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Preface
The immense progress of Science and Technology has been prominently obvious for bringing 
human civilization to the forefront of the modern era. The extensive research work in the field of 
computing has brought about many changes in human lives. The technological progress timeline has 
been redefined with the advent of artificial intelligence. The innovative introduction of AI and its 
allied branches are gradually evolving to turn many impossible scenarios into possibilities. AI and 
its sub-​branch, machine learning has simulated human perception, concepts and behavior to a great 
extent and with high precision.

The construction of the model and its application in many classification and identification tasks 
has materialized due to continuous research and progress in the domain of artificial intelligence and 
machine learning. Apart from the classification process, the machine learning model has become 
effective enough to predict future trends of any sort of phenomena. Fields such as object classifica-
tion, speech recognition, face detection, and the like, have sought extensive application of artificial 
intelligence. The application of AI and ML has extended to almost all disciplines. The domains of 
agriculture, health sectors, insurances are just a few of these.

Optimization has taken a turn in the field of artificial intelligence and machine learning. Operations 
research is a branch of mathematics and can be used for performing so many operational tasks in 
many domains. The implementation of automated strategies in optimization and parameter selection 
can be carried out by means of artificial intelligence and machine learning.

Operations research has many beneficial aspects in decision making. A proper decision depends 
on a number of factors. Mathematical equations and the definition of constraints can easily solve 
problems and identify a proper and valid solution. The involvement of human labour in such 
processes can be mitigated by means of automation. The application of AI and ML has not only 
provided fruitful solutions, but also the concepts can successfully be used in tackling many problems 
typically with good result accuracy.

Artificial Intelligence (AI) and Machine Learning (ML) are the emerging topics in the computer 
world, and for good reason -​ they help companies streamline operations and unearth data so that they 
can make better business decisions. Business growth is directly or indirectly managed by proper 
trend analysis and the predictive approach to growth to the ultimate level of development. The very 
concept is boosting almost every industry by allowing employees to work more effectively, and 
they’re rapidly becoming a critical piece of technology for businesses to remain competitive with 
others. The gradual advancement of technology and its influences on overall business growth has led 
the new path towards stability of the modern economy.

Other core technologies such as face recognition on smart phones, personalized online shopping 
experiences, virtual assistants in homes, and even sickness diagnosis are all feasible due to extensive 
research work in these fields of technology. The demand for these technologies, as well as experts 
who are familiar with them, are on the rise. The average number of AI projects in place at a business 
is likely to more than treble over the next two years, according to a report by research firm, Gartner. 
Organizations face challenges because of this exponential expansion. They cite a lack of expertise, 
difficulties understanding AI use cases, and worries about data scope or quality as their top issues 
with these technologies. AI and machine learning, which were once the stuff of science fiction, are 
now becoming ubiquitous in enterprises. While these technologies are closely linked, there are sig-
nificant distinctions between them. Here’s a closer look at AI and machine learning, as well as some 
of the most popular vocations and talents, and how you can get started. Once again, the start-​up 
policies of technology are being backed up by consistent persuasion from research along with the 
fruitful benefits of such notions. The novel application of the machine learning cum deep learning 
concept to smooth out the automation process for many mathematical models has become a real 
game changer in the new paradigm of technology.
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Computing time reduction is a difficult problem to overcome. The complexity of any problem 
in any domain is based on the interrelationships between its involved entities and the effects due to 
its interactions with others even lying outside the defined peripheries, for example, social distance 
detection, voice and speech recognition, smooth traffic flow prediction and controlling congestions, 
prediction of the stock prices. All such emancipation of problems can be mitigated by research 
contributions collected in this book, providing enough insights into optimization and its mathemat-
ical connections through a research oriented approach towards a better goal, with the novel objective 
of presenting a conducive societal ambience to human beings.
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1	 Deep Learning
Overview, Applications and 
Computing Devices

