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Pan-Sharpening via Deep Locally Linear
Embedding Residual Network
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Abstract— The goal of pan-sharpening tasks is to fuse panchro-
matic (PAN) images and low-spatial-resolution (LR) multispec-
tral (MS) images for the purpose of aggregating texture and
spectral information. Although traditional embedding-based pan-
sharpening methods achieve competitive results, they are lim-
ited by the shallow network and not suitable for large-scale
datasets. In this study, we design a novel multiscale locally
linear embedding residual network (LLERN) that consists of
two phases: the spectral preservation phase and the struc-
tural preservation phase. As the pretreatment of the structural
preservation network, the spectral preservation network aims to
upscale the LR MS image while retaining spectral information.
The proposed locally linear embedding residual block (LLERB)
in the structural preservation phase can search for similar
sparse patches from the PAN image space and embed the
corresponding local geometric relationship into the residual space
to enhance the MS image. Extensive experiments suggest that
the proposed LLERN outperforms state-of-the-art methods from
visual and quantitative perspectives, and confirm the assumption
that LR image patches and residual image patches in a local
region share a similar manifold structure, which can be used
to guide deep-learning modeling with improved interpretabil-
ity. The source code is available at https://github.com/jiaming-
wang/LLERN.

Index Terms— Convolutional neural network (CNN), deep
learning, locally linear embedding, pan-sharpening.
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I. INTRODUCTION

W ITH the development of satellite sensors, remote sens-
ing technology has been widely adopted to facilitate

human understanding of the ground, such as the extraction
of urban impervious surfaces [1], [2], land cover classifica-
tion [3], [4], the detection of interesting objects [5], [6], and
change detection [7], [8]. However, there exists an inevitable
tradeoff of satellite sensors between high spatial resolution
and high spectral resolution. Given this intrinsic tradeoff, pan-
sharpening, an important pretreatment workflow in the remote
sensing field, has been developed, whose major goal is to fuse
the high spatial resolution panchromatic (PAN) images and the
low-spatial-resolution (LR) multispectral (MS) images for the
purpose of generating visually appealing color images with
sharp details [9].

Existing traditional pan-sharpening methods can be gen-
erally classified into three major categories [10]: compo-
nent substitution (CS)-, multiresolution analysis (MRA)-, and
variational optimization (VO)-based methods. The sparse
coding-based image restoration methods have achieved great
performance [11], [12], opening the door for the design
of the traditional pan-sharpening algorithms. Traditional
embedding-based methods explore the manifold relation
between HR/LR MS and HR/LR PAN dictionaries for image
patch embedding and obtain remarkably performance pro-
motion. Zhu and Bamler [13] achieved satisfactory fusion
results by proposing a novel method that searches patches
from HR/LR PAN dictionaries and predicts the HR image
patches using local geometric structure captured from the
LR image space. Later, many efforts have been made to
investigate efficient searching and sparse embedding for per-
formance improvement. Chang et al. [14] introduced the
k-nearest neighbor (KNN) strategy as a locality constraint
and aggregated patches for reconstruction. Considering the
structural correlation in the MS space, the joint sparse
prior [15] can be captured to further enhance textural details.
Wang et al. [16] introduced the N-way block [17] pursuit
strategy to compute the weight coefficients of image patches.
Despite the success of the aforementioned algorithms, the mis-
match between the coding patterns and geometric structures
often leads to distorted spatial structures. Zhang et al. [10]
proposed a spatially weighted neighbor embedding framework
to explore the similar manifold structures in the LR MS space
and the HR MS space. However, traditional embedding-based
methods are computationally demanding and insufficient in
terms of searching for similar images from large-scale datasets.
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Despite that these embedding-based methods embed the local
geometric relationship in the PAN space, textural information
gaps exist between MS and PAN images, even for images of
the same size, leading to mismatches when a direct searching
between MS and PAN images is implemented. Furthermore,
limited by the expression ability of the shallow network [10],
the performance of these methods is not satisfactory.

