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Abstract: With the rapid spread of the coronavirus disease 2019 (COVID-19) worldwide, the establishment of an accurate and fast process to diagnose the disease is important. The routine real-time reverse transcription-polymerase chain reaction (rRT-PCR) test that is currently used does not provide such high accuracy or speed in the screening process. Among the good choices for an accurate and fast test to screen COVID-19 are deep learning techniques. In this study, a new convolutional neural network (CNN) framework for COVID-19 detection using computed tomography (CT) images is proposed. The EfficientNet architecture is applied as the backbone structure of the proposed network, in which feature maps with different scales are extracted from the input CT scan images. In addition, atrous convolution at different rates is applied to these multi-scale feature maps to generate denser features, which facilitates in obtaining COVID-19 findings in CT scan images. The proposed framework is also evaluated in this study using a public CT dataset containing 2482 CT scan images from patients of both classes (i.e., COVID-19 and non-COVID-19). To augment the dataset using additional training examples, adversarial examples generation is performed. The proposed system validates its superiority over the state-of-the-art methods with values exceeding 99.10% in terms of several metrics, such as accuracy, precision, recall, and F1. The proposed system also exhibits good robustness, when it is trained using a small portion of data (20%), with an accuracy of 96.16%.
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1  Introduction

The coronavirus disease 2019 (COVID-19) is an ongoing pandemic, which has caused coronavirus outbreak worldwide. It has been initially discovered in the city of Wuhan, China, at the end of 2019. COVID-19 has been found to be caused by severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2). The term “coronavirus” has been derived from a Latin word “corona,” which means crown, indicating the spikes or crown-like projections from the membrane of the virus, as presented in Fig. 1 [1]. According to the reports of the World Health Organization (WHO), the number of people infected with this virus is rapidly increasing every day. As of October 23, 2020, more than 41.5 million cases have already been recorded, with approximately 1.13 million deaths [2].
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Figure 1: Three-dimensional medical animation captured, which demonstrates the structure of the coronavirus [1]

The routine real-time reverse transcription-polymerase chain reaction (rRT-PCR) test is considered as the standard test for COVID-19 detection. However, several concerns have been raised about this test, including the long time to obtain results, the limited availability of the kits, lower accuracy (83.3%) in detecting the virus, and higher error rate in false-negative results [3]. These limitations prompted the researchers to study the importance of radiology (i.e., chest computed tomography [CT] and chest X-ray [CXR]) in screening COVID-19 [3,4]. The studies revealed that the diagnosis of COVID-19 using CT scan images is more efficient than RT-PCR, as reported in [5], where it has been found that the sensitivity of CT for COVID-19 infection is 98%, whereas it is 71% for RT-PCR. Ai et al. [6] suggested that chest CT may be the primary tool for the detection of COVID-19 in areas affected by the epidemic. They found that the sensitivity of CT is 88%, whereas that of RT-PCR is 59%.

Deep learning techniques, mainly convolutional neural networks (CNNs), which are among the powerful deep learning architectures, have recently proven their superiority over traditional approaches in several domains, such as pattern recognition and image classification [7,8]. In recent years, these techniques have provided promising results in medical image analysis [9,10]. Numerous studies have used deep learning models to analyze and detect COVID-19 using CT scan images [11–23] or in CXR images [24–33].

In addition, Panwar et al. [15] revealed that the detection of COVID-19 can be more efficient and accurate when using CT scan images compared with CXR images. They employed transfer learning to screen COVID-19 using the VGG-19 model. They trained their model on three different datasets from CT and CXR images.

Wang et al. [12] proposed a deep learning-based system to automatically detect COVID-19 using CT scan images. Their proposed model is based on transfer learning. They employed a modified version of the pre-trained Inception model, which they called M-Inception. Moreover, they evaluated their model using a non-publicly available CT dataset. Such dataset is composed of positive COVID-19 cases and viral pneumonia cases. The reported performance result exhibited an accuracy of 82.0% in detecting COVID-19.

