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Abstract
The ongoing COVID-19 (novel coronavirus disease 2019) pandemic has triggered a
global emergency, resulting in significant casualties and a negative effect on socioeco-
nomic andhealthcare systems around theworld.Hence, automatic and fast screening of
COVID-19 infections has become an urgent need of this pandemic. Real-time reverse
transcription polymerase chain reaction (RT-PCR), a commonly used primary clini-
cal method, is expensive and time-consuming for skilled health professionals. With
the aid of various AI functionalities and advanced technologies, chest CT scans may
thus be a viable alternative for quick and automatic screening of COVID-19. At the
moment, significant advances in 5G cellular and internet of things (IoT) technology
are finding use in various applications in the healthcare sector. This study presents an
IoT-enabled deep learning-based stacking model to analyze chest CT scans for effec-
tive diagnosis of COVID-19 encounters. At first, patient data will be obtained using
IoT devices and sent to a cloud server during the data procurement stage. Then we use
different fine-tuned CNN sub-models, which are stacked together using ameta-learner
to detect COVID-19 infection from input CT scans. The proposed model is evaluated
using an open access dataset containing both COVID-19 infected and non-COVID CT
images. Evaluation results show the efficacy of the proposed stacked model contain-
ing fine-tuned CNNs and a meta-learner in detecting coronavirus infections using CT
scans.
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1 Introduction

In recent years, there has been rapid progress in the fields of information technol-
ogy (IT) and digital electronics, as well as an unprecedented rise in the growth of
5G internet of things (IoT) systems. These technologies can be used to diagnose
patients in a variety of ways. With the on-going COVID-19 pandemic, the world has
gone through a worldwide emergency causing significant casualties and impact on
healthcare and socio-economic structures globally. The virus originally believed to be
started in December 2019 in Wuhan, China, has rapidly spread all over the globe. As
of December 7, 2020, there are approximately 67 million infected cases and more than
1.5 million mortalities all over the world [7]. The overall infected cases are constantly
increasing due to the dearth of proper treatment and vaccines and the excessive rate of
public transmission. World Health Organization (WHO) has announced the outbreak
as a global pandemic on March 11, 2020 [39]. COVID-19 is triggered by SARS-CoV-
2 and is transmitted between individuals primarily through infection due to direct
contact. The major symptoms found in COVID-19 patients are highly variable and
commonly include fever, cough, shortness of breath, and so on. Individuals without
any symptoms can even spread the virus and can stay infectious for a longer period.

Accurate and timely identification of coronavirus infections is very crucial to place
infected patients in quarantine and prescribe proper line of treatment. This in turn
will facilitate timely restrain of the outbreak and ensure public health and wellbeing.
However, the panic for COVID-19 has risen manifold due to the lack of a quick and
precise diagnosis system. Consequently, curbing the transmission of the virus has
become very challenging.

Detection of COVID-19 is predominantly performed by real-time reverse-
transcription polymerase chain reaction (RT-PCR)whichworks based on the detection
of nucleic acid in lower and upper respiratory specimens. The test requires the speci-
men collection through an oropharyngeal or nasopharyngeal swab or a saliva sample
for the detection of viral RNA. However, the use of RT-PCR test is limited due to
several reasons. Firstly, it generates a high rate of false negative alarms and a patient
initially assessed COVID-19 negative later could be tested positive [8]. Hence, mul-
tiple tests may be needed to verify a case which can take a maximum of two days.
Secondly, the PCR test kits are short in supply as compared to the global demand
due to the overwhelming infection rate. As a result, many coronavirus patients remain
unidentified due to time-consuming and manual testing of PCR and are likely to infect
others inadvertently. In such cases, alternative testing methods based on AI (Artificial
Intelligence) techniques for automatic diagnosis of COVID-19 would be very useful
to the clinicians. This will also facilitate the screening of COVID-19 cases on large
scale.

Typical symptoms found in patients infected with coronavirus include attacks in
different types of lung cells and inflammatory reaction to them. This type of inflamma-
tory reaction can be effectively identified from radiology images such as chest X-Ray
(CXR) or chest computed tomography (CT). Earlier studies have demonstrated that
radiographic features present in infected chest CT images come as a form of ground-
glass opacities (GGO) [6]. These visual elements specific to the novel coronavirus
can be used by health practitioners to detect COVID-19 infection with the help of
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computer-aided diagnosis. There have been substantial works based on deep learn-
ing techniques that use radiology images of different modalities including chest CT
and CXR images in diagnosing diseases in the smart healthcare domain. Specifically,
several studies [18,25,30,31] in the literature have developed various deep learning-
based approaches to detect COVID-19 from the chest CT scan and CXR images
and subsequently observe disease progress in the future. While these studies demon-
strate promising results, they face several challenges. First, the diversity of COVID-19
radiographic features makes the deep learning models struggle in attaining superior
diagnosis accuracy that complies with the clinical standard [35]. Second, the lack of a
huge amount of training data typically required by deep learning models poses a seri-
ous challenge to models’ generalizability to unseen data. It is challenging to collect
a large amount of COVID-19 positive training data in this pandemic circumstance.
Besides, some studies require manual segmentation of lungs or lesion masks which
requires domain knowledge and is time-consuming. Hence, it is important to develop
models that are effective with limited training data and do not necessitate domain
knowledge in interpreting the diagnosis results.

