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Abstract

Background: The impact of coronavirus (COVID-19) pandemic on health care

is universal. The risks resulting from emerging contagious viruses and the effi-

cacy of vaccines are persisting due to the presence of different variants. Learning

of deeper and more interpretable models from COVID-19 data are conducive to

understand this disease and to study the virus spread, individual diagnosis and

may be other engrossing relating issues. However, some difficulties and intrica-

cies are arising from the scarcity of precisely labelled data. Previous works have

exploited existing Deep Neural Network (DNN) models that are pre-trained on

large datasets like ImageNet.

Method: In this paper, a new framework is proposed in order to monitor and pre-

dict COVID-19 cases and other diseases, pursuing medical data. The currently
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proposed framework essentially relies on (1) an Internet of Things (IoT) process-

ing model to collect data and operate on them later, (2) a DNN model for data

processing, known as REGATT. This proposed model is based on a pre-trained

REGNet model finely tuned by spatial, channel ATTention and convolutional lay-

ers, boosting feature representation and discrimination.

Results: Comparative experimental results on four different benchmark datasets

show that the proposed model leads to a promising solution for diagnosing

COVID-19.

Conclusion: It is concluded that an IoT and DNN-based solution are a vi-

able way for the diagnosis of not only COVID-19 but also other diseases. It

is advisable that future works explore the development of interpretable models.

Keywords: internet of things, data aggregation, convolutional neural networks, attention

mechanism, COVID-19, electrocardiogram, computed tomography scan

1 Introduction

The impact of coronavirus (COVID-19) pandemic on health care is universal. Its risks

as an emerging and a contagious virus with its proliferation featuring in different

variants require an immediate reaction through an efficient vaccination. Practically,

the number of COVID-19 cases is rapidly increasing worldwide, with major out-

breaks witnessed in a great number of countries. Failed to take measures in place and

on the exact time, the confirmed COVID-19 cases has conspicuously been increas-

ing. Deaths have exceeded six millions [1]. Recent studies have proven that the novel

features of coronavirus attack people in different ways [2] [3]. The most common

symptoms of coronavirus are fever, cough, and tiredness. The virus may affect the

respiratory system and cause acute respiratory distress syndrome, ending up with res-

piratory failure in some cases. Cardiovascular manifestations induced by COVID-19

have been the cause of deep concerns for medical experts [4]. Recently, investi-

gators have discussed the development of methods, including DNN models, which

diagnose the presence of COVID-19 [5]. Precise and accurate automatic detection

models of coronavirus become a necessity in medical applications.The emergence of

DNN methods in an automatic COVID-19 diagnosis are used in speed tests to detect

as many patients as possible [6]. The instantaneous and the immediate COVID-19

diagnosis leads to taking the right measure in time for supportive care. The most

commonly known approach for COVID-19 testing is based on a classification of two

states from images. The research aim is to find an optimal classifier to differenti-

ate between healthy individuals and patients caught by covid 19. Several approaches

based on very familiar mechanisms have been discussed in [7][8][9]. The accuracy

rate obtained for ECG, Chest X-Ray (CXR) and Computed Tomography scan (CT)

images is excellent for these approaches. A considerable correlation involving abnor-

mal ECG and COVID-19 [10] has been revealed. Intelligent recognition of cardiac

alterations caused by COVID-19 is practical using DNN models. However, there is

no study, which has been premised on a big number of images, probably due to the
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scarcity of labelled data. In recent years, transfer learning deserves a particular ex-

amination. The technique of model training used by relying on a database having

sufficient labelled data (generic model), which is easily adapted to different databases

and particularly with extra labelled data is costly. Transfer learning coupled with

CNNs are extensively applied in medical image recognition, especially by relying

on CT images. Different methods using transfer learning have been proposed for

COVID-19 classification. One of the most frequently used models is the ImageNet,

which includes ResNet and GoogleNet. Actually, the ImageNet model is greatly ac-

cessible to put in place. On a general basis, most of the models incorporate hundreds

of convolutional layers. They include several variants of layers, which are designed

by the same concept. However, they contain distinct numbers of layers and filters.

Transfer learning performs well with similar domains. Nevertheless, if the initial and

the target issue are very different, negative transfer learning occurs [11]. The ma-

jority of researches on transfer learning do not pay attention to the need of how to

tune this need for tuning the pre-trained model to the problem in target. The present

work is mainly about coming up with an adaptability system to complement the pre-

trained model with a subnetwork, which enhances the network in order to fit and

support further types of images and classes. More precisely, this work is an attempt

to develop classification models leading to an efficient distinction between persons

carrying coronavirus from those who do not. Accordingly, the RegNet model is used

as a basic feature extractor with restrictively ground truth data during the training

process. Furthermore, this work is performed by using IoT data within an authentic

context. Its essential contributions can be portrayed as follows:

1) A novel IoT based DNN framework using soft-attention CNNs indicates diagnosis

of diseases, including COVID-19 contamination. The IoT processing model for the

collection and processing of medical data is presented and the physiological data col-

lected by IoT are aggregated using bootstrap technique to form usefully huge data.

