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Cascading and Enhanced Residual Networks for
Accurate Single-Image Super-Resolution

Rushi Lan

Abstract—Deep convolutional neural networks (CNNs) have
contributed to the significant progress of the single-image
super-resolution (SISR) field. However, the majority of exist-
ing CNN-based models maintain high performance with massive
parameters and exceedingly deeper structures. Moreover, several
algorithms essentially have underused the low-level features, thus
causing relatively low performance. In this article, we address
these problems by exploring two strategies based on novel local
wider residual blocks (LWRBs) to effectively extract the image
features for SISR. We propose a cascading residual network
(CRN) that contains several locally sharing groups (LSGs), in
which the cascading mechanism not only promotes the propaga-
tion of features and the gradient but also eases the model training.
Besides, we present another enhanced residual network (ERN)
for image resolution enhancement. ERN employs a dual global
pathway structure that incorporates nonlocal operations to catch
long-distance spatial features from the the original low-resolution
(LR) input. To obtain the feature representation of the input at
different scales, we further introduce a multiscale block (MSB) to
directly detect low-level features from the LR image. The exper-
imental results on four benchmark datasets have demonstrated
that our models outperform most of the advanced methods while
still retaining a reasonable number of parameters.

Index Terms—Convolutional neural network, multiscale
learning, residual learning, single-image super-resolution (SISR).
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I. INTRODUCTION

UPER-RESOLUTION (SR) image reconstruction is

widely used in many practical cases, such as military
surveillance, medical diagnostics, satellite images, and video
applications, and the demand for high-resolution (HR) images
has dramatically increased recently. In practice, the qual-
ity of image resolution is limited by physical constraints.
Much of the SR algorithms have been proposed to address
this problem, and they can be broadly divided into models
developed for still images or for video sequences. In this
article, we focus on single-image super-resolution (SISR).
The task of recovering super-resolved HR images ISR from
low-resolution (LR) versions ™ is ill-posed since a num-
ber of HR solutions can map to any LR image. Therefore,
numerous approaches have been developed so far, including
interpolation-based, reconstruction-based, and learning-based
methods [31], [45], [51], respectively.

The interpolation-based algorithms, such as bicubic inter-
polation [17], are very fast but suffer from lower accuracy
and are limited in applications. More advanced reconstruction-
based SR algorithms [29], [36] are proposed by introduc-
ing prior knowledge to limit the possible solution space.
These methods can recover sharp details but rapidly degrade
as scale factors increase; subsequently, the learning-based
methods [4], [15], [26], [43], [44], [50], [56] are employed
that exploit machine learning algorithms to analyze relation-
ships between the IR image and the corresponding /"R image
by training substantial examples. Although such learning-
based methods are outstanding, they involve time-consuming
optimization operations.

Currently, deep convolutional neural networks (CNNs)
have contributed to the significant progress of the SISR
field because of their superior ability of feature repre-
sentation. Dong et al. [7], [8] first proposed a convolu-
tional model to solve the SISR problem in 2014, which
became a milestone in the image restoration area. Since
then, more complicated networks were designed to enhance
the performance [10], [16], [18], [19], [21], [23], [25], [39],
[40], [58]. Lim et al. [25] proposed a very deep and
wide model with residual blocks and achieved satisfactory
performance in terms of both peak signal-to-noise ratio
(PSNR) and structural similarity (SSIM) [48]. Although
these networks present promising results, there are some
limitations to the CNN-based models: 1) the state-of-the-
art models [23], [25], [47], [57], [58] mainly concentrate on
improvements obtained via substantially increasing the depth
or the width; thus, they have massive parameters and consume
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increasingly more computational resources, time, and tricks
during training and 2) most of the CNN-based models do not
fully use the hierarchical features from the original LR image.

To address these drawbacks, we explore two strategies to
effectively extract features for accurate SISR. First, we propose
a cascading residual network (CRN) for more efficient feature
extraction. Specifically, we introduce a cascading connections
mechanism for better feature fusion and gradient propagation.
With such a mechanism, our network can incorporate fea-
tures from multiple layers at both the local and global level.
Moreover, a locally sharing group (LSG) structure is proposed,
in which the local wider residual blocks (LWRBs) are stacked
to exploit the feature of the ™R image and allow the abundant
low-level features to be passed.

Second, we present another enhanced residual network
(ERN) for SISR. In this method, we introduce a dual global
pathway structure for a more powerful feature expression.
This schema incorporates nonlocal operations to catch long-
distance spatial features from original LR input. Meanwhile,
by stacking LWRBs, we can boost the feature representation
ability. To fully use the low-level information, we addition-
ally introduce a multiscale block (MSB) that directly extracts
low-level features from the original /™R image at different
scales.

