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Abstract: We propose a scale-invariant deep neural network model based on wavelets for single
image super-resolution (SISR). The wavelet approximation images and their corresponding wavelet
sub-bands across all predefined scale factors are combined to form a big training data set.
Then, mappings are determined between the wavelet sub-band images and their corresponding
approximation images. Finally, the gradient clipping process is used to boost the training speed of
the algorithm. Furthermore, stationary wavelet transform (SWT) is used instead of a discrete wavelet
transform (DWT), due to its up-scaling property. In this way, we can preserve more information
about the images. In the proposed model, the high-resolution image is recovered with detailed
features, due to redundancy (across the scale) property of wavelets. Experimental results show that
the proposed model outperforms state-of-the algorithms in terms of peak signal-to-noise ratio (PSNR)
and structural similarity index measure (SSIM).

Keywords: wavelet analysis; deep learning; super-resolution; deep neural architecture; pattern
mining; multi-scale analysis

1. Introduction

Single image super-resolution (SISR) is generally posed as an inverse problem in the image
processing field. Here, the task is to recover the original high-resolution (HR) image from a single
observation of the low-resolution (LR) image. This method is generally used in applications where the
HR images are of importance, such as brain image enhancement [1], biometric image enhancement [2],
face image enhancement [3], and standard-definition television (SDTV) and high definition television
(HDTV) applications [4]. The problem of SISR is considered a highly ill-posed problem, because the
number of unknown variables from an HR image is much higher compared to the known ones from an
LR image.

In the literature for SISR, a number of algorithms have been proposed for the solution of this
problem. They can be categorized as including an interpolation algorithm [5], edge-based algorithm [6],
and example-based algorithms [7-9]. The interpolation and edge-based algorithms provide reasonable
results. However; their performance severely degrades with the increase in an up-scale factor. Recently,
the neural network-based algorithms have captured the eye of researchers for the task of SISR [10-12].
The main reasons can be the huge capacity of the neural network models and end-to-end learning,
which helps researchers to get rid of the features used in the previous approaches.
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However, the algorithms proposed so far are unable to achieve better performance for higher
scale-ups. The proposed algorithm is a wavelet domain-based algorithm inspired by the category of the
SISR algorithms in the wavelet domain [13-17]. Most of these algorithms give state-of-the-art results.
However, their computational cost is quite high. With the advances in deep-learning algorithms, the
task of computational cost is much reduced with acceptable quality.

Authors in [16], proposed a wavelet domain-based deep learning algorithm with three layers,
inspired by the super-resolution convolution neural network (SRCNN) [8] and using a discrete wavelet
transform (DWT), and achieved good results. However, the authors fail to capture the full potential
of deep learning and wavelets. In this paper, we propose a wavelet domain-based algorithm for
the task of SISR. We incorporate the merits of neural network-based end-to-end learning and large
model capacity [18], along with the properties of the wavelet domain, such as sparsity, redundancy,
and directionality [19,20]. We propose the use of stationary wavelet transform (SWT) for the wavelet
domain analysis and synthesis, owing to its up-sampling property over the DWT down-sampling. By
doing so, we want to preserve more contextual information about the images. Moreover, we propose
the use of deep neural network architecture in the wavelet domain.

More specifically, we train our network between the wavelet approximation images and their
corresponding wavelet sub-band images for the task of SISR. By experimental analysis, we show that
the proposed deep-network architecture in the wavelet domain can improve performance for the task
of SISR with a reasonable computational cost. The proposed algorithm is compared with recent and
state-of-the-art algorithms in terms of peak signal-to-noise ratio (PSNR) and structural similarity index
measure (SSIM) over the publicly available data sets of “Set5”, “Set14”, “BSD100”, and “Urban100” for
different scale factors.

The rest of the paper is organized as follow. Section 2 describes the details about related work.
Section 3 describes the details about the proposed method. Section 4 gives an experimental discussion
about the properties of the proposed model. Section 5 given the discussion about the experiments and
comparative analysis, and Section 6 concludes the paper.

2. Related Work

The proposed algorithm falls into the category of wavelet domain-based SISR algorithms. Authors
in [13] proposed a dictionary learning-based algorithm in the wavelet domain. The proposed algorithm
learns compact dictionaries for the task of SISR. A similar approach utilizing dictionary learning is
proposed in [14], utilizing the DWT. Authors in [15] proposed coupled dictionary learning in the
wavelet domain, utilizing the properties of the wavelets with the coupled dictionary learning approach.
Another algorithm that utilizes the dual-tree complex wavelet transform (DT-CWT), along with the
coupled dictionary and mapping learning for the task of SISR, is proposed in [17]. Authors in [16]
utilize the convolution neural networks in the wavelet domain using the DWT, and propose an efficient
model for the task of SISR.

In the wavelet-based SISR approaches [13-16], the main point to note is that they assume the LR
image as the level-1 approximation image of the wavelet decomposition. Here, to recover the HR
image, the task is to estimate the wavelet sub-band images representing this approximation image,
and finally doing one-level inverse wavelet transform. By doing so, authors induce sparsity and
directionality along with compactness in the algorithms, which helps boosts the performance of the
algorithms as well as improve their convergence speed.

