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Abstract: The novel coronavirus 2019 (COVID-19) is one of a large family of viruses that cause illness, the symptoms of which range from a common cold, fever, coughing, and shortness of breath to more severe symptoms. The virus rapidly and easily spreads from infected people to others through close contact in the absence of protection. Early detection of COVID-19 assists governmental authorities and healthcare specialists in reducing the chain of transmission and flattening the curve of the pandemic. The widespread form of the COVID-19 diagnostic test lacks a high true positive rate and a low false negative rate and needs a particular piece of hardware. Multifariously, computed tomography (CT) and X-ray images indicate evidence of COVID-19 disease. However, it is difficult to diagnose COVID-19 owing to the overlap of its symptoms with those of other lung infections. Thus, there is an urgent need for precise diagnostic solutions based on deep learning algorithms, such as convolutional neural networks, to quickly detect positive COVID-19 cases. Therefore, we propose a deep learning method based on an advanced convolutional neural network architecture known as EffencientNet pre-trained on ImageNet dataset to detect COVID-19 from chest X-ray images. The proposed method improves the accuracy of existing state-of-the-art techniques and can be used by medical staff to screen patients. The framework is trained and validated using 1,125 chest raw X-ray images (i.e., these images are not in regular shape and require image preprocessing) and compared with existing techniques. Three sets of experiments were carried out to detect COVID-19 early utilizing raw X-ray images. For the three-class (i.e., COVID-19, pneumonia, and no-findings) classification set of experiments, our method achieved an average accuracy of 89.60%. For the binary classification two set of experiments, our method yielded an average accuracy of 99.04% and 99.11%. The proposed method has achieved superior results compared to state-of-art methods. The method is a candidate solution for accurately detecting positive COVID-19 cases as soon as they occur using X-ray images. Additionally, the method does not require extensive preprocessing or feature extraction. The proposed technique can be utilized in remote areas where radiologists are not available and can detect other chest-related diseases, such as pneumonia.
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1  Introduction

The novel coronavirus 2019 (COVID-19) disease was first discovered at the end of 2019 in Wuhan, China [1,2]. COVID-19 is one of a large family of viruses that can rapidly and easily spread from infected people to others through close contact in the absence of protection [3–5]. COVID-19 has rapidly spread across the world, affecting more than 200 countries, which makes early diagnosis vital. In the United States, the first COVID-19 case was announced on January 20, 2020 [6], and by June 2020, the number of cases amounted to approximately 2,000,000 cases, including approximately 100,000 deaths. COVID-19 causes symptoms that range from the common cold, fever, coughing, and shortness of breath to more severe indications [7–9]. This disease is correlated with high admissions to the intensive care unit and an increasing number of human fatalities [10]. Early diagnosis of positive cases assists governmental authorities and healthcare specialists in decreasing the chain of transmission by isolating patients and flattening the curve of the pandemic [11].

The most common diagnostic test for COVID-19, reverse transcription polymerase chain reaction (RT-PCR), is used to evaluate the viral ribonucleic acid from a nasopharyngeal swab or sputum [12]. Regrettably, this diagnostic test is associated with a low true positive rate and a high false negative rate [13]. Specific equipment is also required to perform the tests and may be difficult to obtain [14,15]. Since positive COVID-19 cases should be diagnosed and isolated as quickly as possible, the use of RT-PCR for diagnostic purposes is not practical, as the results take a long time to obtain. Moreover, there are concerns about the accuracy and availability of this approach, as well as the lengthy time taken to obtain the results. In certain cases, patients who have undergone RT-PCR testing for COVID-19 have initially been diagnosed as negative, but when retested later, they tested positive, or a clear alternative diagnosis was made [16]. Computed tomography and X-ray images can indicate signs of COVID-19. However, the overlap between COVID-19 symptoms and other lung infections makes it difficult to diagnose the former. Thus, new X-ray-based diagnostic solutions using deep learning algorithms have recently been proposed as a method for rapidly detecting positive COVID-19 cases.

