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Abstract: In January 2020, the World Health Organization declared a global
health emergency concerning the spread of a new coronavirus disease, which
was later named COVID-19. Early and fast diagnosis and isolation of
COVID-19 patients have proven to be instrumental in limiting the spread of
the disease. Computed tomography (CT) is a promising imaging method for
fast diagnosis of COVID-19. In this study, we develop a unique preprocessing
step to resize CT chest images to a fixed size (256 x 256 pixels) that preserves
the aspect ratio and reduces image loss. Then, we present a deep learning
(DL) method to classify CT chest images based on the light-weight pre-trained
EfficientNet-B3 CNN model and ensemble techniques. The proposed method,
which we refer to as EfficientNet-B3-GAP-Ensemble, comprises an ensemble
of a modified version of the EfficientNet-B3. We build the ensemble using
multiple runs and multiple training epochs. We test the EfficientNet-B3-GAP-
Ensemble on two common benchmark datasets, i.e., the COVID19-CT and
SARS-CoV-2-CT datasets. The proposed method has outperformed state-of-
the-art methods for both datasets. For the COVID19-CT dataset, it achieved
88.18% sensitivity, 88.29% precision, 88.18% accuracy, an F1-score of 88.15%,
and AUC of 92.10%. With the SARS-CoV-2-CT dataset, we tested the pro-
posed method under different train-test splits, i.e., 20%-80%, 50%—-50%, and
80%—-20%. For the latter split, the proposed method achieved 99.72% accuracy,
99.80% sensitivity, precision, and F1-scores, and an AUC score of 99.99%.

Keywords: COVID-19 detection; computed tomography; deep learning;
convolutional neural network; EffecientNet-B3; ensemble techniques

1 Introduction

The rapid global spread of COVID-19 put healthcare systems under tremendous pressure [1].
Doctors and researchers found themselves facing a daunting challenge to find ways to diagnose
the disease quickly. Early diagnosis and isolation are key to fighting the disease by minimizing
the speed of transmission [2]. The RT-PCR laboratory test is used as a reference tool to detect
COVID-19. However, this test is expensive and time consuming. Typically, it takes one to two
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days to obtain the result. In some countries, it may take up to five days or more due to the
overwhelming number of tests that need to be analyzed.

Therefore, a faster and less costly IT solution for COVID-19 detection is urgently required.
In Wuhan, China, Tao et al. [3] studied 1014 patients who received both RT-PCR tests and
computed tomography (CT) images of their chest. They found that 97% of patients with a positive
RT-PCR test also had positive CT results. The relatively high cost of RT-PCR tests and the length
of time required to obtain results, particularly in areas with epidemic levels of the disease [4],
made CT chest images a potential, cost-effective diagnostic tool for COVID-19 [5].

Recently, DL has proven to be an important tool in medical image processing, for example,
for classification, detection, and segmentation tasks [6]. DL models provide the ability to automat-
ically extract features, thereby reducing the burden on medical specialists and enabling accurate
diagnoses. DL outperforms traditional, manual feature extraction methods for CT images; such
methods require medical experts and take significant time [7].

The number of studies focused on the detection of COVID-19 has increased in the last ten
months [7], and several proposed methods have used CT chest scans. The problem with this
body of research is the lack of benchmarks to compare results. Typically, researchers build their
own datasets and use them for experimentation. However, standard datasets are beginning to
become available. For example, Zhao et al. [8] made the relatively small COVID19-CT dataset
available online. This dataset contains 746 CT chest images, 349 images of COVID-19 patients and
463 images of people who had not contracted the disease. Zhao et al. [8] developed a classification
method based on multi-task and self-supervised learning that achieved an Fl-score of 0.90, AUC
of 0.98, and accuracy of 0.89. According to specialist in the medical field, models with that
level of performance are sufficient for use in clinical environments. Recently, Soares et al. [9,10]
collected a larger dataset, i.e., the SARS-CoV-2-CT dataset (2482 images), from hospitals in Sao
Paolo, Brazil. These two datasets are available online and many research studies based on these
datasets have been published [8,9,11-18]. Therefore, in this paper, we focus on these two datasets.

