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Abstract: The coronavirus disease 2019 (COVID-19) has severely disrupted both human life and the health care system. Timely diagnosis and treatment have become increasingly important; however, the distribution and size of lesions vary widely among individuals, making it challenging to accurately diagnose the disease. This study proposed a deep-learning disease diagnosis model based on weakly supervised learning and clustering visualization (W_CVNet) that fused classification with segmentation. First, the data were preprocessed. An optimizable weakly supervised segmentation preprocessing method (O-WSSPM) was used to remove redundant data and solve the category imbalance problem. Second, a deep-learning fusion method was used for feature extraction and classification recognition. A dual asymmetric complementary bilinear feature extraction method (D-CBM) was used to fully extract complementary features, which solved the problem of insufficient feature extraction by a single deep learning network. Third, an unsupervised learning method based on Fuzzy C-Means (FCM) clustering was used to segment and visualize COVID-19 lesions enabling physicians to accurately assess lesion distribution and disease severity. In this study, 5-fold cross-validation methods were used, and the results showed that the network had an average classification accuracy of 85.8%, outperforming six recent advanced classification models. W_CVNet can effectively help physicians with automated aid in diagnosis to determine if the disease is present and, in the case of COVID-19 patients, to further predict the area of the lesion.
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1  Introduction

The coronavirus disease 2019 (COVID-19) has been spreading globally for more than 2 years now, and no specific cure is available. Its main symptoms are fever, generalized aches and pains, malaise, and cough, which can have serious health consequences, especially among older adults. The strategy to deal with COVID-19 is timely detection and treatment, good protection, and blocking of the transmission route. Therefore, its urgent and effective diagnosis is of great significance.

The World Health Organization recommended confirmation of COVID-19 diagnosis using reverse transcription-polymerase chain reaction (RT-PCR) [1]. The diagnostic kits are limited in the face of sudden outbreaks involving large numbers of patients. Therefore, a rapid and effective artificial intelligence (AI)-based complementary diagnostic method must be urgently developed. Also, the lesion must be segmented and displayed to determine its area and severity, helping physicians comprehend the condition. The present study investigated both classification and segmentation perspectives simultaneously. Chest computed tomography (CT) and chest X-ray (CXR) are the two most commonly used imaging modalities to diagnose and screen for chest-related diseases. They are less complex, highly usable, and faster in detecting positive cases. Although CXR images are inexpensive and easy to acquire, the hairy glass-like cloudiness in the lesion area may not be thick enough to show up clearly. In terms of using AI algorithms, the most significant difference between CT and CXR images is the form of the input. CT images contain a series of slices and, therefore, have multiple input channels. They provide more detailed information with higher sensitivity and specificity compared with CXR images. Therefore, we used CT images in this study.

Image-level and pixel-level labeling of the data is required for classification and segmentation studies, respectively. However, often only one category of segmented data is available, which cannot be classified. Also, the classification data are not marked at the pixel level and cannot be segmented. Therefore, data with both image- and pixel-level tags are rarely obtained. Currently, most studies on COVID-19 focus on either classification or segmentation, with very few addressing both aspects. Employing image-level labeled data for classification, while using unsupervised learning to locate focal areas, is a significant and challenging task. It can help doctors accurately judge the size and area of the lesion while assisting in diagnosis.

Deep learning networks have recently advanced in terms of semantic segmentation [2], target recognition [3], and image classification [4–6] in computer-aided diagnosis tasks. During the COVID-19 pandemic crisis, researchers focused on analyzing COVID-19 diagnostic methods using CNNs. Many studies have demonstrated that using deep learning algorithms can enhance image detection features and improve the awareness, specificity, and efficiency of diagnosis [7]. The deep learning technique is a practical, valuable, and appropriate method considered reliable for COVID-19 diagnosis [8]. Identifying lesions using medical images can reduce the workload of clinicians, provide reliable quantitative assessment, and speed up diagnostic processes.