Deep learning algorithms have been used successfully in many medical applications, particularly for the diagnosis and prediction of diseases [17]. Thus, they have the potential to provide a solution to controlling the further spread of the COVID-19 pandemic. Discovering and detecting COVID-19 in its early stages, with high accuracy, is essential to reducing and preventing the widespread dissemination of the virus. The aim of this research is to design a framework to facilitate the identification of COVID-19 with high accuracy from the chest X-rays of infected individuals. The proposed model can detect COVID-19 in its early stages and thus prevent the extensive spread of the virus. As indicated in the literature, deep learning algorithms have the ability to diagnose COVID-19 from the radiography images of infected patients. Thus, the plan in the current study is to develop an improved advanced deep learning model that has not previously been investigated in the literature by building upon existing approaches. The proposed method is an end-to-end framework that uses the prominent self-feature extraction capability of deep learning models to extract and work on meaningful features of X-ray images. The framework is trained and validated using 1,125 chest raw X-ray images (i.e., these images are not in regular shape and require image pre-processing) and compared with existing techniques. The proposed framework can identify COVID-19 accurately in its early stages and thus prevent spread of the virus.

This research paper is organized as follows. The related work is surveyed in Section 2. Section 3 introduces the proposed deep learning framework and presents the experimental settings and the information of the dataset used to validate the proposed method. Section 4 shows the proposed method results. Section 5 discusses the results of the proposed method and the comparison with closely related methods. Section 6 concludes the research paper.

2  Literature Review

Recently, deep learning algorithms have been demonstrated to be invaluable in many medical applications, and they have been proposed as a method of predicting and identifying COVID-19 infection based on its symptoms. Severe respiratory symptoms and pneumonia, characteristic symptoms of COVID-19, present as unique graphical manifestations and characteristics on chest computerized tomography (CT) scans and X-rays. Thus, Wang et al. [18] proposed a screening model with the aim of detecting and controlling the spread of COVID-19 using chest CT images and a deep learning algorithm. The suggested prediction framework consisted of phases, the selection of an region of interest (ROI) in specific samples, the extraction of meaningful features using a convolutional neural network (CNN) architecture, and classification using a fully connected layer. The authors developed and validated their technique utilizing a dataset of 453 CT images of 99 subjects.

Unlike CT image-based approaches, some methods have been reported that utilize X-ray images since the results can be rapidly obtained; in addition, the methodology is easy, more cost-effective, and less harmful than CT. Automatic detection models, using X-ray images and deep CNN, have also been utilized for COVID-19 detection [19–24]. Narin et al. [19] investigated the early detection of COVID-19 using three types of CNN architectures: residual networks 50 (ResNet50), InceptionV3, and Inception-ResNetV2, which were used to classify X-ray images of COVID-19 patients and normal samples. The authors found that the ResNet outperformed the two other methods in terms of accuracy. However, the lack of sufficient samples (i.e., there were only 20 samples) was identified as a limitation to training the deep learning model. This issue was overcome with the application of a transfer learning technique, which led to a promising result. Farooq et al. [20] proposed the use of ResNet to distinguish between COVID-19 cases and those with similar diseases, such as pneumonia. The authors applied three techniques, discriminative learning, progressive resizing, and cyclical learning, to improve ResNet accuracy and make it less complex.

Xu et al. [25] proposed a three-dimensional CNN model to detect COVID-19 by subdividing the X-ray images into image patches. The proposed method was able to differentiate COVID-19 from influenza A viral pneumonia and healthy cases. It utilized four steps: (1) preprocessing to extract valuable features from specific regions, (2) the use of three-dimensional CNN architecture to subdivide the samples into possible meaningful image patches (i.e., by segmenting the center of the image and two neighboring pixels for each patch), (3) the classification of each subdivided patch, and (4) analysis that utilized a noisy-OR Bayesian function. Similarly, Gozes et al. [26] suggested the utilization of a CNN model by medical staff to differentiate between COVID-19 patients and uninfected individuals.