2) A new REGATT model is proposed. It is based on pre-trained RegNet model fine-

tuned by attention and convolutional layers. This model is suitable to train different

image types.

3) The REGATT model is tested by means of four benchmark datasets. The aim of

this paper is to improve the automatic diagnostic technique of COVID-19 leading to

the speed test and the timely control of a huge number of patients. The obtained per-

formance results are essentially promising.

The remaining parts of the current paper are structured as it is presented below:

section 2 is simply about an overview of the related work while section 3 is basically

about the pursued methodology of building the proposed REGATT model. Both 4

and 5 present the main findings, accompanied with their comparison with the exist-

ing state-of-art solutions. Finally, the last section concludes the ongoing process of

the whole research.

2 Related works

Several DNN models have been developed for COVID-19 detection. In this

respect, the CNN is the most frequently used method for COVID-19 ECG
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and CT images classification in comparison with other DNN-based models

[12][13][14][15][16][17]. Concerning the classification of images, the proposed

model is proved to be useful for detecting normal, COVID-19 and pneumonia cases.

Different pre-trained CNN-based models (ResNet, Inception, DenseNet, Xception,

MobileNet and VGGNet), which are evaluated, are found to be of a high accuracy.

For instance, Ardakani et al. [18] consider the CT scan as a fast method to diag-

nose patients with COVID-19. The aim of this work is built on selecting the classical

approaches, which perform well with CT images. In the same veins, the compara-

tive process of this work is concerned with ten popular CNN architectures, notably,

AlexNet, GoogleNet, MobileNet-V2, VGG-16, VGG-19, SqueezeNet, ResNet-18,

ResNet-50, ResNet-101, and Xception. The best result is performed by ResNet-101.

Shaik et al.[12] introduce a CNN model based on an ensemble learning ap-

proach and transfer learning method. The authors select eight different pretrained

models( VGGNet-16, VGGNet-19, ResNet50, ResNet50V2, InceptionV3, Xception,

MobileNet, InceptionResNetV2) to classify CT scan images on COVID positive vs.

COVID negative.

With reference to Oğuz et al. work [13], the authors propose and evaluate a par-

ticular approach based on transfer learning by exploiting the ResNet-50. The model

is trained on CT scan images using a private dataset.The approach is workable by

achieving an accuracy, which is equal to 96.29%. The classification method intro-

duced by Sadik et al. [14] is known by the use of a modified U-Net and a modified

DenseNet-121. The method reaches 87.5% of accuracy. ResNet50 is commonly used

by researchers for feature extraction and classification of ECG and CT scan images

[12][13][15][16]. Metrics like accuracy, sensitivity, F1-score and specificity are es-

sentially used for evaluating the performance of the classifier. In addition, DenseNet

is widely used to classify the medical data and it has been introduced to fit ECG sig-

nals in [17]. This model proves to be efficient by achieving a percentage of 98.92%.

Table 1 illustrates a summary of DNN models for COVID-19 and ECG classification.

3 Methodology

The proposed methodology is made up of four main operations: (i) data collection

(ii) ground truth data collection (iii) feature extraction using a pre-trained model;

and finally (iv) fine-tuning of the selected pre-trained model using soft-attention

mechanism. As a first step, the software architecture of the overall IoT based DNN

framework is designed. Figure 2 demonstrates an overview of the proposed archi-

tecture, which consists of six layers. The perception layer or the producer layer is

composed of different types of sensors. Data production is an integral part of IoT.

Old data may be of less significance than current data for near-time. This strategy

leads to low resource utilization, using limited hardware resources. The informa-

tion is collected by brokers in the middleware layer transmitted through the transport

layer towards a processing system called processing layer. The major activity in the

processing layer is spent on preparing data for analysis, building, and training the

model.
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The layer includes incremental DNN models, which learn and update continu-

ously to illuminate dynamic predictions. Its results are saved in the storage layer.

The framework is equipped with batch data, termed ground truth data coming from a

trusted source for building a model based on expert annotation. It has the advantages

of low model over-fitting. In general, researchers use commonly collected clinical

data so as to develop their predictive models. The primary role of the presentation

layer is the visualisation of data by a physician and a patient. The physician is re-

sponsible for integrating recommendations into complex clinical decision making

and personalising care for the unique patient. The latter could be notified by the sys-

tem. In the coming subsections, the proposed method employed in data collection is

presented, in the feature extraction and in the fine-tuning of the selected pre-trained

model.

