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Abstract: The novel Coronavirus, declared as a pandemic by WHO, has caused a health 

crisis and disrupted the daily course of the people globally. The effectiveness of Chest X-

ray (CXR) in the differentiation of COVID from non-COVID has exhorted us to propose 

a diagnostic model based on deep features. This paper proposes a diagnostic framework to 

diagnose COVID-19 from Chest X-rays (CXR). Further Grad-CAM visualizations are 

shown to get a visual interpretation for the predicted images. We validated the 

performance of the proposed diagnostic model using the area under the curve (AUC), 

accuracy, precision, recall, F1-score and geometric mean (G-mean). Few popular machine 

learning models such as random forest, dense neural network, support vector machine 

(SVM), twin SVM (TWSVM), extreme learning machine (ELM), random vector 

functional link (RVFL) and kernel ridge regression (KRR) have been selected 

for diagnosing the COVID cases. The deep features are extracted by transfer learning. 

Grad-CAM visualizations are presented for the predicted images. We have achieved the 

best AUC score of 0.98 on TWSVM classifier on the feature vector extracted by 

ResNet50 architecture. The feature vector extracted from ResNet50 outperforms all other 

CNN architecture rank wise based on AUC. The experimental outcome indicates the 

efficiency of the proposed diagnostic framework. 

Keywords: COVID-19; SARS-COV-2019; Machine learning; Deep learning. 

1. Introduction 

  Coronavirus disease 2019 (COVID-19) has devastated global health, caused 

financial crises, and disrupted the daily course of people. On 30 Jan 2020, WHO 

proclaimed the novel coronavirus epidemic, a public health emergency of international 

concern (PHEIC) [1], announcing it a pandemic on 11 March 2020 after an increase in 

infected people at an alarming rate. Many countries are struggling to segment out COVID 

cases from non-COVID cases so that proper treatment can be given to infected people. 
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Reverse Transcriptase polymerase chain reaction (RT-PCR) is currently prevalent to 

detect and diagnose the COVID-19 virus by analyzing the nasopharyngeal swabs 

specimen. The insufficient availability of RT-PCR kits, complexity, and problems related 

to its sensitivity, reproducibility, and specificity [2] are some factors which imply a need 

to devise alternative diagnostic techniques. Studies [3] have shown a high correlation 

between the PCR test and radiological results, implying that it can be used as an 

alternative and backup approach to identify COVID-19 cases. 

 An essential step in the battle against COVID-19 is the correct diagnosis of infected 

patients with a reduced false-negative rate and evaluation of disease progression. 

Advantages of leveraging Chest X-ray imaging for COVID-19 are rapid triaging, easy 

availability, accessibility, and portability with fewer chances of infection [4]. Many 

studies have validated that COVID-19 patients exhibit abnormalities in chest radiography, 

opening the prospect for refinement in the visual inspection and biomarkers identification 

techniques [5] [6]. The predominant patterns found in a radiological evaluation of 

COVID-19 cases include ground-glass opacification and, infrequent consolidation in 

peripheries and the lower zones of the CXR [7].  

Based Based on the background study, our goals are:  

(a) Automatic identification of COVID-19 CXR images by transfer learning to use standard 

ImageNet trained CNN architectures.  

(b) To use the well-known robust conventional machine learning (ML) classifier.  

Because of the less availability of COVID-19 CXRs, transfer learning is helpful to extract the 

significant features in the image. We have considered COVID-19, Viral-Pneumonia, and 

normal chest X-rays for recognizing the common and specific feature differences. The motive 

of doing this is to achieve the best possible accuracy in the identification of COVID-19 cases. 

Transfer learning is used to determine the feature vector. We further used a few popular ML 

classifiers like SVM, TWSVM, ELM, RVFL, RF and KRR to classify the images into their 

respective category. We further compare the classification performance of these traditional 

classifiers with the dense neural network and the results are depicted in the numerical section. 

To justify the applicability of the models, we have prepared a balanced dataset comprising 

three classes for feature extraction. The main contributions of this paper can be summarized 

as follows: 

a) Proposed an Automatic COVID-19 detection methodology for detection of COVID-

19 infected CXRs. This proposed methodology can be used as a second-confirmatory 

tool to validate the diagnosis. 



   

 

   

 

b) Applied robust conventional ML classifiers on the features extracted by the CNN 

architectures like InceptionV3, MobileNet, Resnet50, VGG16 and, Xception using 

Transfer Learning. 

c) Grad-CAM visualization of CXRs for validating the visually identifiable biomarkers. 

d) Analyzed the performance of the proposed methodological framework with the 

available COVID-19 diagnostic deep learning model. 

The rest of the article is organized as follows, Section 2 presents the background 

study, Section 3 presents Methodology, which demonstrates the experimental results in 

detail and the paper ends with the conclusion Section 4. 

1.1 Background study 

 Deep Learning (DL) is a promising tool in diagnosis, detection, and analysis from 

medical images [8]. Nguyen et al. [9] used the CNN models on PAP-smear images [10] and 

2D-Hela images [11] datasets for the classification of images by the diagnosis of cancer and 

analysis of the structure of endogenous proteins, respectively. Transfer learning is used in the 

model by pre-training them and concatenating features from different models. Some layers 

were added to capture prominent features and classification accuracy of 92.63% was 

achieved on the PAP-smear dataset & 92.57% on the 2D-Hela dataset. [12] describes a 

revolutionary method termed active incremental fine-tuning (AIFT), which seamlessly 

merges active and transfer learning into a single framework. The AIFT approach uses a pre-

trained CNN to find “salient” samples and then fine-tunes the CNN by progressively adding 

fresh annotated samples for training. Polyp detection, colonoscopy frame categorization, and 

pulmonary embolism identification are all done with this technology. The goal of this method 

is to reduce the cost of annotation when using CNN in biomedical images, not to increase 

accuracy. When there aren’t enough images to train deep neural networks, the importance of 
transfer learning for biomedical images is revealed in [13]. They concluded that considerably 

more complex neural networks should not be used to classify biomedical images. The 

fundamental explanation for this is that the more complex networks collect more abstract 

information and ignore tiny differences between photos from different classes. They also 

developed a fused deep neural network (DNN) that uses shallow layers to get low-level 

features and deep layers to gain high-level features. Deep layers can capture and 

discriminating minute variations between images from distinct classes in the same category.  