Dong et al. [8] exploited a fully convolution neural network (CNN). In this method, they proposed
a three-layer network where complex non-linear mappings are learned between the HR and LR image
patches. Authors in [18] propose deep network architecture for the task of SISR. Instead of using
the HR and LR images for training, they utilized the residual images, and to boost the convergence
of their algorithm, they utilized adjustable gradient clipping. Authors in [8] further propose the
sped-up version of the super-resolution convolution neural network (SRCNN) algorithm, called a
fast super-resolution convolution neural network (FSRCNN) [21] algorithm. They achieve this by
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learning the mappings between the HR and LR images without interpolations, along with shrinking
the mappings in the feature learning step. Also, the authors decrease the size of filters and increase the
number of layers. Authors in [22] propose a deep residual learning network with batch normalizations
for the task of SISR, called a deep-network convolution neural network (DnCNN) algorithm. Authors
in [23] propose an information distillation network (IDN) algorithm for the task of SISR. They propose
a compact network that utilizes the mixing of features and compression to infer more information for
the SISR problem. Authors in [24] propose a super-resolution with multiple degradations (SRMD)
algorithm for the problem of SISR. They propose the deep network model for SR, utilizing the
degradation maps achieved using the dimensionality reduction of principle component analysis (PCA)
and then stretching. By doing so, they learned a single network model for multiple scale-ups.

There are several applications related to single image super-resolution, pattern recognition, neural
networks, etc., which can be applied in our human’s daily life as well as in human biology. In [25,26],
authors have applied different algorithms of neural networks that focus on magnetic resonance
imaging (MRI), while in [27-29], authors have applied different algorithms of neural networks that
focus on human motion and character control. Likewise, our proposed work can be applied in
different applications: brain image enhancement, face image enhancement, and SDTV and HDTV
applications. The proposed model can be effectively extended to other image processing and pattern
recognition applications.

3. Proposed Method

We propose a deep neural network model based on wavelets and gradient clipping for SISR. The
wavelet domain-based algorithm was chosen because of the unique properties of the wavelets: they
exploit multi-scale modeling, and wavelet sub-bands are significantly sparse. Moreover, instead of
DWT, we propose the use of SWT. DWT is a down-sampling process and SWT is an up-sampling
process, so the size of the wavelet approximation and sub-bands remains the same, while preserving
all the essential properties of the wavelets.

The DWT and SWT decompositions are shown in Figure 1. Further, the wavelet domain-based
algorithms consider the LR image as the wavelet approximation image of the corresponding HR image.
The task is to estimate its detailed coefficients, as done in [30-33].
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where h}n, hrzl, glln, and gi are the wavelet analysis filters for the SWT.
Ag-1(m,n), Hy_1(m,n), Vq_1(m,n), and Dg_1(m,n) are the wavelet approximation image,
horizontal sub-band image, vertical sub-band image, and diagonal sub-band image, respectively.
The practical decomposition is shown in Figure 2. In the experimental analysis, we have chosen the
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sym29 wavelet filters, following the convention from [13,15,17]. The wavelet synthesis equation can be
given as
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Figure 1. (a) Discrete wavelet transform (DWT) decomposition and (b) stationary wavelet transform
(SWT) decomposition.
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Figure 2. Wavelet decomposition. (a) Original image; (b) from left to right and top to bottom:
approximation, horizontal, vertical, and diagonal images.

After getting the desired unknown wavelet coefficients, one-level inverse wavelet transform is
required to get the desired HR output. Figure 2 shows the wavelet decomposition at level one of the
hibiscus image. It can be seen from the image that a strong dependency is present between the wavelet
coefficients at the given level and its sub-bands.

There have been several attempts to handle the problem of dimensionality reduction.
In [34], authors propose a local linear embedded (LLE) approach that computes low-dimensional,
neighborhood-preserving embeddings of high-dimensional inputs. The LLE approach maps its inputs
into a single global coordinate system of lower dimensionality, and its optimizations do not involve
local minima. LLE is able to learn the global structure of nonlinear manifolds, such as those generated
by images of faces or documents of text. In [35], the authors describe an approach that combines
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the classical techniques of dimensionality reduction, such as principal component analysis (PCA)
and multidimensional scaling (MDS) features. This approach is capable of discovering the nonlinear
degrees of freedom that underlie complex natural observations, such as human handwriting or images
of a face under different viewing conditions. In [36], authors have compared PCA, kernel principal
component analysis (KPCA), and independent component analysis (ICA) to a support vector machine
(SVM) for feature extraction. Furthermore, the authors described that the KPCA method is best among
three for feature extraction. In [37], authors have proposed a geometrically motivated algorithm for
representing the high-dimensional data, which provides a computational approach to dimensionality
reduction compared to previous classical methods like PCA and MDS. The algorithm proposed learns
a single network model for multiple scale-ups. However, the proposed algorithm utilizes the wavelet
domain decomposition before the training of the network, and the wavelet sub-band images are used
as the input the training. As can be seen from Figure 2, which shows the wavelet decomposition of
a single image, the wavelet sub-band images are significantly sparse, and represent the directional
fine features of the images. Further implying the dimensionality results will result in the loss of such
directional fine features.

However, in spite of the sparsity property of the wavelets, the assumption of independence of
wavelet coefficients at consecutive levels is somewhat limited for the task of SISR. This assumption
fails to take into account the intra-scale dependency of the wavelet coefficients that capture the useful
structures from the given images.

