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Abstract

In this paper, a novel technique has been proposed to exploit the capability of residual
network (ResNet) deep learning model to extract the features. It is utilized neither in
pretrained form nor as a transfer learning model. ResNet uses shortcut connections to create
shortcut blocks in order to skip blocks of convolutional layers (residual blocks). These stacked
residual blocks significantly increase training effectiveness and address the degradation
issue. For the purpose of classification, a multiple kernel learning based deterministic extreme
learning machine (MKD-ELM) which uses a linear combination of different base kernels as
target kernel function is designed to classify chest Xray images. Multiple kernels are used
here to exploit their non-linear mapping capability on heterogeneous data. MKD-ELM is an
enhanced classifier, which does not require iterative training of its parameters. The proposed
technique has better feature extraction along with non-iterative training, thus it is having
very fast training and very good generalization performance. The kernel and regularization
parameters that influence how accurate MKD-ELM is at classifying data, are tuned through
experimentation. So, an optimization technique called the genetic algorithm (GA) has been
utilized to determine the ideal combination of these parameters for improved performance.
The performance of the proposed technique is analysed for COVID-19 detection problem
using chest Xray (C,XR) images by changing the training set, types of kernels and coefficients
used for combining base kernels. The proposed algorithm achieves a 97.27% recognition
rate on first dataset which comprises 5,856 images and 99.06% on the second dataset which
consists of 13,808 images. A higher recognition rate is attained for these C; XR image datasets,
in respect to modern techniques demonstrating the effectiveness of the proposed algorithm.
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1. Introduction

