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Lung infections, including pneumonia and tuberculosis, are major health concerns worldwide, and, hence,
the diagnosis and detection of these diseases are vital components for management and treatment. Lung
infection may cause the diseases related to this particular organ, including fever, tumor, tuberculosis, and
cancer. The present work presents an internet of medical things framework for detection of lung infection
from chest computer tomography (CT) images, aiming to provide timely and accessible healthcare
solutions. Internet of things devices capture chest CT images from patients and securely upload it to a
cloud-hosted pre-trained ensemble convolutional neural network (CNN) model to detect the presence of
lung infections. The employed model has been trained with a dataset that contains 2,482 images of COVID
and non-COVID type, collected for post-COVID cases. This work focuses on utilizing an ensemble-based
deep CNN architecture, for lung infection detection. Results are verified on a web application interface,
allowing healthcare professionals to visualize and interpret the findings. The proposed model has an
accuracy of approximately 98.99% and achieves improved performance than several recent models.

Categories: Image Processing and Analysis, IoT Applications, Machine Learning (ML)
Keywords: lung infection, lung ct, machine learning, cnn, iomt, ensemble models

Introduction

Human life is heavily reliant on the lungs, which facilitate intake of oxygen and extraction of carbon
dioxide from the body. Different types of lung diseases affect the working of organs and tissues associated
with breathing, resulting in infections in airways and lung tissues, thereby limiting air circulation in the
lungs. Types of lung diseases include mild discomforting ones such as common cold and influenza,
whereas more severe and life-threatening ones include pneumonia, tuberculosis, and lung cancer

[1]. These later types of infections, if not properly treated, result in a higher mortality rate. A
comprehensive survey done by the World Health Organization in 2007 indicates that 10.4 million people
suffered from mild or severe symptoms of tuberculosis, with 1.6 million of them dying [2].

In many cases, chest X-ray and computed tomography (CT) images have proven effective in detecting
various types of lung infections. The use of chest X-ray and chest CT images was particularly effective
during the recent COVID-19 pandemic [3].

The early detection of such lung infections can be attributed towards improved patient care and reduced
treatment durations. Traditional methods of diagnosing lung infections, such as visual inspection of CT
images by radiologists, can be often time-consuming and subjective [4,5]. This necessitates automated
systems for accurate detection and classification of lung infections in CT images, resulting in timely
intervention and quick treatment planning. “The Internet of Medical Things (IoMT)” is a platform of
technology that utilizes the power of the world wide web to gather, analyze, and share immense volumes
of data [6], which can be swiftly transformed into valuable information and knowledge in real-time
scenarios. The advent of the IoMT has enabled seamless real-time connections between people and
devices, leading to the creation of valuable services and benefits for millions worldwide and has become a
cutting-edge convergence technology, effortlessly integrating various technologies from diverse domains
into a unified system [7,8].

The absence of properly labeled data, small fluctuations, and strong structural similarity of structures
among the background and infection make building an autonomous diagnosis system challenging for a
lung cancer detection system. The timely identification and examination of illnesses have become crucial
in managing the transmission of COVID-19 in recent years. Deep learning (DL) techniques, namely
utilizing CT images, have been suggested to aid and simplify this analysis in the early phases of the
disease and have been profoundly used by researchers currently [5].
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For the purpose of identifying minute aberrations and investigating COVID-19 infections, a novel two-
phase deep diagnostic technique has been proposed. The first stage is a convolutional neural network
(CNN) architecture known as SB-STM-BRNet, and the second stage is known as COVID-CB-RESeg
segmentation CNN. The first stage combines a novel channel called squeezed and boosted (SB) with the
split-transform-merge (STM) block based on dilated convolutions [9-11]. Boundary operations and multi-
path region smoothing are employed by the STM blocks of the new system, aiding in the identification of
global patterns unique to COVID-19 and minute contrast changes. Furthermore, for successful
identification and estimation of COVID-19 infectious zones, multiple boosted channels are built within
the STM blocks using SB and transfer learning approaches. In the second step, virus-affected lung images
are processed by the revolutionary COVID-CB-RESeg segmentation CNN.