We make use of this dependency on the task of SISR. The proposed algorithm is different from the
previous neural network- and wavelet domain-based methods in the following aspects.

o  We use the SWT wavelet decomposition of the image and estimate the wavelet coefficients;

e We propose the deep network architecture similar to very deep super-resolution (VDSR)
algorithm [18], but we train the network on the wavelet domain images instead of residual
images—whereas, the authors of [16] utilize the DWT with a three-layer neural network inspired
by SRCNN [8];

o  We take a step further and design the deep network with 20 layers in the wavelet domain. The
proposed wavelet-integrated deep-network (WIDN) model for super resolution estimates the
sparse output, thus improving its reconstruction accuracy and training efficiency.

For the WIDN, the deep-network architecture is inspired by the Simonyan and Zisserman [38].
The network configuration can be found in Figure 3.

Input LR Image Conv.1 ReLu.1 Conv.D-1 ReLu.D-1 Conv.3D(Wavelets)

HEN

Figure 3. The wavelet deep network configuration.

In our network model, we utilize D layers. All the layers in our network are the same except the
first and the last. In our network, the first layer has a total of 64 filters. The size of each filter is 1 X 3 X
3 x 64. These filters operate at a 3 X 3 spatial size on 64 channels. These channels are also called feature
maps. The first layer is used for the LR input image, and the last layer reconstructs the output image.
As the last layer is used for the output image reconstruction, it has three filters, each of size 3 X 3 X 3 x
64. Our network is trained between the input LR image and its corresponding wavelet coefficients.
Thus, given an input LR image, the network can predict the corresponding wavelet coefficients for HR
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image reconstruction. Modeling the image details in the wavelet domain has certain usefulness for the
task of SISR [13-15]. The proposed model shows that by using wavelet details, the performance of
SISR is highly improved. One of the problems pertaining to the deep convolution networks is that size
of the output feature maps get reduced after each layer as the convolution operation is performed.

The problem is maintaining the same output size after each convolution operation is performed.
Some authors suggest the use of surrounding pixels can give information about the center pixel [8].
This is quite handy when it comes to the problem of SISR. However, for the boundary of the image this
can fail; cropping may be utilized to solve this problem. To alleviate the problem of size reduction and
boundary condition, we employed zero paddings before the convolution operation. We find that by
doing so, the size of the features remains constant, and the boundary condition problem is also solved.
Once the three wavelet sub-bands are predicted, we add back the LR input image and do one-level
wavelet reconstruction to get the HR image estimate.

Data preprocessing is a very important step to make features invariant to input scale and reduce
dimensionality in the machine learning process (a restricted Boltzmann machine, or RBM), which is
likely to be used for preprocess the input data. In [39], the authors note that the RBM is an undirected
graphical model with hidden variables and visible variables along with a feature learning approach,
which is used to train an RBM model separately for audio and video. After learning the RBM, the
posteriors of the hidden variables given the visible variables can be used as a new representation of
the data. This model is used for multimodal learning as well as for pre-training the deep networks.
In [40], the authors present the sparse feature representation method based on unsupervised feature
learning. By using the RBM graphical model, which consists of visible nodes and hidden nodes,
the visible nodes represent input vectors, while hidden nodes are feature-learned by training the
RBM. This method helps to pre-process the data. In [41], the authors present a method in which
a number of motion features computed by a character’s hand is considered. The motion features
are preprocessed using restricted Boltzmann machines (RBMs). RBM pre-processing performs a
transformation of the feature space based on an unsupervised learning step. In our proposed model,
we have utilized the data augmentation technique for pre-processing the data, inspired by VDSR [18]
and FSRCNN [21] algorithms. However, implementing the RBMs will definitely be considered as a
future task of our approach.

3.1. Training

For the training of our model, we require a set of HR images. As we train our model between the
wavelet approximation image and its corresponding sub-band coefficient images, we do a one-level
wavelet decomposition on the HR images from the training data set. The wavelets have a very unique
property of redundancy across the scale.

Given the wavelet approximation image at a certain scale and its coefficients, one can perfectly
reconstruct the preceding approximation image. Thus, the wavelet coefficient contains all the
information about the preceding approximation image. We utilize this property of the wavelet and
learn the mappings between the wavelet approximation image and its corresponding coefficients for
the task of SISR. Let X denotes the levell wavelet LR image and Y denote the detail sub-band images.
The task is to learn the relationship between the LR approximation image and its corresponding
same-level wavelet sub-band images (horizontal, vertical, and diagonal).

In the algorithm SRCNN [8], one problem is that the network has to preserve the information
about input details as the output is obtained, using these learned features alone, and the input image is
not utilized and discarded. If the network is deep, having many weight layers, this corresponds to an
end-to-end learning problem, which requires a huge memory.

Due to this reason, the problem of the vanishing/exploding gradient [42] arises and needs to be
solved. We can solve this problem by wavelet coefficient learning. As we assume the dependency
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between the wavelet LR approximation image and its corresponding same-level detailed coefficients,
we define the loss function as

3
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where k is the number of training samples, X is the tensor containing the LR approximation images,
and Y is the tensor containing the wavelet sub-band images (horizontal, vertical, and diagonal). T
represents the network parameters, and b represents the sub-band index. For the training, we use the
gradient descent-based algorithm from [43]. This algorithm works on the mini-batch of images and
utilizes the back-propagation approach to optimize the objective function. In our model, we set the
momentum parameter to be 0.9, with the regularizing penalty on the weight decay as 0.0001. Now,
to boost the speed on training, one can use a high learning rate. However, if a high learning rate is
utilized, the problem of vanishing/exploding gradients [42] becomes evident. To solve this, we utilize
the adjustable gradient clipping.

