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Abstract

Deep Learning (DL) is a subfield of machine learning that significantly impacts extracting
new knowledge. By using DL, the extraction of advanced data representations and
knowledge can be made possible. Highly effective DL techniques help to find more
hidden knowledge. Deep learning has a promising future due to its great performance and
accuracy. We need to understand the fundamentals and the state-of-the-art of DL to
leverage it effectively. A survey on DL ways, advantages, drawbacks, architectures,
and methods to have a straightforward and clear understanding of it from different views
is explained in the paper. Moreover, the existing related methods are compared with each
other, and the application of DL is described in some applications, such as medical image
analysis, handwriting recognition, and so on.
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1 | INTRODUCTION

Everything around us can generate Big data. Some of these big
data are so complicated that traditional methods or databases
cannot process them. Figure 1 shows the definition of Big
Data in the schematic.

As Figure 1 shows, large dataset acts like a technological,
cultural, and scholatly event thatis based on the interaction of [1]:

® Technology: maximisation of computing power and the
accuracy of algorithms to accumulate, analyse, link, and
compare large data sets [2].

® Analyses: identification of patterns by drawing on large
datasets to make social, economic, technological, and legal
assertions [3].

® Mythology: the extensive belief that big data sets suggest a
higher form of knowledge and intelligence that can make
previously impossible insights with the aura of objectivity,
accuracy, and truth [1, 4].

Extraction of advanced representation (feature) was not
possible by conventional Machine learning (ML)-shallow
learning or statistical algorithms because of the characteristics
of generated data in this system called V's characteristics. Three
significant characteristics, all of which have brought new
challenges, are:

I. Volume: The amount of generated data is high.
II. Velocity: The speed of generating data is high, and we
cannot control the system easy to work well.
III. Variety: Data come from heterogeneous sources, such as
social media, videos, images etc.
IV. The produced data from a variety of providers can be
combined.

Traditional ML algorithms ate unsuitable for dealing with
the characteristics mentioned above. Some of the shallow
learning drawbacks are:

I. We cannot achieve high-quality equipments with superfi-
cial learning,

II. We cannot know online communities and political
movements with shallow learning,

Mythology

Technology

FIGURE 1 Big data definition.

III. Shallow learning methods depend on features that atre
often tricky to understand.
IV. We cannot quickly solve simple algorithms like XOR with
Neural Networks (NN) and one neuron.
V. Good input features are essential for successful traditional
ML (Shallow learning) [2].
VI. Neural Network faces more than three layers in general.

In general, large dataset considers important questions
about the constitution of knowledge, how we should absorb
information, research processes, nature, and arrangement of
reality. Large Data suggests the humanistic disciplines a new
way to assert the status of quantitative science and objective
method. It causes many more social spaces quantifiable. But it
has some significant failures, such as:

I. Large data is not always a sign of good data.
II. Taken Y9out of content, large Data loses its meaning
divides.
III. Since it is accessible does not make it ethical to use.
(Privacy is a critical issue.)
IV. Restricted access to Big Data makes a new problem
because most scholarly researchers do not access big data.

Before 2006, we could not train deep architectures to find
complex patterns. Previously, if we faced with tens of different
inputs, the traditional neural network had the best perfor-
mance; we had to grow the number of nodes in layers expo-
nentially, which caused two significant problems:

® Vanishing Gradient (Underfitting): This means that we can
balance the first layers of the network more rapidly than
later layers, and optimisation is more complicated during
passing so that the results will be worse than usual with a
high number of neuron layers. In brief, we cannot improve
the weights of each edge quickly.

e Overfitting (High Variance): This means that the network
fits more than the requirement so that the network ends
up with the wrong result for new data. From another
point of view, the network fits more than enough that
only results well for trained data, so it lasts bad results
for test data: the more neurons, the more probability of
overfitting [3].
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FIGURE 2 Real neural network structure in human beings.

In simple, we cannot easily generalise the network [5],
based on papers by Geoffrey Hinton [6] and Bengio [7]. We
have faced another way to extract advanced representations
from data in an era where almost all of the things that produce
data are named Greedy layer-wise unsupervised pre-training.
They tried to train the network layer by layer, not considering it
a black box.

Deep Learning (DL) is a powerful way of analysing big data
that allows computers to learn without being taught. Everything
like health care transportation, manufacturing and more are
affected by DL. Companies use DL to deal with hard problems,
which we can categorise them into some classes such as:

1. Computer vision: one of the most important applications
of DL is computer vision nowadays. Image classification
can be used in the image search system, categorising images
automatically to be searchable from text queries or auto-
matic tagging, Another example of the deep net is that
suppose we want to predict if a given image contains a
human face or not; at first, the deep net uses edges to detect
different parts of faces, lips, and so on. Next, it combines
the results to form the whole face.

a. Object Recognition: recognising objects within images.
b. Video Parsing: that is useful for driverless cars, robots,
thief detection, and movie ratings.

2. Speech recognition

3. Text Processing:

a) Fact Extraction: finding facts from common sentences.

b) Machine Translation

c) Sentiment Analysis: One example is Twitter sentiment
analysis (you can search any query; the result is people's
sentiment on Twitter. We can reach this tool from the
URL' up to now.

4. Medical:

a) Disease Detection: finding factors that impact a special
disease such as cancer.

‘https://\\rxwucsclncswedu/facult) /healey/tweet_viz/tweet_app/.
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b) Drug Discovery: Predicting the biological activity of
different drug molecules based on chemical structure.
¢) Radiology: Discriminating malignant tumours from
benign tumours.
5. Finance: making, buying, and selling predictions for short-
term trading and long-term investment.
6. Digital advertising: segmenting customers to offer per-
sonalised or real-time advertisements.
7. Fraud detections
8. Agriculture: finding problematic environmental conditions.

DL algorithms stem from Artificial NN architectures that
are especially useful for classification goals [8]. We can see its
natural structure in Figure 2.

In other words, until now, all types of DL are based on
Artificial NN. One of the ways to deal with real-life issues in
the world is ML, whereas DL is a special kind of ML. Machine
learning typically needs a complicated education, spanning
software engineering and computer science to statistical ways
and linear algebra.

If we want to compare shallow learning (traditional
methods) with DL approaches visually, we can mention the
following example in real: anticipating Cognitive Performance
of Stroke Patients From magnetic resonance imaging (MRI)
Lesion pictures (shallow learning approaches).

Figure 4 shows anticipating Cognitive accomplishment of
Stroke Patients From MRI Lesion pictures (DL approaches).

As shown in Figures 3 and 4, we can understand that
extracting features and selecting feature are two essential dif-
ferences between the shallow and DL approaches. When we
use the DI method, this method does feature extraction and
feature selection itself, but in Shallow learning methods, we
should do them by ourselves. We can find more advanced
knowledge based on ML algorithms to which we do not know
the answers upfront. If we want to understand the relationship
between DI, ML, and Artificial intelligence fields, the best way
in visualising them as concentric circles, as Figure 5 shows this:

And to find to what extent DL can affect the industry, we
can refer to Figure 6.
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FIGURE 3 Shallow learning approach for anticipating cognitive accomplishment of stroke patients from magnetic resonance imaging lesion pictures [9] or

anticipating cognitive accomplis.
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FIGURE 4 Deep learning approach for anticipating cognitive accomplishment of stroke patients from magnetic resonance imaging lesion pictures [9].
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FIGURE 6 Effect of deep learning [10].

