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Abstract: In this research, a novel real time approach has been proposed for detection and analysis of
Covid19 using chest X-ray images based on a non-iterative deterministic classifier, kernel extreme learning
machine (KELM), and a pretrained network ResNet50. The information extraction capability of deep
learning and non-iterative deterministic training nature of KELM has been incorporated in the proposed
novel fusion model. The binary classification is carried out with a non-iterative deterministic learning based
classifier, KELM. Our proposed approach is able to minimize the average testing error up to 2.76 on first
dataset, and up to 0.79 on the second one, demonstrating its effectiveness after experimental confirmation.
A comparative analysis of the approach with other existing state-of-the-art methods is also presented in this
research and the classification performance confirm the advantages and superiority of our novel approach
called RES-KELM algorithm.
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1 Introduction

A worldwide pandemic was brought on by Covid19 (SARS-CoV-2), which originated in Wuhan, China.
Although the PCR test is the main diagnostic technique, non-contact methods are always preferred.
Covid19 has a terrible impact on the world economy, business, and public health. The COVID-19 pandemic
exhibited all the symptoms of a crisis, on a larger scale, both in terms of how severe the changes in people’s
behavior were and in terms of their geographic reach [1]. The ability to identify COVID-19 patients early, for
example by the evaluation of chest X-ray (C,XR) images, is a crucial requirement in the fight against the
pandemic [2]. Deep learning has been explored, utilized in a number of applications, and has achieved
impressive results in various real-world applications like face recognition, map prediction, etc. [3-6]. Deep
learning, being an effective method of machine learning, automates medical image analysis and may
contribute to examine a huge number of C;,XR images that can have a considerable impact on the Covid19
screening process. There has been a rise in publicly available C,XR images from both healthy as well as
people infected with Covid19 since March 2020 allowing researchers to analyze medical images and recog-
nize patterns which may lead to the disease being automatically diagnosed.
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1.1 Deep learning

A technical definition of deep learning is the use of neural networks with multiple layers between the input
and output layers. The term deep in deep learning refers to stacking multiple layers, and the word learning
refers to parameter optimization [7]. Fundamentally, deep learning is a machine learning approach that
prepares a computer to filter inputs that may be in the form of images, text, or sound through layers with the
aim of learning how to predict and categorize information. Deep learning learns the features from high-
dimensional raw data (image pixel tensors or text embedding matrices) automatically, i.e., the features
need not be extracted manually.

1.2 Residual network (ResNet)

Deep convolutional networks have recently shown significant advances in image generation, classification,
and other domains. The difficulty of training deep networks has been simplified with the introduction of
ResNet, which are composed of residual blocks. The residual learning module enables training with hun-
dreds or even thousands of layers while maintaining great performance. To prevent classification accuracy
saturation brought on by several convolution layers, the fundamental idea behind residual learning is to
retain some of the original input data during convolution neural network (CNN) training. The skip connec-
tion, which combines previous layer outputs with stacked layer outputs, is the core element of residual
blocks. By incorporating skip connections, we allow the network to skip training for the layers that are
irrelevant and do not contribute value to overall accuracy. Skip connections make networks dynamic, so
that they can tune the number of layers appropriately throughout the training process [8]. The residual
block represented by Figure 1 illustrates the skip connection. The ResNet trains on F(x), whereas other deep
learning models train on the output. In simpler terms, ResNet tries to make F(x) = 0 so that output = x.
Without the skip connection, input x gets multiplied by the weights of the layer followed by adding a bias
term, then comes the activation function, F and we get the output as F(w*x + b) = F(x). But the skip
connection causes the output to differ and we get F(x) + x.
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Figure 1: Residual block.

1.3 Extreme learning machine (ELM)

ELMs, proposed by G. Huang in 2004, are feedforward neural networks and are based on the idea of inverse
matrix approximation. In an ELM, weights and biases are randomly assigned [9], unlike other iterative
algorithms, and do not need to be learned iteratively making it faster with better generalization perfor-
mance as compared to networks trained using the backpropagation approach. It is due to this randomness
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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 and the computational cost [10], but
because of its high space and time complexity and memory-residency, the traditional ELM was not able to
train big data quickly and efficiently and it also raised the possibility of local minima issue and over-fitting
[11,12]. The output function of ELM is defined as follows:

v v
fam() = Y p,0p(kg) = D uz(pup - kg + 5,) =y, g = 1,...,m, (1)
p=1 p=1
where the pth hidden neuron and input node are interconnected by a weight vector pu, that was randomly
assigned. Bias s, is the learning parameter of hidden layer neurons, yu, is the weight vector between pth
hidden neuron and output node, and fu, is the output of ELM. n and v represent the number of training
samples and hidden neurons, respectively. Equation (1) can be redefined as follows:

