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Screening of COVID 19 using loT System

Md Ariful Islam Mozumder + Ali Hussain - Ather Ali -+ Abdullah - Hee-Cheol Kim*
*Inje University

E-mail : arifulislamro@gmail.com

ABSTRACT

Coronavirus is well known for all countries from the year 2019 and from the same year it has become a global pandemic
with an exponential growth rate and an incompletely understood transmission process. Internet of Things (IoT) is being
used to aid various aspects of the COVID-19 crisis, including related research and drug development, medical development,
and treatment. In this study, we propose to create a medical device utilized consisting of the composable sensor to monitor
remotely and in real-time the health status of those who have symptoms of the coronavirus. The whole IoT system will be
implemented by using a wearable medical sensor integrated using Arduino hardware interfacing and a smartphone
application. Here, the analysis will be performed on the patient's critical status of the coronavirus symptoms using heartbeat,
temperature, and cough.

Key words
Coronavirus, loT, Arduino, Cough, Temperature, Cough & custom algorithm

I. INTRODUCTION devices can help to reduce the spreading of coronavirus[3].

The IoT has been widely identified as a potential

solution to alleviate the pressures on healthcare systems and lll. Contributions of this work

has thus been the focus of much recent research. A

considerable amount of this research looks at coronavirus We propose a screening system of COVID-19 remotely,
screening and monitoring patients. Several studies have with the help of wearable sensorial devices and a custom
shown novel designs for smart healthcare solutions using algorithm. Our proposed solution has several novel
IoT-based systems. An in-depth study is presented in [1], features: (1) the sensors utilized in our approach are cheaper,
focusing on some of the available solutions, well-known available off-the-shelf, and can be easily integrated to
applications, and remaining problems. Each subject is detect various prefixes, (2) the test can be carried out by
considered separately, rather than as a part of an overall experts and non-experts or any stranger, also the results
system[1]. This paper is structured as follows: At first, in obtained can be inferred by expert or non-expert. Pro-
section 2, we presented the relation between IoT and cessing is performed by the sensors and IoT devices in the
Coronavirus, section 3 highlights the important role of the accompanying proposed process, (3) results are monitored
architecture of our proposed IoT-based systems focusing on and resolved without physical contact, (4) definitely the
some of the IoT devices that are used in the screening result in real-time, (5) there is some technique used for the
coronavirus. detection of coronavirus we will describe details technique

in our future work,(6) lastly, by using the IoT infrastruc-
ture, efficient stream processing, and data integration is

Il. Coronavirus and Internet of Things ensured in the cloud. Our rule-based system for decision-

making can assess the outputs in linear time as compared to

In recent years, IoT technology has received significant the exponential growth in most machine-learning problems.

attention in the medical healthcare domain where it plays an The proposed algorithm will be able to respond to any scale
essential role in several phases of various infectious[2]. In of data.

the running pandemic, as the contingency of COVID-19 is
high, there is an essential need for patients to be connected

with and monitored by their physicians proactively in IV. Coronavirus Screening Device

different phases of COVID-19. IoT devices can speed up

the screening process by capturing real-time data from The device is accompanied by a smart phone application
patients. This can be implemented by capturing body to remotely follow and determine the patient’s health
temperatures, collecting cough samples, and counting condition if he/she is infected with coronavirus in a
heartbeat rates using different sensors and IoT devices. IoT combination of the data from the sensors[3]. Using patterns
devices in this phase can monitor patients remotely for their from visualization concepts, we use different widgets and
treatments and suggest whether to stay-at-home. IoT different colors to display the results of the sensors as well

112



as the diagnosis, based on data from the sensors[3]. The
application uses an algorithm to decide on the status of the
patient without any symptoms or have mild, moderate, or
severe symptoms along with individual sensor reading for
explanation and evaluation[4]. After viewing our figure
anyone can understand our proposed covid-19 screening
method.

Arduino Acquisition
~ Heart Fate
l Temperature
Wi-Fi Connectivity Cough
oug
l Others Prefix
Cloud Storage
l Medical Device
Ubidots Analytics & —
Dashboard Visualization i
Positive Negative

Figure 1. Describing essential of our approach
There is a rules-based system for decision-making and
this is an important part of our study. A patient is evaluated
against the rules and is assigned a class based on the
conditions stated in each class, shown in table.