Motivated by the challenges faced by the earlier studies, in this study, we propose an
IoT-enabled integrated stacking ensemble framework which assembles several deep
CNN (convolutional neural network) models to speed up the investigation of CT scans
in robust diagnosis of COVID-19 patients. At first, patient data will be obtained using
IoT devices and sent to a cloud server using 5G networks. In the stacking ensemble
approach, model averaging is adopted where multiple sub-models, preferably deep
and, are combined to obtain final prediction results. The ensemble model performance
can be enhanced by taking the weighted contribution of each sub-model to the stacking
model. This can be further improved by training a completely new model to combine
the predictions from various individual sub-models in the best possible manner. This
method is known as stacked generalization [43,46] which was originally introduced to
minimize the generalization error rate for one or more generalizers used on a learning
dataset. Thus, the stacked generalization of deep CNN models provides the benefit of
harnessing the strengths of a range of models on a prediction task and yields improved
classification results than any of the sub-models in the ensemble. Specifically, we
use three different fine-tuned CNN models called ResNet50V2, DenseNet121, and
Xception as sub-models which are stacked together using a meta-learner for ultimate
categorization of COVID-19 encounters from input CT images. Furthermore, we have
used chest CT images from a public dataset consisting of 2484 samples to train our
stacked ensemble model. Fig. 1 shows some positive and negative COVID-19 samples
from the dataset. In summary, this work makes the following contributions:

– We propose an IoT-enabled stacking ensemble framework of deep learningmodels
to facilitate the analysis of chest CT scans in an automatic diagnosis of COVID-19
patients

– We provide the process of leveraging transfer learning capabilities of fine-tuned
pre-trained deep CNN models in identifying COVID-19 encounters from non-
COVID cases.

– A comparative study is presented to investigate the effectiveness of the stacked
ensemble model and individual base CNN sub-models.
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Fig. 1 Samples of chest CT images with a coronavirus infection and b no apparent infection

– We present extensive experimental analysis to demonstrate the performance of the
studied models. The proposed stacked model achieves an accuracy of 96.58% in
classifying COVID-19 and non-COVIDCT images with a high degree of precision
(99.16%), specificity (99.16%), and AUC score (96.6%).

– We also show the flexibility of the proposed stacking ensemble model which can
simply be integrated with other off the shelf deep learning models to obtain further
improvement in diagnosis performance.

In the rest of the paper, we first present recent studies related to our work. Then,
we present methodology and dataset description with implementation details in Sects.
3 and 4, respectively. Performance results with discussion are presented in Sect. 5.
Lastly, we provide conclusions and future work in Sect. 6.

2 Related studies

In the recent past, deep learning techniques have beenwidely used in image processing
and computer vision applications [24,48]. Specifically, there have been substantial
research efforts introducing Internet of Things (IoT) and deep learning techniques for
healthcare applications [2,12,14,22,27,32]. The researchers have achieved promising
results in diagnosing lung abnormalities from radiology images using latest deep
learning approaches. To tackle the challenge of the on-going COVID-19 pandemic,
researchers have shown intensive interest in developing deep learning-based systems
for automatic diagnosis ofCOVID-19using radiology imaging.To this end, this section
reviews recently proposed systems that have leveraged deep learning-based methods
to detect COVID-19 infections from clinical images such as chest CT scans and CXR.

The fact that CT imaging can aid in the rapid diagnosis of COVID-19 infections is
corroborated by several earlier studies [4,17]. Research results from some other studies
show evidence that the diagnosis of COVID-19 is effective even for asymptomatic
patients [33]. This is achieved by detecting several clinical radiographic features such
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as loculated pleural effusion, ground-glass opacities, and consolidation noticed in chest
CT scans ofCOVID-19patients [15].Chen et al. [5] presentedoneof the earliest studies
that construct a deep learning-based AI system to detect COVID-19 pneumonia from
high-resolution CT images. The model is built using UNet++ [49] which is a very
effective architecture for medical image segmentation. The authors used ResNet-50
with all pre-trained (on ImageNet dataset) weights as the backbone of UNet++. Model
training and validation were performed using over 46,000 CT images collected from
106 admitted patients. Evaluation results with two different test datasets show the
effectiveness of the model with a maximum per-patient accuracy of 95.24% and a
reduction of radiologists’ reading time by 65%.