Li et al. [16] also proposed an automatic deep learning-based system to detect COVID-19 using CT scan images. The objective of their system is to distinguish COVID-19 from community-acquired pneumonia (CAP) and other lung diseases. Their proposed model, which is called COVNet, used ResNet50 [34] as the backbone. They evaluated COVNet using a non-publicly available dataset. Such dataset is composed of 4356 3D chest CT exams of 3322 patients, 1296 (30%) of COVID-19 patients, 1735 (40%) of CAP patients, and 1325 (30%) for non-pneumonia patients. The reported results revealed that their system was able to detect COVID-19, with a sensitivity of 90% and specificity of 96%.

Butt et al. [13] proposed an early prediction model to distinguish COVID-19 pneumonia from Influenza-A viral pneumonia and healthy cases using pulmonary CT scan images by applying deep learning techniques. Their model has yielded an overall accuracy of 86.7%.

Barstugan et al. [35] proposed a system for the early detection of COVID-19 using CT scan images. Their system is based on the extraction of four different features from CT scan images with four different patch sizes. Moreover, they used support vector machine (SVM) to classify the features of COVID-19. They evaluated their system using 150 CT scan images of 53 infected cases, which were provided by the Italian Society of Medical Radiology (SIRM) [36]. Their system was able to achieve an accuracy of 99.68%. The author has advised to evaluate their system using another dataset.

Song et al. [11] proposed a deep learning-based system to automatically distinguish COVID-19 viral pneumonia from bacterial pneumonia or healthy cases. They evaluated their system using a dataset obtained from two hospitals. The dataset is composed of 777, 505, and 708 CT scan images of 88 COVID-19 patients, 100 bacterial pneumonia patients, and 86 healthy cases, respectively. The reported result exhibited an accuracy of 94% with recall of 93% in distinguishing COVID-19 patients from others.

Several studies have employed segmentation techniques on CT scan images for the detection and analysis of COVID-19 [14,17,18]. Chen et al. [17] proposed a deep learning-based model to detect COVID-19 using high-resolution CT scan images. Their model is based on the utilization of UNet++ segmentation architecture to extract the lesions representing the COVID-19 cases. They evaluated their model using a non-publicly available dataset. This dataset is composed of 46096 CT scan images of 106 patients, of whom 55 and 51 are COVID-19 and non-COVID-19 patients, respectively. The evaluation revealed that their proposed model achieved an accuracy of 95.24% and 98.85% in per-patient experiments and per-image experiments, respectively.

Chen et al. [18] proposed a Residual Attention U-Net system to segment the lung CT scan image. They exploited the residual network and attention mechanism to improve the efficacy of U-Net. Moreover, they evaluated their proposed system using a publicly available CT dataset provided by the SIRM [36]. The reported results revealed that their system achieved an accuracy of 94% in the segmentation of the COVID-19 symptoms.

Zhang et al. [14] proposed a weakly supervised deep learning-based system for the detection of COVID-19 using 3D CT scan images. For each patient, the lung region was segmented using a pre-trained UNet; then, the segmented 3D lung region was fed into a 3D deep neural network to predict the probability of COVID-19 infection. They evaluated their system using non-publicly available dataset. This dataset is composed of 313 COVID-19 and 229 non-COVID-19 patients. Their system was able to achieve an accuracy of 90.1% in the detection of COVID-19.

In this study, a deep learning-based architecture for the detection of COVID-19 using CT scan images is proposed. This system is based on the extraction of multi-scale feature maps along with the application of atrous convolution. To overcome the problem of limited amount of training data, we increased the dataset by performing adversarial examples generation. The main contributions of this study are presented below:

•    We propose a deep learning-based model for the detection of COVID-19 using CT scan images, which is faster and more accurate compared with the routine rRT-PCR test.

•    The proposed model is based on the extraction of multi-scale feature maps along with the application of atrous convolution at different rates to generate dense features.

•    We increase the CT dataset by generating adversarial examples, which clearly improved the performance.

•    The experimental results prove the superiority of the proposed framework over the state-of-the-art methods in terms of all the reported performance metrics.