Future Work

In the future, we will develop a complete IoT framework
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In this paper, we have presented a project proposal in the
form of an innovative real-time screening system using [oT
devices for Covid-19 patients. At present, as we are facing
different kinds of problems across the world, the proposed
method can provide a promising solution and help to
control the spread of the virus which can motivate resear-
chers and clinicians[6,7]. The proposed system is simple
and easy to understand.
Table 1: ¢
Class 2+ Class 3+
Class 0 « Class 1« e z s
No.+ z } z s 3 (Moderate Clinical- (Serious-Clinical-
(Non-Symptomatic)- (Mild-Symptoms)- Symptoms). Symptoms)-
1.9 Oxygen Saturation (Sp02) = 95%;+ | Oxygen Saturation 93% = Oxygen Saturation Oxygen Saturation
(8pO2) = 95%; & (Sp02) = 94%;5 (8pO2) £92%;2
20 Cough Rate: NIL:# Cough Rate = 5/min: « 5/min = Cough Rate = Cough Rate = 30/min: «
30/min; ¢
30 Heartbeat Rate < 100 bpm;+ Heartbeat Rate < 100 Heartbeat Rate > 100 bpm;~ | Heartbeat Rate > 120
bpm; ¢ bpm;e
4.0 Temperature =372 =C;e 36 -C = Temperature = Temperature = 38 =C. < Temperature = 38 =C_ <
38eC;
5.0 No headache and pains.© No shortness of breath. @ | @ Occurrence of
comorbidities. <
6+ No comorbidities+ No comorbiditiese il Oxygen Saturation
(8pO2) = 92%:+

o
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ABSTRACT

Data can be considered as one of the key components to construct the artificial intelligence(Al) technology. Al
researchers and engineers desperately need the real data, but the data owners cannot easily disclose it due to the various
reasons, such as prohibition by the Personal Information Protection Act. It seems to take a long time to be able to open the
data to the research domain, because it is a matter of changing social and cultural perceptions, including the laws and
regulations. Today, some of the legislations focusing on data anonymization or encryption are being drafted. However, even
if the legislation is completed to some extent, the model learning process may be confined, because the anonymized or
encrypted parts of the original data can play an important role to build up the better model. Even while waiting for the legal
system to be complete, collaboration between the technology and data groups continues to be attempted. In this paper, we
introduce the case in which the data owner provides a model instead of the data itself, and the technology owner uses the
model to improve their legacy solution into an Al-based solution.

7l9=
collaboration between Al data owner and technology owner, international fraud call
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Face Shape Classification Using Image Processing through
Transfer Learning
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ABSTRACT

Face shape identification plays a vital role in many used cases. This work illustrates that the classification of four types of
face shapes based on their facial attributes using transfer learning. The MobileNet is used for experimental setup as a
pre-train model and OpenCV is also used for preprocessed the data. The private dataset which is used in this experiment
contains 400 images of both males and females. The face images are cropped by using a haar cascade classifier, which
removes the unnecessary part from the whole image, furthermore that cropped images are sent to the pre-train model. We
have combined the image processing and deep learning (Mobile-net) technique to evaluate the face shape from the images.
The accuracy of the pre-train mobile-net model is high as compared to feature engineering techniques, like KNN, SVM, and
Random forest The accuracy of our model is 85.6%, which is quite good. In addition, the result shows that the transfer
learning approach is a valuable technique to detect face shapes with a little computation power.

Key words
Pre-train model, Classification, transfer learning, openCv, facial attribute

I. INTRODUCTION

Face shape classification having an important role in
image processing and computer vision. In many literature
studies and the guidelines of beauty experts [1], the face
shape is classified into five sub-classes such as oval,
oblong, round, heart, and square-shaped.

Face shape acknowledgment is widely used and has
many applications like recommendation systems for
make-up, hairstyle, eyewear [2], and many other fashion
accessories. From a healthcare perspective, It also helps to
recommend food and medicine for a human. The recom-
mender system plays a vital role as a personal digital
assistant which is mostly linked to social media and product
advertisement. Similarly, face shape classification could be
used in facial profiling to improve the speed of facial
identification and recognition. The shape of face classifi-
cation is easily available in the literature and mostly scien-
tific article publications base on feature engineering tech-
niques. Face can be recognized using appearance base,
model-based, Template-based, and Statistical based [3].