With the improvement in deep-learning theories, a num-
ber of convolutional neural networks (CNNs) [18]–[20] are
designed for pan-sharpening tasks to retain spectral infor-
mation and recover spatial information using image-level
fusion strategies depending on the large-scale training
dataset. These methods feed MS patches and corresponding
PAN patches into an end-to-end network and consider the
PAN patches as an additional dimension of corresponding MS
patches. CNN was first introduced to solve pan-sharpening
tasks by Masi et al. [18], who designed a three-layer CNN
to learn nonlinear functions between LR and HR MS spaces.
To improve the efficiency, Scarpa et al. [21] proposed a target-
adaptive CNN (TACNN) with a residual learning strategy.
While achieving better performance, TACNN also obtains a
faster convergence rate. Yang et al. [19] suggested that the
MS image reconstructing process should contain two major
phases, i.e., spectral preservation and structural preservation.
Yuan et al. [20] proposed a multiscale and multidepth CNN
to simulate multiscale receptive fields and handle the feature
information of different scale objects in a flexible manner.
However, the above algorithms all take HR-sized MS images
as input, relying on a great number of computing resources
and limited by the receptive field [22]. He et al. [23]
explored the detail injection mode in the pan-sharpening task
and introduced two detail injection-based CNNs with resid-
ual learning to improve the interpretability and convergence
speed of the models. Based on the injection network [23],
Liu et al. [24] proposed a dual model with deep residual block
and shallow CNN, which can inject the high-pass information
from the PAN image into the MS image.

Numerous efforts [25], [26] have been made to upscale the
LR-sized feature maps into the HR space. Although these
methods are able to better preserve textural details, detail
recovery remains to be a challenge [27]. To improve the
quality of reconstructed MS images, some methods [28]–[30]
adopt novel loss functions, such as spectral–spatial structure
loss [28] and the perceptual loss [29], [30], aiming to further
enhance the preservation of spectral and structures. Recently,
Deng et al. [31] introduced spectral information via a resid-
ual network to reconstruct image features along the spectral
direction. Xu et al. [32] proposed an iterative strategy to
separately justify the generation of MS and PAN images.
Wang et al. [33] proposed a spectral-to-spatial convolution
with distortion-free property to aggregate spectral features
into the spatial domain to perform the upsampling operation
rather than the direct upsampling operation. Dang et al. [34]
introduced channel and spatial attention to the hyperspectral
pan-sharpening framework to generate the fused image with
high spectral fidelity. Dang et al. [35] proposed a mature
Gaussian–Laplacian pyramid network to simplify the hyper-
spectral pan-sharpening problem into several pyramid-level

shallow learnings with reduced parameters. Dang et al. [36]
decoupled the pan-sharpening problem into spatial and spectral
reconstruction subtasks and built generative adversarial net-
works separately.

The above CNN-based supervised methods, however, are
tailored to certain image degradation models. In real scenarios,
how images are degraded remains unclear, and the degrading
process usually fails to be described via established mathemat-
ical formulas. Thus, unsupervised CNNs are further proposed
to improve the universality of practical scenarios by designing
loss functions to preserve spatial structures (e.g., the regression
linear weighting [37] and channel replica [38]). Ma et al. [39]
proposed two independent generative adversarial networks that
generate abundant spectral information with rich spatial details
in an unsupervised manner.

In traditional deep learning-based pan-sharpening frame-
works, the PAN image is usually fused into the MS space
at the global level. Despite the performance improvement
of the above deep-learning-based pan-sharpening methods,
challenges still remain.

1) Although the PAN image contributes to the fusion
model, the introduction of excess low-frequency com-
ponents (image content) of the PAN image can lead to
notable spectral distortion in the reconstructed images.

2) By contrast, the lack of high-frequency components
(image textural and edge information) captured from
the PAN image can result in blurry details of the
reconstructed image.

