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From Artifact Removal to Super-Resolution

Jiaming Wang™, Zhenfeng Shao™, Xiao Huang™, Tao Lu™, Member, IEEE, Ruiqian Zhang™, and Yong Li

Abstract— Deep-learning-based super-resolution (SR) methods
have been extensively studied and have achieved significant
performance with deep convolutional neural networks. However,
the results still suffer from the ringing effect, especially in
satellite image SR tasks, due to the loss of image details in
the satellite degradation process. In this article, we build a
novel satellite SR framework by decomposing a high-resolution
image into three components, i.e., low-resolution (LR), arti-
fact, and high-frequency information. Specifically, we propose
an artifact removal network with a self-adaption difference
convolution (SDC) to fully exploit the structure prior in the
LR image and predict the artifact map. Considering that the
artifact map and the high-frequency map share a similar pattern,
we introduce the supervised structure correction (SSC) block
that establishes a bridge between the high-frequency genera-
tion process and the artifact removal process. Experimental
results on satellite images demonstrate that the proposed method
owns an improved tradeoff between the performance and the
computational cost compared to existing state-of-the-art satel-
lite and natural SR methods. The source code is available
at https://github.com/jiaming-wang/ARSRN.

Index Terms— Artifact removal, difference convolution, remote
sensing, super-resolution (SR).

I. INTRODUCTION

S AN emerging means of Earth observation, satel-

lite platforms have drawn increasing attention in both
military and civil fields, such as surface feature segmen-
tation [1], [2], environmental monitoring [3], [4], satellite
mapping [5], and object detection [6], [7]. Limited by the
under-sampling effect of imaging sensors and complexity
in the degradation process, captured satellite images (espe-
cially those from geostationary satellites) may fail to meet
the demand of many applications that require high-precision
measurement. Image super-resolution (SR) is a software-level
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technology that aims to increase the spatial resolution of low-
resolution (LR) images without introducing additional hard-
ware costs. With years of development, satellite image SR has
become an essential step for many real-time and high-precision
applications.

Many deep-learning-based SR methods have been proposed
to learn the nonlinear mapping function, usually trained
with LR images and the corresponding high-resolution (HR)
images [8]. The residual learning strategy [9] was intro-
duced into the SR task to learn the missing high-frequency
information, which can greatly reduce the complexity of
optimization. To increase the overall sharpening effect, some
studies introduced edge-preserving filters for detail enhance-
ment by specifically considering image edges [10], [11], [12].
Yang et al. [10] introduced an edge-guided recurrent
SR framework to model edge priors and predict edges of the
HR images. Mao et al. [11] proposed a generative adversarial
network (GAN) [13] with an edge-preserving strategy to
preserve the edge structures and reconstruct visually pleasing
textures. Jiang er al. [12] proposed an edge-enhancement
GAN that retains details with removed noises. Compared with
natural images, the detail losses of the acquired satellite are
severer due to the process of image degradation [12]. The
above-mentioned edge-preserving algorithms assume that the
LR edge priors can be used for inferring the missing high-
frequency information. However, given the large information
gap between LR and HR images, existing edge-preserving
methods usually fail to generate sheer textures from the
artifact-contaminated edge, leading to spectral distortion and
artifact. Therefore, it remains to be a challenge to develop
efficient models with texture restoration capability without
being affected by the artifacts.

As shown in Fig. 1, the LR image suffers from notable ser-
rated and blurry artifacts in the contour part influenced by the
ringing effect (see the edges of the aircraft and the road line).
With the increase of the sampling factor, the ringing effect
becomes more notable, which pollutes the high-frequency
information of the image. Therefore, we attempt to decompose
the HR image into LR, artifact, and high-frequency images.
For an intuitive visual contrast, the ImageEnhance module
is employed to enhance the contrast of the sparse artifact
and high-frequency images. The artifact image is defined as
the difference map (i.e., relu(LR — HR)) between the LR
and HR images. Meanwhile, the high-frequency image is
defined as the difference map (i.e., relu(H R — LR)) between
the HR and LR images. We observe that the artifact map
and the high-frequency map are similar in structure and
complementary in detail, as shown in Fig. 1. Specifically,
the high-frequency image describes objects’ edges, while the
artifact image highlights the fringes of the high-frequency
image. Therefore, we hypothesize that the artifact image
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Fig. 1. Proposed SR strategy. We decompose information from a HR image
into LR information, artifact information, and high-frequency information.
Note that the artifact map and the high-frequency map are similar in structure
and complementary in detail.

can be regarded as the prior information that facilitates the
prediction of high-frequency information.

According to the above observation, we propose a refined
image decomposition prior model, in which HR images
are decomposed to LR, artifact, and high-frequency images,
respectively. According to this concept, the proposed frame-
work, named artifact removal to SR network (ARSRN),
includes an artifact removal network and a high-frequency
generation network, as shown in Fig. 2. Different from existing
methods, the proposed method decouples the SR task into
two more refined processes, i.e., artifact removal and high-
frequency generation, thus fully exploring the image as prior
information more fully and generating better-reconstructed
results. Specifically, the proposed strategy extracts the artifact
of the LR satellite image as the prior information used to
guide the generation of high-frequency information. These
two subnetworks are hourglass-shaped with proposed self-
adaption difference convolutions (SDCs). The predicted results
of these two subnetworks are artifact and high-frequency
images, respectively. In addition, we design a supervised
structure correction (SSC) block that establishes a bridge
between the artifact image and the high-frequency image,
given the fact that these two images share a similar image
structure. In addition, we introduce a fast Fourier loss func-
tion (FFL) to calibrate the difference between reconstructed
images and ground-truthing images in the frequency domain.
Comprehensive ablation studies demonstrate the effectiveness
of each subnetwork in the proposed ARSRN. Experiments
that compare the proposed ARSRN with state-of-the-art SR
methods prove that ARSRN achieves a satisfactory tradeoff
between performance and efficiency.

