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Preface

Deep learning (DL) is a powerful set of techniques for machine learning using arti-
ficial neural networks. Over recent years, we have witnessed DL revolutionizing all
kinds of medical imaging, including X-ray, ultrasound, computed tomography, mag-
netic resonance imaging, and positron emission tomography. Numerous artificial
intelligence-based tools have been developed to automate medical image analysis
tackling problems such as recognition, segmentation, and analysis of various regions
of interest, e.g., lesions, tumors, clots, blockages.

DL models have the ability to learn patterns and relationships in medical images,
utilizing huge volumes of medical images. This book aims to promote the latest
cutting-edge DL-driven research in medical image analysis. It demonstrates the valid-
ation of DL techniques on a range of digital medical images, including identification
and classification of various diseases, such as heart disease, cancer detection, white
blood cell classification, diabetes detection, etc.

With the present notions, we hope that the book will inspire all those who are
interested in DL courses and want to apply it to medical image analysis.
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1 ANFIS-Based Cardiac
Arrhythmia Classification

Alka Barhatte
MIT World Peace University, Pune, India

Manisha Dale
MES’s College of Engineering, Pune, India

Rajesh Ghongade
Bharati Vidyapeeth College of Engineering, Pune, India

1.1 INTRODUCTION

The electrocardiogram (ECG) is a cardiac signal representing the recording of the
electrical activity of the heart. Information such as heart rate, rhythm, and morph-
ology in the form of conduction disturbances can be extracted from the ECG signal.
The significance of the ECG is notable in that coronary heart diseases are major
causes of mortality worldwide. The ECG varies between different individuals, due to
the anatomy of the heart, and differences in size, position, age, etc. Thus, the ECG
yields highly distinctive characteristics, suitable for various applications and diag-
nosis. This chapter focuses on cardiac arrhythmia classification. Cardiac arrhythmia
is a heart disorder displaying an irregular heartbeat due to malfunction in the cells
of the heart’s electrical system. During cardiac arrhythmia, the heartbeat can have
an irregular rhythm. Sometimes it is too fast — >90 beats/min — and this is called
tachycardia; when the heartbeat is too slow — <60 beats/min — this is called brady-
cardia. Thus, there are many types of cardiac arrhythmia based on heart rate and site
of origin. Some are frequently benign, although several may be a sign of significant
heart disease, stroke, or surprising heart failure. At some stage in cardiac arrhythmia,
the heart may not be capable of pumping enough blood to the body. Lack of blood
flow can damage organs like the brain and heart. Thus, to enable appropriate survival
measures, an accurate classification is required of cardiac arrhythmia that leads to
heart rate variations. This chapter introduces the classification of six types of cardiac
arrhythmias based on the adaptive neuro-fuzzy inference system (ANFIS).

This chapter is structured as follows. Section 1.2 gives a review of the literature.
Section 1.3 describes system design and QRS complex detection and features the
extraction method used in the classifier system. Section 1.4 describes system imple-
mentation using proposed methodology. Section 1.5 presents results and analysis and
finally section 1.6 gives a discussion and conclusion.
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1.2 REVIEW OF THE LITERATURE

Despite the ease of obtaining data, challenges remain for us to extract reliable informa-
tion from biomedical signals. This can be a very demanding task for a computerized
automated system for several reasons. Among the noteworthy problems are
Biomedical signal contamination of the physiological tool and external noise as well
as unbalanced classes among biomedical signals. This causes the system performance
and accuracy to vary widely from patient to patient. The changing dynamics over
time and the morphological characteristics of the cardiac ECG signal show significant
variations between different patients in different physical and temporal conditions.

Linear discriminant analysis (LDA), artificial neural network (ANN), self-organ-
ization map (SOM), various clustering algorithms, radial basis function network
(RBEN), support vector machine (SVM), fuzzy systems, and other classifiers were
used in the examination survey. A few of these are briefly discussed below.

Mariano Llamedo and Juan P Matinez [1] used LDA to categorize five different
classes. The authors’ main emphasis was on feature selection. A floating features
selection algorithm was used that performs better and generalizes the training and
validation sets. Overall, 93% accuracy was reached. The most commonly used clas-
sifier focused on ANNs with multiple-layer perceptron (MLP), probabilistic neural
network (PNN), and hybrid systems consisting of a combination of fuzzy clustering
with neural networks (NN), presented in papers [2—-6].

For ECG classification, Inan Guler and Elif Derya Ubeyl [2] used combined NNs
with two levels of NN. The 19 statistical features obtained from the discrete wavelet
transform (DWT) decomposition coefficients were used to train the first stage of NN.
The second level of NN was trained to form the output of first-level NN. Various
algorithms were proposed based on the NNs with different structures and feature
vectors, and the results obtained have been shown to be state of the art. The methods
implemented were NN with adaptive activation function [3], recurrent NN (RNN)
with the Levenberg—Marquardt algorithm as optimization algorithm [4], combination
of continuous wavelet transform (CWT), principal component analysis and neural
network [5], and a combination of CWT, DWT, and dicrete cosine transform (DCT)
with MLP-back propagation (BP) [6].

To improve the efficiency of the classifier, several researchers suggested a hybrid
framework combining fuzzy systems and NN. Most studies [7-13] used a two-step
implementation, with fuzzy clustering as the feature vector’s pre-processing and
MLP NN as the second-level classifier.

Yun-Chi Yeh et al. [10, 11] proposed a fuzzy logic model that included a qualitative
feature selection stage, fuzzy rule establishment, and classification stage. Nine mor-
phological features were mapped to four quantitative features. The fuzzy rules with
triangular membership functions were defined using these four quantitative features.
To get the final output, a center of gravity defuzzification was used. Overall, 93.78%
accuracy was achieved. The authors also proposed a fuzzy C-mean classifier that used
the same features to identify the instances, with 93.57% accuracy.

The limitation of NN is that their performance depends on the activation function
used, the number of hidden layers and neurons, and the algorithm used for training
the NN.
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SVM is “one of the most popular tools used for data classification and function
approximation (Vapnik 1998a, 1998b)” due to its generalizability [14]. SVM can
map input data into a high-dimensional feature space, transforming it into linearly
separable data. Dimension reduction is essential for an efficient classifier, specifically
for large datasets. Different approaches for data reduction were presented along with
SVM [14].

The MLP NN was used to classify arrhythmia in most of the literature reviewed.
The key disadvantage of MLP NN is that it is difficult to determine the number of
hidden layers, the number of neurons to use for each hidden layer and the activation
functions to use. Fixed-layer architecture is suggested as an improved version of MLP
NN, in which the number of layers is fixed and the hidden and output layers can use
different activation functions. The number of neurons in the hidden layer can also be
calculated using a combination of different clustering methods, such as MLP NN,
RBEN, and SVM.

Compared to MLP NN, SVM is more efficient in computational efficiency
in terms of training time as well as testing time [15]. But the limitation of SVM
is that the behavior of these structures for imbalanced classes is negative [16]. Also,
the database-balancing techniques for the training phase have not been explored in
depth. Overall, the learning of all these classifiers depends much more on how rich
the dataset is used for training of the networks.

A notable contribution of neuro-fuzzy and subtractive clustering (SC) is the
exposition of ANFIS, a system developed by Jang and which has found numerous
applications in a variety of fields [17, 18]. ANFIS and its variants and relatives in
the realms of neural, neuro-fuzzy, and reinforcement learning systems represent a
direction of basic importance in the classification of ECG arrhythmias [19]. Hence
this chapter proposes the implementation of classifiers based on the neuro-fuzzy
approaches that incorporate the imprecise decision-making capability of fuzzy
inference systems and the pattern recognition and adaptation properties of NN
systems.

1.3 SYSTEM DESIGN
1.3.1 METHODOLOGY

Figure 1.1 shows a block schematic of the proposed classifier system from raw input
signal processing to R-peak detection, features extraction and classification of the
signal.

1.3.2 DartaBase Usep

The database used for experimental analysis and classification was obtained from the
Massachusetts Institute of Technology—Beth Israel Hospital’s (MIT-BIH) arrhythmia
database. It consists of 48 annotated ECG records from 47 subjects. Each record lasts
30 minutes with a sampling frequency of 360 Hz. All the records used were obtained
from a modified limb lead II (MLII). Normal QRS complexes are usually prominent
in the lead II signal [20].
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FIGURE 1.1 Block schematic of the system.
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FIGURE 1.2 R-peak detection of record no. 200.

1.3.3 R-Peak DetectioN AND QRS CompLex EXTRACTION

R-peak detection of an ECG signal is one of the most common and critical parts
of the proposed method. The QRS complex was extracted from the raw ECG input
once the R-peak had been correctly identified. The authors proposed a novel method for
R-peak detection using curvelet transform (CT) and curvelet energy in reference [21].
Figure 1.2 shows the R-peak detected using CT. Detected peaks were validated by com-
parison with the annotation given for each record in the MIT-BIH arrhythmia database.

The entire QRS complex was extracted by considering 90 samples and 89 samples
on either side of the located R-peak, known as a cardiac event or a heartbeat, as shown
in Figure 1.3. Then Q and S peaks were located from the QRS complex, as shown in
Figure 1.4, and these Q-, R-, and S-peak locations were used to obtain the features of
the cardiac events [22].

1.3.4 FeaTure EXTRACTION

The QRS complex was used to derive the features used for training and evaluating
the proposed classifier. Six morphological features, one spatial feature, and three stat-
istical features were derived from this QRS complex. The morphological features
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FIGURE 1.4 Q-R-S-peak location and R-R interval [22].

obtained included R-peak amplitude, area under auto-correlation, singular value
decomposition, QRS area, QR slope, and RS slope. The spatial feature obtained was
R-R duration and the statistical features were mean of QRS complex, standard devi-
ation of QRS complex, and skewness of QRS complex.

1.4 SYSTEM IMPLEMENTATION

Figure 1.5a is the flow diagram for modeling of ANFIS using clustering algorithms
and a hybrid learning algorithm. Figure 1.5b shows the cardiac arrhythmia classified
by the ANFIS classifier.

In this chapter, two clustering methods are discussed to optimize the input features
vector and to decide the initial premises parameters for Gaussian membership
function which gives the initial FIS to the ANFIS. This FIS was fine-tuned (optimized
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for required root mean square error (RMSE)) using PSO. The least-squares estima-
tion (LSE) algorithm was used for tuning the linear consequence parameters. Once
the ANFIS was trained it generated a final FIS that was used for testing the unseen
dataset.

1.4.1 CLUSTERING METHODS

1.4.1.1 Subtractive Clustering

In the subtractive clustering process, every data point is presumed to be a potential
cluster center at first. Every data point’s Pi potential is determined in relation to the
position of other data points (equation 1.1) [23].

P= ze*‘XHX’*X" § (1.1)
j=1

4

where <= —, P, is the i cluster center (potential value of i data), o is the weight

r
a

between i data to j™ data, y is the data point, y is the variable set commonly to 4, and
r, is cluster radius.

A measure of the likelihood that each data point can identify the cluster center
was obtained based on the potential density of surrounding data points [24]. The sub-
tractive clustering algorithm was as follows:

1. The initial cluster center is chosen as a data point with a high potential
value.

2. Then, by removing all data points from the first cluster center, the next data
cluster and its center position are determined.

3. Repeat step 2 until all of the data points in the dataset had been covered.
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Thus, predefined r, defined the area of influence of every cluster center and these
two parameters were used as initial premises parameters of FIS.

1.4.1.2 Fuzzy C-Means Clustering (FCM)

The most common parameter used to measure the similarities between objects for sub-
tractive clustering is Euclidean distance. Subtractive clustering is the hard clustering
technique that strictly classifies objects into different clusters. The major drawback
of the hard clustering technique is loss of information for objects with less similarity.
FCM permits one piece of fact to belong to two or more clusters. Fuzzy cluster analysis
uses membership value to classify objects in a range from 0 to 1. The FCM algorithm
was originally developed by Dunn in 1973 [25] and improved by Bezdek in 1981 [26].

The idea behind the FCM algorithm wass to partition the N-sampled training
vectors into C clusters by minimizing the objective function, represented by equation
(1.2) [27, 28].

J(Xiuv)= ii(ul )k (“X v, H)z (12)

where k (1 < k <) is the weighting exponent which determines the fuzziness of the
cluster, u, .u, ; is the degree of membership of X, in X, the j* cluster v, and should sat-

isfy the conditions in equation (1.2), X, is the i d-dimensional feature vector, v, is the

d-dimensional center of the cluster and is calculated using equation (1.4), and II*Il is
the Euclidian distance norm expressing the similarity between the measured data and
the center with the range of various parameters as given in equation (1.3).

C
0<u <1 1<i<N, 1<j<C and Z(ui’j)zl,lskN (1.3)

Jj=1

Zi]il (“i.j )k (x,)

y ===V Yy ci<ce (1.4)

Jj N k
21:1 (ui W )
The algorithm of FCM is implemented as follows:

1. Initialize the matrix U = [u, /,], U (0).
Calculate the center vectors v, using equation 1.4.

3. Update the fuzzy membership based on the distance between the cluster
center and each point in the matrix using equation 1.5.

1
u, = 3 (1.5)

m—1
o0 | e

i

U] < Threshold; otherwise return to step 2.

4. Stopif|u,, -
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Here the cluster centroid is obtained as the mean of all points, weighted through the
degree of belonging to the cluster. The degree of belonging in a certain cluster is
allied to the inverse of the distance to the cluster. FCM iteratively shifts the cluster
centers to the “right” location within a dataset by updating the cluster centers and
membership grades for each data point. Performance of the FCM algorithm depends
on initial centroids.

1.4.2 Basic ANFIS ARCHITECTURE

The ANFIS architecture is identical to a multilayer NN that has three hidden layers.
The hidden layers of ANFIS represent membership functions and fuzzy rules. The
first-order Sugeno model best represents the ANFIS architecture. The fuzzy rules
used for ANFIS are represented using the first-order Sugeno model, as follows:

Rule 1: If (x1 is MA1) and (x2 is MB1) then (fnl =pl x 1 + ql x 2 + cl).
Rule 2: If (x1 is MA2) and (x2 is MB2) then (fn2 = p2 x 1 + q2 X 2 + ¢c2)

where x1 and x2 are the inputs to node i and MAi and MBi are the linguistic labels
associated with this node. Figure 1.6 shows the ANFIS architecture that implements
the fuzzy rules specified above. In this structure circles represent fixed nodes, whereas
adaptive nodes are indicated by squares.

The input of layer 1 is converted into the fuzzy membership grade given by
equation 1.6:

OB, =MF, (x1), fori=12or

OF,=MF, ,(x2), fori=34 (1.6)
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5
X1 X2

MFA1 l l

wy Wy
X1 _
wy fy

MFA2

MFB1

: G ]~
" _
MFB2 2 W2 T T

X1 X2

FIGURE 1.6 Adaptive neuro-fuzzy inference system architecture [26].
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where MF, (x1), MF,, ,(x2) can adapt to any fuzzy membership function and is used
as shown in equation 1.7:

MFA(x)zex _[(x—c)zJ (1.7)

where ¢ and ¢ are nonlinear premises parameters of the membership function that
represents the center and width of the Gaussian membership function. ¢ is obtained
from one of the clustering methods and ¢ is obtained by calculating the standard devi-
ation of the data points lying in that cluster around the cluster center.

Nodes in the second layer are represented by n. The outputs of this layer are the
product of all incoming membership functions, represented as set out in equation (1.8):

OP, =W =MF, (x1).MF,_,(x2), i=12 (1.8)

OP,  gives the firing strengths of the rules.
Third-layer nodes are represented by N and indicate normalization of the firing
strengths producing the output (equation 1.9).

OP, =W =—7"— =12
3. i VVI"FW (19)

The output of each node in the fourth layer is obtained by multiplying the
output of layer 3 and a first-order polynomial for the Sugeno model, as given in
equation (1.10).

OP,, =Wf =W,(pxl+qx2+c,) (1.10)

4,i ivi

where {p, g,, c,} represents the linear consequent parameters.
The fifth layer computes the overall output by adding all incoming signals given
by equation (1.11).

R

W,

i

OP, =Y W,f, = (1.11)

1.4.3 ANFIS TrRAINING

ANFIS training/learning means to tune the premises parameters and the consequent
parameters of the network to obtain the desired output specified by the training data.
Once trained the ANFIS has the capability of inference for the new input sets. Jang
developed a hybrid learning algorithm for fast ANFIS parameters training [29]. It
consists of two passes: (1) forward pass; and (2) backward pass.
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The premises parameters are unchanged during the forward pass and consequent
parameters are modified according to the LSE algorithm given by equation 1.12:

0=(ATWA) " ATW y (1.12)

where 6 is estimation matrix of consequence parameter, W is weight vector, A is input
feature matrix, and y is expected output.

The consequence parameters are fixed during the backward pass, and the prem-
ises parameters are tuned using the proposed PSO technique. These two passes are
iterated for a set number of epochs or until the error requirements are met.

1.4.3.1 Particle Swarm Optimization Algorithm
The key benefit of using PSO as a training algorithm is that it is derivative-free. As
a result, the algorithm’s computational complexity is lower than that of derivative-
based approaches.

Unlike other optimization techniques it is less dependent on a set of initial points.
In general, there are three major algorithms available in the PSO. The first is the indi-
vidual best. Each individual compares their position to their own best position, p, .
These algorithms do not use knowledge from other particles. The second version is
the global best. The location of the best particle from the entire swarm is included in
the social information used to direct particle movement. Furthermore, each particle
considers its previous experiences in terms of its own best solution.

1.4.3.1.1 Global-Best PSO

In the entire swarm the best-fit particle impacts the location of each particle in this
process. Each individual particle i€ ([l,...,n] wheren >1 in the search space has a
current velocity v,, a current position x,, and a personal-best position £, .. When
considering a minimization problem, the position in the search space where particle
i has the least value as defined by the goal function is the personal-best position.
Furthermore, the position with the lowest value of all is referred to as the global-best
position, which is denoted as [30]. Equations 1.13 and 1.14 are used to update the
personal-best and global-best places, respectively.

best i best i i best i i best,i

Pt = (P! if f(x*>pr yxit iff(xl.’“ <P ) (1.13)
Equation 1.14 is used to calculate the global-best position g, at time step 7.

ghesr = min {f)btext,i } (1 : 14)
where i € [1n] and n>1.
The velocity of a particle is calculated using equation 1.15 for the global-best PSO
method.

vl = vé{. +c 1 [P’ —xéi:|+c r! [gbm —x‘:l (1.15)

ij 11 best i 2°2j ij
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where v! Vi is the particle’s current velocity vector in j dimension, XXX is the
particle’ s current position vector in j dimension, P, is the particle’s current personal-
best position in j dimension, g,  is the particle’s global best position in j dimension,
positive acceleration constants ¢, and ¢, are employed to balance the contributions of
the cognitive and social components, respectively, and n; and 1, are random values
from the uniform distribution U (0,1).

1.4.3.1.2 Local-Best PSO (Ibest)

The circle neighborhood structure is reflected in the local best (/,, ). Particles are
influenced by their surroundings as well as their own prior experiences. Equation 1.16
is used to calculate the velocity of the particle i where g, , the global-best value, is
substituted by /,

vl’J“rl = v + c1r1, |:beem - xlf :|+c2rzj [lbm —xlfj] (1.16)
where [, is the best position of a particle in the neighborhood of the particle i found
from initialization through time z.

L, is slower in convergence than g, [, results in a much better solution [31] and
searches a larger part of the search space.

Shi and Eberhart [30] have modified equations 1.15 and 1.16 by introducing an
inertia weight w as in equation 1.17:

V_’/H = WV + Clrlj [P;)revt i xl:’ ]+ CZVZ/ I:gbmt - lj] (117)

The inertia weight w is responsible for balancing global and local searches, and its
value can change in the optimization process. A high inertia weight favors a global
search, while a low value favors a local search [32].

The algorithm to implement modified PSO is as follows:

1. At ¢ = 0, initialize the swarm of particles P(z) such that for each particle
Pi e P(t) has a random position within the hyperspace. .

2. Evaluate each particle’s performance based on its current position x, (7).

3. Compare each individual’s performance to their best performance.

l-f (F(;; (t)) ) then I)beatt = F (“( )) else Pbe_sr i xi (t)
4. Compare each individual’s performance to their global-best particle.
if (F (% (1)) < 8,0, ) then P, ., = F(x,(1)) elseg,, = (1)

5. Using equation 1.17, change each particle’s velocity vector.
6. Update the position of each particle using equation 1.18.

x, (141)=x, (1) +v, (t+1) (1.18)

7. Repeat steps 2—6 until convergence/number of iterations specified.
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1.4.3.2 Experimental Parameter Setting of Clustering and Training
Algorithms

As discussed in the algorithm the initial values of parameters to implement the
required algorithm are set as follows.

Initial Parameters Set for PSO and FCM for ANFIS Classifiers

Maximum of iterations (MaxIt = 5000), inertia weight (w = 0.01), inertia weight
damping ratio (wdamp = 0.9), population size/swarm wize (nPop = 30), Global
learning coefficient (c2 = 3), cost function used is RMSE.

FCM Parameters
Exponent for the partition matrix U (fcm_U = 5), fcm_MaxIter = 5000, fcm_
Minlmp = le-5.

Initial parameters set for PSO and SC for ANFIS classifiers

Maximum of iterations (MaxIt=5000), inertia weight (w = 1), inertia weight
damping ratio (wdamp = 0.9), population size/swarm zize (nPop = 30), personal
learning coefficient (c1 = 0.1), global learning coefficient (c2 = 3), cost function
used is RMSE.

Subtractive Clustering: Radii = 0.5.

1.5 RESULTS AND ANALYSIS

The training and testing datasets are used to train, evaluate, and analyze the proposed
models. The 600-exemplar training dataset is generated by randomly selecting 100
samples of each type of cardiac arrhythmia, including normal beat type, for each
type. Similarly, the testing dataset is generated excluding the feature vectors used for
the training dataset. Sensitivity, specificity, positive predictivity (PP), false prediction
ratio (FPR), and classification rate (CR) are the five performance parameters used to
test and analyze the classifier [23].

The results obtained for SC-ANFIS-PSO and FCM-ANFIS-PSO classifiers are
presented below in the form of confusion matrix and performance parameters. Finally,
the average values of all performance parameters are summarized for both the models.

1.5.1 Resurts of Six-CrLass SC-ANFIS-PSO CLASSIFIER

Tables 1.1 and 1.2 show the confusion matrix and performance parameters for the
SC-ANFIS-PSO model respectively.

1.5.2 Resurts of Six-Crass FCM-ANFIS-PSO CLASSIFIER

Figure 1.7 shows various error plots while training the classifier. It shows the target
output vs. actual output, error plot, and distribution of error with various statistical
parameters.
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TABLE 1.1
Confusion matrix

P L-1 A N R-1 R-11
P 94 5 0 0 0
L-I 0 95 3 1 0
A 0 3 92 3 1 0
N 1 2 13 78 0
R-I 0 1 0 2 95 0
R-II 0 0 0 5 1 91
TABLE 1.2
Class-wise performance parameters
Classes Sensitivity Specificity PP FPR CR
P 0.95 1.00 0.99 0.00 0.99
L-I 0.96 0.98 0.90 0.02 0.97
A 0.93 0.97 0.85 0.03 0.96
N 0.79 0.98 0.88 0.02 0.95
R-I 0.97 0.99 0.93 0.01 0.98
R-II 0.94 1.00 1.00 0.00 0.99

PP, positive predictivity; FPR, false prediction ratio; CR, classification rate.

Train data

Target
. Output

i

0 100 200 300 400 500 600
Sample index

MSE = 0.076277, RMSE = 0.27618 Error Mean = —0.001602, Error St. D. = 0.27641
100

50

0 200 400 600 -2 -1 0 1 2

FIGURE 1.7 Target output vs. actual output, error plot, and error distribution.
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TABLE 1.3
Confusion matrix
P L-1 A N R-1 R-11

P 99 1 0 0 0
L-I 1 95 3 1 0 0
A 0 3 97 0 0 0
N 0 0 20 57 1 0
R-1 0 0 0 12 87 0
R-IT 0 0 0 3 8 89
TABLE 1.4

Class-wise performance parameters

Classes Sensitivity  Specificity PP FPR CR

P 0.99 1.00 0.99 0.00 1.00
L-I 0.95 0.99 0.96 0.01 0.98
A 0.97 0.95 0.81 0.05 0.95
N 0.73 0.97 0.78 0.03 0.94
R-I 0.88 0.98 0.91 0.02 0.96
R-II 0.89 1.00 1.00 0.00 0.98

PP, positive predictivity; FPR, false prediction ratio; CR, classification rate.

120
o 100
[$]
é 80
5 60
b=
Q 40
o\0 20,
0
e e Positive False Classification
Sensitivity Specificity predictivity |prediction rate rate
SC+PSO 92.23 98.44 92.42 1.56 97.4
m FCM+PSO 91.43 98.43 92 1.57 97.69

FIGURE 1.8 Comparison of performance parameters of adaptive neuro-fuzzy inference
system classifier with particle swarm optimization (PSO).

Tables 1.3 and 1.4 show the confusion matrix and performance parameters for the
trained FCM-ANFIS-PSO model respectively

Figure 1.8 shows the comparison of average performance parameters of two
proposed ANFIS-PSO classifier models. The training time for both models has



TABLE 1.5
Comparison of proposed methods with survey methods
Classification Training
Sr. No. Literature Classifier types No. of classes  Feature vector size  accuracy/ sensitivity data size
1 This work SC + ANFIS + PSO 6 10 97.4% 600
2 This work FCM + ANFIS + PSO 6 10 97.69% 600
3 Edoardo Pasoli and Farid SVM 06 12 samples 95% 2000
Melgani (2010) [32]
4 Mariano Llamedo and Juan P Linear discriminant 05 8 Samples 93% @50000
Matinez (2011) [1] classifier
5 Yun-Chi Yeh et al. (2009) [10] Fuzzy Logic Method 05 9 93.78% -

SC, subtractive clustering; ANFIS, adaptive neuro-fuzzy inference system; PSO, particle swarm optimization; FCM, fuzzy C-means clustering; SVM, support vector

machine.
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been observed: 792 seconds for the SC-ANFIS-PSO model and 849 seconds for the
FCM-ANFIS-PSO model. Analysis of the proposed method shows that SC + PSO
model results are better in terms of training time whereas performance parameters as
compared to the FCM + PSO model are almost the same.

Table 1.5 is a comparison of the proposed method with the methods described
in the literature. It can be clearly observed from this comparison that the proposed
method yields good classification accuracy with smaller training data size as well as
feature vector.

1.6 CONCLUSION

Analysis of the results and comparison of the two proposed models shows that
both models perform equally well and are nearly identical in terms of perform-
ance parameters. The neuro-fuzzy classifier integrates the benefits of fuzzy logics in
human knowledge expression with a computational self-adaptation learning process.
Comparison with the survey methods also shows state-of-the-art performance with
the proposed method.

The beauty of the proposed system is that the fuzzy rules do not need to be phys-
ically set. The ANFIS model will automatically set the rules, which will be fine-tuned
using a hybrid learning algorithm. The computation complexity is further reduced by
PSO which is a non-derivative-based back propagation training algorithm.

All these parameters lead to better performance parameters with average classi-
fication rate of 97.4% and 97.69% for SC-ANFIS-PSO classifier and FCM-ANFIS-
PSO classifier, respectively. As a consequence of the observations and analysis, the
proposed approach can be used to automatically classify cardiac arrhythmias with
higher classification accuracy and lower false prediction rates.