Deep learning has been the fastest-growing field of AI in recent years. It also plays an essential role in COVID-19 diagnosis; most researchers use it for intelligent diagnosis. Ullah et al. [9] used CT scan, CXR, and electrocardiogram trace images for three data types and proposed a Shufflenet CNN-based method for COVID-19 identification. Extensive experiments were conducted using binary and multiclass classifications. The results on different data types revealed that the accuracy rate was more than 99%, which was a good outcome. Xu et al. [10] used various CNN models and conducted many experiments by combining two and three-dimensional CNNs to propose a relevant model. The results of the multiclass classification of CT images showed a sensitivity of 98.2% and a specificity of 92.2%. Shah et al. [11] used ResNet50, VGG19, DenseNet169, InceptionV3, and VGG16. Various deep learning networks were trained separately, and the experiments proved that the VGG19 model achieved 94% accuracy for COVID-19 binary classification, which was the best outcome. Jagan Mohan et al. [12] improved the local, intermediate, and global features to improve the feature extraction capability. They proposed the global, intermediate, and local features convolutional neural network (GIL-CNN), which used a support vector machine as a classifier. Gour et al. [13] collected some CT images, integrated three X-ray image data to obtain a new dataset, and conducted experiments based on these two datasets. Two convolutional networks, Xception and VGG19, were stacked to improve feature discrimination, and the sensitivity of binary classification was 98.31% for CT images and 97.62% for triple classification on the X-ray dataset.

The aforementioned studies on COVID-19 usually faced two challenges: (1) the presence of a large amount of redundant information in images with poor generalization ability and (2) the uneven distribution and size of lesions and the simplicity of features extracted using a single network. Therefore, this study focused on removing the background, retaining the main regions of features, and fully using various deep learning networks to extract rich features. As the classification dataset in this study was not labeled with lung regions, we used a weakly supervised learning approach for segmentation preprocessing.

The main contributions were as follows:

1.    A deep-learning disease diagnosis model was proposed based on weakly supervised learning and clustering visualization (W_CVNet).

2.    An optimizable weakly supervised segmentation preprocessing method was proposed. It acted as focal attention to the features.

3.    This study proposed a dual asymmetric complementary bilinear feature extraction method using two networks, ResNet and VGG, to extract complementary features in parallel.

4.    A new method was also proposed to visualize lesions based on the FCM clustering method (FCMM).

5.    The results showed that the W_CVNet proposed in this study was better than the six most popular current classification networks.

The structured of this paper as follows. Section 2 summarizes the current research onCOVID-19 based on AI-assisted diagnosis. Section 3 discusses the proposed new model and each module. Section 4 provides the experimental details and a comparison of the proposed method with the existing methods. Section 5 concludes this study with a summary and discussion.

2  Related Works

Previous studies have developed many computer-aided diagnosis systems that have demonstrated favorable outcomes. The AI-aided diagnosis of COVID-19 mainly used deep learning methods. This study aimed to explore migration learning and weakly supervised learning based on deep learning. The related studies are discussed later.

Transfer learning has become a popular and promising area in machine learning due to its broad applications. Several researchers used it for COVID-19 diagnosis. As a large amount of data can improve the accuracy of experiments, Loey et al. [14] collected COVID-19 data for experiments while generating many new images using a generative adversarial network based on migration learning. Cengil et al. [15] used a migration learning approach to extract features from EfficientNet-B0, Xception, and AlexNet, and pooled the extracted features for classification. Experiments were conducted on three different datasets with a classification accuracy of up to 99.6%. Gupta et al. [16] used migration learning to introduce two networks, DarkNet19 and MobileNetV2, and proposed a new network named deep learning models (DLMs). The 10-fold cross-validation experiments were conducted on a large, publicly available CT image dataset, with a classification accuracy of 98.91%. Pathak et al. [17] collected some of the data and trained the Densenet201 model using deep transfer learning techniques while visualizing the COVID-19-infected region using the Grad-Cam technique of patient classification. Further, a top-two smoothing loss function was introduced to avoid the problems of noise and data imbalance.