Gradient Clipping

Gradient clipping is generally used for training the recurrent neural networks [38]. However, it is
seldom used in the CNN training. There are many ways in which gradients can be clipped. One of
them can be to clip them in a pre-defined range (-6, 0). In the process of clipping, the gradient lies in a
specific range. If the stochastic gradient descent (SGD) algorithm is used for training, we multiply the
gradient with the learning rate for step size adjustment. If we want our network to train much faster,
we need a high rate of learning; to achieve this value, the gradient 6 must be high.

However, high gradient values will cause the exploding gradients problem. We can avoid this
problem by using a smaller learning rate. However, if the learning rate is made smaller, the effective
gradient approaches zero, and the training may take a lot of time. For this purpose, we propose to clip
the gradients to [— %, %], where v is the learning rate. By doing so, we observe that the convergence
of our network becomes faster. It is worth mentioning here that our network converges within 3
h, just like in [44], while the SRCNN [16] takes several days to train. Despite the fact that the deep
models proposed nowadays have greater performance capability, if we want to change the scale-up
the parameter, the network is trained for that scale again, and hence for each scale, we need a different
training model.

Considering the fact that the scale factor is used often and is important, we need to find a way
across this problem. To tackle this problem, we propose to train a multi-scale model. By doing
so, we can utilize the parameters and features from all scales jointly. To do so, we combine all the
approximation images and their corresponding wavelet sub-bands across all predefined scale factors,
and form a big data set of training images.

4. Properties of the Proposed Model

Here we discuss the properties of the proposed model. First, we say that the large depth
networks can give good performance for the task of SISR. Very deep networks make use of the
contextual information of an image, and can model complex functions with many non-linear layers.
We experimentally validate our claim. Second, we argue that the proposed network gives a significant
boost in performance, with an approximately similar convergence speed to VDSR.

4.1. Deep Network

Convolution neural networks make use of the spatial-local correlation property. They enforce the
connecting patterns between the neurons of adjacent layers in the network model. In other words, for
the case of hidden units, the output from the layer m — 1 is an input to the layer m in the network
model. By doing so, a receptive field is formed that is spatially contagious. In this network model, the
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corresponding hidden unit in the network only corresponds to the receptive field, and is invariant to
the changes outside its receptive field. Due to this fact, the filters learned can efficiently represent the
local spatial patterns in the vicinity of the receptive field.

However, if we stack a number of such layers to form a network model, the output ends up being
global—i.e., it corresponds to bigger pixel space. The other way around, a filter having large spatial
support can be broken into a number of filters with smaller spatial support. Here we use 3 X 3 size
filters to learn the wavelet domain mappings. The filter size is kept the same for all corresponding
layers. This means that the receptive field for the layer has the 3 x 3 filter size. For the corresponding
proceeding layer, this size is increased by a factor of two. The depth of the receptive field in our
model has the size of (2D + 1) X (2D + 1). For the task of SISR, if one has more contextual information
about the high-frequency components, it can be used to infer and generate a high-quality image. In
this paradigm of neural networks, a bigger receptive field can serve the purpose of extracting more
contextual information. As the problem of super-resolution is highly ill-posed, using more contextual
information is bound to give better results.

Another advantage of using deep networks is that they can model non-linearity very well. In
our proposed network architecture, we utilize 19 ReLUs, which allows our network to model highly
complex non-linear functions. We experimentally evaluated the performance of deep networks by
calculating the network’s PSNR as depth values increased from 5 to 20, only counting the weight
layers and excluding the non-linearity layers. The results are shown in Figure 4. In most cases, the
performance increases as depth increases.
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Figure 4. Depth performance of the network on dataset Set5: (a) at scale 2, (b) at scale 3, and (c) at
scale 4.

There are a number of different techniques in machine learning to solve computational problems.
Some of them we discuss here and compare with our proposed WIDN. In [45], authors have proposed
a recurrent neural network (acRNN), which synthesizes highly complex human motion variations of
arbitrary styles, like dance or martial arts, without asking from the database. In [46], the authors have
proposed dilated convolutional neural network for capturing temporal dependencies in the context of
driver maneuver anticipation. In [47], authors have proposed CNN for speech recognition within the
framework of a hybrid NNHMM model. Hidden Markov models (HMMs) are used in state-of-the-art
automatic speech recognition (ASR) to model the sequential structure of speech signals, where each
HMM state uses a Gaussian mixture model (GMM) to model a short-time spectral representation of
the speech signal. In [48], authors have briefly explained in detail the number of graphical models that
can be used to express speech recognition systems. The main idea of the proposed work is the wavelet
domain-based deep-network algorithm. In our proposed model, we use the wavelet sub-band images
as the input to the network, and learn a single model for multiple degradations. One can try such an
implementation with other DNN-based algorithms, but the first one needs to investigate whether the
DNN will be compatible with the wavelet sub-band images or itself. One also has to account for the
sparsity and directionality of the wavelet sub-band images. We have proposed the DNN model of the
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VDSR [18] algorithms, as it utilizes the residual images obtained by subtracting the LR from HR images
for the training of the network. The wavelet sub-band images possess quite similar properties as the
residual images for the task of SISR. Experimental analysis validated our assumption, and comparative
analysis proved the efficacy of the proposed model.

4.2. Wavelet Learning

In this work, we propose a network structure that learns wavelet sub-band images. We now study
this modification to the VDSR approach. First, we show that for approximately similar convergence,
the network gives better performance. We use a depth of 20(weight layers) and the scale parameter is
2. Performance curves for various learning rates are shown in Figure 5. All use the same learning rate
scheduling. It can be seen that the proposed algorithm gives superior performance.
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Figure 5. Performance comparison with VDSR and bicubic algorithms based on learning rates: (a) 0.1,
(b) 0.01, and (c) 0.001.