Wang et al. [11] collected 1,065 CT chest images, 325 images of pathogen-confirmed
COVID-19 cases and 740 images of patients previously diagnosed with typical viral pneumonia.
They modified the inception transfer-learning model to establish an algorithm and then performed
internal and external validation. The external testing dataset showed a total accuracy of 79.3%,
with specificity of 0.83 and sensitivity of 0.67. Additionally, in 54 COVID-19 images 46 were
predicted correctly as COVID-19 positive by the algorithm (85.2% accuracy). Song et al. [12] pro-
posed a DL-based DRE-Net architecture that aims to quickly and accurately diagnose COVID-19
using CT chest images. Their proposed model was able to distinguish between bacterial pneumo-
nia and viral pneumonia (COVID-19). The proposed structure achieved high performance and
outperformed ResNet, DenseNet, and VGG16 for both detection and classification of pneumonia.
The DL-based DRE-Net architecture could differentiate COVID-19 patients from others with an
excellent AUC of 0.99 and recall (sensitivity) of 0.93. Additionally, the proposed model could
differentiate COVID-19 infected patients and bacteria pneumonia-infected patients with an AUC
of 0.95 and recall (sensitivity) of 0.96. In another study,

He et al. [13] proposed a Self-Trans approach, which synergistically integrates contrastive self-
supervised learning with transfer learning to learn powerful and unbiased feature representations
to reduce the risk of overfitting. Their approach achieved an Fl-score of 0.85 and an AUC
of 0.94 in diagnosing COVID-19 from CT scans. Mobiny et al. [14] proposed a novel learning
architecture, called Detail-Oriented Capsule Networks (DECAPS), for automatic diagnosis of
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COVID-19 from CT scans. They constructed a network that combines the strength of capsule
networks with several architectural improvements meant to boost classification accuracy. First,
DECAPS uses an inverted dynamic routing mechanism that prevents the passage of information
from non-descriptive regions, thereby increasing model stability. Second, DECAPS employs a
Peekaboo training procedure that employs a two-stage patch crop and drop strategy, which fosters
the generation of activation maps for every target concept. The proposed model was tested on the
COVIDI19-CT dataset and achieved 84.3% precision, 91.5% recall, and 96.1% AUC, significantly
outperforming previous methods. Polsinelli et al. [15] selected a light pre-trained convolutional
neural network (CNN) called SqueezeNet to build a solution for efficient discrimination of
COVID-19 CT images from other CT images, such as community-acquired pneumonia and/or
images of healthy individuals. On the COVID19-CT dataset, the proposed modified SqueezeNet
CNN achieved 83.00% accuracy, 85.00% Sensitivity, 81.00% specificity, 81.73% precision, and an
F1 score of 0.8333. Additionally, SqueezeNet was very efficient, returning results in 7.81 s on a
mid-range laptop without GPU acceleration.

As mentioned previously, Soares et al. [9] built and made available the SARS-CoV-2-CT
dataset. The data was collected from real patients in Brazilian hospitals. The dataset contained
2482 CT scans, 1252 CT scans positive for SARS-CoV-2 infection (COVID-19) and 1230 CT
scans for patients not infected by COVID-19. Then, they introduced a baseline approach using
an explainable DL approach that achieved an Fl-score of 97.31% when trained on 80% of the
dataset. Angelov et al. [16] used the SARS-COV-2 dataset and proposed an approach to detect
COVID-19, which they referred to as an explainable DL classifier. The proposed method achieved
88.6% accuracy, 89.7% precision, 88.6% recall, 89.3% F1-score, and 88.6% AUC. Jaiswal et al. [17]
introduced a COVID-19 classification model based on deep transfer learning using the pre-trained
DenseNet201 model. This model can classify CT chest images with an overall accuracy of 97%.
Silva et al. [18] proposed an efficient DL technique for screening COVID-19 using a voting-based
approach. In their approach, images from a given patient are classified together as one unit in a
voting system. The approach was tested using the COVID19-CT and SARS-CoV-2-CT datasets
using a patient-based split. A cross-dataset study was also performed to assess the robustness
of the proposed method in a more realistic scenario, in which the data come from different
distributions. The cross-dataset analysis showed that the generalization power of DL models is
not sufficient for the task since accuracy for the COVID19-CT dataset dropped from 87.68% to
56.16% on the best evaluation scenario.

Hu et al. [19] presented a design for weakly supervised DL using CT chest images for auto-
matic detection and classification of COVID-19 infection. Their proposed model made it possible
to distinguish COVID-19 cases from community-acquired pneumonia and non-pneumonia, and
achieved high classification accuracy. Additionally, it could detect the exact location of pneumonia
lesions. Harmon et al. [20] introduced a series of DL algorithms, trained in a CT chest scans
from four hospitals in China, Italy, and Japan. Additionally, the clinical timing and practice to
obtain CT scans varied significantly. These algorithms were evaluated on an independent test
group, which differed from the training group, and achieved 90.8% accuracy for classification of
COVID-19 with sufficient scalability.