A deep learning-based study presented in [47] offers early screening of COVID-19
from healthy and influenza-A viral pneumonia (IAVP) using pulmonary CT scans. The
proposed approach started with pre-processing the CT images to extract pulmonary
regions and then used a 3D CNN segmentation model to segment multiple candidate
infection regions. A location-attention classification algorithm was used to classify
these image patches into IAVP, COVID-19, and irrelevant to infection groups. The
model finally used the Noisy-OR Bayesian function to calculate the type of infec-
tion and confidence score for each image. Model training and evaluation were done
using 618 CT images from all three categories mentioned above. The images were
obtained from three COVID-19 hospitals in China. Evaluation results demonstrated
the effectiveness of the model for early screening of COVID-19 with a modest rate
of accuracy (86.7%). In another effort, Mishra et al. [23] proposed a deep learning
system to detect COVID-19 in CT images using various off-the-shelf CNN models.
They have also proposed a decision fusion approach where predictions from multiple
models are combined to find the final prediction result. However, the performance
results demonstrate only mediocre detection accuracy (86%) and AUC score (0.883).

Hasan et al. [9] introduced a hybrid system for the classification of COVID-19
patients from CT scans using a combination of automatic and handcrafted features
extracted from deep learning models and Q-deformed entropy algorithm, respectively.
The curated features are then fed to a long short-term memory (LSTM) classifier to
discriminate COVID-19 cases from other pneumonia and healthy cases. The proposed
model achieved the highest accuracy of 99.68% using CT images collected from a
dataset consisting of 321 patients. In a more recent effort, Harmon et al. [8] proposed
an AI-based approach to detect COVID-19 pneumonia using multinational chest CT
datasets. The authors have developed a number of deep learning methods and trained
them using CT images collected from a multinational cohort of 1280 patients. A
lung segmentation model was developed using AH-Net architecture [20] to localize
complete lung areas which are then fed to multiple classification models that perform
3D classification using multiple slices at fixed resolution and using one whole volume
with fixed size as well. Evaluation results using an independent test dataset of 1337
patients showed that the model can achieve maximum accuracy of 90.8%. Some other
works [5,19] have also developed COVID-19 diagnostic tools using 2D and 3D CNNs
based on CT scans. Moreover, some researchers adopted segmentation techniques for
the rapid identification of COVID-19 using CT scans [28].

A few other studies have also utilized chest X-Ray for the detection of COVID-19
utilizing deep learning approaches. In one of the earliest open-source efforts, Wang
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et al. [45] introduced an AI-based framework called COVID-Net to detect COVID-19
cases from CXR images. The authors also released a publicly available benchmark
dataset called COVIDx consisting of 13,975 CXR images from 13,870 patients. They
have provided evaluation results both from quantitative and qualitative perspectives.
An explainability method was used to show how the model is making decisions for
likelyCOVID-19 infections.However, the drawbackof the study is that the dataset used
for model training and testing exhibits class imbalance with only a few (approximately
100) COVID-19 images. A coronavirus detection framework based on meta-learning
known as MetaCOVID is introduced in [20] for COVID-19 detection using n-shot
classification. The authors have introduced a collaborative method to extract CNN
based features with contrastive loss and then used a Siamese neural network for final
prediction. Evaluation results demonstrated the effectiveness of the approach with a
limited training dataset.

In another recent effort, Horry et al. [11] suggested a COVID-19 detection frame-
work using multimodal image data with transfer learning. The authors have used
images of three different modalities such as Ultrasound, CXR, and CT scans. A pre-
processing pipeline for image data was developed to apply histogram equalization
to images to reduce the effect of sampling bias by using N-CLAHE method. Test
results demonstrated that the framework can achieve high detection accuracy using
VGG-19 transfer learning model. Islam et al. [16] suggested a deep learning-based
approach by combining the power of long short-term memory (LSTM) with CNN
to detect coronavirus infection using chest X-Ray images. In the study, the authors
have used a dataset consisting of 4575 CXR images including 1525 COVID-19 pos-
itive images. Findings from the model evaluation showed that the suggested hybrid
architecture outperforms a CNN model with high accuracy (99.4%) and specificity
(99.2%). Hossain et al. [13] proposed an explainable AI-based secured framework
to control the ongoing pandemic. The framework leverages the low-latency and high
bandwidth features of 5G network for the identification of infected cases from CXR
and CT images. Three transfer learning models that are known as ResNet50, Deep
Tree, and InceptionV3 were used to assess the efficacy of the proposed framework.
Similarly, some other works [4,17] have developed COVID-19 diagnostic tools using
different deep learning techniques and CXR images. Some other studies [3,40] also
compared the prediction performance of using both CT scans and CXR images in
COVID-19 diagnosis.

Besides, a few research efforts [37,45] have contributed by developing models with
interpretability results for wider acceptability of the models among front line clinical
professionals. Yet, some research efforts [18,21,26,29] introduced the privacy-aware
energy-efficient framework for data collection, data fusion, visualization, and secure
communication in COVID-19 application environments.