 The effectiveness of DL approaches in the diagnosis and segmentation of specific 

patterns in several medical fields has encouraged the research community to apply this 

approach for the classification of COVID and non-COVID cases [14] [15] [16] [17]. Li et al. 

[18] have carried out a retrospective study using deep learning methods to extract visual 

features from chest CT scan images and attained an AUC of 0.96 in identifying COVID-19 

cases. The Transfer Learning approach is applied for feature extraction and classification to 

diagnose COVID-19 positive cases by Apostolopoulos et al. [19], Jaiswal et al. [20]. Few 



   

 

   

 

contributions in the effective classification and segmentation of COVID cases from non-

COVID are summarized in Table 1. 

Table 1. Description of some contributions in the diagnosis of COVID-19 using deep learning models with 

COVID-19 related datasets. 

Articles Techniques/Proposed 

Models 

Imaging 

modality 

Dataset Result 

Das, Dipayan, K. 

C. Santosh, and 

Umapada Pal 

(2020) 

Truncated Inception-

Net [21] 

X-ray Kaggle CXR 

collection, which is 

composed of 5863 

CXRs. 1583 is normal 

and the remaining 

shows manifestations 

of viral and Bacterial 

Pneumonia. 

Consists of Shenzhen, 

China regions (340 

normal + 342 

tuberculosis) and 

Montgomery County, 

USA region (80 

normal + 58 

Tuberculosis) dataset. 

In categorising COVID-

19 positive cases from 

combined Pneumonia 

and healthy cases, the 

accuracy was 99.96% 

and the AUC was 1. 

In classifying COVID-

19 positive cases from 

combined Pneumonia, 

Tuberculosis, and 

healthy CXRs, the 

accuracy was 99.92 and 

the AUC was 0.99. 

Ozturk, Tulin, et al 

(2020) 

 

DarkCOVIDNet [22] X-ray 127 COVID-19 

positive X-ray images 

extracted from Cohen 

JP open source 

database. 

500 pneumonia and 

500 normal chest X-

ray from the chestX-

ray database 

The mean accuracy of 

98.08% in detecting 

COVID-19 positive 

cases. 

Zhang, Jianpeng, 

et al.  

(2020) 

 

Confidence-Aware 

Anomaly Detection [23] 

X-ray X-COVID dataset 

contains 106 

confirmed COVID-19 

positive and 107 

normal controls. 

The sensitivity of 

71.70% with an AUC of 

83.61 

Minaee, Shervin, 

et al.(2020) 

 

Deep-COVID [24] X-ray COVID-Xray- 5k 

dataset. 520 COVID-

19 images (with 

augmentation) and 

5000 non-COVID 

images. 

98% sensitivity rate and 

around 90% of 

specificity rate. 



   

 

   

 

Narin, Ali, Ceren 

Kaya, and Ziynet 

Pamuk. (2020) 

 

Deep Convolutional 

Neural Networks 

(ResNet50, InceptionV3 

and Inception-

ResNetV2) [25] 

X-ray 50 normal and 50 

COVID-19 positive 

patients 

ResNet50=98% 

accuracy 

InceptionV3=97% 

accuracy 

Inception-

ResNetV2=87% 

accuracy 

Rahimzadeh, 

Mohammad, and 

Abolfazl Attar. 

(2020) 

 

Xception and 

ResNet50V2 

concatenated deep 

convolutional network. 

[26] 

X-ray 180 COVID-19 

positive cases; 6054 

pneumonia cases and  

8851 normal cases. 

The average accuracy of 

99.5% and 80.53% 

sensitivity for the 

COVID-19 class. The 

overall average 

accuracy of all classes is 

91.4%.  

Panwar, Harsh, et 

al. (2020) 

nCOVnet, a deep 

learning-based CNN. 

[27] 

X-ray 142 x-ray images of 

COVID-19 positive 

cases and 142 images 

of normal X-rays. 

Accuracy of 97.62% in 

predicting COVID-19 

positive patients. 

Wang, Linda, and 

Alexander Wong 

(2020) 

COVID-Net [4] X-ray 358 CXR images of 

COVID-19 cases, 

8066 normal cases, 

and 5538 pneumonia 

cases. 

A positive predictive 

value of 90.5% for 

normal, 91.3% for non-

COVID19 pneumonia, 

and 98.9 for COVID-19 

is achieved. 

Ucar, Ferhat, and 

Deniz Korkmaz 

(2020) 

 

COVIDiagnosis-Net; 

Deep Bayes-

SqueezeNet based 

diagnosis. [28] 

X-ray The augmented 

dataset consists of 

1536 images each 

from the category of 

COVID, normal, 

pneumonia. The base 

dataset source is 

COVIDx, 

The accuracy was 

98.3% (among Normal, 

Pneumonia, and COVID 

patients) and 100% for 

single recognition of 

COVID-19. 

Afshar, Parnian, et 

al. 

