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SDPNet: A Deep Network for Pan-Sharpening With
Enhanced Information Representation

Han Xu , Jiayi Ma , Zhenfeng Shao, Member, IEEE, Hao Zhang , Junjun Jiang , Member, IEEE,

and Xiaojie Guo , Senior Member, IEEE

Abstract— In this article, we propose a surface- and deep-level
constraint-based pan-sharpening network, termed SDPNet,
to address the pan-sharpening problem. Focusing on the two
primary goals of pan-sharpening, i.e., spatial and spectral
information preservations, we first design two encoder–decoder
networks to extract deep-level features from two types of
source images, in addition to surface-level characteristics, as the
enhanced information representation. The unique feature maps
that characterize the unique information in source images can be
obtained through the deep-level feature extraction. We further
design a pan-sharpening network with densely connected blocks
to strengthen feature propagation and reduce parameter number,
where the unique feature maps are utilized to efficiently constrain
the similarity between the pan-sharpened result and the ground
truth, thus avoiding information distortion. Both qualitative
and quantitative comparisons on the reduced-resolution and
full-resolution source images demonstrate the advantages of
our method over state-of-the-art methods. Our code is publicly
available at https://github.com/hanna-xu/SDPNet.

Index Terms— Encoder–decoder, feature extraction, image
fusion, pan-sharpening.

I. INTRODUCTION

W ITH the launch of several optical earth observation
satellites, many data captured by them can be used

for various tasks, such as environment monitoring, geography,
agriculture, and land survey. However, due to the limitation
of physical techniques, it is difficult for satellites to com-
bine high spatial and high spectral resolutions simultane-
ously. The captured data are usually in two modalities: the
high-resolution panchromatic (PAN) image with low spectral
resolution and the low-resolution multispectral (LRMS) image
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with high spectral resolution. Depending on the complementar-
ity between these two modalities, a high-resolution multispec-
tral (HRMS) image can be produced with both high spatial
and spectral resolutions by fusing PAN and LRMS images,
as shown in Fig. 1. This is the goal of pan-sharpening to break
through the technical limitation.

In recent years, many different kinds of traditional meth-
ods have been put forward to solve this problem. Accord-
ing to the corresponding theories, they can be divided into
the following categories: 1) methods based on multiscale
decomposition, including pyramid [2], [3], contourlet [4],
nonnegative matrix factorization [5], and principle component
analysis [6]; 2) methods based on component substitution,
e.g., the improved component substitution pansharpening
through multivariate regression [7], adaptive component sub-
stitution using partial replacement [8], and a novel com-
ponent substitution framework based on image matting [9];
3) methods based on model optimization, such as the sparsity
regularization-based method [10] and the optimum algorithm
in the minimum mean-square-error sense [11]; and 4) hybrid
methods, e.g., the HCM algorithm [12], which integrates the
hybrid color and plug-and-play algorithms. However, consid-
ering the different spectral responses of various sensors and
the complexity of ground objects, it is difficult to formulate
the relationship between source images and the HRMS images
in traditional ways.

Over the past few years, benefiting from the wide appli-
cation of deep learning, scholars have attempted to draw
support from the high nonlinearity of convolutional neural
networks (CNNs) to solve the pan-sharpening problem [13].
A well-known CNN-based method is PNN [14]. It modi-
fies the three-layer architecture of a super-resolution method
SRCNN [15] by applying some specific knowledge in remote
sensing. Also, based on a three-layer CNN, Zhong et al.
[16] presented a hybrid pan-sharpening method. It employs
CNNs to enhance the spatial resolution of multispectral (MS)
images; then, the Gram–Schmidt transformation is utilized to
fuse the enhanced MS and PAN images. Moreover, based
on the domain-knowledge, Yang et al. [17] proposed PanNet
by directly propagating the upsampled LRMS image to the
output of the network to preserve the spectral information
and training the network in the high-pass filtering domain to
preserve the spatial structure. Furthermore, by improving the
architecture, Wei et al. [18] put forward DRPNN by applying a
deeper network to learn the residuals (spatial details) between
the LRMS image and the ground truth. Besides, based on a
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Fig. 1. Illustration of the pan-sharpening problem. From left to right: LRMS image, PAN image, pan-sharpened results of LGC [1] and our proposed SDPNet,
and the ground truth (HRMS image).

target-adaptive usage modality, Scarpa et al. [19] proposed
TACNN that ensures a very good performance in the presence
of a mismatch with respect to the training set and even
across different sensors. In addition to the abovementioned
series of works, there are also some works based on other
models. For instance, based on generative adversarial networks
(GANs) [20], [21], Liu et al. [22] proposed PSGAN to increase
the similarity from the perspective of probability distribu-
tion. By combining the idea of an autoencoder with GAN,
Shao et al. [23] proposed RED-cGAN by adopting the resid-
ual encoder–decoder module to extract the multiscale features
and applying a conditional discriminator to encourage that the
estimated MS images share the same distribution as that of
the referenced HRMS images. By contrast, Ma et al. [24]
proposed an unsupervised method, termed Pan-GAN, where
the generator separately establishes the adversarial games with
the spectral discriminator and the spatial discriminator, so as
to preserve the rich spectral information of MS images and
the spatial information of PAN images. As a combination
of traditional algorithm and deep learning, Zhang et al. [25]
proposed an efficient bidirectional pyramid network to process
MS and PAN images in two separate branches level by
level. Recently, according to the proportional maintenance
of gradient and intensity, a general fusion framework named
PMGI was proposed in [26], which can be applied to solve
the pan-sharpening problem.