As the key component of our proposed networks, the
LWRB contains two convolutional layers and a nonlin-
ear layer ReLU. We exploit wider channels before the
ReLU layer for building an inverted residual block, and
it leads to significant improvements, due to the fact that
using the activation function in bottlenecks indeed hurts the
performance [34]. As discussed above, the latest state-of-
the-art models [25], [58] maintain high performance with
massive parameters and exceedingly deeper structures (e.g.,
over 100 layers). Compared with these models, our meth-
ods are more efficient since the parameters of the proposed
models are only approximately 1/4 and 1/2 of those of the
referenced algorithms, respectively, and the proposed models
are considerably lower than them in depth. Experimentally,
our methods show gain similar superior results regarding
PSNR and SSIM.

The main contributions of this article are summarized
as follows.

1) We propose the LWRB, which not only effectively
preserves features via expanding the low-dimensional
representation to high dimension before the activation
function but also utilizes the information of all layers
within a block via an identity connection.

2) We introduce a cascading schema to effectively boost
feature fusion and gradient propagation. Such a mech-
anism enables our network to incorporate the features
from multiple layers. Furthermore, an LSG structure
is used to build the network and enhance its future
expression.

3) We present an ERN for accurate SISR, which mainly
contains the dual global pathway and several LWRBs.
The global structure incorporates nonlocal operations
to catch long-distance spatial features from original
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LR input. Meanwhile, stacking the residual blocks can
enhance the representational capability.

The remainder of this article is arranged as follows. In
Section II, we present a brief review of the relevant works
on SISR. In Section III, we provide the architecture of the
proposed networks in detail. In Section IV, we show extensive
results to evaluate the proposed methods. Finally, we conclude
the proposed methods in Section V.

II. RELATED WORKS

In this section, we briefly introduce some works that are
related with our proposed models.

A. SISR Using Convolutional Neural Networks

Recently, CNN-based models have achieved dramatic suc-
cess against traditional methods in image recovery, especially,
super-resolution, given their powerful ability of feature expres-
sion. Dong et al. [7] first proposed a CNN-based algorithm
to directly learn an end-to-end mapping between the /'R
image and the ISR image. In their work, the model called
SRCNN consists of three convolutional layers and shows an
impressive performance over the conventional methods, such
as sparse coding [29] and bicubic interpolation [17]. Later,
many advanced models were developed by designing more
complex CNN architectures. VDSR [18] introduced residual
learning to increase the depth of the network and proved
that this strategy can improve reconstruction performance and
accelerate convergence. DRCN [19], a deeply recursive neu-
ral network for SISR, uses the same convolutional kernel in
the reference network 16 times. By doing so, it can efficiently
reduce the number of parameters. Notice that all of these meth-
ods use the interpolated image as input; this behavior not only
leads to detail-smoothing effects but also relatively increases
the computational cost and time consumption.

To address the problem of computational efficiency, several
algorithms were proposed to automatically learn a mapping
from IR to ISR, FSRCNN [9] and ESPCN [35] explored two
different active upsampling modules to reconstruct the low-
quality image. The former used the standard deconvolution
layer [53], which upsamples the previous features with an
arbitrary interpolation operator and a subsequent convolution
operator with a stride of 1. Rather than increasing resolution
by inserting zero values, the latter introduced a subpixel con-
volution layer, which expanded the channels of the output
features and then reshaped them to generate the HR out-
put through a specific mapping criterion. It has been proven
that the subpixel layer provides more contextual information
and the interpolation is more efficient. Thanks to these mer-
its, most of the following works also adopted this module,
such as SRResNet [23], EDSR [25], and RDN [58]. Although
impressive results have been achieved by these mentioned
methods, most of them tend to consume a lot of computational
resources.
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B. Skip Connections

The concept of skip connections is first introduced in
ResNet [11] and has been widely employed in diverse
computer visual tasks, such as image restoration [40] and
semantic segmentation [5], [6], [30], [41]. Since the plain SR
network is hard to go deeper, various skip connections were
introduced and achieved additional gain in performance. This
strategy can be roughly divided into two categories, that is,
global or local residual connections and dense connections.

1) Global or Local Residual Connections: The LR image is
highly connected to the HR image in such an image-to-image
translation task. Learning the residual map between these
two images can capture the missing high-frequency details.
VDSR [18], the first residual model used in super-resolution,
proved the assumption that residual learning can improve the
representation ability and accelerate convergence. Thus, this
approach is widely used in the SR models [22], [47], [49].

2) Dense Connections: DenseNet [12], an effective
network based on skip connections, allows the current layer to
be connected with all the preceding layers. This schema pro-
vides richer information for recovering high-resolution details.
Consequently, dense connections were introduced into the SR
field [1], [10], [40], [46], [47], [58].