1.6.1 FuUTURE ScopE

The proposed neuro-fuzzy models are multiple-input and single-output-type networks
where only one output node is used to represent all the classes. Each class is labeled as
a number ranging from 1 to N, where N is the total number of classes to be classified.
Further modifications in the ANFIS structure may be made to obtain the N-different
outputs corresponding to each class. The number of cardiac arrhythmias that can be
classified can also be increased to more than six.
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2.1 INTRODUCTION

The novel coronavirus (COVID-19) disease outbreak began in December 2019
in Wuhan, China, and spread rapidly amongst citizens living in other countries
[39,16,28,30]. Around 220 countries, areas, or territories were affected by novel cor-
onavirus up to 8 December 2020, of which around 128 countries, areas, or territories
had begun community transmission [38]. Globally, 66,729,375 confirmed COVID-19
cases, including 1,535,982 deaths, were reported to the World Health Organization
(WHO) as of 8 December 2020 [38]. COVID-19 is caused by the SARS-CoV-2 virus,
which spreads among individuals, especially when they are in direct or close con-
tact with an infected person [37]. In small liquid particles, the virus can transmit
from the mouth or nose of an infected person as they sneeze, sing, cough, speak, or
breathe heavily [37]. The more common signs of COVID-19 are fatigue, dry cough,
and fever; other less common symptoms include dizziness, nausea, headache, nasal
congestion, diarrhea, joint pain, skin rash, sore throat, loss of taste or smell, and con-
junctivitis [36]. To date, real-time reverse transcription polymerase chain reaction
(RT-PCR) is considered the gold-standard method of coronavirus diagnosis [8,31].
However, rapid antigen tests are also used to diagnose COVID-19, where samples
are obtained with a swab from the nose and/or throat [36]. Rapid antigen testing
is quicker and cheaper than RT-PCR [36]. Computed tomography (CT) images of
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patients are also used to assess the severity of COVID-19 lung infection and for prog-
nostication. The hallmarks of COVID-19 patients present in CT images are ground-
glass opacity (91% vs. 68%, p < 0.001), peripheral distribution (80% vs. 57%, p <
0.001), vascular thickening (59% vs. 22%, p < 0.001), and fine reticular opacity (56%
vs. 22%, p < 0.001) as compared with non COVID-19 patients [3].

However, there are problems with the current COVID-19 diagnostic techniques
as follows:

e RT-PCR testing is costly and time consuming [1].

e RT-PCR test labs cannot meet the testing demand as the number of cases has
been increasing day by day [1].

e The RT-PCR test has a specificity rate of almost 100%, but there is a 30-35%
risk that false negatives will occur [1].

* Rapid antigen testing is generally less accurate than RT-PCR [36], and sensi-
tivity of rapid antigen testing is around 50% [1].

* The sanctity of rapid antigen tests is around 1 hour from the time the sample is
collected and analyzed since it cannot be performed at any collection center [1].

e CT scan devices are expensive and need a significant level of handling
experience.

* In several medical centers in non-urban areas, high-quality CT scan equipment
may not be available.

e Portability is another drawback of CT devices; thus, it is not a suitable imaging
device for rapid testing during a pandemic situation.

To overcome the above limitations, recently, a chest X-ray (CXR)-based coronavirus
diagnosis method was proposed by several researchers worldwide and it was proven
that an X-ray-based diagnosis technique is a reliable tool to promote rapid testing
[34,21,14,22,19,2]. X-ray imaging is cost-effective, fast, and easily accessible, so
medical centers can use chest X-ray-based COVID-19 diagnosis in non-urban areas
to isolate suspected patients immediately before confirmation by RT-PCR testing.

In recent years, deep learning-based disease prediction systems have become very
popular and achieve promising results in various domains such as detection of thorax
disease [35,24], arrhythmia [23], breast cancer [4], diabetic retinopathy [13], and pul-
monary tuberculosis [18]. The deep learning technique can reduce the workload, cost,
and diagnosis time of radiologists and doctors. Researchers are also trying to remove
regions that are not relevant to the lungs or other regions to improve the accuracy of
predictions [12,21]. Such a task is involved in the segmentation of the right and left
lung contours from conventional CXR images [12,21].

This study aims to explore the deep convolutional neural networks (DCNNs) fur-
ther and evaluate their diagnostic feasibility for coronavirus. Unfortunately, it is hard
to collect many good-quality COVID-19 X-ray samples in a pandemic situation to
train, validate, and test a DCNN module. Therefore, this article’s primary objective
is to achieve better sensitivity than RT-PCR with a limited and unbalanced training
dataset for the diagnosis of coronavirus. This work is an extension of our preliminary
journal paper [5]. Based on the previous version, this chapter proposes a two-stage
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DCNN to improve the sensitivity of coronavirus disease detection. The motivation
of the study is that if we can extract the lung contours from the CXR samples pre-
cisely, this reduces the diagnosis time and cost and allows the X-ray samples to be
examined more easily. It also helps to efficiently train the deep neural network (DNN)
model, even with the limited number of training samples. The results shows that the
suggested model outperforms other state-of-the-art work and achieves a sensitivity
of 99% for coronavirus disease and test accuracy of 98%, which was an acceptable
performance as a diagnosis method compared to RT-PCT, which has a sensitivity
of about 70% [1]. Ultimately, this low-cost, intelligent two-stage DCNN offers a
detailed understanding that can contribute to the improvement of medical diagnostic
decisions being made by medical professionals.

The remainder of this chapter is organized as follows. We discuss work related
to the study and existing problems in Section 2.2. The architecture of the proposed
DCNN and its implementation details are addressed in Section 2.3. In Section 2.4,
experimental setup, dataset, results, and analysis, comparisons with other state-of-
the-art works and performance on Indian patients’ datasets are mentioned. Finally,
Section 2.5 summarizes the conclusion and future outcomes of our study.

2.2 PROBLEMS AND RELATED WORK

Recent progress in computer vision research, particularly medical image analysis and
disease diagnosis tasks [35,24,4], identification of human activity [27,7], smart city
management [33,6], and the convolutional neural network (CNN) using a wide range
of open-source datasets, has achieved promising results without the need for human
intervention and manual feature extraction. Nowadays, many screening techniques
are used to identify suspected lung disease lesions. X-rays are mostly considered
an outdated form of medical imaging; however, using automated methods and deep
learning reawakens X-ray’s relevance for medical diagnostic imaging [12]. With the
developments in DCNN and graphics processing unit (GPU) computing research,
identifying more types of cardiothoracic lesions on X-ray scans became easier [12].
The availability of many open-source radiology images encourages researchers to
apply their deep learning algorithms to analyze those images and find several disease-
related hallmarks. To promote research in artificial intelligence (Al)-based diagnosis
of tuberculosis using CXR samples, Montgomery County and Shenzhen Hospital
X-ray datasets [17] are made available by the U.S. National Library of Medicine. On
the other hand, the JSRT dataset [26] has been made available to the research com-
munity by the Japanese Radiological Society in association with the Japanese Society
of Radiological Technology. ChestX-ray14 [35] is currently the largest open-access
database of CXRs, featuring over 112,120 frontal X-ray images of 14 distinct lung
diseases. Rajpurkar et al. [24] trained CheXNet, a 121-layer CNN using the afore-
mentioned ChestX-ray14 dataset, to automatically diagnose pneumonia from X-ray
samples to a degree beyond that of experienced radiologists. Gadl et al. [11] introduced
U-Net-based adversarial CNN to extract lung segments from CXR samples. They
trained and validated their proposed model using the JSRT dataset [26] and achieved
97.5% dice score coefficient. Gordienko et al. [12] utilized U-Net-based CNN to
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extract lung segments and exclude bone shadow from X-ray samples to analyze sus-
picious lesions and nodules present in the X-ray images of lung cancer patients. They
trained and validated their model using the JSRT dataset [26] and achieved promising
results. They also reported that pre-processed CXR images without rib shadows and
clavicles give better results than pre-processed segmented lung images. Stirenko et al.
[29] utilized the U-Net network suggested by Gordienko et al. [12] to analyze tuber-
culosis disease from extracted lung segments. They used the Shenzhen Hospital CXR
dataset [17] and the corresponding manually segmented lung masks prepared by them
to train the model.

In computer-assisted medical image analysis, recently, several DNN-based
approaches obtained promising results to assess coronavirus infected patients by
profound X-ray image analysis. Wang, Lin et al. [34] suggested COVID-Net, a
DCNN, and attained 92.6% classification accuracy in detecting normal, pneumonia,
and COVID-19 patients. They trained their model using a COVIDx dataset collected
from three distinct open-access databases [10,9,20]. The dataset comprised 5,538
pneumonia, 8,066 normal, and 183 COVID-19 samples. We found that the COVID-
Net DCNN suffers from many false-negative results for the coronavirus class. To
overcome the limitation of the availability of coronavirus patients’ X-ray samples,
Ohet al. [21] designed a patch-based DCNN to detect bacterial pneumonia, normal,
tuberculosis, viral pneumonia, and coronavirus disease using X-ray samples. The
suggested approach is motivated by a statistical study of the CXR images’ pos-
sible imaging hallmarks. They utilized FC-DenseNet103 and ImageNet pre-trained
ResNet-18 CNN as a backbone of their segmentation and classification network,
respectively. Further, random patches were generated from the extracted lung
segments obtained from their segmentation network. The generated patches were
then fed into the classification network for disease prediction. Transfer learning-
based coronavirus patient detection was proposed by Hemdan et al. [14]. They
found that the DenseNet121 and VGG19 CNN'’s experimental results were better
than other CNNs. Even so, we find that with only 25 normal and 25 COVID-19
X-ray images, these CNN models are trained. Ozturk et al. [22] introduced the
DarkCovidNet network to detect normal, pneumonia, and coronavirus disease
using frontal CXR samples. They designed a DCNN model consisting of 17 convo-
lutional layers inspired by DarkNet architecture. The model trained with minimal
COVID-19 images and attained 87.02% accuracy. The model likely misses the sig-
nificant biomarkers of the normal and pneumonia categories because of under-sam-
pling strategies. Mangal et al. [19] obtained 90.5% test accuracy for CXR-based
COVID-19 screening by proposing the CovidAID model. However, for normal
patients, CovidAID CNN’s false-negative prediction rate is high. Apostolopoulos
and Mpesiana [2] utilized transfer learning in order to diagnose COVID-19 patients
using 504 normal, 224 COVID-19, and 700 pneumonia samples. They achieved
93.48% classification accuracy. Hira et al. [15] utilized nine pre-trained CNNs and
fine-tuned the CNNs using minimal CXR images. They reported that Se-ResNeXt-
50 CNN outperformed other CNNs by achieving 96.99% three-class classification
accuracy. All of these studies have obtained promising results by using thoracic X-
rays to diagnose COVID-19-infected people. However, most of the early work has
the following problems:
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* Models are trained using a limited number of non-COVID samples.

* To overcome the unbalanced dataset problem, researchers utilized the under-
sampling technique or priority-wise class weight that indirectly loses some cru-
cial imaging hallmarks of the majority class (non-COVID).

* There were high false-positive and/or false-negative rates.

e Coronavirus is a respiratory disease [3,34,21,14,22,19,2] caused by the SARS-
CoV-2 virus [37]. Therefore, training a deep learning module with CXR without
segmentation may decrease the sensitivity of COVID-19 diagnosis because
examining non-pulmonary areas in CXR images is not relevant to a study of
coronavirus.

So, motivated by this prior success and to overcome the issues mentioned above,
this article proposed a two-stage DCNN to diagnose coronavirus diseases utilizing
CXR images. To tackle the imbalanced dataset problem, we utilized the minority
class over-sampling method suggested in our earlier work [5]. We trained our model
with the maximum number of open-source non-COVID samples to make the model
more generalized. This work’s main intuition is to learn only the hallmarks of corona-
virus disease present in the CXR samples and evaluate the feasibility of the proposed
model for COVID-19 diagnosis. Further, the model performance was tested in Indian
coronavirus patients.

2.3 PROPOSED APPROACH

This section presents the architecture of the proposed model and its implementa-
tion details. The proposed DCNN architecture is shown in Figure 2.1. This work
is motivated by the idea that precisely extracting the region of interest (ROI) area
from CXR images can minimize diagnostic time and simplify CXR image analysis.
The implemented model is divided into two parts: (1) segmentation network; and
(2) classification network. The segmentation network extracts the ROI area, i.e.,
lung contours from the CXR samples, as shown in Figure 2.1(a). The classification
network shown in Figure 2.1(b) predicts the corresponding lung disease based on
analysis of the clinically relevant intricate infection patterns found in the contours
of the extracted lungs. Both of the networks are implemented using Python 3.7.7,
TensorFlow-GPU v1.14.0, Keras 2.2.4 API, and OpenCV 4.1.1.

2.3.1  SEGMENTATION NETWORK

The main objective of the segmentation network is to precisely extract the lung
segment from the CXR samples. As we know in cases of any lung disease, the infected
body parts are only the lung contours so other body parts present in X-ray images are
not relevant for this study.

The segmentation network uses U-Net [25] as its backbone. We trained and
validated the U-Net model using 951 CXR samples and their corresponding lung
segments collected from different open-source datasets [17,26,29,32]. Before feeding
the collected images to the U-Net model, initial image preprocessing, like image
resize = (256,256,1), rescale with a 1./255 factor, gray-scaling and data augmentation
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FIGURE 2.1 The proposed deep convolutional neural network (DCNN) architecture for
COVID-19 diagnosis.

like rotation range = 10.0, zoom range = 0.2, height shift range = 0.2, horizontal
flip = false, width shift range = 0.2, was applied to the raw CXR images. We used the
normal kernel initializer, same padding and ReL.U activation for all two-dimensional
(2D) convolutional layers except the output layer. The output 2D convolutional layer is
activated by sigmoid activation. The optimization algorithm and other hyperparameters
of the segmentation networks are determined utilizing manual search techniques. We
found that the model performed well with Adam optimizer, le* learning rate and
four-batch size. To avoid overfitting we employed early stopping with the parameters
patience = 20, min delta = 0.00001, and auto mode. During training, the binary cross-
entropy loss function was used to minimize loss by optimizing the network.

2.3.2  CLASSIFICATION NETWORK

The main goal of the classification network was to learn the hallmarks of respiratory
infections from the segmented contour of the lungs and classify them according to
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the categories of lung disease. The classification network adopted the Corona-Nidaan
[5] DCNN as its backbone. The proposed model first extracted the lung segments of
patients with COVID-19, normal, and pneumonia through the segmentation network
and then fed the extracted lung segments into the classification network. During data
collection, we found that the number of COVID-19 samples was limited compared
to pneumonia and normal CXRs. To address this problem we employed a minority
class over-sampling approach and data augmentation techniques, as mentioned in
our previous study [5]. The lightweight Corona-Nidaan architecture comprises 91
layers and was developed using five architectural design principles, and was inspired
by MobileNetV2, InceptionResNetV2, and InceptionV3 architectures. To minimize
the number of trainable parameters and computational cost, the model utilized depth-
wise separable convolution layers. The model contains 4,021,974 parameters that are
less than 1.0 MobileNet-224. The model adopted batch normalization after the convo-
lutional layers to improve the generalization error and speed up training. The model
consists of three I-blocks; each I-block learns multi-level feature representation from
the input by applying different dimension filters simultaneously. Instead of a dense
layer before the softmax layer, the model adopted a global average pooling layer to
minimize the model’s trainable parameters.

The segmented lung images were resized to (256,256,3) and rescaled with a 1./255
factor before training the model. A manual search technique was utilized to find the
optimization algorithm and adjust the hyperparameters of the model. We found that
with the Adam optimizer with an initial learning rate of 0.001 and eight batch sizes,
the model performed well. The maximum epoch to train the model and monitor the
validation accuracy was set to 300. The learning rate reduced by 0.5 factors when-
ever validation accuracy did not improve for two consecutive epochs. The balanced
class weight applied equally penalized the majority and minority classes. To avoid
overfitting, an early stop (10 patients) was used, and the categorical cross-entropy
loss function was used to measure network errors.

2.4 EXPERIMENTS SETTINGS
2.4.1 Setup

The experiments were carried out on a workstation running Windows 10 with Intel
Xeon Gold 6140 2 Processor 2.30 GHz 2.29 GHz, 256 GB memory, NVIDIA Quadro
RTX 6000, dedicated GPU memory 24.0 GB, CUDA v10.0.130 Toolkit, and CuDNN
v7.6.0.

2.4.2 DATASET

In this study publicly available CXR datasets and X-ray samples collected from
Sardar Vallabhbhai Patel COVID Hospital, New Delhi, India, were used to train, test,
and validate the proposed model. The details of the datasets used by the segmentation
and classification network are as follows.

Dataset for Segmentation Network: The dataset utilized for the segmentation net-
work was formed by combining three CXR datasets: (1) Montgomery County X-ray
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set [17]; (2) Shenzhen Hospital X-ray set [17]; and (3) JSRT dataset [26]. There
are currently 138 CXRs and corresponding segmented lung masks in Montgomery
County X-ray set, of which 58 are tuberculosis samples and 80 are normal samples.
The Shenzhen Hospital X-ray set consists of 662 CXR samples, of which 326
are normal X-rays and 336 are tuberculosis X-ray. The corresponding manually
segmented lung masks of Shenzhen Hospital X-ray set were collected from Stirenko
et al. [29]. The JSRT dataset comprises 247 CX-ray samples including lung nodule
and normal cases. The manual segmented masks of the JSRT dataset were collected
from the Segmentation in Chest Radiographs (SCR) database [32]. Some of the
collected CXR samples and their corresponding manually segmented lung masks are
shown in Figure 2.2. After those three datasets had been combined, the dataset was

FIGURE 2.2 Some of the collected chest X-ray samples and their corresponding manually
segmented lung masks.
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TABLE 2.1
Dataset summary of the segmentation network

Chest X-ray Segmented

Dataset Class samples masks  Total
Training
Montgomery County X-ray set Tuberculosis / normal 111 111 762
Shenzhen Hospital X-ray set/  Tuberculosis / normal 453 453
Stirenko et al.
JSRT dataset / SCR database Nodule / normal 198 198
Validation
Montgomery County X-ray set Tuberculosis / normal 27 27 189
Shenzhen Hospital X-ray set/  Tuberculosis / normal 113 113
Stirenko et al.
JSRT dataset / Segmentation Nodule / normal 49 49
in Chest Radiographs (SCR)
database

randomly split into 80:20 ratios to train and validate our segmentation network, as
shown in Table 2.1.

Dataset for Classification Network: COVID-19 Image Data Collection [10] and
Figure 1 COVID-19 Chest X-ray Dataset Initiative [9] are currently the most popular
open-source CXR datasets available for COVID-19 study and most of the researchers
in this domain use COVID-19 X-ray samples from these sources. The COVID-
19 Image Data Collection comprises 33 pneumonia and 218 COVID-19 samples;
Figure 1 COVID-19 Chest X-ray Dataset Initiative comprises 27 COVID-19 samples.
Normal and pneumonia CXR samples were collected from the Radiological Society
of North America Pneumonia Detection Challenge dataset [20]. The dataset consists
of 5,518 pneumonia and 8,066 normal X-ray samples. Further, 585 CXR samples of
Indian patients were collected to test the proposed model.

Finally, the 14,692 samples collected were combined to train, validate, and test
our classification network. Examples of the collected CXR samples of pneumonia,
COVID-19, and normal patients are shown in Figure 2.3. Since coronavirus is a
new disease, a limited number of coronavirus CXR samples are publicly available
compared to normal or pneumonia samples and this leads to an imbalanced classifi-
cation problem. To overcome this problem, a minority class over-sampling approach
was adopted to generate more COVID-19 X-ray samples using 214 images from two
[10,9] datasets, as proposed in our previous work [5] and 7,490 COVID-19 samples
were obtained. The details of the dataset used for training and testing the classifica-
tion network are summarized in Table 2.2.
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FIGURE 2.3 Chest X-ray samples of pneumonia, COVID-19, and normal patients.

TABLE 2.2
Dataset summary of the classification network

Pneumonia COVID-19 Normal Total
Training 5,451 7,490 7,966 20,907
Testing 100 585 100 785

2.4.3 REesuLts AND ANALYSIS

The results and analysis of both networks — (1) segmentation and (2) classification —
are presented in this section. Table 2.3 shows the performance of the segmentation
network with different learning rates. We noticed that, during training, the learning
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TABLE 2.3

Performance of the segmentation network with different learning rates
Train Validation

Learning rate Loss Accuracy Loss Accuracy

Ir=1le* 0.3169 0.8814 0.1231 0.9654

Ir=1le*and 0.3634 0.8619 0.2507 0.9475

decay = le™

Ir=1e? and 0.5779 0.7286 0.5558 0.7596

decay = le™

Ir=1e? 4.2578 0.7284 3.8887 0.7587

rate has a direct influence on the model’s efficiency. With learning 1e™ the segmenta-
tion model achieved 96% validation accuracy and performed better than others.
Figure 2.4 displays the original images along with the predicted lung masks and the
segmented lungs obtained for different categorical classes using the segmentation
network. From the extracted lung segments, it is visible that all the lung contours
have distinctive and distinguishable features. In normal CXR images the lungs con-
tour are well segmented but in the case of pneumonia and COVID-19, sometimes the
segmented lung contour was deformed due to the excessive spread of infection with
the virus across the lung.

Table 2.4 shows the performance of the classification network. The network
achieved: (1) overall 98% test accuracy along with 99% recall and 99% precision for
COVID-19 class; (2) 91% recall and 92% precision for pneumonia class; and (3) 95%
recall and precision for normal class.

The categorical cross-entropy accuracy and loss plots of the classification network
are shown in Figure 2.5. The validation curve fluctuates in accuracy and loss plots
due to the limited number of COVID samples that are available in the dataset. In
Figure 2.6, the confusion matrix illustrates the efficiency of the network. The model
predicts only four samples as false-positive for the COVID-19 class. It misclassified
five as pneumonia for the normal class, and for the pneumonia class, it misclassified
four as COVID-19 and five as normal. It misclassified only three COVID-19 samples
as pneumonia, because non-COVID pneumonia biomarkers can replicate the early
biomarkers of the COVID-19 infection.

2.4.4 PreRFORMANCE ASSESSMENT AGAINST INDIAN CORONAVIRUS PATIENT

To measure the two-stage DCNN network’s performance in Indian coronavirus patients,
585 CXR samples of confirmed coronavirus patients were collected. We evaluated our
proposed model’s prediction results for those samples with the assistance of medical
professionals from the Pune area, India. We observed that COVID-19 diagnosis sensi-
tivity and the positive predicted value of our DCNN were about 99%. Some of the
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FIGURE 2.4 The original images along with the predicted lung masks and the segmented
lungs obtained for different categorical classes using the segmentation network.

prediction results of the model are shown in Figure 2.7. The performance assessment
results indicate the robustness of the model. It was also observed that the developed
model helps to reduce diagnosis time and workload of the medical experts. As a
result, medical professionals can focus on more critical patients. The medical experts’
remarks on the output of the proposed two-stage DCNN network were as follows:
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TABLE 2.4
Performance of the classification network on the test chest X-ray samples
Precision Recall F1-score

COVID-19 99% 99% 99%
Normal 95% 95% 95%
Pneumonia 92% 91% 91%
Accuracy 98 %

Macro average 95% 95% 95%
Weighted average 98% 98% 98%

-~ Training Loss e I
—— Vvalidation Loss

-~ Training Accuracy
—— Validation Accuracy

5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

FIGURE 2.5 Categorical cross-entropy loss and accuracy plots of the classification network.

The proposed DCNN performed well in diagnosing coronavirus patients for
the multiclass classification task.

The precision and sensitivity value of the DCNN were good in the context of
Indian COVID-19 patients. This is in line with this model’s purpose in which,
in the present pandemic, we would not want to miss any COVID case.

The proposed low-cost tool can learn and differentiate the imaging biomarkers
present in the CXR samples of normal, pneumonia, and coronavirus-infected
patients.

The misclassification rate of the model is low. But still, further improvement
is required, like training the model with more samples of all common thoracic
diseases to make them more diversified.

The idea of examining only the infected area, i.e., lung contours in thoracic
X-ray samples, and evaluating the model’s feasibility for COVID-19 diag-
nosis was good.

2.4.5 PeRFORMANCE COMPARISON WITH OTHER STATE-OF-THE-ART RESEARCH

Table 2.5 represents the performance comparison of the two-stage DCNN model
with other state-of-the-art research. The proposed network achieved 98% overall
test accuracy along with 99% sensitivity for coronavirus disease detection. To train
the segmentation and classification network, 762 and 20,907 images (including
synthetic images), respectively, were used. The same COVID-19 samples have
been used in the studies listed in Tables 2.5 and 2.6. Category-wise precision and
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FIGURE 2.7 Some of the prediction results of the proposed model.
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TABLE 2.5

Performance comparison with other state-of-the-art research

Methods Model Classes Accuracy
Wang, Lin et al. [34] COVID-Net 3 92.6%
Oh et al. [21] FC-DenseNet103 + ResNet-18 3 91.9%
Apostolopoulos and Mpesiana [2]  VGG-19 3 93.48%
Hemdan et al. [14] COVIDX-Net (VGG-19) 2 90%
Mangal et al. [19] CovidAID 3 90.5%
Ozturk et al. [22] DarkCovidNet 3 87.02%
Hira et al. [15] Se-ResNeXt-50 3 96.99%
Our previous study [5] Corona-Nidaan 3 95%
Proposed U-Net + Corona-Nidaan 3 98%
TABLE 2.6

Category-wise precision and sensitivity values: comparison of proposed work
with state-of-the-art studies

Precision Sensitivity
Study COVID-19 Normal Pneumonia COVID-19 Normal Pneumonia
Wang, Lin et al. [34] 88.9% 91.3% 93.8% 80% 95% 91%
Ohetal. [21] 76.9% 95.7% 90.3% 100% 90% 93%
Mangal et al. [19] 96% 98% 86% 100% 74% 99%
Hemdan et al. [14] 83% 100% - 100% 80% -
Proposed 99 % 95 % 92 % 99 % 95 % 91 %

sensitivity value comparisons of the proposed work with other state-of-the-art
studies are shown in Table 2.6. Wang, Lin et al. [34] designed a new DCNN archi-
tecture, namely COVID-Net, for coronavirus disease diagnosis. Their proposed
network achieves 92.6% accuracy but suffers from false-negative results. The diag-
nostic sensitivity of coronavirus disease is lower (80%) than this model (99%),
and the precision value of COVID-Net is also relatively lower than this model for
normal (91.3%) and COVID-19 (88.9%) (Table 2.6). Oh et al. [21] proposed a
two-stage DCNN model and reported 91.9% test accuracy. COVID-19 diagnostic
sensitivity of the model is close to this model, but for normal patients, the sensi-
tivity is lower than this model. The precision value for pneumonia (90.3%) and
COVID-19 (76.9%) classes is lower than this model (Table 2.6). They collected a
minimal number of CXR samples to train the model. Apostolopoulos and Mpesiana
[2], and Hemdan et al. [14] utilized transfer learning for diagnosis of coronavirus,
and both reported that VGG-19 performed better in their experiments with pre-
trained CNNs. However, they trained their network with minimal CXR samples and
achieved 93.48% and 90% accuracy, respectively. Mangal et al. [19] obtained 90.5%
overall test accuracy by utilizing transfer learning in their proposed CovidAID deep
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learning model. The sensitivity of their model for COVID-19 detection was closest
to this study, but they suffered from false-negative results for normal CXR. Ozturk
et al. [22] designed DarkCovidNet, inspired by DarkNet DCNN, and trained their
model with a limited number of non-COVID images and achieved 87.02% accuracy.
They utilized the under-sampling technique to tackle the imbalanced classifica-
tion problem. The Fl1-score, sensitivity, and precision of their model were lower
than this model for three-class classification. Hira et al. [15] used 224 coronavirus,
504 normal, and 700 bacterial pneumonia CXR samples to train nine pre-trained
CNNs and attained 96.99% accuracy. The model trained with minimal non-COVID
samples, and the average sensitivity (94.67%), precision (87.36%), and F1-score
(90.86%) were also lower than this study. The proposed model’s overall accuracy
(98%) was better than our previous work [5] (95%); we were also able to achieve
99% sensitivity for COVID-19 diagnosis and 95%, 99% precision value for the
normal, COVID-19 class, respectively. This work’s main objective was not to miss
a single COVID-19 case so that this model can be promoted for rapid testing, but
not as an alternative to RT-PCR.