3.1 Data collection

In order to generate a huge amount of data from IoT, two existing methods are

reliable to collect information from sensors. The first method consists on produc-

ing information with high frequency. However, a high amount of newly produced

records results in a significant overhead of the network and sensors. A second

method is closely associated with compiling typically large amounts on new samples

from previous values. It is useful for handling optimal performance by avoiding

redundancy, reducing data transportation delay and saving bandwidth consumption

in a distributed monitoring system. Various architectures are suggested to facilitate

data aggregation. Yousefi et al. [19] present different data aggregation mechanisms.

The client-server based and the mobile agent-based are the main categories. There

are also three groups in client-server mechanism: centralized, cluster-based, and

tree-based methods. Madureira et al., [20] introduce a new strategy based on features

of the communication link and suggest the Internet of Things Protocol (IoTP). The

aggregation method integrated within the IoTP’s switches concerns two factors to

transmit the saved data: (i) reach a low level of data or (ii) enable a flag in an IoTP

packet. For further improvement of the efficiency of the network, in the prior work

[21], a publish/subscribe architecture based on the bootstrap technique for data ag-

gregation is proposed. The technique refers to a statistical inference technique based

on a succession of re-sampling provided by an original sample X = (X1;X2;..;Xn)

of size n. Figure 3 presents the bootstrap steps. In the current context, X rep-

resents the ECG signal and (X1;X2;..;Xn) are the ECG samples. A new sample

X∗=(X∗

1 ;X∗

2 ; ..;X∗

B) called bootstrap sample is drawn at random with a replacement

from the origin sample where b is the re-sampling number while the B is the size

of the sample. Based on the bootstrap sample X∗

b where b=1...B, the statistic Zb

is calculated. Subsequently, two pieces of information are extracted, which are the

bootstrap estimation Z∗ and the estimation error E where:

Z∗ =

B
∑

b=1

Zb

B
(1)
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Table 1: Summary of deep neural network methodologies using transfer learning for COVID-19 or ECG classification

Work Year Dataset Classes Method Performance

Ardakani et al. 2020 Private CT COVID-19 ResNet-101 Acc=99.51%

[18] scan dataset non-COVID Re=100%

Sp=99.02%

Shaik et al. 2022 SARS-CoV-2[22] Covid positive An ensemble learning approach based on Acc=98.99%

[12] COVID-CT[23] Covid negative VGGNet-16, VGGNet-19, ResNet50, Pr=98.98%

ResNet50V2, InceptionV3, Xception, Re=99%

MobileNet, and InceptionResNetV2 F1=98.99%

Oğuz et al. 2022 Private CT COVID-19 positive ResNet-50 and Acc=96.29%

[13] scan dataset COVID-19 negative SVM F1=95.86%

Sadik et al. 2022 Zenodo dataset[24] COVID-19 Modified U-Net and Acc=87.5%

[14] CC-CCII dataset[25] Non-COVID modified DenseNet-121 Re=97.5%

Sp=90%,F1=94%

Yang et al. 2021 SARS-CoV-2[22] COVID Modified ResNet50 Acc=96.3%

[15] Non-COVID F1=96.4%

Attallah 2022 ECG images COVID-19 An ensemble learning approach Acc=98.8%

[16] dataset of cardiac Normal ECG based on Pr=98.8%

and COVID-19[26] ResNet-50, DenseNet-201, Inception-V3 Re=98.8%

Xception, and Inception-ResNet F1=98.8%

Pal et al. 2021 MIT-BIH[27] 28 different DenseNet Acc=98.92%

[17] PTB[28] arrhythmia types Pr=98.62%

and a single normal Re=98.68%

class F1=98.65%

1Acc=Accuracy, Pr=Precision, Re=Recall, Sp=Specifity, F1=F1-score
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E =

√

√

√

√

B
∑

b=1

Zb − Z∗

B − 1
(2)

In this particular context of use, the median is employed to compute Zb. In fact,

measured samples are affected by noises usually in the measurement phase. The

noises are a result of the dynamic nature of the wireless network. Due to the out-

liers, the arithmetic mean as well as the variance of the samples seems to be biased.

However, the median is not influenced by the extreme values of the sampling.

3.2 Ground truth data collection

Different databases about COVID-19 are employed for training and testing the pro-

posed model. Recently, the ECG images dataset of cardiac and COVID-19 patients is

an available and open database [26]. The database is examined by the medical experts

employing a telehealth ECG diagnostic system, which incorporates 1937 different

individual ECG images. The number of classes is five, including COVID-19, normal,

myocardial infarction, previous history of myocardial infarction, and abnormal heart-

beat. Given the highly imbalanced dataset, a balanced subset is built. It contains only

ECG traces of the two classes (COVID-19 and normal cases) with the same number

as the binary classification is the main focus of this work.