The problem of insufficient image labeling and excessive redundant information was addressed by many researchers using methods such as weakly supervised and unsupervised learning. Guendel et al. [18] proposed location-aware Dense Networks to improve classification accuracy by sensing lesion regions using CXR pathological location information. Tang et al. [19] proposed an iterative attention-guided refinement framework to improve the accuracy of disease classification and weakly supervised localization performance. Tang et al. [20] used thorax X-ray images for annotation and proposed a cross-attention-based segmentation network that could improve feature acquisition by obtaining contextual information. Mao et al. [21] identified COVID-19 by acquiring vessel-like signals and using unsupervised learning, with a final recognition accuracy of 93.1% and an area under the curve (AUC) of 97.1%. Rajawat et al. [22] used an image preprocessing pipeline to extract regions of interest and proposed a new method called C-COVIDNet with an F1-score of 97.91% and an accuracy of 97.5%. Chen et al. [23] used an unsupervised learning method to find the same feature regions of lung cancer images as COVID-19 images for the segmentation process. They proposed a teacher-student network to achieve good segmentation performance.

Most of the aforementioned studies related to lung diseases used a single network that could not extract complementary features. Some of the networks using migration learning also did not process redundant data. Further, most experiments used X-ray images, and fewer studies were performed on CT images. The majority of classification networks solely perform disease diagnosis, neglecting the segmentation and visualization of lesions. This study used a weakly supervised learning method for data preprocessing to address the aforementioned shortcomings, preserving the core part of the lung region. Further feature extraction was performed using VGG and ResNet with different focus points. Moreover, the lesions were segmented and visualized using the FCMM.

3  Methodology

3.1 Optimizable Weakly Supervised Segmentation Preprocessing Module

This study used two publicly available datasets: the Data 1 dataset [24] for classification and the Data 2 dataset for data preprocessing. Both datasets had CT images. Data 1 had two categories: COVID-19 (349 images) and non-COVID (397 images). This dataset had image-level labeling, no pixel-level labeling of lesions, and no lung-area labeling. The Data 2 (COVID-19 CT segmentation [25]) was labeled for both lung and focal regions. In this study, we mainly trained the segmentation network using its lung-region-labeled data based on a weakly supervised learning strategy, which made the network recognize the lung region and obtain the learning model. This strategy was used to segment the lung region of Data 1 images. The data preprocessing is shown in Fig. 1. A new set of preprocessed data was finally obtained, named Data1_P.
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Figure 1: Data preprocessing using weakly supervised learning

3.2 Data Augmentation

We resized the set D1 (Data1-P) to a consistent size of 224 × 224 to obtain the new set D2 of images, as shown in Eq. (1).

D2=Resize(D1,[224,224])={d11,d21,d31,…,dn1}(1)

The dataset was categorized: the training set (X: 80%) and the testing set (Y: 20%), as shown in Table 1. The multiple-way data augmentation (MDA) [26] technique was applied due to the small amount of data to expand the data and decrease the occurrence of overfitting. Five data enhancement methods were used, converting it from the original image of the training set into six images.

|D2|⟶RHO|X|+|Y|=|{x1,…,xi}|+|{y1,…,yj}|(2)

where |.| refers to the cardinality of a set, i is the number of training set images, and j is the number of testing set images.
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We used five MDA data enhancement (k1, k2, k3, k4, and k5) methods (noise injection, gamma correction, brighter, rotation, and darker) in the training set (X) to convert the original graph into six graphs. The expansion of the training set prevented the overfitting problem. The data augmentation methods and the associated parameter settings were as follows:

① Data enhancement1: Noise injection (No)

xk1(i)→=No[x(i)]=[x1k1(1),…,xNtrak1(i)](3)

② Data enhancement2: Gamma correction (Ga)

xk2(i)→=Ga[x(i)]=[x1k2(1,rGa),…,xNtrak2(i,rGa)](4)

③ Data enhancement3: Brighter (Bri)

xk3(i)→=Bri[x(i)]=[x1k3(1),…,xNtrak3(i)](5)

