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Abstract

In smart monitoring applications, real-time analysis
of photos and videos is a challenging challenge.
Many applications have to trade off between frame
rate and resolution because of network limitations.
Super-resolution  cameras are becoming a
commonplace component of surveillance systems.
Current image super-resolution methods may be
improved by using the picture as it was taken to its
full potential. However, present deep learning-based
photo super-resolution methods seldom take older
pictures into account. Therefore, how to make the
most of picture history is one of the outstanding
problems for deep-network-based single-image
super-resolution approaches. In this paper, we
bridge the gap between traditional sparse-
representation-based single-image super-resolution
approaches and deep-learning-based ones by using
transfer learning to guarantee that our proposed
deep network compensates for the picture before.
While deep learning can be used to super-resolve a
single image, the question of how to keep neurons
from sacrificing different parts of the image remains.
In this effort, we permanently affix the image patches
to the lexical atoms so that they may be categorized.
The network's ability to recover high-frequency
information is improved by training on visually
similar parts of the image.

1 Introduction

Recent years have witnessed a rise in curiosity in "big
data" [4, 7], "the cloud," and "artificial intelligence."
Computer vision, natural language processing, and
voice recognition are just a few of the domains where
deep learning for Al has left the lab and into practical
usage [8, 21]. In order to interface with the real
environment, many applications need sensors [5, 6],
such as webcams in computer vision. Unfortunately,
the data transmission rate of these devices is
somewhat slow. For instance, a USB 2.0 connector
can transfer data at a rate of around 480 Mbps. The
amount of bandwidth needed is around 5 Gbps when
the frame rate is 100 hertz and the picture resolution
is 1920 by 1080.Additionally, there are applications

that need a frame rate greater than 100 hertz due to
the fast-paced nature of the content being shown.
Therefore, methods such as super-resolution and
frame-rate up-conversion are required for many
applications of real-time media. Super-resolution in a
surveillance context is shown in Figure 1.

This implies that the images delivered to the
computer may be analyzed rapidly even when the
instruments only have a low-bandwidth connectivity.
As a result of the high throughput, the timing
problem also arises in a number of transmission
contexts [26-28]. Image super-resolution (SR)
technology is used to convert raw low-resolution
(LR) images to their high-resolution (HR)
counterpart. Although it has been researched for quite
some time, ultra-high-definition (3840 x 2048) TVs
have only lately brought it into the mainstream. Most
videos can't be seen in UHD right now. It is
necessary to use SR methods in order to generate
UHD content from FHD (1920 x 1080) or lower
resolution photos [16]. There are two main types of
SR techniques that classify photos for SR dependent
on the number of LR images used as input: single-
image SR and multiple-image SR. Focusing on the
problem of restoring a high-resolution image from a
single input, we refer to this approach as single-
image SR.

Using just one picture of poor quality. For the sake of
organization, we classify single-image SR techniques
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into two broad categories: those that do not rely on
deep learning and those that do. Those built on deep
learning. While deep learning-based methods always
learn a basic end-to-end correspondence between the
LR and HR images, most single-image SR methods
that don't rely on it either attempt to discover new
types of image prior or suggest a new way to use
these existing image prior. Image previous, such as
local smoothing, nonlocal self-similarity, and
scarcity, has been shown to play a significant part in
image SR by traditional non-deep-learning-based SR
techniques. Small image regions from both the low-
resolution and high-resolution images are thought to
create low-dimensional nonlinear manifolds with the
same local shape in neighbor embedding (NE)
methods.

Using the locally linear embedding (LLE) technique
of manifold learning, Chang et al. [3] suggested an
SR approach based on this concept. Image scarcity is
widely used in the literature of single-image SR,
alongside the local linear prior. Assuming that low-
frequency image patches have the same sparse
representation as the equivalent high-frequency
image patches, Yang et al. [35] suggested the first
sparse-representation-based single-image SR
technique. Based on these findings, Zeyde et al. [37]
suggested a more effective vocabulary learning
technique that reduces training time significantly for
both low- and high-resolution patches. The
regularization term, which can be any type of image
precondition, has been extensively investigated,
including local flattening and nonlocal self similarity.
In the single-image SR techniques that rely on
restoration constraints. Some older approaches seek
to discover a more condensed version of the well-
known image prior or a more effective way to use
this image prior for enhancing image SR
performance, rather than exploring the new image
prior. Using anchored neighborhood regression
(ANR), Timofte et al. [30] suggest a method for
single-image  SR. A low-resolution  patch's
neighborhood embedding can be anchored to the
closest element in the lexicon, and the associated
embedding matrix can be recomputed. They go on to
suggest an enhanced form of ANR in [31], which
takes the finest features of both ANR and SF and
merges them.