Inspired by the spatially weighted neighbor embedding
pan-sharpening strategy [10] and the residual learning-based
embedding super-resolution method [40], we address these
above issues by designing a novel multiscale locally
linear embedding residual network (LLERN) for image
pan-sharpening tasks. The proposed LLERN contains two
important stages: 1) spectral preservation and 2) structural
preservation. The goal of the spectral preservation network
is to upscale the LR MS image while retaining spectral
information. Note that PAN images supply textural information
in the locally linear embedding residual block (LLERB) of the
structural preservation stage but are not involved in the spectral
preservation stage. Similar to the traditional embedding-based
pan-sharpening methods, we first cast an assumption that LR
MS image patches share a similar manifold structure with
their residual image patches in a local region, as shown in
Fig. 1. The proposed LLERB is a refined strategy to fuse
the PAN image into the MS space. Specifically, the proposed
LLERN learns a similar local geometric relationship between
the MS space and the PAN space rather than the relationship
between the LR space and the HR space in the deep-learning
framework. On the other hand, similar to residual learning,
the proposed LLERN searches the local geometric relationship
in the high-pass domain for stability and fast convergence.
Furthermore, the corresponding high-pass patches are intro-
duced to estimate target residual patches from a neighbor-
hood region. That is to say, each LR MS image patch can
be represented using a linear weight of its nearest neigh-
bors via the LR MS image and high-pass version HR PAN
image.
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Fig. 1. Overall structure of the proposed LLERN. The proposed LLERN consists of two major phases: spectral preservation and structural preservation.
Each LR MS patch can be represented using a linear weight of its nearest neighbors. Then, the corresponding high-pass patches are introduced to estimate
the target residual patches from a neighboring region.

The main contributions of this work are given as follows.
1) We propose an end-to-end multiscale LLERN for satel-

lite image pan-sharpening tasks. The proposed method
approach mitigates the problems of spectral distortions
and blurry textures. Both qualitative and quantitative
results confirm that the proposed method outperforms
state-of-the-art pan-sharpening methods.

2) The proposed LLERN consists of two major phases:
spectral preservation and structural preservation.
To improve the precision in image patch matching of
the proposed LLERB in the structural preservation
phase, the proposed spectral preservation network aims
to upscale MS images and reduce the information gap
between MS images and corresponding PAN images.

3) In the proposed LLERB, the high-frequency information
from the PAN image is embedded into the MS image
(structural preservation network) at the patch level to
mitigate the issues of spectral distortion or the lack of
texture. The extensive experiments confirm the existence
of a similar local geometric relationship between the
MS space and high-pass PAN space, which can be
used to guide deep-learning modeling with improved
interpretability.

II. PROPOSED METHOD

In this section, we describe the proposed LLERN in detail
from three perspectives, i.e., problem formulation, LLERB,
and the loss function.

A. Problem Formulation

Fig. 1 presents the flowchart of the proposed multiphase
framework. We denote the LR MS image as ILRMS ∈ R

mn×C ,

where m and n are the height and the width of the LR MS
image, respectively, with C being the number of image bands
(C = 4). IHRMS ∈ R

(sm)(sn)×C denotes an HR MS image with
the spatial resolution scale s between ILRMS and IHRMS. IPAN ∈
R

(sm)(sn)×c denotes a PAN image with the number of image
bands of c (c = 1).

Selected matching results of the five most similar PAN
patches of an MS patch are shown in Fig. 2. The numbers
below images indicate the indexes of PAN image patches.
We take the PAN matching results of the HR MS as the stan-
dard and mark the exact match in red. We observe that directly
matching similar PAN patches of an LR MS patch can bring
ineluctable mismatches. Therefore, we design a progressive
framework that consists of the spectral preservation phase and
the structural preservation phase. For the spectral preservation
phase, we first extract features and feed them to an upsampling
layer. We denote Ispe as the spectral preservation version LR
MS image. As shown in Fig. 2, the matching accuracy of Ispe

is considerably improved than LR MS images. The structural
preservation phase aims to embed the high-pass structural
information into the MS image.

In the following, we introduce the spectral preservation
phase and the structural preservation phase in a detailed
manner.

1) Spectral Preservation Phase: Specifically, we feed the
LR MS image ILRMS into the spectral preservation block
(an upsampling block with an upsampling scale of 2) to obtain
its shallow features f �

spe↑2
. The upscaled map f �

spe↑2
is then used

for image reconstruction with deep reconstruction networks
Hr(.) with l residual blocks as

Ispe↑2
= Hr

(
f �
spe↑2

)
(1)
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Fig. 2. Selected examples of the matching results with different patterns. We list the five most similar PAN patches of an MS patch. The numbers below
images indicate the indexes of PAN image patches. We consider the matched PAN results of the HR MS as the standard and mark the exact matching in red.
The neighbors found for LR MS patches are not consistent with the neighbors of HR patches.