④ Data enhancement4: Rotation (Ro)

The rotation angle θRot = 90° was applied to the images:

xk4(i)→=Ro[x(i)]=[x1k4(1,θRo),…,xNtrak4(i,θRo)](6)

⑤ Data enhancement5: Darker (Dar)

xk5(i)→=Dar[x(i)]=[x1k5(1),…,xNtrak5(i)](7)

xK(i)→=concat[xk1(i)→,xk2(i)→,xk3(i)→,xk4(i)→,xk5(i)→](8)

where xK(i)→ means that the 5 data enhancement results.

y(i)⟶MDAconcat[x(i),xK(i)→](9)
where y(i) means that the final data, which is composed of the original image and the enhanced image.

3.3 Dual Asymmetric Complementary Bilinear Feature Extraction Module

The small amount of data led to insufficient training of deep learning networks and failed convergence. Migration learning can solve this problem by migrating some parameters trained on ImageNet to speed up training and improve performance. Using different deep learning networks can help extract complementary features. This study used a migration learning approach for VGG16 [27] and ResNet50 [28], and the extracted features were fused at the feature-level fusion. Fig. 2 shows the structure of the two networks. VGG is a simple and efficient network with few layers and low equipment requirements. The ResNet network structure is slightly more complex, introducing a residual structure and a deeper network to extract more complex features. VGG and ResNet networks together can yield complementary information.
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Figure 2: Structure diagram of VGG16 (a) and ResNet50 (b)

Feature extraction is performed using a computer to extract the information characteristics of an image. The image features extracted in this study were mainly focal areas, and COVID-19 was mainly judged based on a ground-glass-like decrease in translucency and increased density changes. The density of solid lesions was uniform, and no lung texture was seen. The lesions could be single or multiple. The dual asymmetric complementary feature extraction module had two feature extractors that performed linear operations on the extracted features to make them more obvious and effective, as shown in Fig. 3.
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Figure 3: Flowchart of the dual asymmetric complementary bilinear feature extraction module

3.4 FCM Clustering Visualization Module

We used an FCM clustering [29] method that converted image-level markers into pixel-level markers for visual display to help doctors view the size and shape of the lesion area, identify the lesion accurately, and treat the disease quickly and effectively. The FCM algorithm is an improvement over the ordinary c-mean algorithm, which is rigid in terms of data division, while FCM is a flexible fuzzy mean division. In the FCM clustering algorithm, the purpose of iteration was to continuously optimize so that the result was infinitely close to the objective function. Eventually, each given data point was classified using an affiliation function with a value range between 0 and 1 to determine the degree to which it belonged to each class.

Suppose the given dataset is D. If these data are grouped into k classes, then k class centers are denoted as K. The affiliation of each sample j belonging to a class is uij. In this study, we set the k values to 2, 3, 4, and 5 for experiments. The results showed that the best effect was achieved when k was 4; m was the affiliation factor, generally set to 2; ‖dj−ki‖ was the Euclidean distance from dj to the centroid ki. We defined the objective function, as shown in Eq. (10), and the constraints of FCM, as shown in Eq. (11).

T=∑i=1k⁡∑j=1n⁡uijm||dj−ki||(10)

∑i=1k⁡uij=1,j=1,2…,n(11)

The general steps of the FCM algorithm were as follows:

(1)   Determine the number of categories k and the value of the index m, and also the end condition of the procedure: the number of iterations.

(2)   Initialize an affiliation degree U.

(3)   Calculate the clustering center C based on U.

(4)   Calculate the objective function, T.

(5)   Return to calculate U based on C, go back to step 3, and keep looping until the end.

