðÞ is the global average pooling function, and xc ði, jÞ
is the value of xc at ði, jÞ that is the characteristic in the layer
c. In addition to the global pooling, the aggregation technology is introduced. The channel dependency is completely
captured from the aggregated information by the global
average pooling. After that, the sigmoid activation function
is introduced to learn the nonlinear interaction between
channels. S ðÞ denotes the sigmoid activation function, and
δðÞ denotes the ReLU activation function. W U is the weight
set of the descending-dimensional convolution layer while
W D is that of the ascending-dimensional convolution layer.
The dimension of the action channel of the descendingdimensional convolution layer is reduced, and the dimension reduction ratio is set to r. After the descendingdimensional signal is activated by the ReLU activation function, the number of channels is increased by r times through
the ascending-dimensional convolution layer so that the
weight coeﬃcient of each channel can be obtained. Then,
the ﬁnal channel statistic w is obtained, which is used to
re-adjust the weight and feature map of the input. xc , wc ,
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and xc are the weights and feature maps of layer c channels,
respectively. The input is a feature of H × W × C. Firstly, the
global average pooling of a space is carried out to get a 1 ×
1 × C channel description. Then, the weight coeﬃcient of
each channel is obtained through a descending-dimensional
convolution layer and an ascending-dimensional convolution
layer. The new feature can be obtained by multiplying the
weight coeﬃcient and the original feature. In fact, the whole
process is actually a weighted redistribution of the feature in
diﬀerent channels.
3.4. Loss Function. The loss function is an important factor
that aﬀects the quality of the fused image. In this paper, L1 loss
function is adopted to optimize the network and give the panchromatic image of training sample and the low-resolution
multispectral image as well as the high-resolution multispectral image. The L1 loss function is deﬁned as

L1− lossðΘÞ =



1 N   i
〠 Φ X PAN , X iMS ; Θ − X iHMS ,
N i=1

ð6Þ

where ∣· ∣ denotes the L1-norm, which computes the mean
absolute error between the generated and the reference data. Θ
represents the network parameters, and N represents the
number of training samples. X iPAN , X iMS , and X iHMS represent
PAN images, LMS images, and reference multispectral images,
respectively.

4. Experiment and Analysis
4.1. Dataset and Experiment Settings. The applicability of the
network is veriﬁed by two diﬀerent satellite datasets,
GaoFen-2 [26] and WorldView-2 [28]. The detailed data sets
are shown in Table 1. According to the Wald [48], the original MS image is used as the reference image, and then the

PAN image is downsampled to be registered with the LMS
image for training and testing.
The spatial resolutions of the MS image and PAN image
of the GF-2 satellite are 3.2 m and 0.8 m, respectively, while
the corresponding images of the WV-2 satellite are 4 m and
1 m, respectively. During training, the original ms is used as
a reference, ms and pan are downsampled and trained on
the degenerate model, and then the pan after ms upsampling
and downsampling remains the same size and input into the
model for training.
That is, WV-2 image uses the downsampled and then
upsampled 4 m resolution ms and the 4 times downsampled
4 m resolution pan as the network input image and the original 4 m resolution ms image as the ideal image. The resolution of the ms image of GF-2 is 3.2 m, the resolution of the
panchromatic image is 0.8 m, and the downsampled and
then upsampled ms of 3.2 m resolution and the 4 times
downsampled pan of 3.2 m resolution are used as the network. The input image is the original 3.2 m resolution MS
image as the ideal image.
There are 3 residual attention blocks in the setting of the
experiment. Except for the convolution kernel of 1 × 1 in the
channel attention mechanism, that of 3 × 3 is adopted in the
other. Downsampling 4 times to register the LMS image, the
number of extracted feature layers is 64, and the ratio of
channel dimensionality reduction in the channel attention
mechanism is 16. The Adam optimizer is adopted to optimize the network parameters. The initial learning rate is
0.001 and every 200 epoch learning rate multiplied by 0.5.
The experiment is conducted in Pytorch and Python3.7
environments, including Intel Xeon CPU, a 11 GB NVIDIA
Tesla V100 PCIe GPU, and 16 GB RAM.
4.2. Evaluation Method. In the image fusion experiment
part, select peak signal-to-noise ratio (PSNR), structural
similarity (SSIM), spectral angle mapping (SAM), relative
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Table 1: Datasets.