Although the existing methods can obtain good results,
there are still some problems to be solved. On the one hand,
many methods train the network by minimizing the Euclidean
distance between the generated HRMS image and the ground
truth, leading to relatively blurred results. To solve this prob-
lem, in some methods, the spectral or spatial information can
be further preserved by additional operations, e.g., training
in the high-pass filtering domain or learning the residuals.
However, these operations are typically made in a manual way
and still suffer from limitations, such as the appropriateness of
feature or domain selection. On the other hand, it is difficult to
define the spatial/spectral information comprehensively. Such
information can be simply defined as surface-level charac-
teristics, e.g., the high-frequency component and the pixel
intensity. However, these features, in turn, are not enough to
represent the spatial/spectral information in satellite images
completely. Moreover, the spatial/spectral information does not
merely exist in one type of satellite image. Instead, both PAN
and LRMS images contain these two types of information

simultaneously [27]. Therefore, the predefined characteristics
may not reflect the unique information contained in one type
of source images compared with the other one.

The abovementioned challenges motivate us to propose
a new pan-sharpening network based on both surface- and
deep-level constraints, i.e., SDPNet. The overall procedure of
the proposed SPNet is shown in Fig. 2, which consists of
three stages. In the first stage, we train M2PNet and P2MSNet
to learn the transformations between the MS image and the
corresponding PAN image of the same spatial resolution.
In the second stage, spatial and spectral encoders and decoders
are learned to extract the feature maps (including unique
feature maps and common feature maps) and reconstruct the
original images. In the last stage, we use the pretrained spatial
and spectral encoders to perform the deep-level constraint.
Based on both the deep- and surface-level constraints, PNet is
trained to generate the pan-sharpened results.

The characteristics and contributions of our model are
summarized as follows.

1) We design two encoder–decoder networks to extract
deep-level features in addition to surface-level charac-
teristics for enhanced spatial and spectral information
representations, respectively. The deep-level features
allow us to further minimize the difference between the
pan-sharpened result and the ground truth.

2) Instead of preserving the manually predefined spatial-
/spectral-related characteristics, we focus on preserving
the unique features in each type of source images
extracted by the corresponding encoder to improve the
effectiveness of constraints. These unique features play a
role of spatial-/spectral-related features for better infor-
mation preservation.

3) Based on the two encoder–decoder networks, a pan-
sharpening network is further designed by introducing
densely connected blocks to strengthen feature propa-
gation while reducing the number of parameters. Both
qualitative and quantitative results confirm that the pro-
posed SDPNet can outperform state-of-the-art methods
with less spatial and spectral distortions.

II. PROPOSED METHOD

We denote the LRMS image as M of size W × H × B
and the high-resolution PAN image as P of size r W ×r H ×1,
where W and H are the width and height of the LRMS image,
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Fig. 2. Overall framework of the proposed SDPNet. P, M, G, and X denote the PAN, LRMS, HRMS (ground truth), and pan-sharpened images, respectively.
Î means the fake image transformed from the other type of image, and Ĩ denotes the reconstructed image of an image I. ↑ and ↓ denote the upsampling and
downsampling operations. The networks in gray indicate that the networks have been trained in the previous stage, and their parameters are fixed with no
need for training. In the testing phase, only the trained PNet is needed to generate the pan-sharpened results.

respectively. B is the number of bands, and r is the spatial
resolution ratio between P and M. The HRMS image is the
ground-truth data for supervised learning, which is denoted as
G of size r W × r H × B . Thus, the purpose of our work is to
learn a model fp, of which the output X = fp(P, M) can be
taken as the approximation of G.

A. Surface-Level Characteristics

Since the two priorities of pan-sharpening are the preserva-
tion of spatial and spectral information, we mainly constrain
the similarity between X and G from these two aspects.
Usually, the spatial information is supposed to mainly exist
in spatial structures, while the spectral information is mainly
characterized by the pixel intensity of each band in the MS
image. Thus, by maximizing spatial and spectral similarities
between X and G, the problem can be formulated as

fp = arg min
θp

B∑
b=1

1 − SSIM(Xb, Gb) + ι�Xb − Gb�2
F (1)

where 1 − SSIM(Xb, Gb) is the constraint of the spatial
structure information for spatial preservation because SSIM is
the structural similarity index measure [28] focusing on light,
contrast, and structural information. �Xb − Gb�2

F denotes the
constraint of the pixel intensity for spectral preservation with
� · �F denoting the Frobenius norm. Xb denotes the bth band
of the generated HRMS image with B bands. Similarly, Gb

denotes the bth band of the ground truth. θp represents the
parameters to be optimized in the model fp. ι is a positive
number to control the tradeoff. Thus, these two terms can be
employed to maximize the spatial and spectral similarities,
respectively.