Memnet [40], proposed by Tai et al., stacks memory blocks
and adds the dense connections among each block. Based on
this construction, the approach keeps a short and long memory
of low-level features. RDN [58] used a similar architecture but
is more useful to extract hierarchical features. Different from
the aforementioned models, CARN [1] implemented a cas-
cading connection mechanism to improve the SR performance
and decrease operations. Haris et al. [10] proposed D-DBPN,
which performs iterative upscaling and downscaling opera-
tions with dense connections and provides an error feedback
mechanism for tuning the high-resolution results. This schema
further improves the SR performance, especially, in a large
enlargement such as x8 SR.

C. Multiscale Learning

To optimize the sparse local features in a convolutional
module, Szegedy et al. [38] proposed the inception module.
This architecture processes the input data at various scales and
then aggregates those information as input of the next stage
to gain different abstract features. Inspired by [38] and [37],
MSRB [24] was introduced as a multiscale residual block that
used a 3x3 and a 5x5 kernel to adaptively extract local fea-
tures and a 1 x 1 Conv layer to fuse the feature maps. It showed
that performing different kernel operations could provide bet-
ter extraction capability. However, this manner cannot cover
a large range of receptive fields and generate more detailed
layerwise multiscale representations.

ITI. PROPOSED APPROACH

In this section, we present a detailed description of the
design methodology of our proposed networks and, then,
discuss the difference between our methods and other state-
of-the-art ones.
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A. Network Architectures

The VGG-like algorithms of SISR do not make full use
of the feature information from low-level layers, such as
ESPCN [35] and FSRCNN [9]. The deeper models usually
contain massive parameters for gaining the state-of-the-art
performance. To better address the mentioned problems, we
introduce two different strategies: 1) cascading connection
structure and 2) globally dual residual path. The pipeline of
our models includes three steps. Taking an /"R image as input,
a feature extraction module is used to obtain features from
the low-quality image, and then these features are sent to
the mapping stages. Finally, a simple upsampling block con-
tains a convolutional layer, and a pixel-shuffle layer is adopted
to enlarge the LR image. The main difference between these
models is the mapping stages.

Specifically, let us denote /'R and as the input and out-
put of our models. We use two convolutional layers to extract
low-level information from /™R inputs

Fext = Hex(I'R) (1)

ISR

where Hex((-) means the convolution operation, and then Fex is
sent to the mapping stages for higher level feature abstraction,
we have

Fmap = Hmapm (Hmapm,l ( o (Hmapl (Fext)) o )) (2)

where Hpap(-) denotes our proposed mapping function and
Hinap,,_, and Hp,p, are the input and output of the mth LWRB,
respectively. Finally, these features are upscaled via a single
upsampling block

Fup = Hup(Fmap) (3)

where Hyp(-) represents an upscale module. There are many
strategies to enlarge features, such as pre-upsampling [7];
post-upsampling [9], [35]; progressive upsampling [21]; and
iterative upsampling and downsampling [10]. The post-
upscaling method is used in this article and we chose the
subpixel convolution layer [35] as the magnification function,
which is proven effective to increase resolution. Therefore, our
approach can be formulated as

PR = Hyp(Hmap (- - (Hexe (I'Y))) -+ -). “)

B. Local Wider Residual Block

Residual networks [11], [18], [32] have exhibited note-
worthy performance in computer vision areas, ranging from
low-level to high-level problems. Although Lim et al. [25]
successfully improved the ResNet architecture to address the
SISR problem with EDSR, we further explore a better residual
block to enhance the performance.

As shown in Fig. 1, the central building component of
our proposed architectures is the basic residual block, which
includes two convolutional layers and has been studied in [25].
This component is utilized to map the low-level features to
HR space. We compare the building block from the origi-
nal ResNet [11] and our proposed block. The modifications
include the following: 1) removing BN layers; 2) reducing
ReLU layers reasonably; and 3) expanding features before the
ReLU layer.
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Fig. 1.  Comparison of residual blocks in original ResNet and ours. We
remove the BN layers and expand features before the ReLU activation layer.
We experimentally show that this simple modification substantially reduces
the number of parameters and computational costs while regularly achieving
superior results.

Recently, most of the PSNR-oriented tasks, including SISR,
tend to remove BN layers [14] because it has been proven
that the BN layers have a side effect on the final results of
image super-resolution while increasing computational com-
plexity [23], [25], [58]. The BN layers normalize the features
among minibatches by using the mean and variance in a
batch during training or testing. Regarding SISR, the LR
input image and the reconstructed image have a similar struc-
ture; this layer makes it difficult to estimate the target image
since the BN layers tend to introduce artifacts and limit
the flexibility of networks. Note that we also tried to intro-
duce other normalization methods to boost performance (e.g.,
weight normalization (WN) [33] and switchable normaliza-
tion (SN) [28]), and experimentally showed that this is a
time-consuming trick that causes extra computation but does
not lead to better performance than an approach without nor-
malization. Thus, we avoid using any normalization layers.
Generally, the activation layer follows a specific convolu-
tional layer to maintain the high nonlinearity of deep neural
networks. However, we only use ReL.U after the first convo-
lutional layer in each basic block, given the assumption that
the nonlinear ReLLUs prevent the information in the low-level
layer flow into deeper layers [34]. Moreover, we expand wider
channels before the activation layer to capture more spatial
information. Experimentally, these adjustments substantially
reduce the number of parameters and the consumption of
computational materials while achieving superior results.