Luz et al. [27] suggested the use of a customized deep learning model that utilized certain components that were initially introduced to the ResNet architecture to enhance the performance of the technique; there were also fewer parameters to monitor using this approach compared to other techniques. To overcome the limited number of samples, the authors applied transfer learning using a pretrained model of ImageNet instances. Oh et al. [28] evaluated the use of a CNN approach in the detection of COVID-19 in a patchwise rather than pixelwise manner to overcome the lack of sufficient available samples required to train deep learning-based techniques. In other research, a deep anomaly detection technique was investigated for its efficacy in detecting COVID-19-positive samples [16]. The proposed method utilized stochastic gradient descent for training, and it showed promising results and had a reasonable detection time.

Apostolopoulos et al. [29] evaluated the performance of state-of-the-art CNN architectures such as visual geometry group 19 (VGG19), MobileNet, Inception, extreme version of Inception (Xception), and Inception-ResNet that have been applied for medical image classification and have adopted transfer learning to detect COVID-19. To evaluate their methods, the authors utilized a collection of two datasets that consisted of three classes, namely, COVID-19 class, normal class, and bacterial pneumonia class. The proposed method achieved promising results of 96.78% accuracy, 98.66% sensitivity, and 96.46% specificity, suggesting that applying deep learning to detect COVID-19 using X-ray images might extract meaningful COVID-19 biomarkers. The authors found that MobileNet outperformed the other CNN architectures in terms of specificity.

Toğaçar et al. [30] presented a deep learning technique consisting of two convolutional neural network architectures, namely, SqueezeNet and MobileNetV2, to train stacked images and a support vector machine (SVM) to detect COVID-19 in early stages. The authors validated their idea using a dataset of three classes: normal class, pneumonia class, and COVID-19 class. The fuzzy color technique was applied as a preprocessing step to restructure the classes. Therefore, the restructured images along with the original images were bundled to be fed into the deep learning architectures. Thereafter, the bundled images were passed to the SqueezeNet and MobileNetV2 models for training purposes. Afterward, the features generated by the models were processed using optimization methods known as social mimic. Finally, the features processed by the optimization method were combined and passed to the SVM to classify the three classes.

Khan et al. [31] introduced a deep CNN model based on Xception deep CNN architecture to diagnose COVID-19 through X-ray images. The proposed method was pre-trained using ImageNet dataset to address the limited number of samples limitation. The authors performed various set of experiments utilizing raw X-ray images collected from two different public repositories to evaluate their method using five evaluation metrics. The proposed method achieved promising results on four classes, three classes, and two classes set of experiments employing 4-fold cross validation technique.

Ozturk et al. [32] proposed an automated method based on the Darknet model to detect COVID-19 early using X-ray images. The model was validated using a dataset of 1,125 chest X-ray images. The dataset that the authors utilized to validate their method consisted of three classes, namely, no-findings class, COVID-19 class, and pneumonia class. Two data splits were performed for evaluation measures, a data split for binary classification and a data split for multiclass classification. The proposed technique achieved promising results in both data splits, in which 98.08% was achieved in the binary classification data split and 87.02% was achieved in the three-class classification.

3  Materials and Methods

This section introduces the information of the X-ray image dataset utilized to evaluate the proposed method and the proposed deep EfficientNet-based method.