In a study by Xu et al. [21] the candidate infection regions were segmented out from a
pulmonary CT image set using a 3D DL model. These separated images were then categorized
into COVID-19, TIAVP, and irrelevant to infection groups using a location-attention classification
model that achieved overall accuracy of 86.7%.
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In this work, we first propose a method for preprocessing CT chest images and unifying their
sizes without distorting the aspect ratio or losing any part of the image. Using this method,
all images are resized to 256 x 256 pixels. Then, we propose a method to classify COVID-19
CT chest images based on a modified EfficientNet CNN model and ensemble techniques. The
proposed method is based on a new family of powerful CNN models called EfficientNet [22].
We selected the EfficientNet-B3 CNN model because it presents a reasonable compromise between
performance and required computational resources. Then, we propose and investigate two mod-
ified versions, i.e., EfficientNet-B3-GAP and EfficientNet-B3-GAP-FC(128). Finally, we present
the complete method based on ensemble techniques. We call the complete method EfficientNet-
B3-GAP-Ensemble. We perform many experiments and test the proposed EfficientNet-B3-GAP-
Ensemble method on two benchmark CT image datasets. The experimental results demonstrate
that the capabilities of the proposed approach.

The primary contributions of this study are as follows:

e We propose an effective preprocessing step to unify the size of CT chest images without
distortion or loss of image parts.

e We present an innovative DL solution for the diagnosis of COVID-19 using CT chest
images based on the pre-trained EfficientNet-B3 CNN model and ensemble techniques.

e We present an effective ensemble approach to improve the overall accuracy of the solu-
tion and reduce its variability based on building an ensemble using multiple runs and
multiple epochs.

The remainder of this paper is divided into three sections. The proposed methodology is
presented in Section 2. Section 3 describes the experimental work and results. Conclusions and
suggestions for future work are presented in Section 4.

2 Proposed Method

In this section, we present the details of the proposed solution based on a modified version
of one of the EfficientNet CNN models and ensemble techniques.

2.1 Proposed EfficientNet-B3-GAP-Ensemble Method

In 2019, Tan et al. [22] developed EfficientNet, a new family of CNN models that focuses on
measuring different network dimensions, i.e., width, depth, and resolution. Their proposed method
scales each dimension of the network uniformly by a fixed set of measurement coefficients to
achieve high accuracy and efficiency [22].

Compared to previous CNN models, the family of EfficientNet CNN models achieved higher
performance on the ImageNet dataset, which contains ~14 million images. EfficientNet showed
a performance increase of up to 5% for the same number of parameters. This also means it is
much faster than previous CNN models. The EfficientNet family consists of eight models, starting
from the smallest base model, called EfficientNet-BO, and extending to the largest model, called
EfficientNet-B7. The baseline model was developed using the automatic machine learning MNAS
framework, which automatically searches for a CNN model that optimizes both precision and
effectiveness. The B1 to B7 models are scaled up versions of BO. The idea of building deeper
models from a baseline using a well-thought-out scaling approach is the main contribution of
Tan et al. [22].

In this work, we investigate two modified versions of the EffecientNet-B3 model. These
versions are illustrated in Fig. 1. The original EffecientNet-B3 model is shown in Fig. la. To build
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the proposed two versions, we remove the top layers, indicated by the red lines in Fig. la. Then,
we replace these layers with our own top layers, which are shown in yellow in Figs. 1b and Ic.
The feature map sizes are shown below each layer. The original layers of the EffecientNet-B3
model are pre-trained on the ImageNet dataset [23]. Consequently, initially, the new added layers
will be assigned random weights. Then, during training, all model weights are updated using the
back-propagation algorithm, which is the main algorithm for training neural network models.
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Figure 1: Modified versions of proposed EfficientNet-B3 model; (a) original pre-trained model, (b)
EfficientNet-B3-GAP, (¢) EfficientNet-B3-GAP-FC(128)

When we remove the top layers of the EfficientNet-B3 model, the output of the new top
layer is a feature map that is the result of successive convolutional and other operations. Here, let
the size of the feature map be N x N x C (in this model it is 7 x 7 x 1536), where N x N is the
size of convolved images and C is the number of channels, which correspond to the number of
convolutional filters. In version one, i.c., EfficientNet-B3-GAP, we apply a global average pooling
(GAP) layer to flatten the feature map into a single feature vector and then follow it by the output
neuron, which is fully connected to all neurons in the GAP layer. The GAP layer performs the
following averaging operation:

ZZEJ (1)

1010
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where F;; are the individual feature vectors in the feature map. Thus, the size of the output
feature F is now 1 x 1 x C. The output neuron uses the sigmoid activation function, which is
given by

2)

fsigmoid (2)= 1 —e-

The sigmoid function produces a value in the range [0, 1], which is considered the probability
of belonging to the COVID-19 class. Therefore, given the output P(M;) of the model for a given
image M;, we consider that it represents a COVID-19 case if P(M;) > T, where T is a given
threshold. In our case, we set T =0.5.