(2020) 

COVID-CAPS, capsule 

network-based 

framework [29] 

X-ray 358 CXR images of 

COVID-19 cases, 

8066 normal cases, 

and 5538 pneumonia 

cases. 

Accuracy of 95.7%, the 

sensitivity rate of 90%, 

and specificity of 95.8% 

are achieved. 

Farooq, 

Muhammad, and 

Abdul Hafeez. 

(2020) 

 

COVID-ResNet [30] X-ray 68 COVID-19 cxr, 

1203 patients with 

normal, 931 bacterial 

pneumonia, 660 with 

non-COVID-19 viral 

pneumonia cases. 

Accuracy of 96.23% is 

achieved. 

Rajinikanth, V., et 

al.(2020) 

 

Harmony-Search and 

Otsu based system [31] 

CT-scan 90 2d slices of 

coronal-view and 20 

2d slices of axial 

view. 

COVID-19 pneumonia 

infection and its rate    



   

 

   

 

Zhao, Jinyu, et al. 

(2020) 

COVID-CT dataset 

(multi-task learning and 

self-supervised 

learning) [32] 

CT-scan 349 COVID-19 CT 

images and 463 non-

COVID-19 CT 

images 

89% accuracy and AUC 

of 0.98 

Loey, Mohamed, 

Gunasekaran 

Manogaran, and 

NourEldeen M. 

Khalifa. 

(2020) 

 

Deep Transfer learning 

model with data 

augmentation and 

CGAN (AlexNet, 

VGGNet16, 

VGGNet19, GoogleNet, 

and ResNet50) [33], 

[34] 

CT-scan 345 COVID-19 

positive CT scans and 

397 non-COVID of 

CT images. 

Testing accuracy of 

82.91% is attained. 

Wu, Yu-Huan, et 

al.  

(2020) 

Joint Classification and 

Segmentation [35] 

CT Total of 144,167 CT 

scan images from 750 

cases, 400 positive 

cases of COVID-19, 

and 350 negative 

cases 

The average sensitivity 

of 95% and specificity 

of 93%. 

Ahuja, Sakshi, et 

al. 

(2020) 

Deep Transfer learning 

with augmentation. 

(ResNet18, ResNet50, 

ResNet101, 

SqueezeNet) [36] 

CT-scan COVID-CT: 349 and 

Normal: 397  

Testing accuracy= 

97.32%, F1 -score 

=99.5% 

Zhang et al. (2021) 5-layer deep CNN with 

stochastic pooling for 

COVID-19 [37]  

CT-scan COVID-CT: 142 and 

Normal: 142 

Testing accuracy = 

93.64%, sensitivity = 

93.28%, specificity 

=94.00% 

Zhang et al. (2021) DenseNet-optimization 

of transfer learning 

setting [38] 

CT-scan COVID-CT: 142 and 

Normal: 142 

Testing accuracy = 

96.20%, sensitivity = 

96.35%, specificity 

=96.29%, precision = 

96.30% 

Ying et al. (2021) Details Relation 

Extraction neural 

network [39] 

CT-scan COVID-CT: 88, 

Normal: 86 and 

Bacteria Pneumonia: 

101 

AUC= 99%, sensitivity 

= 93.00% for COVID-

CT with others 

Shorfuzzaman and 

Hossain (2021) 
MetaCOVID [40] X-ray 230 Accuracy= 95.6%, 

AUC= 97% 

Goel et al. (2021) Optimized 

Convolutional Neural 

network [41] 

X-ray 2700 Accuracy = 97.78%, 

sensitivity = 97.75%, 

specificity = 96.25%, 

precision = 92.88%, F1 

score = 95.25% 



   

 

   

 

Turkoglu (2021) COVIDetectioNet using 

pre-trained CNN and 

AlexNet [42] 

X-ray 6092 Accuracy = 99.18% 

Shah et al. (2021) CTnet-10 and  VGG-19 

[43] 

CT-scan 738 Accuracy = 82.1% for 

CTnet-10 and 94.52% 

for VGG-19 

Rasheed et al. 

(2021) 

Logistic Regression and  

CNN [44] 

X-ray 500 Accuracy = 95.2–97.6% 

with principal 

component analysis 

(PCA) and Accuracy = 

97.6-100% without 

PCA 

Automatic diagnosis of COVID-19 from CXR by deep learning approaches, transfer learning 

have been explored and evaluated in many studies and research works [45] [46] [47]. CNN 

based models have significant applications in computer vision and medical image analysis for 

detecting and recognizing specific image patterns or anomalies. The layers of CNN extract 

various nonlinear features by transforming the input image into a more abstract level. Saha et 

al.  [48] has proposed ensembles of binary classifiers and developed a deep learning model 

EMCNet, producing instant detection with a low false-negative rate. Many pieces of research 

[49] [50] [51] in automated COVID-19 detection involves feature extraction followed by the 

traditional classification algorithms or deep learning models. 

2 Methodology 

2.1 Transfer Learning 

Classical data mining and machine learning algorithms make predictions on the test data 

using statistical models that are trained on the training data. Transfer learning is a technique 

in which a model trained on one task is reused for another related task by leveraging the 

learning from the source task to increase the rate of learning and decrease the computational 

complexity of the new task. Both training data and test data belong to the same domain, 

comprising feature space and marginal probability distribution. Research on transfer learning 

finds very conclusive applications in deep learning and it is a key concept for extending the 

versatile applicability of DL tasks. In a survey on transfer learning [55], wide adoption of 

transfer learning techniques in DL research and its applicability for building robust models is 

highlighted.  