3.1 Dataset Information

To evaluate the proposed method, we utilized the Python programming language. Two Python libraries designed for developing machine learning models, namely, Keras [33] and TensorFlow [34], were used to train the model and validate the results. The proposed model was trained by employing a collaborative environment that provides access to graphics processing units (GPUs) and tensor processing units (TPUs) (i.e., Google colaboratory (Colab)). A dataset provided by Ozturk et al. [32] was used to validate the proposed method. This dataset, which contains chest X-ray images, is designated for the early diagnosis of COVID-19. The X-ray images were collected from two different sources. The first set of X-ray images was collected by Cohen et al. [35] using images from various open access sources. The number of female COVID-19-positive cases is 43, while the number of male COVID-19-positive cases is 82. The average age of only 26 positive cases is 55 years. Some of the X-ray images samples present in this dataset are shown in Fig. 1. The other dataset was published by Wang et al. [36] for classifying common thorax diseases. The total number of samples collected from the two sources was 1,125 X-ray images. These samples belong to three classes: the first class, i.e., COVID-19, consists of 125 X-ray images, the second class, i.e., pneumonia, consists of 500 X-ray images, and the third class, i.e., the no-findings class, consists of 500 X-ray images.
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Figure 1: Three images present in the dataset representing three classes: (a) COVID-19, (b) pneumonia, and (c) no-findings

To compare our proposed method with a recent related work, i.e., Ozturk et al. [32], we used the same dataset of 500 chest X-ray images with no-findings cases, 500 X-ray images with pneumonia cases, and 125 chest X-ray images with COVID-19 cases.

3.2 Proposed Method

Artificial intelligence has been revolutionized since the emergence of deep learning techniques [37,38]. The term deep is introduced because the size of the neural network increases in which more layers are added to extend the learning process. One of the most successful deep learning algorithms that has attracted the attention of the research community due to the considerable success in precisely classifying or recognizing objects is CNN. A typical CNN architecture comprises three main types of layers: a convolution layer that receives the input and applies a number of filters to extract meaningful features, a pooling layer that reduces the complexity of the CNN architecture by downsampling the features, and a fully connected layer that deduces the decision of final classification.

Most effective deep learning architectures have been constructed using already proven models. Therefore, it is more reasonable to build a model based on an already proven model instead of developing a new deep learning model from scratch. As a starting point, a recent CNN architecture known as EfficientNet [39] is investigated. EfficientNet uses a very effective scaling method, named the compound coefficient, that solves the issue of scaling up all dimensions of width, depth, and resolution to the available resources in a more wise and principled manner while maintaining model efficiency. Fig. 2 explains the idea of the compound scaling method. It uniformly scales up all dimensions with a constant ratio.
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Figure 2: Compound scaling method as in Tan et al. [39]; uniformly scales up the width, depth, and resolution with a constant ratio

The compound scaling method highly depends on the baseline architecture. Thus, Tan et al. [39] used neural architecture search as the baseline architecture. EfficientNet models are based on automated machine learning (AutoML) [40] and the compound scaling technique. The authors utilized the AutoML mobile neural architecture search (MNAS) model, suitable for mobile devices, to develop a new mobile-size architecture, named EfficientNet-B0. Moreover, they used the compound scaling technique to scale up this baseline to obtain a family of models (EfficientNet-B1 to EfficientNet-B7).

EfficientNet models were able to achieve much better accuracy and efficiency than previous CNN architectures. EfficientNet-B7 achieved the state-of-the-art on the ImageNet dataset. It has the ability to capture richer and more complex features.

In this paper, we resized all of the X-ray images to 250 × 250 and then utilized the EfficientNet-B2 model to detect COVID-19 from raw X-ray images as shown in Fig. 3. We normalize the data of X-ray images so that they are of approximately the same scale. We added a global max pooling layer, followed by the dropout technique with a rate of 0.2 at the end of the model to prevent any overfitting. We used the RmsProp optimizer for the optimization of the model. We also used a softmax classifier at the end of the model for the classification. Our model trained with 40 epochs, using a batch size of 20, a learning rate of 0.001 and momentum of 0.

[image: images]

Figure 3: Overview of the proposed framework

Moreover, we used the transfer learning technique to improve the performance of our model. Due to the limited number of COVID-19 X-ray images, transfer learning was utilized to enhance the learning process of our method by transmitting knowledge from a related domain. Thus, we used the weights of the EfficientNet-B2 model that was pretrained on the ImageNet database and finetuned the new dataset, which helped to achieve better performance and decrease the training time.