where Ispe↑2
denotes the upscaled version MS image with an

upsampling scale of 2.
2) Structural Preservation Phase: Ispe↑2

and Ipan↓2
(the

downsampled version of Ipan with a downsampling scale
of 2) are fed into the structural preservation phase. We enhance
textural information of the MS image at the image level and
the patch level. This process can be formulated as

Istr↑2 = Hfus

(
Ispe↑2

, Ipan↓2

)
+ up↑2(ILRMS)

+ Hllerb

(
Ispe, Ipan↓2

)
(2)

where Hfus(.) refers to the image-level fusion operation with
deep networks and l residual blocks, and up↑2(.) is the
PixelShuffle [41] operator with an upsampling scale of 2.
Istr↑2 denotes the pan-sharpened version of an MS image.
Hllerb(.) refers to the proposed LLERB that fuses images at
patch level.

By cascading these two phases, we are able to super-resolve
the input LR MS image with scale ×4 as

Ispe↑4
= Hr

(
Hup

(
Istr↑2

))
(3)

Istr↑4 = Hfus

(
Ispe↑4

, Ipan

)
+ up↑4(ILRMS)

+ Hllerb

(
Ispe↑4

, Ipan

)
(4)

where Ispe↑4
denotes the output image of the spectral preser-

vation network. up↑4 denotes the PixelShuffle operator with
an upsampling scale of 4. Istr↑4 denotes the final reconstructed
image.

B. Locally Linear Embedding Residual Block

From an existing study [10], LLE-based processing can
be, respectively, generalized as follows: the generation of
LR version PAN image, image block-dividing, neighbors’
searching, the estimate of the weight, and representation.

Considering the differences between deep-learning and tradi-
tional algorithms, the proposed LLERB contains five major
components: 1) high-pass extraction; 2) image block-dividing;
3) weight calculation; 4) representation; and 5) embedding.
Here, we describe these components in detail and take
the subnetworks in the phase with scale factor ×2 as an
example.

1) High-Pass Extraction: First, we feed the PAN image
Ipan↓2

to an extractor (e.g., the Sobel operator, the Candy
operator, difference convolution, and the difference between
the HR PAN image and the LR PAN image) for the high-
frequency extraction. Please refer to Section III for more
discussion on the high-pass extractions.

2) Image Block-Dividing: After the high-pass extraction,
the high-pass PAN images Ihp↓2

, Ipan↓2
, and I q

spe↑2
(q =

R, G, B, NIR) are divided into small image patches k×k with-
out overlapping, as pm

hp↓2
∈ R

(m/k)(n/k) , pm
pan↓2

∈ R
(m/k)(n/k) ,

and pm,q
spe↑2

∈ R
(m/k)(n/k) via the unary function layers (convo-

lution layers θ(.), δ(.), and ζ(.) in Fig. 3), respectively, where
k2 is the number of pixels in an image patch, and M is the
number of partitioned patches. R, G, B , and NIR denote red,
green, blue, and near-infrared bands of an MS image. Note that
the above blocking operations are realized by k×k convolution
layers.

3) Weight Calculation: We further calculate patch correla-
tion between pm,q

spe↑2
∈ R

(m/k)(n/k) and pm
pan↓2

∈ R
(m/k)(n/k) as

the geometric relationship between the MS and PAN space.
This process can be expressed as

w = upnear

(
e

pspe↑2

(
ppan↓2

)T )
(5)

where w denotes the weight map for each query window and
upnear(.) denotes the near interpolation function.

4) Representation: We introduce KNN to constraint the
boundary of the locally linear representation space, i.e., only
the values ordered to the top k are considered via the
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Fig. 3. Architecture of the proposed LLERB contains five major components:
1) high-pass extraction; 2) image block-dividing; 3) weight calculation;
4) representation; and 5) embedding.

following formula:

wkn =
{

softmax(widx), idx ∈ topK {w}
0, other

(6)

where topK {w} denotes the knth largest values of the weight
map w. softmax(.) denotes the softmax function.

Then, we represent pr↓2 by kn image patches as

pr↓2 ≈ pspe↑2
wkn . (7)

5) Embedding: In the training phase, we optimize the
following loss function of mean absolute errors between
all reconstructed images and ground-truth images to avoid
generating oversmoothed results

pres↓2 = php↓2
wkn (8)

where pres↓2 denotes the reconstructed residual image.