Zhang et al. [38] suggest a dual lexicon for iteratively
learning residual that makes greater use of the picture
sparse prior. The deep learning approach has been
widely discussed recently, and it has been effectively
implemented in a wide variety of low- and high-level
computer vision issues. There have also been some
investigations into picture SR techniques that use
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deep learning. Dong et al. [10, 11] suggested SRCNN
as the first study of its kind in deep learning-based
SR. They proved that an end-to-end translation from
low-resolution to high-resolution images can be
learned by a convolutional neural network (CNN). It
does not necessitate the use of designed
characteristics, as is the case with more conventional,
non-deep learning-based approaches. Following that,
they improved the repair of JPEG compressed images
by expanding on this work [9]. More recently, they
suggested an enhanced variant of SRCNN
(FSRCNN) [12] by considering the 1 1 convolution
to decrease network weights. Some works attempt to
learn the image residual, in contrast to [9—12] which
use the original, unaltered picture as ground truth for
training. In order to hasten the convergence rate, Kim
et al. [17] suggested a very deep network for learning
residual. The low-resolution input picture must be
upscale to the high-resolution space using a single
filter, typically bicubic interpolation, before
rebuilding using any of the aforementioned
techniques (with the exception of FSRCNN).

To reduce processing overhead, Shi et al. [29]
suggested up scaling the final LR feature maps into
the HR output by introducing an efficient sub-pixel
convolution layer that trains an array of up scaling
filters. Both single-image [15, 20, 34] and video [2,
14] SR techniques have seen numerous recent
proposals built on deep learning.

2 Related works

Since the anchored neighborhood regression serves
as the basis for our suggested method, we are able to
fully exploit the benefits of both sparse representation
methods and the ones built on deep learning, we
quickly go over them.

Sparse representation approaches

Low density of resemblance Reduce the number of
factors that are not negative to best reflect the signal's
essential properties. Sparse representation discovery
for patch xi. Sparse coding is the process of encoding
a vector | in terms of an already-established, over-
complete lexicon D. As can be seen, the null space of
D adds extra degrees of freedom in the option of me,
which can be used to increase its compressibility as a
result of its over-completeness. Sparse coding can be
written as follows, yielding the sparse representation:

@; = argmin |x; — Dcr,‘|§ st flagllg < L (1)

o;
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The fixed neighborhood convolution layer is depicted
in Fig. 2. Each low-frequency feature vector you feed
in will be tied to a lexicon element that will trigger
the convolution layer that best fits its characteristics.
The low-frequency feature vector is then mapped to
the high-resolution space by the enabled convolution
layer. The green arrow with two heads indicates that
one lexicon atom and one projection matrix are
linked to each convolution layer. Although
approximating this issue is difficult, many different
methods exist [22]. In this article, we utilize the
straightforward and effective orthogonal matching
pursuit (OMP) [32] method to address this issue.
Dictionary learning is the other major issue with
limited representation. It can be stated generally as:

D, (@i} = argmin Z |x; — Dee; |l§
D’Iall k

s.t. liai:l() <L Vi (2

Where | is a vector that represents xi in a fragmented
form.

In the past year, numerous strategies for memorizing
dictionaries have been suggested. One of the most
popular dictionaries K-SVD [18] is one of the most
effective and efficient vocabulary learning techniques
currently available, outperforming many other state-
of-the-art approaches. The SR technique based on
sparse representations implies that low-resolution
areas have the same sparse representation as their
high-resolution  counterparts. Therefore, limited
vocabularies for both low- and high-resolution
picture regions must be learned simultaneously. The
combined vocabulary learning can be stated in the
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following way, given a collection of training picture
patch pairs Xh and XI:

o , |
argmin — ||Xj, - Dyl + — 11X — Dye}
Dy.Dya M

0 . U .
+A(E*H),lal}0 (3)