N. Varatharajan, S. Lavanya, A. Suganya, and R. Vikkram

1.1 � INTRODUCTION

Machine learning has recently gained popularity in research and is used for a diversity of functions, 
together with content analysis, identifying spam, video inciting, picture dilution, and mixed 
media surface recovery. One of several machine learning calculations that is widely used in these 
applications is noteworthy learning (DL) [1]. One more name given to deep learning is represen
tational learning. The best progress, such as in execution computing, which is making information 
obtaining capability intangible [2-​5], may be the cause of the constant circulation of unneeded 
information within the ranges of important learning and dispersed learning. Deep learning is 
derived from traditional neural networks, but is much more efficient than its predecessors. Also, 
deep learning uses both transformations and graphs to create multi-​layered learning models. 
Recently developed DL techniques include sound and discourse handling, visual information 
preparation, common dialect handling (NLP), and the like. It has achieved very good performance 
in many applications, including [4,6]. In general, the concept of the learning procedure depends 
upon the accuracy of any contribution information. Appropriate data depiction has been shown 
to provide better performance compared to poor data representation. For this reason, one of the 
important research interests in machine learning in recent years has been engineering studies 
which have seen a lot of research. This tactic emphasizes the creation of traits from natural data. 
Furthermore, it is very particular and demands a lot of work. For instance, distinct highlight types, 
such as the Situated Angles Histogram (Hoard) [5], the Scale Invariant Include Change (Filter) 
[7], and the Pack of Words [8], are depicted and differentiated in terms of dialect computers. 
When a new method is introduced and found to be effective, it becomes a research project that has 
been followed for decades. In contrast, feature extraction is used automatically throughout the DL 
algorithm [9]. This encourages researchers to eliminate discrimination with as little human effort 
and knowledge as possible. The primary layer of the multi-​layer data representation engineering 
of these strategies evacuates low-​level information, whereas the final layer expels high-​level 
highlights [10]. It is worthy of note that this sort of plan, which empowers this method to happen 
in pivotal zones of the human brain, was at first based on incorrect pieces of knowledge (AI). The 
human brain has the capacity to extricate specialist information under different conditions. The 
data is particularly acknowledged as a representation of the input, but the result of this activity 
gets to be a special focus [11]. This strategy mirrors the capabilities of the human brain. In this 
way, it represents the key centers of DL. Due to its success DL has emerged as one of the foremost 
critical basic hypotheses in reaction to ML. This section provides an overview of deep learning 
from various perspectives, including fundamentals, architecture, competition, applications, com-
puting tools, and transformation matrices which have published many deep learning analysis 
papers over the past few years. Nevertheless, deep learning [12], deep object search training [13], 
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interactive learning [14], and assessments present significant concerns. However, they serve the 
purpose of providing comprehensive information on DL concepts, including definitions, thorough 
investigations, computational disobedience, and DL organizations.

Prior to executing programs, DL factors such as utilization, concurrence, as well as substance 
need to be understood. To do this, one has got to have a thorough understanding of profound 
learning, especially its endless gaps and suggestions. As a result, to provide readers with a more 
grounded basis on which to understand profound learning, we advise studying a text that gives an 
in-​depth outline of the subject. The objective is to talk about the most important components of 
DL, such as open-​source issues, arrangements, and tools. In addition, our examination will serve 
as a springboard work with DL data. Here is an illustration of what we have provided: Practically 
all of the essential elements of profound learning are thoroughly examined in depth from various 
perspectives. This section helps students and trainees to fully understand the topic in hand. We 
discuss the current problems (limitations) with deep learning, such as the lack of training data, 
conflicting data, and information analysis: explicit parametric estimation, recall destruction, mod-
eling compression, over fitting, during-​problem, gradients solution dump, and inadequate speci-
fication. We investigate deep learning methods on computing systems (central processing units, 
graphical processing units, and field programmable gate arrays) by contrasting the characteristics 
of each device.

1.2 � DEEP LEARNING: OVERVIEW

The background of deep learning is described in this section. We briefly introduce DL before 
describing how it differs from machine learning (ML). We’ll give example that require DL.

The basis for a DL proposal are the last topic we cover. Mapping information found in an  
individual’s brain leads to DL, a part of ML (Figure 1.1). The DL uses a great deal of metadata to 
represent input given to tags instead of human-​written code to carry out its operations. A number  
of layers of simulated neural networks, or ANNs, have been utilized to build Deep Learning (DL)  
[15–​18]. Each layer provides a different interpretation of the input data. Classical machine learning 
techniques  require the sequential steps of prioritization, elimination, decision hiring, learning,  

FIGURE 1.1  Deep Learning Family [16].
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and implementation to solve classification issues. Attribute mixes have huge impacts on how well  
machine learning techniques work as well.