The main contributions of the proposed ARSRN are:

1) We propose an efficient SR framework that divides the
SR process into two tasks, i.e., artifact removal and
high-frequency generation. Both qualitative and quan-
titative results demonstrate the superiority of the pro-
posed method over state-of-the-art algorithms. Besides
the satellite SR task, we also conduct experiments on
a natural dataset to better reflect the effectiveness and
expandability of the proposed ARSRN framework.
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2) We design an SDC to capture the artifact and
high-frequency information. The proposed difference
convolution is effective in describing the fine-grained
texture information, thus significantly reducing the ring-
ing effect during the image degradation process.

We propose a SSC block to forge links between the
artifact removal task and the high-frequency generation
task in the proposed framework. The proposed SSC
block regards artifact as the prior information that assists
the prediction of high-frequency information.

The remaining part of this article is organized as follows.
Section II presents the related work of image SR and the
difference convolution neural network (DCNN). Section III
details the proposed ARSRN. Section IV reports experimental
results. Section V concludes this study.

3)

II. RELATED WORK

In this section, we briefly review the related works on
satellite image SR methods and DCNNS.

A. Satellite Image SR

Image SR has been greatly advanced in the last cou-
ple of years. Dong et al. [14] introduced the convolutional
neural networks (CNNs) into the SR task by constructing a
three-layers nonlinear CNN, i.e., SRCNN. Furthermore, Liebel
and Korner [15] employed SRCNN for the high radiation
resolution and multispectral resolution satellite image SR
using 13-band satellite images captured from the Sentinel-2
satellite. To better utilize local information often ignored by
deep networks, Lei et al. [16] proposed a local-global com-
bined network that learns multilevel representations of satellite
images and fuses local details and global environmental priors.
Inspired by GoogLeNet [17] and Qin et al. [18] introduced a
CNN with multiscale kernels to describe the multiangle fea-
tures. Enlightened by the immense success of residual learn-
ing [9] in a series of computer vision tasks [19], [20], [21],
Lu et al. [22] found that multiscale residual neural networks
are able to reconstruct the desired fine edge/detail textures.
Regarding the vanishing-gradient problem and the inefficient
feature reuse strategy, Ma et al. [23] achieved improved
performance by proposing a residual dense back-projection
network that structures local and global residual with a
large sampling factor. Similarly, Dong et al. [24] designed a
dense sampling mechanism with the channel attention mech-
anism to convolve prior knowledge from different depths.
Haut et al. [25] introduced residual learning into channel
attention to encourage the model to learn high-frequency
information and, at the same time, suppress low-frequency
information. Zhang et al. [26] proposed high-order attention
to learn the attention map of different convolution layers with
refined fused features. The unique characteristics of remote
sensing images (e.g., different bodies with the same spectrum
and diversity in object scales) make the SR task challenging.
Zhang et al. [27] performed model fine-tuning for different
scenes based on transfer learning and allocated models for
SR tasks in different scenes in an adaptive manner. Lei and
Liu [28] combined the inception block [17] and spatial-channel
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Fig. 2. Proposed SR framework includes an artifact removal network and a high-frequency generation network, while the SSC block builds a bridge between
these two networks. The artifact removal network can predict the artifact information I, of the LR image Iyr. I, (I, = ILr — lart) represents the deartifact
satellite image. The high-frequency generation network can predict the high-frequency information /7, of the deartifact image Iy. Iy (Iyy = In + I74)
represents the reconstruction image. @ and © denote element-wise addition and element-wise subtraction, respectively.

attention module to screen the important spatial-channel
features.

Despite the great subjective and objective performances
of the above CNN-based algorithms, the issue of insuffi-
cient edge texture still remains. To mitigate this problem,
Ledig et al. [29] designed a GAN framework [13] to approx-
imate the probability distribution of the ground truth over
the manifold space. However, GAN-based methods designed
for the SR task tend to be sensitive to noises, leading
to the production of irrelevant high-frequency information.
Jiang et al. [12] proposed an edge-enhancement GAN for
satellite image SR to alleviate edge blur in the reconstructed
SR images. Lei et al. [30] proposed a coupled-discriminate
GAN with a shuffle gate function to enhance the identification
of low-frequency information.

In multispectral and hyperspectral SR tasks, fusion-based
methods are the mainstream research direction. Masi et al. [31]
first proposed CNN to learn the complex mapping function
between the LR multispectral and the HR multispectral image.
Qu et al. [32] proposed an unsupervised encoder-decoder
algorithm that encourages the network to explore information
with sparse Dirichlet distribution. Xu et al. [33] proposed a
surface- and deep-level constraint to reconstruct the spatial
and spectral information and effectively avoided information
distortion. Wang et al. [34] proposed a dual-path network to
capture global textural and spectral information by integrating
the neighbor embedding strategy. Qu et al. [35] proposed
an unregistered and unsupervised mutual framework to fuse
hyperspectral images and multispectral images without multi-
modality registration.