B. Deep-Level Features

Besides the abovementioned surface-level characteristics,
there are some extra features that are outside the constraint
terms of SSIM and the Frobenius norm. For instance, SSIM
does not handle large displacements, nor assesses geometric
deformations [29]. It will become unstable when the variance
or luminance of the reference image is low [30]. For the Frobe-
nius norm, all plausible outputs will be averaged. Thus, such
a constraint may generate relatively blurred pan-sharpened
results, leading to both spatial and spectral distortions. Cer-
tainly, the extra features are more than these. To make up
for the insensitivity of surface-level metrics, drawing support
from the high nonlinearity and strong learning ability of CNNs
for capturing features, we perform a compensatory similarity
constraint on deep-level features extracted by encoder–decoder
networks.

1) Spatial-Related Features: The high-quality spatial struc-
tures are the unique information contained in P while not
available in the bands of M. In order to extract the unique
spatial-related features, we assume them as the most different
features in P from M. To this end, a pseudo-PAN image P̂
can be constructed by the LRMS image as

P̂ = fMS2P(↑ M) (2)

where fMS2P is a function that can transform an MS image to
a PAN image with the same resolution.

To learn the mapping relationship from an MS image to a
PAN image, i.e., fMS2P, we use a network, termed MS2PNet,
to learning the mapping between different channels. As the
mapping relationship has nothing to do with the spatial reso-
lution difference, the ground-truth image G with high spatial
resolution rather than the LRMS image and the corresponding
PAN image are used as the training data to train the MS2PNet.
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Fig. 3. Network architecture of the MS2PNet and P2MSNet.

To learn fMS2P, the parameters in MS2PNet are optimized with
the AdamOptimizer to maximize the similarity between P and
fMS2P(G) as

fMS2P = arg min
θMS2P

1 − SSIM(P, fMS2P(G))

+ ι�P − fMS2P(G)�2
F (3)

where θMS2P denotes the parameters in the MS2PNet. By min-
imizing the loss function defined in (3), we can learn the opti-
mal solution of fMS2P. The network architecture of MS2PNet
is shown in Fig. 3. The numbers of feature maps are shown
after the activation function, including LeakyReLU and tanh.
The kernel size is 3 × 3 and the stride is 1.

With the prelearned fMS2P, we can generate a pseudo-PAN
image from the LRMS image as in (2). Although there are
some similar components, e.g., the similar pixel intensity
distribution, contained in both P and P̂ because they are the
representations of the same scene, the high-quality structural
information is usually only available in P, as shown in Fig. 4.
Although there are some structural differences in the common
feature maps of P and P̂ in Fig. 4, the differences of the
structural details in unique feature maps are more obvious.

After being passed through the pretrained siamese networks
(the training process of these networks will be described later),
i.e., networks with the same architecture and parameters, some
feature maps with larger differences can be regarded as unique
feature maps of P or P̂. According to the obvious difference
between P and P̂, feature maps extracted in these channels
can be regarded as spatial-related features, as shown in the
unique feature maps in Fig. 4. We define them as φI,1

spat,

φI,2
spat, . . . , φ

I,N
spat, where N is the number of unique feature maps

and I is the input of this network, which can be specifically
set as P or P̂. Comparatively, those feature maps with smaller
differences contain more information that is available in both P
and P̂, as shown in common feature maps in Fig. 4. Therefore,
this encoder–decoder network can be regarded as a spatial
encoder–decoder network, of which the specific architecture
is shown in Fig. 5 with the numbers representing the channels
of output feature maps.

For the training phase of this network, instead of sequential
training, both P and P̂ are used as the training data for jointly
training. The spatial encoder–decoder network is trained by
maximizing the similarity between P and the reconstructed

PAN image P̃ and the similarity between P̂ and the recon-

structed pseudo-PAN image ˜̂P. The measurement of similarity
is the same as that defined in (1) except that B is set as
1 and (X, G) is replaced by (P, P̃) when the input of the
network is P. In another case, when the input of the network

is P̂, (X, G) is replaced by (P̂,
˜̂P). As for the experiment

settings, the network is trained with ten epochs with a batch
size of 10. The parameters are denoted as θspat and updated
by AdamOptimizer with a learning rate 0.002 and exponential
decay.

2) Spectral-Related Features: Similarly, the B-band spec-
tral information is the unique information contained in M com-
pared with P. To extract the unique spectral-related features,
we construct a pseudo-LRMS image M̂ by using P, which can
be defined as

M̂ = fP2MS(↓ P) (4)

where ↓ denotes the downsampling operation.
Analogously, to learn the mapping relationship from a PAN

image to an MS image, i.e., fP2MS, we design a network,
termed P2MSNet. The training data are still the PAN image
and the corresponding ground-truth image G with the same
spatial resolution rather than the LRMS image with lower
spatial resolution. To learn fP2MS, the parameters in P2MSNet
θP2MS are optimized with the AdamOptimizer to maximize the
similarity between G and fP2MS(P) as

fP2MS = arg min
θP2MS

B∑
b=1

1 − SSIM(Gb, fP2MS(P)b)

+ ι�Gb − fP2MS(P)b�2
F . (5)

By solving the problem defined in (5), the optimal solu-
tion of fP2MS can be learned to perform the transformation
defined in (4). The network architecture of P2MSNet is shown
in Fig. 3, which is similar to that of the MS2PNet except that
the input is of one channel and the output is of four channels.