In the other hand, CT scan plays a pivotal role in the diagnosis and management

of COVID-19 pneumonia. Imaging features in COVID-19 pneumonia display a broad

spectrum. There are no pathogenic imaging findings for COVID-19 pneumonia. The

association of typical or compatible CT signs and distribution is supportive for diag-

nosing COVID-19 pneumonia in a CT scan. The main classic signs described in the

CT scan are [29][30]:

• Ground glass opacity: the most common manifestation reported in COVID-19

pneumonia [31]. It is defined by the non-specific hazy opacification of the lung

with no obliteration of bronchial or vascular markings. It is secondary to the

partial filling of the lung alveoli with fluid, interstitial thickening, or partial col-

lapse of lung alveoli [32]. The distribution in COVID-19 pneumonia is most often

patchy, bilateral, peripheral, and subpleural. The unilateral or central forms are less

frequent.
• Consolidation: defined as an area of increased attenuation, which obscures the

bronchial and vascular markings. It is caused by filling the alveolar spaces with

fluid, exudates, transudate, blood, or neoplastic cells [33]. In COVID-19 pneu-

monia, consolidation is often patchy, subpleural, and peripheral. It is possibly

associated with air bronchogram.
• Reticulations: appear as lineal interlobular or intralobular density.
• Crazy paving sign: is represented by thickened interlobular septa superimposed on

ground-glass opacity. It is frequently described in COVID-19 pneumonia.
• Subpleural curvilinear line: appears as a thin linear shadow 1–3 mm in thickness,

parallel to and lying within 1 cm from the pleural surface.

Several publicly available CT datasets have been released. Testing the currently pro-

posed approach on such datasets helps to evaluate its performance, to prove the
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Table 2: Overview of datasets for COVID-19; the datasets include annotated images

Dataset Classes Number of images

ECG Images [26] COVID-19 250

Normal 250

SARS-CoV-2 CT-scan [34] COVID-19 1252

Normal 1230

Large COVID-19 CT-scan slice [35] COVID-19 7593

Normal 6893

The private CT dataset COVID-19 1017

COVID-19-CHU-Sfax Normal 723

reliability of REGATT model and to perform an automatic and an accurate COVID-

19 classification. Table 2 lists the used benchmark datasets, which contain medical

images concerning COVID-19, and normal cases. Figure 1 displays some samples of

these datasets.

The SARS-CoV-2 CT-scan dataset is a popular dataset of CT scan images

for COVID-19 cases. It includes 1252 CT scans infected by COVID-19. More-

over, SARS-CoV-2 CT-scan yields 1230 CT scans for non-infected patients by

SARS-CoV-2. Concerning the present experiment, SARS-CoV-2 CT-scan dataset is

conducted with version 2. The large COVID-19 CT scan slice dataset is a public

dataset. It includes 7593 CT images infected by COVID-19 and 6893 CT scans for

normal patients. Again, in relation to this experiment, the large COVID-19 CT scan

slice dataset is done with version 11. The datasets were downloaded on May 27th,

2022. However, the private dataset of this investigation consists of collecting and sub-

dividing CT scan images into two groups: the first group was of normal lung CT scan

images in healthy patients or patients consulting with extra-pulmonary problems. The

second group was COVID 19-patients who underwent CT scanner in two major in-

dications: either for the lesional assessment of the severity of the pulmonary injury

in patients who are tested positive for COVID-19 or the patients with clinical suspi-

cion of COVID-19. In this case, the patients were presented to the emergency with

respiratory symptoms (acute respiratory failure, dyspnea, polypnea, cough, fever,. . . )

and the CT scan was performed to support the diagnosis of COVID-19, when rapid

test or PCR were negative or unavailable. All the CT examinations were performed

in the imaging department of Hedi Chaker Hospital (Sfax-Tunisia) between January

and May 2022, using a 64-slice multi-detector CT scanner. A lung parenchymal win-

dow reconstruction with a hard filter (B50- B70) is essential for the interpretation

of CT images. 1017 CT images of COVID-19 pneumonia as well as 723 CT im-

ages of normal lung aspects are collected. All the other pathological lung disorders

such as pneumonia, emphysema, lung cancer, and diffuse interstitial lung disease are

excluded from the used dataset.
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(a) ECG images

COVID-19 ECG COVID-19 ECG Normal ECG Normal ECG

(b) SARS-CoV-2

COVID-19 CT scan COVID-19 CT scan Normal CT scan Normal CT scan

(c) Large COVID-19

COVID-19 CT scan COVID-19 CT scan Normal CT scan Normal CT scan

(d) COVID-19-CHU

COVID-19 CT scan COVID-19 CT scan Normal CT scan Normal CT scan

Figure 1: Samples of the different datasets

3.3 Pre-trained subnetwork

Effective learning with medical data holds a challenge to the selection of features and

learning methods. On the one hand, medical data exhibits complex patterns and rich

semantics, which are best reflected in feature spaces of a high dimension. On the other

hand, in order to apply learning methods to the medical field, it is essential to adjust

them to accurate and explainable prediction—even though labelled data is apparently

scarce. In this work, five different pre-trained models (RegNet, DenseNet, ResNet,