B. Difference Convolution Neural Networks

He et al. [9] proposed the residual block with shortcut
connections, serving as an equivalent to a shallow network.
Another alternative is to build the block guided by the

finite difference strategy, serving as an approximate for the
difference equation [36]. Then, Jing er al. [37] proposed a
succinct DCNN unit with difference mapping to learn the
difference salient features. Furthermore, more variants were
proposed considering directional changes among a pixel and
its neighbors [38]. The DCNN is able to analyze the pattern
orientations of a pixel and its neighbors by applying predefined
constant filters (e.g., Roberts, Sober, and LoG operators)
used as the edge extractors. Inspired by the local binary
patterns (LBP), Yu et al. [39] proposed a central difference
convolution (CDC) that calculates the difference map as the
texture information between the central pixel and the other
eight neighboring pixels. To minimize feature redundancy,
Yu et al. [40] decoupled the CDC into horizontal-vertical and
diagonal uncrossed suboperators and proposed a cross-CDC to
increase computational efficiency. Inspired by the extended-
LBP [41], Su et al. [42] employed the parameters in the
predefined constant filters as the initial CNN parameters.
Other efforts [43], [44] have been made to combine graph
convolution and CDC and apply the combined model to
numerous computer vision tasks [45], [46], [47].

II1. PROPOSED METHOD

In this section, we provide details for the problem for-
mulation, the artifact removal network, the high-frequency
generation network, and the loss function.

A. Problem Formulation

Fig. 2 presents the network architecture of the proposed
method. In general, the proposed framework consists of an
artifact removal network and a high-frequency generation net-
work. Specifically, given a LR image [;, € RE7>*W and the
corresponding ground truth (the original HR version image)
Iyg € REMHXW “the goal of the proposed framework is to
generate the SR image /gg. Meanwhile, the bicubic version of
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a LR image is defined as I}z € RE>'W_ H_ W, C indicate
the height, the width, and the channel of I;,, respectively.
t suggests the scale factor. The goal of the proposed model is
to reconstruct the HR image

Isg = F(ILR) (1)

where F(.) denotes the SR function of the proposed end-to-
end framework.

Different from existing SR methods that treat the SR task as
a mapping function between the LR and HR images/residuals,
we divide the process into two refined procedures, i.e., artifact
removal and high-frequency generation. Such a design allows
us to exploit the structure information in the artifact image
so that the edge prediction can be guided. The proposed
subnetworks are equipped with the designed SDC layers and
connected via the proposed SSC block. In order to alleviate the
burden of the proposed method, we adopt the hourglass-shaped
network for multiscale reconstruction. We provide details for
these two subnetworks in the subsections.

1) Artifact Removal Network: First, the bicubic version of
the LR image, I, is fed into an hourglass-shaped network
equipped with the SDC layer. This process can be described
as

M = Fri(Lr) )

where F i@ (.) denotes 3 x 3 convolution operation as the
initial feature extraction layer. Then, M((]a) is fed into the

proposed SDC
sdc(a) (M ) (3)

Fage (M) @)

where F4.(.) denotes the function of the proposed SDC with
kernel size 3 x 3 and stride 2, serving as a downsampling
layer. Particularly, we add a nonlinear mapping module in the
middle of the network

M =

(@
M@ =
M(a)

Fo ( M(“)) (5)

where F;(.) denotes the feature transformation module with
R, representing residual channel attention blocks [48]. Then,
the multiscale features are restored to the original resolution,
as

/\/lf‘a) = F, @ (Concat(/\/lga), Mg”))) (6)
/\/l(a) F, @ (COHC&t(M(a), M(”))) (7

where F,,(.) denotes the PixelShuffle operator [49] and
concat(.) refers to the concatenation operation. We employ
a reconstruction layer for artifact reconstruction

fae = 7 (M) ®)

where I, represents the artifact image. The output image can
be expressed as

©)

Im = ILR - Iarl

where I,, represents the deartifact satellite image.
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The artifact removal image and final feature map are fed
into the SSC block, which can be formulated as

Mssc = J7ssc (Im, Mga))

where M represents the feature map for SSC in the
high-frequency domain (more details in Section III-C).

2) High-Frequency Generation Network: After the artifact
removal, we feed M, and I,, into the high-frequency genera-
tion network, which is similar to the artifact removal network.
First, we employ the M to direct the network’s attention to
the region of interest in I, as image edge prior. In particular,
this process can be formulated as

M = concat(F i (1), M)

(10)

(1)

where F i (.) denotes 3 x 3 convolution operation as the
initial feature extraction layer. Then, the high-frequency image
I74 is generated in the same process as the artifact removal

network

M = Fgn (M) (12)
MP? = Fyr (M) (13)
MP = (h) (M(m) (14)
MP = fup{’” (concat(/\/lgh), Mgh))) (15)
Mgh) = .7-"u " (concat(/\/l(h), Mf;h))) (16)
1y = F (M) (17)

Finally, the SR image Isz can be formulated as
Isg = Ly + Iy (18)

B. SDC Block

In the image degradation process, the ringing effect tends
to appear on regions with rapidly changed gray scales in the
contaminated image. The ringing effect is more notable in LR
satellite images, as single pixels in LR images are more distant
from each other compared to the ones in HR images. Exist-
ing manually designed deep-learning-based networks tend to
ignore the prior information in the ringing effect. The proposed
SDC is shown in Fig. 3. The artifact removal network can
employ the proposed SDC to predict artifact image, which
can guide the high-frequency image generation by the SDC in
the high-frequency generation network.

The SDC considers the incoming features M;, in the
generation of the texture image My

Mout = fsdc(Min)

where Fgqc(.) refers to the function of the SDC.