As can be seen from the unique and common feature
maps shown in Fig. 6, which are extracted from M and M̂
by the pretrained encoder–decoder network shown in Fig. 7,
the common feature maps of them share both the similar pixel
intensity distribution and texture details. However, the pixel
intensity distribution of their unique features varies greatly.
By comparison, the unique feature maps of M exhibit sim-
ilar structures with M̂ but more abundant pixel intensity
distribution. The unique and abundant pixel intensity can
be regarded as the representation of spectral information.
Therefore, we define these unique features as spectral-related
features: φI,1

spec, φI,2
spec, . . . , φ

I,N
spec, where I can be specifically set

as M or M̂. Therefore, the encoder–decoder network in Fig. 7
can be considered as a spectral encoder–decoder network.

Both M and M̂ are used for jointly training the spectral
encoder–decoder network. It is trained by maximizing the
similarity between M and the reconstructed LRMS image
M̃ and the similarity between the pseudo-LRMS image M̂

and its reconstruction ˜̂M. The loss function is defined in the
same way as (1) except that (X, G) are replaced by (M, M̃)

or (M̂,
˜̂M). B is specifically set as 4. The network is also
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Fig. 4. Illustration of P, P̂ and some unique/common feature maps extracted from them by the spatial encoder–decoder network.

Fig. 5. Network architecture of the spatial encoder–decoder.

trained with a batch size of 10. The number of epochs is set
as 10. The parameters are denoted as θspec and updated by
AdamOptimizer with a learning rate 0.002 and exponential
decay.

C. PNet

By comprehensively taking account of the similarity
between the generated data X and the ground-truth data G
in both surface-level characteristics and deep-level features,
the pan-sharpening problem can be modified as

fp = arg min
θp

B∑
b=1

1 − SSIM(Xb, Gb) + ι�Xb − Gb�2
F︸ ︷︷ ︸

surface-level constraint

+ γ

N

N∑
n=1

�φX,n
spat − φG,n

spat�1 + α�φX,n
spec − φG,n

spec�1︸ ︷︷ ︸
deep-level constraint

. (6)

To solve the model fp in (6), we design a network, termed
PNet, with the parameters to be updated denoted as θp. The
input of PNet is the concatenation of P and ↑ M in the channel
dimension. The architecture of PNet is shown in Fig. 8. There
are eight layers where each layer consists of a convolutional
layer and the following activation function. To train PNet more
efficiently and improve the information flow, inspired by the
densely connected blocks in [31], we build short connections

in the second to fifth layers. More concretely, direct connec-
tions are built between layers close to the input and those close
to the output in a feedforward fashion. These connections can
alleviate the problems of vanishing gradients and strengthen
feature propagation to improve network performance while
reducing the number of parameters [32]. The subsequent three
layers gradually reduce the number of feature maps until
generating X.

For the specific settings of each layer, the numbers of feature
maps are shown after the activation function. The kernel size
of the convolutional layer is set as 3 × 3, and the stride is set as
1. We employ reflection padding to reduce boundary artifacts.
The activation function of the first seven layers is LeakyReLU
with the slope set as 0.2 except that the activation function of
the last layer is tanh.

III. EXPERIMENTS AND RESULT ANALYSIS

We provide the details of the data set and training phase.
Both the visual inspection and quantitative comparison are per-
formed to validate the effectiveness of our method. Ablation
experiments are conducted to verify the contribution of each
component of our method.

A. Data Set and Training Details

We train and test our method on satellite images captured
by WorldView II. HRMS images are usually not available
in the existing data sets. According to Wald’s protocol [33],
we downsample the original PAN and MS images into lower
resolution and use the original MS image as the HRMS image
(ground truth). As the spatial resolution ratio between PAN
and LRMS images r is 4, we crop the downsampled PAN
image into patches of size 264×264×1 and the downsampled
LRMS images into patches of size 66 × 66 × 4. The original
MS images are cropped into patches of size 264 × 264 × 4
as the ground truth. Then, 2052 patch pairs are established
as the training data. We set ι = 25, γ = 20, α = 0.5,
and N = 10. The model is trained for ten epochs with a
batch size of 4. θp is updated by the AdamOptimizer with
a learning rate of 0.002 and exponential decay. The specific
training procedure is summarized as Algorithm 1.
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Fig. 6. Illustration of M, M̂ and some unique/common feature maps extracted from them by the spectral encoder–decoder network.

Fig. 7. Network architecture of the spectral encoder–decoder.

B. Results

We compare SDPNet with eight counterparts on the World-
View II data set, including three widely used traditional
techniques: PRACS [8], SIRF [34], and LGC [1], which are
commonly used algorithms for comparison in pan-sharpening
and are usually considered as the representative traditional
methods and five deep learning-based methods: PNN [14],
PanNet [17], PSGAN [22], TACNN [19], and Pan-GAN
[24]. The descriptions of these five deep learning-based
methods are given in Section I. For TACNN, as sug-
gested by the authors, we use our training data to perform
5000 epochs of fine-tuning on the trained model provided
by the authors. In that case, the network can show better
performance.