Where N and M denote the high- and low-resolution
patches and their dimensions, and is the coefficient
vector indicating scarcity; Xh and XL are the high-
and low-resolution patches, respectively. Timofte et
al. [30] suggested anchored neighborhood regression
for rapid single image SR to reduce computation
time. They used a subset of the dictionary elements to
symbolize each patch and loosened the LO norm
constraint to L2. Then the criterion for success will
be to

of = arg min ||x; — Dzailj% + Allailla

o

The L2 norm provides a closed answer by
transforming the issue into ridge regression. It is
possible to create a high-resolution output from a
low-frequency input patch yi. Area as

2
% = D,,(D,T Di+M) Diyi=Py, (5)

Where Pi is the projection matrix that has been saved
for the element Dil in the lexicon. In conclusion,
ANR calculates the forecast in an inaccessible during
training; the system generates a projection matrix Pi
for each dictionary atom, maps each patch to its most
comparable dictionary atom, and outputs a high-
frequency detail patch. Timofte et al. [31] suggest
A+, a variation of ANR that merges the finest
features of ANR and SF.For additional information
on ANR and A+, please see [30, 31].

Deep learning approaches

The standard approach to image SR using deep
learning involves learning a mapping from the input
image's low resolution to the desired high resolution.
One that goes into great depth. SRCNN [10], a
simple three-layer network, was the pioneering model
of its sort. In specifically, the first layer extracts
connected patches from the original picture, while the
second layer represents each patch as a high-
dimensional vector. A non-linear mapping layer is
then put on top of it, which mentally maps each high-



Applied GIS

dimensional vector from the preceding layer onto a
new high-dimensional vector representing a high-
resolution patch. The rebuilding layer ultimately
aggregates all the patch-wise portrayals into a unified
whole. Inspired by the findings of prior state-of-the-
art research, Kim et al. [17] proposed using the
residual learning approach to accelerate convergence
and increasing the network's depth to extend its
receptive field for predicting image attributes. In
order to mimic the performance of the traditional
sparse-representation-based SR method, Wang et al.
[34] developed a network. However, several stages
are needed for the precise sparse portrayal, and the
whole image uses the same network architecture.
Many more deep learning-based methods for image
SR exist as well.

3 Motivations and contributions

Non-deep learning single-image SR methods
sometimes propose new uses for existing image prior
or search for unique kinds of image prior to use. All
These experiments demonstrated that optimizing the
use of image priors may improve image SR
outcomes. Using the picture-previous in deep
learning-based methods is an area of research that has
received very little attention. This encourages us to
look at ways to use deep learning in conjunction with
image priors. The good news is that Timofte et al.
[30, 31] have shown that the objective function with
a sparse prior constraint has a closed solution. In
addition, the matrix multiplication may be easily
accomplished with a convolution layer. As a result, it
makes perfect sense to use the projection matrix
weights learned offline in a convolution layer. The
neurons in these previous deep-learning-based
methods process the whole input feature map. They
have to make do with mediocre visuals. In [30, 31],
Timofte et al. As a result of ANR and A+, we're
motivated to associate different parts of images with
different lexicon atoms, which neatly separates them
into several groups and lets individual neurons
concentrate on areas of the picture that are most
similar to themselves.

While previous studies have suggested training the
matrix online using a limited number of patches and
an image prior, we propose in this paper to instead
communicate its weights. Constraints on the weights
of the convolution layer. Therefore, our network
automatically considers the prior image while making
decisions. The low-frequency input vector is
anchored to one of the lexicon elements, much as in
ANR and A+, and then the appropriate convolution
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layer is wused to predict the high-frequency
information. We do this by training our network such
that all of its neurons process the same kind of image
data. The main contributions of this research may be
broken down into three categories:

We connect the common sparse representation
method with our deep learning-based single-image
SR method. The deep-learning-based strategy with its
potent end-to-end optimization capacity and the more
traditional approach with its strong capability of
utilising picture-based prior knowledge have been
brought together with the help of transfer learning
technology. For single-image SR, we propose using
a community-connected deep network. Unlike
neurons in previous deep-learning-based approaches,
the neurons in our proposed SR network are more
concerned with obtaining local picture information
than they are with accommodating a broad range of
image contents. Local optimization, such as using
conventional fixed neighborhood regression methods,
is contrasted with global optimization, as achieved by
the proposed network. Extensive testing is provided
to demonstrate the efficacy of our innovative single-
image SR method.