In the second version, called EfficientNet-B3-GAP-FC(128), we add an extra fully connected
layer between the GAP layer and the output layer. The size of this fully connected layer is 128,
and it is followed by a BatchNormalization layer, then by the novel Swish activation function,
and finally the output neuron. We use BatchNormalization because it is effective in combating
network overfitting, as suggested in the literature [24]. Overfitting occurs when the CNN model
learns the training data extremely well but does not generalize well to other testing data. It is a
common problem in DL models, and the risk of falling into this problem increases in situations
where the training dataset is small, which is the case in this study.

Machine learning algorithms always produce results with a degree of variability [25] because,
in such algorithms, many steps involve a degree of randomness. Thus, one way to improve the
performance of machine learning algorithms is to use ensemble learning. One of the main types of
ensemble learning is called stacking or stacked generalization [26-28]. Stacking has been success-
fully implemented in regression, density estimations, distance learning, and classification, and has
been used in many medical applications [29-31]. This technique works because it allows multiple
algorithms to collaborate to solve the same problem; the various solutions can be aggregated into
one better final solution.

In our work, we propose to implement stacked generalization in two ways. The first approach
is to generate an ensemble of M classifiers by performing multiple training runs of the same
model. We refer to this as the multiple-runs ensemble. In the second approach, an ensemble can
be obtained by varying the number of training epochs. We accomplish this by training a model
for {ny,...,ny} epochs. A copy of the trained model is saved each time we reach a given number
of epochs. Thus, we refer to this approach as multiple-epochs ensemble.

Once we have built an ensemble of models, we can aggregate their results in many ways. Here
we use the naive unweighted average of the output probabilities, as shown in Eq. (3):

1 M
Dfused (Xi*) = i X_:lpm(xi‘) (3)

Here, p,, is the output probability of the M™ model for the given image x;, and Pfused (Xi+) 18
the final fused output probability of predicting the COVID-19 class. Naive unweighted averaging
reduces the variability of the model’s outputs. Additionally, naive unweighted averaging is also
effective in improving performance of CNN models of similar architectures [20].
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2.2 Model Optimization

The goal of a classifier is to learn to predict the class of a given input sample x;. Training
is the process of updating the parameters of the classifier, e.g., the different convolutional filters
and other weights in the CNN, until its predictions match the true class for all or most of the
training samples.

Our problem is a binary classification scenario where the CNN outputs a probability p(x;) of
the given sample x; belonging to class one (the COVID-19 class). Consequently, the probability
that the same sample belongs to class zero (the non-COVID-19 class) is 1 —p(x;). This description
reminds us of Bernoulli distribution in statistics; thus, we can use this distribution to model the
output of the network. The Bernoulli distribution is defined as follows:

N if k=1
f(k,p)—{l_p k=0 (4)
or
fsp)=pF[1—pI' = for k=0,1 (5)

A neural network learns to produce an approximate probability distribution j@ of a
true probability distribution f (k;p). The true probability distribution f (k;p) is usually unknown.
However, we have training data {x;,p(x;)}?_, that can be used to estimate it. For each training
sample x;, the network will produce a prediction p(x;).

To measure how good the prediction of the CNN model is, we need a metric that can
measure the distance between distributions. Cross entropy (CE) is widely used to indicate the
distance between what the model believes the output distribution should be and what the original
distribution actually is. CE is defined as follows:

CE (x;)) = —p (x)) log[p (xp)] — (1 — p(x;)) log [1 — p(x7)] (6)

and the total CE loss is computed over all training samples x;:

Lep(W) = Zp(x,)log P (x)] Z(l—p(x,»log[l—p(x,)] (7)

i=1 i=1

The optimal weights W of each CNN model of the ensemble are learned by minimizing the
cross entropy loss function.