Besides, the proposed block is different from EDSR [25]. A
wider channel is used throughout the block in EDSR (e.g., it
increased the channel up to 256), which dramatically increases
the number of parameters and poses a challenge to train
the model. In our models, we expand features before the
ReLU activation layer and the low-level channel following
it. Empirically, we found that it does not affect the great
performance of the SR models while reducing a large number
of parameters.

C. Cascading Residual Network

We now present our cascading residual network. Cascading
connections have been widely applied to various computer
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vision tasks [1], [12], [27] since they allow the propagation
of information across multiple paths. In Fig. 2, the mapping
stages of our cascading network include G LSGs with skip
connections. Each LSG further contains B LWRBs.

Expressed formally, let G,,; be the output of the G;th group.
To increase the receptive field of the feature extraction module
and reduce the number of parameters, we stacked small kernel
sizes (e.g., 1 x 1 and 3 x 3) rather than directly using a large
kernel size (e.g., 7x 7 and 11 x 11). The low-level features Fex;
are attained via the module and then sent to the Gjth group
and final upsampling block. The output G, of the G;th group
flows into one of the subsequent groups. Finally, a simple
upscaling block is adopted to merge hierarchical features and
enlarge the LR image.

Locally Sharing Group: It has been proven that stacking
residual blocks is useful to build a deep architecture [18], [25].
However, a very deep plain network generally suffers from
training difficulty due to the problem of the vanishing or
exploding gradient. Thus, we propose an LSG as the basic
unit. Given that stacking the residual blocks within a rea-
sonable range can gain better performance, we accordingly
investigate the number of LWRB included in the group. Then,
the Gjth group can be expressed as

Gout,- = Hlsg (Gout,;l) 5

where His(-) is the function of the Gjth group. Gou,_,
and G,,; denote the input and output of the G;th group,
respectively.

D. Enhanced Residual Network

As previously discussed above, the low-level features from
the original input play a significant role in the SR task and
many previous CNN-based methods ignore their importance.
Based on this perception, we utilized an enhanced residual
structure that contains a dual pathway structure.

Similar to the process of CRN, the low-level features are
extracted by the feature extraction module and the MSB simul-
taneously. The output of the feature extraction block Fey is
sent to the mapping stages, which consist of several LWRBs to
enhance the deep feature representations and the final upsam-
pling module. The output of MSB (Fpsp) directly operates
an elementwise sum with Fi,, and Fex via the long skip
connections so that the features can be fully used in the recon-
struction step. Subsequently, these refined features flow into
the upsampling module for enlargement. We define the process
as follows:

]SR = Hl_lp(FCXt + Fmdp + Fme)' (6)

Dual Global Pathway: The global residual paths are shown
in Fig. 3, where the top branch is designed to extract the
low-level information with different kernel sizes (see Fig. 4)
and the bottom path is a typical global connection to ensure
a deeper network. This global structure incorporates nonlo-
cal operations to catch long-distance spatial features from the
original LR input; thus, we can take advantage of the low-level
features to improve performance.

MSB: To optimize the sparse local features in a convolu-
tional module with different scales, we propose the MSB to
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Fig. 2.

Architecture of the CRN. Our model consists of a low-level feature extraction module for extracting information from original input, nonlinear

mapping subnetwork for enhancing representation ability, and upsampling convolutional layers for upsampling feature maps and images. The blue arrows

indicate the cascading connections.
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Detailed network architecture of the ERN. Our model has two parallel branches, where the first branch exploits input data IR 1o gain high-level

feature maps, and the second branch extracts hierarchical information from the original image to catch low-level representations. Then, fusing those features

to recover the final high-resolution result.
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Fig. 4. Structure of the MSB. We use three parallel branches with different
kernel sizes to exploit input data, and then concatenate them in the channel
dimension for multiscale feature representations.

exploit the low-level information. This feature extraction block
consists of three Conv layers with different kernel sizes, and
the results of these Conv kernels are concatenated. In addition,
we take the multiscale output to employ elementwise feature
fusion with Fi,p. The ablation study reveals that benefits are
achieved in the restoration.

E. Discussion

To further clarify the significance of the proposed models,
this part discusses the differences between our models and the
existing related ones.