Inception, Xception) are evaluated as a feature extractor to detect ECG character-

istics using ECG images. Considered as results, the RegNet model is distinctively

very promising. The model is based on the concept of Neural Architecture Search
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(NAS). The NAS plays the role of boosting the process of finding neural network

architectures, which produces an excellent performance for a given dataset. The Reg-

Net model encapsulates an overcoming of drawbacks of ResNet networks. Xu et al.

[36] introduce a regulator module, which extracts the complementary features being

added to the resnet network. Accordingly, the generalization ability is improved. The

underlying module contained convolutional RNNs. However, the obtained accuracy

and the error rate cannot be applied to the medical field as it is very sensitive to fine

particularities. In medical diagnosis product, making a mistake as a consequence of

predicting the wrong class is significant i.e. finding a CT image is ”normal”, whereas

its exact class is ”malignant”. If it is applied hastily, it could not go without haz-

ardous consequences. In this project, the RegNet is used as a basic feature extractor.

The model is based on the concept of Neural Architecture Search (NAS). The NAS

is used to boost is the process of finding neural network architectures, which pro-

duces an excellent performance for a given dataset. The RegNet model is used as a

means to overcome some drawbacks of resnet networks. Recently, an approach has

been utilized by Xu et al. [36] in visual data, producing excellent results. Actually,

they introduce a regulator module extracting the complementary features, which are

added to the ResNet network. Hence, the generalization ability is improved. The un-

derlying module contains convolutional RNNs. With RegNet, the network structure

evolves to include hyper-parameters like the number of blocks (i.e. network depth),

block widths (i.e. number of channels), and other block parameters such as bottleneck

ratios or group widths.

3.4 Fine-tuning using attention modules

During the fine-tuning step, the RegNet feature map is passed to an attention subnet-

work based on the Convolutional Block Attention Module (CBAM). The concept of

CBAM is introduced by [37]. In psychology, the attention is the cognitive process

of selectively focusing on one or a more things while ignoring others on purpose.

Bahdanau et al. proposed the first attention model in 2015 [38]; the neural machine

translation is based on the encoder-decoder RNNs/LSTMs. The mechanism cap-

tures the most important input features and gives higher weights to them. It displays

an excellent performance in many state-of-the-art problems, including NLP where

the encoder-decoder framework is capable of detaining previous record. However,

the performance of the encoder-decoder network degrades rapidly as the length of

the input increases. The attention mechanism emerges as an improvement over the

encoder-decoder. More recently, this mechanism has been employed in computer vi-

sion and noise reduction [39]. New solutions of the design are added to the CNN

architecture so as to alleviate some of its drawbacks [40]. The proposed attention

subnetwork is based on convolutional, maxpooling, channel and spatial attention lay-

ers. The overall model architecture is shown in Figure 4. The channel layer, as all

other hidden layers, is located between the input and the output of the neural network

architecture. The function applies weights to inputs and subsequently, directs them

using an activation function to the output. In view of layer operations, the spatial in-

formation of the feature map is reduced by incorporating outputs of neuron clusters at

the prior layer to an individual neuron in the following one. Consequently, the scope
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of this layer is restricted to pooling, dense, reshape, addition, multiplication and sig-

moid functions. The feature map of the channel layer can be represented as equation

3. The x corresponds to the feature map of the previous layer and represents the in-

put. The x performs first two pooling operations. This is followed by a transformation

of the feature map using the activation function σ, and the resulting output is then

multiplied by x.

FC : RC×H×W

x

∈

RC
′

×H
′

×W
′

FC(x)

∈

where

FC(x) = σ(MLPAvgPool(x)

⊕

MLPMaxPool(x))
⊗

x (3)

⊗

is element-wise multiplication
⊕

is element-wise concatenation

The resultant feature map FC(x) is then fed to the spatial layer. This work’s archi-

tecture applies this layer to improve the feature representation of the local regions. If

we consider the resultant feature map given in Equation 3 is taken into account, the

resultant feature map of the spatial layer is calculated as follows:

FS : RC
′

×H
′

×W
′

FC

∈

RC
′′

×H
′′

×W
′′

FS(FC)

∈

where

FS(FC) = Conv2D(AvgPool(FC)
⊕

MaxPool(FC))
⊗

FC (4)

4 Experimental results

The proposed framework is designed to use both IoT data and ground truth data for

model training and validation. To get performance results of the conceptual architec-

ture of IoT based wearable devices, the applicability of the architecture in practical

applications from the perspective of signal correlation is evaluated. The ability of the

DNN model to classify medical images is also evaluated. Therefore, the performance

of the proposed REGATT model is investigated using classification metrics, the con-

fusion matrix, and an ablation study. After that, a comparative prediction result of the

proposed approach with other datasets is carried out.