4  Results

Three sets of experiments were carried out to detect COVID-19 early utilizing raw X-ray images. In the first set of experiments, the deep EfficientNet-based approach was trained in multiclass classification settings using the three classes: no finding, COVID-19, and pneumonia. In the second set of experiments, the proposed method was trained in binary classification settings using two classes: non-COVID (pneumonia and no-findings) and COVID-19. In the third set of experiments, the proposed method was trained in binary classification settings using two classes: no-findings and COVID-19. To validate the generalization of the proposed model and compare it with the DarkNet-based approach [32], the 5-fold cross-validation technique was adopted for the three sets of experiments (i.e., multiclass and both binary classification settings). For both the multiclass and binary classification, the training of 80% of the data and validation of 20% of the data were iterated 5 times for each fold. The 5-fold prediction was averaged to induce the final results. The number of epochs used to train the model for each fold was 40.

The confusion matrices for both the three-class and binary classifications are shown in Figs. 4–6, respectively. The confusion matrix of each fold for three-class classification presents the percentage of X-ray images that were correctly classified and misclassified by our proposed method. The confusion matrix was evaluated using four performance measures: true positive (TP), false positive (FP), true negative (TN), and false negative (FN). The TP represents the number of COVID-19 positive instances that were correctly classified as positive. The FP represents the number of COVID-19-positive samples that were mistakenly misclassified. The TN represents the number of negative instances (i.e., no-findings and pneumonia instances) that were correctly classified as negative. The FN represents the number of negative instances that were classified mistakenly as positive COVID-19 instances.
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Figure 4: Multiclass classification 5-fold confusion matrices. Class 0 denotes COVID-19 class, class 1 denotes pneumonia class, and class 2 denotes no-findings class, (a) Fold-1, (b) Fold-2, (c) Fold-3, (d) Fold-4, (e) Fold-5
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Figure 5: Binary classification 5-fold confusion matrices. Class 0 denotes the COVID-19 class, and class 1 denotes the non-COVID class, (a) Fold-1, (b) Fold-2, (c) Fold-3, (d) Fold-4, (e) Fold-5
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Figure 6: Binary classification 5-fold confusion matrices. Class 0 denotes the COVID-19 class, and class 1 denotes the no-findings class, (a) Fold-1, (b) Fold-2, (c) Fold-3, (d) Fold-4, (e) Fold-5

As shown in Fig. 4, the percentage of COVID-19 X-ray images TP rate in the first fold is 84% and the percentage of COVID-19 FP rate is 16%. The percentage of COVID-19 X-ray images TP rate in the second fold is 84% and the percentage of COVID-19 FP rate is 16%. The percentage of COVID-19 X-ray images TP rate in the third fold is 92% and the percentage of COVID-19 FP rate is 8%. The percentage of COVID-19 X-ray images TP rate in the fourth fold is 96% and the percentage of COVID-19 FP rate is 4%. Finally, the percentage of COVID-19 X-ray images TP rate in the fifth fold is 96% and the percentage of COVID-19 FP rate is 4%.

The confusion matrix of each fold for first binary classification presents the percentage of X-ray images that were correctly classified and misclassified by our proposed method, as shown in Fig. 5. The percentage of COVID-19 X-ray images TP rate in the third fold and fifth fold (i.e., the best scoring folds of the second classification set of experiments in terms of TP rate) was 97%, the percentage of COVID-19 FP rate was only 3%, the percentage of COVID-19 X-ray images FN rate was 5% and the percentage of COVID-19 TN rate was 95%. The percentage of COVID-19 X-ray images TN rate in the first and fourth folds (i.e., the best scoring folds of the binary classification set of experiments in terms of TN rate) was 100%, the percentage of COVID-19 FN rate was zero, the percentage of COVID-19 TP rate was 92%, and the percentage of COVID-19 FP rate was 8%.