As we can see, after using DL, we achieved a remarkable
breakthrough in accuracy and better knowledge [11]. DL
emerges as a central tool for solving perception problems [12].

In other words, DL is vital for better knowledge extraction. So,
we must have a true image of this new knowledge extractor if
we want to research to find a better representation. The aim of
DL is to extract features without much more hard work,
especially when we encounter tens of different inputs or more.
Deep nets also have strong power in data integration.

2 | DEEP LEARNING ARCHITECTURE
AND APPROACHES

In general, DL ways are in three main classes:

® Generative (unsupervised) deep architectures: It aims to
determine high-level correlation properties for pattern
analysis or synthesis tasks.

® Discriminative (supervised) deep architectures are intended
to enable pattern classification, most of the time by
providing distributions of classes, as we introduce Con-
volutional Neural Network (CNN) in the next section.

® Hybrid deep architectures want to provide better discrimi-
nation with the help of Generative deep architectures and
enhanced optimisation techniques, like Deep Neural net-
works (DNN).

We divide this paper into seven parts. In the first part of
Section 2, we present DL architecture, applications, and ap-
proaches. In part 3, we explain six common types of DL
methods. Section 4 presents some examples of the Internet of
Things (IoT) field. And Section 5 compares some common DL
states of the art. Then in Section 6, some applicants for DL are
represented. Section 7 presents the conclusion and future
works.
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FIGURE 7 Common deep learning models. CNN, convolutional neural network; RBM, restricted Boltzmann machine

3 | COMMON TYPES OF DL MODELS

If we want to divide DL methods, it can be six major models:
Recurrent Neural Networks (RNN), CNN, and Deep Belief
Networks (DBN) algorithms that consist of Restricted Boltz-
mann Machines (RBMS: One of the most popular building
blocks for deep architectures), Autoencoders, Sparse Coding
and Recursive Neural Tensor Network (RNTN). These
methods are an advanced version of traditional NN with
enhanced training. In brief, the categorisation is not limited to
this, but we show the most common ones in Figure 7:

3.1 | Convolutional neural networks (CNN)

One of computer vision's most important DL methods is
CNN. It is good for applications whose input data has
structure [13—15]. It is a family of techniques that adapt to all
data and problems. It consists of four layers (1) convolution,
(2) ReLLU, (3) pooling (4) Fully connected (FC) layers. In this
network, all neurons do not relate to all next-layer neurons.
Each neuron in the later layers accepts only some connec-
tions from the earlier layers. These types of networks have
two training steps; one is fed forward, and the other is
Backpropagation. At first, data will be posted to the deep net

in a feedforward manner. Next, the result will be comparable
with the correct response, called the loss function. Then, the
start of the backpropagation steps depends on the amount of
loss function. The computing of the gradient of each weight
relies on the chain rule to minimise the error. Finally, the
parameters are changed based on the calculated gradient.
These steps are repeatable until reaching the wanted accuracy.
In detail, it acts in the hierarchical model, we can see in the
figure.

CNN includes four main layers which are that the first
three layers can be repeated:

1. Convolutional layer: Act as a filter layer, extracting fea-

tures from the input data. It has two main advantages [16]:
I. It reduces the impressive number of features.

II. It causes more stability and invariance of the
network.

III. It discovers simple patterns that will be built up by
later layers if we use more than one convolution
sublayer.

2. ReLU layer: It uses a general function approximator that
can estimate any function over input values and acts as a
non-linear transformer. Without a non-linear activation
function after each layer, the whole network act as a simple
linear transformer, which does not have so much power for
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complicated problems such as digit recognition and image-
net classification [17]. By using CNN and ImageNet clas-
sification task, ImageNet is an image dataset organised in
accordance with the WordNet hierarchy; if we have no
activation, it results in 8% poorer performance than ReLU.
If we want to see the function of this layer in schematic
form, Figure 8 mentions this. This layer allows the net to be
propetly trained (Figure 9).

3. Pooling layer: It is used for reducing dimension of feature
maps without losing information, preventing overfitting
problems. It causes the net to only concentrate on the
relevant pattern, not each founded pattern. This layer helps
to limit a little bit of processing and memory requirements
running by CNN.

4. FC: It equips the net to classify data samples. But it has one
major drawback since it uses supervised learning; it needs a
great number of labelled data.

Figure 10 describes a Comparison of CNN-based
architectures.

Early layers detect simple patterns in CNN, and later layers
construct the whole view. In brief, it has five steps to
accomplish.

Input image Convolution Layer

FIGURE 8 Convolutional neural network [18].

white ='positive values

Step 1: Initialisation of all filters and parametets/weights
with accidental values

Step 2: giving input into the neural network, undergoes
the forward propagation step (convolution, ReL.U, and
pooling operations in addition to forwarding propagation
in the FC layer) and discovers the output probabilities for
each class.

Step 3: Calculation of the overall error in the output-layer
(summation of all four classes)

Step 4: Utilise Backpropagation to compute the gradients
of the error.

Step 5: Repeat steps 2—4 with all inputs in the training part
of dataset.

3.2 | Restricted Boltzmann machines
(RBMS)

It was suggested by Hinton et al. in 1986 [19]. They are a type
of Generative deep architecture that can extract features to
reconstruct inputs. Each node should be connected to the
different side layers to build the bipartite graph and act as a
learning module [20]. From another point of view, this method

/ \
/ 4
4 \
/ \
/ \
/ N
F N
/’ \\
—| L—L | Dog |
e -{‘J:J
=1 ! ’Not, Dogl
\ ,’
‘\ I,
\ /
RelLU Layer Pooling Layer \\\ ," Output
\ /’ Classes
Fully Connected
Layer

Only non-negative valyes

FIGURE 9 ReLU function.
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Architectures based on Configuration Advantages Disadvantages
CNN
AlexNet 5 Convolutional-layer+ 3 | One of the best for 1. Why it works
fully connected layers computer vision well
understanding 2. It needs fixed
image sizes
Clarifai 5 Convolutional-layer+ 3 1. High accuracy It is well-high difficult to
fully connected layers 2. We can see the | work with
background
GoogleNet 21 Convolutional-layer + | Expanded the depth of the | More prone to overfitting
1 fully connected layers network without
computational need
changes

FIGURE 10 Comparison of convolutional neural network (CNN)-based architectures.

is restricted by having only two layers (one visible and the other
hidden layer). They are also limited because none of the nodes
in the same layer can share a connection or have a relationship.
They can find a pattern from data by reconstructing input
automatically. Figure 11 shows the Restricted Boltzmann ma-
chines (RBM) structure.

RBM takes input and encodes them into some numbers in
a forwarding pass. And in the backward pass, it reconstructs
input based on those encoded inputs (numbers). They not only
decipher interrelationships among input features but also
decide which feature is the most important to extract them.
The two most common DNN with Deep Generative methods
are DBNs and Deep Boltzmann Machines (DBM) algorithms.
The schematic difference between these two NN appears in
Figure 12 [21].

From a structural aspect, DBN is the same as multi layer
perceptron but differs in training level; we can view them as
stacks of RBMs. We see a directed connection in the first two
top layers of DBN that stem from an RBM. Still, in the rest of
the layers, there are undirected connections in reverse DBM.
Besides, all the layers relate to each other in an undirected
manner [22]. Each RBM layer in DBN learns the entire input.
It needs a small number of labelled data sets (for output) rather
than input data. Figure 13 briefly compares DBN and DBM
[6, 23].