•    Furthermore, the proposed system exhibits high robustness despite the scarcity of the training data, which the case of COVID-19 pandemic circumstances.

The remainder of this paper is organized as follows. Section 2 describes the proposed methodology in detail. Section 3 provides the dataset description and describes the experimental protocol. Section 4 presents and discusses the results and findings. Finally, Section 5 provides the conclusion and future works.

2  Proposed Methodology

Let [image: images] be a training set, where [image: images] denotes a CT scan image, [image: images] its corresponding class label (the two classes are COVID-19 and non-COVID-19); and n the number of training samples. We aimed to develop a deep architecture to classify the test CT scan images [image: images]. Fig. 2 presents a flowchart of the proposed method, which has four main components: CNN backbone, multi-scale feature maps with atrous convolution at different rates, weighted fusion, and classification. The detailed descriptions of these components are presented in the next subsections.

[image: images]

Figure 2: Architecture of the proposed method which consists of four main stages: CNN backbone, multi-scale feature maps extractor, weighted fusion, and classification. The three types of image flow can be distinguished

2.1 CNN Backbone

To learn the visual features f(Xi) of the CT scan image, we use pre-trained EfficientNet CNN as the backbone of our proposed architecture. EfficientNet has been recently developed by Google [37] for scaling up CNNs. It uses a simple and highly effective compound coefficient. Contrary to pre-trained traditional methods, which scale the dimensions of networks (width, depth, and resolution), EfficientNet scales each dimension with a constant ratio. This improves the performance of the whole network, as presented in Fig. 3.

[image: images]

Figure 3: Comparison between EfficientNets and other CNNs [38]

2.2 Multi-Scale Feature Map Extraction

To extract feature maps with different spatial scales representing different levels of abstraction, we use EfficientNet as the backbone, as presented in Fig. 2. The multi-scale feature maps generate dense features, which enable the detection of the relations between the spaced pixels apart. Such dense features can be used to represent objects of the COVID-19 findings in the input CT scan images. These CT findings include bilateral and peripheral ground-glass and consolidative pulmonary opacities [4], which are dependent on the infection time course, thus, they may differ in shape, size, and frequency.

We extract four feature maps, whose spatial scales are [image: images], [image: images], [image: images], and [image: images]. Therefore, these feature maps can effectively represent COVID-19 findings with different sizes in the CT scan images.

To generate multi-scale feature maps, we apply atrous convolution at different rates. Atrous convolution, also known as dilated convolution, is very useful for generating output in a large field. Thus, it can keep the regulation of feature map. It also allows the repurposing of ImageNet pre-trained networks to extract denser feature maps by removing the downsampling operations from the last few layers and upsampling the corresponding filter kernels, which is equivalent to inserting holes (“trous” in French) between filter weights. Using atrous convolution enables one to control the resolution at which feature responses are computed within the CNNs without the requirement of learning extra parameters. Atrous convolution can be expressed by (1):

[image: images]

where y[m, n] denotes the output of atrous convolution, whereas the input is x[m, n]; w, the kernel filter with length j; and r, the rate corresponding to the stride with which the input signal is sampled. Fig. 4 presents atrous convolution on an image with [image: images] kernel at rates of 1, 2, and 3.

[image: images]

Figure 4: 2D atrous convolution with a kernel size of [image: images] over an image at rates of 1, 2, and 4. The blue pixels indicate the target pixels involved in the convolution. As the rate increases, a bigger receptive field is considered

We apply atrous convolution at different rates to the different feature maps, with rates of 24, 16, and 8 on the first three features. Conversely, we apply normal convolution to the fourth feature, as presented in Fig. 2.

The application of atrous convolution to the four multi-scale feature maps resulted in the generation of four feature maps with the same dimensions (i.e., [image: images]) according to (2). At this level, we apply batch normalization (BN) and activation (i.e., Swish) to the features, which help improve the performance.