A work to identify infected lung regions to validate COVID-19 patients using CT images has used a
squeeze-and-excitation networks (SE Nets) along with IoMT architecture to assist with radiological tasks
[12-16]. This SE block along with deep residual networks has been used to generate Seresnets based on
LinkNet and U-Net. This approach integrates a P-shot N-ways Siamese network based on DL in addition to
CNN classifiers for COVID identification using lung CT scan slices. Pre-trained subnetworks were used to
extract weight-sharing feature vectors, and the benchmark MosMed dataset was used to measure the
performance of the work.

While a substantial amount of research has gone into classifying COVID-19 using different types of
medical images, such as CT scans, X-rays, and ultrasounds, none of them can effectively handle all of the
different image formats in a unified manner to accurately determine whether or not a person is infected
with COVID-19 [17,18].

A DL model that uses k-means clustering for segmentation before feeding it to a Visual Geometry Group-
19 (VGG-16) model for classification of COVID-19 patients using lung CT scan images has been proposed
[19]. The clustering step improves the efficiency of classification. A 3-layer CNN model was added after
the VGG-16 model for both raw and segmented data, and the overall model was found to have improved
performance.

A user interface was designed specifically for the purpose of collecting data in an interactive manner for
COVID-19 [20]. This interface collects vital medical information, like pulse oxygen levels and RT-PCR test
findings. The Al system utilized in this study was specifically designed for the categorization of several
chest and lungs relate diseases, like COVID-19, pneumonia, or other viral illnesses. Along with this, the
extent of lung infection was also obtained to provide suitable treatment to patients. In this study mostly
chest X-ray images were utilized for purpose of delivering prompt and precise diagnostics. DL systems
have shown remarkable proficiency in accurately diagnosing and categorizing lung illnesses.

An approach for the automatic identification of lung nodule images utilizing VGG-SegNet has been
proposed and implemented for mining and identifying lung nodules using pre-trained DL models [21].
This method integrates generated features such as the Grey Level Co-Occurrence Matrix, Local Binary
Pattern, and Pyramid Histogram of Oriented Gradients, resulting in improved precision in disease
identification in pulmonary nodules.

The Internet of Things (IoT) has undergone a lot of advancements for applications in healthcare systems
for successful processing and evaluation of patient data. The processing of data generated by IoT medical
devices is accomplished via a cloud-based platform, rather than depending on large amounts of storage
and computational resources. One of the studies introduces a framework that utilizes DL and IoT
connection to automatically identify problematic spots in lung imaging [22]. A CNN model has been
developed for extraction of all features from radiological lung image dataset consisting of a collection of
various stages of infections. The trained CNN model has displayed excellent performance in classification
of healthy and sick lung tissue. The integration of IoT has enabled the capture of data in real-time and
thus has allowed seamless connectivity between the diagnostic system and the treatment environment.
This study facilitates the comparison of accuracy outcomes among the Resnet model, VGG19 model,
VGG16 model, and long short-term memory. Continuous monitoring of patient health is facilitated by
employing IoT, which ensures prompt intervention and individualized treatment programs.

A work on related to pulmonary infections by using multi-modal medical images has been proposed for
identification, diagnosis, and classification of different types of lung infections using DL models [23]. This
study also included a thorough account of the application of these strategies in the treatment of lung
nodules, tuberculosis, pneumonia, lung cancer, COVID-19, and interstitial lung disease. This work has
examined the utilization of various ML/DL algorithms and transfer learning, envisioning future obstacles
and potential prospects in the early detection of various lung infections for investigation, identification,
and classification in the context of medical image analysis [24].