With the rapid growth in technology, the pre-train model
like Inception V3 [4], VGG16 [5], Resnet, etc becoming
more and more popular to perform the same task in low
power consumption and good result performance.

Il. RELATED WORKS

In the past various machine learning and deep learning
techniques are used to analyze the variety of face shapes but
still, it is a challenging topic in a research area. Machine
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learning-based approaches, such as k-nearest neighbors
(KNN), support vector machine (SVM), and neural network
are used to analyze facial beauty and its application [6]. The
facial attribute is also analyzed in age and gender recog-
nition. The landmark detection is also used to study a crucial
part of the face like eyes, mouth, nose, and edge of the face [7].

Facial attributes like color, shape, texture, size are the
most prominent geometrical feature to developed an
intelligent system to address the face distinction and assess
problems [8]. From a few years ago deep neural networks
get more attention, especially convolutional Neural
networks (CNN) performing well to solved face detection
and recognition problem. The classification of face type by
using Inception V3 and machine learning method is also
studied [9] and the accuracy is 84.4% .

In this paper, we are using a mobile-net pre-train model
to train and classify the face shape on the given dataset.
Mobile-net is one of such models, which used CNN, it was
already trained to classify 1000 classes using millions of
images but it can easily retrain on custom image classifi-
cation problems according to our required classes. The
accuracy of image classification by using CNN is quite
helpful to enhance it, without the need to handpick specific
features to extract from the images and then use training the
model.

Ill. METHODOLOGY

To experiment, first, we have to preprocess the image to
enhance the quality of an image by using a filter,
furthermore by using the image processing technique, we



detect the region of interest (ROI). The OpenCV has
become with a lot of pre-train classifiers like face, eye,
mouth, and nose having their classifier in the form of an
XML file. We used the frontal face haar cascade classifier
to detect the corner of the faces and make a rectangular box
around it. For further processing, we cropped the face
inside the box then resize the image 224 x 224 according to
the required size of the pre-train model to train.

» HarCasscade
Classifier

Fig. | Cropped face image

Classes
Oval
Shape
3 Trarster sauare
_ HarCxcade - leaming -
Input image Classifier (MobileNet) Round
Shape
Oblong
Shape

Fig. Il Workflow Diagram

When the model is completely retrained then by using
the test dataset train model is tested and the Whole
workflow is as shown in Fig. III.

IV. RESULTS AND DISCUSSION

We have a private label dataset consist 400 images. The
whole dataset is divided into train and test, with a ratio of
80-20. In this way, we have 320 images in the training set
and similarly 80 images in the testing set. The MobileNet
architecture is used to retrain the model. We freeze the base
layer and retrain the top few layers accordingly.

Training size Vs. Accuracy

‘snb

m V3 m MobileNet

Fig. Il Training Size and Overall Accuracy

The overall accuracy of our model is 85.6%, which
shows, the result is kind of good as compare to existing
other models and methods. Still, there is a gap to improve
its result by increasing the number of the dataset.

The graph shows that still there is a huge gap in overall
performance because of the small-scale training dataset. It
also depicts that when our training dataset is 250 it accuracy
is 70.1% as we increase to 400 images, its accuracy
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becomes 85.6%. So the model accuracy can be enhanced by
using large training data set.

V. CONCLUSION

In this paper, we have discussed four face shape types
and also perform an experiment by using image processing
and transfer learning technique (MobileNet) to get output
results. Because of the limited size of training data, its
overall accuracy is 85.6%. But still, it is a satisfactory result
and it will help for future work on a large dataset.

VI. FUTURE WORK

Our future work is to developed face shape type
classification by using machine learning technique on the
basis of face color, face size, neck size and distance from
ear to nose and also make comparison between machine
learning and deep learning technique. Secondly we can also
developed a food and medicine recommender system for a
human on the basis of face type.
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ABSTRACT

In this paper, we propose a new image classification method based on Few-Shot learning, which is mainly used to solve
model overfitting and non-convergence and to increase the accuracy of classification in image classification tasks on small
datasets. This method uses model structure optimization to extend the basic convolutional neural network (CNN) model and
adds convolutional layers to extract more image features to improve classification accuracy. We have incorporated certain
measures to improve the performance of our models. First, we used general methods such as low learning rate settings and
shuffling to facilitate fast convergence of the model. Second, we used data expansion techniques to preprocess small
datasets to increase the number of training datasets and suppress overfitting.