Finally, we obtained the last calculated U. Each point belonging to a class had u. Then, we found the largest u among them and considered that this point belonged to this class. The pseudocode of FCMM is presented in Algorithm 1.
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3.5 Proposed Approach

The physician first eliminated the distracting factors when finding the lesion, then gradually narrowed the scope to find the lung area, and finally determined the lesion area from the lung area. In this study, we proposed a deep learning classification network W_CVNet, which was grouped into three modules: O-WSSPM, D-CBM, and FCMM. The main role of O-WSSPM was to remove redundant data, preserve the lung region, and narrow the feature range. The main role of D-CBM was to obtain rich features for accurate localization of the lesion area. The FCMM mainly used FCM clustering to visualize the lesion area, which solved the problem of poor deep-learning visualization. Fig. 4 shows the structure of the proposed W_CVNet framework.
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Figure 4: Structure of the proposed W_CVNet

4  Experiments and Results

The working environment of the experiment was mainly deployed on the Linux system, and the Tesla-V100 32 GB graphics card was used for deep learning training. The code is based on Python language for all experiments, including experimental data preprocessing and algorithm implementation. In addition, Pytorch syntax is used to complete the core experimental algorithm work, such as Numpy library. In terms of superparameters, the Epoch is adjusted and optimized to use 30, the learning rate is set to 0.003, the Dropout rate is set to 0.4, and the Batch Size is set to 8.

4.1 Data Pre-Processing Based on Weakly Supervised Learning

Inf-Net [30] was a segmentation network proposed by Fan et al. This network performed better than all five currently popular segmentation networks: U-Net [31], Attention-UNet [32], Gated-UNet [33], Dense-UNet [34], and U-Net++ [35]. We used lung-region data from Data 2 to train the Inf-Net network, with 80% as the training set and 20% as the test set. The aim was to let the network learn the lung-region features, obtain the segmentation model, and subsequently segment Data 1. Performance evaluation was conducted using six different metrics:Dice, sensitivity (Sen.), enhanced-alignment measure (Eφmean), specificity (Spec.), structure measure (Sα), and mean absolute error (MAE). The segmentation performance is depicted in Table 2. Dice 0.961, Spec. 0.968, Sen. 0.980, Sα 0.967, Eφmean 0.975, and MAE 0.020, which could meet the segmentation requirements. The results of this study indicated that the lung segmentation model was trained by Inf-Net facilitated segmentation. We used the trained segmentation model to obtain the mask of Data 1, which was subsequently used to perform a cropping operation on the original image based on the lung region of the mask, as shown in Fig. 5. The original image was denoted as “Image”, the lung-area image obtained after preprocessing using weakly supervised learning was labeled as “Mask”, and the lung-area image obtained after the “Image” was cut according to the “Mask” area was referred to as “Segmentation”.
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Figure 5: Lung segmentation generated using the Inf-Net network

4.2 Evaluation Metrics

We used six metrics to evaluate the performance of the proposed W_CVNet model: accuracy, specificity, sensitivity, precision, recall, and F1-score [36,37].

Accuracy=TP+TNTP+TN+FP+PN(12)

Specificity=TNTN+FP(13)

Sensitivity=TPTP+FN(14)

Precision=TPTP+FP(15)

Recall=TPTP+FN(16)

F1–score=2∗Precision∗RecallPrecision+Recall(17)

W_CVNet used ResNet50 and VGG16 as the backbone. The best performance of W_CVNet on the test set is depicted in Table 3. The accuracy, sensitivity, precision, recall, specificity, and F1-score were 86.486%, 89.855%, 82.667%, 89.855%, 83.544%, and 86.111%, respectively, for COVID-19 images, whereas they were 86.486%, 83.544%, 90.411%, 83.544%, 89.855%, and 86.842, respectively, for non-COVID images. Hence, the W_CVNet proposed in this study was effective. Fig. 6 shows the W_CVNet training process. The best results were considered for plotting the training loss and the test accuracy under each epoch. The epoch was plotted on the horizontal axis, while the test accuracy and training loss were represented on the left and right vertical axes, respectively. The training loss decreased with the iteration of the epoch until it reached 0.08 and did not change further.
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Figure 6: Training loss and test accuracy (%) of the W_CVNet