4.1 Computing Platform

In this work, the pre-configured framework google colaboratory notebook is em-

ployed. The framework contains DNN models which include auto-encoders, CNN,

etc. It has multiple CPU and GPU support. The python and its data science library

are used to implement the algorithms in focus by means of the tensorflow library on

a tesla P100 GPU and 25 GB, which are provided by google co-laboratory notebook
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version 1.0.0. The database is split into training and test sets. The training set con-

tains 70% of randomly chosen images and the rest is divided into the test and the

validation set. Each set contains 50 % of the remained images.

4.2 Results

Signal correlation: the evaluation of the proposed IoT based DNN framework is

launched with the calculation of the Pearson correlation between two signals: the

original ECG signal and the generated one as it is presented in section 3.1 using

conversion of images into signals and the bootstrap technique. In particular, the ex-

periment is done to test the linear relationship between two the signals X and Y using

the equation Eq.5

ρ =
cov(X,Y )

σxσy

(5)

Where:

cov is the covariance

σx is the standard deviation of X

σy is the standard deviation of Y

The resulting value is 0.99. It displays a reasonable result [41].

Classification performance: in order to select the appropriate pre-trained model,

the results of ResNet101V2, DenseNet121, DenseNet201, RegNetX002, Xception,

and InceptionResNetV2 are compared on the ECG images dataset as recorded in

Table 4. In turn, the table includes a comparison with the proposed REGATT model.

As the ECG images dataset for COVID-19 is small and dissimilar to the ImageNet

database [42], a randomly initialized model with weights=None results in poor accu-

racy of 57.73% using the pre-trained models except RegNetX002. The accuracy of

RegNetX002 achieves 77.31 %. The currently proposed REGATT model consists of

adding a subnetwork based on channel and spatial attention layers to RegNetX002,

which are getting the best validation accuracy to improve performance. In particular,

the main interest is to identify the network hyper-parameters and learning methods,

which reach high accuracy values. Accordingly, they offer an accurate detection of

COVID-19 with low false-positive rates. To this end, the architecture described in the

last section is built. ADAM optimizer is used for all models in this work. The learn-

ing rate is fixed to 0.001. New trainable parameters, which are added by additional

layers, are minimal in comparison to the base model trainable parameters. Thus, the

idea is to freeze the base model and train the new layers only.

The classification performance of REGATT model on the COVID-19 ECG

dataset is examined. The performance is evaluated with classification metrics includ-

ing the precision, the recall, the F1-score, and the accuracy. The accuracy (Eq. 6)

represents a ratio of the number of correctly classified data by the total amount of

data. The sensitivity (Eq. 7) is the ability of the model to correctly detect COVID-19

positive subjects, whereas the precision (Eq. 8) represents a ratio of correctly posi-

tive predictions by positive predictions. The F1-score (Eq. 9) is the combination of

the sensitivity and the precision.
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Figure 2: The proposed internet of things based on deep neural network framework

Figure 3: Resampling steps of bootstrap [43]

Accuracy(%) =
TP + TN

TP + FP + FN + TN
× 100 (6)

Sensitivity(%) =
TP

TP + FN
× 100 (7)

Precision(%) =
TP

TP + FP
× 100 (8)

F1(%) =
2 ∗ Precision ∗Recall

Precision+Recall

=
2 ∗ TP

2 ∗ TP + FP + FN
× 100

(9)
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Figure 4: REGATT model

Figure 5: Confusion matrix

The results reported in the Table 4 exhibits that the model with more layers could

achieve better classification performance. As observed from this table above, the clas-

sification accuracy of REGATT model, which is trained on ECG database results in

98.96%.

The classification performance is assessed using a confusion matrix, which is

displayed in Figure 5. It helps to localise correctly and incorrectly predicted classes.