Inaccurate class distinctions may result from neutral selection. Deep learning can learn strategies 
for many tasks, in contrast to conventional machine learning techniques [18]. With DL, learning 
and categorization can be achieved in one pass (Figure 1.2). DL has gained popularity as a machine 
learning algorithm recently [15] as a result of the enormous growth and evolution of big data. It has 
not yet aided development in many ML jobs’ [19] new performance in many areas, including picture 
resolution, object detection, and image recognition. Performance on tasks like picture categorization 
has recently been surpassed by deep learning. This technology has had an impact on virtually every 
branch of science. Due to the use of DL, the majority of enterprises and sectors have already been 
impacted [20].

Global businesses and technology companies are focusing on competition to advance deep 
learning. Even now, people’s level of expertise and performance capacity fall short of DLs in 
a number of categories, including predicting rating, choosing a cutoff to assess loan demand, 
and calculating truck duration. The 2019 Nobel Prize winners –​ also referred to as the Turing 
Prize –​ were three deep learning pioneers [20]. Even though many goals have been achieved; the 
DL field is still developing. DL has the power to improve people’s lives by providing more diag-
nosis, such as predicting natural disasters, discovering new drugs, and testing for cancer. Deep 
learning is capable of recognising ailments based on dermatologist suggestions using 129,450 
pictures of 2032 disorders. Additionally, GoogleAI [21] outperformed these professionals in 
the US Pathology Board’s estimated accuracy test for cancer diagnosis, scoring 70% versus 
61%. For the detection of COVID-​19, a brand-​new coronavirus, in 2020, DL is essential [22]. 
In numerous clinics across the globe where chest X-​rays or other types of imaging is used; 
deep learning has emerged as a key tool for classifying and detecting COVID-​19. To finish, the 
application of deep learning is capable of anything, according to AI pioneer Geoffrey Hinton, 
who famously said.

1.3 � APPLICATIONS OF DEEP LEARNING

The fact that machine intelligence is effective in many contexts and can sometimes perform as well 
as or better than human specialists suggests that deep learning has addressed the following issues 
without knowledge. Situations in which individuals have difficulty in explaining decisions made 

FIGURE 1.2  DL versus Traditional ML [18].
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employing their cognitive abilities (linguistic comprehension, medical decision-​making, and lan-
guage skills) are:

1.	Universal Learning Approach: Because deep learning can be applied to almost any application.
2.	Robust: Deep learning is typically not needed to finish features. Instead, as might be predicted, 

optimized characteristics are automatically learnt about the task. This offers robustness against 
a wide range of input data fluctuations.

3.	Generalization: It is possible to apply the same DL methodology to a variety of materials or 
applications. Insufficient data issues can also be solved using this technique.

4.	Scalability: It is very easy to scale deep learning. With 1202 layers and widespread use in 
supercomputing, ResNet was created by Microsoft. Similar steps have been conducted by 
the important network evolution business Lawrence Livermore National Laboratory (LLNL), 
which has produced hundreds of results.

Numerous DL applications are currently accessible everywhere. These applications, include 
those for the healthcare industry, social analytics, voice and speech (including augmentation and 
recognition), visualization of data (including data analysis and computational science), and NLP 
(interpretation and sentence categorization). These programs can be divided into five groups: seg-
mentation, recording, location, discovery, and classification. The idea of classification is the div-
ision of data into categories. Finding relevant objects in an image is achieved via detection, which 
takes the background into consideration. In the search, there are numerous items that may be 
from various classes that are enclosed by linked boxes. Finding things inside a bounding box can 
be achieved using the localization technique. Objects are still surrounded by identified contours 
during segmentation (semantic segmentation). Fitting a picture into another picture, which could 
be in 2D or 3D, is referred to as noun. The application and significance of DL in the healthcare 
industry cannot be overstated. This study is important because it has a significant impact on 
people’s lives. In the area of medicine, deep learning has also shown potential. We demonstrate 
this by providing a brief overview of the DL application used in medical picture analysis as an 
example.