4.3 Confusion Matrix

A confusion matrix [38] is a standard form of accuracy evaluation. Fig. 7 demonstrates a schematic confusion matrix of the two class conditions. The true negatives (TN), false negatives (FN), true positives (TP), and false positives (FP) were considered to explore the diagnosis based on CT images using the model. Fig. 8 illustrates the confusion matrix of the proposed W_CVNet.
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Figure 7: Confusion matrix of two class conditions
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Figure 8: Confusion matrix of W_CVNet

4.4 5-Folds Cross-Validation

The study adopted the 5-fold cross-validation method, dividing the data into five equal parts. The first experiment used one of them as a test set and the other four as the training set; the second experiment used the second one as a test set and the other four as a training set, and so on. Notably, each one was used as a test set. The performance of all five experiments was obtained, and the final performance was the average of the five experiments. The 5-fold cross-validation could prevent overfitting problems during the experiments, leading to more accurate model results. W_CVNet performed a 5-fold cross-validation using the new dataset Data1-P. The results are presented in Table 4.
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4.5 FCM Clustering Visualization Results

The data used in this study were image-level markers and could only be used for classification; no focal areas were marked. We used the FCMM to view the size and location of the lesions. Fig. 9 contains three sets of images: the first set contains the original images (Data 1), the second set contains the images after segmenting the lung area using weak supervision (Data1-P), and the third set contains the images of the lesion area using FCM. The lesions could be viewed, and FCMM was effective.

[image: images]

Figure 9: FCM clustering visualization showing COVID-19 lesion results

4.6 Comparison Experiments

We compared the W_CVNet method with six different methods having better performance (FCONet [39], Fused-DenseNet-Tiny [40], Xception [41], ECOVNet [42], DTL-V19 [43], and BCNN_SVM [44]) to demonstrate its effectiveness. The experimental results are depicted in Table 5, revealing that our proposed W_CVNet method works best with the same data.

[image: images]

The aforementioned six methods were all relatively advanced classification methods proposed recently, among which Xception and ECOVNet did not perform migration learning and fusion. Fused-DenseNet-Tiny, FCONet, and DTL-V19 also used migration learning but did not perform feature fusion. BCNN_SVM used two identical VGG networks for feature fusion and could not obtain complementary feature. This study used VGG and ResNet to extract features in parallel. The feature extraction ability was better than that of the individual networks. Migration learning and feature fusion played an essential role in improving the feature extraction performance. Compared with other methods, our proposed W_CVNet was unique because it removed the redundant features, focused on the deep learning attention on the core region, and learned more accurate features. At the same time, it used different networks to extract features in parallel, focusing on different regions, thereby obtaining richer features. It also used the MDA data enhancement technique, which helped prevent overfitting of the model. The effectiveness of the network was verified.

5  Conclusions

This study proposed a network model (W_CVNet) that included both classification and segmentation. This model has a limitation: finding labeled data in the lung area was difficult due to insufficient labeling data. However, this model had the following advantages: ① It could remove redundant information and narrow down the feature-finding range. ② Complementary features could be obtained to improve the deep learning extraction performance by fusing different deep learning networks focusing on different features. ③ FCMM was used to focus on images without pixel-level labeling and to visualize them. ④ We conducted an experimental comparison with six classification networks and the results were the best. ⑤ The model could be adjusted to suit the actual images and then deployed on hospital servers to assist doctors in disease diagnosis and accurate identification of lesion areas, making it highly practical for clinical use. However, the drawback of the model was that the complexity was high due to the use of two networks to extract features in parallel, leading to a longer training time. Further studies should be conducted to optimize the network structure and reduce the time complexity.