1) Difference With Respect to CARN: Although the
proposed CRN and CARN [1] are both based on ResNet [11],
there are some differences between them. The CARN model is
mainly constructed on the local and global cascading modules.
The output of cascading blocks is cascaded into the higher
layers. A cascading block contains several Residual-E blocks
and 1 x 1 convolutional layers that are much more complex
than the counterpart of our model. In CRN, each group is
stacked with several blocks without extra connections and the
block is only based on residual learning. Fewer connections
undoubtedly mean fewer operations. For the global cascading
connections, the output of each cascading block flows into all
of the subsequent 1 x 1 convolutional layers via shortcut con-
nections in CARN. However, our proposed model has different
rules to use cascading connections. Specifically, the output of
the low-level feature extraction module connects to the last
group and one of the intermediary groups. The feature maps
of the intermediary group pass to the following group in a
specific gap.

2) Difference With Respect to EDSR: There are three main
differences between the proposed ERN and EDSR [25]. The
first difference is the design of the basic residual block. In
EDSR, it utilizes the same wider input/output channel within
the block, and this behavior comes with a large number of
parameters. However, in ERN, we only expand the feature maps
before the ReLU activation layer. Experiments revealed that
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this simple alteration leads to an advanced performance while
reducing the parameters. The second difference lies in that there
is no MSB in the EDSR model. Considering the multiscale
features of the LR image in final reconstruction, we introduce
the block to fully extract hierarchical features with different
kernel sizes. The third difference concerns the component
modification as follows: 1) our model stacks two Conv layers
to extract low-level features; 2) we use relatively few modules
in the non-linear mapping stage but obtain comparable feature
representation ability; and 3) we simplified the reconstruction
part that includes a Conv layer and an upscale layer.

3) Difference With Respect to WDSR-A: In addition to the
different choice of the normalization layer, that is, WN used
in WDSR-A [52], we mainly conclude another three differ-
ences between WDSR-A and our ERN network. First, the
low-level feature extraction module is dissimilar. WDSR-A
simply extracts the low-level feature by a single Conv layer
while we stack two Conv layers to enlarge the receptive field
of the hierarchical features. Second, we introduce a dual global
structure because this approach is more effective to catch
long-distance spatial features from the original LR input and
promote the propagation of the gradient. In contrast, WDSR-A
only considers a residual path. Third, WDSR-A uses a single
convolutional layer with a 5 x 5 Conv kernel that directly
detects low-level features of the original image. However, in
ERN, we utilize a MSB that consists of different kernel sizes.
We find that this modification improves the accuracy of our
proposed SR model.

IV. EXPERIMENTAL RESULTS

In this section, we first describe the implementation and
training details of the proposed models and, then, we briefly
depict the used benchmark datasets as well as the strategy
to generate the LR images; model analysis follows this step.
Finally, we compare our models with several state-of-the-art
algorithms on four benchmark datasets.

A. Implementation and Training Details

In the proposed models, we set 3 x 3 as the filter size of
all convolutional layers except those in the low-level feature
extraction module and the multiscale branch. For the cascading
model, experiments showed that the mapping module with G
= 4 groups and B = 4 blocks led to a better performance.
Meanwhile, from our observations, the mapping part of ERN
that consists of N = 16 LWRBs possessed great representation
ability.

We chose L1 loss as our loss function instead of L2 loss
to train our models. The L2 loss has been widely used in
the SR task due to its close connection with PSNR. However,
recent work [25] indicated that L1 loss provides more powerful
accuracy and convergence. During the training process, we use
a batch size of 16 with size 96 x 96. Each epoch employs
1000 iterations of backpropagation. For optimization, we use
the ADAM [20] optimizer with 81 = 0.9, B> = 0.999, and
€ = 1073, The learning rate is initially set to le-4 for all
layers and is decreased to half every 200 epochs for a total
of 850 epochs. It takes about two days to train the proposed
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Fig. 5. Training results with different values of G and B. We investigate the
linear combinations of G and B. An empirical formula G = B = 4 is a good
tradeoff between performance and efficiency through this article.

models while EDSR takes eight days. All experiments were
implemented with PyTorch and training on an NVIDIA Tesla
P100 GPU.

B. Datasets

The DIV2K dataset [42] is a new high-resolution RGB
image dataset with a large diversity of contents that includes
800 training images, 100 validation images, and 100 test
images, respectively. In this article, we train the proposed mod-
els with 800 training images and select ten validation images to
evaluate in the training process. During testing, we use four
standard benchmark datasets: 1) Set5 [3]; 2) Setl4 [54]; 3)
B100 [2]; and 4) Urban100 [13]. The Set5 [3], Setl4 [54],
B100 [2] testsets mainly consist of natural scenes (i.e., land-
scapes, animals, and flowers) and the Urbanl00 [13] set
collects 100 urban scenes images with a variety of real-world
structure.