Ablation study: the efficiency of the two building blocks of the proposed RE-

GATT model is evaluated. Firstly, the performance of the baseline model RegNet is

measured. Secondly, the operation proceeds to assess the performance of the supple-

mentary attention subnetwork. Furthermore, the performance of the two models is

compared with the overall architecture. The precision, the recall, the F1-score, the

accuracy, the evaluation time and the number of parameters are listed in Table 5. As

listed in this table, the accuracy of REGATT model is greater than RegNet module

and the supplementary attention subnetwork. With regard to the evaluation time takes
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Table 3: Classification performance of the proposed method

Dataset Precision Recall F1-score Accuracy

ECG images [26] 100 97.61 98.79 98.96

SARS-CoV-2 CT-scan [34] 100 95.94 97.93 98.11

Large COVID-19 CT scan slice [35] 92.98 96.43 98.18 96.43

Our private dataset 96.66 98.30 97.47 98.22

COVID-19-CHU-Sfax

an average of one second to complete one global round of the test set. It can be ob-

served that REGATT model consumes the least time and its execution speed is the

fastest among all the architectures. Furthermore, the overall architecture achieves the

best accuracy. Performance using different datasets: in order to better evaluate RE-

GATT model, CT scan images are considered. It is necessary to train the proposed

model on a wider scale since it may also be applied for other medical applications.

The transfer-learning is becoming an interesting research area to handle medical dis-

ease diagnostics. Three other benchmark datasets are utilized: the private dataset

described in section 3.2 and two public datasets [34][35]. The performance metrics

on the test sets are given in detail in Table 3. The best overall performances are ob-

tained from the ECG images dataset of cardiac and covid-19 patients with 97.61%

sensitivity, 100% precision, 98.79% F1-score, and 98.96% accuracy.

5 Discussion

Several issues are making COVID-19 recognition using DNN models as a challeng-

ing task. The majority of available datasets are small. Unbalanced classes lead to slow

learning and cause overfitting issues. While DNN based models are appropriate for

exploiting the potential of data augmentation and the generative models, this work

is dedicated to fasten the learning process using pre-trained models and the attention

mechanism despite data scarcity. The experiments demonstrate the ability of the pro-

posed IoT based DNN framework to accurately detect COVID-19 images. However,

the way of how the current prototype REGATT competes with the with state-of-the-

art detection methods has not been investigated, yet. Thus, REGATT is compared

with recent models using the same databases. A brief description of the consid-

ered methods is given as follows: Rahman et al. [44] employed different pre-trained

models including ResNet18, ResNet50, ResNet101, DenseNet201, InceptionV3, and

MobileNetV2. For binary classification DenseNet201 outperformed the other models

with the accuracy rate of 99.1%. The model performance is dependent on the pre-

processing step where the authors used a gamma correction enhancement technique

to ECG traces. Besides, three augmentation techniques including scaling, translation

and rotation are employed to balance the training images. In our work, the experiment

using DenseNet201 with uncurated data results in the lowest performance among all

the proposed method variants. Hence, it is concluded that the pre-processing step in

Rahman et al., is essential to achieve excellent performance. Most of the tested pre-

trained models result in relatively poor performance with many methods to improve.
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Table 4: Comparison of the proposed method and the other pre-trained models using ECG images dataset of cardiac and covid-19 patients

Model Precision Recall F1-score Validation Training Trainable

accuracy accuracy parameters

ResNet101V2 [46] 33.32 57.73 73.20 57.73 98.96 42,532,994

DenseNet121 [47] 33.32 57.73 73.20 57.73 99.74 6,955,906

DenseNet201 [47] 33.32 57.73 73.20 57.73 99.74 18,096,770

RegNetX002 [48] 80.53 63.91 61.11 77.31 90.67 2,316,530

Xception [49] 33.32 57.73 73.20 57.73 99.74 20,811,050

InceptionResNetV2 [50] 33.32 57.73 73.20 57.73 100 54,279,266

The proposed 100 97.61 98.79 99.32 99.74 3,109,087

REGATT model

Table 5: Performance comparison of REGATT against ablation variations on ECG dataset for COVID-19

Block Precision (%) Recall (%) F1-score (%) Accuracy (%) Evaluation Trainable

time(s) parameters

RegNet without attention subnetwork 80.53 63.91 61.11 77.31 2 2,316,530

Attention subnetwork 33.32 57.73 57.73 57.73 1 783,440

The proposed REGATT model 100 97.61 98.79 98.96 0.21 3,109,087

RegNet with attention subnetwork
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The act of combining more different layers is a natural way to obtain a new model

with high accuracy for uncurated data. Emrah et al. [45] suggest a new CNN model

for COVID-19 recognition based on ECG data. The data are augmented using three

augmentation techniques: rotation, translation and scaling. The model shows a capa-

bility of distinguishing between COVID-19 and normal cases with an accuracy rate

of 98.57%.

Several research works have made attempts to develop DNN models for COVID-

19 recognition based on CT images. They employed different datasets and methods

for this task. Different state-of-the-art studies are reported in Table 6. For instance,

[51] suggest a CNN architecture to contribute in the classification of CT scans into

COVID-19 and Non-COVID-19 cases. The novel architecture is built from scratch

to overcome the small dataset issue. Results achieved by this work proved a final

accuracy of more than 98% on two image databases: SARS-CoV-2 CT-Scan [34] and

COVID-CT [23]. In general, the CNN models fit well for CT scan images along the

different works [52] [53] [54].