2.3 Fusion Module

The features obtained from the multi-scale feature map extractor are fused using a weighted average fusion operator. In this study, we use a fast normalized fusion technique proposed by [39], which has a performance comparable to that of the softmax-based fusion technique. It speeds up the performance by up to 30%. If we let [image: images] represent the resultant feature from the scale si (i.e., [image: images]), then the output feature maps after applying atrous convolution on each of these feature maps is given by (2):

[image: images]

The weighted average fusion [image: images] can be expressed by (3):

[image: images]

where wi denotes a learnable weight corresponding to the feature [image: images] that satisfies [image: images] by applying the rectified linear activation function (Relu), and [image: images] is a constant with a small value that helps avoid numerical instability.

2.4 Classification Module and Network Optimization

The classification module takes the output of the global average pooling (GAP) layer and sigmoid layer and uses binary cross-entropy loss function. The loss function is composed of the loss function of the original data and adversarial examples.

If we define the network predicted output as [image: images], then the distribution of these outputs follow a Bernoulli distribution. The determination of the parameters [image: images] of the network can be performed by maximizing the following likelihood function:

[image: images]

which is equivalent to minimizing the following log-likelihood function:

[image: images]

where [image: images], are the parameters of the network. Usually, the loss function in (5) is called a cross-entropy loss function. To optimize this loss, the Adam optimization algorithm is employed in this work.

Due to the scarcity of the radiology datasets used for the analysis of COVID-19, several studies have employed data augmentation techniques, such as generative adversarial network (GAN), which is one of the recent techniques that has proven its superiority in computer vision. GAN is employed in several works, such as [40,41], to increase the COVID-19 datasets for CXR images. Mobiny et al. [42] employed a data augmentation technique that is based on conditional generative adversarial networks (CGAN) to increase the CT scan image dataset. Xie et al. [43] proposed AdvProp to increase the limited datasets, which help prevent overfitting in image classification models. In our proposed architecture, we apply this technique to improve the accuracy of COVID-19 detection using CT scan images.

AdvProp is based on training the network by generating adversarial examples. These examples are generally used to fake networks. However, they have also been shown to improve the performances of classification models [43]. Since the adversarial examples belong to distribution which is different from the distribution of the original (clean) examples, separate auxiliary batch norm layers are used to train the network by generating these adversarial examples, whereas the original examples are trained through the traditional BN layers. The objective function of traditional models expressed in (5) in which no adversarial examples are considered can be written as follows:

[image: images]

where D denotes the distribution of the training data; [image: images], the loss function; [image: images], the parameters of the network; and x, the training example with the label y.

When using adversarial images as additional training examples combined with the original training images for training the network, this objective function is expressed as in (5).

[image: images]

where [image: images]; here, [image: images] denotes an adversarial perturbation, and S denotes the perturbation range, in which the adversarial image is generated by adding a perturbation to an original image, i.e., [image: images]. To overcome the problem on performance degradation, which results from training the network using the new objective function presented in (7) due to the different distributions of the original and adversarial images, AdvProp proposed the use of auxiliary BN layers, as presented in Fig. 5.

[image: images]

Figure 5: The use of an auxiliary BN layer for the adversarial examples training, whereas the traditional BN layer is used for the original images training. This auxiliary layer is used only while training [43]

For each training batch, AdvProp randomly selects an original image xo with the label y and generates a corresponding adversarial image xa. Then, the loss functions are calculated for the original and adversarial images; the original loss is calculated using the main BNs, whereas the adversarial loss is calculated using the auxiliary BN layers, as presented in Fig. 5. Finally, the network parameters are updated to minimize the total loss, as presented in (5).

3  Experiments

In this section, the dataset used in the experiments and the metrics used to evaluate the performance of the proposed model are described. Moreover, the procedure we followed to conduct the different experiments in this study are also discussed.