5. Experiments and Results

Here we give the details about the experiments and results. Data preparation in our case is similar
to SRCNN [8], with a minute difference. In our model, the patch size of the input image is made the
same as the receptive field of the network. We do not utilize the overlap condition while extracting the
patches to form a mini-batch. A single mini-batch in our model has a total of 64 sub-images. Also,
the sub-images corresponding to the difference scales can also be combined to form a mini-batch. We
implement our model using the publicly available MatConvNet package [44]. For the training data set,
we used the 291 images with augmentation (rotations), as done in [21].

For the test data sets, we used the most commonly used data sets of “Set5”, “Set14”, “Urban100”,
and “BSD100”, as used in previous works [18,21,23,24]. The depth of our network model is 20. The
batch size used is 64. The momentum used is 0.9 with the decay rate of 0.0001. The network was trained
for 80 epochs, and initially, the learning rate was set to 0.1; after every 20 iterations, we decreased it by
a factor of 10. The training of our model normally takes about 3 h using the GPU Titan Z. However, if
we use a small training set like that in [49], we can increase the speed of learning. Table 1 shows the
average PSNR values of the proposed algorithm with increasing numbers of epochs and on different
learning rates. It can be seen from the Table 1 that the proposed algorithm provides good results by
employing the deep neural network architecture in the wavelet domain.
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Table 1. Performance table (peak signal-to-noise ratio, or PSNR) for the proposed and VDSR [18]

networks (“Set5” dataset, X2).

(a) 0.1 rate of learning

Epoch
10
20
40
80

Difference
1.76
2.31
2.20
2.08

Epoch
10
20
40
80

Difference
1.16
1.52
1.65

1.8

Epoch
10
20
40
80

VDSR [18] Proposed
36.90 38.66
36.64 38.95
37.12 39.32
37.53 39.61
(b) 0.01 rate of learning

VDSR [18] Proposed
36.82 37.98
36.90 38.42
36.98 38.63
37.06 38.86
(c) 0.001 rate of learning

VDSR [18] Proposed
36.42 37.41
36.58 37.58
36.69 38.01
36.79 38.13

Difference
0.99
1
1.32
1.34

The visual results are shown in Figures 6-11. Figures 6 and 7 show the comparative results
for the scale-up parameter of 2. Almost all the algorithms perform better. However, the proposed
wavelet domain-based algorithm provides more sharp edges and textures. Figures 8 and 9 show the
comparative results from the BSD100 test set images for the scale-up parameter of 3.

() FSRONN

(%) DRCNN

(d) SRCNN

(i) SRMD

(e) VDSR

(i) Proposed

Figure 6. Visual comparison for a baboon image at the scale-up factor of 2.
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Figure 7. Visual comparison for the Barbara image at the scale-up factor of 2.
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Figure 8. Visual comparison for the tiger image at the scale-up factor of 3.
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Figure 9. Visual comparison for the man image at the scale-up factor of 3.
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(a) Original (b) Bicubic (c) SCN (d) SRCNN (e) VDSR

1 1 |
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Figure 10. Visual comparison for the Urban04 image at the scale-up factor of 4.

(a) Original () Bicubic (©) SCN (1) SRCNN (€) VDSR

( FSRCNN g) DnC (h) IDN N (i) SR]\ ‘ ) P}'oposrl

Figure 11. Visual comparison for the Urban73 image at the scale-up factor of 4.

Here the algorithms under comparison fail to provide good results; however, the proposed
algorithm provides better results. Figures 10 and 11 are taken from a more challenging image data
set of Urban100. Here, the scale-up parameter used is 4. Looking at Figures 10 and 11, the proposed
algorithm is able to recover the sharp edges and texture where other algorithms fail.