Given the existence of redundant information in the dif-
ferential operation of the neighborhood features, we design
the self-adaption strategy as show in the rectangle of Fig. 3.
Specifically, the proposed strategy can adaptively adjust the
size of the difference operator, such as retaining the top k,
largest coefficients, to reduce the amount of calculation and
parameters. In the local receptive field region R, the output

19)
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Fig. 3. Proposed SDC.

feature map y of the SDC can be generated from the input
map M;, and can be formulated as

P {wid, id e topK{w} 20)
0, other
Y(po) = Y ®(po)(Min(pa + po) — Min(po)) (21)

Pn€ER

where po denotes the location information and p, enumerates
the locations in the region R. w denotes the original weight
map and @ denotes the adaptively adjusted weight map.
topK{w} denotes the top k, largest numbers of w with number
index id.

Then, the feature map y is divided into two feature maps
with the same shape, i.e., Mmnig1, Mmig2

[Mmiai, Mmia2] = . (22)

The feature map Mpq; is fed into the instance normaliza-
tion (IN) that normalizes the mean and variance of input
features to learn affine parameters. Then, the recalibrated
M pid1 is concatenated with M 4o as

Mig = concat(Fyy (Mmid1)s Mmida2) (23)

where F;y(.) denotes the function of the IN layer that remains
independent between image instances.
Finally, the output can be formulated as

Moul = Mmid - H-Fconv(Min) (24)

where @ is the control parameter (6§ = 0.8).

C. §§C Block

Typically, the goal of SR is to predict high-frequency
information and generate pleasant visual effects. Considering
the complementary nature between the artifact image and
the residual image, we introduce a SSC block, as shown in
Fig. 4, to connect these two networks. Different from the
series connection strategy in the existing two-stage framework,
the proposed SSC block serve as a direct bridge between the
artifact removal network and the high-frequency network, aim-
ing to utilize the artifact prior information. The SSC strategy
is mainly composed of two parts: 1) structure information
transmission and 2) supervised modification. The description

5627715
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Fig. 4. Proposed SSC block.

of the supervised modification is detailed in the loss function
section.

In the structure information transmission phase, the dearti-
fact image (I,,) is fed into an attention block to capture the
structure information of the artifact. Then, the attention feature
map is fed into the high-frequency generation network to guide
texture generation. Specifically, the output artifact image is fed
into the convolutional and the sigmoid layers, which can be
formulated as

My = fsig(fan(lart)) (25)

where Fy(.) denotes a 3 x 3 convolution operation and F;,(.)
denotes the sigmoid operation that normalizes the features.
M,y is the attention map of the artifact image. Then, the SSC
feature maps Mgy can be formulated as

M%sc = att X Mga) + Mga). (26)

D. Loss Function

In the training phase of the artifact removal network, the
loss function is defined by the mean absolute error function
between the artifact images and the residual images

1 N
La(©) = 5 D Wi =G = i)l @)
n=1

g(x):{x, if x>0 08)

0, if x<0O

where 10, I}, and If;, are the nth artifact image, LR image,
and ground truth satellite image, respectively. N denotes the
number of images in the batch, and @, refers to the parameter
set of the artifact removal network.

In recent literature, pixel domain-oriented loss functions,
such as mean average error (MAE) and mean squared
error (MSE) are the most commonly used loss functions in the
SR task. The goal of the image SR task is to generate missing
high-frequency information. In addition, the Fourier domain
provides a better description of the global information of the
image [55]. In order to simultaneously ensure the frequency
credibility of the SR results, the high-frequency generation
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2522 dB

Visual representation of the proposed method.

Fig. 5.

network is optimized via SR loss function and FFL. These
functions are defined as

| N

Lor(@2) = 2> |15 = 4, @9
n=1
|

Lin(02) = N ZH(”(I;i) - (D(Ii:lr)Hl (30)
n=1

where the SR loss function L, denotes the similarity
between reconstructed images and the ground-truthing images,
while the FFL loss function Ly denotes the similarity in
the frequency domain. I} is the nth reconstructed image.
¢(.) denotes the FFL and ®, refers to the parameter set of
the high-frequency generation network.

The final loss function is a weighted sum of the artifact
loss Ly, the high-frequency generation loss L, and the FFL
loss L as

Etolal = ﬁan + £sr + j«fﬂACfﬂ (31)

where the hyperparameter Ag is used to balance the contribu-
tions of different loss terms.

To provide a better understanding of the proposed ARSRN,
we present selected intermediate results in Fig. 5. The results
suggest that the reconstructed image I, presents sharper
edges with reconstructed visually pleasant details, thanks to
the intervention of high-frequency information. Even with-
out additional high-frequency information, the reconstructed
image I,, presents satisfactory details.