3.1 Datasets

Due to the rapid spread of COVID-19 and the need for a rapid response to this disease, several CT datasets were utilized by deep learning-based applications to analyze and detect COVID-19. However, there is scarcity of publicly available datasets, such as the SARS-CoV-2 CT scan dataset proposed by Soares et al. [19], which is used in this study to evaluate the proposed model. SARS-CoV-2 CT scan dataset is one of the widely publicly available datasets. This was obtained from the hospitals in Sao Paulo, Brazil [19]. Moreover, this dataset is composed of 2482 CT scan images (1252 CT scan images of 60 COVID-19 patients and 1230 CT scan images of 60 non-COVID-19 patients). The detailed characteristic of each patient has been omitted by the hospitals due to ethical concerns. Fig. 6 presents some examples of the CT scan images of COVID-19 and non-COVID-19 patients, which compose the dataset.

[image: images]

Figure 6: Sample images from the CT dataset. The images in the first row are those of non-COVID-19 patients, whereas the images in the second row are those of COVID-19 patients

3.2 Performance Evaluation

To evaluate the performance of our proposed system, we reported numerous performance metrics, which enabled us to compare our model with those of the previous works and to be consistent with the evaluation procedures of such medical diagnostic systems [44]. Therefore, our results were reported in terms of accuracy, precision, recall, and F-measure (F1 score), which are expressed in Eqs. (8)–(11):
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where these metrics are calculated based on the confusion matrix, as presented in Tab. 1, and where TP and TN denote true positive and true negative, respectively, and FP and FN denote false positive and false negative, respectively.

Table 1: Confusion matrix. The rows represent the numbers of actual classes, whereas the columns represent the numbers of the predicted classes

[image: images]

Accuracy is one of the main metrics to analyze the performance of the classification problems. It is calculated by dividing the number of images (TP and TN) correctly classified from the two classes by the total number of the images, as expressed by (8). Precision and recall are two additional metrics that facilitate in evaluating the classification problems. Precision (also known as positive prediction) determines how many of the predictions are correct. It is calculated by dividing the number of correctly classified COVID-19 images (TP) by the number of the total predicted positive (TP and FP) cases, as expressed by (9). Conversely, recall (also known as sensitivity) is calculated by dividing the number of correctly classified positive cases by the total number of all actual positive (TP and FN) cases, as expressed by (10). The recall metric determines the ability of a system to recognize patients infected with the virus [44]. Thus, it indicates the performance of the system in case there is a high cost accompanying the false evaluation of infected patients as non-infected patients, i.e., false-negative predictions. Therefore, recall can be considered as one of the most important metrics in the case of pandemics, such as COVID-19.

F-measure or F1 score is a well-known metric in the classification problems. It is considered as a balance between precision and recall and is obtained by calculating the weighted harmonic mean of both precision and recall, as presented in (11).

3.3 Experimental Setup

We conducted several experiments, with each experiment repeated for five rounds. The average and detailed values of the results are also reported and discussed. First, we reported the results of our proposed model under a realistic scenario to split the dataset, in which only 20% of the available data was used for training. Then, we simulated the scenarios of the state-of-the-art works, some of which used 80% and others 60% of the dataset for training.

Our proposed system and experiments were implemented under Keras built on the top of TensorFlow, where we used the Adam optimization algorithm to train the network. The experiments were conducted using a workstation with i9 CPU@2.9 GHz, 32 GB of RAM, and NVIDIA GeForce GTX 1080 Ti (11 GB GDDR5X).

4  Results and Discussions

In this section, the results of the experiments are presented and discussed to evaluate the proposed system. We reported the results based on the aforementioned performance metrics. First, we presented an example from the input CT scan image through the different stages of the system, i.e., generation of perturbation and adversarial example, as presented in Fig. 7, and some of the activation maps, as presented in Fig. 8.

[image: images]

Figure 7: A random sample obtained from the dataset demonstrating that the addition of a perturbation [image: images] in an original image [image: images] results an adversarial image [image: images]

[image: images]

Figure 8: Samples of the activation maps of both COVID-19 and non-COVID-19

We split the CT scan dataset into training and testing sets, where we used 200 samples for the COVID-19 class and 200 samples for the nonCOVID-19 class for the training (corresponding to 20% of the dataset), whereas the 80% were kept as test. For the data augmentation, we apply adversarial examples with [image: images].

Fig. 9 presents the detailed results of the five rounds in terms of the confusion matrices.