Due to the growing need for rapid diagnosis, real-time COVID-19
detection utilising radiological images has increasingly become the focus.
Although Polymerase Chain Reaction (PCR) test is the primary technique
for detection of COVID-19 [1] , however, this test is time-consuming and
complex. On the contrary, C, XR images are publicly available and relatively
quick to scan [2]. It has become necessary to design an accurate and real-
time detector. Considering the non-iterative deterministic training nature
of kernel extreme learning machine (KELM), MKD-ELM is proposed
for classifying chest Xray images which uses a linear combination of
various base kernels as the target kernel function. There have been
several research studies undertaken in an effort to develop techniques for
identifying pandemic-affected patients via Deep Learning (DL) [3], [4].
DL has key features that make it capable of performing a wide range of
learning tasks [5]-[7]. Instances of successful methods for training DL are
gradient descent [8], conjugate gradient [9], hessian-free Optimization
algorithm [10], [11] and krylov subspace descent. The aforementioned
techniques take time, at least during the training phase. An approach for
Xray image detection that is effective during both training and testing
phases is a challenging task. Based on feature fusion of dense convolution
network and VGG Network, Lingzhi Kong et. al. proposed a technique for
the detection of COVID-19. They added a machine attention block and
category attention block for the extraction of deep features. In order to
accomplish accurate classification, they have also used residual network to
segment effective image information. The average accuracy achieved was
97.3% for three category classification [12]. Using CNN, A. Saraiva et. al.
described categorization of pneumonia. They used SoftMax function which
is in charge of making the probabilistic distribution of the input image
into each of the categories for which the network was trained. Adaptive
momentum was used for optimization and k-fold cross validation was
used for evaluating the model [13]. Okeke Stephen et.al. proposed a CNN
model trained from scratch to identify and categorize the pneumonia
category from C, XR images[14]. Kermany et. al. suggested a transfer
learning-based framework to diagnose pneumonia using C,XR images.
Inception V3 architecture was adapted in their work in which retraining
was done by initializing the convolution layers with loaded pretrained
weights and the final SoftMax layer was retrained for the purpose of
recognizing their classes from scratch. The accuracy achieved using C,XR
images was 92.8% [15]. Sivaramakrishnan Rajaraman et. al. presented a
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customized VGG16 model to detect pneumonia using chest Xray images.
They have customized the VGG16 model by truncating the deepest
convolution layer and adding up a dense layer and global average pooling.
A randomized grid search is used to find and improve the value of several
hyperparameters, such as momentum, learning rate and L2-regularization
in the customized VGG16 model. The overall accuracy achieved was 96.2%
[16]. Prashant Sangulagi et. al. presents a system which seeks to enhance
model integration and transfer learning by classifying C,XR images into
two categories- normal, and COVID-19. In their work, ResNet101 and
ResNet152 were utilized which has been trained using the ImageNet
dataset. Their system could accurately reproduce 96.1% of the classes of
C,XR images on the training dataset [17]. Siyuan Lu et. al. suggested to
use image feature fusion to help with the diagnosis of COVID-19 in lung
window computed tomography. ResNet18 and ResNet50 deep networks
were chosen initially in their approach for the purpose of extracting image
feature information. Secondly, they used discriminant correlation analysis
to fuse the information extracted by these two networks in order to get the
refined image features. Finally, they proposed to train three randomized
neural networks to classify the refined fused features, which are: schmidt
neural network, extreme learning machine (ELM) and random vector
functional link network. The prediction of the three randomized neural
networks were then combined to produce a more efficient classification
performance. 97.14% was the highest accuracy achieved in their work [18].
Murugan et. al. proposed a CNN-ResNet50 base extreme learning classifier
in which ResNet50 has been used for the purpose of feature extraction
followed by ELM with a sigmoid function for classifying C,XR images
into normal, pneumonia and COVID-19. The presented model achieved
94.07% accuracy [19]. Dongsheng Ji et. al. used ResNet50, ResNet152,
DensNet201, Xception, Inception ResNetV2 pretrained networks for the
purpose of detecting COVID-19 patients. The accuracy achieved was
96% [20]. Muhammad Umair et. al. utilized pertained models for feature
extraction from C,XR images and create a feature map. Then, the Grad-
Cam technique was employed in their work which produce a class specific
heat map and helps to find out the COVID-19 detection transparency. This
technique is implemented by using the layers and extracted features of
the trained model and actually draws attention to the areas of the input
image that the model concentrates on during the classification phase,
indicating that the feature maps produced in the final convolution layer
have the spatial information necessary to effectively capture the visual
pattern. The accuracy achieved using their technique was 96.49% [21]. It
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is essential to mention that conventional ELM suffers from uncertainty
and poor conditioning which leads to proposing our novel non-iterative,
MKD-ELM approach to produce an output solution that is deterministic
and immutable. The remaining sections of this paper are structured as
follows structured as follows. Section 2 reviews background materials. The
proposed methodology and analysis are discussed in Section 3. Section 4
presents experimental results and finally, Section 5 concludes this paper.

2. Preliminaries
Residual Network

The main principle of residual networks, which are deep
convolutional networks, is to use shortcut connections to skip entire
blocks of convolutional layers. ResNet use shortcut connections to create
shortcut blocks in order to skip blocks of convolutional layers (residual
blocks). These stacked residual blocks significantly increase training
effectiveness and address the degradation issue in major part [22]. The
residual block represented by Figure 1 illustrates the skip connection. All
algorithms train on the output Y’ but, ResNet trains on F(X). In simpler
terms, ResNet tries to make F(X) = 0 so that Y=X. Due to this skip link,
the output is different. Input X is multiplied by the layer weights in the
absence of the skip connection, and then a bias term is added. Therefore,
the resulting output in the absence of the skip connection is as follows: F
(w*x + b) (=F(X)). But with skip connection, the output obtained is: F(X) +
x. But with skip connection, the output we get is: F(X) + x. The formulation
of F(X) + x can be realized by feedforward neural networks with “shortcut
connections” (Figure 1).