IV. EXPERIMENTS
A. Datasets and Implementation Details

We compare the performance of the proposed method
with the ones from recent deep-learning-based SR methods
(residual dense network (RDN) [52], deep back-projection
network (DBPN) [53], residual channel attention network
(RCAN) [48], and second-order attention network (SAN) [54])
and recent deep-learning-based satellite SR methods (mixed
high-order attention network (MHAN) [26]) on three satel-
lite SR datasets, i.e., University of California (UC) Merced
Land Use Dataset (UC Merced)' [56], remote sensing scene
classification (RSCNN7)? [57], and University of Chinese
Academy of Sciences (UCAS)-high resolution aerial object
detection dataset (UCAS-AOD).> Five widely used image

"http://weegee.vision.ucmerced.edu/datasets/landuse.html
Zhttps://github.com/palewithout/RSSCN7
3https://github.com/bingoxumo/UCAS-AOD_FFDP

31.27dB

32.11dB

quality assessment (IQA) metrics (i.e., peak signal-to-noise
ratio (PSNR), structural similarity (SSIM), feature similarity
(FSIM), learned perceptual image patch similarity (LPIPS)
[50], and mean perceptual score (MPS) [51]) are employed
to quantify model performances. The proposed model is
trained on the desktop with Ubuntu 18.04, compute unified
device architecture (CUDA) 10.2, CUDA deep neural network
(CUDNN) 7.5, and three Nvidia TITAN graphics process-
ing units (GPUs). These two subnetworks are trained with
the same parameters. The Adam optimizer is employed for
optimization with a mini-batch size of 16, f; = 0.9,
0.999, and ¢ le — 8. The learning rate is initialized to
le — 4 and decreases by a factor of 10 for every 500 epochs.
The original images are downsampled with the bicubic
function.

B. Comparing With State-of-the-Arts on UC Merced Dataset

The UC Merced dataset is a popular dataset for remote
sensing image classification. The UC Merced dataset contains
crowdsourced images of 21 categories with a benchmark of
256 x 256 pixels from massive crowdsource data. The spatial
resolution of the UC Merced dataset is 0.3 m. We randomly
select 90 images and 10 images from each category for training
and testing, respectively.

Table I reports the average performance of the proposed
method and other competing deep-learning-based algorithms
on the UC Merced dataset with scale factors x2 and x4, where
the bold values denote the best results and underlined values
represent the second-best results. The average PSNR values
of the proposed method are 0.09/0.21 dB higher than that of
the second-best method with upsampling factors + = 4 and
t = 8, respectively. The average MPS reflect the notable
improvement of the proposed method, both at the pixel level
and the perception level. As the sampling factor increases, the
artifacts caused by the degradation and upsampling processes
become notable. The proposed method is able to suppress
the generation of artifacts, leading to its superior performance
under scenarios of high sampling factors. One limitation of
the proposed method is that its computational cost tends to
considerably increase with the increase of the upsampling
factor ¢.

Figs. 6 and 7 show the reconstructed images on the UC
Merced dataset from different comparison algorithms with
upsampling factors x2 and x4, respectively. Images in the
last row show the MSE between the reconstructed images
and the ground-truthing images. We observe that the proposed
method outperforms other competing algorithms, evidenced by
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TABLE I

5627715

QUANTITATIVE COMPARISON OF SEVEN METHODS ON THE UC MERCED DATASET. BEST AND SECOND-BEST SCORES ARE HIGHLIGHTED
AND UNDERLINED, RESPECTIVELY. 1 INDICATES THAT THE LARGER THE VALUE, THE BETTER THE PERFORMANCE,
AND | INDICATES THAT THE SMALLER THE VALUE, THE BETTER THE PERFORMANCE

Methods Scales | #Params/M FLOPs/G PSNR 1 SSIMt FSIMt LPIPS[50] 4 MPS [51]1
Bicubic - - 31.67  0.8806 0.9156 0.1928 0.8439
RDN [52] 1.00 2.32 3444 09287 0.9582 0.1016 0.9136
DBPN [53] 5.95 34.76 35.01 0.9347  0.9629 0.0840 0.9254
RCAN [48] x 2 15.44 35.36 35.07  0.9359 0.9632 0.0754 0.9302
SAN [54] 15.67 36.10 35.05 09344 0.9632 0.0754 0.9295
MHAN [26] 11.20 26.10 3497 09342 0.9626 0.0868 0.9237
Our 2.75 7.93 3516  0.9360 0.9643 0.0756 0.9302
Bicubic - - 26.88  0.6871 0.7663 0.4781 0.6045
RDN [52] 1.15 3.73 28.48  0.7588 0.8342 0.3211 0.7189
DBPN [53] 10.43 92.68 28.58  0.7702  0.8459 0.2732 0.7428
RCAN [48] X 4 15.59 36.77 28.36  0.7614 0.8435 0.2692 0.7505
SAN [54] 15.82 37.51 28.39  0.7613 0.8431 0.2629 0.7493
MHAN [26] 11.35 28.53 2842  0.7626  0.8383 0.2879 0.7374
Our 2.75 31.74 28.79  0.7719 0.8457 0.2627 0.7546

Parameters (Params) and floating-point operations per second (FLOP) are tested on an LR image with 48 x 48 pixels.

Bicubic RDN

28.85/0.8401

MHAN
32.80/0.9297

SAN
32.93/0.9328

RDN DBPN RCAN

its better recovery of textures and structures, e.g., the outline of
vehicles and roadside lines. Specifically, satellite images with
complex textures and dense objects (i.e., the parking lot with
a large number of vehicles) can be easily polluted by artifacts.
The artifact removal operation in the proposed model leads to
accurate contours, as demonstrated in the MSE map.
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SAN
Fig. 6. Qualitative comparison of the proposed method with six counterparts on a typical satellite image pair from the UC Merced dataset with an upsampling
factor of x2. Images in the last row visualize the MSE between the SR results and the ground truth. (Zoomed-in view to see more details.)

DBPN
33.02/0.9317

Our
33.08/0.9339

MAHN

RCAN

Airplane 97
PSNR/SSIM

Our

C. Comparing With State-of-the-Arts on RSCNN7 Dataset

The RSCNN7 is another popular dataset for remote

sensing image classification. It contains images (400 X
400 pixels) of seven typical scene categories collected
from Google Earth. We randomly select 300 images and
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Fig. 7. Qualitative comparison of the proposed method with six counterparts on a typical satellite image pair from the UC Merced dataset with an upsampling
factor of x4. Images in the last row visualize the MSE between the SR results and the ground truth. (Zoomed-in view to see more details.)