3 Experimental Results
3.1 COVID-19 CT Image Datasets

We used two datasets in our experiments COVIDI19-CT and the SARS-CoV-2-CT We used
these two datasets because they were publicly available online [10,32,33]. The COVIDI19-CT
dataset was collected by Zhao et al. [8]. They collected 349 images from 216 COVID-19 patients
from scientific articles and hospitals. Then, they collected another set of 463 images from healthy
individuals and non-COVID-19 patients. The latter set included an additional 55 patients that
were not included in the original 216 patients. Thus, the total number of images in this dataset
is 812. The SARS-CoV-2-CT was collected from hospitals in Sao Paulo, Brazil and is much larger.
It consists of 2482 CT chest images, 1252 images of 60 patients with COVID-19 and 1230 images
of 60 patients with non-COVID-19 pulmonary diseases. The size of this dataset makes it suitable
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for executing machine learning algorithms on available computing resources. The images in the
SARS-CoV-2-CT dataset are printed images and do not have a standard size. Additionally, image
contrast has not been standardized. Tab. 1 shows the minimum and maximum width and height
of the images in the SARS-CoV-2-CT dataset.

Table 1: SARS-CoV-2-CT dataset meta information

Rows Columns
Class: Number of images Number of patients Min Max Min Max
COVID-19 1252 60 123 408 182 534
Non-COVID-19 1229 60 119 416 224 502

3.2 Preprocessing of Datasets

Input images for CNN models must be the same size. Thus, resizing the images is an
important preprocessing step. Early CNN models only accepted images of size 224 x 224 pixels.
In this work, we decided to use a fixed size of 256 x 256 pixels, which is a middle ground between
the minimum and maximum number of rows and columns, as shown in Tab. 1.

However, we still needed to deal with the problem of variable image sizes. One option is to
separately resize every image to the fixed target size. However, this option will distort the images
significantly and affect their aspect ratio, which will have a negative effect on classification model
performance. A second option is to use the maximum number of rows and columns, i.e., 534
(Tab. 1), as a reference. With this option, all images are downsized by a factor of 534/256=2.1,
and images that end up smaller than 256 x 256 are padded with zeros. This option, albeit better
than the first option, still will result in the resolution of smaller images to be significantly
degraded. Additionally, large portions of these images will be zero, which will not be of any
benefit to the classification model. Therefore, we decided to use a third option in which only
the width of the image is used as a reference. For example, given sample image i, let its size be

. . 256 ) .
W; x H;. Then, this image should be resized by a factor of T That will change the height

1
256 . . . .
to HiW’ which may be less or more than the target height of 256. If the new height is less
i
than 256, then we simply pad the top and bottom equally with zeros, as shown in Fig. 2.

If the new height is more than 256, we need to crop the top and bottom of the image.
However, because most CT chest images are in landscape mode, this does not occur often. In fact,
in the SARS-CoV-2-CT dataset, only ten images needed to be cropped (Fig. 3a). As can be seen,
the amount to be cropped (outside the red box of size 256 x 256 pixels) is always insignificant.
We observed the same situation with the COVID19-CT dataset. Out of the 812 images in the
dataset, only two required minor cropping (Fig. 3b).

3.3 Assessment Methods

To evaluate performance, we compared our proposed approach with other approaches using

the following performance metrics:
TP+ TN

8
TP+ TN+ FP+FN ®

Accuracy =
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TP

Precision= ——— 9)
TP+ FP
TP
Recall = —— (10)
TP+ FN
F1_score— 2 x Precision x Recall (1)

Precision + Recall

¢
(x

Figure 2: Preprocessing a sample CT scan image, including resizing and padding with zeros. Solid
black bars indicate padding

\

Here, TP denotes true positives (patients correctly identified as having COVID-19),
TN denotes true negatives (patients correctly identified as not having COVID-19), FP denotes
false positives (patients with lung diseases other than COVID-19 identified as having COVID-19),
and FN denotes false negatives (patients with COVID-19 identified as not having the disease).

3.4 Experimental Setup

Our proposed approach was developed using Python and Google’s Tensorflow machine
learning library. The models investigated were all trained in batches of size of 32 using the
Adam optimizer. The default values for the Adam optimizer parameters were used, except for
the learning parameter, which was varied over time. The training epochs were divided into
two stages. In the first stage, the learning rate was set to 0.001 and then reduced to 0.0001.
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The number of epochs in stage one and two were determined experimentally using a validation
set approach. As for the computational platform, we used an HP Omen Station with an Intel
Core 19-7920x CPU@2.9 GHz with 16 GB RAM and a NVIDIA GeForce GTX 1080 Ti (11 GB
GDDR5X) GPU.
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Figure 3: CT scan images that required minor cropping; (a) images from the SARS-CoV-2-CT
dataset, (b) images from the COVIDI19-CT dataset
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We tested the proposed models on the SARS-CoV-2-CT and COVIDI19-CT datasets. For the
SARS-CoV-2-CT dataset we performed experiments using three different train-test split scenarios,
i.e., 20%-80%, 50%—-50%, and 80%—-20%. We used cross-validation to train the model several times
with different training sets and computed the average accuracy. With the COVIDI19-CT dataset,
we followed the data split used in the paper that proposed the dataset [8]. Note that this data
split is also used by most studies in the literature [11-15,18].