Weight Layer
F(x) J relu

Weight Layer

Fx)+x éLl
\tjrelu

Output

Figure 1
Residual Block
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Extreme Learning Machine

ELM, developed by G. Huang in 2006 are feedforward neural
networks and are based on the idea of inverse matrix approximation. In
an ELM, Weights and biases are randomly assigned, unlike other iterative
algorithms, and do not need to be learned iteratively making it faster with
better generalization performance as compared to networks trained using
the backpropagation approach [23], [24]. It is due to this randomness that
ELMs have been shown to have universal approximation theorem powers
with relatively small nodes in the hidden layer. ELM was introduced to
minimize the training error, the computational cost, but because of its
high space and time complexity and memory-residency, the traditional
ELM is not able to train big data quickly and efficiently and it also raised
the possibility of local minima issue and over-fitting. Kernel matrix with
ELM can be used to overcome these issues, which was suggested in 2010
by Huang et. al. by using the kernel functions to ELM approach. Further
improving the operation of ELM, KELM does not need activation function
as a user’s input. Afterward, the kernel function determines the output
[25]. The abbreviations used in this explanation are as follows:

IP: Input

OP: Output

HN: Hidden Node
N: Neurons

V: Vector

HL: Hidden Layer
Mx: Matrix

The OP function f or ELM can be expressed as:
g, = ZL 0,d (x,)= ZL 0 d(iw,x,+p)=dx)0=F,i=1,.,M 1)

where,
g, : ELM OP
iw,, Synaptic weights linking i" IP node to j" HN
p; bias for j"node
6j : weights related to OP layer, linking to j"" HN to OP node
n: number of N in the HL
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M: number of training observations

V Mx multiplication representation of Equation (1) is:

T6=F (2)
where, T represents OP Mx corresponding to HL. Itis expressed as follows:
d(x,)
T=| :
d(x,,)

d(iw,, p,, x,)---d(iw, ,p,,x,)
- : ©)

d(iw,, py,x,)---d(iw,, p,,x) o

The q" column of T is the OP V of " HN and q" row of T is OP of HL
similar to IP x

x=[x1,..x,] : IPV

Y =[yl, ...yyl": Target OP V for M number of IP occurrences.

0=1[61, 62, ... 6n]' : OP V for n number of hidden N and every
element of fis a V of dimension equivalent to OP nodes.

The IP weight Mx can be expressed in the following manner:

iw, iw,, - iw,
RW = : (4)
iw, iw, - iw

n,2 N5 Jxs

For s dimensional IP data, the size of IP weight vector that was
randomly assigned is 1 x s. Since the number of concealed nodes is
estimated dynamically rather than statically, RW has a dynamic size.
Least-square solution of equation (2) is:

0=T'F ®)

Where, Tt represents oore-enrose inverse [26] OP Mx T of HL. The
orthogonal rojection method has been utilized to get oore- enrose generic
inverse of Mx . Tt =TT T")".

In order to find the OP that is invariant and to achieve strong
generalization performance solution, in the TT' diagonal’s solution, a
positive number W is added [27].

g, =0 =d(x)T" (% +TT" j F (6)
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Where, W: regularization coefficient

d(x) : ELM feature mapping

The goal of ELM, in contrary to iterative learning algorithms, is to
reduce both training error and OP weight. For classification-related tasks,
the purpose of ELM is:

1 wH
Min:—|[60]] +—Z|I<‘5II2
2 2 &

Such that : dx)0=y, -6, fork=1,....M 7)

Where, 6, =[5, 1, ..., & Jis a training error vector of u OP N
corresponding to IP data x,.

Multiple kernel learning (MKL)

It is well known that the efficacy of kernel-based classifiers depends
on selecting the best kernel for a given set of data [28]-[30]. A lot of work
has gone into selecting the optimal kernel for a particular application.
When classifying data that is heterogeneous, a single kernel-based
classifier does not perform well empirically [31], [32]. In order to solve this
issue, multiple kernel learning is used which offers an elegant solution to
such a problem by optimizing a data-dependent kernel. MKL's goal is to
merge various feature sets by figuring out the best combination of various
kernels [33]. Using MKL, features from many sources are concatenated and
supplied to a single learning approach. The MKL formulation utilizing
linear combination of [29], [34] set of 1 pre-defined kernels is expressed as:

K(xika) = 27:1 71K1(xika) 8)

Withy>0and £_ =1 K(x,,x,) is resultant optimal kernel. K (x,,x,)
denotes the 1" sub-kernel and ¥ is the weight of 1, kernel.