TABLE II

QUANTITATIVE COMPARISON OF SEVEN METHODS ON THE RSCNN7 DATASET. BEST AND SECOND-BEST SCORES ARE HIGHLIGHTED
AND UNDERLINED, RESPECTIVELY. 1 INDICATES THAT THE LARGER THE VALUE, THE BETTER THE PERFORMANCE,
AND |, INDICATES THAT THE SMALLER THE VALUE, THE BETTER THE PERFORMANCE

Methods Scales | #Params/M FLOPs/G PSNR 1 SSIMt FSIMt LPIPS[50] 4 MPS [51]1
Bicubic - - 3290  0.8899 0.9922 0.2602 0.8148
RDN [52] 1.00 2.32 35.14  0.9298 0.9978 0.1779 0.8759
DBPN [53] 5.95 34.76 3539 09332 0.9979 0.1759 0.8786
RCAN [48] x 2 15.44 35.36 35.54 09353 0.9979 0.1632 0.8861
SAN [54] 15.67 36.10 35.55 0.9355 0.9979 0.1630 0.8862
MHAN [26] 11.20 26.10 35.35 0.9329  0.9979 0.1725 0.8802
Our 2.75 7.93 35.59  0.9364 0.9981 0.1628 0.8868
Bicubic - - 28.44  0.7148 0.9049 0.5747 0.5700
RDN [52] 1.15 3.73 29.86  0.7742 0.9476 0.4316 0.6713
DBPN [53] 10.43 92.68 29.83 0.7763  0.9487 0.4181 0.6791
RCAN [48] x 4 15.59 36.77 29.75 0.7731  0.9481 0.4137 0.6797
SAN [54] 15.82 37.51 29.72 07727 0.9479 0.4169 0.6779
MHAN [26] 11.35 28.53 29.83 0.7765 0.9488 0.4226 0.6750
Our 2.75 31.74 30.15  0.7835 0.9526 0.4115 0.6860

Parameters (Params) and floating-point operations per second (FLOP) are tested on an LR image with 48 x 48 pixels.

100 images from each category for training and testing, the bold values denote the best results and underlined values
respectively. represent the second-best results. The results suggest that the

Table II reports the average performance of the proposed proposed method achieves better performance than the most
method and other competing deep-learning-based algorithms competitive general/satellite image SR methods (SAN [54]
on the RSCNN7 dataset with scale factors x2 and x4, where and MHAN [26]) in terms of all objective evaluation indexes.
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Bicubic RDN DBPN RCAN
27.79/0.8132 29.61/0.8787 29.61/0.8813

SAN MHAN Our C376
29.62/0.8828 29.72/0.8803 29.82/0.8836 PSNR/SSIM

RDN DBPN RCAN SAN MAHN Our

Fig. 8. Qualitative comparison of the proposed method with six counterparts on a typical satellite image pair from the remote sensing scene classification
network (RSSCN7) dataset with an upsampling factor of x2. Images in the last row visualize the MSE between the SR results and the ground truth.

Bicubic RDN DBPN RCAN
22.38/0.6485 24.41/0.7661 24.54/0.7778 24.39/0.7685

SAN MHAN Our G315
24.51/0.7718 24.53/0.7768 24.93/0.7881 PSNR/SSIM

RDN DBPN RCAN SAN MAHN Our

Fig. 9. Qualitative comparison of the proposed method with six counterparts on a typical satellite image pair from the RSSCN7 dataset with an upsampling
factor of x4. Images in the last row visualize the MSE between the SR results and the ground truth.

The average PSNR values of the proposed method are Figs. 8 and 9 show the reconstructed images on the
0.04/0.32 dB higher than that of the second-best method, with RSCNN?7 dataset from different competing algorithms with
upsampling factors + = 2 and ¢t = 4, respectively. upsampling factors x2 and x4, respectively. Images in the
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TABLE III

QUANTITATIVE COMPARISON OF SEVEN METHODS ON THE UCAS-AOD DATASET. BEST AND SECOND-BEST SCORES ARE HIGHLIGHTED
AND UNDERLINED, RESPECTIVELY. 1 INDICATES THAT THE LARGER THE VALUE, THE BETTER THE PERFORMANCE,
AND |, INDICATES THAT THE SMALLER THE VALUE, THE BETTER THE PERFORMANCE

Methods Scales | #Params/M FLOPs/G PSNR t SSIMt FSIMt LPIPS[50] | MPS [51]t
Bicubic - - 3489 09174 0.9408 0.1443 0.8866
RDN [52] 1.15 3.73 38.17 0.9537 0.9726 0.0723 0.9407
DBPN [53] 5.95 34.76 3830 09548 0.9735 0.0727 0.9410
RCAN [48] x 2 15.44 35.36 38.39  0.9556 0.9740 0.0714 0.9421
SAN [54] 15.67 36.10 38.32  0.9550 0.9737 0.0719 0.9416
MHAN [26] 11.20 26.10 3829 09548 0.9735 0.0723 0.9413
Our 2.75 7.93 38.51 0.9562 0.9742 0.0688 0.9437
Bicubic - - 29.39  0.7685 0.8274 0.4403 0.6641
RDN [52] 1.15 3.73 3144  0.8299 0.8805 0.2639 0.7830
DBPN [53] 10.43 92.68 31.69  0.8362 0.8851 0.2579 0.7892
RCAN [48] x 4 15.59 36.77 3170  0.8359 0.8855 0.2532 0.7914
SAN [54] 15.82 37.51 31.69  0.8360 0.8849 0.2549 0.7906
MHAN [26] 11.35 28.53 31.36 0.8273 0.8791 0.2548 0.7862
Our 2.75 31.74 31.81 0.8385 0.8886 0.2530 0.7928