C. Loss Function

Mean square error (mse) loss has been widely used as a
loss function. However, the mse loss can lead to the generation
of oversmoothing details and textures. In the training phase,
we optimize the mse loss function between all reconstructed
images and ground truth in an adaptive manner, thus leading
to more realistic results.

III. EXPERIMENTS

A. Datasets and Implementation Details

The experiments are conducted on the WorldView II (WV),
Gaofen-2 (GF), and Quick Bird (QB). The WV, GF, and
QB datasets used in this study provide PAN images at 0.5-,
0.8-, and 0.61-m spatial resolutions, respectively, with the
spatial resolution ratio of ×4. The image sizes of original
MS images (red, green, blue, and near-infrared four bands) of
the WV (200 train, 20 validation, and 20 test), GF (730 train,
78 validation, and 78 test), and QB (450 train, 50 validation,
and 50 test) are 3848×4096×4 pixels, 7260×6864×4 pixels,
and 115 200 × 115 200 × 4 pixels, respectively. The spatial
resolution of original PAN images is four times bigger than the
original MS images. We downsample the original PAN images
via the bicubic function with a factor ×4, which are regarded
as the HR PAN images. The same downsampling version MS
images are treated as the LR MS images. The size of cropped
downsampled LR-MS images is 64 × 64 × 4 pixels, and the
size of the corresponding PAN images is 256×256×1 pixels.
Seven widely used image quality assessment (IQA) metrics
are employed as evaluation metrics, including four supervised
IQAs, i.e., the erreur relative globale adimensionnelle de
synthese (ERGAS), the peak signal-to-noise ratio (PSNR),
the spectral angle mapper (SAM), and the universal image
quality index (UIQI), and three unsupervised IQAs, i.e., the
spectral distortion index (Dη), the spatial distortion index
DS , and the hybrid quality with no reference (HQNR). The
best values for these metrics are 0, +∞, 0, 1, 0, 0, and 1,
respectively.

All models are trained on the desktop with Ubuntu 18.04,
CUDA 10.2, and CUDNN 7.5 with two Nvidia TITAN GPUs
(24 GB). We use the Adam optimizer [42] for optimization
with β1 = 0.9, β2 = 0.999, and ε = 1e − 8, and a minibatch
size of 8. The learning rate is initialized to 1×10−4 and decays
by a factor of 0.1 every 500 epochs. We train the network for
1000 epochs with the above settings. The patch size of the LR
MS image and the PAN image is set to 40 × 40 pixels and
160×160 pixels, respectively. For the configuration parameter,
we set l = 11 (more details in Section III-C).

B. Comparison With State-of-the-Art Methods

To verify the effectiveness of the proposed method, we com-
pare our method against ten state-of-the-art pan-sharpening
algorithms that include PRACS [43], BDSD [44], Brovey [45],
AWLP-H [46], PNN [18], PANNet1 [19], MSDCNN2 [20],
DARN3 [47], GPPNN4 [32], and MUCNN5 [33]. We summa-
rize the optimal parameters of all compared deep-learning-
based methods in Table I, where all key parameters are
derived from the corresponding articles. For a fair comparison,
we adjust the parameters for the highest performance.

1https://github.com/codegaj/py_pansharpening/tree/master/methods
2https://github.com/Decri/Multi-Scale-and-Depth-CNN-for-Pan-sharpening
3https://githubmemory.com/index.php/repo/yxzheng24/IEEE_TGRS_DHP-

DARN
4https://github.com/xsxjtu/GPPNN
5https://liangjiandeng.github.io/
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Fig. 4. Qualitative comparison of LLERN with ten counterparts on a typical satellite image pair from the GF dataset. Images in the last two rows visualize
the mse between the pan-sharpened results and the ground truth. (Please zoom in to see more details.)