DBN prevents local optima and needs unsupervised
learning data that do not need to be labelled because it considers
greedy learning for parameter initialisation of the network. They
are also resistant when the amount of data is low.

3.3 | Autoencoder-based methods

In the reverse of training to predict, they trained to reconstruct
its input. Autoencoder, a special neural network, relies on
reconstruction and unsupervised learning. Figure 14 shows the
whole procedure of these networks.

Visible units

O
@
@

FIGURE 11

Deep Belief
Network

/

Restricted Boltzmann machines structure.

Hidden unit

L J
A <
@
D

Deep Boltzmann

Machine

FIGURE 12 Structure difference between (a) deep Boltzmann
machines and (b) deep belief network [21].
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Advantages Disadvantages

Deep Belief Network 1. Some how prevents 1. Itis expensive to build

local optima DBN because of high
2. Using unsupervised computational need

learning that does not
need much labeled data

Deep Boltzman Machine 1. It faces more robustly Optimization is time-consuming
with ambiguous data

FIGURE 13 Pros and cons of deep Boltzmann machines and deep belief network (DBN).

Encode

FIGURE 14 Autoencoder procedures.

FIGURE 15 Autoencoders structure [24].

Figure 15 describes the general structure of Autoencoder
methods. Most deep Autoencoders are trained using back-
propagation methods such as conjugate gradient to rely more on
earlier layers. There are two common types of Autoencoders:
Denoising and Contractive. Denoising Autoencoder (DAE) is
an enhanced autoencoder strong to the input by corrupting the

original data first and then re-creating the original input to
minimise the error formula. DAE proceeds by imposing some
noise into the input vector and then transferring it into the
hidden layer while trying to reconstruct the real vector.
Contractive auto-encoder is another enhanced auto-encoder to
learn robust features by introducing the Frobenius norm of the
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Jacobean matrix of the learnt feature concerning the original
input [25]. They add analytic contractive error Denoising to the
error reconstruction formula with the aim of better perfor-
mance instead of denoising one that poses noises into inputs.
Autoencoder is well-nigh more robust than other counterparts.
In other words, it can reconstruct correct input from a cor-
rupted version of input data. Autoencoders do not have the
backward pass. RBMS is the same as Autoencoders in that they
both are about unsupervised learning, feature extraction, feature
transformer, and/or smart weight initalisation.

3.4 | Recursive neural tensor nets (RN'TN)
A Recursive Neural Tensor Network (RNTN) algorithm is a
Another kind of Recursive Neural Network (RecNN) algo-
rithms a Recursive Neural Tensor Network (RNTN) algorithm,
which is utilised to model input data with changeful length
properties and tree structure dependences between input fea-
tures. For computing the input presentation with RecNN, the
input should be parsed into a binary tree where each leaf node
represents input data. Standard RecNNs have some restrictions,
where two vectors only implicitly rely on addition before using a
non-linear activation function. Standard RecNNss are not able to
model very long-term dependence on tree structures. Zhu et
suggested the gating mechanism in the standard RecNN model
to handle the latter problem. For the previous limitation, the
RecNN accomplishment can become good by adding more
interplay between the two input vectors. So, a new architecture
named a Recursive Neural Network with a tensor-based feature
function (RecNTN) tried to overcome the former problem by
adding interplay between two vectors utilising a tensor product
linked by tensor weight parameters. Each slice of the tensor
weight can help catch the pattern between the left and right child
vectors [20].

The goal of these types of networks is to study the hier-
archical shape of dataset [27]. In other words, it discovers the
hierarchy structutre of a data set. So, it is suitable for sentiment
analysis [28]; if we want to analyse sentiment in a group of
words, we cannot explore solitary words and consider them as
a group. From another point of view, we have to analyse them
as a group, not only in words. We can use them for syntactic
parsing and image parsing too. From the structure aspect, it
seems like a tree that each component is a group of neurons.

3.5 | Deep belief networks (DBNs)

RBM are necessary to make DBNs. Initialising the weights of
DBN:s is described as an ill-posed problem. The weights in non-
linear belief networks with more hidden layers are difficult to
gain. As previously mentioned, efficient work to initial weights
permits gradient descent to compute training weights efficiently.
However, finding the initial weights needs an approach that
simultaneously learns a layer of features. Researchers have
challenges in handling this prob by training a sequence of
RBMs. Therefore, a DBN trains some RBM:s relying upon some
hidden layers. The first RBM contains the DBNs input layer,

and the first hidden layer, the input of RBM, acts as a training
set. For the second RBM, which creates the DBNs' first and
second hidden layers, the information proceeds RBM and
continues [29].

This type of network aims to find the dependencies be-
tween the hidden and noticeable layers that are mutually
dependent [30]. In this regard, DBNs were created by accu-
mulating a bank of RBMS conducted by Hinton in 2006. This
type of network is effective when we have problems using
unlabelled data [31]. In the DBN, there are two stages in the
training process, including pre-training and fine-tuning stages,
wherein the pre-training, an unsupervised learning method, is
applied to the network in down-up directions. In contrast, a
supervised learning method regulates the network parameters
in the fine-tuning step. The pre-training step is essential in the
network's final performance, where the network's initial
weights should learn from the input data.

Different forms of DBN have been suggested. For
example, Liu et al. proposed a method based on DBN to gain a
good covariance kernel for the Gaussian process. They
revealed the good accomplishment of the suggested approach
both in regression and classification [32]. In another study, a
new convolutional DBNs algorithm was proposed to enhance
DBN's capability in extracting the features of high-dimensional
images [33].

3.6 | Recurrent neural network

This method is used mainly when the pattern of data changes
over time. A straightforward structure with a built-in feedback
loop acts as a forecasting engine. It has incredibly variable ap-
plications ranging from speech recognition to drivetless Auto-
mobiles. We can see the form of this NN in Figure 15. Unlike
feedforward nets, RNNs can take a sequence of values as input
and create a series of values as output for forecasting [34]. Still,
we should use Feedforward nets if we want classification/
regression. For example, when the input is singular, and the
result is the sequence, the potential application is image
captioning or image labelling, Sequence input, and single
outcome such as document classification. One possible appli-
cation is video classification frame by frame when the input is a
sequence, and the outputis also a sequence. If we face a delay, the
net can statistically forecast the demand. RNN has one major
drawback: it is a highly complex DL network to train. It uses
Backpropagation and, unfortunately, vanishing gradients. The
main problem of backpropagation networks shows itself worse
than other networks here. It is likely to decay information during
this time [35]. Some methods were proposed for addressing this
issue, such as using Gating units: LSTM-GRU [306].