B = uG, )

where B is the matrix corresponding to the hidden layer’s output and G is the output vector for n count of
training samples. The input matrix P can be presented in matrix form as follows:

bunn  pup - puyy
P= : . (3)

buy,1 puv,2 © PUy,r vxr

The size of P is v x r, where r is the dimension of input data.
Equation (2) is deemed to be a linear system and the solution to it is as follows:

u = B'G, 4)

where B' is the Moore—Penrose generalized inverse [13] of hidden layer output matrix B. The Moore-
Penrose generalized inverse is calculated by Orthogonal projection method as follows:

B = BY(BB) . (5)

A positive number is added to the diagonal of BBT [14] to improve the generalization performance and
stabilize the resultant output solution that results.

-1
feim = 0O = o(k)BT(% + BBT) G, (6)

where o(k) is the feature mapping, which is known to the user in ELM network, and L is the regularization
coefficient.
The output weight matrix of ELM is determined as follows:

-1
U= BT(g + BBT) G. )

1.4 Kernel extreme learning machine (KELM)

The architecture of KELM [10] is shown below in Figure 2, which is an extension of ELM. In 2010, it was
suggested by Huang et al. that kernel matrix with ELM can be utilized to overcome these problems of local
minima and overfitting which were associated with traditional ELM. There are several kernel functions
which can be used in the kernel-based ELM, for instance, polynomial kernel, sigmoidal kernel, Laplacian
kernel, wavelet kernel, and radial basis function (RBF) kernel. KELM significantly decreases computing
cost, while effectively improving the generalization performance and stability caused by the stochastic
behavior of the hidden layer output matrix. In addition, in KELM, the parameter optimization of kernel
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Figure 2: KELM architecture.

function is facilitated significantly, and is set to preserve more structure information of sample data. Using
KELM, classification performance can be improved by optimizing the values of two variables that are the
regularization coefficient and kernel parameter [12,15].

2 Literature review

Based on feature fusion of dense convolution network and VGG Network, Kong and Cheng proposed a
technique for the detection of Covid19. 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 [16]. Using CNN, 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 [17]. Stephen et al. proposed a CNN model
trained from scratch for classifying and detecting the presence of pneumonia from C,XR images [18].
Kermany et al. suggested a transfer learning-based framework to diagnose pneumonia using C,,XR images.
Inception V3 architecture was adopted 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% [19].
Rajaraman et al. presented a customized VGG16 model to detect pneumonia using C,XR images. They
had 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% [20]. Sangulagi and Kumar presented a system which seeks to
enhance the model integration and transfer learning by classifying C,XR images into two categories —
normal and Covid19. In their work, ResNet101 and ResNet152 were utilized which had been trained using
the ImageNet dataset. Their system could accurately reproduce 96.1% of the classes of C;,XR images on the
training dataset [21]. Lu et al. suggested to use image feature fusion to help with the diagnosis of Covid19 in
lung window computed tomography. ResNet18 and ResNet50 deep networks were chosen initially in their
approach for the purpose of extracting image feature information. Next 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, ELM, and random vector functional link network. The prediction of the



DE GRUYTER RES-KELM fusion model based on non-iterative deterministic learning classifier = 5

three randomized neural networks were then combined to produce a more efficient classification perfor-
mance. 97.14% was the highest accuracy achieved in their work [22]. Murugan and Goel proposed a CNN-
ResNet50 based 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 Covid19. The presented model achieved 94.07% accuracy [23]. Ji et al. used ResNet50, ResNet152,
DensNet201, Xception, and Inception-ResNetV2 pretrained networks for the purpose of detecting Covid19
patients. The accuracy achieved was 96% [24]. Umair et al. utilized pertained models for feature extraction
from C,,XR images and created a feature map. Next the Grad-Cam technique was employed in their work
which produces a class specific heat map and helps to find out the Covid19 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 neces-
sary to effectively capture the visual pattern. The accuracy achieved using their technique was 96.49% [25].

3 Materials and methods

3.1 Dataset

Dataset1: The originally available dataset, C,XR Images (pneumonia) [26], 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 of a total of 1,583 images and the label of the other folder
is set to 2 which consists of a total of 4,273 pneumonia images. This dataset was randomly split into two
independent datasets with 10 and 90% for training, and testing, respectively, by adding splitEachLabel
function in our MATLAB code. Similar experiment was repeated eight more times for different split ratios as
20:80, 30:70, 40:60, 50:50, 60:40, 70:30, 80;20, and 90:10 and the test error were recorded for 12 iterations
and then the average testing error was computed. Further, the same dataset was split sequentially and the
test error was recorded for nine different ratios.