1) Qualitative Comparison: For qualitative comparison,
the visual results on four typical satellite images are presented
in Figs. 9–12 (for favorable visualization and perception,
the first three bands of MS images are shown). For each
group of results, the mean absolute errors (MAEs) between
the generated HRMS images and the ground truth are shown
on the pseudocolor map in the last row of each figure.

It can be easily observed in these figures that there is severe
spectral distortion in the results of SIRF as the deviations in
the pixel intensity distributions of the shown three channels
are conspicuous. Because the visual result merely shows the
corrected result of the first three bands, the spectral distortion
cannot be fully reflected. When comparing the MAE, which is

computed on all the four bands in the MS images, the results of
SIRF suffer from severe spectral distortion. Moreover, as can
be seen from the results of PRACS, PanNet, and TACNN, they
suffer from severe spatial distortion, represented as blurred
details in all the four examples. As for PanNet, there are
obvious noises in the results. For PNN and PSGAN, although
they can provide clear versions of generated HRMS images
visually, there are still several subtle discrepancies in the MAE
images compared with our results. The discrepancies between
PNN and our proposed SDPNet are perceived in Figs. 9
and 11, and those between PSGAN and our method can also
be perceived in these two figures. In Pan-GAN, the spatial and
spectral information is preserved by the retention of the gradi-
ent and pixel intensity distribution and the adversarial process
of the generator and two discriminators. However, the overin-
troduction of the PAN image gradients and the distinguishing
between the pan-sharpened image and the ground truth results
in a slight change in the pixel intensity distribution. Due to that
LGC aims to utilize the spatial information of the PAN image
by designing a constraint on the gradient difference of PAN
and HRMS images through a local linear regression model,
the spatial structures in the PAN image are well preserved in
the results of LGC. However, similar to Pan-GAN, the over-
reservation of gradient information of the PAN image results
in the distortion of the spectral information, which is reflected
in the difference between the results of LGC and the ground
truth. As can be seen in the highlighted regions in Figs. 9–12,
the excessively sharpened or retained gradient information of
the PAN images leads to the obvious differences between the
results of LGC and the ground truth. By comparison, our
SDPNet can achieve an appropriate tradeoff between spectral
and spatial preservation.

2) Quantitative Evaluation: For quantitative comparison,
five widely used and standard metrics are employed, including
four full-reference metrics, i.e., relative dimensionless global
error in synthesis (ERGAS) [35], root-mean-squared error
(RMSE), relative average spectral error (RASE) [36], and
spectral angle mapper (SAM) [37], and a no-reference metric,
i.e., spatial correlation coefficient (SCC) [38]. Among these
metrics, ERGAS is a global metric that measures the mean
shifting and dynamic range change between the result and
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Algorithm 1 Training Process of SDPNet Parameter Descriptions: θMS2P and θP2MS Are the Parameters in the MS2PNet
and P2MSNet to Be Trained Respectively. {θspat_en, θspat_de} Are the Parameters in the Spatial Encoder and Decoder.
{θspec_en, θspec_de} Are Those in the Spatial Encoder and Decoder. �p Are the Parameters in the PNet. The Functions of
These Networks Are Represented as fMS2P, fP2MS, fspat, fspec, and fp Correspondingly. The LRMS Image and PAN Image
Are Denoted as M and P, Respectively. The Pan-Sharpened Result Is Denoted as X, and the HRMS Image (Ground Truth) Is
Denoted as G

- Train the MS2PNet and P2MSNet:
Initialize θMS2P and θP2MS.
In each training iteration:

• Sample m PAN patches {P1, · · · , Pm} and m corresponding HRMS patches {G1, · · · , Gm};
• Obtain the transformed PAN patches with the MS2PNet: {P̂1

, · · · , P̂
m} = { fMS2P(G1), · · · , fMS2P(Gm)};

• Update θMS2P with the AdamOptimizer to minimize the loss function defined in Eq. (3) to learn the optimal solution
of fMS2P;

• Obtain the transformed HRMS patches with the P2MSNet: {Ĝ1
, · · · , Ĝ

m} = { fP2MS(P1), · · · , fP2MS(Pm)};
• Update θP2MS with the AdamOptimizer to minimize the loss function defined in Eq. (5) to learn the optimal

solution of fP2MS;

θMS2P and θP2MS are fixed with no need of training again.
- Train the spatial encoder and decoder:

Initialize θspat_en and θspat_de.
In each training iteration:

• Sample m PAN patches {P1, · · · , Pm} and m corresponding LRMS patches {M1, · · · , Mm};
• Generate the reconstructed PAN patches: {P̃1

, · · · , P̃
m} = { fspat(P1), · · · , fspat(Pm)};

• Generate the pseudo PAN patches with the pre-trained fMS2P: {P̂1
, · · · , P̂

m} = { fMS2P(↑ M1), · · · , fMS2P(↑ M1)};
• Generate the reconstructed pseudo PAN patches: {˜̂P1

, · · · ,
˜̂Pm

} = { fspat(P̂
1
), · · · , fspat(P̂

m
)};

• Update θspat_en and θspat_de by minimizing the similarity loss between {P1, · · · , Pm} and {P̃1
, · · · , P̃

m} and that

between {P̂1
, · · · , P̂

m} and {˜̂P1
, · · · ,

˜̂Pm
};