Based on the architecture, we usually use GPU rather than
CPU. The difference between GPU and CPU is high for pro-
cessing. Approximately GPUs are 10 times faster, leading to 1-
day training rather than 8 months (CPU). We can even train
faster if we use Intel's BigDL DL framework introduced in 2017,
a Spark-powered framework for distributed DL, obtainable as
an open-source project [37]. In brief, CPUs are optimised for
serialised tasks in reverse of GPUs that are good for parallel
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FIGURE 16 Recurrent neural network structure (Oi: result of the Network, Wi: weight of the Network, Xi: Input of the Network) [38].

o

Recurrent Neural Net

FIGURE 17 Recurrent neural network and RNTN structures.

tasks. Unlike feedforward nets, RNNs can take a sequence of
values as input and create a series of values as output for fore-
casting. Still, we should use Feedforward nets if we want clas-
sification/regtression. We can stack up a single RNN to form a
complex network to achieve and find more valuable information
from input data. This capability can deal with sequences and
open this net to various applications. For example, when the
input is singular, and the output is the sequence, the potential
application is image captioning or image labelling, sequence
input, and single outcome, such as document classification. One
possible application is video classification frame by frame when
the input is a sequence, and the output is also a sequence. If we
face a time delay, the net can statistically forecast the demand; for
instance, it is useable to predict the next character in the given
input text. But it has, one major drawback is that RNN is a highly
complex DL network to train. It uses Backpropagation and,
unfortunately, vanishing gradients. The primary problem of
backpropagation networks shows itself worse than other net-
works here, so it is likely to decay information during the time
[35]. Some methods were proposed to deal with this issue, such
as using Gating units: LSTMGRU24, which we later describe as
DL problems (Figure 16).

Figure 17 compares RNTN and RNN from a structural
aspect. As we can see, RNTN is almost parallel, but RNN is
serialised, although the complexity of both stems from the way
data moves throughout the network. RNTN works best when
input data depends on vector representations. The existence of

ABranch

/

ABranch

AN

ALeaf ALeaf ALeaf ALeaf

Recursive Neural Net

cycles allows the introduction of new elements of dynamic
behaviour dependent on the output results.

We can consider this parameter when choosing the best
method corresponding to our application, as shown in
Figure 18.

Suppose we want to compare them in more detail. In that
case, we can present aspects like: the generalisation aspect,
which means whether we can use them in a variety of appli-
cations or not, the unsupervised learning aspect means if they
can learn a deep model via an unsupervised method or not,
feature learning means if the model can find features auto-
matically or not from the data set and invariance means if the
model resistant to changes or not (Figure 19).

4 | EXAMPLES OF RECENT WORKS IN
IoT

In this section, we present recent works comparing traditional
and DL methods.

4.1 | The first example of CNN in IoT

In the OP performance analysis of mobile IoT connection
networks is conducted by writers. They also suggest an OP
intelligent forecast method corresponding to an improved
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FIGURE 18

CNN. First, the mobile OP performance is studied by
combining the Total Access System and decode-and-forward
cooperative plans, and the exact OP expressions are derived.

Selecting the best methods based on usage [39]. DBN, deep belief network; SDA, Software defined architecture.

layers, one FC layer, and an output layer.

An improved CNN is also created to avoid the loss of required
information that contains the input layer, three convolution
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RBM CNN AutoEncoder | Sparse Coding | RNN RNTN

Generalization | Yes Yes Yes Yes Yes Yes

Unsupervised | Yes No Yes Yes Yes Yes

learning

Feature Weak Yes Weak No Weak Weak

learning

Invariance No Yes No Yes No No

FIGURE 19 Comparing some deep learning methods. CNN, convolutional neural network; RBM, restricted Boltzmann machine; RNN, recurrent neural

network

41.1 | Benefits of CNN in this study

The CNN-based forecast approach is compared with the radial
basis function (RBF), generalised regression (GR), Elman, and
extreme learning machine (ELM) algorithms by writers. The
result of comparing algorithms is the proposed CNN forecast
approach can get a better forecast effect than RBF, Elman, GR,
and ELM methods. The forecast accuracy of the CNN approach
has increased by 44% [40]. CS can recover images from fewer
quantifications than traditional signal acquisition and recon-
struction ways. Recently, many DI-based CS methods have
been suggested for image reconstruction and to perform better
than traditional CS reconstruction methods [41].

4.2 | The second example of CNN in IoT

In ref. [41], a new image quantification and reconstruction
framework to gain high-quality reconstruction is proposed.
Writers use a convolutional layer instead of a random quantifi-
cation matrix to get all sizes in the measurement part, giving
more construction information for subsequent image recon-
struction and removing the block effect. This paper first utilises a
deconvolution layer in the reconstruction part to gain an initial
reconstructed image with the same dimension as the input im-
age. Then we use multiple parallel CNN to get multiple feature
information. The numerous parallel CNN comprise dilated
convolution kernels of the different receptive fields to increase
the network's receptive field, which can obtain more image
structural information for reconstruction.

4.3 | An example of restricted Boltzmann
machines in IoT

The vital goal of the study in ref. [42] is to get remarkable in-
formation from the images for better clinical diagnosis. Medical
image analysis is an emerging study topic in the biomedical
engineering domain. In recent decades, the usage of medical
images growing, which are gained from different image mo-
dalities, so it is essential for data compression for transmission,
storage, and management of digital medical image datasets. The
automated DL models are powerful compared to the

conventional handcrafted features. Moreover, a wireless sensor
network (WSN) helps produce a primary healthcare scheme.

In contrast, the WSN scheme must comprise sensor nodes
due to consuming less power and resources at a relatively low
cost. So it is necessary to implement the Raspberry Pi-based
WSN nodes. The sensor nodes are required for limited bat-
tery capacity and to transmit extensive medical data [42].

43.1 | Benefits of restricted Boltzmann machines
The DL models are utilised in the ML tools to get the feature
vectors from extensive medical datasets. The automated DL
models are powerful compared to the conventional hand-
crafted features [42].

4.4 | An example of autoencoder-based
methods in IoT

This paper [43] expresses a new autoencoder method corre-
sponding to sparse coding, The vital contribution is spatsity
coding for input feature selection and a subsequent classifica-
tion utilising latent information. Precisely, a typical autoencoder
architecture is used for reconstructing the original input. Then
the sparse coding method is applied to optimise the network
structure, select optimal features and enhance the generalisation
capability. In addition, the refined latent information is also
considered an alternative feature for training a sparse classifier.

4.4.1 | Benefits of autoencoder-based methods
Suggested method scores the best training and generalisation
outcome for forecast, compared to Random Forest, support
vector machine (SVM), and Artificial Neural Network. More-
over, writers understand that the Random Forest method has a
remarkable variance in the testing set, which might be created by
combining individual trees to form the outcome. By contrast,
the suggested way has a relatively fixed performance from the
training and testing sets. Finally, it is empirically confirmed that
the presented method leads to an essential improvement
compared to other methods in forecast accuracy [43].
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4.5 | The first example of deep belief
networks in IoT

In ref. [44], the intrusion detection model for IoT is designed
utilising the Taylor-Spider Monkey optimisation and pro-
gressed to train the Deep belief neural network (DBN) towards
gaining an accurate intrusion detection model. The DL accu-
racy increases with an added number of training data samples
and testing data samples. The optimisation-based algorithm for
training DBN helps to reduce the Floating-Point Register and
format and restore in intrusion detection. The system is
implemented by utilising the NSL knowledge discovery and
data mining dataset. The samples from this dataset are also
used for training this model, before which feature extraction
will be applied. Only a relevant set of attributes is chosen for
model development.

4.5.1 | Benefits of deep belief networks
More of these system models are progressed by utilising
traditional ML techniques, which have both performance
limitations in terms of accuracy and timeliness [44].

4.6 | The second example of deep belief
networks in IoT

In this proposed heart disease monitoring system [45], the
disease level is monitored according to writers' inputs given
to the IoT devices. It also classifies the patient details ac-
cording to the heart disease's kind and severity of the
disease. Finally, it provides an alarm/message to the patients
according to the type of heart disease with the available
inputs.