A method for identifying and segmenting chronic obstructive pulmonary disease has been developed
using pretrained DL models with Parzen's probability density [25]. This study has introduced a model
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employed with IoMT-based application programming interface for the purpose of classifying lung images
and utilizes the mask region-based CNN network to segment the lungs, creating a map of the pulmonary
region. Furthermore, fine-tuning was introduced for accurate identification of the boundaries of the lungs
on the CT image.

The use of IoT technology in e-healthcare, including remote healthcare for in-hospital patients, has
improved the affordability and accessibility of healthcare services [26]. This technique has potential,
especially in developing nations where there is a scarcity of healthcare services relative to the demands of
the people. Contemporary medical imaging methods have greatly enhanced the precision of illness
diagnosis. These technologies have significant advantages in enhancing homecare, particularly for
patients with chronic illnesses and the elderly. This results in decreased healthcare expenses and relieves
the burden on hospital systems and healthcare personnel. IoT devices in healthcare environments provide
huge quantities of data. A work has been introduced that employed the VGG16 model to extract features
and devised the SDD300 model for classification. ResNet50 model has been utilized for feature

extraction and support vector machine for classification. In addition, they utilized ResNet-101 with five
cross-validations [27-29].

A study using the nCOVnet method to detect individuals with COVID-19 is based on transfer learning for
identification of the disease utilizing chest X-ray images [28]. In a separate investigation, both image
classification and image segmentation methods were utilized to identify lung infections. Edge detection
and segmentation algorithms were applied in image processing for detection, identification, and
classification purposes. Prior to training, a comprehensive investigation of various edge detection
techniques for identifying colloidal crystals was conducted. The study also introduced morphological
segmentation as a tool for detecting tumors in brain MR images, which demonstrated the lowest mean
square error compared to other segmentation methods investigated. DL models, specifically SqueezeNet
and GoogleNet, were used for infection identification, with GoogleNet achieving superior accuracy.

CNN models are employed for the classification of complex images, such as breast histopathology images,
gene data-generated images, and chest X-ray images [28-32]. A 16-layer CNN model was proposed by
Hammad et al. [31] for COVID-19 detection using chest X-ray images. CNNs have shown remarkable
performance in handling and analyzing large datasets, particularly when combined with Wavelet
Transforms and Metaheuristic Algorithms. Furthermore, the mobility of lung infection patients can be
monitored via the Internet of Things (IoT) using sensor-based systems. According to a survey, CNN
models demonstrate performance in medical image processing that is comparable to that of human
experts in several domains. Several studies have also employed DL models to detect lung infections
[33,34].

The IoMT has been utilized in various applications related to bioanalysis with the use of software
programs and networked biomedical devices that support many critical healthcare tasks. [oMT refers to
the collection and transmission of medical data via a network of interconnected devices, allowing for
remote monitoring and analysis. It is believed that IoMT will enable early detection of potential health
concerns to individuals and enable proper intervention. Since it enables real-time analysis and continuous
data collection, IoMT is a suitable platform for earlier diagnosis of the illness especially for patients
staying in remote and rural locations. Additionally, [oMT can help with the management of massive
amounts of data from multiple sources, like patient monitors and imaging devices, which is necessary for
precise diagnosis. The accuracy and efficacy of DL models in lung cancer prediction have improved with
the integration of DL techniques with IoMT devices, a development that has shown encouraging results.
Consequently, IoMT is not only significant but also a revolutionary approach to healthcare, especially for
oncology.

The suggested framework involves capturing images through IoT devices, analyzing them on a cloud-
based infrastructure, and enabling user interaction through a web-based interface. These devices, such as
CT scanners, capture lung CT images and transmit them securely to the cloud server where a machine
learning model has been deployed to process them, identifying regions indicative of lung infections. These
findings are then accessible to users through a web-based interface, allowing healthcare professionals to
remotely review and interpret them. A DL model, like CNN, undergoes training to classify lung CT images
into infected and non-infected categories. The training utilizes a labeled dataset of CT images annotated
to indicate the presence of lung infections. The pre-trained models can employ transfer learning
techniques to address the specific task of detecting lung infections, thereby mitigating the requirement
for extensive annotated datasets.