Type of sensor

GaoFen-2

WorldView-2

PAN resolution
MS resolution
Bands number
Width
Return days
Train patches
Test patches
PAN image size

0.8 m
3.2 m
4
45 km
5 days
2099
128
256 × 256

1m
4m
5
45 km
5 days
2372
440
256 × 256

LMS image size

64 × 64

64 × 64

global error (ERGAS), spatial correlation coeﬃcient (SCC),
and general image quality index (Q). These 6 indicators are
used to evaluate the fusion results.
(1) Peak signal-to-noise ratio (PSNR) [49], which is
mainly used to evaluate the sensitivity error of fused
images’ quality, is an important indicator to measure
the diﬀerence between two images. The higher the
value of PSNR is, the more similar the two images
are
!

PSNR = 10 lg

ð2n − 1Þ2
:
MSE

ð7Þ

MSE represents the mean square error of the fused
image and the reference image.
(2) Structural similarity (SSIM) [50] is an indicator that
measures the similarity of two images, in which the
picture is highly structured. There is a strong correlation between adjacent pixels. The value of SSIM is
between 0 and 1. SSIM = 1 means that the two
images are exactly alike:

SSIMðx, yÞ = ½lðx, yÞα ½cðx, yÞβ ½sðx, yÞγ :

ð8Þ

lðx, yÞ compares luminance; cðx, yÞ compares contrast; s
ðx, yÞ compares structure. X represents the fused image,
and Y represents the reference image. L, C, and S are used
to make a comparison of the brightness information, the
contrast information, and the structure information between
the reference image and the fused image, respectively.
(3) Spectral angle mapping (SAM) [51] reﬂects the
degree of spectral distortion and calculates the angle
between the corresponding pixels of the fused image
and the reference image on the triad. SAM = 0 means
that there is no spectral distortion:

0



1
∑Ni=1 vi vi′

C
SAM v, v ′ = cos−1 B
@qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃqﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃA:
N 2
N
2
∑i=1 vi ∑i=1 vi′

ð9Þ

There are N bands in every image. v and v ′ , respectively,
represent the vector set of pixels in diﬀerent bands of the
fused image and the reference image with N components.
(4) Erreur Relative Global Adimensionnelle de Synthese
(ERGAS) [52] demonstrates the spectral information
contained in the whole band of the image by the resolution ratio of the PAN image to the MS image. The
lower the value of ERGAS is, the better the fusion
eﬀect is
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u N
2
Rp u
t 1 〠 RMSE ð F i Þ:
ERGAS = 100
 2i
RM N i=1
F

ð10Þ

RP and RM represent the resolution of the PAN image
and the MS image, respectively. F i is each band component
of the fused image, and Fi is the average value of the band
component of the fused image.
(5) The spatial correlation coeﬃcient (SCC) [53] demonstrates the spatial correlation between the fused
image and the multispectral image. The value of
the SCC reﬂects the correlation degree between the
reference multispectral image and the fused image.
If the value of SCC is closer to 1, it indicates that
the closer the relationship between the reference
multispectral image and the fused image is, the better
the fusion eﬀect is
∑Ni=1 ∑Ni=1 ðPi − uP Þ2 ð F i − u F Þ2
SCCðP, F Þ = qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
:
∑Ni=1 ðPi − uP Þ2 ∑Ni=1 ð F i − u F Þ2

ð11Þ

uP denotes the mean value of PAN(P) while u F denotes
the mean value of the fusion image(F).
(6) Q [54] is the average general image quality indicator.
The value range of it is (-1, 1). The closer the value is
to 1, the more similar the two images are, and the
better the fused image quality is

Q= 

σ2M

4σMF MF

:
+ σ2F M 2 + F 2

ð12Þ

σM and σ F denote the gray-scale covariance of the fusion
image and the MS image, respectively.
Since it is not possible to directly obtain high-resolution
multispectral images, objective indicators without reference
images are used in the original image fusion experiment to
evaluate the fusion results.
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(a) PAN

(b) MS

(c) Brovey

(d) PCA

(e) IHS

(f) SFIM

(g) MTF_GLP

(h) CNMF

(i) PNN

(j) DRPNN

(k) PanNet

(l) Our method

Figure 6: The results of diﬀerent remote sensing image fusion algorithms under the WorldView-2 satellite datasets.