1.3.1 � Localization

Doctors typically have an interest in the natural body position, although bodyworkers use it more 
often. Even though electronic images at a regional center are examined and determined without 
human assistance, they can still be used in end-​to-​end technological applications. Deep learning 
recognises malignant spots in X-​ray pictures used in non-​invasive radiation therapy. Both the spatial 
and temporal aspects are included when examining hierarchical traits. According to Organs, this 
method has an accuracy range of 62 to 79%. For the diagnosis of pulmonary and local diseases, two 
convolution networks –​ Ret Net and Mask R-​CNN –​ are employed. Detection An additional method 
for detection is computer-​aided detection (CADe). A wound that is ignored might have immediate 
negative effects on the patient and the doctor. As a result, research is a discipline that demands 
accuracy and precision. a thorough investigation into diseases using the idea of adaptive learning. 
Their approach had a 96.4% accuracy rate and a 99.62% success rate in recovering deleted data. 
Numerous neural network techniques that work well for automatic X-​ray image detection have been 
proposed in the fields of COVID-​19 and pneumonia.

1.3.2 � Detection

Another method of detection is computer-​aided detection. Ignoring an inflammation might have 
negative implications on both the patient and the doctor. Because of this, detection is a subject 
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that calls for both sensitivity and precision. A cutting-​edge learning system will apply the concept 
of transferred learning to identify pneumonia. Their method had a 99.62% call rate and a 96.4% 
accuracy rating for unobserved data. For automated identification from X-​ray pictures of COVID-​19 
and pulmonary illness, a number of convolution neural network techniques have been presented, and 
they have demonstrated great performance.

1.3.3 � Segmentation

Many MRI and CT scan segmentation studies have focused on the brain, particularly tumors, des-
pite the fact that other organs like the liver, prostate, and knee cartilage have also been included. 
This problem is essential in surgical planning to obtain a clean tumor for small surgery. Surgery that 
removes too much brain tissue can cause brain damage that can impair memory, cause depression, 
and cause loss of mobility. Tracing lines particularly from layer to layer on a CT or MRI set has his-
torically been the method used by doctors to manually segment clinical anatomical structures. This 
difficult task is best handled by automated solutions. Automated identification of the covid-​19 virus 
from CT images has just been implemented in order to assist in the teaching of trans disciplinary 
studies.

1.3.4 � Registration

The basic stages of the unique process for registration work are generally given two input photos, 
used as follows:

Product selection: Following the first input picture, characteristics of subsequent input pictures 
must continue to be true.

Feature extraction: This determines the characteristics that were taken for each of the input 
pictures.

Characteristic harmonizing: This makes it possible to compare previously acquired features.
Exposure Optimization: This reduces the level of difference between the two input images. The 

resultant statistical renovation (such as transformation, rotary motion, degree, and so on.) and 
a close distance between them are the outcomes of the registration operation. The levels of 
overlap are good.

1.4 � COMPUTATIONAL METHODS

Complex ML and DL approaches are extensively functional in a variety of industries and have 
swiftly emerged as the most valuable methods for data processing. The creation and advancement 
of algorithms, along with the effectiveness of mathematics and the usage of large data, have made 
it possible to implement several applications that were either too complex or difficult to imagine 
beforehand. There are now a number of common (Deep Neural Network) DNN configurations avail-
able. The primary distinction between these two approaches is the link pattern between layers and 
all tiers. During DNN training, several optimisation approaches are employed to obtain the updates, 
but the (Stochastic Gradient Descent) SGD procedure is utilised to fit (or not fit) the weights. The 
waste management social network should develop together with increased output. For instance, it 
takes between 30 and 40 thousand iterations for the training method using the extensive ImageNet 
data set (more than 14 million pictures) and the ResNet network model to arrive at a fixed solu-
tion: frozen. The total calculation time of the high-​level approach is expected to be greater than 1020 
hops as exercise locate mass in addition to neural network involvement amplification. By 2009, the 
GPU could be used to advance training to a satisfactory level. Even with GPU help, training often 
takes a few days or weeks. For instance, numerous reduction methods have been developed that 
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greatly cut down on training time. It is thought that as DNNs scale in complexity and size, so do 
their computing requirements. Memory throughput and capacity are calculated for the entire line 
and have less of an impact than the installation cost. In particular, there is a large amount of data 
recovery, parameters are not consistently allocated throughout the initial data levels, and computing 
several layers in a network only yields a tiny computer-​to-​bandwidth ratio. If there is no classifi-
cation, multiplexed data, on the other hand, has very little expense and a very low computational 
bandwidth ratio for additional Fully Connected (FC) processing. Although maximum Graphical 
Processing Unit (GPU) presentation cannot be achieved as well as the inclusion of numerous ideas 
or models that are bandwidth-​dependent, these networks are better able to solve computational 
issues thanks to the GPU performance.