An IoT module, presented along with the imaging device, allows for real-time information exchange,
diagnosis, and data retrieval while avoiding data loss issues. The key points of this work are:

1) An IoT-based architecture with an e-Health web application has been developed for classification of
lung CT images that is both low-cost and scalable.

2) The VGG19 model has been chosen for classification and trained for lung CT image classification via
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transfer learning. This model is proposed and hosted on a cloud-based server for online access.

Materials And Methods

In recent literature, many ML models have been utilized for effective analysis and identification of cancer-
affected regions in lung images using different types of medical images, such as CT scans and X-ray
images. Such systems many a times help the radiologists to address the concern immediately and
effectively by means of reduction in interpretation errors, resulting in improvement of diagnostic
accuracy. DL algorithms like the CNN have been successfully used in the extraction of features from
various medical images connected with and detection of benign and malignant cancer nodules based on
the patterns and characteristics in the images.

ML algorithms can develop more comprehensive models for detection of lung cancer with enhanced
diagnostic accuracy and improved risk assessment by integrating data from various sources, which include
imaging data, clinical data, and genetic information, which help in the capture of more meaningful
information about the disease.

The architecture for infected lungs classification is shown in Figure 1.

8 IOT Module Web App §
] .
0= >

= K—

W.W.W
TR — CNN Model

t

Cloud based
Web Application
} Normal )
.
\_ CT Image J

Client Interface (Remote Location)

FIGURE 1: Proposed scalable and low-cost architecture for smart
healthcare

loT, Internet of Things; CNN, Convolutional Neural Network

There are two functional units, and they are described as follows.

A. User End

In the client side, the CT scan of the patient is performed by a technician, and then these images are
uploaded to the web-based interface by using the IoT module. The IoT module contains a Raspberry Pi 4.

The CT images are generated by a CT scan machine, and then processed by a python script running in a
Raspberry Pi and is then uploaded to a secure web server with a 256-bit encrypted connection.
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FIGURE 2: Architecture of the loMT system

1oMT, Internet of Medical Things

Raspberry Pi4

The web application running in the web server present in the cloud is responsible for classification of the
images as normal or abnormal. This classification information is transmitted back to the client side where
the result gets displayed in the web-based interface in the Raspberry Pi. The system architecture utilized
in this work has been presented in Figure 2.

B. Web Architecture
A web application is developed and hosted in the cloud, which performs the classification and detection of

lung cancer from the uploaded CT image. This cloud-based application performs necessary preprocessing
and then applies the same to a CNN model. Figure 3 represents the algorithm of the proposed framework

Algorithm 1: Proposed Framework

Open the Web application using the IOT Module.

Enter a CT scan image.

IOT module sends the image to the cloud.

Image preprocessing is performed.

Classification is performed by using the VGG19 model.

Result of the classification sent back to the client machine for displaying.

N Th B D R s

FIGURE 3: Algorithm for the proposed framework

Dataset description

This work utilizes a publicly available chest CT dataset containing 2,482 images (1,252 COVID and 1,230
non-COVID images). These images have been obtained from patients in Sao Paulo, Brazil [35]. The
COVID-positive images comprise irregular ground glass opacities (GGOs) that might blend with the dense
and consolidative lesions under the pleura and along the bronchovascular networks. These lesions get
increased in number and size for higher levels of infections. Additionally, other than the GGOs patterns
such as interstitial widening, crazy-paving pattern, halo and reversed halo patterns, airway and vascular
variations are also found in CT for COVID-19 cases. The dataset is an almost balanced one; hence, there is
no need for balancing the same. The images have been resized to 224 x 224 pixels in accordance with the
CNN model employed here, which has been trained for images of the same dimensions. The training and
test image sets have been obtained by dividing the original dataset with 80-20% ratio.