3.5 Determining the Number of Epochs

In this section we describe different experiments using the SARS-CoV-2-CT dataset with a
20%-80% train-test split. We selected that split to ensure that execution times were not prohibitive.
The findings and conclusions should still be valid to a high degree for the other scenarios with
different training splits, and the good results achieved in Section 3.7 attest to that.
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Figure 4: Average validation loss and accuracy curves using the SARS-CoV-2-CT dataset;
(a) EfficientNet-B3-GAP average loss, (b) EfficientNet-B3-GAP average accuracy, (c¢) EfficientNet-
B3-GAP-FC(128) average loss, and (d) EfficientNet-B3-GAP-FC(128) average accuracy



3592 CMC, 2021, vol.67, no.3

In the first experiment, we trained both the EfficientNet-B3-GAP and EfficientNet-B3-GAP +
FC(128) models for 45 epochs using 25% of the training set (5% of the total data) as a validation
set, a batch size of 32, and a learning rate of 0.001. We executed the training ten times and
monitored the loss and accuracy measures over the validation set. The average validation loss
curves and validation accuracy curves over the ten runs are plotted in Fig. 4. As can be seen, the
loss increases after 20 epochs (a sign of the overfitting problem). Furthermore, validation accuracy
does not improve after 20 epochs. Thus, we fixed the number of epochs for this stage at 20.

A current standard training approach is to continue training for a second stage with a lower
learning rate to fine tune the optimization. We implemented this strategy at a learning rate of
0.0001. The average validation loss and validation accuracy curves for both stages are shown in
Fig. 5. As can be seen, the validation accuracy improves slightly in this second stage of training,
but again reaches a plateau after ~20 epochs. Thus, this will also be the number of epochs for
the second stage.
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Figure 5: Loss and accuracy curves (average of ten runs) with decreasing learning rate at epoch 20;
(a) EfficientNet-B3-GAP average loss, (b) EfficientNet-B3-GAP average accuracy, (c¢) EfficientNet-
B3-GAP-FC(128) average loss, and (d) EfficientNet-B3-GAP-FC(128) average accuracy
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Comparing the two versions, the average accuracy for EfficientNet-B3-GAP and EfficientNet-
B3-GAP-FC(128) CNN models are 95.08% and 93.55%, respectively. We focus on the
EfficientNet-B3-GAP model in the remainder of the experiments because it outperformed the
EfficientNet-B3-GAP-FC(128) model.

The disparity in performance can be explained by the fact that the second model has an extra
layer that starts with random weights rather than pre-trained weights, as in the other layers. These
random weights add extra degrees of freedom to the model and should improve its generalization
ability; however, the limited amount of training data in our case, makes it difficult to properly
optimize these extra weights. This is a well-known problem with DL models, and because of that,
it is preferred to perform tranfer learning from models with pre-trained weights.

3.6 Results of the EfficientNet-B3-GAP-Ensemble Method

In this section, we report the results using the proposed method. Tab. 2 shows the accuracy of
an ensemble of EfficientNet-B3-GAP models. As mentioned previously, we built model ensembles
in two ways, i.e.,, (i) multiple runs (five) to train the same model with the same parameters
(Runs 1-5, Tab. 2) and (ii) varying the number of training epochs of training (40, 41, 42, 43,
and 44 epochs, column 2, Tab. 2). We note here that “std” stands for standard deviation. Two
observations can be made; (i) The accuracy varies from run to run, and (ii) the variability between
multiple-runs ensemble is higher than the multiple-epochs ensemble.

Table 2: Average accuracy for EfficientNet-B3-GAP models using the SARS-CoV-2-CT dataset
with 20%-80% random split

Ensemble using several training runs

Run 1 Run 2 Run 3 Run 4 Run 5 Mean + std

Ensemble using

varying epochs
40 epochs 95.82 95.51 94.76 95.11 94.05 95.05+0.69
41 epochs 95.87 95.61 94.86 94.76 93.90 95.00+0.78
42 epochs 95.87 95.61 94.35 94.81 93.95 94.92 +0.81
43 epochs 95.97 95.36 94.10 94.86 93.95 94.85+0.85
44 epochs 95.92 95.41 94.15 94.91 94.10 94.90 £0.79