Parameters (Params) and floating-point operations per second (FLOP) are tested on an LR image with 48 x 48 pixels.

last row present the MSE between the reconstructed images
and the ground-truthing images. Note that the reconstructed
results of RCAN [48] and SAN [54] contain notable image
artifacts. The proposed method is able to capture objects’ main
structural information, thus resulting in well-predicted edges.
Due to the fact that the RSCNN7 dataset is more challenging
than the UC Merced dataset, the performance improvement
of the proposed method on the RSCNN7 dataset is not as
significant as the one on the UC Merced dataset.

D. Comparing With State-of-the-Arts on UCAS-AOD Dataset

The UCAS-AOD dataset is a popular dataset for remote
sensing object detection. It contains 1000 images (1,280 x
659 pixels) collected from Google Earth, which mainly focuses
on planes. We select 900 images and 100 images for training
and testing, respectively.

Table III reports the average performance of the proposed
method and other competing deep-learning-based algorithms
on the UCAS-AOD dataset with scale factors x2 and x4,
where the bold values denote the best results and underlined
values represent the second-best results. It is clear that the
proposed method obtains the best objective results for all
evaluation indicators. Specifically, the average PSNR values of
the proposed method are 0.12/0.11 dB higher than that of the
second-best method, with upsampling factors ¢t = 2 and t = 4,
respectively. RCAN [48] and SAN [54] can obtain satisfactory
results. However, their LPIPS/MPS values are lower than the
proposed method, especially under the scenario of upsampling
factor x2.

Figs. 10 and 11 show the reconstructed images on the
RSCNN?7 dataset from different competing algorithms with
upsampling factors x2 and x4, respectively. Images in the
last row present the MSE between the reconstructed images

TABLE IV

RESULTS OF ABLATION EXPERIMENTS OVER RSSCN7
DATASETS WITH THE SCALE FACTOR x4

Netory | Netsr | Lyp | PSNRT - SSIMT
v - - 29.08  0.7497
- v - 29.14  0.7556
v v - 29.92  0.7786
v v v 30.15  0.7835

and the ground-truthing images. From the reconstructed results
of these methods, we notice that the proposed method is able
to obtain accurate contour and reconstruct texture information
of objects, which is also reflected in the error maps.

E. Ablation Studies

In this section, we perform the ablation studies to verify the
effectiveness of the proposed artifact removal network (Netyy),
the high-frequency generation network (Net,,), and the FFL
on the RSSCN7 dataset. We tabulate the objective results of
the variants of the proposed framework in Table IV. We further
discuss the effectiveness of the proposed components with the
results.

1) Validation on Net,,;: With the removal of the Net,,, the
performance reduces by 0.78 dB (Table IV). As analyzed
in Section I, the edge component of the bicubic version
of the LR image tends to focus on structural and artifact
features, presumably resulting from the process of image
degradation and upsampling. Hence, the direct prediction of
the high-frequency information is artifact-prone, thus reducing
the reconstruction performance.
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:

Bicubic RDN DBPN RCAN
28.93/0.9194 32.71/0.9653 33.55/0.9713 33.52/0.9725

SAN MHAN Our P0986

33.55/0.9728 33.38/0.9728 33.68/0.9729 PSNR/SSIM

RDN DBPN RCAN SAN MAHN Our

Fig. 10.  Qualitative comparison of the proposed method with six counterparts on a typical satellite image pair from the UCAS-AOD dataset with an
upsampling factor of x2. Images in the last row visualize the MSE between the SR results and the ground truth.

Bicubic RDN DBPN RCAN
28.91/0.7530 30.96/0.8370 31.26/0.8442 31.30/0.8456

SAN MHAN Our P0943
31.08/0.8391 30.64/0.8304 31.50/0.8509 PSNR/SSIM

RDN DBPN RCAN SAN MAHN Our

Fig. 11. Qualitative comparison of the proposed method with six counterparts on a typical satellite image pair from the UCAS-AOD dataset with an
upsampling factor of x4. Images in the last row visualize the MSE between the SR results and the ground truth.

2) Validation on Net,,: In this experiment, we keep the by more than 0.8 dB when Net, is removed. As shown in the
Net,¢ while remove Net,, to verify the proposed artifact formula (27), the optimization of the artifact removal network
removal network. We note that model performance reduces is guided by the artifact information of the satellite images,
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Fig. 12.  Impact of Ay in the proposed method.

leading to the smoothness of reconstructed images. Therefore,
the reconstruction image of Nety, is smooth, as shown in
Fig. 5. This proves that the introduction of Net,, benefits the
reconstruction of texture and edges.

3) Validation on Ly: To exploit the effectiveness of fre-
quency prior, we remove the FFL loss function. We observe
that the performance of the proposed method reduces when
FFL loss is discarded from the model, evidenced by a reduced
PSNR of 0.23 dB. FFL is expected to facilitate the align-
ment of textures and edges of reconstructed images and the
ground-truthing images in the frequency domain.