2025 Das et al. Cureus J Comput Sci 2 : es44389-024-00757-8. DOI https://doi.org/10.7759/s44389-024-00757-8 50f17


https://assets.cureusjournals.com/artifacts/upload/figure/file/2603/lightbox_93768d407d5f11ef8fcd6de7e375f035-Fig.2.png
javascript:void(0)
javascript:void(0)
https://assets.cureusjournals.com/artifacts/upload/figure/file/2605/lightbox_0a9d7b407d6011ef865c7dea33546668-ALG1.png
javascript:void(0)

Cureus Journal of Computer Science

Some of the CT scan images of both classes have been shown in Figure 4.
“ . - ‘-
A (S
(b)

FIGURE 4: Sample images of infected lungs of each category: (a) COVID
class and (b) non-COVID class

Data augmentation

The problem of data deficiency has been addressed in the work by using a data augmentation method
where new image-label pairs have been generated using the existing images. The augmentation is
performed by implementing random transformation like translation and rotation of the images, random
crop, and random flip operations. The process of data augmentation has been explained in Figure 5 and
Algorithm 2 shown in Figure 6 where the batch size of 40 images has been maintained.

FIGURE 5: Augmented images with batch size = 40
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Algorithm 2: Data Augmentation

Input: CT Image Dataset

Initialization: Load the Data Transformer model
Training:
train_transform=transformsCompose(transforms)

f
1

transforms.RandomRotation=value;

transforms.RandomHorizontalFlip=probability value;

transforms.Resize=imgSize

transforms.CenterCrop=cropSize

transforms. ToTensor=a NumPy array or PIL image

transforms.Normalize=( [meanOfChannell,meanOfChannel2,meanOfChannel3],
[stdOfChannell, stdOfChannel2, stdOfChannel3]);
Return transforms;
D

train data=images. train transform;

Output: Augmented dataset

FIGURE 6: The data augmentation algorithm

Different CNN models used in this study

In this study, five widely used CNN models, namely, VGG19, VGG16, ResNet50, InceptionV3, and Xception,
were employed for the detection of COVID-19-infected cases from chest CT scan images.

The VGG19 is a deep CNN with 19 layers is a DL model with simple and uniform architecture since it uses
small 3 x 3 filters across the network. The VGG16 model is similar to VGG19 but has only 16 layers. Both
these models are widely used for image classification applications and are appreciated for their
straightforward and consistent design.

The ResNet50 is a 50-layer deep residual network developed by researchers at Microsoft that employs skip
connections, or residual connections, which in turn results the gradients to flow without any
complications during training, resulting in training very deep networks without encountering the
vanishing gradient problem.

The InceptionV3 was introduced in 2015. It employs a combination of convolutions of different sizes
within the same module to capture various features at different scales. InceptionV3 is known for its
efficiency and high performance specifically in image classification applications, making it a popular
alternative in such tasks.

Xception model was introduced in 2016 and stands for “Extreme Inception” since is an extension of the
Inception architecture, where the standard Inception modules are replaced with depth wise separable
convolutions. This change leads to better performance and efficiency, resulting in the Xception model to

be well suited for various image recognition tasks.