2.5 CONCLUSION

This chapter presents a two-stage DCNN model to diagnose coronavirus disease by
utilizing CXR samples. The proposed model is divided into two parts: (1) segmen-
tation network; and (2) classification network. From the early success of the U-Net
model and the Corona-Nidaan DCNN, we considered them as a backbone of the
segmentation and classification network. The findings in this study can be useful in
making decisions in clinical practice for doctors, radiologists, and researchers. The
following conclusions can be made based on the findings of the experiments:

1. The proposed two-stage DCNN model achieved overall 98% test accuracy
along with 99% sensitivity for COVID-19 detection.

2. The sensitivity of COVID-19 detection depends on how efficiently we extract
lung segments from CXR samples.

3. Using deep learning and automated methods reawakens the relevance of
CXR samples, and they can be used for learning the hallmarks of coronavirus
disease.

4. The false-negative and positive rate of the proposed model is comparatively
lower than in early studies.

5. The proposed model has been stably trained with limited datasets and achieves
state-of-the-art performance.

6. The sensitivity of the model is better than RT-PCR for COVID-19 diagnosis,
so it can be used as a reliable tool to enable rapid testing of coronavirus
patients, but not as an alternative to RT-PCR.

We will enhance the proposed DCNN in our future work to diagnose all kinds of lung
disease and analyze the severity of those diseases by collecting more CXR samples.
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3.1 INTRODUCTION

Blood plays a significant role in life. The functionalities of many organs in the body
depend on healthy blood. The assessment of cells available in the blood determines
the healthiness of the blood. Generally, blood is a combination of solid and liquid
parts. The liquid portion is referred to as plasma, and is made up of protein, water,
and salts. The solid part of the blood consists of white blood cells (WBCs), platelets,
and red blood cells (RBCs) [1]. There are no nuclei in RBCs, whereas WBCs have
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FIGURE 3.1 Classification of white blood cells.

cytoplasm and a nucleus. The RBC constitutes about 42-45% of blood volume,
whereas the WBC constitutes about 1% of blood volume.

Each blood cell has different functionalities for organs of the body. WBCs are
mainly accountable for the immunity development of the body, which acts as an
opponent to disease-causing foreign elements. WBCs are generated from hemato-
poietic stem cells present in the bone marrow. Depending upon nucleus structures,
WBCs are classified into five categories: basophil (0-1%), lymphocyte (20-45%),
eosinophil (1-5%), neutrophil (50-70%), and monocyte (2—10%) [2]. These are
again clustered into two major categories, namely granulocytes and agranulocytes,
depending upon the presence of granules in the cytoplasm, shown in Figure 3.1.
Granulocytes are WBCs with visible granules, whereas agranulocytes do not have
visible granules when examined under a microscope [3]. The content of these WBC
types reflects the health of the patient.

Neutrophils have two subpopulations that are unequal in volume and defend
against fungal and bacterial infections. They are called neutrophil cagers and neu-
trophil killers. Eosinophils are responsible for parasitic infections, allergies, disease
of the spleen, collagen disease, and the central nervous system. Basophils rise in
response to antigens and allergic responses by discharging histamine to enlarge the
blood vessels. Monocytes are helpful in destroying attackers but also enable repair
and healing. Lymphocytes aid immune blood cells to associate with other external
organisms, viz. antigens and microorganisms, to eliminate them from the body.

Medical professionals generally use this percentage of WBCs to identify the sig-
nificance of blood disease. The contribution of WBCs in the blood is essential in
creating immunity in the human body. Therefore, the classification of WBCs plays a
vital role in the medical field. In order to assess their quantity in standard proportions
or quantities, it requires exact identification and counting. Identification of different
WBC types can be of further help in discovering abnormal conditions. The quan-
titative and qualitative assessment of WBCs discloses more information about the
patient’s health condition. For instance, it is used to examine the patient’s health,
such as immune system disorders, leukaemia and cancerous cells, allergies, infection,
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tissue injury, and bronchogenic conditions [4]. Similarly, an abnormal RBC count
may indicate diseases such as lung diseases and kidney tumours.

In conventional methods, the identification of WBC needs a laboratory setup where
collected blood samples are stained using reagents and observed under a microscope
by an expert manually. This type of process leads to minimal observational errors,
less reliability, and a time-consuming and tedious process. In order to reduce these
issues, it is imperative to ensure highly experienced haematologists are available in
the laboratory and produce the results at a high level of consistency. In some cases,
human specialists may become tired due to several hours of observation and the
inaccurate identification of different WBCs. Therefore, a computer-based system is
required to identify and find the blood cell count. Modern analytical equipment is
capable of examining 1000 samples/day for automatic blood cell analysis.

The manual and conventional methods of differentiating WBCs use many image
pre-processing approaches before performing the feature extraction process. This pro-
cess takes more time and is more complex [5]. The hand-crafted engineering technique
uses statistical features to represent blood cells and feeds them into the classifiers to
predict the output. Nevertheless, manual feature engineering is challenging because it
depends on the accuracy of manually extracted information, which leads to high pro-
cessing time and low classification performance. Henceforth, accurate prediction of
WBC:s is essential to classify the blood cells automatically, anticipating that the risk
related to blood syndromes will be lowered.

Automatic blood cell identification, classification, counting, and analysis through
a computer vision approach can enable the blood test to be performed accurately and
efficiently. The automated blood cell analysis system comprises three stages, namely
blood cell image segmentation (BCIS), feature extraction (FE), and blood cell clas-
sification (BCC).

Deep learning models have recently become popular and comprise several deep
network layers (deep convolutional neural network: DCNN). Deep learning based on
CNN is the technique employed most nowadays for image classification to overcome
the shortcomings faced by traditional approaches. The DCNN will solve the problems
of low accuracy, weight matrices, and high processing time [6]. This approach effi-
ciently manages non-linear relationships between image databases and classes.

This review paper discusses the existing conventional and deep learning approaches
towards classifying WBCs and their performance. Section 3.4 explains the challenges
faced in executing the classification of WBCs. Finally, a conclusion is drawn in the
last section.

3.2 CONVENTIONAL METHODS USED IN BLOOD CELL
CLASSIFICATION

There are several automated cell morphology systems (ACMS), such as Hema-CAM,
MEDICA EasyCell Assistant, and Cella-Vision [2]. These systems use the conven-
tional identification approach, as illustrated in Figure 3.2. In conventional WBCs, the
prediction system consists of pre-processing, segmentation, feature extraction, fea-
ture selection, and classification.

In the pre-processing stage, de-noising, as well as colour correction processes,
is carried out. Commonly used image enhancement algorithms such as histogram
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FIGURE 3.2 Conventional white blood cell (WBC) classification system [2].

matching and average filtering are employed for enhancing blood smear images. The
segmentation phase plays a significant role in the identification/classification system.
The overall system accuracy relies on this phase [7]. The segmentation algorithms
used in blood cell identification include support vector machine (SVM), an online
trained neural network [8]. There are different features, viz. colour, morphology, tex-
ture, etc., for both cytoplasm and nuclei regions in the feature extraction stage.

K-nearest neighbour, naive Bayes, SVM, multilayer perceptron, and ensemble
methods in machine learning are the conventional methods used for detection of WBC.

In the past decade, more research has been performed to identify WBCs. A sum-
mary of the earlier pathological identification of the WBC system is given in Table 3.1.
This table gives the details such as dataset size, features used, types of classifier, and
prediction accuracy.

Summary of the previous work carried out for classification of WBC attains higher
accuracy only when environmental conditions are strictly controlled as mentioned in
Su [16] or small datasets are utilized for classification, as in [9,13,14]. Rezatofighi
and Soltanian-Zadeh [10] proposed colour adjustment in the input image as a pre-pro-
cessing step to enhance classification accuracy. Even so, some challenges have to be
considered to improve accuracy. The literature review reveals that prediction accuracy
can be enhanced by increasing the efficiency of the segmentation algorithms. But any
under- or over-segmentation errors have a negative effect on overall accuracy. The
feature extraction stage also plays a significant role in automatic classification. Putzu
et al. [12] reported that the morphological features are prone to creating errors in
the segmentation stage. The WBC features were extracted from red, green, and blue
(RGB) colour components individually by Prinyakupt and Pluempitiwiriyawej [8].
Furthermore, the ratios of statistical features of RGB colour components are also
considered, increasing the complexity of the feature extraction phase. A multi-step
classification approach was followed in [16, 30, 32].
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TABLE 3.1

Comparison table showing the performance of conventional approach for
classifying white blood cells

Year Dataset Classification
Reference published size Classifier used accuracy
Wang et al. [9] 2016 60 SVM 90%
Rezatofighi and 2011 254 ANN + SVM 96%
Soltanian-Zadeh [10]
Prinyakupt and 2015 1078 Linear and Naive 96%
Pluempitiwiriyawe;j [8] Bayes
Ramesh et al. [11] 2012 2172 LDA 93.9%
Putzu et al. [12] 2014 33 SVM 93%
Nazlibilek et al. [13] 2014 12 MLP 95%
Mathur et al. [14] 2013 267 Naive Bayes 92.7%
Ghosh et al. [15] 2016 487 Fuzzy classifier 96%
Su et al. [16] 2014 450 SVMs, HCNN, MLPs  99.1%
Adjouadi et al. [17] 2005 100 SVMs 87%
Ghosh et al. [18]] 2010 150 Naive Bayes 83.2%
Habibzadeh et al. [19] 2013 140 SVMs and K-PCA 76-84%
Schneider et al. [20] 2015 7500 Optical neural network 89%
Ravikumar [21] 2016 - ELMs and fast RVM 82.45-92.6%
Zhao et al. [22] 2017 288 Random forest -
Al-Dulaimi et al. [23] 2018 460 SVMs and 96.13%
classification tree
Al-Dulaimi et al. [24] 2018 460 SVMs and 97.23%
classification tree
Ko et al. [25] 2011 300 RF 72.5%
Ravikumar and 2015 - RVM 81-91%
Shanmugam [26]
Nassar et al. [27] 2019 85 AdaBoost, GB, KNN, 78-97% (F1
RF, and SVM Score)
JS [28] 2020 1030 SVM with different 57-62.62%
kernels
Vogado et al. [29] 2016 735 K-means clustering 99.15
algorithm
Kumar and Vasuki [30] 2017 70 Multi-SVM 90%
Nasir et al. [31] 2011 100 K-means clustering 99.02%
algorithm
Sajjad et al. [32] 2016 1030 Multi-class 98.8%

ensemble-SVM

SVM, support vector machine; ANN, artificial neural network; LDA, linear discriminant analysis; MLP,
multilayer perceptron; HCNN, heterogeneous convolutional neural network; K-PCA, K-principal compo-
nent analysis; ELM, extreme learning machine; RVM, relevance vector machine; GB, gradient boosting;
K-NN, K-nearest neighbors; RF, random forest.
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3.3 DEEP LEARNING MODELS USED IN BLOOD CELL
CLASSIFICATION

3.3.1 DATASETS

Datasets are essential for researching deep learning algorithms. The datasets used
for classifying the blood cells were BCCD, Cellavission, ALL-IDB, PASCAL VOC
(2007 and 2012), and MS COCO datasets. Table 3.2 gives a summary of the WBC
image datasets.

3.3.2 Deepr LEARNING MODELS

Deep learning using CNN is currently the best choice for medical imaging applications
such as detection and classification. In this section, the architecture of deep learning
models used for classifying blood cells, such as fully trained CNN, transfer learning,
and CNN as a feature generator, is discussed. The deep learning approach works
on raw images that extract the features through their inherent characteristics. The
most widely used deep learning methods in medical image analysis are stacked
autoencoders, AlexNet, Resnet50, DenseNet201, and GoogleNet. A comparison chart
describing the deep learning model adopted to classify WBCs is shown in Table 3.3 in
terms of the year published, CNN model employed, and accuracy achieved.

TABLE 3.2

Summary of white blood cell image datasets

Reference Dataset/database used
Adjouadi et al. [17] BCCD

Ghosh et al. [15] MMCH

Rezatofighi and Soltanian-Zadeh [10] HBRCH

Suetal. [16]

Schneider et al. [20]
Ravikumar [21]

Zhao et al. [22]
Habibzadeh et al. [19]
Al-Dulaimi et al. [23, 24]

Kutlu et al. [33]

Banik et al. [34]

Nazlibilek et al. [35]
Vogado et al. [29]

Vincent et al. [36]

Imran Razzak and Naz [37]
Yu et al. [38]

Tran et al. [39]
Fan et al. [40]

Cella vision database

Flow cytometer databases

Hospital database

Cellavision, ALL-IDB and Jiashan

Hospital database

Cellavision-Database (2011]) All-IDB (2005) and
Wadsworth Center

BCCD and LISC

BCCD, ALL-IDB2, JTSC and CellaVision

www.kanbilim.com

LL-IDB2, SegBlood and Leukocytes

AML and ALL

ALL-IDB

Drum Tower Hospital, Nanjing University Medical
School

ALL-IDB1

BCISC and LISC
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TABLE 3.3
Comparison table showing performance of deep learning algorithm applied
to classify white blood cells

Reference Year Model/method used Accuracy (%)
Nazlibilek et al. [13] 2014 Neural network 95
Liang et al. [41] 2018 CNN and RNN 90.79
Bani-Hani et al. [42] 2018 CNN and genetic algorithm 91.00
Hegde et al. [43] 2019 CNN and LBP 99.00
Sharma et al. [44] 2019 CNN and data augmentation approach 87.00
Wang et al. [45] 2018 PatternNet-fused ensemble of CNN 99.90
Kutlu et al. [33] 2020 R-CNN - AlexNet 92.00
Fast R-CNN — AlexNet 92.00
Faster R-CNN — AlexNet 100
SSD — AlexNet 95
YOLO v3 96
Banik et al. [34] 2020 Fusion-based CNN model on BCCD dataset 99.42
Fusion-based CNN model on ALL-IDB-2  98.61
dataset

Fusion-based CNN model on JTSC dataset 97.57
Fusion-based CNN model on CellaVission  98.86

dataset

H. Mohamed et al. [46] 2020 VGG-16 VGG-19 73.64 7193
ResNet-50 52.42
DenseNet-121 DenseNet-169 83.53 86.04
Inception-V3 Inception ResNet-V2 77.11  78.48
Xception 71.16
1.0 MobileNet-224  Mobile NasNet 79.77  74.06

Vincent et al. [36] 2015 Two-step neural network 97.7 %

Imran Razzak and 2017 Faster-region CNN 98.6

Naz [37]

Yu et al. [38] 2017 CNN model 88.5

Choi et al. [47] 2017 Dual-stage CNN model 97.06

Rehman et al. [48] 2018 CNN model 97.78

Alom et al. [49] 2018 Inception recurrent residual CNN 99.4

Tran et al. [39] 2018 Deep learning semantic segmentation 94.93

Wang et al. [50] 2018 PatternNet-fused ensemble of CNNs 98.67

Shabhin et al. [2] 2019 DeCA AlexNet 79.8
DeCA overfeat 76.6
DeCA VGG 72.3
Fine-tuned AlexNet 91.2
Fine-tuned LeNet 84.9

Wang et al. [51] 2019 SSD 90.09
YOLO V3 89.36

Jha and Dutta [52] 2019 Hybrid segmentation + Chrono-SCA-DCNN 98.7

Pandey et al. [53] 2020 Target independent generative domain 75.8

adaptation

(continued)
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TABLE 3.3 Cont.
Comparison table showing performance of deep learning algorithm applied
to classify white blood cells

Reference Year Model/method used Accuracy (%)
Basnet et al. [54] 2020 DCCN: enhanced loss function with 98.92%
regularization and weighted loss
Patil et al. [55] 2020 Canonical correlation analysis 95.89
Reena and Ameer [56] 2020 Semantic segmentation based on deep 98.87
learning

CNN, convolutional neural network; RNN, recurrent neural network; LBP, local binary pattern; R-CCN,
region-based CNN; SSD, single shot detector; DCNN, deep convolutional neural network.

3.3.3 PerroRMANCE EVALUATION METRICS

The performance of the deep learning model is evaluated using precision, accuracy,
Fl-score, and recall. The expressions for the performance metrics are given in
Equations 3.1-3.4.

TP+TN

Accuracy = (1)
TP+TN + FP+ FN
TP
Precision = —— 2)
TP + FP
TP
Recall = —— 3)
TP + FP

R X Precisi
Fl score =2x ecall X Precision @)

Recall + Precision

where TP = true positive, FP = false positive, TN = true negative, and FN = false
negative. Table 3.4 shows a comparison chart illustrating the deep learning model
employed to classify WBCs in terms of performance evaluation metrics.

3.4 CHALLENGES AND FUTURE SCOPE

The accuracy of the WBC classification model is highly dependent on two stages,
namely, image segmentation and feature extraction. The classification model needs
to consider the following problems: size changes, location, different relative size and
position of the nucleus, rotation of blood cells, and different maturation stages. The
challenges faced in implementing the WBC algorithm are as follows:

1. The different types of staining process lead to changes in nucleus colorations,
background, and cytoplasm and may lead to cell distortion.
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2. The nucleus present in WBCs may appear at different sizes (small or large)/
locations in different images.

3. WBCs attain the maturation stage from the primitive blast stage in the blood,
which causes changes in nucleus shape, cytoplasm, cell size, and position.
These stages of growth are complex because minor inter-class differences
exist between the successive stages.

4. WBC images may be viewed at arbitrary angles, and their appearance may
differ when monitored from different angles. Therefore, the classification
model should incorporate this issue.

5. Most of the images of the datasets are taken in perfect lighting conditions, but
conditions slightly differ in real time and lead to a different output.

6. The diversity of target datasets and selecting the best architecture suitable for
the target class are significant.

7. There is no standardized computer vision technology available for WBC
classification.

8. Methods used to detect WBCs failed to inform about the severity of the dis-
ease and how to rectify it.

9. CNN/DCNN models with smaller datasets produce greater prediction
accuracy, but that is not a reliable and trustworthy result.

10. A higher computational cost is required for running the CNN/DCNN archi-
tecture on central processing units (CPUs) compared to GPUs.

11. The CNN architecture does not give the best data classification by incorpor-
ating multiple convolutions.

12. As of now, no reliable and flexible architecture can predict and classify the
complex and challenging WBC classification.

The future scope of WBC classification is as follows. In order to achieve the excel-
lent performance of deep learning models a fusion of low- and high-level pre-trained
model layers needs to be performed. The convergence time of deep learning models
can be reduced by decreasing the number of parameters involved and improving pre-
diction accuracy.

TABLE 3.4
Comparison table showing performance of deep learning model applied to
classify white blood cells in terms of performance evaluation metrics

Reference Model Precision Sensitivity Specificity Recall

Imran Razzak and Naz [37]  Faster-region 98.3 95.78 98.99 95.93
CNN

Choi et al. [47] Dual-stage 97.13 96.8 97.1 97.06
CNN model

CNN, convolutional neural network.
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3.5 CONCLUSIONS

In this work, reviews related to classifying WBCs using machine learning, shallow
and deep learning architectures were reported and analyzed. The usage of public and
private datasets and a variety of pre-trained models were also analyzed. From the
review, the highest recognition accuracy can be obtained using deep learning architec-
ture compared to other well-known techniques such as image processing techniques,
machine learning, and neural networks to classify the WBC through peripheral blood
smear images. Furthermore, Faster RCNN — AlexNet gives the best accuracy and
greater prediction accuracy.
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4.1 INTRODUCTION

Studies carried out at different fronts and reports of the World Health Organization
(WHO) have revealed that ultraviolet rays (UVR) are one of the most important
factors primarily responsible for the development of melanoma.™ Apart from pre-
ventive measures recommended in the guidelines to reduce the possibility of mel-
anoma, an important factor is early detection, which can reduce serious threats.
According to one study,” the number of melanoma patients in Europe ranges from 4
to 14 per million.

Skin texture and complexion play a major role in analyzing skin images. Skin tex-
ture analysis is important in identification and analysis as well as segmentation of the
similarity and dissimilarity between specific areas. This helps to analyze features of
the images obtained, feature extractions, and grouping according to similar features.

Skin pigmentation is a fundamental cause of various skin colors and shades.
Pigmentation depends on geographical region, sunlight conditions in those particular
areas, and specific sun rays that generate effects in the skin.

The term melanoma refers to a serious type of skin cancer. It is produced in the
cells responsible for giving skin color — the pigment. Melanin is responsible for pig-
mentation. Particular cells called melanocytes produce melanin. There are various
causes of deformation of melanocyte cells.®™ One reason is skin non-exposure to
ultraviolet (UV) light. Lack of skin exposure to UV light raises the probability of
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melanoma in humans. It is also seen that the risk factor of having melanoma is higher
among those under the age of 40, particularly in European countries where sunlight
exposure is a problem. Although melanoma is fatal if not treated in the early stages,
it is highly curable if detected early.

Four symptoms give visible signs of the possible development of melanoma.
A mole with an unusual shape, having irregular borders separating the mole from
surrounding skin and with a large shape, usually greater than 0.6 cm, are possible
signs of melanoma. Melanoma is not only caused by the development of moles.™

A neoplasm is an unusual growth of cells that form a tumor or cyst. According
to the WHO, by the end of 2020 approximately 1.81 million new cases of neoplasm
were expected. Cases of neoplasm are growing linearly every year and threatening
the health of the population.) However, not all neoplasms are fatal; some may be
benign. Hence, early identification and classification of a neoplasm as malignant or
benign is important.

There are many ways in which benign and malignant images are visibly different.
However, three main aspects are seen:

The malignant condition is darker in color compared to the benign condition.
The area of the benign condition is generally less than 0.25 cm, whereas
malignant conditions are larger than 0.25 cm.

3. The outer border of the benign condition that separates it from the skin is
lighter, whereas in malignant conditions the border is darker.

N -

In addition to these three major differences many other aspects can classify benign
and malignant images.

Figure 4.1 shows images of malignant and benign conditions from a dataset.
Various approaches are used for early detection of melanoma, including early

Set: train, Condition: Benign

Set: train, Condition: Benign

0 50 100 150 200
Set: train, Condition: malignant

0 50 100 150 200

0 50 100 150 200

FIGURE 4.1 Three sample images of benign and malignant conditions from a training
dataset.
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detection through feature extraction of image and obtaining a dataset containing
features, segmentation of images and extracting region of interest, use of pathological
testing results, and biopsy results from. One way to predict melanoma and
classify it with greater accuracy is based on a deep learning technique using computer
vision. Convolutional neural network (CNN)-based classifier models can be used for
early and accurate detection of malignant skin cancer. The present study relates to
three CNN-based three. The study approach was to use the customized convolutional
model and tune it to obtain best possible accuracy followed application of ResNet50
and VGG16-based models. The esults obtained were compared and discussed in
terms of various parameters to signify performance matrix and adoption of a model
that can be used for early detection of melanoma type for a given image. Of the
three models applied, the first CNN-based classifier was based on two convolutional
layers, one flattened layer followed by an input layer, and finally two hidden layers
having an output layer. This basic model was trained and tested for different epochs
and changing parameters. Another two CNN-based classifiers used were excellent
image vision model architecture ResNet50 and VGG16. ResNet50 uses 50 layers.
In comparison, VGG16 is an efficient architecture with approximately 138 million
parameters. Both of these architecture-based models were used to classify a training
dataset containing 2,637 benign and malignant types. The classifier model was tested
using a dataset containing 660 images which were clinically verified. The dataset
used processed skin cancer images available through an open dataset obtained from
the International Skin Imaging Collaboration (ISIC), sourced from Kaggle.

In this study, three model performances were compared. Important questions
to address were: (1) Does the stack of convolutional layers improve the perform-
ance matrix of the classifier model? (2) How do over-fitting problems arise due to a
greater number of layers? (3) How are gradient descent, over-fitting, and under-fitting
problems handled by the different models?

4.2 LITERATURE REVIEW

Many studies have been carried out on different approaches to the problem of clas-
sification when identifying the type of melanoma. Some studies apply approaches
based on image processing and enhancement of images followed by feature extrac-
tion, region-of-interest extraction, and segmentation approaches. Certain studies
have been based on image feature extraction and their properties. Image analysis was
also carried out using machine learning approach by applying various classifying
algorithms that work on a dataset containing image features and related attributes like
age, region, gender, etc.”” Other studies have been based on neural network and self-
extraction of features by the model by enhancing the images.® One important aspect
of the approach in this study wass the CNN-based model. The CNN model is based
on a deep learning approach that is trained using pathological identified and tested
images; the same model is subsequently used to test unknown images to identify the
model’s performance.

Initial work was carried out by Esteva et al.””! using a pre-trained classifier model-
based CNN on GoogleNet Inception V3. Their model used a large dataset com-
bination of 3,374 dermatoscopic images, including 129,450 clinically verified skin
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cancer images and yielded accuracy of 72.1% with error range of 0.9%. Another
study carried out by Yu et al. '% based on CNN with more than 50 layers using
the ISBI dataset classified malignant and benign images with 85.5% accuracy.
Following this, significant results were obtained by Haenssle et al. 'Y using a CNN-
based model to classify dermatoscopic images with sensitivity of 86.6%. Dorj et al.
(2] proposed a model based on multiclass classification that used an approach based
on pre-trained AlexNet Deep Learning CNN model and achieved 95.1% accuracy.
Several more significant studies were carried out on this baseline; one, by Han et al.,
(31 obtained 96.00% accuracy with a variation margin of 1% using a CNN-based
classifier.

In recent years important research has been carried out and researchers have
applied different approaches. Hosny et al.l’ presented a technique based on deep
learning that used a transfer learning approach. This study fine-tuned parameters
and used data augmentation. The dataset is trained over Alexnet by application of
the transfer learning approach. It applied the softmax activation function to the last
layer of the AlexNet. The study measured the performance matrix measures of pre-
cision, specificity, sensitivity, and accuracy: the results showed 98.61% accuracy
and 97.73% precision. Sensitivity and specificity were 98.33% and 98.93% respect-
ively. Adekanmi and Serestina ' proposed a model to detect melanoma lesions.
Further, segmentation was based on an open-source dataset available through ISIC
of dermoscopic images containing 2,000 images of skin lesions for the purpose of
training. A trained model tested using 200 skin lesion images achieved 95% and
92% accuracy and dice coefficient respectively. Zhou et al.”! proposed a training
model based on an unsupervised spike timing-dependent plasticity learning rule.
This model also comprises applied efficient temporal coding and a winner-takes-all
(WTA) mechanism collectively that achieves 83.8% accuracy. Gurung and Gao®
proposed a model that covers three aspects, including augmentation, boundary
extraction, and feature extraction. This approach used exclusive OR with regression
technique. As an outcome of this approach, search space is reduced, yielding better
accuracy which is significantly higher by 1.2% compared to other models tested on
databases such as PH2 and ISBI.