Mean + std 95.89+0.05 9550+0.10 94.454+0.31 94.89+0.12 93.994+0.07

Next, we applied fusion to the two types of ensembles using the naive average described in
Eq. (3). The results of the two ensemble approaches are shown in Tab. 3 where it is evident that
multiple-run ensembles outperform multiple-epoch ensembles. Furthermore, the accuracies for the
fused multiple-run ensembles are always better than the mean accuracies shown in Tab. 2. It is
also possible to fuse the output probabilities of all ensemble models generated by both multiple-
runs and multiple epochs (25 models). When we apply this total fusion, we obtain an accuracy
of 95.61%.
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Table 3: Accuracy for EfficientNet-B3-GAP-ensemble method using the SARS-CoV-2-CT dataset

with 20%-80% random split

Ensemble using varying epochs
40 epochs
41 epochs
42 epochs
43 epochs
44 epochs
Fusion

Ensemble using several training runs

Run 1

95.82
95.87
95.87
95.97
95.92
95.87

Run 2

95.51
95.61
95.61
95.36
95.41
95.51

Run 3

94.76
94.86
94.35
94.10
94.15
94.41

Run 4

95.11
94.76
94.81
94.86
94.91
94.81

Run 5

94.05
93.90
93.95
93.95
94.10
93.90

Fusion

95.72
95.72
95.46
95.31
95.31
95.61

Note that 50%—-50% and 80%—-20% splits (Tabs. 4 and 5) return similar results. The final accu-
racy of the fused model is 99.27% and 99.72% for the 50%-50% and 80%-20% splits, respectively.

Table 4: Accuracy for EfficientNet-B3-GAP-ensemble method using the SARS-CoV-2-CT dataset

with 50%-50% random split

Ensemble using varying epochs
40 epochs
41 epochs
42 epochs
43 epochs
44 epochs
Fusion

Ensemble using several training runs

Run 1

98.95
99.11
99.11
99.11
99.11
99.03

Run 2

98.31
98.31
98.23
98.23
98.31
98.31

Run 3

99.19
99.19
99.19
99.19
99.19
99.19

Run 4

98.71
98.71
98.71
98.71
98.79
98.71

Run 5

98.95
98.87
98.79
98.79
98.79
98.79

Fusion

99.27
99.27
99.27
99.27
99.27
99.27

Table 5: Accuracy for EfficientNet-B3-GAP-ensemble method using the SARS-CoV-2-CT dataset

with 80%-20% random split

Ensemble using varying epochs
40 epochs
41 epochs
42 epochs
43 epochs
44 epochs
Fusion

Ensemble using several training runs

Run 1

99.60
99.60
99.40
99.40
99.40
99.60

Run 2

98.99
99.19
99.40
98.19
98.19
99.40

Run 3

98.99
99.19
99.19
99.19
99.19
99.19

Run 4

99.60
99.80
99.80
99.80
99.80
99.80

Run 5

99.60
99.40
99.60
99.60
99.60
99.60

Fusion

99.80
99.80
99.80
99.60
99.60
99.72
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Finally, we applied the proposed method to the COVIDI19-CT dataset. The results are given
in Tabs. 6 and 7.

Table 6: Average accuracy for multiple EfficientNet-B3-GAP models using the COVID19-CT
dataset

Ensemble using several training runs

Run 1 Run 2 Run 3 Run 4 Run 5 Mean + std

Ensemble using

varying epochs
40 epochs 86.21 85.71 83.74 84.24 85.22 85.02+1.02
41 epochs 86.21 83.25 83.74 84.24 85.22 84.53+1.19
42 epochs 86.21 84.73 83.74 83.74 85.71 84.83+1.12
43 epochs 86.21 84.24 83.74 84.24 85.22 84.73+0.99
44 epochs 85.71 85.22 83.74 86.21 85.22 85.224+0.92

Mean + std 86.11+0.22  84.63+0.95 83.74+0.00 84.53+96 85.32+0.22

Table 7: Accuracy for EfficientNet-B3-GAP-ensemble method using COVID19-CT dataset

Ensemble using several training runs
Run 1 Run 2 Run 3 Run 4 Run 5 Fusion

Ensemble using varying epochs

40 epochs 86.21 85.71 83.74 84.24 85.22 89.16
41 epochs 86.21 83.25 83.74 84.24 85.22 88.18
42 epochs 86.21 84.73 83.74 83.74 85.71 89.16
43 epochs 86.21 84.24 83.74 84.24 85.22 88.18
44 epochs 85.71 85.22 83.74 86.21 85.22 88.18
Fusion 86.21 84.73 83.74 84.24 85.22 88.18

Tab. 6 shows the mean and standard deviation of the multiple-run models and the multiple-
epoch models. The same observation that we saw for the SARS-CoV-2-CT dataset applies here.
When we applied the fusion strategy on the models, we obtained the impressive results shown
in Tab. 7. The accuracy of the fused results improved by up to 5% compared to the individ-
ual models. The final accuracy achieved using the EfficientNet-B3-GAP-Ensemble is 88.18% for
COVIDI19-CT dataset.