The worst-​case GPU efficiency ranges from 15% to 20% of the theoretical maximum perform-
ance. To solve this problem, the memory bandwidth must be increased using high-​bandwidth cluster 
memory. Then, various techniques based on central processing units, graphical processing units, and 
field programmable gate arrays will be thoroughly explained.

1.4.1 �C entral processing unit‑based approach

A CPU-​based concert of central processing unit nodes primarily supports huge memory, network 
connectivity, and storage capacity. Despite being more prevalent than (Field Processing Gate Array) 
FPGA or GPU nodes, CPU nodes require more space and memory because they cannot manage with 
limited computing resources.

1.4.2 �GPU ‑based approach

The GPU is a good fit for several essential DL ideas, including parallel operations such as activa-
tion, matrix multiplication, and convolution. Because High Bandwidth Memory (HBM) stacked 
memory has been integrated into these new GPU models, they provide increased bandwidth. This 
improvement enables several cores to fully leverage the GPU’s capabilities. Heavy linear algebra 
operations usually result in a 10–​20:1 speed advantage for the GPU over the CPU. The original GPU 
programming paradigm was built on the idea of increasing parallel processing. For instance, a single 
GPU has a maximum of 64 units. With 16 processing lines per Single Instruction Multiple Data 
(SIMD) unit, there are four SIMD processing units. 25 T hops (fp16) and 10 T hops (fp32) operate 
best when the operational percentage is near to 100%. If addition and subtraction for vectors are 
combined with internal manufacturing rules for comparing operations requiring matrix operations, 
further GPU performance can be attained. In general, GPUs are thought to be well-​designed for 
DNN training and also offer improved performance for inference operations.

1.4.3 � FPGA‑based approach

Deep learning is just one application of FPGAs. Oftentimes, FPGAs employ inference accelerators. 
Inefficient functionality or overheads related to GPU systems can be reduced by optimizing FPGAs. 
Poor access point performance and restricted computation are FPGAs’ main drawbacks in com-
parison to GPUs. The key characteristic of FPGAs is their capacity to configure an array by design 
utilizing a variety of existing headers or brand-​new ones, as well as to alter its properties in real 
time. For DL inference workloads, as was already established, FPGAs outperform GPUs and CPUs 
in terms of computation speed and latency per watt. These three elements –​ reduced arithmetic, net-
work integration, and efficient usage of high-​performance devices –​ allow FPGAs to leverage DL 
algorithms to support FPGAs at this level. Long Short-​Term Memories (LSTM)s, on the other hand, 
commonly use pruning techniques. Using MultiLayer Perceptron (MLP) neural processing, the size 
of the model can be reduced to 20, which has significant benefits when using efficient methods. 
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According to recent studies on the usage of fixed content and custom control content, 8-​bit reduction 
is not only very effective but also helps as an FPGA technology advance for the best DNN model 
performance.

1.5 � SUMMARY AND CONCLUSION

After compiling all the data related to this research, a brief discussion is warranted. The infor-
mation is broken down into its component parts for explanation and advice on where to go next. 
Large volumes of complicated data require simultaneous modeling via deep learning, which is chal-
lenging. Multimodal DL is yet another strategy used in current DL development. In the future, 
the development of DL apps should heavily rely on cloud-​based platforms. Cloud computing can 
be used to handle massive amounts of data with efficient solutions. Moreover, it lowers expenses 
while boosting efficiency. For deep learning training, it also offers flexibility. New developments 
in computing hardware, such as neural network processors and mobile GPUs, have improved deep 
learning applications with transferable approach. DL user determination does this more simply. 
Several adaptive learning techniques are intended to address the problem of a lack of training data, 
including the training of the deep learning model on a sizable dataset of images that are unlabeled, 
prior to applying it to the task of training well-​known DL models on a small number of images. As a 
description for the DL community who are interested in the DL space, this area serves as a starting 
point. Additionally, researchers will be able to choose the best lines of inquiry so they bring more 
detailed options to the field.
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