4 Proposed methods

Our suggested method is an end-to-end projection
that utilizes the low-resolution picture as input and
out-performs prior deep-learning-based single-image
SR methods. Produces the high-resolution version
immediately. We wuse a fixed neighborhood
convolution layer to prevent neurons from
compromising into various image contents and a
sparse prior constraint convolution layer to account
for the images sparse prior. As a result, we begin by
introducing two convolution layers, one with a sparse
prior restriction and another with an attached
neighborhood, both of which are specifically tailored
to the issues we're interested in solving. We conclude
by unveiling our improved network architecture for
single-image SR.

Sparse prior constraint layer

For the L2 norm sparse constraint objective function,
where the projection matrix is recomputed offline by
a series of low-and-slow iterations, the answer xi =
Piyi is shown to be very near. Set of high-image
patches. It is possible to anticipate finer picture
details using a convolution layer by treating each
entry of the projection matrix Pi as a filter. In this
case, let's say yi is an nl-dimensional vector, Xi is an
ml-dimensional vector, and Pi is a mn-dimensional
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matrix. Then, the dimension of each convolution is
11n, where 11 is the geographic area and n is the
number of feature maps. There are m convolutions of
dimension 11n because the projection matrix Pi has
m rows. It's important to observe that each filter is
completely unbiased so that they can all serve as
adequate representations of the matrix multiplying
operation.

Anchored neighborhood layer

In the offline training procedure, the ANR and A+
first locate the areas, and then independently compute
a projection matrix Pi for each dictionary element Di.
As a result, it only needs to keep the projection
matrix Pi and attach the input patch feature yi to its
closest neighbor atom Di to produce a map from Di
to HR space. In this article, we employ a network to
simulate this procedure, as networks possess a
property that improves our method's efficiency.
Figure 2 depicts the structure of an attached
neighborhood convolution layer. We apply the same
approach as A+, which accounts for the image sparse
previous, to determine the projection matrix Pi for
each dictionary element Di. Once all projection
matrices have been trained, we use the
aforementioned technique to move them to new
convolution layers. In other words, the fixed
neighborhood layer is composed of sparse prior
constraint convolution layers, each of which is
dedicated to a single particle. It is important to
remember that all of these sub-convolution levels can
be performed in simultaneously. The fixed
neighborhood layer assigns a single dictionary
element to each low-frequency feature vector in the
input, which then triggers the appropriate sub-
convolution layer. The enabled convolution layer
then performs the standard matrix multiplication by
mapping the low-frequency feature vector to the
high-resolution space.

Proposed network structure

Figure 3 depicts the suggested network architecture.
A basic breakdown would be as follows: feature
extraction layer, fixed neighborhood convolution
layer, a sub network of deep integration and the
combo layer. In Fig. 3, we've color-coded the
matching components to make it easier to spot them.
Taking out features. The characteristics employed to
depict the picture segments have a significant impact
on performance, as evidenced by the ANR and A+.
The fix itself is the simplest component to employ.
However, this does not improve the feature's
generalizability. One characteristic with a lot of
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overlap is the patch's first- and second-order variant
[3, 35]. In this work, we isolate the picture feature
using a convolution layer with n1 filters of size 3s 3s
1, where s is the magnifying factor. As a
consequence, the feature vector at the end is nl by 1.
Meanwhile, LR patches are extracted via "one-hot"
convolution, wherein a single filter is responsible for
extracting a single pixel from the receptive field.
One-hot convolution uses a filter size of 3s 3s 1.
Convolution anchored to a community. Section 4.2
provides an in-depth explanation of this stratum. It's a
quick and precise way to capture images in advance.
Picture specifics to be predicted and local image
regions to be worked on by the neurons to prevent
compromising on various image contents. Keep in
mind that our 1024-atom lexicon was used in this
exercise. This fixed neighborhood layer contains
1024 parallel sparse prior constraint layers.

o
gt

ExArMetion

Cettianrw

The embedded neighborhood deep network structure
is depicted in Fig. 3 and is suggested for use in
single-image SR. To forecast the high-frequency
features, it first employs a convolution layer to
retrieve the low-frequency ones, and then a fixed
neighborhood  convolution  layer.  Cascaded
convolution layers are used to merge patches of local
resemblance and improve picture features after the
high-frequency patches have been combined. Picture
prediction, uses a single filter with dimensions f f d.

