
Parallel-Connected Residual Channel Attention

Network for Remote Sensing Image

Super-Resolution

Yinhao Li1[0000−0002−8924−5279], Yutaro Iwamoto1[0000−0001−6723−8652],
Lanfen Lin2[0000−0003−4098−588X], and Yen-Wei Chen1,2,3[0000−0002−5952−0188]

1 College of Information Science and Engineering, Ritsumeikan University, Japan
{gr0278ps@ed, yiwamoto@fc, chen@is}.ritsumei.ac.jp

2 College of Computer Science and Technology, Zhejiang University, China
llf@zju.edu.cn

3 Research Center for Healthcare Data Science, Zhejiang Lab, China

Abstract. In recent years, convolutional neural networks (CNNs) have
obtained promising results in single-image super-resolution (SR) for re-
mote sensing images. However, most existing methods are inadequate
for remote sensing image SR due to the high computational cost re-
quired. Therefore, enhancing the representation ability with fewer pa-
rameters and a shorter prediction time is a challenging and critical task
for remote sensing image SR. In this paper, we propose a novel CNN
called a parallel-connected residual channel attention network (PCR-
CAN). Specifically, inspired by group convolution, we propose a paral-
lel module with feature aggregation modules in PCRCAN. The parallel
module significantly reduces the model parameters and fully integrates
feature maps by widening the network architecture. In addition, to reduce
the difficulty of training a complex deep network and improve model per-
formance, we use a residual channel attention block as the basic feature
mapping unit instead of a single convolutional layer. Experiments on a
public remote sensing dataset UC Merced land-use dataset revealed that
PCRCAN achieved higher accuracy, efficiency, and visual improvement
than most state-of-the-art methods.

1 Introduction

High-resolution (HR) remote sensing images with rich detailed geographic in-
formation and textures play a vital role in remote sensing image analysis, such
as traffic flow monitoring, disaster analysis, and vegetation coverage. However,
due to hardware limitations and factors such as the orbit altitude, revisit cycle,
instantaneous field of view, and optical sensor, the spatial resolution of satellite
images is usually unsatisfactory in ordinary civilian applications [1, 2].

Super-resolution (SR), which aims to recover HR images with rich high-
frequency details from the corresponding low-resolution (LR) counterparts using
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software, is capable of solving the problem of insufficient resolution of remote
sensing images. So far, various methods, including interpolation-based [3, 4],
reconstruction-based [5], and learning-based [6–17] methods have been proposed
to address image super-resolution (SR).

In recent years, single image super-resolution (SISR) based on convolutional
neural network (CNN) has become the mainstream method due to its high per-
formance and fast prediction speed [8–17]. In 2014, Dong et al. [8] proposed
a neural network model consisting of three convolutional layers referred to as
SR convolutional neural networks (SRCNNs). Then, Kim et al. proposed a very
deep neural network for image SR (VDSR) [9], in which only the residual map
between the LR image and HR image requires to be learned for restoring lost
high-frequency details. Since most regions’ residuals are close to zero, the model
complexity and learning difficulty are reduced significantly. Motivated by local
residual learning proposed by He et al. [18], several methods based on ResNet
were proposed for the SR image [19–21]. The residual connection models with
a deeper CNN structure yield higher accuracy. Zhang et al. [16] combined the
advantages in the structure of residual connection and dense skip connection
to propose a residual dense network (RDN). Zhang et al. [17] used the chan-
nel attention mechanism to optimize the residual block and proposed a residual
channel attention network (RCAN) to further improve the performance of SR
CNN models. Also, CNN-based models have been widely used in remote sensing
image super-resolution tasks in recent years. For instance, to learn the multi-level
representation of remote sensing images, Lei et al. proposed an algorithm called
local-global combined network [22]. Haut et al. [23] proposed an unsupervised
SISR method and presented a model using the generative adversarial network to
learn the image distribution. Xu et al. [24] proposed a new method called deep
storage connection network to reduce the time consumption of reconstructing
the resolution of remote sensing images.