Current studies in the literature primarily use off-the-shelf or custom CNN models
for the diagnosis of COVID-19 patients from chest CT scans and CXR images. On
the contrary, we propose in this study an IoT-enabled deep learning stacked ensem-
ble model combining several fine-tuned CNN models to minimize the generalization
error rate for one or more generalizers used on a learning dataset. Hence, the pro-
posed stacked generalization of deep CNNmodels offers the benefit of combining the
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strengths of a range of models to produce better performance results than any of the
sub-models in the ensemble for effective COVID-19 screening.

3 Methodology

The section begins with a formal problem definition for the classification task at hand
with IoT-enabled stacked ensemble architecture. Subsequently, we explain different
elements of our proposed stacking model with their core technology to precisely
comprehend the complete detection process.

3.1 Problem definition

Stacked generalization refers to the method of using a high-level model also called
meta-learner to combine multiple lower-level models for improved final prediction.
Specifically, the stacked ensemble of multiple CNNmodels permits us to combine the
capability of each model (e.g., wide and deep) that has been trained for a particular
task such as classification. Typically, different models learn for the classification task
at hand and the outputs of these models are first collected to form a new dataset that
contains the prediction probabilities of each model for every instance of data in the
original training set. This new dataset is considered as the data for a second learning
problem which is solved by using a second learning model called meta-learner. Thus,
the original data and themodels used in the first step are referred to as “level-0 data” and
“level-0 models” (or sub-models), respectively. Likewise, the cross-validated data and
the learningmodel in the second step are called “level-1 data” and “level-1 generalizer”
(or meta-learner). Finally, we are going to have one stacked multi-headed system
which is intended to function dependably for the categorization of unseen CT scans.
An example of our stacked generalization problem for CT scan-based COVID-19
classification is given in Fig. 2.

Provided a CT scan dataset, C = {(xn, yn), n = 1, , N }, where xn and yn represent
the n-th input image and its target class, respectively. Dataset is split into K equal
parts C1, C2, , CK. Moreover, let C (k)test and C (k)train be test and training set for
the k-th fold of K-fold cross-validation where C (k)train = C - C (k)test . Additionally,
we presume L overall deep learning sub-models (level-0 models) where l-th model
denoted by Ml , for l = 1, , L is invoked on the training dataset. Considering every
single image, xn , in C, let pli (xn) is the probability for i-th class label generated by
model Ml and the vector of probabilities generated by this sub-model can be denoted
as below where t refers to the total number of class labels:

Pln = [pl1 (xn) , pl2 (xn) , . . . , plt (xn)] , 1 ≤ i ≤ t (1)

Now, given the vector of probabilities generated by each sub-model for a data instance,
xn , we combine them for all L sub-models with the actual class label as below:

Ccv = [yn, P1n, P2n, . . . , Pln, . . . , PLn] (2)
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Fig. 2 Example of stacked generalization problem

Ultimate outcomes of classification are attained from Ccv by using the level-1 meta
learner, Mmeta :

p f inal = Mmeta (Ccv) (3)

3.2 Proposed IoT-enabled stacking CNNmodel

We propose an IoT-enabled deep learning framework (as shown in Fig. 3) for the diag-
nosis of COVID-19 from chest CT scans. It includes several components, including
chest CT image capturing from mobile CT scanners, cloud deployment of a stacked
ensemble model, large-scale chest CT scan collection for online model training, and
results from inference. In the current study,we particularly focus on the stacked ensem-
ble CNN model that is an integral part of our proposed IoT framework. Figure 4
shows the block diagram of our proposed ensemble model for an automatic diagnosis
of COVID-19 cases. Initially, prediction probabilities are generated from validation
fold CT images using three different fine-tuned CNN sub-models called ResNet50V2
[10], DenseNet121 [41], and Xception [38] which are stacked together at level-0.
Later, we combine the predictions generated from these networks and feed them to
a meta-learner at level-1 for the final classification of COVID-19 cases. Finally, we
investigate how good are the feature representations that are obtained from these net-
works using the t-SNE visualization technique. A thorough explanation of the system
is provided in the next subsections.
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Fig. 3 Proposed IoT-cloud framework for an automatic diagnosis of COVID-19 from chest CT scans

Fig. 4 Blocked diagram of proposed integrated stacked CNN model (Please zoom out for superior view)

3.2.1 CNN sub-model architectures and fine-tuning

In the proposed stacking ensemble system, we have utilized the above stated off-
the-shelf CNN models and fine-tuned them for the generation of level-0 prediction
probabilities from an input validation fold CT images. We use ResNet CNN as our
first sub-model in the stacked architecture. It is observed that conventional sequential
deep learning models face vanishing gradient problems where accuracy gets saturated
at some point and decreases unexpectedly with an additional increase in depth. ResNet
model deals with this issue by bypassing through less essential layers with the assis-
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tance of residual units during model training using a regular SGD optimizer. In our
ensemble network, we have used ResNet50V2 consisting of 50 weight layers with a
substantial drop in model size as well as the FLOP count. Our second model is Xcep-
tion which is an extreme version of its pioneer called Inception [42]. The idea is to deal
with each output channel separately by using amapping of spatial correlations. Further
inter-channel correlation is captured by performing 1×1 convolutions. Finally, we use
the DenseNet121 CNN model which is densely connected and requires fewer param-
eters as compared to a traditional CNN. Unlike ResNets, DenseNets have extremely
constricted layers and use simply twelve filters along with a very few feature-maps.
DenseNet121 can find gradient values directly from the loss function which improves
the time required for training. This significantly reduces computation cost and makes
this a superior option.