Consider a source domain 𝐷𝑠 and a learning task 𝑇𝑠 , a target domain 𝐷𝑡 and a learning task 𝑇𝑡, transfer learning aims to help improve the learning of the target predictive function 𝑓𝑡(∙) 

in  𝐷𝑡 using the knowledge in 𝐷𝑠 and 𝑇𝑠 , where 𝐷𝑠 ≠ 𝐷𝑡, or 𝑇𝑠 ≠ 𝑇𝑡[56].Where, Domain (𝐷) 

consist of feature space 𝜒 and marginal probability distribution 𝑃(𝑋) where 𝑋 =



   

 

   

 

{𝑥1, … , 𝑥𝑛}𝜖 𝜒 . i.e., 𝐷 = {𝜒 , 𝑃(𝑋)}. Task (𝑇) has of two components: a label space 𝑦 and an 

objective predictive function 𝑓(∙). i.e., 𝑇 = {𝑦, 𝑓(∙)}.  

The major goal of transfer learning is to learn unsymmetrically from one or more source task 

and apply it to the target task. The learning in the deep neural networks happens through 

progressive weights change. It is clear by many studies [57] that models learn low-level 

features in the initial layer and high-level features are learned by the layers near the end of 

the network. A base model trained on one dataset can predict another smaller related dataset. 

It is done by freezing all the layers and creating a new model on top of the output of one or 

several layers from the base model. The new model generated can be trained on a new but 

smaller dataset for convergence. For further improving the evaluation metrics, it can be fine-

tuned by unfreezing some layers and trained again with a lower learning rate. 

2.2 Convolutional Neural Network (CNN) 

Convolutional neural networks are mostly employed in image pattern recognition, 

and the core principle is to identify certain properties in image pixels via a mathematical 

procedure called convolution. To build feature maps for the following layer, a kernel matrix 

is slid across the input image matrix. If we assume that an image is denoted by f  and kernel 

by ,h indexes of resultant row and column are represented by m and n then: 

 
i j

knjmfkjhnmhf ],,[].,[],)[*(  

After the convolution operation, certain activation functions are overlapped to introduce non-

linear transformation, followed by the max-pooling layers. Max-pooling layers down-sample 

the feature map output to make the representation approximately invariant to small 

transitions. The nodes after the pooling layers are flattened into a fully connected layer to 

make predictions with subsequent layers. Some of the famous CNN architectures which we 

have considered as a feature extractor model are VGG [58], Resnet-50 [59], Inception [60], 

Xception [61], and MobileNet [62]. The traditional machine learning classifiers which have 

been used are Support Vector Machine (SVM), Twin Support Vector Machine (TWSVM), 

Extreme Learning Machine (ELM) [63], Random Vector Functional Link (RVFL) [64], 

Kernel Ridge Regression (KRR) [65] and Random Forest (RF) [66].  

2.3 Proposed Strategy  

This study introduces some unique observations and findings as compared to the previously 

reported studies in this field. The low availability of COVID CXR images has limited the 

exploration of COVID cases in deep learning (DL). So, to bypass this limitation, we have 

augmented CXR images to increase the number of training images. We have compiled 

COVID, pneumonia, and normal cases CXRs images and augmented them with different 



   

 

   

 

augmentation techniques to make them balanced and avoid biases in the dataset. This 

balanced augmented dataset comprising 4050 CXR images can serve as a benchmark for 

experimentation and study purposes. 

The schematic diagram of our proposed methodology is shown in Fig. 9. The 

systematic steps are shown to automatically diagnose the COVID-19 cases. The structure of 

our proposed methodology may be described as: 

 Preprocessing of Input images: Resizing all the extracted images to 3299299   

changing different format images to jpeg images and augmentation of the images by 

width shift, height shift and rotation. 

 Splitting into Train and Test set: Input images are split into 70:30 training-testing 

ratio. 

 Applying Transfer Learning: Various CNN architectures namely, VGG16, ResNet50, 

InceptionV3, Xception and, MobileNet are used as a feature extractor via Transfer 

Learning on Training images. Grad-CAM visualization is produced to properly 

monitor the learned features based on which classification is done. 

 

Fig. 9: Schematic representing the proposed methodology for the automatic detection of COVID-19 CXRs. 

 

 Classification by Machine Learning classifiers: The extracted feature vector serves 

as input to the conventional Machine Learning Classifiers. SVM, TWSVM, ELM, 

Random Forest, KRR and RVFL are used for the classification of COVID-19 from 

non-COVID based on feature vectors. Ten-fold cross-validation is used as a 

validation technique on the training set in this classification task. 

 Deep feature Interpretation: Grad-CAM visualization is obtained for the 

interpretability of the predicted result.   



   

 

   

 

2.4 Dataset Collection 

The dataset which we have used to train, extract features, and evaluate the performance of the 

classifiers comprises 4050 CXR images. We have collected the CXRs of Normal and Viral 

Pneumonia and COVID-19 from the Kaggle Radiography database, which is compiled from 

various reliable sources. We have also collected COVID-19 images from the following open-

source GitHub repositories: 

• COVID-chest-X-ray-dataset: Cohen et al. [52] have compiled CXR of several diseases with 

various views that are widely used by many researchers. We collected 203 posteroanterior 

COVID-19 CXR on 5 September 2020. 

• Actual med-COVID-chest-X-ray-dataset: Audrey Chung et al. [53] have compiled 238 

COVID-19 CXR images 

• COVID-chest-X-ray-dataset: 55 COVID-19 CXR images are collected from this repository 

[69]. 

There is a fair amount of chance that the CXRs images collected for the COVID-19 case may 

contain a few duplicates. We have used the image hashing technique to remove the duplicate 

images of COVID-19 CXR, as duplicate images can introduce biases into the network. So, 

1341 CXR images for normal cases, 1345 for viral pneumonia cases and 667 images for 

COVID-19 cases are collected. 