From the perspective of the development trend of CNNs, many SR meth-
ods have deepened the CNN for improved performance [15–17]. With increased
depth, the features in the deep neural network layers become hierarchical with
different receptive fields. Therefore, hierarchical features from the network can
provide additional clues for image resolution reconstruction tasks. However, by
blindly pursuing depth, the model will treat feature maps containing different
receptive fields equally, thereby limiting the expressive ability of the model. In
addition, complex deep models tend to have a high computational cost and
training difficulty, which hinder their practical application.

To address these problems, a preliminary version of this work was pre-
sented [25,26], where we introduced the basic structure of parallel connected net-
work. In this study, to demonstrate the effectiveness parallel connected network
for remote sensing image SR, we propose a parallel-connected residual channel
attention network (PCRCAN) that is more effective for feature representation
and high-frequency detail restoration. Inspired by group convolution [27], we
combined a new structure based on parallel connections to broaden the network
(i.e., make deeper layers wider). To improve the information fusion between the
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main line and branch lines and enhance the expressive ability of the model, we
propose information aggregation modules to perform secondary processing on
the feature maps of the upper branch lines. In addition, the residual channel at-
tention structure introduced in [17] effectively reduces the training difficulty of
complex CNN models suffering from the vanishing gradient problem. Therefore,
to replace the standard full convolution, we use the residual channel attention
block (RCAB) as the basic feature mapping unit.

Our contributions consist mainly of the proposed unified end-to-end archi-
tecture and are summarized as follows:

• We propose a novel deep CNN for remote sensing image SR. The proposed
model has a deep and wide structure, and fully integrates hierarchical feature
maps, especially feature maps with large respective fields. Our results demon-
strate that the proposed model outperforms state-of-the-art methods in terms
of accuracy and efficiency.

• We propose a novel building block called the parallel module that contains
a parallel-connected architecture and feature aggregation module. This strategy
can reduce the network parameters and calculations without compromising the
accuracy of the results. In addition, to reduce the difficulty of training a complex
deep model, we use the RCAB as the basic feature mapping unit. Both the
parallel module and the RCAB architecture improve the representation ability
of the network.

2 Method

In this section, we describe the architecture of the proposed PCRCAN, includ-
ing the parallel module and mathematical expressions. The feature aggregation
module and RCAB in the parallel module are described in detail followed by the
loss function used in this study.

2.1 Network Architecture

As shown in Fig. 1, the proposed PCRCAN consists of a parallel module, a global
residual branch, and an upscale module. Let us denote the input and output of
the PCRCAN as ILR and IHR, respectively. Here, we use one convolutional
layer to extract shallow features as the same in [28]. The first convolutional
layer extracting features I0 from the low-resolution (LR) input can be obtained
by

I0 = HEX(ILR), (1)

where HEX(·) denotes the convolution operation. I0 is then used for global resid-
ual learning. Many studies have demonstrated that the global residual learning
can effectively avoid gradient disappearance, reduce the training difficulty, and
increase the training speed. Therefore, we focus on restoring the residual part of
LR feature maps.
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Fig. 1. Network architecture of proposed parallel-connected residual channel attention
network (PCRCAN).

To further extract features and increase the number of channels for sub-
sequent feature fusion, we add a convolutional layer inside the global residual
branch, which can be represented as

IRES0 = σ(HEXD(I0)), (2)

where HEXD(·) and σ(·) refer to the convolution operation and rectified linear
unit (ReLU) [29], respectively.

Then, we perform deeper feature extraction and fusion on IRES0 through our
proposed parallel module. The operation can be obtained by

IPM = HPM (IRES0), (3)

where HPM (·) denotes a composite operation using the parallel module, and
IPM represents the output of the parallel module. Further details about the
parallel module are provided in Section 2.2.