θspat_en and θspat_de are fixed with no need of training again.
- Train the spectral encoder and decoder:

Initialize θspec_en and θspec_de.
In each training iteration:

• Sample m PAN patches {P1, · · · , Pm} and m corresponding LRMS patches {M1, · · · , Mm};
• Generate the reconstructed LRMS patches: {M̃1

, · · · , M̃
m} = { fspec(M1), · · · , fspec(Mm)};

• Generate the pseudo LRMS patches with the pre-trained fP2MS: {M̂1
, · · · , M̂

m} = { fP2MS(↓ P1), · · · , fP2MS(↓
Pm)};

• Generate the reconstructed pseudo LRMS patches: { ˜̂M1
, · · · ,

˜̂Mm
} = { fspec(M̂

1
), · · · , fspec(M̂

m
)};

• Update θspec_en and θspec_de by minimizing the similarity loss between {M1, · · · , Mm} and {M̃1
, · · · , M̃

m} and that

between {M̂1
, · · · , M̂

m} and { ˜̂M1
, · · · ,

˜̂Mm
};

θspec_en and θspec_de are fixed with no need of training again.
- Train the PNet:

Initialize θp.
In each training iteration:

• Sample m PAN patches {P1, · · · , Pm} and m corresponding LRMS patches {M1, · · · , Mm};
• Generate the pan-sharpened result patches with the PNet: {X1, · · · , Xm} = { fp(P1, M1), · · · , fp(Pm, Mm)};
• Update θp by minimizing the loss defined in Eq. (6) by using the pre-trained θspat_en and θspec_en.

the ground truth. RMSE measures the changes of these two
images through the pixel values. In RASE, the difference
is reflected through the spectral quality by computing the

relative error. SAM measures the spectral similarity between
the spectra of the result and that of the ground truth by
calculating the angle between them. This angle is computed
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Fig. 8. Network architecture and the constraints of PNet. The spatial encoder and the spectral encoder are those presented in Figs. 5 and 7, respectively.
In the testing phase, only the PNet is needed to generate the pan-sharpened HRMS image X.

Fig. 9. Qualitative comparison of SDPNet with eight counterparts on a typical satellite image pair from the WorldView II data set. First row: LRMS and
PAN images, pan-sharpened results of PRACS [8], SIRF [34], PNN [14], and PanNet [17]. Second row: results of PSGAN [22], TACNN [19], LGC [1],
Pan-GAN [24], SDPNet, and the ground truth. Last row: MAEs between the pan-sharpened results and the ground truth. In the reduce-resolution validation,
the pan-sharpened results are of size 264 × 264.

between the endmember spectrum vector and each pixel vector
in n-dimensional space. Smaller angles indicate closer matches
to the reference spectrum [39]. SCC is an approach to eval-
uate the pan-sharpened results without reference. It computes
the correlation between the spatial information presented in
the PAN image and that of the fused result. A high SCC
indicates that much of the spatial detail information of the
PAN image is present in the results [40]. Generally speaking,

smaller values of ERGAS, RMSE, RASE, and SAM indicate
better performance, and larger values of SCC indicate better
performance. The average performance and standard deviation
across 100 satellite images from WorldView II with different
methods are shown in Table I.

As shown in the table, our SDPNet can achieve the best
results on the three out of five metrics. As for the remaining
metrics, our method can also exhibit the second and third
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Fig. 10. Qualitative comparison of SDPNet with eight counterparts on a typical satellite image pair from the WorldView II data set. Images in the last row
are the MAEs between the pan-sharpened results and the ground truth.

Fig. 11. Qualitative comparison of SDPNet with eight counterparts on a typical satellite image pair from the WorldView II data set. Images in the last row
are the MAEs between the pan-sharpened results and the ground truth.

optimal performances, respectively. More concretely, the best
results of our method on ERGAS and RMSE indicate that
SDPNet can achieve the least mean shifting and dynamic
changes and the least pixel changes between the generated
results and the ground truth. The best result of RASE demon-
strates that the spectral quality of SDPNet is higher than

other counterparts. Besides, the second optimal performance
of our method on SAM shows that the spectrum of our results
can achieve comparable close matches to the reference one
that represents a comparative spectral similarity between our
methods and the ground truth. Moreover, SDPNet can achieve
the third-best performance on SCC. It shows that SDPNet

Authorized licensed use limited to: Wuhan University. Downloaded on April 22,2021 at 06:57:25 UTC from IEEE Xplore.  Restrictions apply. 



XU et al.: SDPNet: A DEEP NETWORK FOR PAN-SHARPENING WITH ENHANCED INFORMATION REPRESENTATION 4129

Fig. 12. Qualitative comparison of SDPNet with eight counterparts on a typical satellite image pair from the WorldView II data set. Images in the last row
are the MAEs between the pan-sharpened results and the ground truth.