719=

image classification, few—shot learning, convolutional neural network, training dataset

| . INTRODUCTION Il. Few-Shot Learning

In recent years, deep learning models have been applied In a learning process with only Few-Shot training
to computer vision tasks such as face recognition, object sessions, different meta-tasks are sampled for each training
recognition, image classification, semantic segmentation, (episode). Therefore, the overall training includes various
etc. [1-3]. In addition, several outstanding deep learning combinations of categories. This mechanism allows the
models have emerged, such as LeNet, AlexNet, model to learn the common parts of various meta-tasks,
GoogLeNet, Visual Geometry Group (VGG) and ResNet such as extracting important features and comparing sample
[4-8]. These deep learning models based on convolutional similarities, but it removes the relational task-specific parts
neural network (CNN) models have different characteristics from the meta-tasks. Models trained using this learning
and can achieve satisfactory results for different tasks. Deep mechanism can classify well even when faced with new,
learning models can automatically learn features from data, unseen meta-tasks.

and typically require large amounts of available training
data, especially for very high-dimensional input samples

such as image and video processing. If the number of . PROPOSED METHOD

samples is small, the deep learning model can extract

minimal features, and the expected results generated by the We mainly reformed and optimized the CNN model
model are not satisfactory. structure without significantly increasing the model

parameters, including the following aspects:
First, we extracted more data features by adding fewer
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Fig. 1. Proposed model structure.

convolutional and pooling layers. Here, we used a 3 x 3
convolution kernel, a convolution stride size of 1 x 1, and
set the convolutional layer activation function to ReLU.

Second, we used regularization techniques such as
dropout in fully connected layers to reduce unnecessary
neurons, provide essential data features to the classifier, and
improve classification accuracy. On the fully connected
layer, set the two layer dropout values to 0.5 and 0.25.

Third, we set softmax as a classification function to
realize the classification output of input image feature
neurons and output the classification results of 10
categories.

Finally, we used the categorical cross-entropy validation
function as the loss function in the model training process,
and used Adam as the optimizer of the stochastic gradient
descent method to optimize the training process of the
model and accelerate the model convergence. The structure
of the proposed model is shown in Fig. 1.

Data enhancement, also known as data expansion, refers
to the value of limited data corresponding to more data
without significantly increasing the data. Data augmen-
tation works very well for small sample data sets. Data
enhancement can be divided into two methods: supervised
and unsupervised enhancement. In this study, we mainly
adopted the data enhancement method of geometric
transformation, as presented in Table 1.

Data enhancement by these geometric transformations
can improve the model generalization ability, effectively
suppress model overfitting, and increase the number of
training samples to improve the accuracy of model classi-
fication.

Table 1. Data argumentation

Parameters Values

Rescale 1.0/255
Rotation (°) 40

Width shift 0.2

Height shift 0.2

Zoom range 0.2

Shear range 0.2
Horizontal flip TRUE

Fill mode NEAREST

IV. EXPERIMENTAL RESULT

Classification experiments were performed on the
preprocessed dataset in the CNN model and the proposed
model; the number of batches of training data was set to 64,
and the number of training rounds was set to 100. Fig. 2
depicts the accuracy and loss rate curves of the CNN model,
and Fig. 3 shows the accuracy and loss rate curves of the
proposed model during training.

Tmining and wuliietion scowecy Taining and valdiation ow

e

Fig. 2. Accuracy and loss rate curves of the CNN model

Traaring and waksbon ke

il

= % 3 P =
[

Fig. 3. Accuracy and loss rate curves of the proposed model

The test results are shown in Table 2.