Table I provides a general comparison of all the models undertaken in this study.
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Parameter

Input Size

No. of Layers

No. of Parameters

Year

VGG19 VGG16 ResNet50 InceptionV3 Xception
224 x 224 224 x 224 224 x 224 224 x 224 299 x 299
19 16 50 42 71
143.67M 135M 24M 23.8M 22.9M
2014 2014 2015 2015 2017

TABLE 1: Comparison of different CNN models used in this study

CNN, Convolutional Neural Network

Hyperparameter
Optimizer

Learning rate

Loss function
Dropout probability
Batch size

Number of epochs

Methodology for transfer learning

The five pre-trained base models are fine-tuned by using the transfer learning method. The base models
are created with the same weights used for the TmageNet' dataset. The last stages of the base models are
modified as per Figure 7. Then, further transfer learning trains the weights of the last few layers only as
the first layers are mostly associated with feature extraction, while the later layers are responsible for the
classification action. During the model training process, a dropout rate of 0.3 has been chosen to avoid
over-fitting cases. Additionally, the "Categorical Cross Entropy Loss" function has been used as the loss
function and the model is trained with the "Adam" optimizer. The training is conducted for 65 epochs with
a batch size of 40.

Image size 224x224x3

Pre-
Trained
Base
Model

Global Average Pooling
Batch Normalization
Batch Normalization

Non COVID

FIGURE 7: Proposed modification of the base architecture

The hyperparameters of the all the base models have been chosen as per Table 2.

Value

Adam

0.001

Categorical cross-entropy
0.3

40

65

TABLE 2: Hyperparameter tuning of the proposed model

Proposed deep ensemble model for COVID-19 detection from chest CT
images

The ensemble model combines different models into a single predictive model for effective classification
applications. In this work, a deep ensemble model containing five state-of-the-art deep CNN networks has
been utilized. They are VGG19, VGG16, ResNet50, InceptionV3, and Xception models. These networks
were pretrained on the ImageNet dataset, and their weight were retrained on the chest CT dataset. The
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corresponding diagram has been presented in Figure 8.

The ensemble model employs a majority voting classifier which takes a number of classifier models to
predict the correct label of data based on which option will receive maximum number of votes. Algorithm
3 presented in Figure 9 presents the working of the proposed algorithm.

Majority Vote Classifier

i Ensemble Model

Input Output

£ —* V6619 *ic Covid

—» VGG16 —»N

|—» ResNet50 —»C C

Non-Covid
-__._. - b

“— Xception —»N

FIGURE 8: Workflow of the proposed deep ensemble CNN model for
detecting COVID-19 using chest CT scan images

CNN, Convolutional Neural Network

Algorithm 3 The Proposed Deep Ensemble CNN Algorithm
Input: Chest-X-ray images
Output: The trained model that classifies the Chest CT images

Steps
1. Import a set of pre-trained models
E = {VGGI19, VGG16, Resnet50, InceptionV3, Xception}.
2. For each model in E
3. Replace the last fully connected layer of each model by the structure
shown in Figure 6.
4. for epochs = 1 to 20
5. model.fit (train_data, validation data)
6. Return Class (COVID/non-COVID)

FIGURE 9: The proposed deep ensemble CNN algorithm

CNN, Convolutional Neural Network

Results

This work utilizes a publicly available chest CT dataset containing 2,482 images (1,252 COVID and 1,230
non-COVID images). These images have been obtained from patients in Sao Paulo, Brazil [35].

The training and validation accuracy plots for each of the base models with respect to the epochs are
presented in Figures 10-14.
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FIGURE 10: Performance of VGG19 model: (a) accuracy curve and (b)
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FIGURE 11: Performance of VGG16 model: (a) accuracy curve and (b)
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FIGURE 12: Performance of ResNet50 model: (a) accuracy curve and (b)
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FIGURE 13: Performance of Inception V3 model: (a) accuracy curve and

(b) loss curve
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FIGURE 14: Performance of Xception model: (a) accuracy curve and (b)
loss curve

The proposed ensemble model’s performance is assessed by measuring variables such as Sensitivity,
Specificity, Precision, Accuracy, F1-Score, and Mathew’s Correlation Coefficient (MCC). Eq. (1) through Eq.
(6) provide the mathematical relation of the performance parameters.