TABLE I

QUANTITATIVE COMPARISONS ON 100 SATELLITE IMAGES FROM WORLDVIEW II (RED: THE BEST AND BLUE: THE SECOND BEST)

TABLE II

MEAN AND STANDARD DEVIATION OF RUNTIME COMPARISON OF DIFFERENT METHODS ON TEST SATELLITE IMAGES FROM

WORLDVIEW II (BOLD: THE BEST AND UNIT: THE SECOND BEST)

can achieve a comparative spatial correlation between the
generated results and the PAN images. As for LGC, this
method utilizes the spatial information of the PAN image by
designing a constraint on the gradient difference of PAN and
HRMS images through a local linear regression model. Thus,
the spatial structures in the PAN image are well preserved
in the results of LGC. Compared with other counterparts, this
characteristic is conspicuous and can be seen in all four exam-
ples. Thus, LGC can achieve a comparable spatial correlation
between the results and the PAN images. However, the spatial

distortion is not included in this metric. Thus, through the
comprehensive view of the results on all the five metrics, our
SDPNet can achieve a satisfactory preservation performance
on both the spatial structures and spectral information.

3) Efficiency Comparison: The average runtime and the
standard deviation of each method on the 100 satellite images
from WorldView II are shown in Table II. The traditional meth-
ods are tested on 3.4-GHz Intel Core i5-7500 CPU, and the
deep learning-based methods are tested on NVIDIA GeForce
GTX Titan X GPU. Compared with traditional methods, deep
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Fig. 13. Qualitative comparison of SDPNet with eight counterparts on a typical satellite image pair from the WorldView II data set at the original scale.
In full-resolution validation, the pan-sharpened results are of size 1056 × 1056.

Fig. 14. Qualitative comparison of SDPNet with eight counterparts on a typical satellite image pair from the WorldView II data set at the original scale.

learning-based methods show superior efficiency. In deep
learning-based methods, PNN shows the most superior effi-
ciency because there are only three layers in its architecture
and the amount of calculation is relatively small. In the other
three methods, the network architectures are all improved.
The more computation costs more runtime. By comparison,
our method can achieve comparative efficiency under these
circumstances.

4) Parameters and Complexity: To analyze the methods
more comprehensively, we perform the comparison of the
parameter numbers and floating-point operations (FLOPs) [41]
in this section. The results are reported in Table III. It can be
seen that PNN, TACNN, and Pan-GAN have the minimum
number of FLOPs because their network architectures have
merely three or five layers. In addition, they only extract a
small number of feature maps, resulting in a small number
of FLOPs. In PanNet and PSGAN, with the increase in
convolutional layers and the increasing complexity of network

architecture, both the numbers of parameters and FLOPs
increase significantly. In PSGAN, as the size of feature maps
in the middle layers is reduced, the increase in parameters
does not cause a particularly large increase in the number of
FLOPs. However, because there are many basic blocks and
convolutional layers in PanNet, the complexity has increased
significantly, resulting in a large increase in the number of
FLOPs. In our method, the PNet has eight convolutional layers
with dense connections and feature maps of more channels,
resulting in more parameters and FLOPs. By comparison,
our SDPNet improves pan-sharpening performance with more
complexity but slightly more parameters.

C. Full-Resolution Validation

In this section, we discuss the full-resolution validation
procedure where the PAN and MS images are at the original
scale, and thus, the ground-truth images are unavailable. The
quantitative comparison results are shown in Figs. 13–15.
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Fig. 15. Qualitative comparison of SDPNet with eight counterparts on a typical satellite image pair from the WorldView II data set at the original scale.

TABLE III

PERFORMANCE COMPARISONS OF DEEP LEARNING-BASED METHODS IN

TERMS OF NUMBER OF PARAMETERS (PARAM)
AND NUMBER OF FLOPS

For the full-resolution source images, our method shows more
obvious advantages. As shown in Fig. 13, the boundaries of
the car are blurred in all the competitors, while our result
delineates the boundaries. It shows that the spatial structure in
the PAN image is well preserved in our results. The qualitative
results in Fig. 15 also verify this advantage of the proposed
SDPNet. The other advantage can be seen from Fig. 14. While
preserving the spatial structure in the PAN image, our result
alleviates the spectral distortion, which can be seen from
the color differences between the pan-sharpened results and
the LRMS images. Given that, in full-resolution validation,
the ground truth is unavailable, we use the no-reference metric
SCC for quantitative performance evaluation. The results are
shown in Table IV. The optimal result of our method on SCC
shows that the spatial correlation between our result and the
PAN image is high. This quantitative result is consistent with
the qualitative results shown in Figs. 13–15 where the spatial
structures in our results are similar to those in the PAN images.

The efficiency comparison of different methods on the
full-resolution source images is also shown in Table II. When
tested on the reduced-resolution source images, the efficiency
gaps between different methods are not obvious. However,
when the source images are of full resolution, with the increase
in spatial scale, the efficiency gaps between the algorithms are
further widened. In this instance, our proposed method shows
comparative efficiency.

D. Ablation Study

In SDPNet, we constrain the similarity between the gen-
erated HRMS images and the ground truth from both

Fig. 16. Qualitative results of applying traditional CNN and PNet with
different constraints. The first column: source images (from top to bottom:
LRMS, PAN, and ground-truth images). The second to the last columns:
pan-sharpened results of applying different network architectures and con-
straints.

surface- and deep-level constraints. The results are generated
by introducing the densely connected blocks. In order to
verify the effectiveness of the constraints on different levels
and the densely connected blocks, we perform the ablation
experiments in this section.