2.5 Dataset pre-processing 

The collected CXR images have different sizes and resolutions. To bring uniformity 

we have resized all the images to 299 × 299 pixels with 3 channels (RGB), forming the 

input of size 299 × 299 × 3 for the model. An imbalanced dataset has an enormous impact 

on the performance of the model as an uneven distribution of classes can introduce the bias 

of dominant classes. To overcome the limitation of the availability of COVID-19 images, we 

have applied some image augmentation techniques. They are: 

a) Width shift: Width shift in the range of 0.1 is applied meaning image width can be 

shifted either left or right by 0.1 portions of the actual image width. 

b) Height shift: Height shift in the range of 0.1 is applied meaning image height can be 

shifted either top or down by 0.1 portions of the actual image height. 

c) Rotation: Images are rotated either clockwise or anti-clockwise by 200. 

These techniques are introduced to increase the overall performance and ability of 

the model to generalize as well as reduce the over-fitting, as shown in Fig 11. Samples of 

CXR images were taken after applying image augmentation to the dataset to make it 

balanced. 



   

 

   

 

    
(a) (b) (c) (d) (e) 

Fig. 11: COVID-19 image augmentation for making data balanced for feature vector extraction. (a) Up and left 

shift, (b) counter-clockwise rotation, (c) clock-wise rotation (d) up and right shift and (e) no augmentation is 

shown respectively. 

After segmenting the image, each category contains 1350 images each, 4050 CXR 

images. It is again split to contain 70% train and 30% test set with 10% of validation in 

the train set. Fig. 12. Illustrates the balanced distribution of three classes in train and test 

labels. The actual collected imbalanced dataset is labelled as raw. 

 

 

 

 

 

 

 

 

 

 

Fig. 12: Splitting of datasets into training and testing. 

Since CNN models have many parameters that need to be trained, a large and diverse image 

dataset is required to produce robust results. Building a custom CNN model from scratch and 

training the model on scanty images over larger epochs may lead to over-fitting, so in this 

scenario, transfer learning is the best approach. Transfer learning also has many pitfalls for 

over-fitting. We have trained and fine-tuned the CNN architectures’ certain number of layers 
to get better accuracy and avoid over-fitting. In our Vgg16 architecture, there were 19 layers 

out of which 13 were frozen, and the rest 6 were trainable. The total parameters were 

14,714,688 out of which 9,439,232 were trainable and 5,275,456 were non-trainable. In our 

Resnet-50 architecture, there are 175 layers out of which 119 were frozen, and the rest 56 

were trainable and the total number of parameters was 23,587,712 out of which 17,478,656 

were trainable and 6,109,056 were non-trainable. The InceptionV3 architecture contains 317 

layers, out of which 250 were frozen and the rest 38 were trainable. The total number of 

parameters was 89,444,598 out of which 78,181,254 were trainable and 11,261,344 were 

non-trainable. In our MobileNet architecture, there are 87 layers, out of which 71 were frozen 

and the rest 16 are trainable. The total number of parameters was 3,228,864, out of which 

1,857,024 were trainable and 1,371,840 were non-trainable. The original ResNet50 model has 



   

 

   

 

about 25 million parameters. A massive ImageNet database of over 14 million photos was 

used to train and determine these characteristics. Using our dataset of 4050 photos, it’s tough 
to retrain so many parameters reliably. To avoid over-fitting, we only retrain or fine-tune the 

limiting parameters in the last blocks of the pre-trained ResNet50.  

The visual characteristics of CXR of non-COVID viral pneumonia are like that of COVID 

CXR cases with some indistinguishable differences. So, the Feature vector is got on the 

dataset with three classes namely normal, COVID and viral pneumonia but classifiers are 

evaluated only for two classes namely COVID and non-COVID as we are only concerned 

about the prediction of COVID and Non-COVID cases specifically. Introducing the viral 

pneumonia class increases the overall sensitivity and specificity rate of the result. 

2.6 CXR image Interpretation with Grad-Cam 

DL performs very well, but it is a black box in the sense that many of the predictions by the 

models are not explainable. The underlying mechanism and behaviours of networks cannot 

be understood, debarring it to gain widespread applications. Some works [67], [68] have been 

done for visual interpretations to make deep learning more explainable and interpretable. One 

of the popular techniques for visual explanation is–Gradient-weighted Class Activation 

Mapping (Grad-CAM). It uses the gradient information flowing into the final convolutional 

layer to understand the importance of each node for making a particular decision. Grad-CAM 

gets the discriminative localization map of a class by computing the gradient of the score for 

any class for feature maps of the model’s layer. To obtain the neuron importance weights, 
gradients flowing back are average-pooled. 

Now the Grad-CAM localization map can be represented as: 
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By calculating this value, we get a heat-map for the target class as shown in Fig. 10. The 

generated Grad-CAM of some CXR images shown in Fig. 10 verifies the visual 

characteristics which include the predominant patterns of ground-glass opacification and 

occasional consolidation in peripheries and the lower zones of the CXR. The high-intensity 

area in the mask overlayed CXRs denotes that model is activating around those regions. 



   

 

   

 

 

Fig 10. The grad-cam visualization of COVID-19 images. The upper part shows the raw CXR images of 

COVID-19. The middle part is the overlays generated by Grad-CAM on the respective upper images. The 

upper and middle images are overlapped to generate the final Grad-CAM CXRs.   