TABLE I

OPTIMAL PARAMETERS FOR THE COMPARED DEEP-LEARNING-BASED
METHODS. NOTATIONS: ITER (ITERATION EPOCH), BS (MINIBATCH

SIZE), ALGO (OPTIMIZATION ALGORITHM), LR (LEARNING

RATE), FS (FILTER SIZE), AND PS (PATCH SIZE)

The performance of selected models on the WV and GF
datasets is shown in Table II. We notice that the proposed
method obtains the best average quantitative performance for
all supervised IQA metrics. The proposed LLERN outperforms
the other two competitive deep-learning-based algorithms
(DARN [47] and MUCNN [33]) by 0.62/0.51 and 1.19/1.11 dB
in PSNR, respectively. However, traditional methods perform
better than deep-learning-based methods for unsupervised IQA
metrics on the GF dataset. This can be explained by the fact
that traditional methods fail to directly recover the missing
high-frequency information and spectral information from the
prior information but replace the LR MS images with the PAN
images through a certain strategy. Despite that these methods

obtain better unsupervised IQA results, spectral distortion is
inevitably introduced.

Selected fusion results are presented in Figs. 4 and 5,
where the last two rows present the visualization of error
maps, i.e., the mse between the pan-sharpened results and
the ground truth. The error maps of the proposed method
present notable advantages, evidenced by the region high-
lighted by the red box. The images on the WV dataset cover
typical urban areas with richer textural information, while the
images are mainly concentrated in mountain areas on the GF
dataset. The fusion images of PRACS [43] and BDSD [44]
show notable color distortion, e.g., the road surface on the
WV image and lake water on the GF image. The proposed
method effectively preserves and enhances the spectrum and
texture information compared to other deep-learning-based
methods.

We compare the proposed method with state-of-the-art deep-
learning-based and traditional-based pan-sharpening algo-
rithms in Table III. We notice that the proposed method
also obtains the best supervision performance and the best
HQNR than DARN [47] and MUCNN [33]. The visual
analysis supports these quantitative evaluations, as shown in
Fig. 6, where the last two rows present the visualization
of the error maps, i.e., the mse between the pan-sharpened
results and the ground truth. The error map of the proposed
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TABLE II

QUANTITATIVE COMPARISON OF ELEVEN METHODS. BEST AND SECOND-BEST RESULTS ARE HIGHLIGHTED BY RED AND BLUE,
RESPECTIVELY. ↑ INDICATES THAT THE LARGER THE VALUE, THE BETTER THE PERFORMANCE,

AND ↓ INDICATES THAT THE SMALLER THE VALUE, THE BETTER THE PERFORMANCE

TABLE III

QUANTITATIVE COMPARISON OF ELEVEN METHODS ON THE QB DATASET. THE BEST AND SECOND-BEST RESULTS ARE HIGHLIGHTED
IN RED AND BLUE, RESPECTIVELY. ↑ INDICATES THAT THE LARGER THE VALUE, THE BETTER THE PERFORMANCE,

AND ↓ INDICATES THAT THE SMALLER THE VALUE, THE BETTER THE PERFORMANCE

method is more blue-dominant, indicating that the fused
results from the proposed method are closer to the ground
truth, where traditional methods exhibit significant spectral
distortion.

C. Ablation Experiments
1) Effect of the Downgrading Process: Many studies [9],

[48] revealed that the modulation transfer function (MTF)
might be more appropriate for MS and PAN images. Therefore,
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Fig. 5. Qualitative comparison of LLERN with ten counterparts on a typical satellite image pair from the WV dataset. Images in the last two rows visualize
the mse between the pan-sharpened results and the ground truth. (Please zoom in to see more details.)

Fig. 6. Qualitative comparison of LLERN with five counterparts on a typical satellite image pair from the QB dataset. Images in the last row visualize the
mse between the pan-sharpened results and the ground truth. (Please zoom in to see more details.)
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TABLE IV

QUANTITATIVE COMPARISON ON THE WV DATASET. BEST AND
SECOND-BEST RESULTS ARE HIGHLIGHTED BY RED AND BLUE,

RESPECTIVELY. ↑ INDICATES THAT THE LARGER THE VALUE,
THE BETTER THE PERFORMANCE, AND ↓ INDICATES

THAT THE SMALLER THE VALUE, THE
BETTER THE PERFORMANCE

we first conduct ablation experiments on the WV dataset using
some methods with decent performances. The MTF of the
MS sensor consists of a bank of Gaussian filters, representing
a more complex degradation process. Traditional methods
usually fail to regenerate lost high-frequency information in
the MS image, while directly introducing the PAN images
into MS images can lead to ghost images. With the powerful
feature extraction capability of CNN, deep-learning-based
algorithms have shown notable improvement in performance
(more than 3 dB). Specifically, the proposed method is able
to learn the missing MS high-frequency information in the
spectral preservation phase and further fuse the PAN image in
the structural preservation phase, thus demonstrating greater
robustness in the complex data scenes than one-stage deep-
learning-based methods.