4) Validation on Ag: It is widely acknowledged that the
hyperparameter A in the loss function plays an important role
in balancing the impact of the pixel loss and the frequency
loss. To further validate the effectiveness of the FFL loss
function, we conduct the experiments to test different settings
of parameter Ag. Fig. 12 shows the average PSNR value with
different A ranging from 1 to 20 on the RSCNN7 dataset
with the scale factor x4. When Ag; = 10, the proposed method
achieves the best performance. Excessively large values of A
may weaken the influence of the pixel loss, leading to more
attention paid to global information, while ignoring texture
information.

In order to investigate the performance of the proposed
SDC, we conduct additional experiments as shown in Table V.
As previously discussed, 6 is the control hyperparameter that
affects the performance of the algorithm. First, we replace the
SDC with the convolution layer in the proposed framework
to validate its validity (# = 0). Then, we train the proposed
method with € that increases from between 0 to 1. Without the
SDC, the performance of the proposed method is significantly
degraded (0.2 dB). With the increase of the hyperparameter 6,
the proposed SDC contributes more to extracting gradient-level
detailed information. Note that the proposed method achieves
the best performance when § = 0.8. However, the performance
decreases with the continuous increase of @, presumably due
to the fact that the gradient and content information are
indispensable for SR tasks.

In addition to the above proposed strategy, we also report
the results of different training steps in Table VI. “~” denotes
the residual subtraction learning, and “+4” denotes the residual

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

TABLE V

RESULTS OF THE PROPOSED SDC OVER RSSCN7
DATASETS WITH THE SCALE FACTOR x4

SDC | PSNRT SSIM?t
0=0 | 2995 0.7803
=02 3002 0.7818
0=04| 3003 0.7817
0=06| 3009 0.7824
=08 3015 0.7835
0=1 | 3007 0.7822
TABLE VI

RESULTS ABOUT DIFFERENT TRAINING STEPS OVER
RSSCN7 DATASETS WITH THE SCALE FACTOR x4

Netors | Nets, | PSNRT  SSIM?T
1 - - 30.00 0.7810
2 - + 30.15  0.7835
3 + + 30.04  0.7817
4 + - 30.07  0.7818

“~" denotes the residual subtraction learning and
“+" denotes the residual addition learning.

TABLE VII

COMPARATIVE SR RESULTS ON THE MIRFLICKR-25K
WITH AN UPSAMPLING FACTOR OF x 4

Method PSNR | SSIM | FSIM
Bicubic 2591 | 0.7183 | 0.8140
RCAN [48] | 27.58 | 0.7768 | 0.8712
SAN [54] 27.60 | 0.7771 | 0.8710
MHAN [26] | 27.53 | 0.7764 | 0.8684
Our 27.74 | 0.7801 | 0.8732

addition learning. Pattern “1” denotes a two-stage artifact
removal network while Pattern “3” denotes the utilization of a
residual network. Pattern “4” can be seen as the reverse process
of Pattern “2,” the proposed strategy. Notably, the proposed
strategy achieves the best performance, and the performance
of Pattern “4” achieves the second performance.

F. Model Performance on a Natural Dataset

To further evaluate the expandability of the proposed
method regarding the training data, we conduct addi-
tional experiments on Multimedia Information Retrieval from
FLICKR (MIRFLICKR)-25K [58], a widely used social
image database. As shown in Table VII, the proposed
method presents superiority over the state-of-the-art natural
(RCAN [48] and SAN [54]) and satellite (MHAN [26])
SR methods in terms of PSNR, SSIM, and FSIM with an
upsampling factor x4. From the visual reconstructed results in
Fig. 13, we note that the proposed method can well reconstruct
structures, e.g., the contours of doors and windows.
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Fig. 13. SR results on the MIRFLICKR-25K dataset with an upsampling
factor of x4 SR.

D317 RDN/0.0299 DBPN/0.0251 RCAN/0.0246
D317 /MSE SAN/0.0258 MHAN/0.0249 Our/0.0237
Fig. 14.  Segmentation results via the spatial-spectral kernel. The colored

boxes emphasize the areas where the proposed model outperforms other
competing methods.

G. Performance in Segmentation Task

To further verify the impact of reconstructed images on the
subsequent image segmentation task, we employ an unsuper-
vised spatial-spectral kernel (with default parameters) [59] as
the segmentation filtering for satellite image semantic segmen-
tation. As shown in Fig. 14, the colored boxes highlight the
areas where the proposed model outperforms other competing
methods. Note that the bridge crossed the long river (see
the yellow box) in the results of DBPN, MHAN, and the
proposed method can be accurately delineated. For the two
roads in the lower-left corner, only the proposed method can
reconstruct their shapes, suggesting its superior performance
compared with other state-of-the-art algorithms. In order to
quantitatively evaluate the segmentation results, we employ
the MSE to measure the distance between the predicted results
of SR and HR images. It is clear that the proposed method
achieves optimal quantitative results (i.e., 0.00237).

V. CONCLUSION

In this work, we develop an end-to-end deep CNN frame-
work that decomposes a HR image into three components,
i.e., LR, artifact, and high-frequency information. The pro-
posed method includes two major subnetworks, i.e., an artifact
removal network and a high-frequency generation network.
We employ the SDC block to exploit the structural informa-
tion hidden in the ringing effect for the artifact prediction.
Considering the complementary nature between the artifact
image and the residual image, we introduce an SSC block
to connect these two networks. Numerous experiments and
ablation studies demonstrate that the proposed method exhibits
state-of-the-art performance. Future works are expected to
employ LR images as input and reduce the computational
demand.
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