The quantitative analysis based on PSNR and SSIM is shown in Table 2. The algorithms
under comparison include the bicubic technique, SRCNN algorithm [8], SCN algorithm [11], VDSR
algorithm [18], FSRCNN algorithm [21], DnCNN algorithm [22], IDN algorithm [23], and SRMD
algorithm [24]. In the comparative analysis, the trained models used for these algorithms are provided
by the authors. The proposed algorithm gives better results than the algorithms under comparison.
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Table 2. Comparative results based on PSNR (left) and the structural similarity index measure (SSIM) (right).
Data Set Scale Bicubic SRCNN [8] SCN [11] VDSR [18] DIEZCzl;IN FSI[{Z%\IN SRMD [24] IDN [23] Proposed
2 33.64/0.929 36.35/0.953 36.52/0.953 37.56/0.959 37.58/0.959 36.99/0.955 37.53/0.959 37.83/0.960 39.60/0.983
Set5 3 30.39/0.866 32.74/0.908 32.60/0.907 33.67/0.922 33.75/0.922 33.15/0.913 33.86/0.923 34.11/0.952 34.48/0.943
4 28.42/0.810 30.48/0.863 30.39/0.862 31.35/0.885 31.40/0.884 30.71/0.865 31.59/0.887 31.82/0.890 32.85/0.929
2 30.22/0.868 32.42/0.906 32.42/0.904 33.02/0.913 33.03/0.912 32.73/0.909 33.12/0.914 33.30/0.915 34.44/0.980
Set 14 3 27.53/0.774 29.27/0.821 29.24/0.819 29.77/0.832 29.81/0.832 29.53/0.826 29.84/0.833 29.99/0.835 30.95/0.931
4 25.99/0.702 27.48/0.751 27.48/0.751 27.99/0.766 28.04/0.767 27.70/0.756 28.15/0.772 28.25/0.773 29.75/0.909
2 29.55/0.843 31.34/0.887 31.24/0.884 31.89/0.896 31.90/0.896 31.51/0.891 31.90/0.896 32.08/0.898 33.52/0.979
BSD100 3 27.20/0.738 28.40/0.784 29.32/0.782 28.82/0.798 28.85/0.798 28.52/0.790 28.87/0.799 28.95/0.801 29.99/0.928
4 25.96/0.667 26.90/0.710 26.87/0.710 27.28/0.726 27.29/0.725 26.97/0.714 27.34/0.728 27.41/0.730 28.10/0.910
2 26.66/0.841 29.53/0.897 29.50/0.896 30.76/0.914 30.74/0.913 29.87/0.901 30.89/0.916 31.29/0.920 32.48/0.952
Urban 100 3 24.46/0.737 26.25/0.801 26.21/0.801 27.13/0.828 27.15/0.827 26.42/0.807 27.27/0.833 27.42/0.846 28.68/0.941
4 23.14/0.653 24.52/0.722 24.52/0.725 27.17/0.753 25.20/0.752 24.67/0.727 25.34/0.761 25.41/0.763 26.41/0.903
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6. Conclusions

A scale-invariant, wavelet-integrated deep-network model is proposed for the task of SISR. To
improve the training speed of the algorithm, the adjustable gradient clipping is used. Useful properties
of the convolution neural networks, such as large model capacity, end-to-end learning, and high
performance, are exploited in the wavelet domain for the task of SISR. The up-sampling SWT is
proposed instead of the down-sampling DWT, to avoid the data loss. Experimental analysis is carried
out to validate the efficacy of the proposed model. Quantitative results based on the PSNR and SSIM
indicate that the proposed algorithm performs better in comparison with the recent state-of-the-art
algorithm. Visual results also validate the quantitative ones. The proposed algorithm can be extended
and modified for other super-resolution applications, such as face and brain image enhancement. Also,
the proposed algorithm can be tested with other wavelet transforms, such as dual-tree complex wavelet
transforms (DT-CWT).
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P.Z.; Investigation, P.Z.; Methodology, ES.; Project administration, P.Z.; Resources, P.Z.; Software, ES.; Supervision,
P.Z.; Validation, ].A.; Visualization, R.A.M.; Writing—original draft, F.S.; Writing—review & editing, ].A.

Funding: This work is partially supported by national major project under Grants 20172X03001002-004 and 333
Program of Jiangsu under Grants [BRA2017366].

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Zhang, J.; Zhang, L.; Xiang, L.; Shao, Y.; Wu, G.; Zhou, X.; Shen, D.; Wang, Q. Brain atlas fusion from
high-thickness diagnostic magnetic resonance images by learning-based super-resolution. Pattern Recognit.
2017, 63, 531-541. [CrossRef]

2. Nguyen, K.; Fookes, C.; Sridharan, S.; Tistarelli, M.; Nixon, M. Super-resolution for biometrics: A
comprehensive survey. Pattern Recognit. 2018, 78, 23—42. [CrossRef]

3. Chen, X.; Zhang, Z.; Wang, B.; Hu, G.; Hancock, E.R. Recovering variations in facial albedo from low-resolution
images. Pattern Recognit. 2018, 74, 373-384. [CrossRef]

4. Park, S.C.; Park, M.K,; Kang, M.G. Super-resolution image reconstruction: A technical overview. IEEE Signal
Process. Mag. 2003, 20, 21-36. [CrossRef]

5. Morse, B.S.; Schwartzwald, D. Image magnification using level-set reconstruction. In Proceedings of the
IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR), Kauai, HI, USA,
8-14 December 2001.

6.  Fattal, R. Image upsampling via imposed edge statistics. ACM Trans. Graph. 2007, 26, 95. [CrossRef]

7. Timofte, R.; Smet, V.D.; Gool, L.V. A*: Adjusted anchored neighborhood regression for fast super-resolution.
In Proceedings of the Asian Conference on Computer Vision, Singapore, 1-5 November 2014.

8. Dong, C.; Loy, C.C.; He, K; Tang, X. Image super-resolution using deep convolutional networks. IEEE Trans.
Pattern Anal. Mach. Intell. 2016, 38, 295-307. [CrossRef]

9. Huang, ]J.B; Singh, A.; Ahuja, N. Single image super-resolution from transformed self-exemplars. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Boston, MA, USA,
7-12 June 2015.

10. Cui, Z.; Chang, H.; Shan, S.; Zhong, B.; Chen, X. Deep network cascade for image super-resolution. In
Proceedings of the European Conference on Computer Vision (ECCV), Zurich, Switzerland, 6-12 September
2014.

11. Wang, Z,; Liu, D.; Yang, J.; Han, W.; Huang, T. Deep networks for image super-resolution with sparse prior.
In Proceedings of the IEEE International Conference on Computer Vision (ICCV), Santiago, Chile, 7-13
December 2015.