For each instance, each sub-kernel employs a unique set of feature
vectors. To accomplish accurate classification, weights are provided to the
various kernels according on the relevance of the features [33], [35]. The
Eq. (8) can be equivalently expressed as:

K('/ Y }/) = Z;‘:] ’J/IKI(" ) (9)

The perceptivity of the classification problem determines the
selection of kernel K(,-) and its combination coefficient. In terms of
feature mapping, the MKL can be stated as follows:
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0C;7)=17.6,0),7,6,0),-+,v,6,0),---7,6,0)] (10)

Where 6 (-;7) and 6,(-) depicts the mapping of feature representing
K(x, x,) and K (x,, x,) respectively.

3. Proposed Methodology

In this paper, a novel technique has been proposed for COVID-19
detection using the C,XR images. The block diagram of the architecture
that has been proposed in this paper is presented in Figure 2. The images
of the original dataset are preprocessed. First, Minmax has been utilized
for the purpose of normalization of images. Then, in view of the fact that
the required IP size varies for each CNN, we resize all the IP images to 224
x 224 x 3 pixels as needed by ResNet used in this study and compatible
with the ImageNet. We use a 50-layer pretrained ResNet, for our first piece
of model because training a deep CNN model from scratch takes a lot of
time. The proposed novel technique exploits the capability of ResNet deep
learning model to extract the features neither in pretrained form nor as a
transfer learning model. ResNet50, has been used for the process of feature
information extraction of COVID-19 C, XR images and the options set for
training the network are presented in Table 1. The MiniBatchSize is set 32
to make sure that the CNN and image data fit into GPU memory and the
training time decreases significantly by setting the appropriate batch size.
The activations OP is organized into columns which helps in speeding up
the process of binary classification that follows. Split is set to randomize
as it randomizes the distribution of the specified number of images from
each label among the new datastores. There are three fully connected
layers in the pretrained network, with fully connected for classification
being the last layer. In our experiment, we are using the pretrained
network only for extracting the features maps and not for classification
because, for classification fine tuning is required. In fine tuning, weights
of the network are updated iteratively using the back propagation
algorithm which is a very time-consuming process. Therefore, we utilize
the layers of pretrained network till the global average pooling layer only.
After that, for classification purpose, a novel approach, MKD-ELM has
been proposed which uses a linear combination of different base kernels
as the target kernel function to classify C,XR images. By employing multi
kernel approach, the proposed method seeks to improve classification
performance, takes much less time while overcoming the arbitrariness of
the traditional ELM by using evaluation of IP weights and biases rather
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Figure 2
Block diagram of MKD-ELM based proposed methodology.

than random allocation. The kernel and structure parameters, which are
tuned through experimentation, are what influence how accurate MKD-
ELM is at classifying data. The Brute force method makes it challenging
to evaluate the best selection of these parameters from a given set of
values. In order to determine the ideal combination of these parameters
for improved performance, an optimal algorithm is needed. The optimal
regularization coefficient and kernel parameters have been balanced
using genetic algorithm to get the highest recognition possible. Images
from C, XR images of COVID-19 cases and healthy people are included in
the dataset. For the purposes of training and assessing the model, we set
the label of healthy cases images to 1 and the label of COVID-19 images to
2. The options selected for MKD-ELM architecture are presented in Table
2. This non-iterative learning-based approach MKD-ELM speed up the
detection of covid-19.

Table 1
Options set for the Network training
Property Option selected
Batch Size 32
Split Randomized
OP Type Columns
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Table 2

Options set in MKD-ELM classifier

Property Option selected
Elm Type Classification
Regularization coefficient 30000
Kernel type RBF
Kernel parameter 1 750
Kernel parameter 2 1