One possible formulation is

F; (y) = max (O,w; ¥ y+ by) i € {Lm — 1) (6)
Epp (y) = Wy % Frp1 () + by (7)
Training

Here, we lay out the goal we want to reduce in order
to determine the best values for our model's
characteristics. In line with other deep-learning-based
approaches to picture repair, the network's cost
function is the mean square error. Our objective is to
learn a transformation f from low-resolution images
as input to an estimate of the matching high-
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resolution picture as output, denoted by y = f (X).
Low-resolution counterparts to a given collection of
high-resolution picture samples (yi, i = 1... N) Are
generated (in reality, they are upscale to the original
dimensions via bicubic interpolation). Then, the goal
of minimization is written as

Y

N TR .
man ZN f_.‘ () = Jil, )

In which f (xi ;) is the predicted high-resolution
picture with regard to the low-resolution image Xxi,
and is the training value for the network. We employ
an adaptable instant estimation (Adam) [18] to fine-
tune every variable in the network.

5 Experimental results and
discussion

Here, we conduct an in-depth analysis of our
method's efficiency across multiple test data sets. We
start by talking about the samples we used to train
and evaluate our algorithm. After that, some
Instructional specifics are provided. We conclude by
comparing five modern techniques quantitatively and
qualitatively. In this paper, we introduce ANNet, an
attached neighborhood deep network.

Implementation details

Test and training datasets. It is common knowledge
that a high-quality training sample is crucial to the
success of any learning-based picture repair
technique. Extensive preparation the literature
contains datasets for your perusal. Both SRCNN [10,
11] and VDSR [17] use datasets with 91 and 291
images, respectively. In this study, we primarily use
the General-100 dataset, which consists of 100 bmp
file pictures, in accordance with FSRCNN [12].
(With no compression). In order to further investigate
the effect that varying training databases have on
performance, we also create our own. Table 1 we
compare our suggested approach to others using Set5
[1] and various filter sizes by calculating the average
PSNR (dB) and SSIM.
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Filtersize 3 5 7 9

3 3268/09106 3270/09108 327209104 3272/059104
5 3280/08117  3274/09106 3279709110 3278/05113
7 3275/08105 3278/09111 327808111 3281/09113
9 3278/00108  3278/09109 328B0/09114  3282/09114
All mzdets are trained on the General-100dataser

Collection that includes 260 photos in bmp file. To
get ready for training, we use data supplementation
(rotation or reverse) and fix the patch size to 45 by
45. Based on the FSRCNN and SRCNN, we use the
widely-used Set5 [1] (5 images), Setl4 [37] (14
images), and BSD200 [23] (200 images) datasets to
conduct our tests. Keep in mind that the test pictures
and the data used to train the system are completely
distinct. Method for training. We employ the
procedure outlined by The et al. [13] to initialize
weights. For networks with corrected linear units, this
is a mathematically valid method. (ReLu). Adam's
other hyper-parameters include a first moment
estimate exponential decay rate of 0.90 and a second
moment estimate exponential decay rate of 0.999. All
of our trials are trained with a group size of 64 and 30
epochs of training. In the first 10 epochs, the learning
rate is 0.0001, in epochs 11-20 it's 0.00001, and in
the last 10 epochs it's 0.000001.

We use the MatConvNet software [33] to put our
model into action.

Investigation of different settings

We create a series of sanity checks to ensure the
integrity of our embedded neighborhood deep
network. The effects of various parameters, including
filter height, network depth, the training data
collection, etc. Given that the projection matrix is
learned offline and thus locks in the parameters of the
embedded neighborhood layer, our focus is on
experimenting with various configurations of the
deep integration sub network.

Table 2 shows how our suggested approach compares
to others at varying levels on Set5 [1] in terms of
average PSNR (dB) and SSIM.