Aceuracy = Trpy T ((;]\2 8 gﬁ; +(FN) o
Speci ficity = % @)

Recall = % 3)

Precision = % @

F_s 9 % Precision x Recall
— Score = -
Precision + Recall ®

(TP) x (I'N) — (FP) x (FN))
VTN) + (EN)TP) + (FP))(TN) + (FP)((TP) + (FN))

MCC =

6)
where, true positives = TP, false positives = FP, true negatives = TN, and false negatives = FN.

The sensitivity is a measure of the model's capability of identifying positive cases. Specificity of true
negative rate indicates how well the model identifies negative cases. The recall value is an indicator of
how well a classifier is able to find the relevant cases in the dataset. The precision of a model has an
inverse relationship with the false positive rate. The accuracy of a model is an indicator of overall
correctness of the model, although it might not provide meaningful insights for highly imbalanced
datasets. Similarly, a high F1-score indicates that the model has high values of both precision and recall.
MCC produces values in [-1, +1], where +1 indicates perfect prediction, 0 indicates similar results to
random prediction, and -1 represents total disagreement between prediction and observation.

The training of the proposed model is carried out with Kaggle platform with NVIDIA P100 GPU. The
confusion matrix of the classification for the five base models and the proposed ensemble model is
presented in Tables 3-8.
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Predicted Label

COoVID Non-COVID
True Label CcovID 262 5
Non-COVID 14 216
TABLE 3: Confusion matrix for VGG19 Model
Predicted Label
COoVID Non-COVID
True Label COoVID 254 13
Non-COVID 4 226
TABLE 4: Confusion matrix for VGG16 Model
Predicted Label
COoVID Non-COVID
True Label COVID 258 9
Non-COVID 6 224
TABLE 5: Confusion matrix for ResNet50 Model
Predicted Label
COVID Non-COVID
True Label COVID 256 11
Non-COVID 5 225
TABLE 6: Confusion matrix for InceptionV3 Model
Predicted Label
COVID Non-COVID
True Label COVID 257 10
Non-COVID 7 223

TABLE 7: Confusion matrix for Xception Model
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True Label

COVID

Predicted Label

Non-COVID

COoVID

254

Non-COVID

2

227

TABLE 8: Confusion matrix for the proposed deep ensemble CNN model

Measure VGG19
Sensitivity 0.9493
Specificity 0.9774
Precision 0.9813
Accuracy 0.9618
F1 Score 0.9650
MCC 0.9235

TABLE 9: Performance comparison of the deep ensemble CNN model with the base models

Table 9 shows the performance parameters such as Sensitivity, Specificity, Precision, Accuracy, F1-Score,

and MCC for the base models and the proposed deep ensemble CNN model.

VGG16

0.9845

0.9456

0.9513

0.9568

0.9676

0.9320

ResNet50

0.9773

0.9614

0.9663

0.9698

0.9718

0.9394

InceptionV3

0.9808

0.9534

0.9588

0.9678

0.9697

0.9356

MCC, Matthews Correlation Coefficient; CNN, Convolutional Neural Network

Xception
0.9735
0.9571
0.9625
0.9568
0.9680

0.9313

Deep Ensemble CNN

0.9887

0.9913

0.9924

0.9899

0.9905

0.9797

Authors

Ismael and Sengur [14]
Panwar et al. [15]
Alshmrani et al. [17]
Yang et al. [21]

Jain et al. [29]

Saiz and Barandiaran [32]
Minaee et al. [33]

Proposed Model

From the confusion matrices presented in Tables 3-8 and Table 9, it can be observed that the proposed
deep ensemble CNN model has a Sensitivity value of 0.9887, Specificity of 0.9913, Precision of 0.9924,
Accuracy of 0.9899, F1-Score of 0.9905, and MCC of 0.9797. The accuracy of the VGG19, VGG16, ResNet50,
InceptionV3, and Xception models is found to be 0.9618, 0.9568, 09698, 0.9678, and 0.9568, respectively.