The nonreference quality indicator (QNR) [55] includes
the index Dλ of evaluating the loss of spectral details and DS
of evaluating the loss of spatial details. The spectral detail

loss Dλ aims to explore the disparity of the relationship
between the bands of the fused image and that of the multispectral image. The smaller the Dλ is, the more spectral
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Table 2: Evaluation indicators of diﬀerent remote sensing image fusion algorithms under WorldView-2 satellite datasets.
Reference comparison
Methods
Brovey
PCA
IHS
SFIM
MTF_GTP
CNMF
PNN
DPRNN
PanNet
Our algorithm

SCC

SSIM

Q

PSNR

ERGAS

SAM

0.8481
0.8903
0.8732
0.9139
0.8858
0.9271
0.9281
0.9312
0.9350
0.9422

0.7095
0.7031
0.6831
0.7472
0.6751
0.7706
0.7791
0.7825
0.7838
0.7891

0.5476
0.4028
0.4642
0.6146
0.4254
0.6139
0.6252
0.6371
0.6215
0.6432

43.1899
44.2140
44.2607
44.6207
44.8155
45.7792
45.9311
46.6754
46.2696
47.5762

5.8498
4.7886
5.0181
3.8994
4.8367
3.8437
3.7992
3.5910
3.5771
3.4545

0.1004
0.1069
0.0951
0.0937
0.0867
0.0888
0.0885
0.0851
0.0816
0.0656

Nonreference comparison
Methods
Brovey
PCA
IHS
SFIM
MTF_GLP
CNMF
PNN
DPRNN
PanNet
Our algorithm

Dλ

DS

QNR

0.1002
0.0911
0.0897
0.0649
0.0624
0.0595
0.0523
0.0448
0.0323
0.0204

0.1063
0.0401
0.1143
0.1257
0.0764
0.1687
0.1022
0.0540
0.0274
0.0128

0.8041
0.8724
0.8063
0.8175
0.8643
0.7818
0.8508
0.9036
0.9412
0.9671

features are retained among the fused image bands. The spatial detail loss DS aims to explore the disparity between the
bands of the fused image and the panchromatic image. The
smaller the DS is, the closer the spatial structure feature of
each band of the fused image to the panchromatic image
is. Moreover, the smaller the spectral detail loss and spatial
detail loss of the fused image are, the higher the corresponding QNR is. The ideal value of Dλ and DS is 0, and that of
QNR indicator is 1.
QNR = ð1 − Dλ Þα ð1 − DS Þβ :

ð13Þ

4.3. Experimental Result Analysis. In this part, the superiority of the algorithm in this paper is veriﬁed by a large
amount of quantitative and visual evaluation. Nine remote
sensing image fusion algorithms are compared in the experiments, including methods based on component substitution, multiresolution analysis, and deep learning. There are
Brovey [11], PCA [12], IHS [13], SFIM [15], MTF_GLP
[16], CNMF [17], PNN [26], DPRNN [27], and PanNet
[28].In the simulation experiment, the existing MS image is
used as a reference, the PAN image is sampled to the same
size as the MS image, and the same multiple of the MS image
is taken as the LMS image. The fusion results are consistent
with the existing multispectral image size and measure the
relevant indicators.

4.4. WorldView-2 Datasets. The experimental results of
diﬀerent remote sensing image fusion algorithms by means of
WorldView-2 satellite datasets are demonstrated in Figure 6
below [26]. Figure 6(a) is PAN image, and Figure 6(b) is
MS image. Figures 6(c)–6(l) are images of Brovey, PCA,
IHS, SFIM, MTF_GLP, CNMF, PNN, DPRNN, PanNet,
and the algorithm in this paper, respectively. For a more
accurate observation, an enlarged view in the middle area
is provided in the lower right corner of the picture.
According to the results in Figure 6, it is clear that the
results of the experiment obtained by Brovey, PCA, and
IHS algorithms have a certain degree of spectral distortion;
especially, the images obtained by PCA algorithm are obviously blue. The result details of SFIM, CNMF, and MTF_
GLP algorithm are vague, the lack of detail information is
serious, and there are some artifacts on the road. Compared
with the traditional algorithms based on the deep learning
such as Brovey, PCA, and IHS, PNN, DPRNN, PanNet,
and the algorithm in this paper have an obvious improvement in spatial features, and the details are better preserved;
the overall visual eﬀect is better. However, the algorithm in
this paper performs better in terms of spectrum. Consequently, it gets good results from the subjective evaluation.
As shown in Table 2, further analysis indicates the numerical
comparison of various remote sensing image fusion algorithms in evaluation indicators.
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(a) PAN