3 Results  

3.1 Experimental Setup 

 The experiments were performed on two platforms. The feature extraction part was 

undertaken on Google Collaboratory which consists of CPU: Intel Xeon @ 2.20 GHz with 2 

cores. GPU: Nvidia Tesla P100 and 13 GB RAM. The classification simulations are 

performed in MATLAB 2008b on an 8GB RAM, Intel Core i7 processor installed windows 

system. In this work, the parameters C and   for SVM and TWSVM are chosen from 

 55 10,...,10 and  55 2,...,2 respectively. the parameters C and  for the KRR model are 

selected from  2020 10,...,10 and  .2,...,2 2020  Additionally, the hidden layer parameters for 

ELM and RVFL models are selected from a wide range of 

 .500,200,100,80,50,40,20,10  Keras [70] and Sci-kit learn [71] are used to code the 

proposed methodological framework. 

3.2 Performance Indication Metrics 

 To assess the quantitative performance of the models, we have considered accuracy, 

precision, recall, F1-score and to be computed from the confusion matrix. Further to evaluate 

the tradeoff between sensitivity and specificity ROC curve is considered. Accuracy is 

defined as the percentage of the correctly predicted instances to the total number of 

instances. Precision can be defined as the ratio of the positive cases that are correctly 

identified. Recall (sensitivity) is the proportion of actual positive cases that are correctly 

identified. F1-score is the harmonic average of precision and recall values. G-mean is the 

geometric average of precision and recall values. They can be calculated as: 

Precision =  )/()( FPTPTP NNN   

Recall =  )/()( FNTPTP NNN 
 



   

 

   

 

F1-score =  )2/()(2 FPFNTPTP NNNN 
 

G-mean =  √𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙 
Accuracy = )/()( FNFPTNTPTNTP NNNNNN   

AUC =  
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4. Discussion 

We have selected some robust classifiers based on the rankings presented by Delgado et al. 

[72] and evaluated their performance on our extracted feature vectors. Table 2 shows AUC 

values for the classifiers with optimum parameters on the considered CNN architectures. One 

can observe from the table that the KRR cosine model shows the best results for two CNN 

architectures. The average ranks based on the various metrics for CNN architectures are 

presented in Table 3 for each classifier. It is observable from Table 3 that the ResNet50 

shows the best average rank, followed by the Vgg16. Hence, the ResNet50 architecture is 

suggested for feature vector extraction. 

Table 2. AUC scores for the different machine learning classifiers on 5 CNN architectures with respective optimal parameters (Best results 

are in bold text). 

 

Dense 

Neural 

Network 

SVM 

),( C  

TWSVM 

),( 21 CCC   

ELM RVFL RF 

(n_estimators, 

criterion, 

max_features) 

KRR 

Sigmoidal 

)(  

Multiquadric 

)(  

Sigmoidal 

)(g  

Linear 

),( C  

RBF 

),( C  

Cosine 

),( C  

InceptionV3 0.8885 
0.5197 

(10,32) 

0.5197 

(0.001,32) 

0.8184 

(500) 

0.8678 

(200) 

0.8835 

(1000) 

0.8876 

(100, gini, 

auto) 

0.8667 

(0.001, 

2^-15) 

0.9068 

(0.01, 

2^-20) 

0.8796 

(0.01, 

2^-15) 

MobileNet 0.9503 
0.9432 

(10,32) 

0.9235 

(0.001,8) 

0.8936 

(500) 

0.9220 

(200) 

0.9453 

(1000) 

0.9413 

(500, entropy, 

auto) 

0.9309 

(0.01, 

2-20) 

0.9475 

(0.001, 

2^5) 

0.9346 

(0.001, 

2^-20) 

ResNet50 0.9643 
0.975926 

(1000,32) 

0.9889 

(0.1,32) 

0.9254 

(1000) 

0.9740 

(200) 

0.9851 

(1000) 

0.9531 

(700, entropy, 

auto) 

0.9852 

(10^-

8, 2-

20) 

0.98704 

(10^-5, 

2^-15) 

0.9827 

(0.001, 

2^-20) 

Vgg16 0.9784 
0.5037 

(1,32) 

0.5037 

(0.001,32) 

0.9665 

(200) 

0.9633 

(500) 

0.9701 

(500) 

0.9623 

(700, gini, 

auto) 

0.9660 

(10^-

8, 2^-

15) 

0.9765 

(10^-

20, 2^-

15) 

0.9784 

(0.01, 

2^-20) 

Xception 0.8964 
0.9407 

(10,32) 

0.9389 

(0.001,32) 

0.8896 

(1000) 

0.9438 

(200) 

0.9477 

(20) 

0.9420 

(1000, gini, 

auto) 

0.9451 

(10^-

20, 2-

0.9494 

(0.001, 

2^-20) 

0.9549 

(0.0001, 

2^-15) 
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Table3. Average rank based on AUC of classifiers based on different CNN architectures are obtained for measuring the relative 

performance (Best average rank is bolded). 

 

Dense 

Neural 

Network 

SVM TWSVM 
ELM RVFL 

RF 
KRR 

Sigmoidal Multiquadric Sigmoidal linear RBF Cosine 

InceptionV3 2 9 9 8 6 4 3 7 1 5 4.7 

MobileNet 1 4 8 10 9 3 5 7 2 6 3.3 

ResNet50 8 6 1 10 7 4 9 3 2 5 1.3 

VGG16 1 9 9 5 7 4 8 6 3 1 2.6 

Xception 9 7 8 10 5 3 6 4 2 1 3.1 

 4.2 7 7 8.6 6.8 3.6 6.2 5.4 2 3.6 
Average 

rank 

Additionally, the precision, recall, F1-score, G-mean and classification accuracies for the 

reported CNN architectures are presented in Table 4 for each classifier. The following 

implications can be drawn from Table 4: 

a) For precision: DNN shows the best values in three out of five cases. 

b) For recall: TWSVM achieves the best recall values in three out of five cases. 

c) For F1-score: KRR with RBF and cosine kernel shows the best performance in two 

cases each out of five. 

d) For G-mean: The RVFL model shows the best results in three out of five cases. 

e) For accuracy: Like F1-score, the KRR with RBF and cosine kernel shows the best 

performance in two cases each out of five. 