4.3 OBJECTIVES

The core objective of the study was to obtain a model that can classify a given skin
image as benign or malignant. Various approaches can be applied for this purpose.
However, the current study derived a CNN-based model for classification. The central
idea of this study was based on the following objectives:

1. To classify a given skin image as benign or malignant with the greatest pos-
sible accuracy.

2. To enhance the model by tuning parameters to obtain greater accuracy.

3. To compare the model performance with results obtained by applying
ResNETS50 and VGG16-based classifier models.

4. To analyze model performance on a scale of performance matrix, including
precision, recall, specificity sensitivity, and accuracy.
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Different models based on the three approaches were used and based on their per-
formance the models were enhanced. VGG16 and ResNet50 are widely proven and
adopted architectures. Performance tuning and enhancement were core objectives. In
addition, customized models were analyzed based on performance and the possibility
of their adoption over proven architectures like ResNet50 and VGG16, particularly
when a dataset is small in size.

4.4 METHODS AND METHODOLOGY

The dataset used for this classification was an open data source available from ISIC. It
is a quality dermoscopic image of skin lesions available in jpg format with the dimen-
sion of 224 x 224 pixels.

There were 3,297 images available for this work, from which 1,800 images were
classified after clinical verification as benign and 1,497 images as malignant. Dataset
images were divided into training and testing sets. The division was in a random
order resulting in two folders consisting of 1,440 malignant images in the training
folder and 1,197 benign images in the testing folder. All images were jpg formats with
dimensions of 224 x 224. The testing folder contained 360 benign and 300 malignant
jpg images of dimension 224 x 224.

Since the dataset wass not large, the aim was that the classifier should fit the need
for trainingwith the best possible performance measures. The adoption of a classi-
fication model had the objectives of the study as the prime focus. There are two
architectures, ResNet50 and VGG50, which have been proven to be highly effective
in building an image classification model. Apart from these two models, we also
aimed to customize and implement a CNN model.

Based on the following methodology, different classifiers were implemented on
the dataset. A CNN-based basic model was used with different variations of model.
This was followed by implementation of two prominent architectures, VGG16 and
ResNet50. As depicted in Table 4.1, comparison was made of all seven classifier
architectures.

Classifier model 1: This model architecture was based on dimensionality reduction
of images to 224x224 dimensions for training and testing followed by augmen-
tation using zoom value 0.3 and reshaped to a scale of 1/0.255 using vertical flip.
The model is explained as shown in Figure 4.2.

Classifier model 2: This had variations compared to model 1, including reduction
in the dimensions of training images. It used 150x150 image dimensions. The
aim of this model was to analyze the effect of dimension reduction on model
performance.

Classifier model 3: This model was an extension of model 1. It was selected after
evaluation of model 1 and model 2 performance. Epochs were changed from the
selected model 1 or model 2.

Classifier model 4: An additional convolution block consisting of two layers
followed by a pooling layer that was included in the modelc3-based architecture
was modified and trained. All three blocks contained two layers, each consisting
of 16, 32, and 64 filters respectively.
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TABLE 4.1
Architecture and parameter comparison of seven implemented models
Parameters Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7
Model type Customized Customized  Customized Customized Customized VGG16 ResNet50
Epochs 15 15 25 25 25 25 25, 50 and 100
Batch size 64 64 64 64 64 32 64
Dimension 224x224 150x150 224x224 224x224 224x224 224x224 224x224
Nos. of convolution 02 with 02 02 with 02 02 with 02 03 with 02 03 with 02 04 with total Pre-trained model
blocks layers layers layers layers layers 13 layers weights with 50
Filters 16 and 32 16 and 32 16 and 32 16,32,64 16,32,64 64,128, 256, layers including
512,512 input and output
Pooling Maxpool Maxpool Maxpool Maxpool Maxpool Maxpool layers.
Hidden layers 02 02 02 02 03 02 with 1,028
nodes
Activation function ReLu ReLu ReLu ReLu ReLu ReLu ReLu
Optimizer Adam Adam Adam Adam Adam Adam Adam
Output layer activation Sigmoid Sigmoid Sigmoid Sigmoid Sigmoid Sigmoid Softmax

function

1ysof ") [eyaus
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FIGURE 4.2 Convolutional neural network architecture implemented with three different
variations.

Classifier model 5: By adding one extra hidden layer in a dense layer, model 4 was
modified and trained for 25 epochs. This model contained three blocks of convo-
lution layers, each consisting of two layers and three hidden layers.

Classifier model 6: VGG16 was a highly efficient and performance-driven archi-
tecture with 16 layers, collectively including approximately 138 million
parameters. The approach of VGG16 architecture was its unique focus, having
consistency in a convolution layer of 3x3 filters with a single stride. It used
a max-pool layer of filter size 2x2 with two strides and similar padding. The
VGG16 architecture used a flattening layer and two fully connected layers and
finally one output layer, with one node as output node that used the softmax
function.

Classifier model 7: Using the pre-trained ResNet50, the model was trained using
the training dataset images. The model was modified at a convolutional layer.
Two changes were made and the model was customized. It had three layers
of kernel size 7x7 with a stack of 64 kernels and a stride of two, followed by
maxpooling with stride of two, and finally a convolutional layer having 1x1
sizes of 64 kernels, 3x3 size of 64 kernels, and 1x1 size of 256 layer.

All models were trained over the graphics processing unit (GPU) available through
Google’s colab Jupiter notebook. For the purpose of performance measurement of
all seven models, a performance matrix analysis used eight performance matrices —
model accuracy, precision, recall, specificity, sensitivity, Fl-score, false discovery
rate (FDR) and false-negative rate (FNR) measures. Performance of all seven models
was based on model architecture parameters, including filter size, number of convo-
lution layers, number of dense layers, activation function used, optimizer, number of
dense layers, and loss function.

Apart from the architecture of the model, learning rate and early stopping
parameters were also analyzed to evaluate performance. The performance of the
model also depended on the number or epochs, batch size, and step per epochs.
Accuracy of testing and training as well as loss were compared to assess model per-
formance. Validation set accuracy was also obtained to check how well the model
performs on a validation image set. An important aspect of analyzing model perform-
ance is based on the confusion matrix. The confusion matrix was obtained to measure
recall and precision; sensitivity and specificity were also obtained.
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4.5 DATA ANALYSIS AND PERFORMANCE EVALUATION

CNN models based on different architects are compiled and their performances
were evaluated. All models were trained over a limited training dataset consisting of
2,547 training images, including 1,440 benign and 1,197 malignant clinically veri-
fied skin images of size 224x224 dimensions. The testing dataset consisted of 660
skin images: 360 benign images and 300 malignant images of uniform dimension
224x224.

4.5.1 PERFORMANCE EVALUATION OF MODEL 1

Model 1 consisted of two convolution layers. The first block of the convolutional
layer had 16 filters, kernel size was 3x3, activation function was ReLu. The second
layer had 16 filters.

The first training epoch took 22 seconds for each of 41 steps, carrying an elapse
time of 537 ms per step. Training loss and accuracy for the first epoch was observed
as 0.3391 and 0.8395 respectively with validation loss and accuracy of 0.4120 and
0.7953 respectively. A comparison of loss and accuracy for validation and training is
depicted in Figure 4.3. A confusion matrix was obtained for a validation dataset. The
confusion matrix is:

TP =309 FP=51

4.1
FN =53 TN =247

The model performance shown in Figure 4.3 for training and validation has been
presented graphically. The model performance matrix is depicted in Table 4.2.

4.5.2 PERFORMANCE EVALUATION OF MODEL 2

This second model was a variation on model 1; the only major change was in image
dimension. Dataset images were reduced to 150x150. The model was trained for 15
epochs using the training set consisting of 2,637 images. A confusion matrix was

Model accuracy Model loss
4
0.84 \/\\/’\/ — 0.40+ Val
> -
8 0.83 2 0.38-
3 0.82 S
< 0.36
0.81+
—Train
0.804 Val 0.34 1 —\/\/\/—\/\
T T T T T T T T T T T T T T T T
0o 2 4 6 8 10 12 14 o 2 4 6 8 10 12 14
Epochs Epochs

FIGURE 4.3 Model 1 accuracy and loss comparison for training and validation.
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TABLE 4.2
Performance evaluation of model 1 based on different parameters

Accuracy Precision Recall Specificity Sensitivity F1-score FDR FNR
82.24% 82.88% 82.33% 82.88% 85.35% 82.06% 17.12% 14.65%

FDR, false discovery rate; FNR, false-negative rate.

TABLE 4.3
Performance evaluation of model 2 based on different parameters

Accuracy  Precision Recall Specificity Sensitivity Fl1-score FDR FNR
81.81% 78.88%  86.58%  T17.10% 86.58% 81.01% 22.90% 13.42%

FDR, false discovery rate; FNR, false-negative rate.

Model accuracy Model loss
0.8 A 0.8 - — Train
/ Val
> 0.7 1 0.7
3 o
] £0.6 1
§ 0.6 1 =
0.5+
0.5 —Train
Val 0.4
T T T T T T T T T T T T T T T T
0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14
Epochs Epochs

FIGURE 4.4 Model 2 accuracy and loss comparison for training and validation.

obtained for the testing dataset of size 660, consisting of 360 benign and 300 malig-
nant images. It was observed that true positive (TP) = 284, false positive (FP) = 76,
false negative (FN) = 44 and true negative (TN) = 256 for 600 validation images.
Here type 1 error was 76 and type 2 error was 44. Training and validation perform-
ance can be seen in Figure 4.4. Model performance was measured on eight different
parameters (Table 4.3).

4.5.3 PERFORMANCE EVALUATION OF MODEL 3

This third model was customized. Its convolution layer consisted of two layers. The
model was trained for 25 epochs using a training set consisting of 2,637 images. The
input images were of 224x224 dimension and had three channels. The architecture
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of the model is depicted in Table 4.1. The confusion matrix is given below and a per-
formance evaluation of eight parameters is shown in Table 4.4.

[[262 98]

Confusion Matrix: [30 2701] (4.2)

Model 3 observations depict TP = 262, FP = 98, FN = 30, and TN = 270 for the
testing set consisting of 660 images for validation. Here type 1 error is 98 and type
2 error is 30. The performance analysis of model 3 for 25 epochs can be seen in
Figure 4.5. Validation accuracy was 80.60%, precision or positive predictive value
was 72.77%, recall was 89.72%, specificity 73.36%, and sensitivity 89.72%. The F1-
score is the harmonic mean of precision over recall; and for model 3 the F1-score
was 80.83%. FDR is related to type 1 error, and for model 3 FDR was 26.64%. FNR
addresses type 2 error, and for model 3 FNR was 10.28%. A summary of the perform-
ance matrix for model 3 based on these eight parameters is given in Table 4.4.

4.5.4 PERFORMANCE EVALUATION OF MODEL 4

Variation in the fourth model compared to model 3 was the inclusion of one additional
convolution block containing 16 filters of size 3x3, 32 filters of size 3x3,
and 64 filters of size 3x3 at convolution block 1, block 2, and block 3 respectively.
Each block contained two convolution layers followed by a pooling layer (Maxpool)
of pool size 2x2. All other parameters and filters were kept similar to model 3. The
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FIGURE 4.5 Model 4 accuracy and loss comparison for training and validation.

TABLE 4.4
Performance evaluation of model 3 based on different parameters

Accuracy Precision Recall Specificity Sensitivity Fl1-score  FDR FNR
80.60% 7277%  89.72%  73.36% 89.72% 80.83% 26.64% 10.28%

FDR, false discovery rate; FNR, false-negative rate.
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FIGURE 4.6 Model 4 accuracy and loss comparison for training and validation.

TABLE 4.5
Performance evaluation of model 4 based on different parameters

Accuracy  Precision Recall Specificity Sensitivity Fl-score FDR  FNR
82.27% 75.20%  90.90% 75.20% 90.90% 82.35% 24.80% 9.10%

FDR, false discovery rate; FNR, false-negative rate.

odel was trained for 25 epochs. It contains 12,898,721 total parameters, of which
12,898,593 are trainable parameters. The model was trained for 25 epochs and epoch-
wise training accuracy and loss as well as validation accuracy and loss were obtained.
The observations are depicted in Figure 4.6. Model 4 confusion matrix observations
were obtained for 660 images for validation. Type 1 error was 90 and type 2 error
was 27.

[[270 90]

Confusion Matrix : [27 273]] 4.3)

Based on the confusion matrix, performance measurements for model 4 considering
eight different parameters were obtained and are depicted in Table 4.5.

4.5.5 PERFORMANCE EVALUATION OF MODEL 5

No significant changes were made in the architecture of this model except for the
addition of one extra hidden layer modifying model 4. All other parameters and
features of the model, all filters, and convolutional layers, pooling layer, and activa-
tion function were similar to model 4. The model contained 3,267,267 parameters,
out of which 3,267,489 were trainable parameters. The model was trained for 50
epochs and training accuracy and loss, validation accuracy and loss were obtained as
shown in Figure 4.6.
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[[250 110]

Confusion Matrix : [19 281]] (4.4)

Type 1 error was 110 and type 2 error was 19. Performance measurements for
model 5 considering eight different parameters were obtained and are summarized
in Table 4.6.

4.5.6 PerRFORMANCE EvAaLUATION OF MoDEL 6 —- VGG16

The VGG16 model was implemented on image training and testing dataset of
dimensions 224x224 for 25 epochs and batch size of 32. Initially the training image
set, dimension 224224, was rescaled for zoom factor 0.3 and vertical flip. The model
consisted of five blocks collectively having 16 layers in a sequential manner.

The first epoch took 52 seconds for 82 steps consisting of batch size 32. The step
execution average timing for the first epoch was 625 ms/step. The first epoch gave
training accuracy of 0.5457 and validation accuracy of 0.5625. The final 25th epoch
took 51 seconds of execution time for 82 steps consisting of batch size 32 images
with an average of 617 ms/step. The first epoch gave training accuracy of 0.5455
and validation accuracy of 0.5625 (Figure 4.7). The VGG16 model did not show
any significant improvement in training or validation accuracy even at the end of the
25th epoch. In contrast, VGG16 model validation accuracy remained flat without any

TABLE 4.6
Performance evaluation of model 5 based on different parameters

Accuracy Precision Recall Specificity Sensitivity Fl1-score  FDR FNR
80.45% 69.44%  92.93% 71.86% 92.93% 81.33% 28.14% 1.07%

FDR, false discovery rate; FNR, false-negative rate.

Model accuracy
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FIGURE 4.7 Accuracy comparison for training and validation for VGG16 model.
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improvement, with only 56.25% accuracy. The model was trained using Adam opti-
mizer and binary_crossentropy loss function. It contained 139,506,497 parameters, of
which 139,506,497 are trainable parameters.

4.5.7 PERFORMANCE EVALUATION OF MODEL 7 — RESNET50

In the ResNet50 model pre-trained weights were used to validate the validation set.
The first weight file was used to test the validation dataset. The second training file’s
initial weights were used for kernel transfer learning. The ResNet50-based model
used training and validation image sets of image size 224x224 using transfer learning
and tested for ten epochs with batch-size of 16, pooling layer Maxpool, Optimizer
‘Adam’ with binary_crossentropy loss function. Since there were fewer epochs to
obtain, it is possible that the pre-trained model resulted in an over-fitting problem and
gave greater accuracy.

The model was executed for ten epochs for a batch size of 16. The first epoch,
executed for 25 seconds with training loss and accuracy, obtained 0.2983 and 0.8620
respectively. Validation loss and accuracy were 0.0655 and 0.9730 respectively. From
the very first epoch, accuracy was 97.30%. The tenth epoch improved performance
with validation loss of 0.0617 and validation accuracy of 0.9790. The validation loss
decreased at the tenth epoch compared to the first epoch from 0.0655 to 0.0565.
Accuracy was also improved from 97.30% at the first epoch to 97.90% at the tenth
epoch. When the epoch values were increased from the initial epoch value of ten
to 25, 50, and 100, accuracy was 79.22%, 76.38%, and 72.72% for 25, 50, and 100
epochs, respectively. Hence, where there are fewer epochs in the pre-trained model,
over-fitting is the major reason for greater accuracy.

4.6 RESULT ANALYSIS AND INTERPRETATION

The performance analysis of all five customized CNN-based models can be
summarized as shown in Table 4.7. The greatest accuracy (82.27%) was obtained
with model 4, but the highest precision (82.88%) and recall (92.93%) were obtained
with model 1 and model 5 respectively. The highest specificity was obtained with
model 1. Fl-score was also significantly higher for model 1. Model 4 had an F1-score
of 82.35%, which is the highest score among all models. FDR and FNR are vital
measures that address the performance and capability of the model to handle type
1 and type 2 errors. FDR was lowest with model 1. The FNR was lowest at 7.07%
for model 5. Model 1 performed significantly better in handling type 1 error but was
not optimum in handling type 2 error. It addressed type 2 error significantly better
compared to other models. As seen in Table 4.7, validation accuracy was compara-
tively higher (above 82%) for model 1 and model 4. Sensitivity was close to 90% for
model 3, model 4, and model 5. FDR was lowest for model 1 and FNR was highest.
At the other end, FNR was lowest for model 5 but FDR was highest. Considering
the VGG16 and ResNet50-based models, VGG16 provided validation accuracy of
56.25%, which is significantly low compared to the customized CNN-based models
that have much fewer convolution layers. In comparison, ResNet50 demerits the
model performance when the number of epochs was increased to train the model.
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TABLE

4.7

Performance comparison and summary of five customized models

Model

Accuracy Precision Recall Specificity Sensitivity F1-score FDR FNR

Model 1
Model 2
Model 3
Model 4
Model 5

82.24%  82.88% 82.33%  82.88% 85.35% 82.06% 17.12% 14.65%
81.81% 78.88% 86.58%  77.10% 86.58% 81.01% 22.90% 13.42%
80.60%  72.77% 89.72%  73.36% 89.72% 80.83% 26.64% 10.28%
8227%  7520% 90.90%  75.20% 90.90% 82.35% 24.80% 9.10%
80.45%  69.44% 92.93%  71.86% 92.93% 81.33% 28.14%  7.07%

FDR, false discovery rate; FNR, false-negative rate.

Validation accuracy was 79.22% for 25 epochs and 76.38% for 50 epochs but signifi-
cantly decreased to 72.72% when the number of epochs was increased to 100.

4.7 CONCLUSION

Based on the performance evaluation of all five models as summarized in Table 4.7

Wwe can

conclude important findings as follows:

All customized CNN-based models obtained accuracy results of greater
than 80%.

A precision and recall tradeoff wass observed for all models. The F1-score for
all models was higher than 80%, signifying a good harmonic mean between
precision and recall.

Comparing the performance matrix of model 2 with that of model 1, accuracy,
recall, and precision are not improved with a reduction in dimension.

Type 2 error is better addressed by model 5 compared to the other models.
Sensitivity was 92.93% and FNR was 7.07%. The false negatives were better
addressed by model 5 where three hidden layers were used with 256, 128,
and 64 nodes. However, type 1 error was increased in this case compared to
previous models.

Interesting results were observed with the VGG16 model. When ining
the model was trained for 25 epochs, the validation accuracy showed a
flat result and did not show any improvement, with 56.25% accuracy.
Although there were 139,506,497 trainable parameters, the VGG16-
based model did not show any significant classification results. The
accuracy graph for 25 epochs showed how poorly the classifier performs
(Figure 4.8).

Another interesting observation was made in the case of the ResNet50 classi-
fier model. Training the model for ten epochs showed a significant improve-
ment in accuracy from the first epoch: from 86.20% to 97.30% at the tenth
epoch. Validation loss was decreased at the tenth epoch compared to the first
epoch, from 0.0655 to 0.0565. But, when the epochs were increased epochs to
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FIGURE 4.8 Model 5 accuracy and loss tradeoff for training and validation.

25, 50, and 100, the model performance decreased drastically. For 25, 50, and

100 epochs the model had 79.22%, 76.38%, and 72.72% accuracy, respect-

ively. With increase in accuracy, validation accuracy decreased. Where there
were fewer epochs in the pre-trained model based on ResNet50, over-fitting
was the major reason for greater accuracy.

The customized model showed that increasing the convolutional layer with
more filters does not affect accuracy and other performance measures.
However, by adding a hidden layer, as seen in model 5 performance, type 2
error can be addressed significantly.

Customized CNN-based models performed significantly well compared to large
convolutional models based on architectures like VGG16 and ResNet50, particu-
larly when the training and validating image dataset was not very large. However,
all models are trained by augmenting the training dataset; there is scope to add more
augmentation parameters, which may affect the model performance. The learning
rate can be changed and the model can be tuned by changing the learning rate and
optimizers. There is great scope for improving the model but it is also evident that a
large number of convolutional layers does not guarantee greater accuracy, specificity,
and sensitivity. In such types of models addressing type 2 error is a major concern and
of course not at the cost of type 1 error.
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5.1 INTRODUCTION

Cancer tissue has two types of cancer cells, known as maturable and non-maturable.
The tissue is composed of maturable types with few cells of non-maturable type. It
has both genetic and environmental causes. Most cancers are initiated by malignant
tumors. These tumors have rapid growth. Breast cancer is one of them. Non-invasive
types of cancer are within the milk ducts. In this case, there is no growth or spread
into any surrounding tissue. Invasive ductal carcinoma is a common type, comprising
80% of all breast cancers. Breast cancer is notified as the highest-incidence disease
among all types of cancer according to the report provided in [1] in 2020. A graphic
representation of this study is provided in Figure 5.1. The main reasons for breast
cancer include obesity, ultraviolet radiation, and infections. Symptoms of breast
cancer include development of a lump in the breast or armpit, dimpling of breast skin,
swelling or thickness in any part of the breast, nipple bleeding or pain, and abnormal
change in breast shape or size [2]. Early detection of breast cancer after such symptoms
have been observed can prevent its development and also death.

The procedure for cancer detection and classification involves imaging to visu-
alize the location, shape, and size of the developing tissue causing cancer. Imaging
techniques include mammography, computed tomography (CT), magnetic resonance
imaging (MRI), histopathology, ultrasound (US), thermography, and microwave
imaging.

Mammogram: Mammograms have been in use since 1960 for breast cancer
screening. Restrictions to its use include age, family history, and tissue density
[3]. The side effects of mammography include tissue damage for elderly patients.
Young patients have dense breast tissue, so in most cases, a mammogram fails to
detect the presence of any cancerous tissue.
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Estimated age-standardized incidence rates (World) in 2020, worldwide, both sexes, all ages

Breast

Prostate

Lung
Colorectum ‘
Cervix uteri
Stomach ‘
Liver ‘
Corpus uteri
Ovary ‘
Thyroid ASR (World) per 100 000
0 ‘\‘O 2‘0 3‘0 4‘0

FIGURE 5.1 Estimated incidence rates of cancer in 2020 (worldwide). Adapted from [1].

Computed tomography: CT scanning results in two-dimensional slices of the
breast taken from different angles using the X-ray technique. It involves a con-
trast injection in the arm to improve the imaging result with a high-quality
reconstruction method. This injection may affect kidney functionality. Radiation
is also harmful to patients [4].

Magnetic resonance imaging: MRI is another tool to detect the presence of
unwanted growth inside the breast. It involves the application of radio waves in
the presence of a magnetic field. Gadolinium is injected into the patient’s blood
to observe the condition of the blood vessels of the breast. MRI involves high
cost and is less able to detect lower-grade breast cancer tissue [5].

Ultrasound: US is the safest option for breast cancer detection as it involves
only the application of sound waves. However, it does have limitations, such
as inability to detect cancer in early stages and high false-positive chances [6].

Histopathology: The microanatomy of breast cells and tissues can be studied for
breast cancer detection using histopathology imaging. The method involves the
use of microscopes and hematoxylin and eosin to stain the breast tissue, and
it takes pathologists hours to observe the variations between healthy and can-
cerous tissues [7].

Thermography: Infrared thermography provides two-dimensional images
depending upon temperature variations in the breast due to the presence of
cancer. This method is free from any use of radiation but it results in high values
of false-positive and false-negative detection [8].

Microwave imaging: The application of antennas in biomedical microwave
imaging is an emerging field of research. Antenna-based microwave imaging
has been proposed in [9] for breast cancer detection. Differentiation between
cancerous and normal tissue was studied in their work, and also between the
subtypes of breast cancers, i.e., benign or malignant.
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Two techniques have been adopted for detection: complex natural response and
microwave imaging using a Vivaldi antenna. This method results in three-dimen-
sional (3D) images of the breast phantom. This imaging technique can be used by
researchers in other application areas and using the images classification and detec-
tion can also be performed with deep learning-based techniques. In another work,
the authors proposed using a planner array antenna arranged in a spherical pattern to
obtain microwave imaging data to detect the tumor in the breast [10]. The methods
follow a systematic use of antennae one at a time. One antenna is used as a microwave
transmitter; at the same time other antennae are used as receivers and the pattern con-
tinues for all the participating antennae. The model was tested with metamaterial with
the same dielectric properties as human breast over two different frequencies, i.e., 5
and 12 GHz. The results obtained from 12 GHz radiation were better in comparison
to 5 GHz.

The application of an array of patch antennae has been proposed for breast cancer
detection [11]. The antenna array is designed using low-profile aperture stacked patch
antennae with an operating frequency range of 2.2—13.5 GHz. To remove the effects
of reflections from skin an artifact removal scheme was adopted. The constructed
image of the breast is then used for cancerous tumor detection.

Artificial neural networks (ANNS) can achieve human-like observation in the
field of image processing and many other application areas. The difference between
ANN and the human biological neural system is observed in synchronization. ANN
functions concurrently whereas the human neural network works asynchronously.

Various machine learning techniques have been developed and used for breast
cancer detection and classification. Methods like support vector machine (SVM), K-
nearest neighbor, decision tree, and random forest are broadly applied in the detec-
tion of deadly breast cancer [12—15]. Recent developments in ANN in the form of
deep learning mean that it has emerged as the preferred technique for detection of
breast cancer from any kind of image datasets in single as well as hybrid system
architectures [16—-19].

The rest of this chapter is organized in the following manner. The second section
describes state-of-the-art methods. This section includes medical aspects, traditional
methods, machine learning approaches, and deep learning approaches. The third
section provides a brief description of the proposed method used for breast cancer
detection. The fourth section provides the results obtained from the proposed method
and discussion. Finally, the fifth section concludes the chapter. It includes what is
obtained, how it is used for better results and possible applicability for researchers,
and future scope.