1) Ablation Study of Constraints on Different Levels: To
verify the effectiveness of the constraints on surface-level
characteristics or deep-level features, only one of them is
employed in the ablation experiment. We also compare the
results of these three conditions by replacing the PNet with
the traditional CNN with the same number of parameters. Both
qualitative and quantitative comparisons are performed.

Two representative results of the qualitative comparison
of different constraints with PNet can be seen in the sec-
ond rows of Figs. 16 and 17. As shown in these figures,
although the model with a single level constraint, whether
surface-level or deep-level, can generate roughly promising
results, there is more distortion in their results compared with
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TABLE IV

QUANTITATIVE COMPARISONS OF DIFFERENT METHODS ON 50 FULL-RESOLUTION SATELLITE IMAGES FROM WORLDVIEW II
(RED: THE BEST AND BLUE: THE SECOND BEST)

TABLE V

QUANTITATIVE COMPARISONS OF DIFFERENT CONSTRAINTS ON 100 SATELLITE IMAGES FROM WORLDVIEW II
(RED: THE BEST AND BLUE: THE SECOND BEST)

Fig. 17. Qualitative results of applying traditional CNN and PNet with
different constraints. The first column: source images (from top to bottom:
LRMS, PAN, and ground-truth images). The second to the last columns:
pan-sharpened results of applying different network architectures and con-
straints.

those of SDPNet. More concretely, it can be reflected in the
spatial distortion (blurred boundaries) shown in Fig. 16 and the
spectral distortion (color differences) shown in Fig. 17. More-
over, as can be seen from Figs. 16 and 17, the results by merely
depending on the deep-level constraint suffer from more severe
distortion than merely depending on the surface-level con-
straint. By comparison, the results of SDPNet exhibit clearer
and more similar spatial and spectral information to the ground
truth.

To compare the distortion objectively, the quantitative com-
parison of them is conducted under the abovementioned three
conditions. Under different circumstances, the quantitative
results on the five metrics mentioned in Section III-B2 are
reported in Table V. We see that the single constraint on
surface-level characteristics shows better results than the single
constraint on deep-level features. By comparison, SDPNet
can achieve the best average value on all five metrics. Thus,
the combination of both surface- and deep-level constraints
can achieve the most superior performance.

Fig. 18. Network architecture of the traditional CNN. The channel of the
feature maps is shown after the LeakyReLU or tanh activation functions.

2) Ablation Study of PNet: In SDPNet, we also design a
network PNet with densely connected blocks to strengthen
feature propagation and avoid information distortion. For
validation, we replace it with a traditional CNN. The network
architecture of PNet is shown in Fig. 18.

The qualitative comparison can be seen in the differences
between the results in the first rows and those in the second
rows in Figs. 16 and 17. When replacing the traditional CNN
with PNet, the differences between the results and the ground
truths can be further reduced. In Fig. 16, the improved perfor-
mance can be seen from the reduced spectral distortion (color
differences) of the results in the second row compared with
those in the first row correspondingly. In Fig. 17, the results
with PNet show less spatial distortion compared with those
with CNN, whether in the case of just applying the deep- or
surface-level constraint, or both of them.

The quantitative comparison can be seen in Table V.
As shown in this table, by replacing the traditional CNN with
the PNet under all the three circumstances, i.e., applying deep-
, surface-level constraint, and both of them, the results on
the five metrics are all improved. To conclude, by combining
the advantages of these subparts, i.e., surface- and deep-level
constraints and PNet, our method can generate the optimal
pan-sharpened results.

3) l1-Loss Versus l2-Loss: As described in (3), (5), and
(6), we use the combination of the SSIM-based and l2
losses for surface-level similarity constraint. Given that l1-loss
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is also a commonly used similarity constraint, we perform
the experiment where the l2-loss is replaced by l1-loss in
this section. The quantitative comparison results are shown
in Table V. As shown in the results on all the five metrics,
the combination of SSIM-based and l2-losses shows better
performance by achieving a higher similarity between the
generated and reference images. Although l2-loss suffers from
relatively blurred results by averaging all plausible outputs,
the combination of it and SSIM-based loss can alleviate this
shortcoming as SSIM focuses on the structure information.
By comparison, l1-loss tends to produce a sparse solution
and has a certain tolerance for implausible outputs. Thus,
the combination of l2-loss rather than l1-loss with SSIM is
more suitable for similarity constraint.

IV. CONCLUSION

In this article, we have proposed a new deep network
based on surface- and deep-level constraints, termed SDPNet,
to address the pan-sharpening problem. For further spatial
and spectral information preservations, we first design two
encoder–decoder networks to extract deep-level features from
two types of source images, in addition to surface-level
characteristics to enhance the information representation. The
feature maps that characterize the unique information in
the PAN or LRMS image can be regarded as spatial or
spectral-related feature maps. The pan-sharpened result is
supposed to exhibit a similar spatial- or spectral-related feature
maps with the ground truth. Thus, the similarity between
them can be further increased with less information dis-
tortion. Compared with state-of-the-art methods with both
reduced-resolution and full-resolution validations, our method
can produce pan-sharpened results with less spatial and spec-
tral distortions.
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