Multi kernel deterministic extreme learning machine

A quick and deterministic learning algorithm is required by the real-
world pattern classification application to categorize complex data. The
ELM produces varying and non-deterministic OP solutions as a result
of the random practice of structural parameters [21], [22]. By varying
the number of HNs, various classification results for the same dataset
can be achieved. The statistics of the IP and hidden must be evaluated
with the aid of invariant parameters in order to achieve the immutable
and deterministic OP solution. In this paper, we present a deterministic
ELM fused with multi kernel technique. Simple and complex data can be
classified using the proposed technique by selecting the most appropriate
choices for kernels and combination coefficients. The IP and HL parameters
in MKD-ELM are determined with the use of IP data samples in order to
generate the deterministic OP. The feature vector in MKD-ELM that is used
to map IP data to OP classes is a concatenation of feature vectors that were
generated with the support of predefined sub-kernels [30], [31]. The IP
and HL parameters in MKD-ELM are determined with the use of IP data
samples in order to generate the deterministic OP. Due to the analytical
evaluation of the structural parameters in the proposed methodology, the
OP solution is stable. Formulation of MKD-ELM is:

The IP weight IW = [iw,,..., iw, ] can be defined with aid of IP data x,
of dimension r:

The following is an overview of MKD-ELM:

L T )
m| 22,7

n

(11)




OPTIMIZED DETERMINISTIC MULTIKERNEL EXTREME LEARNING MACHINE 781

Where, Z is computed by analyzing the IP data’s norm in the form
shown below:

, N 1/2
Z =[] (12)
m is calculated by finding norm of all Zi:

[z 13)

. ) (14)
m\ Z 2,2

N

The mean of the IP weight V of size N X r determines the bias of the
k™ HN for r-dimensional IP data.

IR
a, :;Z,ﬂ iw,, (15)

For a multi-class classification problem, the MKD-objective ELM’s
function is:

Min: —II(92 I+—ZII5 I

Suchthat, 6"d(x,,iw,:y)=y,-6,ViY},y,=17,20 (16)

Withrespecttoeachofthekernels1,2,..., u, T(;y)=[y,T,(.),...,v,T,()]
is the feature vector.

Algorithm: Deterministic learning with multiple kernel learning
IP: A set of C,XR image training samples (xk, yk), k=1, 2, .. N and
specified r kernels K, (x,,x,)
OP: g, (an OP function) estimating class y.

1. Calculate the mean and norm of the IP data x; to extract the IP weight
V from equation 11.

2. By computing the mean of the IP V using equation 16, determine the
biases of HNS.

Achieve the optimal kernel using K(., ; y) =X, v K,(-,*)

4. By using the feature vectors obtained in step 3, calculate the final
solution for MKD-ELM that is deterministic.
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Genetic Algorithm

An optimization method known as the genetic algorithm (GA) is
based on Darwin’s idea of biological evolution which was introduced
by Holland and Goldberg [36], [37]. Since the last four decades, it
has been a well-known algorithm that has solved numerous inherent
problems by applying parameter optimization. The foundation of this
approach is the idea that initial populations are generated randomly.
Chromosomes are the term used to characterize each individual in the
problem. Crossover, mutation and selection are the operators based on
which this algorithm is performed. The steps using which the parameter
optimization is performed by GA to minimize the value of cost fitness
function by is described as follows: The best chromosome is chosen from
the randomly produced initial population in the first phase, which is the
selection operator (if the initial population is not specified). The parent
chromosomes used to create the new chromosomes for the following
generation are those with the highest values for fitness. In the next step,
which is crossover operator, the new child chromosomes created from two
parent chromosomes are used to check the values of the fitness function.
Then, comparisons are made between the fitness function values obtained
from newly formed child chromosomes and those obtained from their
parent chromosomes. This random chromosome combination is chosen
so that new child chromosomes can have higher fitness function values
than their parent chromosomes. The final phase in GA involves searching
for the best fit among the new potential chromosomes using a mutation
operator [38]. To accomplish this, some of the chromosomes’ genes are
changed at random. These three phases result in offspring chromosomes,
which are subsequently treated as the parent in the next generation. The
next iteration of determining the best fitness function value makes use of
these new generations. Until the termination criteria are not met, these
steps are repeated. Termination occurs when the maximum number of
iterations has been reached, or the number of validated chromosomes
reaches the population size, or the best fitness function value and the
mean fitness function for each iteration are identical [39].