Dataset2: This Covid19 radiography dataset [27] available publicly consists of a total of 3,616 Covid19
positive case 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. Few sample images of
datasetl and dataset2 are shown in Figures 3 and 4, respectively. These datasets were also split both
randomly and sequentially into nine different split ratios.

3.2 The proposed methodology
3.2.1 Transfer learning

Transfer learning improves learning by applying previously learned information from similar tasks to new
ones. This means the previously learned parameters are transferred to a new problem [28]. Deep learning
models’ architectures are complicated and data-dependent, demanding a large amount of data to train
them and therefore it is challenging to train a deep learning model from scratch. It becomes easier for
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Figure 4: C,XR samples from dataset2.

transfer learning to train small datasets in order to accomplish the research objective as shown in Figure 5.
For the purpose of training Covid19 datasets used in this investigation, we utilized ResNet50 which has been
pretrained on ImageNet which has 1,000 object categories and approximately 14 million training images.

Large Small

Source Labels Target Labels
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1000 ’ 2 (Normal vs
Pneumonia)
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Source Model Target Model
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Figure 5: Transfer learning for feature extraction.
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3.2.2 KELM

Since the recognition accuracy we get with ResNet50 is very low and it also takes a lot of training time, next
we use KELM for classifying the C,XR images which takes very less training time as it is a one shot
classification technique and also improves the recognition rate [29-31].

3.2.3 Proposed fusion model

After evaluating the results utilizing ResNet50 and KELM one by one, we propose our novel approach of
fusion model. The architecture of the proposed fusion model is presented in Figure 6 and the block diagram
of workflow is presented in Figure 7. The images of the original dataset are preprocessed to get better
classification results. First, minmax function has been utilized for the normalization of images. Then, in
view of the fact that the required input size varies for each CNN, we resize all the input images to 224 x 224 x 3
pixels as needed by residual network used in this investigation. We use a 50-layer pretrained residual network
for our first piece of model because training a deep CNN model from scratch takes a lot of time. ResNet50 has
been used for the process of feature information extraction of Covid19 C,XR images and the options set for
training the network are presented in Table 1. The value of minbatchsize is set to 32. This value has been kept
in order to fit the CNN and image data into GPU memory and the training time decreases significantly by
setting the appropriate batch size. The activations output is organized into columns which helps in speeding
up the process of binary classification that follows. The pretrained network that we employed has three fully
connected layers. 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
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Figure 6: Overall architecture of the proposed fusion model.
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Figure 7: Block diagram for the workflow of the proposed methodology.
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Table 1: Options set for network training

Property Option selected
Batch Size 32
Output type Columns

process. Therefore, we utilize the layers of pretrained network till the global average pooling layer only. After
that, for classification purpose, the feature vector obtained is passed through KELM classifier which performs
one shot classification as is based on non-iterative deterministic learning and therefore it takes less time. We
have performed the experiments by splitting the datasets both randomly and sequentially. For random split,
the results have been recorded for 12 iterations. For the purpose of training and assessing the model, the label
of healthy case images is set to 1 and the label of Covid19 images to 2. The options selected for KELM
architecture are presented in Table 2.

Table 2: Options set in KELM classifier

Property Option selected
ELM type Classification
Regularization coefficient 100

Kernel type RBF

Kernel parameter 1,000

3.2.4 Analysis of computational complexity

The abbreviations that will be used are as follows:
n: number of training samples,
r: dimensionality of input data,
v: number of hidden layer neurons, and
u: number of classes (equal to output nodes) involved in the classification task.
The ResNet model requires O(1) time for computation of feature vectors.

The ELM algorithm exploiting the random weights requires the following processing step:
e Computation of hidden layer output matrix B having time complexity equal to O(nvr)
e Computation of output weight matrix u using equation (7) having time complexity equal to O(V* + v’n
+ unv)

The KELM algorithm requires the following processing step:
e Computation of kernel matrix of KELM having time complexity equal to O(n’r)
e Calculation of output weight matrix having time complexity equal to O(2n> + un?)
From the above, the time complexity of ELM using random weight is as follows:
O3 +vn+ (u+rywn)=0W?+vn+rn).