4.6.1 | Benefits of deep belief networks

DL algorithms perform better than ML algorithms when they
control extensive data that consumes more time. DL algo-
rithms learn the data set repeatedly instead of once in the
training process. The dataset's features can be studied in depth
by incorporating repeated learning [45].

4.7 | The first example of recurrent neural
network in IoT

In ref. [406], environmental noise data are gained by using an
IoT-based noise monitoring system. A two-layer long short-
term memory (LSTM) network is implemented to predict
environmental noise under the condition of large data volume.
Then, the optimal hyperparameters are chosen through testing,
and the raw data sets are processed.

471 |
method

Benefits of recurrent neural network

By comparing the Performances of this study with three classic
predictive algorithms: random walk, stacked autoencoder, and
SVM, writers conclude that the proposed model outperforms
the other three existing classic algorithms. The data set's time
interval closely connects with the performance of all methods.
The results revealed that the LSTM network could reflect
changes in noise levels within 1 day and has good forecast
accuracy [46].

4.8 | The second example of recurrent
neural network in IoT

In this paper [47], writers suggest an artificially intelligent
system for reducing the congestion effects in traffic load in an
Intelligent Internet of Things network based on a DL Con-
volutional Recurrent Neural Network with a modified
Element-wise Attention Gate. The invisible layer of the
modified Element-wise Attention Gate structute has self-
feedback to increase its LSTM. The artificially intelligent sys-
tem is created for the next step ahead of traffic estimation and
clustering of the network. This study shows that researchers
using DL and ML methods can effectively handle IoT
problems [47].

4.9 |
IoT

The first example of CNN-LSTM in

In ref. [48], writers propose a prediction model for improving
underground coal mines' safety and productivity using a hybrid
CNN-LSTM model and IoT-enabled sensors. Spatial and
temporal features from mine data and efficiently forecast
different mine hazards are extracted by the hybrid CNN-
LSTM model. The suggested model also improves the flexi-
bility, scalability, and coverage area of a mine monitoring sys-
tem in an underground mine's remote locations to minimise
the loss of miners' lives. The suggested model efficiently pre-
dicts miners' health quality index for working faces and gases in
goaf areas of mines.

49.1 | Benefits of CNN-LSTM method

This paper mentions the forecast ability of CNN, LSTM, and
hybrid CNN-LSTM algorithms. CNN method extracts only
the time-invariant features from time interval data, whereas the
LSTM network reports only long-standing dependency on time
interval data. Nevertheless, the hybrid CNN-LSTM method
outperformed the existing CNN and LSTM models by
extracting spatial and temporal features from multi-
dimensional and multiple time interval data. Thus, the hybrid
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CNN-LSTM network increases the predicting accuracy and
efficiency for time interval data [48].

410 | The second example of CNN-LSTM
in IoT

In this paper [49], CNN-LSTM is proposed for a fall detection
algorithm according to CNN's robust feature extraction ability
and the excellent time series processing ability of LSTM. The
algorithm requires only the resultant acceleration from a low-
cost three-axis acceleration sensof.

4.10.1 |
study

Benefits of CNN-LSTM method in this

After comparing the algorithms according to SVM and CNN,
writers conclude that the suggested method has higher detec-
tion accuracy with a small data volume, which is very appro-
priate for IoT enabled fall detection applications [49].

5 | DEEP LEARNING FRAMEWORKS
AND TOOLS

In this part, we compare some frameworks and tools that are
necessary for implementing DL and are famous as well that
can be divided into 16 main categories:

51 | Theano

Frederic Bastien built it in the University of Montreal's lab,
MILA group. It is probably most welcomed in academia. It is a
python with GPU based library. It is written in python and
optimised with C. Besides, it provides pretty low-level Appli-
cation Programming Interfaces (APIs). So, to write Theano
effectively, you require to become familiar with detailed
methods. From another point of view, Theano requires sub-
stantial academic ML expertise, but it is more extensible and
flexible (Figure 20).

5.2 | Lasagne
It provides a higher-level library based on Theano for building
and training NN. Lasagne permits users to think at the Layer
level [53] (Figure 21).

5.3 | Blocks

Blocks aims to add a higher-level abstraction layer for Theano
to facilitate simpler definitions of DL methods rather than
writing raw Theano [55]. Blocks have strong support for RNN
architectures (Figure 22).

5.4 | TensorFlow

It is a new backend version of DistBelief from Google's
open-source project. Recently Google released the first
version of TensorFlow called TensorFlow 1.0, including faster
operation and a new compiler for hardware accelerators [56].
Raw TensorFlow is a blend of lower-level libraries like
Theano and higher ones, the same as Blocks. It is probably
the second choice for beginners, but it supports Linux and
Windows (Figure 23).

5.5 | Keras

It is a high-level library at the top of both Theano and Ten-
sorFlow for neural network manipulation. It omits the re-
quirements for writing low-level codes, and it is user-friendly. It
provides a higher level of programming requirements. When
writing this essay, Keras is compatible with: Python 2.7-3.5. This
makes building common deep architectures very straightfor-
ward and clear. All the components needed to create them are
already provided (layers, loss function, training method, drop-
outs etc.), and it is modular, so it is very intuitive (Figure 24).

5.6 | Torch

Facebook, Twitter, and Yandex rely on Torch with two types:
traditional was based on LuaJIT language and python based
named PyTorch, released in January 2017 by Facebook
(Figure 25).

5.7 | MXNet
In November 2016, Amazon introduced a high-performance
framework with GPU support called MXNet to provide effi-
ciency and flexibility. MXNet is perhaps the most preformant
library of frameworks [58] (Figure 20).

A week after backing MXNet, Amazon introduced addi-
tional useable services for text-to-speech recognition and an
image analysis service called Recognition [59].

5.8 | CNTK (computational network toolkit)
Microsoft released a beta of its toolkit [60]. The main purpose
was speech recognition, but it changed its direction to expand
its domains. CNTK offers a Python API over C++ code. It
supportts two interfaces, Python and C++ (Figure 27).

5.9 | MatConvNet

It is a toolbox in Matlab 2017, and was recently added to
Matlab 2016. It is suitable for people who are forcefully
working on Matlab language (Figure 28).
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Pros: Cons:
1)1t is well-nigh rapid. 1) Itprovides a low-level API that is not easy
2)It is strong in computationally intensive | to use [51].
projects [50]. 2)Currently, it does not provide a multi-node
3)Flexible. and distributed implementation. In other
4)Network specification library. words, training a net in the Hadoop cluster is
5)Cross-platform. impossible [52].
6)Fluent in sequence processing algorithms | 3)It could be hard for beginners to use since it
such as a recurrent neural network. is hard to write, and the error messages can be
7)1t is strong for matrix operations. unhelpful.

FIGURE 20 Pros and cons of Theano.

Pros: Cons:
1) Higher abstraction level than Theano. 1) Smaller community.

2)Network specification library.

3)It does not specify the network model according
to the functional connection between symbolic
variables. Still, it lets users to think at a level,
providing users with building blocks such as
"Conv2DLayer" and "DropoutLayer."

41t provides a wealth of common components to
help layer definition, layer initialization, model
regularization, model monitoring, and model
training.

5)Docs and code contain an assortment of pasta
puns.

FIGURE 21 Pros and cons of Lasagne [54].

Pros: Cons:

1) Easy to test. 1)Smaller community.

2) It causes the deep learning model clearer, | 2)higher learning difficulty.
simpler, and more standardized than writing
the original Theano.