Following the previous work [58], two widely used qual-
ity metrics, PSNR and SSIM, are calculated on the final ISR
images on the Y channel of the transformed YCbCr color
space. IR is downscaled from the corresponding /'R image
using bicubic downsampling.

C. Model Analysis

1) Comparison on Different Network Depths: In this sec-
tion, we thoroughly investigate the basic parameters of our
proposed models. For the CRN model, we present a compari-
son of the different numbers of group (G), block (B). As shown
in Fig. 5, we first set G = 2,3,4 and B = 3 to investigate
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TABLE I
QUANTITATIVE EVALUATION OF THE LINEAR COMBINATIONS OF
G AND B. WE TEST THE PROPOSED MODEL WITH DIFFERENT
G AND B ON THE SET5 AND SET14 DATASETS FOR x2 SR

Model | Depth | Set5 Setl4
G2B2 12 37.88 33.45
G2B3 16 38.04 33.62
G2B4 20 38.05 33.69
G3B2 16 37.98 33.60
G3B3 22 38.04 33.67
G3B4 28 38.11 33.78
G4B2 20 38.02 33.67
G4B3 28 38.12 33.77
G4B4 36 38.17 33.84
359
358+
35.7
= 3561
£
= 3551
i
=354
=
= L
> 35.3
352+
351+
35
2 4 8 12 16 20
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Fig. 6. Quantitative evaluation of the number of LWRBs. We build ERN
with different network depth by varying the values of N on the validation
dataset for x2 SR.

the choice of G and then fixed G = 4 and B = 2,3,4 to
explore the selection of B. The PSNR results on the DIV2K
validation image with a scale factor of 2 describe the fact that
a larger G and B can boost the performance. Meanwhile, we
present the quantitative evaluation of different network depth
in Table I. While the G3B4 and G4B3 models perform com-
parably, the G4B4 method achieves the best reconstruction
accuracy. Therefore, we chose G = B = 4 to obtain a balance
between performance and depth.

For the ERN model, we studied the network depth by vary-
ing the number of LWRBs (denoted as N for short). We
set N = 2,4,8,12, 16,20, and the experimental results (the
best performance on the validation dataset within 200-epoch
training) are shown in Fig. 6. In general, the deep network
achieves better results than the low-level ones; however, it is
worth noting that the growth of PSNR is significantly less
when N > 10 (e.g., it only increased by 0.019 dB when N
increased from 16 to 20.) Under a certain parameter budget,
we chose N = 16 for our SR network because the PSNR value
is approximately equivalent to the state-of-the-art models, and
it achieves 35.812 dB for x2, which is better than the results
0.433 dB and 0.149 dB at N = 4, 8, respectively.

2) Effect of Multiscale Block: To demonstrate the effect of
the MSB in the ERN model, we set up an ablation study with
two scenarios: 1) with the block and 2) without the block.
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Effect of adding MSB
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Fig. 7. Adding MSB can enhance the final results. The curves are based on
the PSNR (dB) on DIV2K(val) (x3) in 300 epochs.

TABLE 11
ABLATION STUDY OF NORMALIZATION LAYER. WE TRAIN THE
PROPOSED MODELS WITH WN OR NO NORMALIZATION AND
OBSERVE PERFORMANCE (PSNR/SSIM) DROP ON TWO
BENCHMARKS: B100 AND URBAN100 WITH
SCALING FACTORS 3 AND 4

Scale Model | WN | B100 Urban100
CRN X 29.20,/0.8081 28.62,/0.8620
3 v 2922/0.8083  28.63/0.8621
ERN x 29.21/0.8080  28.61/0.8614
v 29.20/0.8081 28.59/0.8614
CRN X 27.66/0.7395  26.44/0.7967
" v 27.67/0.7397  26.45/0.7976
ERN x 27.70/0.7398  26.43/0.7966
v 27.65/0.7396  26.39/0.7963

For the formal expression, we denote the former model
as MSB and the latter model as Basic. Fig. 7 presents the
PSNR values of Basic, indicating they are relatively low on the
validation dataset with a scaling factor x3 under the same con-
figuration. The statistical results of SSIM also show a matching
trend. These comparisons demonstrate that MSB can improve
the performance of super-resolution.

3) Number of Parameters: We show comparisons about the
performance and number of parameters in Fig. 8. Compared
with these mentioned algorithms, our models have consider-
able advantages. Although our networks have only approx-
imately a quarter of the parameters of EDSR [25], they
achieve roughly similar results on the benchmark B100(x4).
Meanwhile, in comparison to MRSN [24], the state-of-the-art
method proposed recently also has thousands of parameters,
our CRN and ERN models increased by 0.14 dB and 0.18 dB,
respectively. Moreover, our models achieve much better
performance regarding PSNR and SSIM than the low-level
networks, such as VDSR [18] and LapSRN [21]. This evidence
indicates that our networks attain a better tradeoff between
performance and model size.