As part of fine-tuning, we delete the classifier part of the transfer learning (CNN)
models and include our custom prediction layer which consists of a global average
pooling layer (GAP) followed by dual fully connected (FC) layers consisting of 256
neurons and a single neuron, respectively. As opposed to a flattening layer, a GAP
layer can better address the overfitting problem by lowering the volume of parameters
used in the model. In global average pooling, a feature map with dimension h × w is
converted to a single value by computing the mean of all the pixel values in the feature
map and thus obtains 1× 1× d tensor from a 3-D tensor with dimension h × w × d.

Furthermore, we avoid re-training the CNN models completely by partially fine-
tuning and updating the weights of the pre-trained layers. In connection with this,
hyperparameter tuning is done by appropriately choosing the learning rate and opti-
mizer to reduce binary cross-entropy loss. We decide to re-train one-third of the
upper-level convolutional layers since they learn features that are mostly related to
the target classification task while layers in the lower level in the networks are gener-
ally believed to learn common features. Thus, we obtain fine-tuned CNN sub-models
to be used in the stacked ensemble which requires less training time yet shows better
performance.

As commonly used, we have leveraged Adam optimizer with mini-batch to train
the entire stacked model. In summary, our stacked model works as a single deep
learning model which is multi-headed to accept identical input images from training
data. Intermediate prediction probability vectors generated from the first level CNN
sub-models are combined and fed through a meta-learner (in the second level) for final
classification of the input images. The complete training, validation, and testing of the
stacked model are done using a cross-validation technique. Algorithm 1 summarizes
the complete integrated stacked mechanism.

Algorithm 1: Integrated stacked ensemble network for categorization of chest CT
scans

Input: Training data C = xi , yi 1≤i≤N , Test data Choldout , CNN sub-
models
Output: Results from a stacking ensemble model after classification
for k = 1 to k-fold do
Split C into Ck

train , C k
valid for k-th fold

Produce prediction probability vectors from CNN sub-models ( L):
for l = 1 to L do
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Make predictions P(l ) based on Ck
train , Ck

valid

end for
P(s )= Concatenation([ P(1), P(2), …, P (L ) ]
Build a new dataset, Ccv comprising the probability scores and class
labels:
for i = 1 to N do
Ccv= {Pi

(s), yi }
end for
Learn a meta-classifier, Mmeta

(k) based on the newly built dataset, Ccv

Validate Mmeta
(k) with Ck

valid

end for
Perform classification using hold-out test data:
output = classify (Mmeta , Choldout )
return output

3.2.2 Feature representation

To support qualitative analysis, we investigate how well the features are distributed in
the feature space to understand the class separability. Since convolutional layers pro-
duce high dimensional output, we need to adopt a dimensionality reduction technique
to visualize them in 2D space. To achieve this, we use t-SNE (t-Distributed Stochastic
Neighbor Embedding) [44] which is a popular technique for exploring and reducing
high dimensional data. t-SNE does this by calculating affinities between data points
and preserving these affinities in the reduced low-dimensional space.

Let X be a matrix consisting of all the samples in the dataset, and Y be a target
matrix containing the low-dimensional representation. The similarity between two
data points in the original high dimensional space can be expressed as a conditional
probability:

Pj |i = exp

(−||xi − x j ||2
2σ 2

)
, normali zed s.t .∀i

∑
k

pk|i (4)

The affinity metric can be obtained by using a symmetric variant of Equation (4)
where the affinity of U to V and V to U are the same:

Pi j = Pi | j + Pj |i , normali zed s.t .
∑
i

∑
j

Pi j = 1 (5)

Similarly, affinities in low-dimensional space are calculated considering a student-t
distribution for d dimensions as follows:

Qi j =
(
1 + ||yi − y j ||2

d − 1

)− d
2

, normali zed s.t .
∑
i

∑
i

Qi j (6)
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Table 1 Distribution of samples in the dataset from both categories of CT scans

Class No. of samples
training (60%) Validation (20%) Testing (20%) Total (100%)

COVID-19 752 250 250 1252

Non-COVID 738 246 246 1230

Given the affinities for every pair of data points both in high and low dimensional
spaces, the goal is to keep them closer as much as possible. A loss function is used to
estimate the distances between the similarities. T-SNE uses Kullback-Leibler diver-
gence as a loss function since the similarities are defined using probabilities:

K L(P||Q =
∑
i

∑
j

Pi j log
Pi j
Qi j

(7)

4 Dataset description and implementation details

In this section, we begin with the description of the dataset used in the study followed
by the implementation details of our proposed stacking ensemble network. There are
research efforts in the literature [3] that suggest that CT scans show better prediction
performance than CXR images in diagnosing COVID-19 [47]. Hence, we decided to
use CT images instead of using CXR or other types of image data. We use a publicly
available SARS-CoV-2 CT scan dataset which includes 1252 CT images collected
from coronavirus infected patients and 1230 CT scans from individuals that are not
infected by the coronavirus. The data is obtained from a hospital in the city of Sao
Paulo, Brazil. Overall, the dataset contains 2482 CT images of patients from both
categories such as COVID-19 and non-COVID. A 5-fold cross-validation method
is used to validate the stacked ensemble model as well as individual sub-models.
Hence, we obtain five equal parts of the dataset in the image level that are used in
the cross-validation process. The distribution of samples in the dataset for training
(60%), validation (20%), and test (20%) is shown in Table 1. Training and validation
datasets are used for cross-validation during model training while the performances
of the studied models are evaluated using the test set.

4.1 Pre-processing

Given that the sampleswere gathered at various timeswith differentmedical setups, the
quality of the images differs significantly.Nonetheless,we avert performing substantial
pre-processing of the input CT images to obtain enhanced model generalizability.
Consequently, this causes our ensemble network to be even more powerful to artifacts
as well as impurities contained in the images while computing salient features from the
images. Hence, we have just utilized several basic pre-processing jobs such as resizing,
normalization, and augmentation of images to improve model training. The dataset
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Table 2 Model configuration
and augmentation features

Parameters Values

Total Epochs 50

Size of batch 32

Optimizer Adam

Loss function Binary crossentropy

Learning rate (initial) 0.001

Range of rotation 15

Shear range 10%

Zoom range 10%

Width and height shifting 10%

Flip (horizontal) Yes

Fill mode Nearest

Re-scaling 1/255

contains images with various dimensions ranging from 365 × 465 to 1125 × 859
pixels. Therefore, all the images in the complete dataset are re-scaled to a unique
dimension of 64×64. Furthermore, we carry out image normalization which refers to
the process of changing the range of pixel values and can acceleratemodel convergence
by removing attribute biases as well as achieving a dataset with uniform distribution.
Min-max scaling method is used to rescale the pixel values to the range of [0, 1].
Lastly, we use image augmentation to deal with the problem of the limited size of
the dataset as well as to improve performance while ensuring that the model does not
overfit. Table 2 provides a list of features that are used for image augmentation during
model training.

4.2 Implementation details

We have used TensorFlow to implement the stacked ensemble model and the pre-
trained CNN sub-models. In particular, the functional API from Keras which offers
more flexibility in building complex models with multiple inputs or outputs is used to
create the ensemble network. Additionally, we use a NumPy utility function to store
the input CT images in a compressed file. We take the benefit of free GPU offered
by Google Colab for model training and performance evaluation. All the necessary
packages are pre-installed and come with Jupyter notebook environment.

After compiling the sub-models into a multi-headed single deep model using Keras
functional API, a dense layer with ReLU activation function and with 256 neurons is
added to the stackedmodel. Lastly, prediction results are generated using a dense layer
and sigmoid activation function at the end of the model. We apply the commonly used
loss function also known as binary cross-entropy for model learning which facilitates
faster model convergence. Furthermore, we have used Adam optimizer for model
training and validation. Adam is an adaptive learning rate optimization algorithm
particularly designed for training deep neural network models. It can be considered as
a combination of RMSProp and SGD (Stochastic Gradient Descent) with momentum
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where it leverages the squared gradients to scale the learning rate as done in RMSprop
and exploits the benefit of momentum by utilizing the moving average of the gradient.
This gives Adam optimizer a performance boost over other learning schedules. We set
the initial learning of 0.001 for Adam optimizer. The subsequent decay is calculated by
dividing the initial learning rate by the total number of epochs to update the learning rate
during the training process. During the model training, the performance is monitored
and the model with the best performance is saved based on some validation metrics.
To achieve this, we use a Keras callback known as ModelCheckpoint.

For model evaluation, we include accuracy, sensitivity, specificity, precision, F1-
score, and AUC score in our performance metric. Accuracy refers to the proportion
of instances where the prediction labels and the ground truth labels are the same.
Sensitivity or recall explains how good the model is at detecting positive cases from
all the true positive instances in the dataset. On the contrary, specificity explains how
good the model is at detecting negative cases from all the true negative instances in
the dataset. For instance, the proportion of the healthy population which are accu-
rately classified as showing COVID-19 negative. Precision explains how many of the
positively identified cases are relevant. F1-score is calculated as a harmonic mean of
both precision and sensitivity. Lastly, AUC (Area Under Curve) explains how good
the model is at separating the true positive and negative cases.