3)In comparison to Lasagne, it is a bit more
flexible, at the cost of a higher entry-level, and
is tough to use efficiently.

4) It has good support for recurrent neural
network architectures.

FIGURE 22 Pros and cons of Blocks [54].
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Pros:

Cons:

2)Efficient data pipelining.

models.

Theano.

2016

1)Running machine learning models across
multiple GPUs, and even it supports CPUs.

3)Has built-in modules for visualization of | 3)Good support for visualization.

4)Is it the most welcomed library recently?

5)It has computational graph abstraction like

6) easy install on Windows 7,10 and server

1)1t is well-nigh-hard to use raw TensorFlow.

2)For the RNN model, Theano is more rapid
than Tensor-Flow.

4)1t is slower than other frameworks.

5)Do not contain many pre-trained models.

FIGURE 23 Pros and cons of TensorFlow. RNN, recurrent neural network

Pros:

Cons:

across multiple GPUs.
2)Efficient data pipelining.

models.
4)It supports all of the DL models.

1)We are running machine learning models

3)It has built-in modules for visualization of | have space for development. It lacks some

1)Less flexible and more prescriptive than
other options.
2)There are several features in Keras that

pre-trained models to utilize. Keras does not
support features of dynamic chart creation.
3)The errors given by the Keras library are not
effective. There is necessary for the errors to
be easily identifiable. It is not very useful and
helpful to find the root cause of the error. It is
hard to debug in Keras.

4)Keras gives you low-level errors many
times. The reason for these low-level errors is
that there are some functionality and operation
that Keras is not capable of.

5)Also, Keras is not capable of low-level
handling computations.

FIGURE 24 Pros and cons of Keras [57]. DL, deep learning

5.10 | Deeplearning4j

It is a java based distributed DL framework that differs from
API languages, intent, and integration from others. It integrates
with Hadoop and Spark [63]. It uses an atbitrary of CPUs and
GPUs. An image processing task on multiple GPUs had the
same performance as Caffe but was better than TensorFlow or
Torch and twice that of Theano. Currently, it is useable in
NASA (Figure 29).

511 | Caffe
The winner of ImageNet in 2014 [65] created it. It uses C++
with Cuda, so applications can easily switch between CPU and
GPU. It mainly focuses on computer vision forecasting ap-
plications, which are well suited for convolutional nets. But the
recent version supports speech and text, reinforcement
learning, and recurrent nets for sequence processing, It is a DL
framework with expression, speed, and modularity. It is almost
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Pros:

Cons:

1)It supports lots of functions that have easy
combination.

2)It has lots of pre-trained models that are
usable.

3)It has comprehensive documents.

4)In the writing time, it does not support
Windows.

1)Less plug-and-play, and we must write our
training codes most of the time.
2)Currently, only for Linux-based platforms.

FIGURE 25

Pros and cons of Torch.

Pros:

Cons:

1)Portability characteristics open to various
languages such as R, Go, Python, Matlab, and
JavaScript.

2)Supports multiple nodes of GPUs, not just
for multiple GPUs and various interfaces.
2)You can use it even on your mobile phone.
3)Fast benchmarks.

4)Flexible.

1)Steeper learning curve than Theano.
2)The smallest community

FIGURE 26

Pros and cons of MXNet.

Pros:

Cons:

1)It supports RNN and CNN.
2)Parallel execution is possible.

1)It does not support RBM and DBNS.

FIGURE 27

Pros and cons of CNTK. CNN, convolutional neural network; CNTK, computational network toolkit; DNN, deep neural network; RBM,
restricted Boltzmann machine; RNN, recurrent neural network

Pros:

Cons:

1)It supports both Windows and Linux.

2)It supports GPU.

3)It has trained models the same as Caffe [61].
4)Matlab, easy to use.

1) Complicated than DeepLearnToolbox.
2) It Supports only Convolution Network.

FIGURE 28

suitable for beginning and starts without a sophisticated set of
configurations of layers [66]. You can use premade nets to
create highly complex nets. Users can put their model in the

Pros and cons of MatConvNet [62].

‘Model Zoo’ [66]. Caffe vectorises input data through a special
data representation named ‘blob.” It has two branches, one
Linux-based and the other Windows-based (Figure 30).
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5.12 | SparkNet

UC Berekely created this, a system for training NN based on
the Spark distributed computing platform [66]. In other words,
it is a framework for training deep networks in Spark [67]
(Figure 31).

5.13 | Nvidia DIGITS

It is a neural network tool for data scientists that is strong for
object recognition, image classification, and segmentation [69].

At first, it used Caffe as a backend, but now Torch and Ten-
sorFlow are useable (Figure 32).

5.14 | BigDL

It is a distributed DL framework for Apache Spark that was
introduced in January 2017 by Intel [71]. It gives comprehensive
support for DL, including numeric computing and high-level
NN. It is written in Scala. More than 100 layers have been
supported, including important and widely used layers such as
Linear, Spatial Convolution, Recurrent etc. (Figure 33).

Pros:

Cons:

1)It is portable and platform-neutral.

1)Not convenient.

2)It uses Computational Graph for automatic
differentiation.

3)It is good for people who want to combine
Big Data and Deep Learning.

4)Good for distributed systems and Java-based
ones.

2)Limited to the Java programming language.
3)Relatively less popular compared to
Tensorflow and PyTorch.

FIGURE 29 Pros and cons of Deeplearning4j [64].
Pros: Cons:
DIt is suitable for image processing | 1)Not suitable for RNNs networks and

applications and feedforward networks.
2)Useful for fine-tuning existing networks.
3)User-friendly (training models without
code).

4)Python interface.

5)It is suitable for feedforward networks.

6)It has many pertained models in its Model
Z00 repository.

sequence models.

2)Difficult to extend it to support big
networks.

3)It could be huge for big models.

4)It does not have cohesive documents.

FIGURE 30 Pros and cons of Caffe. RNN, recurrent neural network
Pros: Cons:
1)1t is easy to deploy. 1) No automatic optimization process.

2)Using without no parameter tuning.
3)Compatible with Caffe Models.
4)It is compatible with Apache Spark.

2) Fewer Algorithms.

3) Small Files Issue.

4) It is not suitable for a multi-user
environment.

FIGURE 31

Pros and cons of SparkNet [68].
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Pros:

Cons:

1)They are suitable for designing, creating,
and visualizing objects.

2)Using trained models such as Google Net.
3)Scaling training automatically to multiple
GPUs.

4)1t is compatible with Apache Spark.

1) It forces the user to pay for features (RTX,
deep learning) that do not generally translate
well to games.

2) It does not provide a better experience to
justify the cost (individual games like
Minecraft RTX are not considered.

FIGURE 32 Pros and cons of Nvidia DIGITS [70].
Pros: Cons:
DIt has great support. 1) No automatic optimization process.
2)Best suitable for users to leverage existing | 2) Fewer algorithms.
Spark/Hadoop clusters and analyze a large | 3) Small files issue.
amount of data on the same Big Data cluster | 4) It is not suitable for a multi-user
where the data are stored. environment.
3)We can load pre-trained Caffe and Torch
models into the Spark framework and then use
BigDL.
4)Extremely high performance.
5)It is compatible with Apache Spark.
6)Recently, they supported python
programming with BigDL.
7)Users can conveniently utilize the Jupyter
notebook to write codes and visualize their
training process.
8)High single load Xeon performance
FIGURE 33 Pros and cons of BigDL. DL, deep learning
5.15 | TFlearn and TFSlim 6.1 | Automation of black and white images

These are two high-level libraries on top of TensorFlow.