4) Impacts of the Normalization Layer: We train our mod-
els with a WN layer and achieve advanced performance while
removing all WN layers; the models gain comparable results
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TABLE III
QUANTITATIVE EVALUATION OF THE STATE-OF-THE-ART SR METHODS. WE SHOW THE AVERAGE PSNR/SSIM FOR X2, x3,

Algorithm | Scale | Parameters | Set5 Set14 B100 Urban100
Bicubic 2 - 33.65/0.9300 30.34/0.8700 29.56/0.8440 26.88/0.8410
A+ [44] 2 - 36.54/0.9540 32.40/0.9060 31.22/0.8870 29.23/0.8940
SRCNN [7] 2 57K 36.65/0.9540 32.29/0.9030 31.36/0.8880 29.52/0.8950
FSRCNN [9] 2 12K 36.99/0.9550 32.73/0.9090 31.51/0.8910 29.87/0.9010
VDSR [18] 2 665K 37.53/0.9580 32.97/0.9130 31.90/0.8960 30.77/0.9140
LapSRN [21] 2 813K 37.52/0.9590 33.08/0.9130 31.80/0.8950 30.41/0.9100
EDSR [25] 2 40.7M 38.10/0.9602 33.91/0.9118 32.31/0.9013 32.93/0.9351
SRMDNF [55] 2 1.51M 37.79/0.9600 33.32/0.9150 32.05/0.8980 31.33/0.9200
CARN [1] 2 1.59M 37.76/0.9590 33.52/0.9166 32.09/0.8978 31.92/0.9256
MSRN [24] 2 5.89M 38.08/0.9605 33.74/0.9170 32.23/0.9013 32.22/0.9326
CRN (ours) 2 9.4T™ 38.17/0.9610 33.84/0.9203 32.30/0.9012 32.69/0.9334
ERN (ours) 2 9.48M 38.18/0.9610 33.88/0.9195 32.30/0.9011 32.66/0.9332
Bicubic 3 - 30.39/0.8682 27.55/0.7742 27.21/0.7385 24.46/0.7349
A+ [44] 3 - 32.60/0.9080 29.24/0.8210 28.30/0.7840 26.05/0.7980
SRCNN [7] 3 57K 32.76/0.9080 29.41/0.8230 28.41/0.7870 26.24/0.8000
FSRCNN [9] 3 12K 33.15/0.9130 29.53/0.8260 28.52/0.7900 26.42/0.8070
VDSR [18] 3 665k 33.66/0.9210 29.77/0.8340 28.83/0.7980 27.14/0.8290
LapSRN [21] 3 813K 33.82/0.9207 29.89/0.8304 28.82/0.7950 27.07/0.8298
EDSR [25] 3 43.1M 34.63/0.9280 30.53/0.8462 29.25/0.8093 28.80/0.8653
SRMDNF [55] 3 1.53M 34.12/0.9250 30.04/0.8370 28.97/0.8030 27.57/0.8400
CARN [1] 3 1.59M 34.29/0.9255 30.29/0.8407 29.06/0.8034 28.06/0.8439
MSRN [24] 3 6.07TM 34.38/0.9262 30.34/0.8395 29.08,/0.8041 28.08/0.8554
CRN (ours) 3 9.49M 34.60/0.9286 30.48/0.8455 29.20/0.8081 28.62/0.8620
ERN (ours) 3 9.50M 34.62/0.9285 30.51/0.8450 29.21/0.8080 28.61/0.8614
Bicubic 4 - 28.42/0.8100 26.10/0.7040 25.96/0.6690 23.15/0.6590
A+ [44] 4 - 30.30/0.8590 27.43/0.7520 26.82/0.7100 24.34/0.7200
SRCNN [7] 4 57K 30.49/0.8620 27.61/0.7540 26.91/0.7120 24.53/0.7240
FSRCNN [9] 4 12K 30.71/0.8650 27.70/0.7560 26.97/0.7140 24.61/0.7270
VDSR [18] 4 665k 31.35/0.8820 28.03/0.7700 27.29/0.7260 25.18/0.7530
LapSRN [21] 4 813K 31.54/0.8850 28.19/0.7720 27.32/0.7280 25.21/0.7560
EDSR [25] 4 43.7M 32.46,/0.8968 28.80/0.7876 27.71/0.7420 26.64,/0.8033
SRMDNF [55] 4 1.55M 31.96/0.8930 28.35/0.7770 27.49/0.7340 25.68/0.7730
CARN [1] 4 1.59M 32.13/0.8937 28.60/0.7806 27.58/0.7349 26.07/0.7837
MSRN [24] 4 6.33M 32.07/0.8903 28.60/0.7751 27.52/0.7273 26.04/0.7896
CRN (ours) 4 9.51M 32.34/0.8971 28.74/0.7855 27.66/0.7395 26.44/0.7967
ERN (ours) 4 9.53M 32.39/0.8975 28.75/0.7853 27.70/0.7398 26.43/0.7966
27.8r . .
o ERN and 0.01 dB on test datasets with an upsampling factor of 3,
°*CRN EDSR respectively. The x4 upscaling results are similar. When we
% 276 MSRN train the ERN network without using the normalization layers,
2 *SRMDNF it outperforms the same model with the WN layers for x3 and
= 27.4¢ LanSRN x4 enlargement on different datasets. Therefore, we chose to
% SVDSR remove all WN layers from our models. As shown in Table II,
S 272 this modification does not degrade the performance but saves
§ the computational resources and memory usage.
27§ FSRCNN
¢ SRCNN D. Comparisons With the State-of-the-Art Methods
268 1 2 3 4 p Finally, we compared our proposed networks with nine
Number of parameters (K) «10* state-of-the-art methods: 1) A+ [44]; 2) SRCNN [7]; 3)