5.2 LITERATURE SURVEY

Medical imaging provides the current conditions of targeted organs; this is the reason
why most medical centers are well equipped with such advanced technology-based
scanning machinery. With the application of image processing, it is now possible
to extract information from scanned images that are comparable to the diagnosis
of experienced doctors. Therefore, researchers have been working to improve the
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performance based on this concept and developing methods for better diagnosis of
disease. Various works have been developed in the field of breast cancer detection. In
recent years methods of detection and classification have varied from the application
of standard machine learning techniques to deep learning, from a single classifier-
based model to an ensemble of different classifiers. The datasets have also varied
from work to work. The types of datasets include mammography, CT, MRI, histo-
pathology, US, thermography, and microwave imaging.

5.2.1 MACHINE LEARNING APPROACHES

A concatenated model containing three machine learning techniques has been
proposed for breast cancer classification [20]. The important parameters of the data
were identified and data size was reduced using principal component analysis. The
resized data were then passed through a multiple-layer perceptron (MLP) model
for feature generation. These features were then used for training and classifica-
tion by the SVM model. The model was verified using the Manuel Gomes dataset.
This dataset contains ten parameters: age of the participants, body mass index, glu-
cose, insulin, adiponectin, leptin, chemokine monocyte chemoattractant protein,
homeostasis model assessment, resistin, and the corresponding labels representing
whether the patient has cancer or is healthy. The model provided 86.97% classifica-
tion accuracy; this figure needs to be improved to compete with deep learning-based
results.

Application of SVM and MLP for semantic segmentation and detection of breast
cancer in histopathology images is found in [21]. The authors developed this machine
learning algorithm to obtain nucleus-level annotations. The histopathology images
were first preprocessed for color normalization and enhancement. Then texture
features were extracted using gray level co-occurrence matrix, filter banks, and local
binary patterns (LBP). These features were fed into SVM and MLP for training and
classification. The model has been tested on the BreakHis and KMC datasets. Out of
all combinations of features and classifiers, MLP trained with features obtained by
the combination ‘filter bank+ color’ provided a F1-score of 0.83.

An online platform for breast cancer detection is proposed using the RCA algo-
rithm, where R stands for refinement, C stands for correlation, and A stands for
adaptive [22]. The three algorithms are used to fine-tune the features for classification
by the AdaBoost-based tree model. This technique has been verified on the INbreast
and CBIS datasets and provided accuracy values of 87.07% and 93.30% respect-
ively. The results obtained by this method need to be improved to compete with deep
learning-based methods.

A computer-aided breast cancer detection system has been proposed using data
clustering and the Adaboost technique [23]. The method was designed to process
the BUS ultrasound image dataset. The process involved feature extraction using
suggestions given by doctors, and a feature-scoring scheme. Then a bi-clustering
algorithm was applied to extract column-oriented patterns to create training data.
Different rules were created to build the Adaboost-based classifier for the classifi-
cation of breast ultrasound images into malignant or benign. Accuracy and sensi-
tivity obtained in this method were 95.75% and 96.26% respectively. The handcrafted
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feature extraction makes this method complex in comparison to deep learning-based
auto feature extraction methods.

Another work based on ultrasound image processing using texton filter banks
and local binary pattern features has been proposed for breast cancer detection and
classification into two subtypes, i.e., benign and malignant [24]. Textons are two-
dimensional images formed by the microstructures of ultrasound images. Features
generated by the use of Leung-Malik filter, Schmid filter, maximum response filter,
and Adasyn synthetic sampling were then passed through a feature reduction tech-
nique using locality-sensitive discriminant analysis (LSDA). The method was verified
on the dataset collected by the authors, which included 147 normal, 210 benign, and
91 malignant ultrasound images. This method provided 96.1% accuracy when the
classifier was a probabilistic neural network.

Cancer detection in terms of mitotic cell count is another approach in breast
cancer detection. For this purpose, authors have used a deep belief network (DBN)
for mitotic and non-mitotic cell classification [25]. The DBN model was combined
with a multi-class classifier developed by using neural network, non-linear SVM,
linear discriminant, and decision trees. The method was verified on the Mitos dataset
available at MITOS-ATYPIA 2014 contest and regional cancer center (RCC). The
method provided an F-score of 84.29% and 75% for MITOS and RCC datasets
respectively.

5.2.2 DEeep LEARNING APPROACHES

Stacked autoencoder (SAE)-based reconstruction has been used to improve the
performance of breast cancer imaging by magnetic detection electrical impedance
tomography [26]. Deep neural network (DNN-based SAE was proposed to recon-
struct the image from the conductivity distribution trained with magnetic field data.
The result obtained by this method has been projected to be more comparable to
backpropagation and sensitivity algorithms in the presence of 30-dB noise with rela-
tive loss of 15.28%, 24.90%, and 137.19% respectively.

Cancer detection in terms of mitotic cell count is another approach in measuring
the grade of breast cancer [27]. Various works have been developed using these
imaging techniques with different detection and classification models. Mitosis count
represents the degree of seriousness of breast cancer. It is challenging work when
the size of mitosis is very small. This problem has been considered and focused on
by authors [28], who have tried to count the large as well as small mitosis present in
the breast cells from histopathology images. Deep learning-based techniques have
been adopted for segmentation as well as for the detection of mitosis. Atrous fully
connected convolutional neural network (A-FCNN) and multi-scale region-based
convolutional neural network (MS-RCNN) models have been utilized for segmen-
tation and detection respectively. Atrous CNN means dilated CNN has been used
designed with dilation rates of 1, 2, and 3 to the second and third layers of CNN.
Authors have used three publicly available datasets, ICPR 2012, ICPR 2014, and
AMIDA 13, to validate the model and obtained F-score values of 0.902, 0.495, and
0.644 respectively. Since the deep learning-based models are capable of auto feature
extraction, the use of the segmentation step makes the system complex.
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The size of histopathology whole slide images varies from 40,000 x 40,000 to
100,000 x 100,000 pixels. Thus, instead of applying the whole image to the model,
different patches containing useful information were extracted and then fed to the
CNN model for training; this is termed multi-instance CNN [29]. A multi-instance
pooling layer was introduced between the fully connected layers of the CNN model.
The model is verified on the BreakHis, [UPHL, and UCSB datasets and the accuracy
values obtained were 93.06%, 96.63%, and 95.58% respectively.

Mislabeled patches extracted from histopathology whole slide images have been
considered for correction and further utilization in training for benign and malignant
breast cancer classification by the authors [30]. Anomaly detection was performed by
a generative adversarial network termed Ano-GAN and then features were extracted
for training and classification by DenseNet-121. The proposed model in their work
was verified on the BreakHis dataset with fivefold cross-validation; 99.13% accuracy
and 99.38% F1-score were obtained.

A region-based pooling algorithm has been applied for malignancy-oriented
features in the CNN for breast cancer classification using mammography images [31].
The authors proposed two new pooling algorithms: region base group-max pooling
(RGP) and global group max-pooling (GGP). Mathematically, RGP and GGP are
represented by equations (5.1) and (5.2).

1 &
v=Esz (5.1)

L&,
ok (5.2)

where v_represents the ¢ component of final feature v. v _is calculated as the mean
values of the chosen portions of channel c.

The proposed method in their work was verified on the INbreast and CBIS datasets.
The best results were obtained with various combinations of pooling algorithms and
datasets, RGP + INbreast, RGP + CBIS, GGP + INbreast, and GGP + CBIS, pro-
viding accuracy of 0.923 + 0.0003, 0.762 + 0.0002, 0.922 + 0.0002, and 0.767 +
0.0002 respectively. The application of such a method can be verified on highly dense
histopathology images for breast cancer detection and classification.

A U-net threshold map (TM) layer-based 3D CNN model was designed with
threshold loss for automatic cancer detection from automated breast ultrasound
(ABUS) images [32]. The threshold loss introduced in their work is given by
equation (5.3).

2 |Mask(y, = 11 X;W,w") Y|

W,wV)y=1-
|Mask(y, = 11 X;W.w")|+]Y|

(5.3)

Lthreshold
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where
Mask(y, | X;W,wV)=1/(1+e"") (5.4)

and

= {P(y[_ =1[X; W), P(y,) > TM(y,) 55)

—e'%, Otherwise

wV = weight of TM layer, and W = weight of the main network.

The proposed model in their work provided a sensitivity of 95% and false-positive
per volume of 0.84.

Mitotic cell count describes the development of cancerous tissue in the breast.
Mitotic cell-based segmentation, detection, and classification methods have been
adopted by authors [33]. The proposed model in their work has been termed MitosisNet
by the authors. The segmentation, detection, and classification from whole slide
images are performed by regression models based on R2U-Net and R2U-Net and
IRRCNN models. The authors tested their method on MITOSIS-12, MITOSIS-14,
and CWRU datasets. The best result was obtained by the combination of MitosisNet
+ multi patch on the MITOSIS-12 dataset, i.e., F1-score of 0.878.

Deep learning-based mask generation was adopted for the detection of epithelial
cells from breast cancer stained with Ki-67, estrogen receptor (ER), and progresterone
receptor (PR). The images were trained by a partially trained VGG-16 CNN model
[34]. The area under the curve of mean receiver operating characteristic (ROC) was
calculated to evaluate the model and the result was 0.93 for this designed model.

Hematoxylin and eosin-stained breast cancer and lymphoma histopathology
images were processed using a deep learning-based autoencoder model for detection
and classification [35]. The deep learning model was a residual autoencoder-based
CNN model, a part of FusionNet. The projected model in their work was tested on the
dataset available at [36] and provided 89.57% accuracy in invasive ductal carcinoma
(IDC) detection and 97.67% for lymphoma classification.

Authors in [37] have proposed a cancerous mass detection and its classification
as malignant and benign using CNN and extreme learning machine (ELM). After
mass detection, a fusion of features was formed consisting of deep, texture, density,
and morphological features. The classification was performed using the ELM model
trained with the fused features. The ELM model is a feed-forward neural network
developed by Huang et al. [38]. The method provided 86.50% classification accuracy.

The application of a fully connected CNN-based autoencoder has been carried
out in [39] for breast histopathology image classification. One class SVM model was
used to create anomalies in generated patches. Then classification was done using
CNN. The proposed method in their work was verified on the biopsy image of breast
cancer stained with hematoxylin and eosin and provided by the Israel Institute of
Technology [40]. Still, the accuracy obtained by this method, i.e. 76%, needs to be
increased to compete with models providing greater accuracy.
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Breast tumors of malignant nature can move towards cancer development. Tumor
detection is another part of breast cancer detection. For this purpose, a 3D CNN
model has been utilized for processing and classification of breast ultrasound images
[41]. First, a sliding windowing technique was adopted for extraction of the volume
of interest (VOI) regions. These VOIs were then passed to the 3D CNN model for
feature extraction and classification; 95% sensitivity was observed in this method.

A deep active learning-based mechanism has been adopted for labeling data and
further classification of breast cancer histopathological images [42]. The model was
designed utilizing two selection strategies: entropy-based strategy and confidence-
boosting strategy. High entropy and high confidence were the main strategies to
choose valuable samples. Then the updated training samples were used for training
and classification using a pre-trained AlexNet model. The method discussed in their
work was verified on the BreastHis dataset. Image- and patient-level accuracy of
91.61% and 92.84% were obtained.

Breast cancer classification has been performed from gene expression data in
[43] using a lightweight CNN model. The gene expression data was used to form
2D images that were used for further training and classification. The reconstructed
images were free from any type of complex shapes, therefore, the CNN was termed
as lightweight. The proposed model was verified on RNA-Seq gene expression data
from Pan-Cancer Atlas and provided 98.76% accuracy. The method involved the con-
version of gene expression data to the image, which might be avoided using 1D CNNs
to avoid such preprocessing.

Another work has been developed for breast cancer detection from mammograms
and tomosynthesis images using the CNN model [44]. The base of the model was
developed using the data augmentation technique and transfer learning algorithm.
Data augmentation was designed by flipping the original image horizontally and
then by rotating the image by 90°, 180°, and 270°. A transfer learning algorithm was
implemented using the AlexNet, pre-trained with the ImageNet dataset. The model
was evaluated using the measure area under ROC (auROC). The model provided
auROC of 0.6749 and 0.7237 for mammograms and tomosynthesis classification.

The combination of deep learning and machine learning techniques is the new
trend in the data processing. A combined model formed with pre-trained deep CNN
(DCNN) models and ensemble SVM has been proposed for the classification of
breast histopathology images into four classes, i.e., normal, invasive carcinoma,
benign, and in situ carcinomas [45]. The authors used four deep learning-based
pre-trained models, DenseNet, ResNet, VGG-16, and Inception V3 for feature gen-
eration. The generated features were then processed for feature selection using dual-
network orthogonal low-rank learning (DOLL) so that these selected features can be
utilized to train the SVM model, achieving 97.70% accuracy. Although deep learning
methods were adopted in their work, the authors passed the ICACR-18 dataset
through preprocessing steps like scale transformation and then color enhancement
before passing to DCNN models.

Mitotic cell detection from breast cancer histopathology images has been carried
out using two CNN models connected in parallel [46]. One of the two CNNs was
trained with weak labels and the other model was trained with strong labels. The
labels assigned to centroid pixels were known as weak labels and the labels assigned
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at pixel level were known as strong labels. System performance was checked on the
datasets ICPR 2014 and AMIDA13, providing F-score values of 0.575 and 0.698
respectively. The prediction using such methods needs to be improved.

The combination of convolutional layers and recurrent layers is another option to
design hybrid models and this is termed a CRNN model. A CRNN model has been
used for breast ultrasound image classification to detect the presence of benign or
malignant breast mass [47]. Before applying the CRNN model, authors processed the
Mendeley dataset through extended line segment feature analysis (eLFA). Using this
framework authors achieved 99.75% classification accuracy.

Breast cancer detection using a stacked ensemble of three CNN models was
utilized in [48]. The authors detected the presence of cancer from 1D gene data and
also from the breast histopathology image data. 1D gene data were first converted
to images using Deeplnsight [49] framework using mean normalization. Images of
both datasets were passed through empirical wavelet transform and variational mode
decomposition models for molecular feature extraction. The stacked ensemble model
performed well in this work.

From the above study, it is observed that deep learning-based techniques outper-
form machine learning techniques in both single and hybrid categories. The datasets
are of different forms depending upon the imaging techniques.

5.3 PROPOSED METHOD

Deep learning is an emerging technique in the field of image processing for its high
computational performance. From the literature survey section, it can be observed
that most of the works have CNN as the feature extractor as well as a classifier.
Other forms of deep learning techniques such as recurrent neural network (RNN),
long short-term memory (LSTM), and gated recurrent unit (GRU) also need to
be explored in the field of breast cancer detection and classification. For this pur-
pose, authors have considered the LSTM as the base model and formed a stacked
ensemble model in combination with MLP for IDC, and non-IDC breast histo-
pathology image classification. The workflow diagram of the proposed model is
provided in Figure 5.2.

5.3.1 THE LONG SHORT-TERM MEMORY

LSTM-based models are trained using a backpropagation algorithm. LSTMs are cap-
able of handling long-term dependencies on the sequence of data [S0]. An image
is a row and column-wise arrangement of pixels. The CNN models are operated
on images with the use of convolutional filters, but in LSTM, the pixels are first
converted to time-dependent sequence data and then processed for feature extraction
and classification. The structure of the LSTM cell is shown in Figure 5.3.

The output of the sigmoid activation function is related to the corresponding input
as provided in equation (5.6):

f, = oW Ih,_.x1+b,) (5.6)
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Dataset

LSTM 1 LSTM 2 Base Classifiers

Meta Data

MLP Meta Classifier

IDC or NonIDC

FIGURE 5.2 Block diagram of the proposed method.
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FIGURE 5.3 The internal structure of long short-term memory cell.
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where W, represents the weight vector of each cell, z_, is the result taken from the
previous timestamp, x, denotes the input at time t, and b_ , Tepresents the bias.

The output of the second sigmoid activation function and tanh activation function
are represented in equations (5.7) and (5.8).

i = oW[h_,x1+b) (5.7)

Cr=tanh(W[h_x]1+b,C =f*C_ +i*C . (5-8)
where C, (W, W), and (b, b ) represent the cell state, weights, and bias respectively.

The output of the last sigmoid activation function and tanh activation functions are
provided in equations (5.9) and (5.10).

0,= oW [h_.x1+b) (5.9)

h =0, *tanh(C,) (5.10)

where O, represents the output, W is used for weight, and b represents the bias used
in the output section.

In this work, the classification was performed by considering two different models.
First, a single LSTM model was designed for training and classification. Then the
result obtained from a single model was increased by training two LSTMs in parallel
and passing the result of such an ensemble model to a stacked MLP model.

The ensemble of two LSTMs was developed using algorithm 1.

Algorithm 1: Training of base classifiers

1. Input = dataset
2. Input = nparray(input)
3. Fori=1to2

Train LSTM, with input

4. y= concatenate();i)
5. Save LSTM,

where J, represents the prediction of each model and y represents the concatenation
of prediction of each model.

5.3.2 Mutti-LAYER PERCEPTRON

The concatenation of the predictions from base classifiers was transferred to the final
classifier MLP, named as meta classifier. The MLP model was designed with three
layers, namely input layer, hidden layer, and output layer. The input layer was of
size 4 to accept the concatenation of two base classifiers with two output nodes. The
hidden layer was formed with 32 nodes activated by the ReLU activation function and
the output layer consisted of two nodes activated by the Softmax activation function
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input: | [(None, 50, 50)] input: | [(None, 50, 50)]
input_3: InputLayer input_4: InputLayer
output: | [(None, 50, 50)] output: | [(None, 50, 50)]
input: | (None, 50, 50) input: | (None, 50, 50)
ensemble_1_lIstm_10: LSTM ensemble_2_lstm_15: LSTM
output: | (None, 50, 100) output: | (None, 50, 100)
input: | (None, 50, 100) input: | (None, 50, 100)
ensemble_1_Istm_11: LSTM ensemble_2_Istm_16: LSTM
output: | (None, 50, 500) output: | (None, 50, 500)
input: | (None, 50, 500) input: | (None, 50, 500)
ensemble_1_lstm_12: LSTM ensemble_2_lstm_17: LSTM
output: | (None, 50, 128) output: | (None, 50, 128)
input: | (None, 50, 128) input: | (None, 50, 128)
ensemble_1_lstm_13: LSTM ensemble_2_lstm_18: LSTM
output: | (None, 50, 64) output: | (None, 50, 64)
input: | (None, 50, 64) input: | (None, 50, 64)
ensemble_1_lstm_14: LSTM ensemble_2_lstm_19: LSTM
output: (None, 32) output: (None, 32)
input: | (None, 32) input: | (None, 32)
ensemble_1_dense 2: Dense ensemble_2_dense_3: Dense
output: | (None, 2) output: | (None, 2)

\ /

input: | [(None, 2), (None, 2)]
output: (None, 4)

l

input: | (None, 4)
output: | (None, 32)

l

input: | (None, 32)

concatenate_1: Concatenate

dense_6: Dense

dense_7: Dense

output: | (None, 2)

FIGURE 5.4 The proposed model with internal parameters.

for final classification. The system parameters of the proposed model are shown in
Figure 5.4.

5.4 RESULTS AND DISCUSSION
5.4.1 DATASET

The proposed model was verified using the breast histopathology images distinguishing
non-IDC and IDC images of size 50 x 50 pixels. The dataset is publicly available at
the online platform Kaggle [51]. The original breast histopathology dataset consisted
of 162 numbers of whole-mount slide images scanned at 40x. The IDC and non-IDC
patches of size 50x50 were extracted with labels containing the patient ID, location
of pixels in x and y direction from which the patches were cropped, and the
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FIGURE 5.5 Samples of training data.
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FIGURE 5.6 Validation accuracy comparison.

corresponding class. Class value 0 represented non-IDC and 1 represented IDC. After
collecting the dataset we have renamed the dataset images with simple labels, such
as IDC for images containing cancer cells and non-IDC for healthy breast histopath-
ology images. The samples of each category of breast histopathology images are
shown in Figure 5.5.

5.4.2 PrebicTioN REsuLts

Prediction by the single LSTM was found to be less in comparison to state-of-the-art
methods. The accuracy plots of the two single models along with the ensemble model
are shown in Figure 5.6. To increase performance, the ensemble learning algorithm
stacked with MLP was applied. Accuracy increased, reaching 98%.

The proposed method was evaluated using the parameters precision, recall, F1-
score, accuracy, macro average, and weighted average. The detailed values of these
parameters are provided in Table 5.1.
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TABLE 5.1
Performance parameters of the proposed model

Precision Recall  F1-score Accuracy Support
Non-IDC (0) 1.00 0.93 0.96 0.98 14
IDC (1) 0.97 1.00 0.98 28
Macro average 0.98 0.96 0.97 42
Weighted average 0.98 0.98 0.98 42

Non-IDC, non-invasive ductal carcinoma; IDC, invasive ductal carcinoma.

From Figure 5.6, it is observed that the accuracy due to stacked ensemble increased
in comparison to the single LSTM model. The increase in performance is due to
second-stage training with the predictions of first-stage outputs.

5.5 CONCLUSION

In this chapter, the authors have provided a short review of breast cancer detec-
tion and classification using machine learning and currently trending deep learning
techniques. The study provides a brief idea of the classification of different types
of datasets, including mammograms, MRI data, CT scans, and ultrasound, therm-
ography, histopathology, and microwave images. In recent years, machine learning
techniques have also been adopted, although in an ensemble manner. Also, deep
learning in single architecture is rarely used. Ensemble learning has proven to give a
better performance and the methods were discussed in this chapter. Also, the authors
have verified an LSTM-based model for the classification of breast histopathology
images to predict non-IDC versus IDC images. Research in medical applications is an
ongoing process. More advanced algorithms are being developed for better classifica-
tion. Still, the scope is there to design models with better performance, practicability,
and cost-efficiency.
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6.1 INTRODUCTION

Artificial intelligence (Al) is a branch of computer science that was developed in the
early twentieth century to solve complex problems using computing systems with
advanced analytical or predictive capabilities. One of the most promising branches
of Al is machine learning (ML), which can learn from past data and has the potential
to create programming languages from that data. ML techniques forecast problem-
specific outcomes and measurements based on learning ability [Kourou et al. 2015,
Jiang et al. 2020]. ML can “learn” from data and recognize sophisticated patterns
using a mathematical and statistical approach. When computing a complex dataset,
ML processes go through two stages. The first is referred to as the “learning” phase,
while the second is the “verification” phase. During the first phase’s implementation,
a theoretical model is developed to clarify the task. ML algorithms check the first
phase’s findings and details during the verification phase. ML algorithms are divided
into three groups during the learning phase: supervised, unsupervised, and reinforce-
ment learning [Thenault et al. 2020].

Deep learning (DL) is a sub-branch of ML, in which artificial neural networks
(ANNSs), convolutional neural networks (CNNs), and deep neural networks (DNNs)
are used to analyze the deep data layers to automate the removal and recognition of
patterns in big datasets. The DL method is programmed to perform several tasks, such
as computer vision, speech recognition, bioinformatics, drug design, medical image
analysis, and histopathological diagnosis, with better performance than human intel-
ligence [Coccia 2019, Leatherdale and Lee 2019].
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ANNs consist of supervised and unsupervised ML algorithms programmed to
mimic biological neurons’ behavior. They perform the same functions as a biological
neural network. In ANNSs, there are several layers. The first layer is made up of nodes
that link to form a processing network. There is another layer called hidden nodes
between the first and last layers. The multilayer perceptron has three neuronal layers,
and this is the most commonly used ANN in medical science. Magnetic resonance
imaging (MRI), mammography, ultrasound, and thermography are the most common
applications [Thenault et al. 2020].

In the twenty-first century, the mortality rate of cancer increased due to improper
cancer management and diagnosis. Cancer is a group of diseases characterized by
the irregular growth of normal tissues that spread to other body areas. Early cancer
prediction and identification continue to pique the interest of AI and ML researchers,
oncologists, and scientists due to the unpredictable growth of tumor cells. The early
detection and diagnosis of cancer are critical in the battle against cancer. Image pro-
cessing, which is used for cancer screening and diagnosis, has used various ML
methods [Sherbet et al. 2018]. We will explain how different types of ML techniques
and algorithms are used to detect cancer through medical imaging, monitor cancer
care such as radiotherapy, and reduce the cancer burden in this study.

6.2 TYPES OF DATA

The vital aim of the ML method is to identify and give rise to a model which can per-
form categorization prognosis approximation and related queries. Hence for an excel-
lent model to work, we must test its accuracy. For this purpose, quantitative metrics
of accuracy and area under the curve (AUC) are used. Thus, AUC is considered the
mode to assess the model’s performance; it is measured in terms of sensitivity and
specificity (Figure 6.1).

Predictive accuracy depends on the data provided for training and testing the
samples, hence the need for a classifier. The classification of data is based on these
methods:

e Method of holdout

e Sampling the random data
e Method of cross-validation
e Method of bootstrap.

The samples were categorized as training sets and test sets during the holdout pro-
cedure. Hence the categorization model opted for training sets, and its execution was
approximated on the test sets.

In the random method, we performed the same categorization as in the holdout
method, where the training sets and test sets were selected randomly, and the holdout
method was repeated several times.

Each specimen was utilized for training and only once for test sets in the cross-
validation approach.

In the bootstrap method, the specimens were abstracted by replacing them with
training and test sets.
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6.2.1 ML MEeTHODS
After processing the data, the new learning task must be given in the ML method. The

ML methods, which we will discuss in the next section, are:

* ANN
* SVM.

6.2.2 ANN MEeTHOD

This network has several distinct layers, consisting of an input layer, multiple hidden
layers, and an output layer (Figure 6.2).

Consider the example of the vector transfer given in https://towardsdatascience.
com/applied-deep-learning-part-1-artificial-neural-networks-d7834f67a4f6, which

performs dot products of the matrices (Figure 6.3).
Here the vector x has 1 row and 3 columns and the output layer has 1 row

and 1 column. Using the ANN technique, we use backpropagation, as shown in
Figure 6.4. Here we perform matrix multiplication between 3 branches and 4
branches of the 1x3 matrix input with 3x4 weight matrix W, which is then multi-
plied by W, (4x4) arising in the 1x4 matrix. Lastly, we use the 4x1 matrix into W,,

to get output 4.
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Input layer hidden layer 1 hidden layer 2 Output layer

FIGURE 6.2 Network in which each branch in one layer is attached to another branch in the
next layer [Kourou et al. 2015].

3X4 4X4
‘ 4X1
» "
A W,
Input layer hidden layer 1 hidden layer 2 Output layer

FIGURE 6.3 Dot product of the matrices in the form of layers in the artificial neural network
model [Kourou et al. 2015].

6.2.2.1 Advantages

* Representation is made in pairs.
e They are used for problems of target function.
e The errors do not affect the final output.
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3X4 4X4
1X3 4x1 1X1
X Wy w, W3 y

FIGURE 6.4 Back propagation for matrix multiplication [Kourou et al. 2015].

e It is used for quick evaluation. These methods can work with a number of
parameters.

6.2.2.2 Disadvantages

* ANN requires parallel processing power for its structure, which makes it
dependent on the equipment.

*  When this method gives us a solution, it can give unexplained functionality of
the network.

e It does not give optimum results.

6.2.2.3 ANN Methods in Cancer Control

One of the essential tools in medical diagnosis and tumor classification is to record
gene appearance levels from several genes. For this purpose, an ANN method plays
a significant role as we know that these data are indicated by a large number of gene
appearance levels that can overlap with the number of specimens, giving rise to out-
fitting the data. Thus arises the need to use an appropriate method or select a small set
of genes or implement cross-validation to avoid outfitting the data.