516 | Chainer

Another framework that is python based is Chainer, which is
runnable on multiple GPUs without needing too much effort.
This framework revealed a good performance for speech
recognition, machine translation, and sentiment analysis [72].
This framework can support various networks, such as CNNSs,
RNNs etc. Some pros and cons of this framework are
describable as follows (Figure 34):

6 | APPLICATIONS

There are various applications that DL supports. Some of the
major applications that use the concept of DL are considered
as follows [73]:

colouring

In traditional times, the colouring of black and white images
was carried out with the hand. The manual human effort was
required in this process, making this a difficult task. With the
arrival of DL, objects and their content within the image is
similar to the human eye depicting an image for colouring it.
Figure 35 represents the scenario in which the black and white
images are automatically coloured.

6.2 | Automatic sounds addition to silent

movies

The training set used for preparing this system consists of 1000
examples. This system is trained using videos containing
drumstick sounds striking at different surfaces. Due to this,
they produce different sounds. With the emergence of DL, the
DL model is associated with video frames that contain a
database of recorded sounds. This pre-recorded sounds
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Pros:

Cons:

frameworks.

2)It is flexible and intuitive.

3)It is an open-source framework.
4)Existing networks are
runtime.

DIt is fast concerning other leading python

modifiable

1)The debug process is not straightforward.
2)It is relatively small in terms of the
community.

at

FIGURE 34 Pros and cons of Chainer.

FIGURE 35 Automation black and white images colouring [30].

database selects the background for the movie's scenes. The
song is chosen because it matches best with what is happening
in the movie scene.

6.3 | Detection and classification of objects
in photographs

DL helps to detect various objects in the existing photographs
and draw a box around them. With this detection, we can easily
classify the photographs' objects, which helps to understand

the images easily. The DL approach brought ease in under-
standing photographs using object detection, a more complex
variation task. Figure 36 shows the detection and classification
of various objects in photographs (Figure 37).

6.4 | Automation of machine translation

This application of DL is beneficial for translating tasks
(words, sentences, or phrases) from one language to another.
This process of translation is made automatic with the help of
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Input Image

- Masai Giraffe

- Reticulated Giraffe
- Sea Turtle

- Whale Fluke

- Grevy's Zebra

- Plains Zebra

Image Classification

Annotation Localization

FIGURE 36 Detection and classification of objects in photographs [74].

DL. This process has main applications in the automation of
image translation and the automation of text translation.
Automation of text translation is petformable without any
sequence preprocessing directly with the DL algorithm.

6.5 | Automatic generation of handwriting

DL is essential in automatically generating new handwriting for
a phrase or a word. It is accompanied by using the coordinates
provided by writing the text with a human hand using the pen
and collecting samples using these coordinates. These samples
are then used to calculate the relationship between the

et £y L1710
ey

Aol Classification

Plains
Zebra

Annotation Classification

movement and the pen, which acts as learning for the DL
mechanism. It is then used to generate new examples using
these samples.

6.6 | Medical images analysis and deep
learning

DL has been comprehensively used for medicalimage anal-
ysis [15]. For example, Tange et al. used imaging of
phenotype and genotype to forecast the survival time of
Glioblastoma Patients. They proposed a multi-task CNN to
perform both the tumour genotype and overall survival time
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FIGURE 37 Object detected from the image [30].

together and could increase the accuracy of predicting the
survival time [75]. Sun et al. utilised a fully-formed, fully
convolutional network (AG-FCN) and anatomical gated U-
Net (AG-UNet). They applied the proposed approach for
brain images' region of interest image segmentation [76].
Many problems in image analysis and segmentation using DL
are suggested in the literature. Some of them can be found
in refs. [77-79].

6.7 | Intelligent transportation systems and
deep learning

DL played a pivotal role in Intelligent Transportation Systems
(ITS). For example, in ref. [80], a DL-based system of trans-
portation analysis is proposed. This work utilised RBM and
RNN architecture to perform the tasks related to the ITS
analysis, where they could enhance the accuracy of predicting
traffic congestion by 88%. Ciresan et al. [81] proposed a traffic
sign recognition system in another study. They used DNNs of
Convolutional and max-pooling layers and presented multi-
column DNN architecture. The results of their proposed
works reveal a superior accuracy of 99.46% in recognising
traffic signs. DL has also been applied to self-driving cars,
where utilising DNN in tasks like detecting obstacles and pe-
destrians is very important [82].

6.8 | 3D objects and deep learning

DL has been used for applications with 3D objects in a wide-
spread manner. For example, Yu et al. proposed a vision-based
robotic grasping system using a deep neural network for 3D
object recognition. They used the Max-pooling Convolutional
Neural network in the proposed system, where they fed the
network with different poses of objects [83]. Socher et al. utilised
CNN and RNN to classify 3D objects, where their proposed
approach yields superior results [84]. In another research, Leng
etal. utilised a DBN (DBN) in performing a 3D model classifier.

They first applied DBN to extracting the features of the 3-D
model and then used a semi-supervised method to recognise
3D objects adopting the obtained feature from DBN [85].
Deep Boltzmann Machine is also applied to 3D model recog-
nition in ref. [86], where it is utilised to extract features of the
input data.

6.9 | Natural language processing (NLP)
and deep learning

DL applied to Natural language processing (NLP), where many
studies revealed different usage of DL-based systems for
grammar cortection, author mimicking, extraction of writet's
sentiment such as their positive, negative, and neutral ideas
[87]. Other applications such as spam classification and social
media analysis are also different types of DL applications. Most
of them utilise LSTM and CNN [88-90].

6.10 | Voice generation and deep learning

Recently DL has had great importance in voice generation and
speech synthesis. DL techniques revealed great effectiveness in
obtaining the parameters and statistical model effectively
defining the signals. Some works have investigated how to
generate waveforms out of the parameters using DL. For
instance, Sanchez utilised different architectures such as LSTM
and tried to create signals [91]. In another study, Arik et al.
suggested DIL-based text-to-speech systems to create a high-
quality system entirely using DL [92]. Many works in the
literature focus on DL for voice issues [93, 94].

6.11 | Health monitoring and deep learning
DNN, one-dimensional CNN, and vision-based methods
using two-dimensional CNN in the picture and video data
set have been widely utilised in structural health monitoring
and damage detection from vibration datasets. For example,
Abdeljaber et al. [1] examine the performance of state-of-
the-art 1-D CNN in vibration-based structural damage
detection on a well-known IASC-ASCE phase 11 benchmark
problem. Kiranyaz et al. [2] present a complete review of
the general architecture and principles of 1D CNNs on a
large mock-up stadium structure built in a laboratory. Cha
et al. [3] use Faster Region-based CNN to provide quasi-
real-time multiple damage detection on the five kinds of
damages concrete crack, steel corrosion, bolt corrosion, and
steel delamination image dataset. Liu and Zhang [5] use the
CNN model to inspect steel members in steel structures
rapidly. Using unmanned aerial vehicles (UAVs) for data
acquisition and visual inspection of infrastructure has been
recently considered. Kang and Cha [6] provide a visual in-
spection with collected video from and UAV for detecting
concrete cracks using deep CNN damage.
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6.12 | Image processing and deep learning