The confusion matrix of each fold for second binary classification set of experiments is shown in Fig. 6. The percentage of COVID-19 X-ray images TP rate in the first fold, third fold, and fifth fold (i.e., the best scoring folds of the third classification set of experiments in terms of TP rate) was 100%, the percentage of COVID-19 FP rate was 0%, the percentage of COVID-19 X-ray images FN rate was 0% and the percentage of COVID-19 TN rate was 100%. The percentage of COVID-19 X-ray images TN rate in the second fold was 97%, the percentage of COVID-19 FN rate was 3%, the percentage of COVID-19 TP rate was 100%, and the percentage of COVID-19 FP rate was 0%. The percentage of COVID-19 X-ray images TN rate in the fourth fold was 98%, the percentage of COVID-19 FN rate was 2%, the percentage of COVID-19 TP rate was 96%, and the percentage of COVID-19 FP rate was 4%.
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In the first set of experiments, as shown in Tab. 1(a), where the target was to classify three classes, the accuracy of the first fold was 90.22%, the accuracy of the second fold was 89.33%, the accuracy of the third fold was 91.11%, the accuracy of the fourth fold was 91.11%, and the accuracy of the last fold was 88.89%. The average accuracy of the proposed method was 89.60%.

In the second set of experiments, as shown in Tab. 1(b), the accuracy of the first fold was 99.11%, the accuracy of the second fold as 99.11%, the accuracy of the third fold was 98.22%, the accuracy of the fourth fold was 99.56%, and the accuracy of the last fold was 99.56%. The average accuracy of the proposed method was 99.11%. In the third set of experiments, as shown in Tab. 1(c), the accuracy of the first fold was 100%, the accuracy of the second fold as 97.60%, the accuracy of the third fold was 100%, the accuracy of the fourth fold was 97.60%, and the accuracy of the last fold was 100%. The average accuracy of the proposed method was 99.04%.

5  Discussion

We used the same dataset utilized by a recent related work to compare our proposed method with this closely related method. To compare our proposed method with a recent related work [32] that achieved promising results, we used the same number of samples (i.e., 1,125 X-ray images in which 125 images belonged to the COVID-19 class, 500 images belonged to the pneumonia class, and 500 images belonged to the no-findings class). We also used a set of experiments identical to Ozturk et al. [32] for binary and three-class classifications utilizing a 5-fold cross-validation technique. Our method yielded outstanding results compared to the closely related method in terms of the four evaluation measures. As shown in Fig. 7, for the three-class classification set of experiments, our method achieved an average accuracy of 89.60%, which is better than the method that was proposed by Ozturk et al. [32] by 2.58% (i.e., their method yielded an average accuracy of 87.02%).
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Figure 7: The average accuracy of the 5-fold validation technique used to compare our methods (our method 1 was applied on COVID-19 and non-COVID data split and method 2 was applied on COVID-19 and no-Findings data split) with the method of Ozturk et al. [32]

For the binary classification set of experiments, our method achieved an average accuracy of 99.04%, which is better than the method that was proposed by Ozturk et al. [32] by almost 1% (i.e., their method achieved an average accuracy of 98.08%). The proposed method outperformed the other method by five-fold in the three-class set of experiments, as shown in Fig. 7. Additionally, the proposed method outperformed the other method in three out of five folds and had identical performance in the other two folds in the binary classification set of experiments.

The dataset that was used in this research has a limited number of samples. As shown in Tab. 2 and similar to the previously proposed methods, the limited number of samples is a common issue. Several related works used fewer samples than we used to validate their methods. For instance, Hemdan et al. [41] used 50 images, Wang et al. [42] used 300 images, Narin et al. [19] used a total of 100 images, and Sethy et al. [43] used a total of 50 images to validate their approaches. To overcome this limitation, we used transfer learning to improve the performance of the proposed method in terms of the four evaluation metrics. As more COVID-19 X-ray images are publicly released, we contemplate incorporating more X-ray images to further generalize the proposed method.
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As shown in Tab. 2, our method is compared with other methods under different splits and size of the dataset. Similar to our porposed methods, these methods used deep learning architectures to detect COVID-19 using X-ray images. As indicated in this table, our method has achieved promising results compared to state-of-art methods. The proposed method is a candidate solution for accurately detecting positive COVID-19 cases as soon as they occur using X-ray images. Additionally, the method does not require extensive preprocessing or feature extraction. Moreover, the proposed method can detect COVID-19-positive cases within milliseconds.