In Tibshirani et al. [2002], both supervised and unsupervised methods were used
to classify cancer. The authors took taken an example of colon cancer where they
proved that supervised ANNs were better than other methods. Colon cancers were
classified into two subtypes: inflammatory bowel disease-related neoplasia (IBDN)
and sporadic colon adenoma cancers (SACs). SACs require polypectomy, and IBDNs
are treated with partial colectomy. A study was performed with DNA microchips to
separate the usage of ANN and hierarchically combined colon cancer approaches
using 8,064 hybridizing clones of cDNA in 39 neoplastic colon samples [Selaru
et al. 2002]. The method of Gene Finder was considered for the determination of
1,192 clones that indicate various mean statistical square values between IBDN and
SAC (P = 0.001). The authors investigated 1,192 inputs for the selected genes, and
results were compiled at 0 for IBDNs and 1 for SACs with MATLAB mathemat-
ical software. The ANN method was accomplished with a training set of 5 IBDNs
and 22 SACs. The test set had the remaining data samples, consisting of 3 IBDNs
and 9 SACs. ANN methods employed statistical techniques, comparing their pre-
defined output (target) with ANN output. Hierarchical congregated methods used
the program Cluster. Here the ANN network offered 12 out of 12 blinded samples,
and the researchers observed that the hierarchical congregated analysis deteriorated.
Thus, ANN correctly recognized the two forms of colon cancer [Selaru et al. 2002].
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FIGURE 6.5 Tumors were differentiated according to their size and the age of the patient.
Arrows represent misclassified tumors. This figure is modified from the machine learning
lectures of Adams [2012].

6.2.3 SVM MeTHOD

In Huang et al. [2018], SVM was considered to be the most powerful tool/method for
categorizing cancer cells. This method helps us understand the genomic patterns of
different types of cancer, prognosis, prognostication for drugs, and the malignancy
phenomena of cancer on tumor cells. In this method, a partition is created, known as
a hyper-plane or decision boundary between two classes (Figure 6.5).

6.2.3.1 SVM Method in Cancer Control

To utilize this method, we took the example of using the SVM method in the early
prognosis of breast cancer. The prognosis of tumors in mammograms is divided into
three main stages. In the first stage, an enhancement method is carried out: image
enhancement techniques are used to modify and clear an image. In the next stage, an
intensity adjustment is made to a new range. After this, mammogram enhancement
classifies the tumor area. Then these are taken from the segmented mammogram.
Finally, in the next stage comes these segments are analyzed by the SVM classifier.

In this method, we considered the nearest points, which are known as support
vectors.

For the given set of points (a, b,), (a, b,)............... (a,b)

a.inRand b, in (-1, +1)
a. gives us vector notation and b, gives us categorized sections.
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Now the hyper-plane is defined as:
Vitb=0

where V = weighed vector

VaT +C>+1  ifb =+1
Va' +C<-1  ifb, =-1

where C is the bias

Hence the objective function of the SVM method maximizes the !

IviF
where a, for which |bi | Va! +b=~1is named as a support vector.
The application of this method for breast cancer detection is explained in detail by
Hiremath and Prasannakumar [2017].

6.2.3.1.1 Advantages

e This method is effective in high-dimensional space.
e It has a high efficiency rate in terms of memory.

6.2.3.1.2 Disadvantages

e It is not appropriate for large datasets.
* When numbers of data points are more than the sample data it does not give
appropriate results.

In the following sections, we will gain insight into the application of ML methods in
different types of cancer.

6.3 ROLE OF ML IN DIFFERENT CANCERS

Pathologists have always struggled with cancer identification, as well as diagnosis
and treatment preparation. Al and ML models can detect cancer from microscopic
biopsy images using automated detection and classification methods. The software
loads microscopic biopsy images from a file. A CNN algorithm can read and arrange
images through image processing. Images are trained and tested using ML, which
examines the images and determines whether they are positive or negative. This
approach is faster and produces even better results.

Cancer is a term used to identify cancerous growths or irregular cell growth in
the body. There are over 100 different forms of cancer. Breast cancer is a form of
cancer that affects the tissue of the breast. Breast cancers are most commonly found
in the cells that line the milk ducts and the lobules that supply milk to these vessels.
A biopsy of the connective tissue is used to diagnose breast cancer [Breast Cancer
Treatment 2014]. According to the Canadian Cancer Society, 27,700 women and 260
men will be diagnosed with breast cancer in 2021 [Breast cancer statistics — Canadian
Cancer Society].
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A brain tumor is an intracranial tumor, an irregular mass of tissue in the brain that
grows uncontrollably [Brain Tumors 2021]. The initial stage of tumors that start in
the brain and secondary tumors that spread from tumors outside the brain are the two
types of cancerous tumors. Symptoms of all types of brain tumors may arise, and they
differ based on the location of the tumor in the brain [NCI 2014].

The unregulated proliferation of cancer cells in the skin is known as skin cancer.
Basal cell carcinoma (BCC), squamous cell carcinoma (SCC), and melanoma are
the three forms of skin cancer. Non-melanoma skin cancers are BCC and SCC. BCC
is ubiquitous in the head and neck, where it develops slowly and affects the tissues
around it. SCC affects cells in the outer layer of the epidermis.

Lung cancer is a malignant tumor of the lungs that causes uncontrolled cell
growth. This growth spreads to surrounding tissues through a process called metas-
tasis. Small-cell lung carcinoma and small-cell non-lung carcinoma are the two most
common forms of lung cancer [Falk and Williams 2010].

Prostate cancer affects the prostate gland; the prostate gland is present in the male
reproductive system and surrounds and protects the bladder. The majority of prostate
cancers develop slowly. Cancer cells can spread to other body parts, especially the
bones and lymph nodes [Ruddon 2007]. In 2021, an estimated 248,530 men will be
diagnosed with this type of cancer, according to research from the American Cancer
Society (www.cancer.org/cancer/prostate-cancer/about/key-statistics.html).

6.3.1 RoLe IN BRAIN TUMOR

When a brain tumor develops, most abnormal cells have poor contrast compared to
neighboring cells. The majority of patients with brain tumors have a 5-year survival
record. As a result, the most important job is to identify a brain tumor as soon as possible.
Optical imaging and Al help to speed up and improve the identification and diagnosis of
brain tumors. In medical imaging, Al in the application of DL methods is used to cat-
egorize and diagnose brain tumors. The most widely used MRI modality for brain tumor
diagnosis is a painless technique that helps study tumors from different perspectives
and viewpoints. The medical imaging method of brain tumor segmentation is used for
tissue quantification, classification, surgical preparation, abnormality localization, and
various medical assessments. Manual segmentation, semiautomatic segmentation, and
fully automatic segmentation are the three forms of segmentation. Different Al
and ML algorithms are used in MRI image processing to better view image segmenta-
tion and classification [Saba 2020]. In the segmentation of brain tumors, the CNN algo-
rithm is widely used. With limited pre-processing, CNN extracts features from pixel
images directly [Badza and Barjaktarovi 2020]. The best-known CNN architectures for
brain tumor segmentation are given as fuzzy clustering, the form of k-clustering, and
Otsu and threshold approaches, as well as U-Net architecture [Bhandarim et al. 2020].
LinkNet is a semantic segmentation-focused light DNN architecture. This network is
faster and more accurate than SegNet [Sobhaninia et al. 2018, Saba 2020].

6.3.2 RoLE IN BREAsT CANCER

Breast cancer is common in women worldwide due to delayed childbearing, insuffi-
cient breast therapy, and a higher screening rate. Mammography is alow-cost and safe
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breast cancer screening technique that helps to enhance prognosis and minimize mor-
tality by detecting unchecked breast cells early. Computer-aided detection (CADe)
and diagnosis (CADx) imaging methods are used in this screening process. These
imaging techniques use Al-based CNN models to provide accurate mammography
information. To improve the accuracy of digital mammography, an Al-based algo-
rithm is used. CNNs based on Al are often used to scan and examine microscopic
images of cancer cells. Abnormal cells are isolated from the healthy cells during
this procedure [Coccia 2019, Patil et al. 2020]. Deep synergy models are Al-based
programs that predict novel drug combinations within the space of drugs and cell
lines investigated [Akbari et al. 2019].

In recent years, DL algorithms have also been used to determine breast volume
and parenchyma arrangement and essential biomarkers for cancer risk assessment
and treatment management [Saba 2020]. The success of the classification system has
had a significant impact on breast cancer diagnosis. The spread of breast cancer has
been identified and listed using CNN algorithms AlexNet, CiFarNet, GoogLeNet,
VGG16, and VGG19. Other ML techniques such as neural networks, decision trees,
K-nearest neighbor (KNN), support vector machine (SVM), and ensemble classifiers
are also used to differentiate between malignant and benign tumors [Kourou et al.
2015, Patil et al. 2020].

6.3.3 RoLE IN SKIN CANCER

The two most common types of skin cancer are melanoma and non-melanoma.
Because of melanoma’s high variability and propensity to spread, identification can
be more difficult. Dermatologists can diagnose and classify skin cancer using visual
examination and dermoscopy. They were able to identify the cancer stage and the
treatment or diagnostic protocol for cancer using their pattern recognition experience.
Al and ML algorithms are gaining much traction in skin cancer diagnosis [Goyal
et al. 2020]. According to Esteva et al. [2017], the performance of DL algorithms
in skin cancer classification is extremely strong compared to dermatologists’ per-
formance in skin cancer classification. ML technologies that extract sophisticated
features, such as the ABCD rule, the three-point checklist, and deep CNN (DCNN),
have also obtained substantial achievements in the area of medical imaging, in which
features are directly derived from the images. Ramya et al. [2015] used an adaptive
histogram equalization method, a Wiener filter, a segmentation mechanism, and an
SVM classifier to identify a small dataset of skin lesions. The skin cancer categor-
ization was highly reliable and widely accepted. Aima and Sharma [2019] achieved
an accuracy of 74.76% and a validation loss of 57.56% in their work when handling
early-stage melanogenic skin identification by CNN on 514 dermoscopic pictures
from International Skin Imaging Collaboration (ISIC) datasets.

6.3.4 RoLE IN PROSTATE CANCER

Because of poor management during the diagnosis process, prostate cancer is the
second leading cause of cancer. The detection of an elevated prostate-specific antigen
(PSA) level during the diagnosis of prostate cancer is important. The PSA level was
measured using an ANN-based algorithm, which was also used to diagnose prostate
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cancer and its progression. ANN has been used in several studies to increase the
sensitivity and precision of prostate cancer detection, reduce unnecessary prognostic
testing of false-positive PSA outcomes, and help in prostate cancer diagnosis. DL, an
ML-based supervised methodology, is more effective for different imaging modal-
ities and treatment and produces high-performance results in prostate cancer [Patil
et al. 2020, Thenault et al. 2020]. Multi-parametric MRI (mp MRI) based on CNN
is used to identify suspicious prostate lesions and gain insight into tissue properties.
CNN algorithms combined with mp MRI images effectively detect and treat prostate
cancer [Wildeboer et al. 2020]. Through advanced and versatile CADe and CADx
systems, Al models recognize and classify prostate cancer.

6.3.5 RoLe IN LuNG CANCER

Al and ML-based approaches can also assist with lung cancer identification, diag-
nosis, and prognosis. Researchers used an Al algorithm in lung cancer classification
to achieve better results in image analysis, especially in computed tomography (CT)
scans. In the medical image analysis method, CNN-based models can learn directly
from raw datasets and extract features automatically [Arabi and Zaidi 2020]. The
multi-CNN (MCNN) model can capture nodular heterogeneity by removing discrim-
inative features from alternately stacked layers in early lung cancer diagnosis. By ana-
lyzing CT images, this model can measure lung nodules as well. DL technology, such
as CNN, assists in lung cancer diagnosis by achieving high accuracy in classifying
the type of cancer and assessing the best course of treatment [Guosheng et al. 2020].

6.3.6 ROLE IN RADIOTHERAPY

Based on structured and unstructured radiation oncology datasets, ML applications for
radiotherapy have been developed. The primary aim of modern radiotherapy is to syn-
thesize helpful information from these data to enhance patient outcomes. Knowledge-
based response-optimized radiotherapy has since emerged as a critical framework for
designing individualized therapies in the radiotherapy treatment course by modifying
dose delivery based on clinical, geometric, and physical parameters. The application
of Al technology during cancer radiotherapy increases. Radiologists may use Al to
create radiation laws that automatically get them out of target areas or into treatment
areas. The Al program creates a care plan for patients equivalent to conventional
treatment plans, in a lot less time [Arabi and Zaidi 2020, Guosheng et al. 2020].

6.3.7 RoLE IN CHEMOTHERAPY

In chemotherapy drugs are administered to the body that destroy cancer cells while
also halting the growth of abnormal cells. Chemotherapy uses potent chemicals, so it
poses more of arisk than a profit. These adverse effects can be reduced to some degree
with the aid of Al. Al can assist in identifying and analyzing cancer-causing genes, as
well as identifying mutation level, cancer stage, and subtype based on mutation level
[Arabi and Zaidi 2020]. Furthermore, an Al-based model can monitor chemotherapy
drug use, determine drug tolerance, and rapidly understand how cancer cells become
immune to anticancer drugs, thus improving drug production and aiding in drug
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regulation. The method of DL helps to correct and speed up optimizing combination
chemotherapy [Artificial Intelligence Benefits in Chemotherapy — AI Objectives].

6.4 CONCLUSION

Al and ML are gaining popularity in biomedical research. They are commonly used in
medical and health science research due to their well-programmed methods, effective
system for data processing and optimization, and insightful, accurate performance.
Cancer is one of the most common diseases in human society, killing millions of
people worldwide. Al and ML algorithms are widely used in cancer research and
treatment. In this work, we have discussed the applications of two key algorithms,
ANN and SVM method, in cancer detection. Also, various data types used in ANN and
SVM systems, such as the holdout method, random data sampling, cross-validation
method, and bootstrap method, were discussed. The role of ML techniques such as
DL methods, CNN, MCNN, and DCNN in treating cancers such as brain tumors, and
breast, skin, prostate, and lung cancer was then addressed. These machine-learning
methods can also be applied to the delivery of radiotherapy and chemotherapy, two of
the most common cancer treatments.
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7.1 INTRODUCTION

Diabetes is a disturbance in metabolism generated mainly by liver disease that in
turn causes complications such as foot ulcer and retinopathy (Noor et al. 2015,
Qureshi et al. 2016, Amin, Sharif, Rehman, et al. 2018). Throughout the world,
at varying ages, approximately 2.8% of people were affected by diabetes in the
year 2000 and this level will reach 4.4% by 2030 (Wild et al. 2004). In adults
above 18 years, the global occurrence of diabetes was 8.5% in 2014 (Lipsky et al.
2016, World Health Organization 2016). For patients with diabetes, there is about
15-25% chance of eventually developing DFU; without proper care properly, DFU
may result in foot or limb amputation (Aguiree et al. 2013). Type 1 diabetes is
generated when insulin production is low, causing viral or bacterial infection and
resulting in cell damage. In contrast, type 2 diabetes occurs as a result of an increase
in blood glucose level because of resistance to insulin that damages organs of the
body (Chimen et al. 2012).
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ULcer Disease AND TYPES

The cause of ulcers is mainly untreated injury resulting from blood flow problems
(Souaidi and El Ansari 2019). Usually, ulcer symptoms include swelling, itching,
burn or rash, brown discoloration, dry skin, redness, and blisters (Ali et al. 2001).
There are several types of ulcers, as follows:

1.

Peptic ulcers: A peptic ulcer is a common type of stomach or duodenal ulcer.
Usually, symptoms include epigastric pain (pain in the upper part of the
stomach), vomiting, hematemesis, and melena. The most severe and frequent
complications are obstruction, bleeding, perforation, and penetration (Chan
and Leung 2002, Malfertheiner, Chan, and McColl 2009, Milosavljevic et al.
2011, Graham and Khalaf 2020).

Esophageal ulcers: Esophageal ulcers are also called gastric ulcers and
develop in the stomach lining, inside the esophagus. They commonly arise
after intake of food or when juices or stomach acid reflux into the esophagus
and erode its lining (Tarnawski and Ahluwalia 2012).

Duodenal ulcers: Duodenal ulcers develop inside the duodenum (small intes-
tine). A common symptom is epigastric pain that usually occurs during fasting
or in the night and are usually relieved by taking food or agents that neutralize
acid; some duodenal ulcers also provoke heartburn (Pounder 1981, Varacallo
and Mair 2020).

Helicobacter pylori ulcer: H. pylori is a Gram-negative spirochete and is the
main cause of stomach ulcers. It consists of an enzyme named urease which
commonly alkalinizes the inflammatory part of the stomach or gastric mucosa
and remains in the stomach for many years. Other causes include stress,
alcohol, excessive consumption of caffeine, smoking, or genetics (Wu, Lin,
and Liaw 1995, Malfertheiner, Chan, and McColl 2009).

Arterial ulcer: Arterial ulcers are also called ischemic ulcers; they featire on
the outer side of the toes, ankles, hands, heels, feet, legs, etc. An arterial ulcer
starts from a small, shallow wound that increases in depth and size with time.
It is caused by decreased perfusion. The risk of fungal infection increases
due to poor tissue oxygen concentration (Nelson and Bradley 2007, Bohnett
et al. 2019).

Venous ulcer: This is a common type of leg, mouth, and foot ulcer. Generally,
the shape of these ulcers is irregular and there is a moderate to high amount
of wound drainage. A yellow thin fibrous coating covers the wound bed and
looks glossy. It is often associated with many skin changes, i.e., dermatitis and
dry, scaly skin (Bevis, Earnshaw, and Dermatology 2011, Evans et al. 2019).

Diabetic foot ulcer: DFU, also known as diabetic neuropathic ulcer, is the
foremost problem of diabetes (Abbott et al. 1998, Paton et al. 2011). The cause
of DFU may be ischemia that results in amputation of the foot if not treated
or identified early (Santilli and Santilli 1999). DFU affects patients and espe-
cially those who are affected by gangrene or ischemia (Prompers et al. 2007).
Ischemia is an inadequate supply of blood that can affect the healing of DFU,
and it develops due to poor perfusion pressure to the foot (tissue damage of
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that foot part) (Prompers et al. 2007). Infection is characterized by DFU bac-
terial soft-tissue infection on the basis of inflammation (Williams, Hilton, and
Harding 2004). Bacterial infection, continuing trauma, tissue ischemia, and
poor management cause DFU to heal slowly and it readily transforms into a
chronic wound (Jeffcoate and Harding 2003). In the medical system for a diag-
nostic test, a blood test is performed as a diagnostic gold-standard test (Ince
et al. 2008). It is necessary to develop robust methods using computer vision
techniques for DFU detection (Irum et al. 2014) that include various grades
and stages, based on the Texas classification. However, before a complete
system of DFU diagnosis is developed, different conditions such as depth, site,
area, ischemia, infection, and neuropathy should be considered with regard to
the outcome of DFU (Lavery et al. 1996, Schaper and Reviews 2004, Treece
et al. 2004, Jain 2015). Patients suffering from DFU — particularly those with
ischemia — should be checked if they have an infection. Approximately 56%
of people with DFU become infected, and 20% of DFU infections lead to limb
or foot removal (Prompers et al. 2007, Lipsky et al. 2012).

7.1.2 ReaL-Time DFU APpPLICATIONS

Automated smartphone applications for the recognition and detection of DFU
diseases are becoming popular in image processing and computer vision. Yap et al.
(2016, 2018) developed a FootSnap application that is used to produce a standardized
DFU images dataset. Basic techniques for processing are used in this application, i.e.,
edge detection for producing foot ghost images useful in monitoring the progress of
the DFU. Since it was designed to standardize conditions of image capture, it does not
perform DFU automated recognition.

7.1.3 Scopre AND OBJECTIVES

This chapter focuses on an overview of DFU, its challenges, and the methods utilized
for its detection, as shown in Figure 7.1. This work considered different methods of
image pre-processing, image segmentation, hand-crafted, and deep features extrac-
tion, features selection (Saba, Rehman, Jamail, et al. 2021, Saba, Rehman, Latif, et al.
2021), and classification, with their challenges.

Introduction -)| Applications -)| Spety (=3 Preprocessing

Exetfané:;sn €= Challenges |€= Segmentation |¢= Challenges

g:;tgtrizz -)‘ Classification w4 Challenges |=3 Datasets
Summary = Discussion

FIGURE 7.1  Organization of chapter.
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7.2 PRE-PROCESSING METHODS

Pre-processing plays an essential role for noisy, inconsistent, and incomplete data and
it is the initial step required to acquire high accuracy. The images captured by cameras
contain a lot of noise and include poor background (Sharif et al. 2010, Jeyavathana
et al. 2016).

Image enhancement is a process for adjusting digital images to make the results
more suitable for image analysis. It comprises brightening, sharpening, and noise
removal, which makes it easier to identify key features (Huang 1969, Irum et al.
2015). Data augmentation, i.e., rotating, mirror, Gaussian noise, contrast enhance-
ment, translation, sharpen, and shear, was performed by Goyal et al. (2020) for
performance enhancement. Then texture and color features were extracted and the
proposed algorithm of superpixel color descriptor and deep ensemble architecture
was applied for the classification of ischemia and infection.

Morphological operations, i.e., dilation, erosion, closing, and opening, were
utilized by Hernandez-Contreras et al. (2015) for segmenting thermal patterns of
diabetic foot ulcers followed by classification. Mwawado et al. (2020) performed
resizing of images to convert them to double. Further, red, green, and blue (RGB) to
grayscale conversion was performed to find edges and convert the edge map into a
binary image. Morphological operation, i.e., closing, was applied to fill and connect
edges of the ulcer area to segment DFU and introduce a robust edge detection method
for DFU detection. Fraiwan, Ninan, and Al-Khodari (2018) converted images to gray-
scale for efficient processing then applied a binary threshold of 149 to segment patient
feet from the background. The authors further utilized morphological operations of
erosion for noise removal and dilation to recover foot area loss while mean tempera-
ture difference was used for foot ulcer and non-ulcer detection. In another study,
image binarization was utilized by Solis-Sanchez et al. (2016) with a threshold of
254, after which morphological operations were applied, i.e., erosion for reduction of
unwanted objects and a closing operation for the cleaning process used to eliminate
isolated pixels of an image. In addition, segmentation of the DFU region was done.
Another step of pre-processing is color space enhancement. This is a very basic and
crucial step for contrast enhancement from the background and plays an essential
role in the medical imaging field (Lakhwani, Murarka, and Chauhan 2015). Hue,
saturation, value (HSV) color space was used by Godeiro et al. (2018) before seg-
mentation and image binarization were performed to reduce noise and detect human
skin and wounds. The segmented image was transformed into CIELAB color space to
accelerate the classification procedure. Finally, wound tissue classification was done.

In pre-processing, another process is noise removal, used to reduce or remove
noise from the noisy image to make the entire image smooth without losing informa-
tion or details (Fan et al. 2019).

A method for noise filtering was developed by Chakraborty et al. (2016) using
median filter, color correction using YDbDr color transformation, and color hom-
ogenization using anisotropic diffusion followed by segmentation of wound and
tissue classification. In another study, a modified mean filter was applied by Cui et al.
(2019) using a threshold to reduce the noise effect caused by light reflection. Then
the diabetic lesion was extracted to apply diabetic wound segmentation. Also, post-
processing was done to refine segmentation and obtain predicted masks. Patel, Patel,
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and Desai (2017) utilized RGB-to-HIS (hue, intensity, saturation) conversion and
a diffusion procedure for noise removal from wound images as diffusion smoothes
the wound tissues by preserving borders. After wound tissue segmentation and tex-
ture feature extraction, morphological operation filling was used to fill small holes,
removing small regions and extracting the wound region to detect wound tissue.

7.2.1 CHALLENGES

The main challenges in this area were: (1) non-availability of public datasets and
costly annotations to images of DFU; (2) DFU datasets lack standardization, such as
camera distance from the patient’s foot, brightness, lighting conditions, and image
orientation; (3) performance degradation due to variations in shape, size, and tex-
ture; and (4) absence of meta-data-like patient age, ethnicity, sex, and size of the foot
(Goyal 2019).

7.3 SEGMENTATION

Segmentation is an essential phase due to its property of simplifying the image
representation and its analysis (Masood et al. 2015, Rodriguez-Esparza et al. 2020).
Different techniques are discussed in this chapter, including region-based, semantic,
instance, thresholding-based, color image, and deep learning-based segmentation
(Khan et al. 2019, Nisa et al. 2020).

In the region-based segmentation method, region of interest (ROI) from an image
is selected by examining neighbor pixels (Tang 2010). This involves dividing the
images into uniform regions for processing based on an appropriate thresholding
technique (Tremeau and Borel 1997, Kaganami and Beiji 2009). Adaptive rescaling
is applied before segmentation (Song and Sacan 2012) to reduce time consumption.
Then for automatic image segmentation of DFU images, wound regions are extracted
using region growing, edge detection, and thresholding. Veredas, Mesa, and Morente
(2009) implemented an algorithm of mean shift for region smoothing and a method
of region growing for effective region segmentation. Another technique is semantic
segmentation, also termed utilizing scene labeling. In this method a specific label is
allocated to every image pixel (Yu et al. 2018).

In other words, each image pixel is classified into a class (an instance) (Taghanaki
et al. 2021). An algorithm of mask region-based convolutional neural network
(R-CNN) is trained by Mufioz et al. (2020) to carry out instance segmentation to
discriminate lesions from images of DFU, achieving accuracy of 98.01%. These
authors combined two important tasks of object detection for locating an object in
an image and segmentation of natural instances. Clustering-based segmentation
is used for partitioning image data into several clusters or disjoint groups (Sathya
and Manavalan 2011). For differentiation of the ulcer region and its surroundings
(Jawahar et al. 2020), RGB to HSV conversion is done, which makes human visu-
alization easier. Dhane et al. (2017) used an order statistics filter for the removal
of noise and redundant regions. Then they performed color normalization and RGB
to YDbDr color transformation and presented fuzzy-spectral clustering (FSC) algo-
rithm for wound region delineation, obtaining accuracy results of 91.5%. A system
for wound analysis was proposed by Wang et al. (2014); this system runs on android
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smartphones. The mean shift algorithm was applied to the segmentation of wound
images, achieving a Matthews correlation coefficient of 73.6%. In other research,
accelerated mean shift was utilized by Bhelonde et al. (2015) for wound segmenta-
tion on android phones. Dalya and Shedge (2016) presented an algorithm of K-means
shift for wound assessment based on smartphone and attained an accuracy of 80%.
Moreover, edge-based segmentation is another technique for extracting edge infor-
mation about images and locating areas with strong contrast, such as the object’s
location, size, and shape (Mageswari, Sridevi, and Mala 2013). Improved watershed
segmentation technique was proposed by Babu, Ravi, and Sabut (2017) using an algo-
rithm of pruning and flooding for diabetic wound-healing assessment. In the segmen-
tation process, threshold-based methods are widely used to segment images and are
useful for discriminating foreground from background (Kumar et al. 2014). Fraiwan
et al. (2017) presented two techniques for performing analysis.