(b) MS

(c) Brovey

(d) PCA

(e) IHS

(f) SFIM

(g) MTF_GLP

(h) CNMF

(i) PNN

(j) DRPNN

(k) PanNet

(l) Our method

Figure 7: The results of diﬀerent remote sensing image fusion algorithms under the GaoFen-2 satellite datasets.

As for the referenced evaluation indicators, it is better
when the values of SCC, SSIM, Q, and PSNR are larger while
those of ERGAS and SAM are smaller. In the nonreferenced

evaluation indicators, it is better when the values of Dλ and
DS are smaller while those of QNR are larger. From the
table, it is obvious that the maximum value is obtained in
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Table 3: Evaluation indicators of diﬀerent remote sensing image fusion algorithms under GaoFen-2 satellite datasets.
Reference comparison
Methods
Brovey
PCA
IHS
SFIM
MTF_GTP
CNMF
PNN
DPRNN
PanNet
Our method

SCC

SSIM

Q

PSNR

ERGAS

SAM

0.8914
0.8364
0.8831
0.8713
0.9271
0.9281
0.9471
0.9489
0.9576
0.9681

0.7991
0.7284
0.7768
0.7132
0.8021
0.8275
0.8021
0.8275
0.8619
0.8656

0.7452
0.6446
0.7236
0.7451
0.7467
0.7717
0.7631
0.7747
0.8395
0.8499

42.0577
42.2696
43.5003
43.3909
44.5458
44.9722
46.4144
46.9355
47.7915
48.0889

7.9374
9.2124
7.8865
9.0278
6.2051
6.8851
5.2051
4.9311
4.8269
4.6449

0.2451
0.2716
0.1796
0.1865
0.1932
0.1993
0.1432
0.1333
0.1364
0.1216

Nonreference comparison
Methods
Brovey
PCA
IHS
SFIM
MTF_GLP
CNMF
PNN
DPRNN
PanNet
Our method

Dλ

DS

QNR

0.0744
0.1047
0.1195
0.0606
0.1069
0.1061
0.1511
0.0900
0.0734
0.0824

0.1968
0.1564
0.1165
0.1485
0.1018
0.0925
0.0319
0.0926
0.0889
0.0532

0.7435
0.7553
0.7779
0.7999
0.8022
0.8112
0.8218
0.8275
0.8442
0.8688

SCC, SSIM, Q, PSNR, and QNR indicators while minimum
value is obtained in ERGAS, SAM, Dλ , and DS , which show
the optimal results in various indicators. The reduction of
ERGAS value in the algorithm is the most visible, which is
40.9% lower than the traditional one and 3.4% lower than
the pannet algorithm. Combined with the previous visual
eﬀects, it can be concluded that the algorithm in this paper
has achieved good results both subjectively and objectively
on WorldView-2 satellite images.
4.5. GaoFen-2 Datasets. The experimental results of diﬀerent
remote sensing image fusion algorithms by means of GaFen2 satellite datasets are demonstrated in Figure 7 below [25].
Figure 7(a) is PAN image, and Figure 7(b) is MS image.
Figures 7(c)–7(l) are images of Brovey, PCA, IHS, SFIM,
MTF_GLP, CNMF, PNN, DPRNN, PanNet, and the algorithm in this paper, respectively. For a more accurate observation, an enlarged view in the middle area is provided in the
lower right corner of the picture.
According to the results in Figure 7, it is clear that the
result images of Brovey, PCA, and IHS algorithms are very
blurry, and the edges of the local images are not clear. The
result images of SFIM, MTF_GLP, and CNMF algorithms
have a serious degree of spectral and spatial distortion. On
the whole, the result images of the deep learning, PNN,
DRPNN, PanNet, and the algorithm in this paper are superior. From the local enlarged image, the outline and texture