The time complexity of KELM is equal to O(2n® + n’r).
Therefore, the time complexity of RES-KELM (proposed approach) is O(1) + 02n® + n%) ~ 0Q2r® + n’r)
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4 Experimental results and analysis

The experiments performed in this study were carried out using MATLAB 2022a and the configuration of
computing device on which all algorithms have been executed is intel i7, 2.4 GHz, 16GB RAM. The experi-
mental results obtained at different split ratios using ResNet50 is presented in Tables 3 and 4 and the
highest accuracy achieved was 87.28 and 82.16% on datasetl and dataset2, respectively. The results using
KELM are shown in Tables 5 and 6, and the highest accuracy achieved was 95.36 and 93.66% on dataset1
and dataset2, respectively. Finally, the results using our novel approach, RES-KELM, by splitting the
datasetl randomly and sequentially are presented in Tables 7 and 8, respectively, and the results on
dataset2 by splitting it randomly and sequentially are presented in Tables 9 and 10, respectively. So,
when the data were split randomly into a ratio of 90:10, i.e., 90% of total images were used for training
and rest for testing, and the results were evaluated for 12 runs, we are able to reduce the average testing
error up to 0.91 on dataset2. The minimum error 2.76 on datasetl has been achieved for random 80:20 split.
When the data were split sequentially into a ratio of 70:30, we are able to reduce the testing error up to 0.79
on dataset2. The minimum error 3.64 on datasetl has been achieved for sequential 70:30 split. It is clearly
evident from the results that the proposed novel fusion model, based on non-iterative deterministic
learning classification, achieves the best classification accuracy. At the same time, it requires less time
for training of the model.

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, Batch size = 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
40:60 79.09 20.91
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
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Table 5: Results using KELM on datasetl

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

Table 7: Results using RES-KELM on dataset1 (random split)

Split ratio (training:testing)

Iteration 10:90 20:80 30:70 40:60 50:50 60:40 70:30 80:20 90:10
1st 4.81 3.84 3.68 2.81 3.24 3.50 2.27 2.55 3.93
2nd 4.15 3.84 3.53 3.30 3.14 2.98 2.95 2.55 2.56
3rd 4.76 3.47 3.53 3.32 3.00 2.30 3.24 2.38 1.19
4th 4.70 3.77 3.53 3.10 3.17 3.37 2.78 2.30 3.41
5th 4.40 4.01 3.46 3.50 3.31 3.50 3.07 2.81 2.39
6th 4.11 4.20 3.41 3.69 3.72 3.11 3.13 3.24 2.39
7th 4.21 3.77 3.78 3.89 2.97 3.07 2.95 2.47 3.07
8th 4.17 3.97 3.26 3.47 2.93 2.47 3.07 2.98 3.07
9th 4.59 4.29 3.31 3.04 3.27 2.60 2.95 3.07 3.76
10th 4.40 3.92 3.78 3.47 3.41 2.77 3.41 2.64 3.58
11th 4.57 3.75 3.14 3.67 3.04 3.33 2.67 3.32 3.24
12th 5.08 3.65 3.70 3.50 3.41 3.33 3.13 2.81 2.39
Average test error 4.58 3.87 3.51 3.40 3.22 3.03 2.97 2.76 2.92
Accuracy 95.42 96.13 96.49 96.6 96.78 96.97 97.03 97.24 97.08
SD of the test error 0.355 0.22 0.20 0.30 0.22 0.40 0.29 0.33 0.76

Table 8: Results using RES-KELM on dataset1 (sequential split)

Split ratio (training:testing) 10:90 20:80 30:70 40:60 50:50 60:40 70:30 80:20 90:10

Test Error 6.12 5.89 6.07 7.02 5.12 5.12 3.64 4.35 5.29
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Table 9: Results using RES-KELM 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 Test error (%)

1% 3.50 2.75 2.06 1.54 1.40 1.10 1.30 0.76 1.30
2"d 3.79 2.74 1.88 1.83 1.28 1.46 1.03 1.23 0.86
3rd 3.90 2.28 2.00 1.37 1.27 1.26 1.32 1.15 1.37
4t 3.79 2.51 1.86 1.79 1.41 1.08 1.03 0.79 0.94
5th 3.93 2.66 1.86 1.81 1.70 1.12 1.25 1.01 1.01
6" 3.76 2.15 1.95 1.77 1.33 1.30 1.15 0.83 1.30
7th 3.62 2.23 1.83 1.67 1.41 1.17 1.18 1.23 0.65
gth 3.83 2.23 1.86 1.99 1.57 1.15 1.44 0.76 0.21
gth 3.91 2.57 1.80 1.59 1.36 1.28 1.30 1.01 0.94
10t 3.46 2.46 1.84 1.90 1.50 1.53 1.18 1.23 0.57
11t 3.42 2.57 2.13 1.62 1.40 1.33 1.23 1.19 0.57
12t 3.51 2.46 1.82 1.70 1.44 1.10 1.13 1.23 1.15
Average test error 3.70 2.47 1.91 1.71 1.42 1.24 1.21 1.03 0.91
Accuracy 96.3 97.53 98.09 98.29 98.58 98.76 98.79 98.97 99.09
SD of the test error 0.18 0.20 0.10 0.16 0.12 0.14 0.12 0.20 0.35