DL has played a significant role in image preprocessing, and
many kinds of study have been conducted in this field. Below
we talk about some of these. In ref. [95], Considering the
significance of medical image classification and the specific
challenge of small medical image datasets, this paper chose
how to use CNN-based classification for small chest X-ray
datasets and evaluate their performance. This paper shows
that CNN-based transfer learning is the best of the three al-
gorithms in ref. [15, 96]. The DL model solution suggests an
adaptive size. First, the input rules are suggested, then the
optimal size set module is gained by the input rules, and the
adaptive DL model module is suggested in combination with
the optimal size set. Finally, the model combines the size fine-
tuning module to create an adaptive size DL model solution.
The classification effect and robustness of the model are
verified through the pneumonia CT image dataset. Expeti-
mental outcomes show that the suggested solution has better
consistency and robustness. In ref. [97], A DL algorithm based
on a partitioned CNN for an automatic cancer detection sys-
tem is proposed and developed. Researchers match the pet-
formance of the designed deep CNN with other conventional
classification methods such as SVM and DBN. The accuracy
obtained by this regression-based partitioned algorithm is
higher than different basic classifiers in terms of sensitivity,
specificity, and accuracy. In ref. [98], a DL-based CNN called
deep CNN architecture is implemented, a general architecture
that accepts the input as medical image data and causes the
disease class or type. And researchers have compared it with
classic models like SVM and elm. The authors in ref. [99, 98]
introduce a novel hierarchical medical image classification
technique, Hybrid Microwave Integrated Circuit, which can use
several deep, complex neural network ways to generate hier-
archical categories. In research results, researchers use two
levels of the CNN hierarchy. Experiments on medical image
datasets show that this method produces robust outcomes at
higher and lower levels. The accuracy is consistently higher
than conventional methods using CNN, multilayer perceptron,
and deep convolutional neural network (DCNN). These out-
comes show that the hierarchical DI method can improve
classification and includes flexibility for classifying these data in
a hierarchy. In ref. [100], a framework for automatic detection
of breast cancer and Gleason prostate grading is proposed, and
the following steps are done:

1. The value and phase of the mixed complex coefficients
have been extracted from the histological images.

2. Sheatlet features are combined with image data and utilised
to train CNN. This feature learning process further
enhanced the features and made them more distinct.

3. The Softmax classifier was used to distinguish different
microscopic images.

The outcomes show that applying the method suggested in
this article cause High classification accuracy in the breast
cancer dataset and Gleason grading. Also, this method has

been compared with advanced techniques that use hand-made
features. It shows that in both cases, those methods have been
performed better.

The authors in ref. [101] present a CNN-based method with
three-dimensional filters and applies to hand and brain MRI.
Two modifications to an existing CNN architecture are dis-
cussed. While most of the current literature on medical image
segmentation concentrates on soft tissue and the major organs,
this work is validated on data from the central nervous system as
well as the bones of the hand. Two changes to the U-Net ar-
chitecture of Ronneberger et al. [102] were examined. The re-
sults show that, despite the relative scarcity of labelled medical
images, 3D CNN architectures can achieve good quality results.
In ref. [103], a new medical image classification algorithm is
presented that combines high-level feature extraction from a
coding network with traditional image features, and it is named
the Conditional Neural Movement Primitive technique. This
study is the first time a deep model is directly incorporated by
incorporating features. Traditional imaging has been utilised to
classify medical images. Experimental results show that this
paper method can achieve higher accuracy than significant
margins of SVM, coding network, and feature combination. In
ref. [104], a novel deep neural network model is proposed to
identify infected malaria falciparum parasites utilising a transfer
learning technique. This suggested transfer learning method can
be gained by integrating the existing Visual Geometry Network
(VGG) and SVM. In this paper, pre-trained VGG facilitates the
role of the expert learning model and SVM as domain-specific
learning models. The initial &’ layers of pre-trained VGG are
kept, and SVM replaces the (7 — k) layers. In ref. [105], a new
image forgery detection way is suggested based on the DL
method by using a CNN to learn hierarchical representations
from the input RGB colour images automatically. The suggested
CNN is designed explicitly for image splicing and copy-move
detection applications. Rather than a random strategy, the
weights at the first layer of our network are initialised with the
basic high-pass filter set utilised to calculate residual maps in the
spatial rich model. The pre-trained CNN is a patch descriptor to
extract dense features from the test images. A feature fusion
technique is then explored to obtain the final discriminative
features for SVM classification. The experimental results on
several public datasets show that the proposed CNN-based
model outperforms some state-of-the-art methods. As
mentioned in ref. [105],2a DCNN can better detect regional wall
motion abnormalities (RWMAs). It is recognisable between
groups of myocardial infarction regions from conventional two-
dimensional echocardiographic images compared to cardiolo-
gists, sonographers, and specialists. The present outcomes
support the possibility of automatically utilising DCNN to
detect RWMAs in echocardiography. In ref. [106], A promising
two-step method for finding cases of COVID-19 while differ-
entiating it from bacterial pneumonia, viral pneumonia, and
healthy subjects with chest X-ray images utilising residual DL
networks is suggested. The first stage model have good pet-
formance in differentiating between viral pneumonia, bacterial
pneumonia, and normal/healthy subjects. Researchers further
studied X-ray images of viral pneumonia to detect the presence
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of COVID-19. The second-stage model for identifying the fact
of COVID-19 shows exceptional performance. This model is
reliable, accurate, fast, and requires fewer computational re-
quirements to distinguish the existence of pneumonia made by
the COVID-19 virus from pneumonia caused by the virus so
that the appropriate treatment can be administered. In the cut-
rent scenario, parallel testing can be used to prevent the spread of
infection to frontline workers and provide an early diagnosis to
understand whether a patient has been affected by COVID-19
or not. Therefore, while influencing management, the pro-
posed method can be used as an alternative diagnostic tool with
potential candidacy in diagnosing COVID-19 cases. Finally, the
present work shows that it may be possible to use DL models for
detecting COVID-19, as all current researches show promising
outcomes. The high accuracies gained by a number of methods
show that DL models find something in images and that
something makes deep networks able to recognise images
correctly—research on whether the results of DL methods
constitute reliable.

6.13 | Other applications

DL is used in almost every field nowadays. Many other DL
applications include the automatic generation of image cap-
tions, text generation, and playing the game automatically.

7 | CONCLUSION AND FUTURE WORK

We can find new patterns and find new abstract knowledge
with DL. If we want to choose DL methods, we can consider
the following procedure:

If the problem is about classification, it might be better to
use DBNs; if the problem is about finding a new pattern
accompanied by less unlabelled data, it would be good to use
pure RBM and Autoencoders. From another point of view, if
we want to classify more suitable tools based on their appli-
cation. In this survey, we also focussed on the application of
DL in several domains such as transportation systems, medical
image analysis, and so on. After this survey, we have found that
for Text processing, NLP, and Sentiment analysis, Recurrent
Networks or DBN have shown good performances. For
medical image processing, the best ones are DBN and CNN.
One of the best choices for speech recognition and time series
problems (pattern will be changed over time) is Recurrent
Networks (RNN). For dimensionality reduction, two of the
best tools are RBMs and Auto-Encoders. A plan for future
work is DL researchers can develop a new framework that
covers the pros of old frameworks and ignore the cons. Be-
sides, in future works, people can use DL algorithms to predict
natural disasters to keep themselves safe.
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