12.  Wang, L.; Huang, Z.; Gong, Y.; Pan, C. Ensemble-based deep networks for image super-resolution. Pattern
Recognit. 2017, 68, 191-198. [CrossRef]

13.  Nazzal, M.; Ozkaramanli, H. Wavelet domain dictionary learning-based single image super-resolution.
Signal Image Video Process. 2015, 9, 1491-1501. [CrossRef]


http://dx.doi.org/10.1016/j.patcog.2016.09.019
http://dx.doi.org/10.1016/j.patcog.2018.01.002
http://dx.doi.org/10.1016/j.patcog.2017.09.019
http://dx.doi.org/10.1109/MSP.2003.1203207
http://dx.doi.org/10.1145/1276377.1276496
http://dx.doi.org/10.1109/TPAMI.2015.2439281
http://dx.doi.org/10.1016/j.patcog.2017.02.027
http://dx.doi.org/10.1007/s11760-013-0602-7

Electronics 2019, 8, 553 15 of 16

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

Ayas, S.; Ekinci, M. Single image super-resolution based on sparse representation using discrete wavelet
transform. Multimed. Tools Appl. 2018, 77, 16685-16698. [CrossRef]

Ahmed, J.; Waqas, M.; Ali, S.; Memon, R.A; Klette, R. Coupled dictionary learning in wavelet domain for
Single-Image Super-Resolution. Signal Image Video Process. 2018, 12, 453—461. [CrossRef]

Kumar, N.; Verma, R.; Sethi, A. Convolutional neural networks for wavelet domain super-resolution. Pattern
Recognit. Lett. 2017, 90, 65-71. [CrossRef]

Ahmed, ].; Gao, B.; Tian, G.Y. Wavelet domain based directional dictionaries for single image super-resolution.
In Proceedings of the IEEE International Conference on Imaging Systems and Techniques (IST), Beijing,
China, 18-20 October 2017.

Kim, J.; Kwon, L.J.; Mu, LK. Accurate image super-resolution using very deep convolutional networks. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV,
USA, 26 June-1 July 2016.

Matsuyama, E.; Tsai, D.Y.; Lee, Y.; Tsurumaki, M.; Takahashi, N.; Watanabe, H.; Chen, H.-M. A modified
undecimated discrete wavelet transform based approach to mammographic image denoising. ]. Digit.
Imaging 2013, 26, 748-758. [CrossRef] [PubMed]

Chen, Y.; Cao, Z. Change detection of multispectral remote-sensing images using stationary wavelet
transforms and integrated active contours. Int. |. Remote Sens. 2013, 34, 8817-8837. [CrossRef]

Wang, Y.; Xie, L.; Qiao, S.; Zhang, Y.; Zhang, W.; Yuille, A.L. Multi-scale spatially-asymmetric recalibration
for image classification. In Proceedings of the European Conference on Computer Vision (ECCV), Munich,
Germany, 8-14 September 2018.

Zhang, K.; Zuo, W.; Chen, Y.; Meng, D.; Zhang, L. Beyond a gaussian denoiser: Residual learning of deep
cnn for image denoising. IEEE Trans. Image Process. 2017, 26, 3142-3155. [CrossRef]

Hui, Z.; Wang, X.; Gao, X. Fast and accurate single image super-resolution via information distillation
network. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake
City, UT, USA, 18-23 June 2018.

Zhang, K.; Zuo, W.; Zhang, L. Learning a single convolutional super-resolution network for multiple
degradations. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt
Lake City, UT, USA, 18-23 June 2018.

Rachmadi, M.E,; Valdés-Hernandez, M.D.C.; Agan, M.L.E; Di Perri, C.; Komura, T. Alzheimer’s Disease
Neuro imaging Initiative. Segmentation of white matter hyper intensities using convolutional neural
networks with global spatial information in routine clinical brain MRI with none or mild vascular pathology.
Comput. Med. Imaging Graph. 2018, 66, 28-43. [CrossRef]

Suk, H.I.; Wee, C.Y.; Lee, S.W.; Shen, D. State-space model with deep learning for functional dynamics
estimation in resting-state fMRI. Neuroimage 2016, 129, 292-307. [CrossRef]

Mousas, C.; Newbury, P.; Anagnostopoulos, C.N. Evaluating the covariance matrix constraints for data-driven
statistical human motion reconstruction. In Proceedings of the 30th Spring Conference on Computer Graphics,
Smolenice, Slovakia, 28-30 May 2014.

Mousas, C.; Newbury, P.; Anagnostopoulos, C.N. Data-driven motion reconstruction using local regression
models. In Proceedings of the IFIP International Conference on Artificial Intelligence Applications and
Innovations, Rhodes, Greece, 19-21 September 2014.

Holden, D.; Komura, T.; Saito, J. Phase functioned neural networks for character control. ACM Trans. Graph.
2017, 36, 42. [CrossRef]

Kim, S.S.; Eom, L.K,; Kim, Y.S. Image interpolation based on the statistical relationship between wavelet
subbands. In Proceedings of the IEEE International Conference on Multimedia and Expo, Beijing, China, 2-5
July 2007.

Kinebuchi, K.; Muresan, D.D.; Parks, T.W. Image interpolation using wavelet-based hidden Markov trees. In
Proceedings of the IEEE International Conference on Acoustics, Speech, and Signal Processing, Salt Lake
City, UT, USA, 7-11 May 2001.