For the two inputs of the global residual branch to be of the same size, we
concatenate and filter the output feature maps of the parallel module. Thus, the
residual information of the global residual branch IRES can be formulated as

IRES = HFIL(HCON (IPM )), (4)

where HCON (·) and HFIL(·) denote the concatenation layer and the convolu-
tional layer, respectively.

Finally, inspired by [13, 16], we use a pixel shuffle layer introduced in [13]
to directly output the corresponding HR image, which reduces the convolution
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operations and improves the speed with virtually no impact on the performance”.
Thus, the output HR image IHR can be obtained by

IHR = PS(I0 ⊕ IRES), (5)

where PS denotes the pixel shuffle operation, and ⊕ denotes the element-wise
sum operation.

2.2 Parallel Connection Module

In this subsection, we introduce the parallel connection module using the group
convolution [27] and our proposed feature aggregation module. Fig. 1 demon-
strates that each branch can be viewed as separate from the upper branch us-
ing group convolution. Besides, to better integrate the feature maps of other
branches, we use all the feature maps of the previous layer of other branches as
input of a new branch, called the feature aggregation module. We demonstrate
that the proposed model based on parallel connections can use features in deep
layers more effectively. Furthermore, to reduce the difficulty of training complex
models and improve the accuracy of the network, we use the RCAB as the basic
feature mapping unit instead of a single standard convolution, as described in
Section 2.3.

Supposing that we have D layers in the main line (first branch) of the parallel
module, the output Ii,j (j ≥ 1) of the j-th layer in the i-th line can be obtained
by

Ii,j = HRCAB
i,j−1 (Ii,j−1), (6)

where HRCAB
i,j (·) denotes the operations of the j-th layer in the i-th branch using

the RCAB.

To fully extract and fuse features, we propose a feature aggregation module
that combines feature maps with the same receptive fields in other layers at the
beginning of each branch. Thus, the input of the first layer of each branch Ii,0
can be represented as

Ii,0 =

{

IRES0 i = 1
σ(Hi,0([I1,i−1, I2,i−2, . . . , Ii−1,1])) i = 2, 3, . . . , D

(7)

where [I1,i−1, I2,i−2, . . . , Ii−1,1] refers to the concatenation of the feature
maps produced by the (i−1)-th convolutional layer in the first branch (mainline),
the (i−2)-th convolutional layer in the second branch, . . . , the first convolutional
layer in the (i− 1)-th branch. In our SR model, the number of channels in each
layer is K. Hi,0(·) denotes a convolution operation, which reduces the channel
from (i−1)K to K and performs preliminary fusion of the feature maps obtained
from the other branches. σ denotes the ReLU activation function. Thus, we can
obtain a series of feature maps [I1,D, I2,D−1, . . . , ID,1] using the parallel module.
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2.3 Residual Channel Attention Block

To further improve the network performance while reducing the difficulty of
training a complex model, inspired by [17], we introduce the RCAB, which con-
sists of a residual connected architecture and a channel attention module. The
channel attention architecture can effectively improve the performance of the
network; however, it increases the computational cost and complexity of the
network, thereby increasing the difficulty of training a CNN. Therefore, using
residual learning to prevent gradient disappearance can reduce the model train-
ing difficulty and increase the training speed.

According to the method described in [17], for the j-th RCAB in the i-th
branch, we have

Ii,j = Ii,j−1 + IRES
i,j = Ii,j−1 +HCA

i,j (I0i,j), (8)

where HCA
i,j (·) refers to the channel attention module and I0i,j is the output of

preliminary mapping in the RCAB module. IRES
i,j is the residual of Ii,j and

Ii,j−1. I
0
i,j can be obtained by

I0i,j = H
RCAB(2)
i,j (σ(H

RCAB(1)
i,j (Ii,j−1))), (9)

where H
RCAB(1)
i,j (·) and H

RCAB(2)
i,j (·) represent the first and second convolution

operation in the j-th RCAB of the i-th branch, respectively, and σ(·) is the
ReLU activation function.