of the magniﬁed image are clearer in the algorithm in this
paper. As shown in Table 3, further analysis indicates the
numerical comparison of various remote sensing image
fusion algorithms in evaluation indicators.
As for the referenced evaluation indicators, it is better
when the values of SCC, SSIM, Q, and PSNR are larger while
those of ERGAS and SAM are smaller. In the nonreferenced
evaluation indicators, it is better when the values of Dλ and
DS are smaller while those of QNR are larger. From the
table, it is obvious that the maximum value is obtained in
SCC, SSIM, Q, PSNR, and qnr indicators while minimum
value is obtained in ERGAS, SAM, and DS . Dλ is slightly
inferior to the traditional algorithm with little diﬀerence.
The reduction of ERGAS value in the algorithm is the most
visible, which is 49.5% lower than the traditional one and
10.8% lower than the pannet algorithm. Combined with
the previous visual eﬀects, it can be concluded that the algorithm in this paper has achieved good results both subjectively and objectively on GaoFen-2 satellite images.
4.6. The Inﬂuence of Diﬀerent Channel Attention
Mechanisms. In this paper, an architecture based on residual
channel attention mechanism is proposed. In order to illustrate the inﬂuence of the channel attention mechanism on
the results of the experiment, a comparative experiment is
conducted. The experiment of adding channel attention
mechanism (CAM), adding residual channel attention
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Table 4: The inﬂuence of diﬀerent channel attention mechanisms in WorldView-2.
Reference comparison

Methods
Without CAM
CAM
RCAM

SCC

SSIM

Q

PSNR

ERGAS

SAM

0.8912
0.9320
0.9422

0.7525
0.7781
0.7891

0.6071
0.6115
0.6432

45.9612
47.1254
44.5762

3.7911
3.4923
3.4545

0.0922
0.0716
0.0656

Nonreference comparison
Methods
Without CAM
CAM
RCAM

Dλ

DS

QNR

0.0497
0.0367
0.0204

0.0421
0.0233
0.0128

0.9103
0.9408
0.9671

Table 5: The inﬂuence of diﬀerent channel attention mechanisms in GaoFen-2 datasets.
Reference comparison
Methods
Without CAM
CAM
RCAM

SCC

SSIM

Q

PSNR

ERGAS

SAM

0.9275
0.9612
0.9681

0.8266
0.8534
0.8656

0.8023
0.8223
0.8499

43.8921
47.1221
48.0889

4.9563
4.7677
4.6449

0.1639
0.1498
0.1216

Nonreference comparison
Methods
Without CAM
CAM
RCAM

Dλ

DS

QNR

0.1033
0.0894
0.0824

0.0987
0.0639
0.0532

0.8082
0.8524
0.8688

mechanism (RCAM), and nonadding channel attention
mechanism (without CAM) is compared in the evaluation
indicator. The experimental results of the WorldView-2
datasets are shown in Table 4, and those of the GaoFen-2
datasets are shown in Table 5.
Several conclusions can be drawn from the table above.
The data obtained from the network with RCAM module
is the best in all aspects, and that obtained without any channel attention module is the worst, which illustrates that the
channel attention mechanism can indeed improve the eﬀect
of the network and the RCAM module is able to help the
network show better performance.

5. Conclusion
In this paper, a two-stream remote sensing image fusion network based on the residual channel attention mechanism
(RCAMTFNet) is proposed. In the RCAMTFNet, the spatial
features of PAN and the spectral features of MS are
extracted, respectively, by a two-channel feature extraction
layer. Multiresidual connections allow the network to adapt
to a deeper network structure without degradation. The
residual channel attention mechanism is introduced to learn
the interdependence between channels, and then the correlation features among channels are adapted on the basis of the

dependency. In this way, image spatial information and
spectral information are extracted exclusively. What is more,
pansharpening images are reconstructed across the board.
The results of the experiment show that the algorithm in this
paper has a better performance on various objective evaluation indicators of fused images obtained from diﬀerent datasets, and it can integrate the spatial features of PAN images
and the spectral information of LMS images eﬀectively.
In the convolution neural network, the parameters of
convolution are relatively large, which requires a large
amount of memory at runtime. The running speed is slow,
and a larger dataset is required to train the network. How
to reduce the parameters of the network and improve the
running speed is the research interest for the further study.
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