6  Conclusion

COVID-19 disease has affected millions of people and remains a threat to the lives of many of people. In this research, a deep EffecientNet-based approach is proposed to automatically detect COVID-19-positive cases from X-ray images. This approach is an end-to-end framework that involves a transfer learning technique to overcome the limited number of samples. The proposed method avoids extensive preprocessing steps and handcrafted feature extractions and utilization. The framework was evaluated using two sets of experiments: three-class classification and binary classification set of experiments using four evaluation metrics, namely, accuracy, recall, precision, and F1-score. Our technique achieved outstanding results using 1,125 X-ray images compared to recent related work. The average accuracies of our technique using three-class classification and binary classification are 89.60% and 99.11%, respectively. The proposed technique can be utilized in remote areas where radiologists are not available and can detect other chest-related diseases, such as pneumonia.
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Table 1: Multiclass (a), binary (b) COVID-19 and non-COVID, and bmary (¢) COVID-19 and no-findings
classification using 5-fold and average accuracies

Fold # Accuracy Precision Recall F1-Score
(@) Fold-1 90.22% 93% 92% 92%
Fold-2 89.33% 92% 89% 90%
Fold-3 91.11% 94% 89% 91%
Fold-4 88.44% 91% 89% 90%
Fold-5 88.89% 92% 90% 91%
Mean 89.60% 92.4% 89.8% 90.8%
(b) Fold-1 99.11% 92% 100% 95.83%
Fold-2 99.11% 96% 96% 96%
Fold-3 98.22% 84% 100% 91.30%
Fold-4 99.56% 96% 100% 97.96%
Fold-5 99.56% 96% 100% 97.96%
Mean 99.11% 92.8% 99.2% 95.81%
(©) Fold-1 100% 100% 100% 100%
Fold-2 97.6% 95% 98% 96%
Fold-3 100% 100% 100% 100%
Fold-4 97.6% 96% 97% 96%
Fold-5 100% 100% 100% 100%

Mean 99.04% 96.32% 99.2% 97.68%
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Table 2: Our method compared with other methods on COVID-19 and other pneumonia detection

Method

Accuracy Dataset size

Wang et al. [42]
Apostolopoulos et al.
[29]

Sethy et al. [43]
Narin et al. [19]
Mahmud et al. [44]
Mahmud et al. [44]
Mahmud et al. [44]
Mahmud et al. [44]
Mahmud et al. [44]

Ozturk et al. [32]
Ozturk et al. [32]
Proposed method
Proposed method
Proposed method

92.4%
93.48%

95.38%
98%
97.4%
87.3%
94.7%
89.6%
90.3%

98.08%
87.02%
88.6%

99.04%
99.11%

153 COVID-19 + 5526 non-COVID
224 COVID-19 + 700 pneumonia + 504 normal

25 COVID-19 + 25 non-COVID

50 COVID-19 + 50 non-COVID

305 COVID-19 + 305 normal

305 COVID-19 + 305 viral pneumonia

305 COVID-19 + 305 bacterial pneumonia

305 COVID-19 + 305 viral pneumonia + 305 bacterial pneumonia

305 COVID-19 + 305 normal + 305 viral pneumonia + 305 bacterial
pneumonia

125 COVID-19 + 500 no-findings

125 COVID-19 + 500 pneumonia + 500 no-findings
125 COVID-19 + 500 no-findings + 500 pneumonia
125 COVID-19 + 500 no-findings

125 COVID-19 + 1000 non-COVID
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