Table 10: Results using RES-KELM on dataset2 (sequential split)

Split ratio (training:testing) 10:90 20:80 30:70 40:60 50:50 60:40 70:30 80:20 90:10

Test error 6.41 6.58 6.32 5.80 3.11 1.95 1.42 1.23 0.79

4.1 Comparison of results using ResNet50, KELM, and RES-KELM

We evaluated the recognition rate using ResNet50, KELM, and RES-KELM at nine different split ratios. It can
clearly be seen that among all the three approaches used, RES-KELM stands out in terms of training time
and accuracy. The accuracy comparison using all the three approaches for datasetl and dataset2 is pre-
sented in Tables 11 and 12, respectively.

Table 11: Comparison of results using ResNet50, KELM, and RES-KELM on datasetl

Test error (%)

Split ratio (training:testing) ResNet50 KELM RES-KELM
10:90 26.18 8.24 4.58
20:80 20.80 7.59 3.87
30:70 23.77 5.78 3.51
40:60 20.91 6.01 3.40
50:50 18.28 5.82 3.22
60:40 19.91 6.06 3.03
70:30 17.84 5.63 2.97
80:20 18.31 5.14 2.76

90:10 18.49 4.64 2.92
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Table 12: Comparison of results using ResNet50, KELM, and RES-KELM on dataset2

Test error (%)

Split ratio (training:testing) ResNet50 KELM RES-KELM
10:90 26.18 14.19 3.70
20:80 20.80 14.50 2.47
30:70 23.77 13.84 1.91
40:60 20.91 12.84 1.71
50:50 18.28 8.35 1.42
60:40 19.91 7.42 1.24
70:30 17.84 6.34 1.21
80:20 18.31 6.41 1.03
90:10 18.49 6.80 0.91

4.2 Comparison with the state-of-the-art methods
We carried out a comparative analysis of our RES-KELM fusion model with other state-of-the art methods.

Table 13 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 classification error up to 0.79.

Table 13: Comparison with existing state-of-the-art methods

Reference Technique Dataset Result [accuracy, (%)]
Ji et al. [24] ResNet152, Xception, and Inception-ResNetV2 4,099 C,XR images 96
Waheed et al. [32] VGG16 1,124 CpXR images 95
Che Azemin et al. [33] ResNet101 5,828 C,XR images 71.9
Umair et al. [25] VGG16, ResNet-50, DenseNet121, and Datasetl: 7,232 C,XR 96.49
MobileNet, Grad-Cam technique images
Dataset2: 450 C,XR
images
Mangal et al. [34] CheXNet 5,856 C,XR images 90.5
Murugan and CNN ResNet50-based ELM classifier 2,700 images 94.07
Goel [23]
Wang et al. [35] GoogleNet, Inception v3 1,065 CT images 89.5
RES-KELM (proposed) ResNet50 and KELM fusion Datasetl: 5,856 C,XR 97.24
images
Dataset2: 13,808 C,XR 99.21
images

5 Conclusion and future scope

A novel fusion model called RES-KELM based on non-iterative deterministic learning classifier, KELM, and
a pretrained network ResNet50 has been proposed for an automated classification of Covid19 using C,XR
images in this work. We have demonstrated the performance of the proposed approach using two datasets,
and we are able to minimize the testing error up to 2.76 on datasetl and up to 0.79 on dataset2. We will
explore larger 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 the proposed novel fusion approach
based on non-iterative deterministic learning classifier is the best performing technique, which achieves the
best classification accuracy. At the same time, it requires less time for training of the model. We merely plan
to investigate potential, economically viable strategies to combat this disease rather than creating a perfect
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detection mechanism. This may be helpful for prioritizing patients for further RT-PCR testing, specifically in
settings where radiologists are not available, and aid in making the proposed testing technology scalable.
The present investigation has been carried out for binary classification (to categorize Covid19 patients and
healthy people). In the future studies, multi-class classification (Covid19, bacterial pneumonia, and viral
pneumonia) will be investigated. Also, augmented datasets will be used for better performance in further
studies.
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