5 Evaluation results and discussion

Experimental results obtained from the evaluation of the proposed stacked ensemble
model and all the CNN sub-models are presented in this section. First, a quantitative
evaluation is performed by comparing all the studied sub-models with the ensemble
model. Then, we perform a qualitative evaluation representing extracted features to
investigate how good are the features that are generated by various sub-models used
in the stacked architecture.

5.1 Quantitative results

We perform a set of experiments for the performance evaluation of our stacked
ensemble model as well as to compare its performance with other studied pre-trained
sub-models. Table 3 provides the overall performances of all models using the test
dataset. Besides, performance results for each class obtained from all the studied
models using the same metrics are also presented in Table 4. The proposed ensemble
technique constantly attains the best performance as compared to the sub-models in
terms of accuracy, precision, specificity, and area under the curve (AUC). The stacked
ensemble network attains accuracy and specificity of 96.58 and 99.16%, respectively.
These two performance measurement

criteria are very important to assess the effectiveness of any diagnostic method in
medical settings. The advantage of combining prediction probabilities from different
fine-tuned CNN sub-models in the stacked ensemble framework is evident from this
result. The high value of specificity (99.16%) obtained from the model evaluation
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Table 3 Performance results obtained fromResNet50V2,Xception,DenseNet121, and theproposed stacked
model using the test dataset

Model Acc. Prec. Rec. Spec. F1-score AUC

ResNet50V2 95.87 94.98 98.01 94.72 96.47 96.40

Xception 94.97 92.80 97.61 92.28 95.15 94.90

DenseNet121 93.96 91.39 97.21 90.65 94.21 91.90

Stacked model 96.58 99.16 94.02 99.16 96.52 96.60

Table 4 Class-wise performance results for all the studied models using the test dataset

Model Class Accuracy Precision Recall F1-score

ResNet50V2 COVID-19 98.00 93.0 98.0 96.0

Non-COVID 93.69 98.0 93.0 95.0

Xception COVID-19 97.60 93.0 98.0 95.0

Non-COVID 92.27 97.0 92.0 95.0

DenseNet121 COVID-19 97.21 91.0 97.0 94.0

Non-COVID 90.65 97.0 91.0 94.0

Stacked model COVID-19 94.02 99.0 94.0 97.0

Non-COVID 99.18 94.0 99.0 97.0

implies the strength of our model at avoiding false alarms. In addition, the high pre-
cision (99.16%) of our ensemble model signifies that the positive COVID-19 cases
are classified with high relevance. Nevertheless, amongst the individual sub-models
ResNet50V2 outperforms other models in terms of all evaluation metrics on the hold-
out test dataset. Surprisingly, ResNet50V2 demonstrates superior sensitivity (98.01%)
as compared to the proposed ensemble model (94.02%).

We also observe the impact of the stacked ensemble model over individual CNN
sub-models using class-specific results as shown in Table 4. It is noticed that the sub-
models exhibit comparatively poor performance in categorizing non-COVID samples
though demonstrate average performance in classifying COVID-19 positive samples.
More specifically, the sub-models achieve better recall and accuracy scores in diag-
nosing infected cases. As expected, the proposed stacked model makes use of the
advantage of a mix of several fine-tuned CNN sub-models by maintaining the power
ofResNet50V2 tomake up for the limitations ofXception andDenseNet121 in enhanc-
ing the classification results. These results are supposedly significant considering that
precisely categorizing CT images for both the subject groups (COVID-19 and non-
COVID) are truly crucial for a reliable diagnostic tool.

As per the learning curves, the studied models demonstrate a moderate learning
process throughout the training duration by sustaining a consistent decline in both
training and validation losses. Furthermore, training and validation in the integrated
stacked model as shown in Figs. 5 and 6 appear to converge much better than the CNN
sub-models considering the identical length of epochs. Despite the fact that our dataset
consists of minimal instances, the learning curves tend to demonstrate that the models
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Fig. 5 Training and validation losses for all the models

are not vulnerable to overfitting. This is largely achieved due to the generalizability
of the stacked model, data augmentation, and the usage of dropout technique as a
regularization employed to the stacked model.