6 Conclusion

As a conclusion, exploiting IoT data aggregation as a main source of big data could

help reduce latency and network congestion and preserve the data quality. State-

of-art CNN models have proved to be successful in complex problem solving. In

particular, different pre-trained architectures have been explored and evaluated in the

literature. The application of these models to the COVID-19 context seems to be very

promising. Such models enable the medical professionals to interpret medical im-

ages, including ECG and CT scan and shorten the reporting time. As a consequence,

patients with COVID-19 are likely to be diagnosed and managed more quickly. In

this paper, a novel model has been proposed based on a pre-trained RegNet model

and fine-tuned by a soft-attention subnetwork. Comparative experimental results us-

ing four different benchmark databases have shown promising results. The proposed

model is very efficient in differentiating successfully between COVID-19 images

with accuracy ranging from 96.43% to 98.96%. In the future, the REGATT model

will be improved using new optimal strategies [55] and employed in other challeng-

ing detection problems, such as 3D image analysis [56]. This model will also be

exploited to detect different kinds of diseases (such as [57]) and predict their severity.
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Table 6: Comparison with previous works

Work Reference Year PPR Method Database Performance

COV-ECGNET 2022
√

DenseNet201 ECG images [26] Acc=99.1% ± 0.44

[44] Pr=99.11% ± 0.43,F1=99.09% ± 0.44

VGGNet 2022
√

CNN ECG images [26] Acc=98.57%± 1.14

inspired model [45] Pr=97.73% ± 1.91

Four convolutional 2021
√

CNN SARS-CoV-2 Acc=99.7%, Pr=99.8%

layers architecture CT-Scan [34] F1=99.7%

[51] COVID-CT [23] Acc=98.7%, Pr=98.6%, F1=98.7%

Modified & tuned 2021
√

ResNet50V2 Large COVID-19 Acc=99.99%, Pr=100%

ResNet50V2 [52] CT dataset [35] F1=100%

Hybrid (SpaSA 2022
√

MobileNet COVID-19 Lung CT[58] Acc=99.74%, Pr=99.74%

and CNN) [53] COVID 19 CT [59] F1=99.74%

Binary 2022
√

CNN COVIDx CT [60] Acc=99.64%, Pr=99.56%

CNN-classifier [54] F1=99.59%

The proposed 2022 RegNet ECG images [26] Acc=98.96%, Pr=100%

REGATT model F1=98.79%

SARS-CoV-2 Acc=98.11%, Pr=100%

CT-Scan [34] F1=97.93%

Large COVID-19 Acc=96.43%, Pr=92.98%

CT dataset [35] F1=98.18%

The private dataset Acc=98.22%, Pr=96.66%

COVID-19-CHU-Sfax F1=97.47%
2PPR=PrePRocessing, Acc=Accuracy, Pr=Precision, F1=F1-score
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[10] Beşler, M.S., Arslan, H.: Acute myocarditis associated with covid-19 infection.

The American Journal of Emergency Medicine 38 (2020). https://doi.org/10.1

016/j.ajem.2020.05.100

https://doi.org/https://covid19.who.int/
https://doi.org/https://covid19.who.int/
https://doi.org/10.1016/j.nmni.2022.100949
https://doi.org/https://www.researchgate.net/publication/351118293_SIIaRD
https://doi.org/https://www.researchgate.net/publication/351118293_SIIaRD
https://doi.org/10.1001/jamacardio.2020.1017
https://doi.org/10.1001/jamacardio.2020.1017
https://doi.org/10.1016/j.compbiomed.2022.105350
https://doi.org/10.1016/j.compbiomed.2022.105350
https://doi.org/10.1016/j.compbiomed.2021.105141
https://doi.org/10.1016/j.compbiomed.2021.105141
https://doi.org/10.1016/j.chaos.2020.109947
https://doi.org/10.1016/j.sysarc.2020.101830
https://doi.org/10.1016/j.sysarc.2020.101830
https://doi.org/10.1016/j.dsx.2020.05.008
https://doi.org/10.1016/j.ajem.2020.05.100
https://doi.org/10.1016/j.ajem.2020.05.100


21

[11] Otovic, E., Njirjak, M., Jozinovic, D., Mausa, G., Michelini, A., Stajduhar,

I.: Intra-domain and cross-domain transfer learning for time series data-how

transferable are the features? Knowledge-Based Systems 239 (2022). https:

//doi.org/10.1016/j.knosys.2021.107976

[12] Shaik, N.S., Cherukuri, T.K.: Transfer learning based novel ensemble classifier

for covid-19 detection from chest ct-scans. Computers in Biology and Medicine

141 (2022). https://doi.org/10.1016/j.compbiomed.2021.105127
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