Table 2. Model performance

Model Accuracy
Trainin, Test
CNN 0.8876 0.6974
VGG16 0.9191 0.8213
ResNet50 0.9268 0.8696
Ours 0.9358 0.8792

V. CONCLUSION
This paper proposes a novel image classification method

based on few-shot learning in monkey species. This method
increased the number of convolutional layers to quickly
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extract sample data features from small datasets based on
CNNs. Then, we improved the classification accuracy by
fine-tuning the fully connected layer and adopting a
dropout mechanism to keep the most extensive feature data
in the classification function to achieve fast and accurate
classification.
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ABSTRACT

A smart factory is a system that connects companies in business relationships from suppliers to producers and customers.
It maximizes corporate profits through efficient inventory management and timely supply of products, and solves complex
management problems caused by a wide market. In this paper, we maximize corporate profits through efficient inventory
management and timely supply of products by connecting companies in business relationships from suppliers, producers,
and customers, and solve complex management problems caused by a wide market. Based on 4th industrial revolution
technologies such as artificial intelligence (AI) and Internet of Things (IoT), we provide advanced and intelligent smart
factory solutions while complying with logistics standards to improve the visibility, safety, and efficiency of the supply
chain between producers and suppliers.
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ABSTRACT

In this paper, an normalization process of a long short-term memory (LSTM) used for detecting the falls that may occur
in the elderly is described. Fall detection uses the data using a 3-axis acceleration sensor to learn and discriminate by using
LSTM-based TensorFlow. Learning about 7 behavior patterns (4 types of activity of living and 3 types of fall) and proceeds
with the regularization process to effectively reduce the loss function. The optimal normalization process of LSTM using
the sum vector magnitude (SVM) obtained using the 3-axis accelerometer is explained.

7=
Tensorflow, Fall detection, The elderly, Long short-term memory(LSTM)
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ABSTRACT

According to the 2019 Disaster Annual Report issued by the Ministry of Public Administration and Security, among
disasters from 2010 to 2019, water disasters that can cause flooding such as heavy rain and typhoons accounted for more
than 90% of damage. These water disasters can cause flooding and cause even greater damage, and a quick evacuation
decision based on flood prediction can reduce a lot of damage. In this field, many studies are being conducted to predict
floods using time series data. In this paper, we implement an LSTM-based water level prediction system using river water
level and precipitation. Through this, it is thought that it can be used as an initial study to reduce damage by predicting
floods in advance.
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T 2. Precipitation of Guju Bridge
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E 1. System specification
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ABSTRACT

In this paper, we will look at SRCNN and VDSR in a super-resolution model based on reconstruction in general. The
structure and algorithm process of SRCNN and VDSR models will be briefly studied, and multi-channels and special shapes
will be studied in the improved performance evaluation function. Through experiments, the performance of each algorithm
should be understood.

719
SRCNN, VDSR, super-resolution model, multi channel, evaluation function
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IV. Performance Evaluation Function
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IV. Experimental Result
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Table 1. Details of experimental data set of image super-resolution

Dataset Amount Re:)‘l/ft.im Iﬁ)\;/egls Format Category Keywords

Set5 5 313*336 113,491 BMP Baby, Bird, Butterfly, Head, Woman
Setl4 14 492*446 230,203 BMP Humans, Animals, Insects, Flowers, etc.
BSD100 100 435*367 154,401 JPG Animal, Building, Food, Landscape, etc.
Urban100 100 984*797 774,314 JPG Architecture, City, Structure, Urban, etc.

Table 2. Results of PSNR and SSIM values with different models

Method Training Set5 Set14 BSD100 Urban100
Dataset PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
SRCNN 291 30.48/0.8628 27.50/0.7513 26.90/0.7101 24.52/0.7221
VDSR 291 25.64/0.8830 28.01/0.7674 27.29/0.7251 25.18/0.7524

Ground Truth
(PSNR/SSIMD

Fig. 3 Super-resolution results of “1480;

VISR
(23.5431/0.7953)

"(scale factor x4)

CNN
(22.4026/0.6699)

V. CONCLUSION

= 0l4= SRCNN¥} VDSRERIO] & 3l <
Z2AAE AR Loruskn ANE b
AT OHF AT 54 Feol ool
gHuoith w3, UYE Fool 24 YnAse
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ABSTRACT

Recently, as interest in environmental issues increases, the growth of the eco-friendly food material market is growing.
For this purpose, various cultivation techniques are emerging, and aquaponics can be seen as one of them. Aquaponics
system is a method of cultivating crops using water dissolved in minerals generated through freshwater fish farming. The
quality of the product is very good, and the eco-friendly farming method is safe for consumers and does not use pesticides
and chemical fertilizers that can cause a big plus with Eco-preservation.

In this paper, we propose the design of an artificial intelligence-based aquaponics system that enables us to analysis by
time-series and learn various sensor data arising from the state and aquaponics environment of growth crops to establish an
optimal environment.
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