Hence from Table 4, one can conclude that the KRR classifiers show good generalization 

performance compared to other classifiers. 

Table 4. Precision, Recall, F1-score, G-mean and accuracy are evaluated for the labelled classifiers on five CNN architectures (Best results 

are bolded). 

Models Measures 

Dense 

Neural 

Network 

SVM TWSVM 

ELM RVFL 

RF 

KRR 

Sigmoidal Multiquadric Sigmoidal Linear RBF Cosine 

Xception 

Precision 

Recall 

F1-score 

 G-mean 

Accuracy 

0.9985 

0.7953 

0.7953 

0.8964 

0.8617 

0.9706 

0.9383 

0.9542 

0.9543 

0.9399 

0.9777 

0.9198 

0.9478 

0.9483 

0.9325 

0.9166 

0.9526 

0.9342 

0.9344 

0.9106 

0.9561 

0.9775 

0.9667 

0.9667 

0.9551 

0.9583 

0.9807 
0.9694 

0.9694 

0.9587 

0.9574 

0.9704 

0.9638 

0.9420 

0.9514 

0.9566 

0.9790 

0.9677 

0.9451 

0.9564 

0.9600 

0.9802 

0.9700 

0.9493 

0.9596 

0.9659 

0.9790 

0.9724 

0.9549 

0.9630 

VGG16 

Precision 

Recall 

F1-score 

 G-mean 

Accuracy 

0.9840 
0.9889 

0.9864 

0.9784 

0.9819 

0.6683 

1.0000 

0.8012 

0.8175 

0.6691 

0.6683 

1.0000 

0.8012 

0.8175 

0.6691 

0.9785 

0.9760 

0.9773 

0.9773 

0.9697 

0.9838 

0.9583 

0.9709 

0.9709 

0.9616 

0.9759 

0.9891 

0.9825 

0.9825 
0.9765 

0.9708 

0.9840 

0.9773 

0.9623 

0.9695 

0.9743 

0.9840 

0.9791 

0.9660 

0.9720 

0.9828 

0.9876 

0.9852 

0.9765 

0.9802 

0.9840 
0.9889 

0.9865 

0.9784 

0.9819 



   

 

   

 

ResNet50 

Precision 

Recall 

F1-score 

 G-mean 

Accuracy 

0.9737 

0.9855 

0.9796 

0.9643 

0.9720 

0.9816 

0.9889 

0.9852 

0.9852 

0.9802 

0.9902 

0.9975 

0.9939 

0.9939 

0.9917 

0.9448 

0.9635 

0.9540 

0.9541 

0.9381 

0.9786 

0.9914 

0.9849 

0.9849 

0.9798 

0.9896 

0.9909 

0.9903 

0.9903 

0.9870 

0.9680 

0.9704 

0.9692 

0.9531 

0.9588 

0.9913 
0.9877 

0.9895 

0.9852 

0.9860 

0.9889 

0.9962 

0.9926 

0.9870 

0.9901 

0.9889 

0.9877 

0.9883 

0.9827 

0.9844 

MobileNet 

Precison 

Recall 

F1-score 

 G-mean 

Accuracy 

0.9774 

0.9465 

0.9617 

0.9503 

0.9490 

0.9585 

0.9704 

0.9644 

0.9644 

0.9522 

0.9757 

0.8914 

0.9316 

0.9326 

0.9127 

0.9376 

0.9081 

0.9226 

0.9227 

0.8984 

0.9565 

0.9284 

0.9422 

0.9423 

0.9241 

0.9615 

0.9681 

0.9648 

0.9648 

0.9529 

0.9563 

0.9716 

0.9639 

0.9414 

0.9514 

0.9532 

0.9556 

0.9544 

0.9309 

0.9391 

0.9610 

0.9740 

0.9675 
0.9475 

0.9563 

0.9535 

0.9630 

0.9582 

0.9346 

0.9440 

InceptionV3 

Precision 

Recall 

F1-score 

 G-mean 

Accuracy 

0.9320 

0.9052 

0.9184 

0.8885 

0.8938 

0.6756 

1.0000 

0.8064 

0.8219 

0.6798 

0.6756 

1.0000 

0.8064 

0.8219 

0.6798 

0.8744 

0.8936 

0.8839 

0.8839 

0.8435 

0.9091 

0.9198 

0.9144 

0.9144 

0.8851 

0.9095 

0.9575 

0.9329 

0.9332 
0.9081 

0.9147 

0.9531 

0.9335 

0.8877 

0.9095 

0.8943 

0.9605 

0.9262 

0.8667 

0.8979 

0.9239 
0.9740 

0.9483 

0.9067 

0.9292 

0.9081 

0.9519 

0.9295 

0.8796 

0.9037 

 
Table 5. Overall performance average ranks based on the different quality measures like AUC, Accuracy, Precision, Recall, F1-score and 

G-mean (Best average rank is bolded). 