4. Experimental evaluation

The experiments performed in this study were carried out using
Matlab2022a. The experimental results obtained at different split ratios on
Datasetl and Dataset2 using ResNet50, are presented in Table 3 and Table
4 respectively. The results using only KELM on dataset 1 and dataset 2 are
shown in Table 5 and Table 6 respectively The results obtained by applying
our proposed novel approach to dataset 1 are presented in Table 7 and
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Table 8 for random and sequential split respectively. The results achieved
by applying our proposed novel approach to dataset 2 are presented in
Table 9 and Table 10 for random and sequential split respectively. With
our proposed novel technique, we are able to reduce the testing error up
to 0.94 with dataset 2 using 90% of the total images for training and the
remaining for testing.

4.1 Comparison of results using ResNet50, KELM and proposed novel technique

We evaluated the recognition rate using ResNet50, KELM and our
proposed novel technique at nine different split ratios. It can clearly be
seen that among all the three approaches used, MKD-ELM stand out
in terms of accuracy. This accuracy comparison is based on the results
presented in Tables 3 to 10.

Table 3
Results using ResNet50 on datasetl
ResNet_only: Epoch=1, Batch Size=10
Split Ratio (Training-Testing) Accuracy (%) Test Error (%)
10-90 72.80 27.20
20-80 75.62 24.38
30-70 76.34 23.66
40-60 82.72 17.28
50-50 86.62 13.38
60-40 84.59 15.41
70-30 87.04 12.96
80-20 85.76 14.24
90-10 87.28 12.72
Table 4

Results using ResNet50 on dataset2

ResNet_only: Epoch=1, BatchSize=10
Split Ratio (Training-Testing) Accuracy (%) Test Error (%)
10-90 73.82 26.18
20-80 79.20 20.80
30-70 76.23 23.77

Contd...
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40-60 79.09 2091

50-50 81.72 18.28

60-40 80.09 19.91

70-30 82.16 17.84

80-20 81.69 18.31

90-10 81.51 18.49

Table 5
Results using KELM on dataset1
Split Ratio (Training-Testing) Test Error (%) Accuracy (%)
10-90 8.24 91.76
20-80 7.59 92.41
30-70 5.78 94.22
40-60 6.01 93.99
50-50 5.82 94.18
60-40 6.06 93.94
70-30 5.63 94.37
80-20 5.14 94.86
90-10 4.64 95.36
Table 6
Results using KELM on dataset2
Split Ratio (Training-Testing) Test Error (%) Accuracy (%)

10-90 14.19 85.81
20-80 14.50 85.5
30-70 13.84 86.16
40-60 12.84 87.16
50-50 8.35 91.65
60-40 7.42 92.58
70-30 6.34 93.66
80-20 6.41 93.59
90-10 6.80 93.2
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Table 7
Results using MKD-ELM (proposed technique) on datasetl (random Split)

785

Split Ratio

(Training-

Testing) 10-90|20-80|30-70|40-60 |50-50|60-40(70-30|80-20({90-10

Iteration
1* 455 1391 [3.68 (3.39 [2.77 |299 |3.59 (2.82 |1.88
2" 470 427 (393 (2.85 (249 |252 |2.68 |(2.73 |3.59
34 480 |3.76 [3.39 (327 [2.53 |3.07 |2.56 (2.39 |2.91
4" 4.89 414 [3.64 (398 [3.28 |2.65 |250 ([2.56 |(2.39
50 425 |(3.65 |3.27 (336 |[3.11 (3.12 [2.73 (273 |4.44
6" 4.02 433 [3.56 (3.04 [3.01 |3.25 |296 [3.65 (2.56
7" 444 1406 (334 (3.04 [2.63 |299 |239 (247 (2.74
8" 484 |386 [3.39 (3.13 [3.21 |2.86 |2.79 |(3.75 |(4.27
9 457 1438 [3.78 |[3.36 [3.04 |2.82 |3.07 |[2.82 291
10" 459 |3.80 |3.61 [296 |2.77 |3.33 |2.85 |1.62 |1.03
1" 436 (3.86 |3.51 |296 (3.01 (3.12 [3.53 |2.65 [3.08
12" 453 (3.71 |3.49 |3.53 [3.25 (3.12 |2.85 |3.58 [3.08
Average Test 455 (398 |3.55 |3.24 (292 (299 |2.87 |2.73 |2.91
Error
Accuracy 95.45 196.02 {96.45 |96.76 |97.08197.01 (97.13 |97.27 |97.09
SD of the Test  {0.25 |0.25 |0.19 [0.31 [0.28 [0.24 [0.37 [0.54 |0.94
Error