The output IRES
i,j of the channel attention operation, which is a key step for

generating different attention for each channel-wise feature, can be expressed by

IRES
i,j = I0i,j ⊗ δ(H

CA(2)
i,j (σ(H

CA(1)
i,j (HGP

i,j (I0i,j))))), (10)

whereHGP
i,j (·) represents the global pooling operation andH

CA(1)
i,j (·) andH

CA(2)
i,j (·)

represent the first and second convolution operation in the channel attention
module, respectively. δ(·) refers to the sigmoid activation function. ⊗ refers to
the element-wise product operation.

Based on the parallel module and RCAB, we can construct a very deep and
wide PCRCAN for highly accurate image SR and achieve notable performance
improvement over previous state-of-the-art methods.

2.4 Loss Function

In this study, our models are optimized by the L1 norm function. The absolute
difference (L1 norm) between the output SR of the network and GND HR images
can be expressed by

LossL1 =
1

HW

W
∑

y=1

H
∑

x=1

∣

∣ISR
x,y − IHR

x,y

∣

∣ , (11)
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where ISR is the SR output from the deep learning model, and IHR is a GND
HR image of size H × W . Although the L2 norm is widely used in the image
restoration due to its relationship with the peak signal-to-noise ratio (PSNR),
the L1 norm offers better convergence and performance [16,28,30,31].

3 Experiments

3.1 Data Preparation and Parameter Settings

We followed the selection of [32] and used AID [33] as our training dataset.
This dataset contained 30 land-use scene images, such as airports, deserts, and
stadiums. We randomly selected 80 images of 600× 600 pixels in each category
to train the model, and used the remaining 20 images of 600 × 600 pixels in
each category are used as the validation set. We used the initial images as GND
HR images and degraded them to LR images at scale factors ×2 and ×4 in X
and Y directions by bicubic interpolation. To evaluate the performance of our
proposed method, we used the UC Merced land-use dataset [34], which included
21 land-use classes, including buildings, forests, and freeways. We converted raw
red-green-blue (RGB) data to YCbCr space and used the Y channel to train and
test all models. The SR results were evaluated with the PSNR and structural
similarity (SSIM) [35] on the Y channel of the transformed YCbCr space.

We set the number of channels in the first layer of the proposed PCRCAN as
2 to the N -th power. N is equivalent to the scale factor. The number of channels
of the second layer of PCRCAN and convolutional layers in the parallel module
was set to 32.

We randomly extracted 16 LR patches with a size of 64× 64 pixels as inputs
in each training batch of our proposed PCRCAN. The other state-of-the-art
models followed the settings in their corresponding papers. We used Adam as
the optimizer and set the learning rate to 10−4. We set the number of epochs to
infinity, and stopped training when the loss function had 25 subsequent epochs
without reduction. We implemented all the models in Keras with an NVIDIA
Quadro RTX 8000 GPU. The operating system and central processing unit were
Ubuntu 16.04 LTS and Intel Core i9-9820X, respectively.

3.2 Quantitative Results

Table 1 presents the quantitative results (i.e., mean PSNR, SSIM, number of
parameters, and prediction time) of our proposed models, bicubic interpolation,
and four state-of-the-art methods: SRCNN [8], VDSR [9], RDN [16] and RCAN
[17]. We evaluated the performance of our proposed remote sensing image SR
network PCRCAN on the UC Merced dataset with two different upsampling
factors, ×2 and ×4.

The PSNR of our method was almost identical to that of RCAN. However,
the number of parameters in our network was much smaller than that of RCAN.
For instance, compared with RCAN, in the task of magnifying remote sensing
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Table 1. PSNR (dB), SSIM values, prediction time, and number of parameters of
different methods on UC Merced dataset for scale factors ×2 and ×4.

Method Scale PSNR SSIM
#param.