Moreover, the proposed W_CVNet had the following two disadvantages: (1) As the segment was trained on the lung region of CT images, weakly supervised segmentation of CXR images could not be performed. (2) The severity of the disease could not be judged.
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Table 1: Datal-P data distribution in the experiment

Dataset Non-COVID-19 COVID-19  Total
Testing (20%) 79 69 148
Training (80%) 318 280 598
Total (100%) 397 349 746
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Table 3: Best performance of W_CVNet on the test set

Class Accuracy Sensitivity Precision Recall Specificity F1-score

COVID-19  86.486 89.855 82.667 89.855 83.544 86.111
Non-COVID 86.486 83.544 90.411 83.544 89.855 86.842
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Algorithm 1: Pseudocode of the FCMM algorithm

Step 1
Step 2
Step 3

Step 7
Step 8
Step 9
Step 10

Input: Original image set /.

The number of clustering centers k is set as 2, 3, 4, and 5.

For k=12, 3,4, 5]

Step 4 Assign [ to K clustering centers.

Step 5 Using the Euclidean distance calculation method, calculate the data so that they
belong to whichever category the center is near.

Step6  Obtain the visualized lesion area image I,.

End

Obtain the best image of the lesion area when k£ =4.

Obtain images of the lesion area /.

Generate FCMM.

Output: The model FCMM and I,.
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Table 4: 5-fold cross-validation results of W_CVNet networks (%)

Run Class Accuracy Sensitivity ~ Precision Recall Specificity  Fl-score

R1 COVID-19 85.14 88.41 81.33 88.41 82.28 84.72
Non-COVID 85.14 82.28 89.04 82.28 88.41 85.53

R2 COVID-19 86.49 89.86 82.67 89.86 83.54 86.11
Non-COVID 86.49 83.54 90.41 83.54 89.86 86.84

R3 COVID-19 85.81 81.16 87.50 81.16 89.87 84.21
Non-COVID 85.81 89.87 84.52 89.87 81.16 87.12

R4 COVID-19 85.14 88.41 81.33 88.41 82.28 84.72
Non-COVID 85.14 82.28 89.04 82.28 88.41 85.53

R5 COVID-19 86.49 89.86 82.67 89.86 83.54 86.11
Non-COVID 86.49 83.54 90.41 83.54 89.86 86.84

Mean + SD COVID-19 85.8+£0.68 87.5+3.63 83.1+255 87.5+3.64 843+3.18 852+0.88
Non-COVID 85.8+0.68 84.3+3.18 88.7+243 84.3+3.18 87.5+3.64 86.4+0.78
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Table 2: Performance of lung-region segmentation using Inf-Net segmentation network on Data 2 data

Criterion Dicet Sen.t Spec.t S, 1 Ereant MAE|,
Segmentation model  0.961 0.968 0.980 0.967 0.975 0.020
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Table 5: Performance comparison of the proposed W_CVNet with other methods (%)

Method Class Precision Specificity F1-score Accuracy
FCONet COVID-19 62.7+4.39 76.84+10.10 49.1+10.47 60.7+2.24
Non-COVID  60.8 +3.66 42.6 +14.95 67.44+2.78
Fused- COVID-19 64.1 +3.41 70.545.18 61.9+6.86 65.7+3.95

DenseNet-Tiny Non-COVID ~ 67.3 £4.61 60.4+4.18 68.6+£3.11

Xception COVID-19 64.1 £3.60 65.3+5.34 66.9 +4.02 67.6+3.70
Non-COVID  71.4+4.03 70.1+5.80 68.1+4.03

ECOVNet COVID-19 71.14£2.70 74.0 & 3.64 71.8+3.64 73.4+2.63
Non-COVID  75.8 +4.25 72.746.70 74.941.98

DTL-V19 COVID-19 79.5+4.63 82.6+5.97 76.9 4+ 3.96 79.1+2.94
Non-COVID  79.4+4.23 75.1+7.74 80.8 +2.80

BCNN_SVM  COVID-19 80.9 +2.99 83.1+4.98 80.2 +4.84 81.743.26
Non-COVID  83.3+6.13 80.2+9.86 82.9+2.49

W_CVNet (this COVID-19 83.1+2.55 84.3+3.18 85.2+0.88 85.8+0.68

work) Non-COVID  88.7+2.43 87.5+3.64 86.4+0.78
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