To obtain a greater perception of the effectiveness of the studiedmodels, we provide
the receiver operating characteristic (ROC) curve and confusion matrix for all the
models in Fig. 7 and Table 5, respectively. The ability of a model for separating the
true positive and negative cases is manifested by a ROC curve where the true positive
rate (TPR) is plotted against the false positive rate (FPR). Our stacked ensemble model
outperforms other sub-models and achieves a mean AUC (area under the curve) value
(as shown in Table 3) of 0.966 for both target labels. The individual CNN sub-models
exhibit similar classification performance for both COVID and non-COVID classes
having somewhat lower AUC scores than the stacked model. It is noticed that the
ensemble model produces incredibly few false positive (FP) infected cases as opposed
to the individual CNN sub-models. The reduced FP count implies that the number
of incorrectly identified infected encounters is less and it improves precision and
specificity rates. It is crucial to reduce the FP to avoid unnecessary monetary burdens
on healthcare providers. However, the reduced count of FP is obtainedwith the expense
of a relatively increased number of FN which causes a slight decrease in sensitivity
obtained by the ensemble model as shown in Table 3. All the sub-models generate
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Fig. 6 Training and validation accuracies for all the models

Fig. 7 ROC curves for the stacked model and various CNN sub-models

relatively fewer FN cases but with increased FP counts. In practice, keeping the count
of FN cases low is important since incorrectly identifying a COVID-19 patient as
healthy will severely hinder proper treatment for the patient. The proposed integrated
stacked model makes a trade-off between the number of FP and FN cases and thus
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Table 5 Confusion matrix for
various evaluated models with
the test dataset

Model TP FP TN FN

ResNet50V2 246 15 231 5

Xception 245 19 227 6

DenseNet121 244 23 223 7

Stacked model 236 2 244 15

offers a fair diagnosis performance. From the overall evaluation results, we conclude
that the proposed stacked ensemble model emerges as the best performing among all
the studied models.

5.2 Feature representation for CNN sub-models

For a better understanding of the class separability of individual CNN sub-models,
we also investigate how well the features generated by these models are distributed.
A dimensionality reduction technique is necessary to visualize the high dimensional
output produced from convolutional layers. As stated earlier, we utilize t-SNE (t-
Distributed Stochastic Neighbor Embedding) [16] which is a nonlinear method for
dimensionality reduction to prepare high-dimensional data to visualize them in a low
dimensional space. As opposed to PCA (Principal Component Analysis), t-SNE is a
nonlinear technique that models similar features using nearby points and dissimilar
features using distant points with high probability.

Figure 8 illustrates the representation of features extracted from test CT images by
various CNN sub-models in level-0 using t-SNE. It is noticed that ResNet50V2 shows
superior feature representation in comparison with other sub-models by displaying a
strong separation between image features belonging to different classes. It is interesting
to note that, the Xception model occupies a comparatively dense space for feature
representation. However, all the sub-models show an area of overlap between COVID-
19 and non-COVID target classes.

In summary, a performance comparison between the proposed integrated stacked
model and individual fine-tuned CNN sub-models is presented in this study. It is
necessary to point out that the CT scan dataset used in this work is very minimal since
the process of collecting a large number of open access CT images during this ongoing
pandemic is still in its initial phases.

Provided the volumeofwork accomplished until now for the automated screening of
coronavirus cases utilizing deep learning systems, the contribution of AI in supporting
frontline health practitioners for effective and rapid diagnosis of COVID-19 can easily
be realized. This research serves as one step towards a clearer comprehension of
the characteristics of ongoing pandemic and offers a sophisticated deep learning-
based solution for effective and rapid identification of COVID-19 cases. Nevertheless,
we can positively advocate that our proposed stacked ensemble network is in no
way a substitute for a human health practitioner but instead we anticipate that our
experimental results provide a useful contribution towards an increasing acceptance
of AI-based diagnostic tools in medical settings. Although we cannot merely depend

123



IoT-enabled stacked ensemble of deep neural networks for 905

Fig. 8 Representation of features utilizing t-SNE in 2D space considering both predicted classes using CNN
sub-models. a ResNet50V2, b Xception, c DenseNet121

on the diagnosis results found from CT scans to recommend the treatment plan for
a patient, initial testing can support clinicians to isolate positive cases till a thorough
checkup is completed.

6 Conclusion

In this study, we propose an IoT-enabled end-to-end integrated stacked deep learning
method to precisely detect COVID-19 encounters using CT images. Initially, patient
data are obtained using IoT devices and sent to a cloud server using 5G networks.
Specifically, we develop a stacked ensemble model that exploits the benefit of a com-
bination of multiple deep CNNmodels to speed up the assessment of chest CT images
in automated screening of COVID-19 patients. We use three different fine-tuned CNN
models called ResNet50V2, DenseNet121, and Xception as sub-models which are
stacked together using a meta-learner for final categorization of COVID-19 encoun-
ters from input CT images. Our proposed stackedmodel attains an accuracy of 96.58%
for the categorization of COVID-19 and non-COVID CT images with a high value
of specificity. Besides, the stacked model exhibits a superior AUC (0.966) value in
contrast with all other studied CNN sub-models suggesting its strong ability to dis-
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tinguish between the COVID-19 positive and negative cases. In the future, we plan to
use a curated dataset of CT images containing more than two classes to better gen-
eralize the model’s ability to diagnose potential COVID-19 cases. Furthermore, we
intend to obtain better prediction results by utilizing the segmented lung area through
state-of-the-art segmentation networks.
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