Table 8
Results using MKD-ELM on dataset1 (sequential split)

Split Ratio
(Training- 10-90 (20-80{30-70{40-60|50-50|60-40 [70-30 {80-20{90-10
Testing)
Test Error 542 |4.65 [4.80 |5.63 |4.40 |4.52 (3.01 [3.92 |4.78
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Table 9
Results using MKD-ELM (proposed technique) on dataset2 (random split)
Split Ratio
(Training-
Testing) 10-90|20-80|30-70|40-60{50-50 |60-40|70-30|80-20{90-10
iteration
1% 413 |2.63 |236 (196 |1.85 (147 |1.23 |(1.34 |(1.30
2" 3.85 (244 |252 |1.81 |1.71 |136 (145 |045 (1.09
34 443 (285 (210 ([1.75 |1.59 |1.36 |1.54 |0.54 |(0.87
4" 413 |3.01 (232 |[1.80 |1.48 (158 |1.13 (1.12 |1.38
5 415 |2.83 (215 (194 (140 |1.54 |1.13 (145 ([1.01
6" 410 |2.76 (216 |(1.88 |[1.51 (148 |1.33 |[1.23 |1.81
70 4.06 (289 (215 ([2.05 |1.71 |1.59 |1.33 |[1.38 |(0.87
8" 4.09 (290 |216 [1.89 |1.72 |1.56 |1.26 |(1.38 |[1.23
9" 451 (319 (215 ([2.03 |1.55 |1.56 (1.28 |(1.20 |(1.38
10" 417 |2.73 (230 [1.80 |1.69 |1.52 |1.21 |[1.30 |0.94
1" 3.88 (2.71 (2.05 |1.97 [1.55 |1.38 |1.28 |[1.41 [1.45
12" 4.05 |2.77 (216 |(1.86 [1.85 |[1.52 |1.62 |1.30 |1.52
Average Test 413 |2.81 (2.23 |1.89 |[1.64 |1.49 [1.32 [1.26 |1.24
Error
Accuracy 95.87197.1997.77 |198.11 |198.36 |98.51 [98.68 (98.74 [98.76
SD of the Test  [0.19 |0.19 |0.13 ]0.10 |0.14 |0.09 (0.15 |0.25 |0.29
Error
Table 10

Results using MKD-ELM on dataset2 (sequential split)

Split Ratio 10-90 |20-80 |30-70 (40-60 [50-50 |60-40 |70-30 (80-20 [90-10
(Training-Testing)
Test Error 6.81 |6.84 (6.45 |5.58 |3.11 |2.19 |1.59 |1.66 [0.94