The segmentation process also includes color-based segmentation. It is based on
color features of image pixels and each cluster defines the class of pixels containing
similar color properties (Ganesan et al. 2019). RGB (a common representation of
color) is aimed at storing images. Further colors could be achieved by RGB space
non-linear or linear conversion. Liu et al. (2015) considered five color representations,
i.e., RGB, RGB-ratio, normalized RGB, HSV, Y’CbCr. Kolesnik and Fexa (2005)
proposed a technique of multidimensional color histogram sampling for feature
descriptor and passed it as input to support vector machine (SVM) for automatic
wound region extraction. Five techniques of histogram sampling comparison were
performed:independent sampling (IS), learning vector quantization (LVQ), vector
quantizer design (LBG-VQ), random density estimation (RDE), and multidimen-
sional histogram sampling (HS). The problem of difficult wound segmentation can be
generalized well by an SVM classifier using only 3D color histograms.

7.3.1 DEeer LEARNING-BASED SEGMENTATION

Deep learning is known to be a sub-field of machine learning (Amin, Sharif, Raza,
et al. 2018, Amin, Sharif, Gul, et al. 2020, Sharif et al. 2021) and is also used for seg-
mentation purposes. Bouallal et al. (2020) performed RGB to grayscale conversion
and proposed a U-net (Ronneberger, Fischer, and Brox 2015) deep learning (Saba
et al. 2020) model for plantar diabetic foot thermal image segmentation. In another
study, U-net was utilized by Herndndez et al. (2019). Ohura et al. (2019) utilized four
architectures, namely Link-Net, Seg-Net, U-net, and U-net with Vgg16, for wound
segmentation and detection. U-net outperformed the others, with an accuracy of
97.82% on the DFU dataset. Liu et al. (2017) presented WoundSeg architecture based
on deep convolutional neural network (CNN) for wound segmentation and achieved
98.18% accuracy. Wang et al. (2015) cropped images using a modified version of
GrabCut and introduced an architecture ConvNet based on encoder-decoder for
wound area segmentation and analysis of the wound-healing process. Accuracy of
95.6% was acquired by their proposed technique. Maldonado et al. (2020) suggested a
system that helps in detecting and classifying foot sole zone temperature differences,
i.e., >2.2°C is ulcerous and <—2.2°C is necrotic. A retrained mask-RCNN model was
used for segmenting images. Table 7.1 gives a summary of segmentation techniques.



TABLE 7.1

Summary of segmentation techniques

Authors Methods Datasets Method type Results
Bouallal et al. (2020)  RGB to grayscale conversion, proposed U-net Private (394 Segmentation Dice index of U-net with

Ohura et al. (2019)

Godeiro et al. (2018)

Goyal et al. (2017)

Babu, Ravi, and Sabut
(2017)

Etehadtavakol et al.
(2017)

Dalya and Shedge
(2016)

Liu et al. (2015)

architecture, dice coefficient

Link-Net, Seg-Net, U-net and U-net with
Vggl6

HSV color space, image binarization,
watershed, GrabCut, Otsu thresholding,
CIELAB color transformation, U-net

Semantic segmentation by their proposed
FCN, dice coefficient

Proposed an improved watershed algorithm
using pruning and flooding

Snakes algorithm (active contour algorithm),
asymmetry analysis, fuzzy c-mean
K-mean shift algorithm

RGB, RGB ratio, normalized RGB, HSV,
Y’CbCr, and CIE L*a*b* and k-mean

thermal images)

Private (396
images)

Private (30
images)

Private (705
images)
Private

Private (59
images)
Private

Private (76
patients’ data)

Segmentation and
detection

Segmentation and
classification
Segmentation

Segmentation

Segmentation
Segmentation

Segmentation

multimodal images = 99.17%,
U-net with only thermal
data = 98.68%
Accuracy = 97.82%
on U-net,
Sensitivity = 85.8%,
specificity = 98.8%
Accuracy by U-net = 96.10%,
dice coefficient = 94.25%,
sensitivity = 91.28%,
specificity = 98.76%
Dice-index = 89.9% of surrounding
region, and 79.4% ulcer region
Tested three images: 99.24% on
image 1, 100% on image 2, and
97.85% on image 3
Temperature > 3°C for ulcer
detection
Accuracy = 80%

Specificity = 99%, and
sensitivity = 98% in CIEL*a*b*
(continued)
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Summary of segmentation techniques

Authors Methods

801

Method type Results

Wang et al. (2014) Downsample images by factor 4 in both

vertical and horizontal direction, Gaussian

blur method using SD = 0.5 to remove

noise, color segmentation based on K-mean

algorithm, mean shift algorithm

Song and Sacan (2012) Adaptive rescaling, eegion growing, edge

detection, and thresholding

Veredas, Mesa, and Mean shift algorithm, region growing,
Morente (2009) multilayer perceptron

Kolesnik and Fexa Proposed SVM-based segmentation
(2006)

patients’ data)

Segmentation MCC =73.6%

Segmentation Accuracy by RBF = 85.7%,
MLP =71.4%
Segmentation and Accuracy = 91.5%, specificity =
classification 94.7%, sensitivity = 78.7%
Segmentation Output segmentation quality varies

according to error rate, ranging
from 0.47% to 30.45%

RGB, red, green, and blue; HSV, hue, saturation, value; FCN, fully convolutional network; MCC, Matthews correlation coefficient; RBF, radial basis function; MLP,

multiple-layer perceptron; SVM, support vector machine.
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7.3.2 CHALLENGES

In image segmentation, interactive techniques provide appropriate results but as the
amount of images increases, these techniques become non-feasible. For automatic
segmentation of images, many techniques have been introduced along with sev-
eral challenges that involve low contrast, noisy images, and high computation time
(Fida et al. 2017). Furthermore, expensive imaging modalities like magnetic reson-
ance inductance and X-ray may not be easily accessed in many developing countries
that have limited healthcare facilities. These challenges require the development of
methods to objectify and enhance accuracy to analyze DFU using traditional methods
(Lepéntalo et al. 2011).

7.4 FEATURES EXTRACTION

Features extraction is an influential phase in image processing used in the extrac-
tion of useful features for classification and image recognition (Haider et al. 2014).
Common features are extracted by the process of features extraction (Pachouri and
Technologies 2015). Two types of features are hand-crafted and deep features (Saba
et al. 2019).

7.4.1 HAND-CRAFTED FEATURE-BASED METHODOLOGIES

Hand-crafted features are utilized to extract information (features) from images
(Nanni, Ghidoni, and Brahnam 2017). Over the years, several feature descriptors
have been introduced. Different methods of handcrafted features extraction are
discussed in this chapter, including texture and color-based features. In image pro-
cessing, textural features are used for object recognition and classification. There are
several methods for texture feature extraction. Goyal, Reeves, Davison et al. (2018)
performed data augmentation and then extracted features using histogram orientation
gradient (HOG), local binary pattern (LBP), color descriptors (HSV, RGB, Lu*v*),
and trained sequential minimal optimization (SMO), and also proposed DFUNet for
normal/abnormal (ulcer) classification. Saminathan et al. (2020) segmented right and
left foot regions and extracted 12 gray-level co-occurrence matrix (GLCM) features
(correlation, autocorrelation, dissimilarity, contrast, entropy, energy, maximum prob-
ability, homogeneity, sum entropy, variance, sum variance, and sum average) along
with two temperature features (mean and standard deviation of temperature). These
extracted features were classified for computer-aided detection of DFU (Wu et al.
2000). Then the best features were selected and a two-stage SVM-based classifier was
developed for DFU area determination. In another study, texture, color, and features
were extracted by Mukherjee et al. (2014). The HSI, Luv, Lab, HSL, HSV, YIQ, YUV,
CATO02 LMS, LCH, Y’CbCr, JPEG-Y’CbCr, YDbDr, and YPbPr were taken for color
features considering 45 color channels. Extraction of five features based on color,
i.e., mean, variance, standard deviation, kurtosis, and skewness, was done from each
of 45 color channels for every ROI along with the extraction of ten textural features.
Further, these texture and color features were provided to classifiers for automated
wound tissue classification. In features extraction, wavelet-based features are also
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used (Eristi, Ucar, and Demir 2010, Adam et al. 2018). DFU detection and analysis
were performed by Vali, Sharma, and Ahmed (2017) using a modified chan vase algo-
rithm in which firstly resizing of images was done followed by gray to binary conver-
sion. Then distance transform was used to extract geometric features. Lastly, global
region-based segmentation was performed.

7.4.2 Deep FEATURES-BASED METHODOLOGIES

A deep architecture (Litjens et al. 2017, Raza et al. 2018, Voulodimos et al. 2018,
Amin et al. 2019, Fayyaz et al. 2020, Naz et al. 2021), DFU_QUTNet, was proposed
by Alzubaidi et al. (2020) for the extraction of deep features; AlexNet, Googlenet, and
Vggl6 were used for comparison purposes. Then DFU classification was performed
using SVM and K-nearest neighbor (KNN), achieving the highest F1-score of 95.61%
on SVM. Goyal, Reeves, Rajbhandari, et al. (2018) utilized SSD-mobilenet, SSD-
inceptionv2, Resnet101 with RFCN, and Inceptionv2 with R-CNN for real-time DFU
detection and localization, as shown in Figure 7.2.

In another study, Goyal and Hassanpour 2020) firstly applied data augmentation
and then performed experimentation using faster R-CNN, Yolov5, and proposed a
computer-aided detection (CAD) system with EfficientDet architecture for DFU
detection, acquiring accuracy ranging from 98.4% to 99.9%. Ensemble features are
also famous for better performance. Wijesinghe et al. (2019) applied mask-RCNN and
proposed deep-ensemble CNN for features extraction, after which they used singular
value decomposition (SVD) and artificial neural networks (ANN) for wound classifi-
cation. Amin, Sharif, Anjum, et al. (2020) extracted features using their proposed
CNN architecture and utilized different classifiers for the classification of ischemia
and infection, as shown in Figure 7.3. The highest accuracy of 97.9% was achieved on
naive Bayes for ischemia detection and 99.6% on the decision tree for infection detec-
tion. Further, for the localization of the infected region, the YOLOvV2-DFU network is
used. Han et al. (2020) utilized SSD-mobilev2, Faster RCNN-Resnet101 models, and
YOLOV3 refinements for real-time detection and diabetic foot determination. Greater
accuracy (91.95%) was attained after refinement of YOLO-v3. Table 7.2 presents a
summary of deep features extraction methods.

(@) YOLOV2 (b) Modified YOLOv2

FIGURE 7.2 Localization of diabetic foot ulcer: (a) YOLOV2; (b) modified YOLOV2 (Amin,
Sharif, Anjum, et al. 2020).
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TABLE 7.2
Summary of deep features extraction methods
Author Method Dataset Method type Results
Goyal and R-CNN, Yolov5, DFUC dataset Detection Accuracy ranging
Hassanpour and proposed (4500 from 98.4% to
(2020) CAD system images) 99.9%
using EfficientDet
architecture
Alzubaidi et al. Proposed DFU_ Private (754  Classification  Fl-score = 94.5%
(2019) QUTNet, AlexNet, images) using SVM
Googlenet, Vggl6,
SVM, KNN
Goyal, Reeves, SSD-mobilenet, Private Detection and  Accuracy = 91.8%

Rajbhandari,
et al. (2018)

SSD-inceptionv2,
Resnet101 with
RFCN, and
Inceptionv2 with
faster R-CNN

localization

R-CNN, region-based convolutional neural network; CAD, computer-aided detection; SVM, support

vector machine.
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7.5 FEATURES SELECTION

In features selection, the best features are selected by removing irrelevant and redun-
dant data from original features. This is also known as feature reduction, feature opti-
mization, and dimensionality reduction (Khan et al. 2020). Sivayamini et al. (2017)
extracted texture features to apply the cuckoo search optimization technique for
the collection of finest features from the extracted features. Kaabouch et al. (2011)
proposed an enhanced algorithm for foot inflammation detection and ulcer predic-
tion. Based on asymmetry analysis, this algorithm was combined with the technique
of segmentation using a genetic algorithm to achieve greater efficiency in inflamma-
tion detection. The genetic algorithm effectively crops feet from the background and
eliminates most noise.

7.6 CLASSIFICATION

Classification is performed to categorize images into the classes to which they
belong. Babu, Sabut, and Nithya (2018) performed segmentation to extract ROI and
then extracted texture features. Afterwards, they utilized two classifiers, named Ho-
effeding tree classifier and naive Bayes classifier, on the extracted DFU features,
and achieved high accuracy of 90.0% on naive Bayes. Sudarvizhi et al. (2019) used
SVM as a classifier in their research. They used the load cell technique that includes
image segmentation to identify and analyze foot ulcers by foot pressure analysis.
In another work, SVM was used by Wannous et al. (2008) for the classification of
wound tissue. A prediction system was proposed by Botros et al. (2016) for DFU.
Wannous, Lucas, and Treuillet (2010) applied color and texture feature extraction
and fed the extracted features to SVM, KNN, fuzzy-KNN, and K-means clustering
for wound tissue classification, acquiring a kappa coefficient of 81% on SVM. Yusuf
et al. (2015) suggested single microbial species and poly-microbial species clas-
sification in vitro for targeting infection of diabetic foot. Then SVM, KNN, linear
discriminant analysis (LDA), and probabilistic neural network (PNN) were used
for classification. Vardasca et al. (2019) analyzed collected data using the WEKA
analysis framework (Hall et al. 2009) and implemented ANN, KNN, and SVM for
monitoring DFU (neuro-ischemic and ischemic), achieving best results with KNN,
i.e., 81.25% accuracy, 100% sensitivity, and 80% specificity. CNNs are a class of
neural networks that has been determined to be very compelling in areas like classifi-
cation and image recognition. Badea et al. (2016) introduced a classification method
by which burn wounds could be distinguished from healthy skin based on CNN net-
work, i.e., MatConNet architecture, along with other methods including deep learned
RGB method, deep learned scaled RGB method, hue saturation method, color texture
method, and skin model (TGB-Yuv) method.

7.6.1 CHALLENGES

Since DFU analysis utilizing computerized methods is a comparatively developing
field, it consists of a limited amount of computer methods for diabetic foot disease
assessment developed using simple image processing and traditional methods of
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machine learning (Liu et al. 2015, Wang et al. 2016). High similarity among classes
and variations within a class rely on different DFU classification techniques (Guo
et al. 2020). In Table 7.3, a summary of different methods used for classification and
detection is given along with their results.

TABLE 7.3
Summary of classification techniques
Author Method Dataset Method type Results
Saminathan et al. GLCM features, Private Detection Accuracy = 95.61%
(2020) mean and SD of
temperature features,
SVM
Sudarvizhi et al. Histogram-based Private Foot pressure  Accuracy = 96.4%
(2019) segmentation, analysis,
otsu-thresholding, segmentation,
point-to-point mean classification
difference, SVM
Fraiwan, Mobile application Private Detection If MTD > 2.2 ulcer
Ninan, and using grayscale detected, if MTD
Al-Khodari transformation, < 2.2 non-ulcer
(2018) erosion, dilation,

image binarization
using threshold 149,

MTD
Babu, Sabut, GLCM, Ho-effeding  Private Classification ~ Accuracy = 90% on
and Nithya tree, and naive Bayes naive Bayes
(2018) classifier
Sivayamini et al. Median filter, DWT,  Private Detection Accuracy = 79.109%
(2017) GLCM, PSO, CS on CS, 28.57% on
PSO
Botros et al. WEKA data-mining  Private Classification ~ Accuracy = 96.4%
(2016) software, SVM
Yusuf et al. E-nose technique, Private Classification ~ Accuracy = 90%
(2015) SVM, KNN, LDA,
and PNN
Kaabouch et al. Geometry Private Detection Out of 100
(2011) transformation images, 55 were
algorithm, mean, recognized
variance, skewness, without hot spots,
kurtosis, entropy, 45 with hot spots,
joint entropy, 10 with false
correlation, Otsu spots, and 0 with
method, genetic missing spots
algorithm

(continued)
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TABLE 7.3 Cont.
Summary of classification techniques

Author Method Dataset Method type Results

(Wannous, MCD and DCD color  Private Classification ~ Accuracy = 81%
Lucas, and descriptors, GLCM,
Treuillet 2010) SVM

Wannous et al.  JSEG algorithm, SVM  Private Segmentation, Mean accuracy on
(2008) classification, 2D images 77.5%,

and detection  69.4%, 69.8%, on
3D images 80.6%,
69.8%, 71.5%

Wannous, Lucas, CSC, JSEG, mean Private Classification  Classification
and Treuillet shift, graph overlap score
(2008) segmentation (66—88%)

methods, color
features (RGB and
CIELa*b*), LBP,
texture contrast,
anisotropy, proposed
efficient SVM

GLCM, gray-level co-occurrence matrix; SD, standard deviation; SVM, support vector machine; MTD,
mean temperature difference; DWT, discrete wavelet transform; PSO, particle swarm optimization; CS,
cuckoo search optimization; KNN, K-nearest neighbor; LDA, linear discriminant analysis; PNN, probabil-
istic neural network; MCD, methionine- and choline-deficient; DCD, dominant color descriptor; JSEG,
J-based segmentation; 2D, two-dimensional; CSC, convolutional sparse coding; RGB, red, green, and
blue; LBP, local binary pattern.

7.7 DATASETS

Most DFU datasets are not publicly available and data collection is a major challenge
(Goyal et al. 2020). DFU datasets that are publicly available include Medetec Wound
Database (Thomas), proposed mainly for DFU wound area segmentation (Jawahar
et al. 2020), DFU segmentation, and wound tissue classification (Patel, Patel, and
Desai 2017). Another public dataset, NYU database, is proposed for wound seg-
mentation (Wang et al. 2015). Mostly there are private datasets, some of which are
described here. In Goyal et al. (2020) and Goyal, Reeves, Davison, et al. (2018),
the researchers introduced their own DFU dataset (Yap) of 397 normal/abnormal
(ulcer) images and 1,459 images for ischemia and infection. They then applied data
augmentation to increase the dataset. They made the dataset available upon request.
They collected the dataset from Lancashire Teaching Hospital and obtained approval
from the UK National Health Service research ethics committee. In Goyal and
Hassanpour (2020), the authors collected the DFUC2020 dataset of 4,500 images of
DFU and performed DFU detection using 90% data for training and 10% for testing.
In the DFU dataset, there were 1,459 ischemia (negative/positive) images and 1,459
images of infection (negative/positive). Further, the researchers applied natural data



Machine/Deep Learning in DFU Detection 115

augmentation and their dataset was enhanced to 9,870 augmented ischemia patches
and 5,892 augmented infection patches.

7.8 DISCUSSION

The major DFU challenges affecting accuracy are brightness, lighting conditions,
noise, and image orientation. Other challenges include a variety of shapes, sizes, and
textures that affect the performance of classification. Further, unbalanced class distri-
bution causes difficulties in accurate DFU detection. In addition, methods discussed
in this chapter include preprocessing, data augmentation, morphological operations,
image resizing, histogram equalization, noise removal, and color transformations. In
DFU segmentation, region-based, semantic, and instance segmentation, and segmen-
tation by deep learning have been discussed. In DFU features extraction, different
types of texture, color, HOG, wavelet, geometric, entropy, and deep CNN features
have been described. Likewise, in DFU features selection, methods discussed
included SVD, linear programming problems (LPP), non-paternity event (NPE), prin-
cipal component analysis (PCA), Learning and Skills Development Agency (LSDA),
kernel principal component analysis (KPCA), and genetic algorithm. In the classifi-
cation of DFU, different classifiers were considered, i.e., SVM, KNN, naive Bayes,
PNN, Ho-effeding tree, random forest, fuzzy-KNN, and deep CNN.

7.9 SUMMARY

This chapter gives a review on DFU in which the task of detecting DFU is chal-
lenging due to dataset complexities affecting accuracy, such as brightness, lighting
conditions, and image orientation. Other limitations and challenges based on the lit-
erature include noise that appears in DFU images during image acquisition, such as
illumination and blurriness that affect the classification accuracy, variability in shape,
size, and texture. Unbalanced class distribution causes difficulties in accurate DFU
detection; similarities among different classes and dissimilarities within a class in
DFU between different cases make it challenging for classifiers to predict the class
accurately. In this chapter, challenges that occurred during preprocessing, segmen-
tation, and classification that are not discussed in the existing literature were also
highlighted.
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8.1 INTRODUCTION

8.1.1 PREVALENCE OF DIABETES MELLITUS

Diabetes mellitus (referred to as diabetes) is a category of diseases that can cause
significant human and economic damage [1]. It has become an increasing global
burden, with 451 million people diagnosed in 2019 and 693 million expected to be
diagnosed by 2045. There are less than half a billion diabetic people in the world and
in the future, the expected rise will be 25% in 2030 and 51% in 2045, as depicted in
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FIGURE 8.1 Data on global diabetes [1].

Figure 8.1 [2]. Diabetes is recognized as one of the largest worldwide health emer-
gencies of the century and is among the top ten causes of death. According to the
World Health Organization (WHO), one person in the world is projected to die every
second due to diabetes or its complications, with half of those deaths (4 million/
year) happening in those under the age of 60. In India, diabetes contributes to 2%
of deaths.

8.1.2 Review ofF DIABETES MELLITUS

Diabetes is an incurable autoimmune disease caused by a lack of or resistance to the
hormone insulin [3]. The pancreas produces an important hormone that enables cells
of the body to consume glucose in the blood. Blood sugar is derived from the digested
food and is essential to provide the energy necessary for the body to function [4].
When there is a lack of insulin or resistance to insulin, body cells are unable to absorb
blood sugar and the level of sugar increases in the blood. The presence of high blood
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sugar levels in the blood is known as hyperglycemia. When uncontrolled, high blood
sugar levels lead to various complications of diabetes, as shown in Figure 8.2.

8.1.3 Tyres oF DIABETES

Diabetes is classified into three clinical classes:

Type 1 diabetes is due to destruction of the pancreatic beta-cell and results in total
insulin deficiency [5].

Type 2 diabetes occurs as a result of insulin secretory deficiency in the presence
of insulin resistance. Some types of diabetes are caused by other conditions,
such as genetic deficiencies in cell function and insulin action, exocrine pancreas
issues, or medication or chemical-mediated diabetes.

Gestational diabetes is diagnosed during pregnancy [6].

8.1.4 DiaBETES MELLITUS AND COVID-19 PANDEMIC

Diabetes is a common co-morbidity in COVID-19 patients. Following COVID-19,
several complications have been reported for diabetes patients with elevated levels
of pancreatic damage from India and other countries. Some of the cases included the
development of diabetic ketoacidosis and type 1 diabetes symptoms. Angiotensin-
converting enzyme-2 (ACE-2), a receptor found in pancreatic beta-cells, allows
SARS-CoV-2 to enter the cell, cause cell damage, and ultimately lead to the devel-
opment of diabetes [7]. Patients with newly diagnosed diabetes with a history of
COVID-19 infection (self-reported history) were reported to have higher fasting
blood glucose, postprandial blood glucose, and insulin levels. The COVID-19 infec-
tion that presented with diabetic ketoacidosis resolved after initial insulin therapy
and glycemia was controlled with oral anti-diabetes drugs [8]. As a result, during this
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pandemic period, there is a risk of an increase in various lifestyle-related diseases
such as new-onset diabetes. The effects of lockdown have worsened the lifestyle of
people, as evidenced in each individual progressing from pre-diabetes to diabetes [9].

More intricate research and randomized control preliminaries are needed to
explain unclear problems concerning the molecular and therapeutic interrelationship
between diabetes and COVID-19 infection [10]. In countries where the burden of dia-
betes is already high, many people suffering from diabetes became more vulnerable
and sensitive to COVID-19 infection. As most of these patients already had various
complications related to diabetes, they were at increased risk of COVID-19 infection
and the prognosis was bleak due to several complications. In any case, prevention and
early detection of diabetes are essential to ensure that the burden due to the disease
can be alleviated.

8.1.5 CuiNicAL AND ResearRcH TooLs FOR DIABETES

Diabetes has been diagnosed for decades based on blood glucose levels. Several
researchers have examined the history of glucose detection system design, and a list
of four decades of glucose monitoring [9], classified by technology used, is shown
below. In the 1970s, the first-generation glucose monitors that used reflectance tech-
nology were tested, and those instruments permitted a comparatively larger amount of
blood for measurement. The second-generation devices used a blood drop and were
designed as simpler, more portable devices for personalized use due to available tech-
nologies. The sensors of the third generation were launched as minimally invasive
devices with a range of tiny skin needles, allowing continuous glucose monitoring
(CGM) [9]. Fourth-generation medical devices provide non-invasive methods that
allow remote and real-time continuous monitoring.

Table 8.1 shows the results of various research studies on invasive and non-inva-
sive techniques for blood glucose monitoring. Irrespective of whether the technique
is invasive or non-invasive, the accuracy of detecting diabetes or monitoring blood
glucose level is the primary outcome.

These research outcomes confirm that the identified biomarkers are prominent
biomarkers to be used for the early diagnosis of diabetes. Hence, a deep learning
(DL) algorithm can use data from these prominent biomarkers and help in both dis-
ease diagnosis and prognosis.

8.1.6 ViTAL RoLE OF DEepP LEARNING IN DIABETES MELLITUS

DL is superior to conventional machine learning because the algorithm can utilize
raw data and learn from the data using several layers of computations. This allows
the algorithm to learn abstractions based on inputs [13]. The need for this research is
to determine or develop a DL procedure that will aid in an early analysis of the pre-
diabetes stage that will postpone the onset of diabetes and thereby its complications.
A review of DL-based analytic methods that can assist clinicians in the prognosis and
diagnosis of diabetes with various biomarkers is discussed in this chapter. Further,
many invasive and non-invasive methods for early diagnosis and monitoring of dia-
betes, which can be implemented using a DL technique for both clinical and research



TABLE 8.1

Clinician assessment tools for diagnosis of diabetes mellitus

Clinical tool/
invasive
technique

Techniques Advantages Disadvantages Parameters/results/remarks

Blood sugar Cost-effective [3] Precision and Sensitivity Specificity Accuracy

meters unreliability 31% 65% 74%

Blood lancets Less pain. More Significant in diagnosis | Sensitivity is Specificity is Decreases
practical to use in high high

children [3]

Diabetic test
strips

The concentration in
blood and glucose
are similar [3]

Long and complex
calibration methodology,
sweat and temperature
sensitivities, large size

Sensitivity is
low

Specificity is low

Accuracy is
moderate level

Ketone test strips

Rapid measurement
(11]

Delay in display results

Sensitivity and superior specificity to urine ketone
testing, dilution methods if necessary to ensure accuracy,
and technologies need to be developed to minimize the
number of substances that interfere with the data

Blood glucose
levels

Simple utilization
[12]

Precision and accuracy
of the devices are
unreliable

Sensitivity

Specificity

Accuracy

96%

66%

82%
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tools, have been included. Specifically, various DL research strategies for prognosis
and diagnosis of diabetes using biomarkers, such as retinal fraction dimensions, skin
temperature, and exhaled volatile organic compounds, are discussed (Table 8.2). So,
this chapter discusses in depth the use of DL methods in the diagnosis and prognosis
of diabetes.

8.2 UNDERSTANDING OF DEEP LEARNING-BASED DIAGNOSTIC
SYSTEMS APPLICABLE TO DIABETES MELLITUS

DL is emerging as one of the primary methods for predictive diagnosis in diseases
such as diabetes. Deep-view DL models and algorithms assist in DM studies in diag-
nosis, treatment, diabetic retinopathy (DR), and biomarker recognition.

A wide range of therapeutic techniques is inextricably tied to the exponential
advancement of DL in medicine. Seeking the right way to extend DL to all levels
of medical care becomes more complicated. It is based on two factors: continued
advancement in technologies and accumulation of medical knowledge [17].