Applied GIS

Image 2 layers 3 layers 4 layers

Baby 35.25/09240 35.26/09244 35.33/0.9250
Bird 3552/09565 35.78/0.9584 35.97/0.9596
Butterfly 2792/09166 2839/09235 28.44/09249
Head 3371/08254 33.77/08279 3378/0.8286
Woman 3151/09315 3167/09338 31.70/0.9344

Avg 3278/09108 3297/09136

3305/09145

All modes are trained on the General-100 darasat

Table 3 Comparison of our proposed ANNet trained
with different datasets

5

We begin by looking into how filter size affects
speed. The deep integration sub network used in
these tests consists of only two convolution layers. In
general, Table 1 displays the PSNR and SSIM results
from the Set5 dataset used in these studies. The filter
size of the first convolution layer of the deep
integration sub network is shown in the first column,
and the filter size of the second convolution layer is
shown in the first row. Since our network's first and
second levels of the deep integration sub network
have spatial sizes of 3 by 3 and 5 by 5, respectively,
the average PSNR and SSIM values can be found in
the second and third rows, respectively. The square
filter allows us to reduce them to a single value. As
can be seen in Table 1, filter efficacy improves with
increasing filter size. That's because its bigger
receptive field allows it to gather more relevant data
for predicting picture features.

Finally, we explore how the training sample itself
affects efficiency. Generally speaking, we use
General-100 as the training dataset and FSRCNN as
our guide. We create our own training dataset
consisting of 260 pictures in bmp file to further
examine the effect of training dataset on
performance. The PSNR and SSIM values for Set5 of
our suggested ANNet after training with various
datasets are displayed in Table 3. Compared to our
newly formed dataset, which includes 260 pictures,
the smaller dataset (representing General-100) is
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relatively tiny. Our network trained with a bigger
dataset outperforms one trained with a smaller dataset
by about 0.27 dB on this test dataset, on average.
That's why having access to a sizable training sample
can do wonders for a network's efficiency.

Comparisons with state-of-the-art

methods

Four state-of-the-art learning-based single-image SR
techniques, including A+ [31], SRF [25], SRCNN
[10, 11], and SCN [34], are compared to our ANNet.
A+ and SRF and SRCNN are the two most advanced
non-deep learning-based techniques, while SCN and
SRCNN are the most advanced deep learning-based
methods.

Batrfh PSNRAS BedoMMARG A7 109465 SRONNZT 350900 AN R 400 9445

Figure 4 shows a visual contrast of two common
deep-learning-based single-images SR techniques
using the butterfly picture from Set5 [1] and an up
scaling factor of 3. The numeric findings are
summarized in Table 4. Testing across multiple data
sets. The other four techniques produce the same
outcomes as those presented at FSRCNN [12]. Our
Annett’s experiment-running parameters include a
deep integration sub network with two levels using
filter sizes of 5 and 3, respectively. It is not learned
on our own massive dataset, but rather on the
publicly available, much smaller General-100 dataset.
As can be seen in Table 4, our suggested ANNet
works better than A+, SRF, and SRCNN. Our ANNet
outperforms Bicubic, SRCNN, A+, and SRF on this
setup and test dataset by an average of 1.97, 0.38,
0.24, and 0.1 dB, respectively. The average PSNR
disparity between our ANNet and SCN is only 0.04
dB, so the two networks are similar. In addition, SCN
requires a number of chain processes for optimal
efficiency. As we saw above, we can improve
efficiency by increasing network depth or by using a
bigger training sample. In addition to the quantitative
data presented in Figs. Figure 4 displays a graphic
contrast of the three different up scaling factors used
for the butterfly picture in Set5 when using single-
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image SR. Figure 5 shows an infant from Set5 and
Figure 6 shows a lady from Set5 both scaled by a
ratio of 4. Obviously, our ANNet is able to retrieve
more information from images. These findings show
that our suggested ANNet is an effective single-
image SR technique.

6 Conclusions

In this article, we investigate two underexplored
challenges in single-image super-resolution using
deep neural networks:

One of them is how to factor in image-preceding
context when methods based on deep learning, and
the other is how to keep the cell from adapting to
various picture elements. The weights of a projection
matrix learned under a tight picture previous
restriction are transferred to a single convolution
layer using transfer learning technology, solving the
first issue. To address the second issue, the suggested
ANNet maps each input feature vector to the high-
resolution space using the appropriate convolution
layer and attaches it to an atom in the dictionary. We
suggest an embedded neighborhood deep network for
single-image super-resolution that addresses these
two issues. Compared to other state-of-the-art single-
image super resolution techniques, our suggested
strategy works better in experiments. The more data
we feed into our network, the better it performs, as
shown by our tests. To further enhance the network's
efficiency, we are motivated to train it on a bigger
dataset, such as Image Net, in preparation for real-
world use.
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