2) Effect of Configurations:
a) Number of residual blocks l: We conduct the exper-

iments on the QB dataset to test the impact of the number
of residual blocks l (with values that range from 8 to 13)
on model performance. As shown in Fig. 7, we report the
performance and running time of the proposed method with
different l’s. With the increase in l, the performance increases
gradually. When l > 11, the PSNR value increases slowly
with an increased time overhead. The proposed structural
preservation occurs in the high-resolution space; therefore, the
running time is expected to increase significantly with the
increase in the number of residual blocks. Considering this,
we set l = 11, a tradeoff between the time cost and objective
performance.

b) Multiscale preservation phases: To validate the effec-
tiveness of the proposed two preservation phases, we con-
duct experiments with different combinations of preservation
phases on the QB dataset, as shown in Table V. As PAN
images only participated in the two structure preservation
phases (Fstr↑2 and Fstr↑4 ), the spectral and texture performance
of the fused image is degraded with the removal of Fstr.
Especially, the PSNR value decreases by 5 dB without Fstr.

Fig. 7. Ablation experiments on residual blocks on the QB dataset.

TABLE V

ABLATION EXPERIMENTS ON DIFFERENT

CONFIGURATIONS ON THE QB DATASET

When we remove Fspe↑2
and Fspe↑4

, the performance degrada-
tion problem resulting from the mismatches can be found in
the structural preservation phase with ×2. We notice that the
proposed LLERN maintains great performance when only one
structural preservation phase is removed.

In addition, we employ one-scale preservation phases to
investigate the impact of the number of phases on the fusion
results. The multiscale version network based on a coarse-to-
fine strategy has more parameters than the one-scale version
network, thus demanding more computation power. Despite
its computational demand, the multiscale network outperforms
the one-scale version network by 0.11 dB due to its capability
in obtaining multiscale image features leveraging LR MS
images.

3) Impact of LLERN: Fig. 8 presents the curves of loss
values per epoch on the WV dataset. LLERN* denotes the
proposed methods without LLERB. These curves indicate that
LLERB guarantees fast and stable convergence. To further
investigate the choice of hyperparameter kn and high-pass
extractors in the proposed LLERN, we conduct a series of
ablation experiments. Model performances with four different
configurations, i.e., the Laplace operator, the Candy operator,
difference convolution [49] (a universal and popular automatic
edge extraction layer), and the difference between the HR PAN
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Fig. 8. Curves of the training procedure on the WV dataset. LLERN* denotes
the proposed methods without LLERB. These curves show that LLERB is
characterized by its fast and stable convergence.

image and the LR PAN image, i.e., IPAN − bic(IPAN) with
different hyperparameters kn, are listed in Table VI.

a) High-pass extractors: In a multiscale framework,
the high-pass component of IPAN − bic(IPAN) can bring
low-frequency information with decreased information gap.
As the most widely used feature extractors, Laplace and Candy
operations attach more importance to image edge informa-
tion. Therefore, the average quantitative results with Laplace
and Candy operations are similar. As shown in Table VI,
Laplace and Candy operations reduce the values of SAM and
ERGAS, suggesting that they are able to mitigate the spectral
distortion problem. The difference convolution layer can be
seen as an adaptive edge extraction operator and, therefore,
also has greater robustness. Due to the limitation of feature
extraction ability, the performance improvement brought by
one difference convolution layer is not obvious. The increase
in difference convolution layers [49] directs the feature map
attention to edges. It is clear that the increase in this difference
convolution blocks in number leads to performance improve-
ment at the sacrifice of efficiency. To balance performance and
computational overhead, we employ the Candy extractor as the
extractor.

b) Hyperparameter kn: To investigate the effectiveness of
the hyperparameter kn that controls the boundary of the locally
linear representation space, we list the quantitative results
with hyperparameter kn ranging from 1 to 20. It is notable
that model performance first increases and then decreases
with the increase in kn. This phenomenon can be explained
by the fact that a small number of image patches fail to
accurately describe HR MS patches, while an excessively large
kn tends to introduce image artifacts, resulting in performance
degradation.