Chan, R.H.; Chan, T.F; Shen, L.; Shen, Z. Wavelet algorithms for high-resolution image reconstruction. SIAM
J. Sci. Comput. 2003, 24, 1408-1432. [CrossRef]

Tian,J.; Ma, L.; Yu, W. Ant colony optimization for wavelet-based image interpolation using a three-component
exponential mixture model. Expert Syst. Appl. 2011, 38, 12514-12520. [CrossRef]


http://dx.doi.org/10.1007/s11042-017-5233-5
http://dx.doi.org/10.1007/s11760-017-1178-4
http://dx.doi.org/10.1016/j.patrec.2017.03.014
http://dx.doi.org/10.1007/s10278-012-9555-6
http://www.ncbi.nlm.nih.gov/pubmed/23207923
http://dx.doi.org/10.1080/01431161.2013.853145
http://dx.doi.org/10.1109/TIP.2017.2662206
http://dx.doi.org/10.1016/j.compmedimag.2018.02.002
http://dx.doi.org/10.1016/j.neuroimage.2016.01.005
http://dx.doi.org/10.1145/3072959.3073663
http://dx.doi.org/10.1137/S1064827500383123
http://dx.doi.org/10.1016/j.eswa.2011.04.037

Electronics 2019, 8, 553 16 of 16

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

Roweis, S.T.; Saul, L.K. Nonlinear dimensionality reduction bylocally linear embedding. Science 2000, 290,
2323-2326. [CrossRef]

Tenenbaum, J.B.; De Silva, V.; Langford, ].C. A globalgeometric framework for nonlinear dimensionality
reduction. Science 2000, 290, 2319-2323. [CrossRef] [PubMed]

Cao, LJ.; Chua, K.S.;; Chong, WK.; Lee, HP; Gu, QM. A comparasion of PCA, KCPA and ICA for
dimensionelity reduction in support vector machine. Neurocomputing 2003, 55, 321-336. [CrossRef]

Belkin, M.; Niyogi, P. Laplacian eigenmaps for dimensionality reduction and data representation. Neural
Comput. 2003, 15, 1373-1396. [CrossRef]

Pascanu, R.; Mikolov, T.; Bengio, Y. On the difficulty of training recurrent neural networks. In Proceedings of
the International Conference on Machine Learning (ICML), Atlanta, GA, USA, 16-21 June 2013.

Ngaim, J.; Khosla, A.; Kim, M.; Nam, J.; Lee, H.; Ng, A.Y. Multimodal deep learning. In Proceedings of the
28th International Conference on Machine Learning (ICML), Bellevue, WA, USA, 28 June-2 July 2011.
Nam, J.; Herrera, J.; Slaney, M.; Smith, J.O. Learning sparse feature representations for Music Annotation
and Retrieval. In Proceedings of the 13th International Society for Music Information Retrieval Conference,
Porto, Portugal, 812 October 2012.

Mousas, C.; Anangnostopoulos, C.N. Learning motion features for example based finger motion estimation
for virtual characters. 3D Res. 2017, 8, 136. [CrossRef]

Bengio, Y.; Simard, P,; Frasconi, P. Learning long-term dependencies with gradient descent is difficult. IEEE
Trans. Neural Netw. 1994, 5, 157-166. [CrossRef] [PubMed]

LeCun, Y,; Bottou, L.; Bengio, Y.; Haffner, P. Gradient-based learning applied to document recognition. Proc.
IEEE 1998, 86, 2278-2324. [CrossRef]

Vedaldi, A.; Lenc, K. MatConvNet: Convolutional Neural Networks for MATLAB. In Proceedings of the
23rd ACM International Conference on Multimedia, Brisbane, Australia, 26-30 October 2015.

Zimo, L.; Zhou, Y.; Xiao, S.; He, C.; Huang, Z.; Li, H. Auto-conditioned LSTM recurrent network for extended
complex human motion synthesis. arXiv 2017, arXiv:1707.05363.

Rekabdar, B.; Mousas, C. Dilated convolutional neural network for predicting driver’s activity. In Proceedings
of the 21st International Conference on Intelligent Transportation System (ITSC), Maui, Hawaii, USA, 4-7
November 2018.

Abdel-Hamid, O.; Mohamed, A.R.; Jiang, H.; Penn, G. Applying Convolutional neural networks concepts to
hybrid NN-HMM model for speech recognition. In Proceedings of the IEEE International Conference on
Acoustics, Speech and Signal Processing (ICAS), Kyoto, Japan, 25-30 March 2012.

Bilmes, J.A.; Bartels, C. Graphical model architectures for speech recognition. IEEE Signal Process. Mag. 2005,
22,89-100. [CrossRef]

Yang, J.; Wright, ].; Huang, T.S.; Ma, Y. Image super-resolution via sparse representation. IEEE Trans. Image
Process. 2010, 19, 2861-2873. [CrossRef]

® © 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.1126/science.290.5500.2323
http://dx.doi.org/10.1126/science.290.5500.2319
http://www.ncbi.nlm.nih.gov/pubmed/11125149
http://dx.doi.org/10.1016/S0925-2312(03)00433-8
http://dx.doi.org/10.1162/089976603321780317
http://dx.doi.org/10.1007/s13319-017-0136-9
http://dx.doi.org/10.1109/72.279181
http://www.ncbi.nlm.nih.gov/pubmed/18267787
http://dx.doi.org/10.1109/5.726791
http://dx.doi.org/10.1109/MSP.2005.1511827
http://dx.doi.org/10.1109/TIP.2010.2050625
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Related Work 
	Proposed Method 
	Training 

	Properties of the Proposed Model 
	Deep Network 
	Wavelet Learning 

	Experiments and Results 
	Conclusions 
	References