Table 10 provides a comprehensive comparison of the deep ensemble CNN model with similar works for
detection of chest infections. It can be seen that the proposed method achieves an accuracy score of

98.99%.

Image Type
X-Ray
X-Ray
X-Ray
Chest CT
X-Ray
X-Ray
X-Ray

Lungs CT

Classification Model

ResNet50

nCOVnet

VGG19+CNN

DenseNet

ResNet-101

SDD300

ResNet18

Deep Ensemble CNN

Accuracy (%)
94.70
88.00
96.48
84.70
94.04
94.92
89.00

98.99

TABLE 10: Comparison of performance of the proposed model with similar works

CNN, Convolutional Neural Network
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Figures 15 and 16 represent the images of the infected lung and non-infected lung obtained by uploading
them via the web application running in the Raspberry Pi.

Result
COVID
0.9753

FIGURE 15: Predicted COVID image through web application

Result
non-COVID
0.9386

FIGURE 16: Predicted non-COVID image through web application

Discussion

The performance of the proposed deep ensemble CNN model was compared with the results of all the base
models used in the study, i.e., VGG19, VGG16, ResNet50, InceptionV3, and Xception models. The results
have been presented in Table 9. It has been observed that the proposed model achieves higher
performance scores in the values of Sensitivity, Specificity, Precision, Accuracy, F1-Score, and MCC than
all the base models. This observation can be attributed to the fact that the ensemble models combine the
strengths of individual base models, resulting in an increase in the robustness and accuracy of the
prediction process.

The performance of the proposed deep ensemble CNN method has also been compared with several earlier
published works as shown in Table 10. The accuracy of the proposed model is found to be 98.99%, whereas
other models considered in this study show accuracies between 88% and 96.48%. Thus, the proposed
method has been observed to outperform all the other models. This can be credited to the fact that the rest
of the models are standalone models like VGG19, ResNet50, nCOVnet etc., where as the proposed model is
an ensemble model.

It can be observed that the proposed deep ensemble CNN model has better performance than the base
models utilized for the ensemble, and hence it is a suitable candidate for implementation in the [oMT
framework.

It can be observed that the majority of the works cited in Table /0 have been proposed for classification
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and detection of lung diseases only while the proposed framework integrates IoT and cloud-based web
application for effective classification and remote access.

The improved performance of the proposed work can be attributed to the deep ensemble CNN model. This
framework can be implemented and used via remote access in a contactless manner, which adheres to
COVID 19 protocol of social distancing and can avoid additional dissemination of the disease. The data is
stored in a secure server in the cloud where it can only be accessed with proper validation of credentials.

Conclusions

The proposed IoT-based web application framework offers a scalable and accessible solution for the
detection and analysis of infected lung CT images. In this work, a cloud classification model using a deep
ensemble CNN network has been implemented. The constituent pretrained networks have

undergone transfer learning for classifying the Chest CT images. In order to improve the training dataset,
a data augmentation scheme has been employed. The experimentation provides 98.99 % accuracy that
surpasses the performance of many other techniques available in literature. The proposed deep ensemble
CNN network, with its deep architecture and mathematical representations, offers a powerful technique
using CNNs and DL techniques, for detection of COVID-19 in an earlier stage can be improved, leading to
better patient treatment, care and enhanced survival rates. The use of proposed deep ensemble CNN
network holds promise for accurate and efficient lung cancer detection, contributing to advancements in
medical imaging and patient care. Further research could focus on fine-tuning the model using larger and
more diverse datasets. The following is a list of how the current research can proceed further.

Integration of additional clinical data and advanced image preprocessing techniques may enhance the
model’s performance. Also, the deployment of the trained model into clinical settings for real-time
detection could be explored. Fine-tuning of the model for efficiency and reducing computational
resources required for IoT deployment. The developed framework in this paper based on an IoMT web
application for CT imaging of diseased lungs is a notable progress in healthcare technology. However, it
may be extended for other different medical images.
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