4.2 Comparison with the state-of-the-art methods

We carried out a comparative analysis of our proposed MKD-ELM
with other contemporary methods. Table 11. presents the comprehensive
information. Our novel approach turned out to be the best among the
listed state-of-the-art methods as we are able to reduce the error up to 0.94.
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Table 11
Comparison with existing state of the art methods
Reference Technique Dataset Result
(Accuracy)
Dongsheng Ji et. |ResNet152, 4099 C, XR images 96%
al. [20] Xception and
InceptionResNetV2
Abdul Waheed |VGG16 1124 C, XR images 95%
et. al. [40]
Mohd Zulfaezal |[ResNet-101 5,828 C,XR images 71.9%
Che Azemin et.
al. [41]
Muhammad VGG16, ResNet-50, |Dataset1:7232 C, XR images 96.49%
Umair et. al. [21] DenseNet-121, and |Dataset2:450 C,XR images
MobileNet, Grad
Cam
Technique
Arpan Mangal |CheXNet 5856 C, XR images 90 .5%
et. al. [42]
R. Murugan et. |CNN Resnnet50 2700 images 94.07%
al. [19] based ELM
Classifier
Shuai Wang et. |GoogleNet, 1,065 CT images 89.5%
al. [43] Inception v3
Proposed Resnet50 and MKD- |Dataset1:5856 C,XR images | 99.06%
technique (ours) [ELM Dataset2:13,808 C,XR
images 97.27%

Dataset

Dataset1: The originally available dataset, C,XR images (Pneumonia)
comprises a total of 5,856 C, XR which are organized in three main folders
namely: training, testing and validation. Each of these three folders includes
two subfolders for each image category, i.e., normal Vs pneumonia. We
reorganized the entire data into two sets only as normal and pneumonia
and the label of folder comprising images of healthy (normal) people is
set to 1 which consists a total of 1583 images and set the label of the other
folder is set to 2 which consists a total of 4,273 pneumonia images. This
dataset was randomly split into two independent data sets with 10% and
90% for training, and testing respectively by adding splitEachLabel function
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in our matlab code. The similar experiment was repeated eight more times
for different split ratios as 20:80, 30:70, 40:60, 50:50, 60:40, 70:30, 8;20 and
90:10 and test error were recorded for 12 iterations and then average testing
error was computed. Then the same dataset was split sequentially and test
error was recorded for nine different ratios.

Dataset2: This COVID-19 radiography dataset available publicly
consists a total of 3,616 COVID-19 positive cases images along with
10,192 normal, 6,012 lung opacity (non-covid lung infection), and 1,345
viral pneumonia images and corresponding lung masks. But as we are
performing the binary classification in this study, we reorganized the
entire data into two folders namely Normal (consisting of 10,192 images)
whose label is set to 1 and covid (consisting of 3,616 images) whose label
is set to 2. Subsequently, splitting process for training and testing datasets
has been repeated as done for datasetl. This dataset was also split both
randomly and sequentially in nine different split ratios.

5. Conclusions

A novel approach based on non-iterative MKD-ELM, has been
proposed for a classification of COVID-19 using C, XR images in this paper.
First, a novel technique has been used for the purpose of feature extraction
which exploits the capability of the ResNet deep learning model neither
in pretrained form nor as a transfer learning model. The ELM classifier,
whose structural parameters have been thoroughly analyzed serves as
the framework for the proposed method. Despite its efficiency, the ELM
classifier cannot be used to address classification problems that call for
deterministic and immutable results. So, to improve its effectiveness and
make it deterministic, a data related multi kernel approach has been
proposed whereby the problem’s perceptivity is examined in order to
experimentally determine the kernel and their combination coefficients.
Also, the presented experimentation with the optimization of parameters
of MKD-ELM using GA is a novel and reliable attempt for the purpose
of parameter optimization and performs far better than the usual ELM
approach, which initializes the weights randomly. We have demonstrated
the performance of our proposed approach using two datasets, and we are
able to minimize the testing error up to 2.73 on dataset 1 and up to 0.94
on dataset 2. However, the present investigation has been carried out for
binary classification (to categorize COVID-19 patients and healthy people).
Multi-class classification (COVID-19, bacterial pneumonia, and viral
pneumonia) will be investigated in the future study. We will explore larger
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datasets and use data augmentation to get better classification results in
further studies. In summary, it can be said that the results reported in this
study using our proposed novel approach based on MKD-ELM was the
best performing technique achieves the best classification accuracy. At the
same time, it requires less time for training the model.

Data Availability Statement

Dataset 1: https:/ /www.kaggle.com/datasets/
paultimothymooney /chest-xray-pneumonia.

Dataset 2: https:/ /www.kaggle.com/datasets/tawsifurrahman/
covid19-radiography-database.
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