(M)
Time
(s)

Bicubic ×2 30.60 0.8944 - -
SRCNN [8] ×2 31.26 0.8985 0.008 1.346
VDSR [9] ×2 33.68 0.9215 0.666 1.568
RDN [16] ×2 34.03 0.9249 6.982 3.162
RCAN [17] ×2 34.09 0.9249 7.666 4.988
PCRCAN w/o RCAB (D = 10) [ours] ×2 33.80 0.9230 0.844 2.176
PCRCAN (D = 10) [ours] ×2 34.00 0.9243 1.452 3.810
PCRCAN (D = 12) [ours] ×2 34.06 0.9246 2.080 4.570
PCRCAN (D = 15) [ours] ×2 34.08 0.9252 3.232 6.361

Bicubic ×4 25.32 0.8051 - -
SRCNN [8] ×4 25.77 0.8107 0.008 1.440
VDSR [9] ×4 26.93 0.8341 0.666 1.428
RDN [16] ×4 27.22 0.8393 6.982 2.873
RCAN [17] ×4 27.31 0.8407 7.666 4.611
PCRCAN w/o RCAB (D = 10) [ours] ×4 27.15 0.8381 0.882 1.807
PCRCAN (D = 10) [ours] ×4 27.33 0.8405 1.490 3.387
PCRCAN (D = 12) [ours] ×4 27.33 0.8407 2.125 4.244
PCRCAN (D = 15) [ours] ×4 27.33 0.8409 3.287 6.111

images twice, our proposed PCRCAN (D = 15) had higher SSIM while requiring
less than half of the parameters. In the task of magnifying remote sensing images
four times, our proposed models outperformed the state-of-the-art methods in
terms of accuracy. Note that the element-wise sum and element-wise product
operations in RCAB did not increase the network parameters, but the extensive
use of RCAB increased the prediction time significantly. To solve this problem,
our proposed PCRCAN (D = 10) used fewer parameters to outperform RCAN
in terms of accuracy and efficiency. Although both the proposed PCRCAN and
RCAN used RCAB as the basic feature extraction and fusion unit, the proposed
parallel module enabled our models to obtain the same level of performance
as the state-of-the-art methods in terms of accuracy, while less than half of
parameters were required. As a result, the experimental results thus demonstrate
that the proposed method based on the parallel module with feature aggregation
and RCAB was better able to extract and fuse feature maps to reconstruct HR
remote sensing images.

3.3 Visual Results

To fully evaluate the effectiveness of our method, we present several visual com-
parisons on scales ×2 and ×4 in Figs. 2 and 3, respectively. The results indicate
that the proposed PCRCAN performed well in a real scenario. As illustrated in
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Fig. 2. Visual comparison of some representative SR methods and our model on ×2
factor.

Fig. 3, for the large scale factor ×4, the bicubic upsampling strategy resulted
in loss of texture and thus produced blurry SR results. SRCNN and VDSR tak-
ing such bicubic interpolated images as network inputs will produce erroneous
texture, resulting in low SR image quality. Although RDN and RCAN used the
original LR image as input, they were unable to restore the correct texture struc-
ture, while our PCRCAN can recover more texture in the original corresponding
HR image.

4 Conclusions

In this paper, we propose a novel CNN called PCRCAN to improve the repre-
sentation of deep CNNs and achieve improved performance in remote sensing
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Fig. 3. Visual comparison of some representative SR methods and our model on ×4
factor.

image SR task. Specifically, we propose a parallel module as the core building
module of our SR model for feature extraction and fusion. We use the RCAB
as the basic feature mapping unit instead of a single convolution layer. This
architecture can improve the network representation capability and stabilize the
training. Furthermore, because the proposed parallel module is built based on
group convolution and a feature aggregation structure, we can avoid the loss of
accuracy due to poor channel circulation while constructing a lightweight model.
The experimental results demonstrate that our proposed method obtained ac-
curate results with fewer parameters and outperformed most state-of-the-art
methods in terms of accuracy and efficiency.
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