[image: images]

Figure 9: Confusion matrices of the five trials based on the splitting ratio (20:80) of the training and testing

The performance metric values were calculated, and the results are presented in Tab. 2.

Table 2: Performance metrics for the five trials with the average values and standard deviation. The splitting ratio of the training and testing is 20:80

[image: images]

Tab. 2 demonstrates that the proposed network exhibits high performance, with an average overall accuracy of 96.16%, recall of 95.41%, precision of 96.90%, and F1 of 96.15%.

The results presented in Tab. 2 were calculated under a scenario that simulates the real scenario: There is a small amount of data for the training of the diagnosis system; therefore, we trained and evaluated the system using 20% and 80% of the dataset, respectively. However, to compare the proposed system with those of the other works, different splitting ratios need to be considered, as presented in Tabs. 3 and 4.

Table 3: Performance metrics for the five trials with the average values and standard deviation. The splitting ratio of the training and testing is 60:40

[image: images]

Table 4: Performance metrics for the five trials with the average values and standard deviation. The splitting ratio of the training and testing is 80:20

[image: images]

In Tab. 3, we reported the results of the performance metrics by splitting the data into training (60%) and testing (40%), according to the protocol followed by [22].

In Tab. 4, we reported the results of the performance metrics by splitting the data into training (80%) and testing (20%), according to the protocol followed by several works, such as [15,19,20,23].

Fig. 10 presents the effect of decreasing the ratio of the training portion to the test portion on the performance of the trained model.

[image: images]

Figure 10: Analysis of the performance metrics of the proposed method among different splitting ratios of the training data

From Fig. 10, it can be seen that decreasing the splitting portion of the training examples leads to the performance degradation of the proposed system in terms of all the evaluation metrics. Although such degradation prompts us to increase the training datasets, it is impossible during this time of COVID-19 pandemic, as no sufficient data is available for training the systems. However, the reported evaluation metric values of our system indicate that it is still robust, although a small portion of the examples are used for the training.

Fig. 11 presents the loss function of the training process of the proposed model. From the figure, it can be clearly seen that our proposed model does not require long training, fifty epochs are more than enough to train the model and ensure high performance.

[image: images]

Figure 11: Loss function of the proposed network

4.1 Comparison with the State-of-the-Art Works

In this section, the performance of our proposed model is compared with those of the state-of-the-art works using the same dataset, i.e., SARS-CoV-2 CT scan dataset. These works reported different evaluation metric values according to different splitting ratios; thus, we reported our results according to the same evaluation metrics and splitting ratios as presented in Tab. 5.

Table 5: Comparison with the state-of-the-art works using the SARS-CoV-2 CT scan dataset. The reported result of our proposed model is the average of five trials

[image: images]

Tab. 5 demonstrates that the proposed model achieves significantly higher accuracy compared with the competitive models, regardless of the splitting ratio. The proposed model outperforms the competitive models with an accuracy of 99.24% and 98.68% with splitting ratios of 80:20 and 60:40, respectively. Similarly, for the other metrics, i.e., precision, recall, and F1, our model outperforms the competitive models.

From Tab. 5, it can be seen that training our system using only 20% of the dataset yields an accuracy of 96.16% and recall of 95.41%. These values are comparable to those of the other models that were trained using 60% or 80% of the dataset. This result ensures the robustness of our system, even with the limited amount of data for training.

5  Conclusion

In this study, we proposed a deep learning-based framework for the detection of coronavirus disease 2019 using computed tomography (CT) scan images. EfficientNet architecture was used as the backbone to extract multi-scale feature maps from the input CT scan images. Moreover, we employed atrous convolution at different rates to generate denser features from multi-scale feature maps. To augment the dataset, we performed the adversarial examples generation, which clearly improved the performance. The classification results revealed that our proposed framework achieves better performance and provides faster results compared with the routine real-time reverse transcription-polymerase chain reaction test. Furthermore, it outperforms the state-of-the-art deep learning techniques. The proposed framework also exhibits a robust behavior toward the low of the training data. The application of the framework can be extended to multimodal medical images in the future.
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