D. Efficiency Analysis

We also investigate the efficiency of LLERN compared
with other competing approaches on the desktop with two
Nvidia TITAN GPUs (24 GB) and Intel6 Xeon6 E5-2680.
Quantitative results in terms of PSNR, running time, and the
number of parameters are tabulated in Table VII. As traditional

6Registered trademark.

TABLE VI

AVERAGE QUANTITATIVE RESULTS OF THE PROPOSED METHOD WITH
DIFFERENT HIGH-PASS EXTRACTORS ON THE WV DATASET

pan-sharpening algorithms have no trainable parameters, their
running time on the CPU is listed. In terms of objective results,
the proposed method gains a significant improvement (more
than 0.5 dB). The running time of the proposed algorithm
is greater than that of DARN [47] but less than that of
MUCNN [33]. We can conclude that the proposed method
owns a better tradeoff between the computational overhead
and performance.

E. Scalability Analysis

In order to explore the scalability of the proposed method,
we develop a flexible collocation of the dataset and conduct
additional ablation experiments. As illustrated in Table VIII,
we list the value of PSNR of the proposed LLERN and the
state-of-the-art deep-learning-based method (MUCNN) with
different training configurations. The proposed LLERN pro-
duces better scalability than MUCNN with the same training
and testing collocation with an improved performance of up
to 2 dB. Due to the difference in the imaging characteristics
and the variations of remote sensing platforms, the scalability
of the deep-learning-based methods is limited. After fine-
tuning, the performance of the proposed LLERN improves
significantly (more than 7 dB), presumably due to the fact that
the proposed LLERN is able to better leverage prior informa-
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TABLE VII

EFFICIENCY ANALYSIS WITH PSNR AND RUNNING TIME ON
THE WV DATASET AND THE NUMBER OF PARAMETERS

TABLE VIII

SCALABILITY EXPERIMENTS

tion of the PAN and MS images for embedded generation,
which leads to its great generalization ability.

F. Performance in High-Level Vision Task

Pan-sharpening can serve as a preprocessing step for many
high-level vision tasks, such as image segmentation and
dynamic monitoring applications. Thus, the accuracy of these
subsequent tasks reflects the effectiveness of pan-sharpening
algorithms. In this section, we employ the classic K-Means
as an unsupervised satellite image semantic segmentation
method to evaluate the quality of reconstructed images from
the proposed LLERN and other state-of-the-art pan-sharpening
methods on the QB dataset in Fig. 9. The number of categories

Fig. 9. Classification results via the unsupervised K-means classification
method. The black boxes emphasize the areas where the proposed model
outperforms other competing methods. (Please zoom in for more details.)

is set to five, with the change threshold set to 5%. Low-
resolution textures are responsible for limiting the accurate
segmentation process. The black boxes emphasize the areas
where the proposed LLERN outperforms other competing
models, as the proposed LLERN is able to recover more spatial
details and textures.

IV. CONCLUSION AND FUTURE WORK

In this study, we propose a new deep LLERN for image
pan-sharpening tasks. We design an LLERB to embed the
high-frequency information achieved from the PAN image
into the MS image in the residual space. To improve the
search precision of LLERB, we divide the pan-sharpening
task into two phases, i.e., the spectral preservation phase
and the structural preservation phase. As the pretreatment of
the structural preservation network, the spectral preservation
network aims to upscale the LR MS image while retaining
spectral information. The extensive experiments conducted
on three satellite datasets, i.e., WV, GF, and QB, confirm
the assumption that LR image patches and residual image
patches in a local region share a similar manifold structure
with LR MS images. Although the proposed method brings
promising results, some notable issues remain and call for
further research. Future works are expected to adaptive eval-
uate the sparse hyperparameter kn . We also intend to build
an embedding-based block in a more efficient way while
maintaining the universality and expression ability of the
proposed LLERN.
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