3.7 Comparison to State-of-the-Art Methods

In this section, we report the results achieved by the proposed EfficientNet-B3-GAP-Ensemble
and compare it to state-of-the-art methods as referenced in Tabs. & and 9. The first 20 training
epochs used a learning rate of 0.001; then, the learning rate is reduced to 0.0001 for the second
20 epochs. We applied the algorithm to the SARS-CoV-2-CT dataset with an 80%-20% train-
test split. However, to for the COVID19-CT dataset, we followed the protocol described in [8].
In Tab. 8, the results obtained for the SARS-CoV-2-CT dataset are compared to other methods,
while Tab. 9 shows the comparison for the COVID19-CT dataset.
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Table 8: Comparison of EfficientNet-B3-GAP-ensemble with other recent methods using SARS-
CoV-2-CT and 80%-20% split

Reference Date Train Test Accuracy  Pre(+P) Rec(Sen) F1 AUC
ratio (%o)  ratio (%)

Zhaoetal. [§] March30, 74 26 85.00 85.90 92.80
2020

Angelov April 24, 80 20 88.60 89.70 88.60 89.20 88.60

etal. [16] 2020

Soares May 14, 80 20 97.38 99.16 95.53 97.31 97.36

etal. [9] 2020

Jaiswal July 3, 85 15 96.25 96.29 96.29 96.29

etal. [17] 2020

Silva September 8, 80 20 98.99 99.20 98.80

etal. [18] 2020

EfficientNet- 80 20 99.354+0.40 99.35+0.40 99.34+0.42 99.35+0.42 99.99 +0.21

B3-GAP [ours]

EfficienNet-B3- 80 20 99.72 99.80 99.80 99.80 99.99

GAP-ensemble

[ours]

Table 9: Comparison of the proposed method with state-of-the-art methods using COVID19-CT
dataset

Reference Date Accuracy  Pre(+P) Rec(Sen) F1 AUC
Wang et al. [11] February 14, 2020  73.1 61 67 63

Song et al. [12] February 23, 2020 86 79 96 87

Zhao et al. [8] March 30, 2020 84.7 76.2

He et al. [13] April 13, 2020 86.00 85.00  94.00
Mobiny et al. [14] April 16, 2020 87.6 87.1 96.1
Polsinelli et al. [15] April 24, 2020 83.00 83.30

Xu et al. [21] April 28, 2020 81.3 86.7 83.9

Silva et al. [18] September 8, 2020  87.60 86.19  90.50
EfficientNet-B3-GAP- 88.18 88.29 88.18 88.15 92.10

ensemble [ours]

As can be seen, the proposed method achieves impressive results that are better than state-
of-the-art methods in terms of accuracy. The proposed method is also more efficient because we
use smaller CT images (i.e., 256 x 256 pixels). Furthermore, the proposed modified EfficientNet-
GAP model is light-weight compared to other models, like VGG16 or DenseNet. Additionally,
as mentioned previously, we trained our models for only 40 epochs, whereas, with other methods,
the models are trained for more epochs. For example, the method proposed by Jaiswal et al. [17]
uses 300 epochs. COVIDI19-CT is a more challenging dataset because the test set is intentionally
selected from patients that differ from those in the training set. However, our proposed method
still outperformed the state-of-the-art methods in terms of accuracy, precision, sensitivity, and
Fl-score. The only exception is regarding the AUC metric where methods proposed by He
et al. [13] and Mobiny et al. [14] outperformed ours. However, our method outperformed them in
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terms of Fl-score. It may also beat them in terms of other metrics, such as accuracy; however,
values for other metrics were not provided.

4 Conclusions

In this paper, we have proposed an effective DL method to classify CT chest images to
detect COVID-19 cases. The proposed method is based on EfficientNet-B3, a new light-weight
pre-trained model. We developed a modified version of this model called EfficientNet-B3-GAP
and then used ensemble techniques to build a solution that yielded impressive results on two
publicly available benchmark datasets; COVID19-CT and SARS-CoV-2-CT. However, the results
for the COVID19-CT dataset show that more work is required to build a more general solution.
To achieve this, a domain adaption approach must be utilized to eliminate the data shift between
datasets. Other techniques that can be investigated include using higher-resolution CT chest
images. EfficientNets have low computational cost in terms of latency and memory; therefore, it is
possible to exploit higher-resolution input images.
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