 

Measures Models 

Dense 

Neural 

Network 

SVM TWSVM 
ELM RVFL 

RF 
KRR 

Sigmoidal Multiquadric Sigmoidal Linear RBF Cosine 

AUC 

InceptionV3 2 9 9 8 6 4 3 7 1 5 

MobileNet 1 4 8 10 9 3 5 7 2 6 

ResNet50 8 6 1 10 7 4 9 3 2 5 

VGG16 1 9 9 5 7 4 8 6 3 1 

Xception 9 7 8 10 5 3 6 4 2 1 

Accuracy 

InceptionV3 6 9 9 8 7 3 2 5 1 4 

MobileNet 5 3 9 10 8 2 4 7 1 6 

ResNet50 8 6 1 10 7 3 9 4 2 5 

VGG16 1 9 9 6 8 4 7 5 3 2 

Xception 10 7 8 9 5 3 6 4 2 1 

Precision 

InceptionV3 1 9 9 8 5 4 3 7 2 6 

MobileNet 1 5 2 10 6 3 7 9 4 8 

ResNet50 8 6 2 10 7 3 9 1 4 5 

VGG16 2 9 9 5 3 6 8 7 4 1 

Xception 1 3 2 10 9 6 7 8 5 4 

Recall 

InceptionV3 9 1 1 10 8 5 6 4 3 7 

MobileNet 7 3 10 9 8 4 2 6 1 5 

ResNet50 8 5 1 10 3 4 9 6 2 6 

VGG16 4 1 1 9 10 3 7 7 6 5 

Xception 10 8 9 7 5 1 6 3 2 3 

F1-Score 

InceptionV3 6 9 9 8 7 3 2 5 1 4 

MobileNet 5 3 9 10 8 2 4 7 1 6 

ResNet50 8 6 1 10 7 3 9 4 2 5 

VGG16 2 9 9 7 8 4 6 5 3 1 

Xception 10 7 8 9 5 3 6 4 2 1 

G-mean 

InceptionV3 4 9 9 6 2 1 5 8 3 7 

MobileNet 3 2 8 10 5 1 6 9 4 7 

ResNet50 8 4 1 9 6 2 10 5 3 7 

VGG16 2 9 9 4 6 1 8 7 5 3 



   

 

   

 

Xception 10 4 6 9 2 1 8 7 5 3 

Average Ranks 5.3333 6.0333 6.2 8.5333 6.3 3.1 6.2333 5.7 2.7 4.3333 

The average ranks of the classifiers based on AUC, accuracy, precision, recall, F1-score and 

G-mean are shown in Table 5. It is noticeable that the KRR model with RBF kernel shows 

the best average rank, followed by the RVFL sigmoidal model. To compare the 

generalization performance of the models, the best rank model that is KRR with RBF kernel 

is compared with the other classifiers using the Friedman test. 

To generate the Friedman statistics for statistical comparison, the mean ranks of the 

10 classifiers from Table 5 are considered. 

From Table 5, the null hypothesis can be formulated as: 

4873.66
4

1110
3333.47.27.52333.61.33.65333.82.60333.63333.5

1110
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22222222222 
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FF  

FF is distributed to  110 and    130110  degrees of freedom. The critical value VC  for 

FF is 656.1 for 10.0 . Since, ,VF CF  therefore we reject the null hypothesis. Hence, the 

Nemenyi test can be performed to compare the classifiers pairwise. The critical difference 

(CD) considering 10.0p may be measured as: 

4695.2
306

)110(10
159.3 




CD  

The following implications can be obtained from the test: 

a) The difference between the mean ranks of the DNN, SVM, TWSVM, ELM sigmoidal, 

ELM multiquadric, RVFL and RF with the best average rank classifier, i.e., KRR RBF are 

5333.3,6.3,8333.5,5.3,3333.3,6333.2 and3 respectively, which are greater than the CD. 

Hence it can be concluded that KRR RBF achieves better generalization performance than 

DNN, SVM, TWSVM, ELM sigmoidal, ELM multiquadric, RVFL and RF classifiers. 

 

b) Further, it is observable that the difference between the average ranks of RVFL sigmoidal 

and KRR cosine with KRR RBF is 4.0 and 63333.1 . Therefore, no significant difference can 

be noticed while comparing the RVFL sigmoidal and KRR cosine with KRR RBF. 

To get a clear picture of the Friedman test with Nemenyi statistics, we plot the CDs 

of the classifiers in Fig 13 using boxplots. The up-quartile of each boxplot reveals the 

average rank of the classifiers, and the low-quartile defines the differences between the other 



   

 

   

 

models and the KRR RBF model on the real-world benchmark datasets. The dashed line is 

the CD line, From Fig. 13 it can be observed that the low quartile of RVFL sigmoid (RVFL 

s) and the KRR cosine (KRR cos) classifiers fall below the CD line. Also, one can notice 

that the lower quartile of DNN, SVM, TWSVM, ELM sigmoidal (ELM s), ELM 

multiquadric (ELM m), RF and KRR linear (KRR lin) classifiers falls above the CD line. 

Hence KRR RBF achieves significantly better performance than DNN, SVM, TWSVM, 

ELM s, ELM m, RF and KRR lin. 

 

Fig 13: Boxplot based on Friedman test and Nemenyi Statistics. 

5. Conclusion 

In this study, a novel framework has been introduced for feature vector extracting the features 

from robust classifiers using a few CNN architectures. The proposed framework is automatic 

end-to-end, which doesn’t require any manual intervention. Visual interpretation from Grad-

CAM is also produced to facilitate the explanation of results for the image category. One can 

notice from the results that our developed framework shows the best AUC of 0.9896 using 

the KRR classifier with the cosine kernel. It is further noticed that the ResNet50 is a better 

choice among adopted transfer learning-based CNN models in this paper. These results also 

explain the effectiveness of transfer learning to extract features and then applying robust 

classifiers to predict the COVID cases from CXR images. In the future, the suggested 

framework can be also applied for several application areas, especially in medical diagnoses. 

The authors declare that they have no conflict of interest. 
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