Artificial intelligence (AI) is a scientific prediction system that systematizes
learning and recognizes patterns for diagnosing pre-diabetes and diabetes [18]. A few
blood tests can be done to detect diabetes, including:

1. Fasting plasma glucose: this assists in predicting blood glucose levels after
an 8-hour fast.

2. HbAIC test: this assists in predicting glucose levels over a quarter-year
period.

3. Blood tests, as well as a glucose challenge test and a 3-hour glucose resilience
test, are performed in the 24th and 28th weeks of pregnancy to detect gesta-
tional diabetes [19].

However, these experimental procedures usually take a long time to achieve results
which may be inconvenient for patients. Given the difficulties of diagnosing diabetes
using traditional medical methods, the development of a non-invasive and convenient
automated healthcare system to diagnose and avoid these diseases is both important
and desirable.

Several experiments have recently focused on forecasting diabetes using machine
learning and DL methods. For example, using the deep neural network (DNN)
approach, researchers recommended a DL-based technique for diabetes data clas-
sification. The suggested scheme was tested using the Pima Indian diabetes data
collection. The proposed scheme demonstrated good recognition accuracy (86.26%),
demonstrating DNN'’s efficacy in assisting doctors in disease prediction. As shown
in Figure 8.3, DL methods such as convolutional neural network (CNN), long short-
term memory networks, recurrent neural network (RNN), stacked auto-encoder, deep
belief networks, deep Boltzmann computer, and others have been used for diagnosis,
tracking, classification, and risk evaluation of diabetes for over 20 years. DL, on
the other hand, incorporates high-level imaging highlights from large amounts of an
image that are appropriate for training purposes [20].



TABLE 8.2

Research assessment tools for diagnosis of diabetes mellitus

Research tool/
non- invasive
technique

Techniques

Advantages

Disadvantages

Parameters/results/remarks

HbAlc - Glycated form Better results, Predicting the risk Sensitivity | Specificity Accuracy

of hemoglobin (HbAlc minimize healthcare | of future type 2 78.6% 72.5% More precise
is a test to measure the cost diabetes

amount of glycated

hemoglobin in blood)

Fractal Dimension (FD) | Each pixel in the Joint segmentation | Sensitivity | Specificity Accuracy
measurement tools — FD | image is assigned results in the 93.7% 92.99 94.8%

is a statistical index of an absolute difference in

complexity that compares | curvature value diabetic retinopathy

how the detail in a pattern | using this method grade results

changes as the scale at [14]

which it is measured

changes

Thermal imaging Safe decision based | High-risk indicator | Sensitivity | Specificity is low | Accuracy is high
camera tools — Thermal on results [15] for abnormal is high

radiation can be used to
detect heat in the human
body

infrared pattern
images

(continued)
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TABLE 8.2 Cont.
Research assessment tools for diagnosis of diabetes mellitus

Breath biomarkers — Non- In multi-component | Sensitivity | Specificity Accuracy suffers

Breath biomarkers detect | invasive: repeated mixtures, it is is high is available from a lack of

early diagnosis progress, | quantities are not very useful technology specificity and

success rate, and improve | permitted. for identifying limits the ability | inaccuracy as a result

the efficiency of drug Monitoring in real | unknown to achieve of subject movement

development time is possible [15] | compounds the required and sweating, skin
specificity/ irritation, and so on
selectivity

Fundus camera (FD) — Clear images are Cost and skilled Sensitivity | Specificity Accuracy

A low-power microscope | acquired professionals 61-90% 85-97% 96.5%

with a camera attached.
FD is described by the
angle of view [16]

required to operate
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FIGURES 8.3 The overall flow of the chapter discussion of diabetes in medical diagnosis
using deep learning.

8.3 LITERATURE REVIEW: IMPLEMENTATION OF DEEP LEARNING
ALGORITHM FOR THE PROGNOSIS OF DIABETES MELLITUS
USING EARLY BIOMARKERS

A prognostic is research that aids in the prediction of an occurrence before it happens,
allowing for more effective crucial decision making. Front-line doctors may use
prognostics to predict how an illness will affect a patient and respond appropriately
to save the patient’s life. Machine learning techniques may produce more precise
outcomes, enabling one to understand better the effects of these functions in terms of
diabetes development. An effective clinical solution based on these characteristics will
prevent the development of diabetes and thereby increase the survival of patients [9].

This section discusses numerous early biomarkers that were developed using DL
algorithms for the early detection of diabetes [9]. Multiple diabetes parameters from
image processing cohering with the development of diabetes as an early biomarker
are still under review.

A new study has identified diabetes biomarkers such as blurred visualization, ret-
inal vasculature [9], and skin temperature [21] that can be used for early detection.
The significance of studying volatile organic compounds (VOCs) released by human
exhaled breath [22] and wound ulcer healing status [23] as an early biomarker for
diabetes is currently unexplained.

8.3.1 BIOMARKERS FOR EARLY DIAGNOSIS: RETINAL FRACTAL DIMENSIONS

Using the fractal dimension (FD) approach, this technique explores and computes
deviations in the neural forms of the retina vascular network in diabetes. DR is cur-
rently the primary reason for blindness in middle-aged individuals. It is predicted
that over 93 million people [23] will be affected. If unchecked, DR, an eye disease
associated with long-term diabetes, can lead to blindness. If diagnosed early, DR may
be treated or reversed with treatment or laser procedures. Diabetic retinopathy signs
do not appear until permanent damage has occurred, so early diagnosis is important.
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If DR is diagnosed early, the progression of vision deficiency can be delayed or
avoided; however, this can be problematic since the condition sometimes presents
few signs until it is too late to have adequate care. Clinicians may recognize DR by
the appearance of lesions associated with the disease’s vascular anomalies. While this
solution is useful, it has a high capital need. The requisite skills and equipment are
often unavailable in areas with a high prevalence of diabetes in local communities and
where DR diagnosis is most needed. If the number of diabetic patients increases [24],
the facilities required to avoid DR-related blindness will become much more inad-
equate. The need for a full and automatic DR screening process is well known and pre-
vious attempts have been made to achieve good results utilizing image classification,
pattern recognition, computer education, and DL, with color fundus photographing
as an input. To optimize the effect a model can have on improved DR identification,
the best models are possible.

Retinal IFDs, a measure of the vasculature patterns, namely tortuosity, and the
vessel caliber summary help us to document tiny changes in the retinal vasculature
at the earliest opportunity, using a fundus camera attached to vasculature assessment
software, thereby acting as an early biomarker in DR [24]. Rich features from retinal
fundus images can be extracted using the DL technique.

8.3.1.1 Retinal Vascular Biomarkers for Early Detection and Screening

Changes in the morphological and topological structure of the vessels could represent
changes in blood flow and vessel blood pressure (Figure 8.4) in four categories.
The emphasis is on the construction of a detailed, quantitative study of retinal
microwaves: vessel diameter, tortuosity of vessels, vessel bifurcations, and vessel
fractal measurements. Many vascular biomarkers are used to diagnose even the
smallest early improvements in the quantitative study of the bladder: the diameter of
the vessel, vessel tortuosity, bifurcation-based characteristics, and FD [20].

8.3.1.2 Fractal Dimensions

Benoit Mandelbrot (French-American mathematician) initially introduced the term
“fractal” in his 1975 book Les Objets Fractals. Fractal is appropriate for non-smooth
or uneven sets. The general characteristics of a fractal are identity, affinity, reversal,
and quadrature [25], as shown in Table 8.3.

Data base
Diabetic Program
Retinopathy Output Computer
(DR)
Normal Mild Moderate Severe Proliferative DR

FIGURE 8.4 Image performance of the retinal fundus [45].



Deep Learning Techniques and Diabetes 135

TABLE 8.3
The characteristics of fractals
Self-similarity Similar different scale
Self-affinity Parts integrated
Self-squaring The inverse of the previous fractal shapes at the complex level
Self-inversion Inverted version of the other arrangement
Fully Connected
Conv2D Conv2D Conv2D Conv2D  Conv2D - Normal

Mild

™
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g

Input Image W Ibrop
Max Pooling Layer out

. Severe
Max Pooling Layer
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DR

Feature Extraction

FIGURE 8.5 Deep learning using diabetic retinopathy.

In literature, there are potential methods for calculating the retinal FD of fundus
images using various methods, such as box counting, Hausdorff FD (HFD), modified
fractal, and Fourier fractal. A study that estimated the coefficient of variation for
all FD methods was developed for the analysis of retinal images; it determined that
the HFD method had the least coefficient of variation [24]. The two different types
of FD analysis method in box counting were investigated: the modest and standard
method to evaluate the FD of fractal objects calculating the FD dimension in diabetes
in retinal image value is 1.446 and that in non-diabetic retinal image is 1.502.
Direct implementation of the Hausdorff dimension in diabetic retinal images is 1.541
and non-diabetic retinal image value is 1.544. The outcome of fractal analysis for
the diabetes/non-diabetes retinal image suggests that classic FDs must be calculated
under strict conditions, and tiny changes in the images and vessel segmentation can
cause significant variations. The comparison of FD in diabetic retinal image value
is less than the non-diabetic retinal image value. The results show that the general
errors in FD estimation are critical, and FD varies dramatically depending on image
quality, methodology, and the strategy used to estimate it. The estimation of FD
using automated and semi-automated strategies is not stable enough, making FD a
misleading biomarker in quantitative clinical applications [21], [25].

Using DL techniques, we can detect glaucoma earlier and stop the progression of
macular degeneration, diabetic retinopathy, and various eye-related issues before the
loss of vision. Both quantitatively and qualitatively, the Hausdsoff FD is the “best”
approach for computing FD for retinal vasculature (Figure 8.5). The therapeutic
importance of the retinal FD is evaluated using current science data on the interaction
between FD [25] and retinal pathology.
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8.3.2  SKIN TEMPERATURE

Foot ulcers are a major complication of diabetes and are the main reason for diabetes
amputation. Patients with diabetes have an approximately 12.25% lifetime chance
of developing foot ulcer for primarily in connection with peripheral neurology and
also peripheral arterial disorder. Peripheral neuropathy is a frequent complication of
diabetes that particularly affects the nerve extremities. Peripheral neuropathy of the
lower extremity affects approximately 85% of diabetic patients [46]. Differing ner-
vous system divisions such as the motor, sensory, and autonomous can cause nerve
damage.

8.3.2.1 Diagnosis with Medical Infrared Thermography

Human skin can be called a “blackbody radiator” because it physiologically emits
infrared radiation. A thermal imagery sensor can detect this infrared radiation.
Thermal infrared imagery operates by random measurements of infrared radiations
released by different parts of the body. The thermal infrared pattern is dependent on
the microcirculation on the surface of the skin. Thermal imagery can also be used
to detect time-related changes to microcirculation. These features make the infrared
thermal imagery a perfect candidate for early detection of pathological conditions that
change the microcirculation and thereby emission of infrared radiation. Pathological
conditions include foot ulcers and neuropathy due to diabetes, cancer of breast and
lung, arthritis, sports injury, glaucoma, tooth abscess, lesions in the skin, respiratory
issues, and Raynaud’s phenomenon [26].

As shown in Figure 8.6, there are several effective computational approaches in
the diagnosis and treatment of medical conditions. This figure shows a standard diag-
nostic device that employs infrared thermography, image processing, and computing
to detect a disease.

The distinctive characteristic of thermography is to picture the appearance of the
skin vasculature rather than the anatomy of the structure, unlike other imaging meth-
odologies. The application of thermal image registration and analysis in medicine
has also been mentioned. A study on algorithms used in computer-aided diagnostic
systems using thermography has been conducted [15]. Techniques for denoising
infrared pictures, extracting a backdrop from infrared images to distinguish areas of
interest, and statistical analysis of regions of interest to differentiate between regular
and irregular temperatures, are currently available.

- Mean, Standard
Eeature e?“‘“"fm Deviation, Temperature
and selection using difference, area, depth

DL Techniques etc

Diseased or normal,
mild, moderate and
severe

Classification using
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FIGURE 8.6 Use of soft computing and infrared thermography for disease diagnosis.
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FIGURE 8.7 Convolutional neural network architecture for the prognosis of skin thermal
images.

8.3.2.2 Role of Deep Learning in Infrared

Current diagnostic systems on thermal infrared image processing are based on
various soft computing techniques such as neurocomputing, vague logic, probabil-
istic computing, evolutionary computing, and machine learning components. Some
of the methods incorporating these soft computation skills include artificial neural
networks (ANN), fuzzy-C-means (FCM), and Bayesian networks. According to
Safitri et al. [47], DL structural designs are leading the way for more precise autono-
mous systems, due to advances in hardware and computational capability such as
graphics processing units (GPUs). For medical thermal infrared image processing,
several hybrid DL approaches have been used (Figure 8.7).

In biomedicine, infrared thermography is the most promising technique among
other conventional methods for revealing differences in skin temperature caused by
irregular temperature dispersion; such temperature dispersions signal the presence of
diseases and disorders [27].

8.3.3 ExHALED VoOLATILE ORGANIC COMPOUNDS

Exhaled breath analysis and processing have long kindled the interest of those
working in medical diagnosis and illness monitoring. The advantage of the method
is its non-invasive design, ample availability (i.e., breath), and ability to facilitate
prompt at-patient identification. Gases are exhaled as byproducts of human cell
metabolism or that of microorganisms from the pulmonary tract, blood, or periph-
eral tissues.

VOCs are appealing candidates for biomarkers regardless of origin or physio-
logical function. Exhaled VOCs are appealing candidates as biomarkers of cell
process or metabolism, regardless of origin or physiological function, and may be
integrated into potential non-invasive clinical testing instruments [28].

Breath bioinformatics is premised on the idea that when a person transitions from
a stable to a pathological state, their VOC profile changes, and this can be identified
and theoretically used for detection and surveillance [29]. Exogenous VOCs comprise
the major component of the exhaled breath [30], but more important than the
exogenous VOC is that created endogenously and from microbial colonization in the
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FIGURE 8.8 An off-line breath sampling pipeline.
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body, as these are the clinically relevant VOCs. Endogenous VOCs help in identifying
the physiological status of a patient while microbial VOCs help to determine different
kinds of pathogens in the body and host—pathogen interaction. The main benefit of
using breath VOCs is that they can be detected in very small amounts, such as parts
per million volume (ppmv) or less, increasing detection precision. Figure 8.8 shows
the different stages of this method:

e Sampling utilizes a bag for the gas sample, face mask, the Bio-VOCTM device,
an apparatus to collect breath, and a canister.

e Preconcentration involves solid-phase micro extraction (SPME), thermal
desorption (TD) tube, and needle trap devices (NTDs).

* Measurement includes gas chromatographs (GC) and mass analyzers [28].

e Data analysis includes data pre-treatment, processing, and analysis for both
targeted and untargeted data.

The choice of biomarker plays an important role in the collection of samples
and cost. The utility of late expiratory breath is that it has a high endogenous
contribution [28]. These samples can be collected with certainty using available
controls, such as a pre-determined late expiratory breath procedure. This level
of diligence is required as each person’s breath profile can differ due to several
reasons [31].
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8.4 LITERATURE REVIEW: PERFORMANCE OF DEEP LEARNING
FOR DIAGNOSIS OF INVASIVE AND NON-INVASIVE
METHODS FOR MONITORING DIABETES MELLITUS

There have been several methods of minimal to non-invasive monitoring of diabetes
in the past decades. The high mortality and morbidity of diabetes have resulted in the
development of different modalities of blood glucose monitoring [10].

8.4.1 Broobp Test

A glucometer is the current gold standard for self-monitoring of blood glucose levels.
The device consists of a lancet, optical disposable strips, and a glucometer. A patient’s
finger is pricked with the lancet to derive a drop of blood that is placed on the optical
disposable strip. This strip is inserted into a glucometer that determines and displays
the blood glucose value. This helps determine if a patient is hyperglycemic or hypo-
glycemic and initiate appropriate treatment [9].

Continuous invasive glucose monitoring

CGM is the most recent blood glucose monitoring technology. Patients may acquire
US Food and Drug Administration (FDA)-approved devices that consist of one-use
disposable electrochemical sensing components that can be worn for a time ranging
from 72 hours to 7 days, depending on the design [32],

Mhaskar et al. 2017) [32] investigated the application of a DNN for the diagnosis
of diabetes using blood glucose monitoring levels with 30% and 50% of training data
values. Greater accuracy of 94.39% and error percentage value of 3.57 were obtained
for hypoglycemia when 50% of patients used flat low-pass filtering for training.
Hypoglycemia blood glucose < 70 mg/dl accuracy was 88.72% and percentage of
error value was 6.79. In the second type of glycemia range, where blood glucose
70-180 mg/dl, accuracy was 80.32% and error was 2.32, and finally in the hypergly-
cemia value, where blood glucose >180 mg/dl, accuracy was 64.88% and percentage
of error value was 13.22. These results suggest that the larger the dataset, the greater
the accuracy and the lower the error.

Non-invasive glucose monitoring

The novelty of the non-invasive process started with the launch of the Arise CGM in
2007 by Glucon (Boulder, CO) to measure glucose levels; this technology employs
the “photoacoustic properties of blood.” A sensor is attached to a blood vessel.
This sensor emits short laser waves of sound and pressure that are absorbed by the
surrounding tissue. The resultant increase in body temperature creates “an acoustic
strain impulse” on the surface of the tissue. This impulse can be used to study the
properties of the skin’s intrinsic structure.

8.4.2 THE SpecTRAL PROPERTIES OF WOUND HEALING

One of the most difficult complications of clinical medicine is delayed wound healing
in diabetic patients since it increases the chance of gangrene, amputation, and even
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death [33]. Chronic lesions, like diabetic ulcers and pressure ulcers, are the main
well-being and financial burden for both patients and the healthcare system. Visual
assessment by an experienced clinician has been used to assess all cases of cutaneous
wounds [34].

8.4.3 RETINOPATHY

DR is the primary reason for blindness in diabetic patients aged 20-74 years. At the
time of diagnosis, up to 21% of people with type 2 diabetes have retinopathy [16],
and the others experience a degree of retinopathy over time. Medical specialists usu-
ally use fundus or retinal photographs of the patient’s eyes to assess the severity and
degree of retinopathy involved with diabetes. Since the number of diabetic subjects is
swiftly increasing, the quantity of DR datasets provided by screening programs will
also rise, placing a huge labor-intensive workload on medical experts and increasing
the expense of healthcare services. Previously it had been reported that the use of DL
systems in automatic DR identification resulted in high sensitivity and specificity.
M. T. Esfahani et al. used a well-known CNN, ResNet34 [16], in their study to clas-
sify DR images from the Kaggle dataset as regular or DR images.

Table 8.4 summarizes the literature on DL techniques with good sensitivity and
specificity. Y. Liu et al. [48] created a weighted-path CNN (WP-CNN) to detect

TABLE 8.4
Images of wound-type model extraction using deep learning methods
Extracted
attributes Method(s) applied Dataset Limitations References
Wound area  Convolutional Own diabetic foot  The network is unable to [36]
and neural networks ulcer (DFU) detect small wounds
dimension that are fully dataset with 705 and prefers to draw
convolutional images smooth contours,
(FCNs) making it difficult
to perform accurate
segmentation
Wound area  Vanilla FCN The NYU wound The average dice [35]
architecture database contains  accuracy is 64.2%
over 8000 high-
resolution images
Wound area  Fully convolutional 950 images of Instead of learning from [35]
network in wounds human specialists, the
vanilla watershed algorithm
labels wounds in
images
Wound area  Combination 950 images of Effects of level [35]
of traditional wounds segmentation and a
Methods and deep multifaceted model

neural network
(Mobile Net)
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referable DR videos. Over 60,000 photographs were classified as referable or non-
referable DR and enhanced multiple times to ensure that the classes were balanced.
The images were resized to 299 x 299 pixels and normalized before being fed into
the algorithm. The WP-CNN of 105 layers significantly outperformed the pre-trained
ResNet [16], SeNet [35], and Dense Net [34] algorithms, with 94.23% precision in
their dataset and 90.84% in the STARE dataset.

8.4.4 DiaBetic CARDIOMYOPATHY

The American Heart Association, the American College of Cardiology Foundation,
and the European Society of Cardiology in collaboration with the European
Association for the Study of Diabetes identified diabetic cardiomyopathy in 2013,
as shown in Table 8.5. According to clinical trials, the percentage of heart failure in
patients with diabetes ranges from 19% to 26%. Diabetic patients have a higher rate
of heart disease (39%) than non-diabetic patients (23%), with a relative chance of 1.3
of experiencing heart failure following 43 months of observation [17].

Table 8.6 shows techniques for detecting diabetes cardiomyopathy with good
accuracy. On patients with no history of diabetes or cardiovascular disease, Xiao et al.
used ten-fold cross-validation of machine learning algorithms [37]. DL algorithms
such as Glmnet, RF, XGBoost, and LightGBM can be used for the clinical pre-
diction of type 2 diabetes. In DL, the multilayer feedforward network algorithm is
implemented for effective early determination of diabetes risk. Leon and Maddox
proposed an improved DNN-based diabetes risk prediction model that not only
predicts but also identifies who will develop the disease [17]. A mixed model that
used an algorithm based on both genetic predisposition and extreme machine learning
has been developed for the diagnosis of type 2 diabetes with an accuracy of 97.5%.

8.5 PRELIMINARY RESULTS FROM DATA ANALYSIS

As per International Clinical Diabetic Retinopathy Disease Severity Scale, the
severity of DR was divided into five stages (non-DR, mild non-proliferative DR
(NPDR), moderate NPDR, severe NPDR, or proliferative DR (PDR), respectively).
Mild NPDR is distinguished by the presence of microaneurysms. Moderate NPDR is
defined as something more than microaneurysms but less than extreme NPDR due to
the presence of cotton-wool spots (CWS), hard exudates, and retinal hemorrhages, as
shown in Figure 8.9.

According to the standard of early treatment for diabetic retinopathy, diabetic
macular edema is identified if hard exudates are detected within 500 um of the
macular center. Generally, diabetic subjects are more likely to have more severe
symptoms and complications when infected with any virus, as particularly is the case
for those who are affected with the COVID-19 virus during this pandemic. Increasing
blood sugar deteriorates immunity and makes it vulnerable to infection. The mutated
variant of the virus (mucormycosis) almost invariably affects immunocompromised
individuals, especially those with diabetes. Black fungus infections are known as
mucormycosis, and this condition appears to predominantly affect diabetics who have
recovered from COVID-19.



TABLE 8.5
Deep learning techniques for classification of cardiovascular diseases
Dataset (dataset ~ Deep learning Lesion
size) method detection  AUC Sensitivity Specificity  Accuracy References
CNN: Inception v3  EyePACS-1 and No - 96.1% 93.9% - [38]
Messidor-2
(1748)
EyePACS-1 and 97.5% 93.4%
Messidor-2
(1748)
CNN Messidor-2 (1748)  Yes 0.980 96.8% 87.0% -
CNN: ResNet34 Kaggle (35000) No - 86% - 85% [16]
CNN: Inception Net Kaggle (166) No - - - AlexNet: 37.4%,VGG16: [39]
V3, and the Alex 50.03%, and
Net InceptionNet: 63.23%
CNN: VggNet, Kaggle (35126) No The greater ~ VggNet-16 The greater ~ The higher is VggNet- [34]
AlexNet, ResNet, VggNet-s, outperformed VggNet-s, s (95.68%)
and GoogleNet the better the other models the better
(0.9786) (90.78%) (97.43%)
Fully CNN STARE (20), No 0.9905 0.8315 0.9858 0.9694 [40]
DRIVE (40), and 0.9821 0.8039 0.9804 0.9576
CHASE DBI are 0.9855 0.7779 0.9864 0.9653
all available (28)
A large residual HEI-MED (169) Exudates 0.9647 0.9227 - - [21]
network and E-optha (82) (EX) only
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0.9823
0.951

92%

90.94%

92.35

95.74%

97.45

92.6%

94.23%
90.84%

96.35

[35]

[34]

[41]

sajaqel pue sanbiuyda uiuses] deag

evlL



144

C. Muthamizhchelvan et al.

TABLE 8.6

The deep learning methods used for diabetic retinopathy detection/

classification [49]

Method Classification Accuracy References
Markov blanket Backpropagation of statistical errors in a 97.92% [18]
estimation multilayer neural network
Dynamic Bayesian A neural network with a sigmoid transfer 97.61% [42]
network function that uses backpropagation
Naive Bayesian Scaled conjugate gradient and Levenberg- 79.56% [43]
network Marquardt learning algorithms are used
to train feedforward neural networks with
sigmoid transfer functions
Naive Bayesian The sigmoid activation function is used in 76.95% [44]
network a backpropagation-trained feedforward
multilayer perceptron
Naive Bayesian A sigmoid transfer function is used for the T4%-90% [42]
network multilayer perceptron neural network
Original Microaneurysms Haemorrhages Hard Exudates Soft Exudates Optic Disc

Images

CECE

FIGURE 8.9 Retinal image feature extraction of deep learning algorithms [45].

Overall, 3,362 images from the Indian Diabetic Retinopathy Image Dataset
(IDRiD), were used in this study. The dataset was divided into 80% for training
and 20% for testing. Classes in the dataset were no diabetic retinopathy (NDR),
mild, moderate, severe, and PDR. The main features representing these classes are
microaneurysms, hemorrhage, soft and hard exudates, and optic disc. A DL technique
using CNN architecture was used for the classification of images [45].
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Severe and no DR categories had better performance in terms of accuracy, which
was 95.74% and 94.75% respectively. A pathology-specified image possesses
improved accuracy, sensitivity, specificity, false-negative, and false-positive rate.
Thus, DL expending CNN architecture can determine the diagnostic differences
between normal and abnormal retinal fundus images. The ground truth images pro-
vide boundary markings and give information about the eye. The dataset is intended
to foster active research in DL.

Initially, CNN performs classification with better similarity measures using the
sequence of deep neural layers. Output layer CNN architecture consists of binary
cross-entropy categorical events to classify normal and abnormal retinal images with
an accuracy of 98.5% in Figure 8.10.

model accuracy

Type | Class name No of images Target and Prediction Achieved

0 NoDR 1805

1 Mild 360

2 Moderate 645

3 Severe 195

4 Proliferative DR 295

Model loss
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1 1 1 1 1 1 1
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FIGURE 8.10 The classification of deep learning algorithms using fundus retinal images.
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FIGURE 8.10 Continued

As a result, changes in the diabetic retinal image help in deciding the severity of
the illness. Hence, DR distinctly varies and could be used for better study in demon-
strating differences between no DR, mild, moderate, and severity subjects, as shown
in Figure 8.11. From these observations, it was shown that the retinal fundus image
of a diabetic person effectively demarcates the clinical pathology.

8.6 CONCLUSION

DL is a fast-growing concept that functions similarly to the human mind. It can effect-
ively overcome the selectivity-invariance problem by representing data at several
levels. In medical prognosis, DL methods can be employed in many ways. DR is a
major impediment of DM that involves gradual retinal degeneration and, in extreme
situations, blindness. It is helpful to understand and treat it early to prevent progres-
sion and retinal damage. The use of DL to diagnose DR has grown in popularity in
recent years, and the current state of research on the use of DL in the diagnosis of DR
is presented in this article. As more DL systems mature and become integrated into
clinical practice, physicians will be able to treat patients in need more successfully
and efficiently.
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