Fig. 8. Performance versus number of parameters. The results are calculated
on the B100 dataset with a scale factor of 4. The proposed methods stride a
balance between reconstruction accuracy and parameters.

on the test dataset. Regarding the CRN model, training with
the WN layers obtains slightly better results than without
normalization layers. Unfortunately, the ERN network shows
an opposite trend when we carry out the same experiment.
Specifically, from the results on x3 and x4 enlargement, the
former model with the WN layers is only better by 0.02 dB

FSRCNN [9]; 4) VDSR [18]; 5) LapSRN [21]; 6) EDSR [25];
7) SRMDNF [55]; 8) CARN [1]; and 9) MSRN [24]. These
methods are evaluated on four aforementioned datasets as in
the technical literature.

Table III illustrates the performance of all the above algo-
rithms. It can be observed that our networks outperform the
comparative models by a large margin on different scaling fac-
tors except EDSR [25]. The performance of CRN and ERN are
entirely close to or even better than those of EDSR on some
datasets, but the number of parameters of EDSR is about four
times that of CRN or ERN.
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Fig. 9. Visual comparison on benchmark testsets. From top to bottom are x2, x3, and x4 super-resolved results, respectively. The SR results are for images
barbara and comic from Setl4 and img_096 from Urbanl100. Our methods tend to generate more faithful and clear details.

1) Results on Set5: Our models outstrip the current state-of-
the-art networks on x2 enlargement and obtain an even larger
margin of improvements for other upsampling factors except
EDSR [25], which is only better by 0.01 dB and 0.07 dB than
that obtained by our ERN model, respectively.

2) Results on Setl4: Similar to the aforementioned results,
for all upscaling factors, the ERN network achieves 33.88 dB,
30.51 dB, and 28.75 dB, which is better by 0.14 dB, 0.17 dB,
and 0.15 dB than that achieved by MSRN [24], respectively.
In addition, ERN achieves an improvement of approximately
0.32 dB over CARN [1] on different scales.

3) Results on BI100: On this dataset, the CRN model
achieves superior performance in terms of PSNR and SSIM
for different enlargements. In detail, an average increase of

approximately 0.6 dB using the proposed method was achieved
over the deeper networks such as [18] and [21].

4) Results on Urbanl00: The Urbanl00 dataset consists
of 100 building images. As stated in [10], EDSR tends to
recover regular shapes, such as stripes or circles, and the basic
elements in Urban100 are these patterns. Therefore, it achieves
approximately 0.2 dB higher than CRN for all enlargements.
Undoubtedly, our methods outperform other models by a large
margin.

In Fig. 9, we present the visual results of four representa-
tive algorithms (Bicubic, VDSR, LapSRN, and MSRN) and
the proposed ones. All methods here are tested on different
upscaling factors, and the test images are selected from the
Setl4 and Urbanl00 datasets. The corresponding PSNR and
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SSIM values are also reported for each method. From our
observations, most of the comparative models tend to produce
blurred edges. In contrast, the proposed networks can recover
shapes and clear images. These obtained results indicate that
the LWRBs are able to gather more information and the
cascading connection or MSB fully uses the low-level features.

V. CONCLUSION

In this article, we proposed two CNN architectures, namely,
CRN and ERN, to address the SISR problem. Compared with the
existing CNN-based models, the proposed CRN takes account
of the cascading mechanism to boost feature fusion and gradient
propagation, while the ERN employs a dual global pathway to
catch long-distance spatial features from the original LR input.
Extensive benchmark evaluations showed that our proposed
models present both quantitative and visible improvements
compared with the previous state-of-the-art methods.
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