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Abstract

With the spread of the trend of real-time management of personal health using smartphones, and healthcare-related
devices are receiving a lot of attention, users are now relying heavily on following the instructor through video content or
fitness apps. In this study, the Artificial Intelligence (AI) Convolutional Neural Network (CNN) model, PoseNet, is used to
learn pose estimation, analyze human coordinates through this, and implement clapping as part of the motion. We intend to
convert the value into the Metabolic Equivalent of Task (MET) and it is also intended to be implemented as a smart
healthcare exercise management system application. In particular, PoseNet is effective as a method for determining the
calorie consumption of a user's exercise using MET for the motion analysis of real-time pose estimation through a
browser, whenever and wherever a device with a camera function is supported. Thus, PoseNet can be considered to be

very useful, since it is a model that satisfies the purpose of developing smart healthcare services.
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Fig. 1. Single-Pose Estimation Algorithm of PoseNet®.
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Tablel. Physical Activity Level Classification.
o nghjE MET Modergte MET Vlgoro.us MET
Division | Intensity <3 Intensity 3106 Intensity N
Activities Activities Activities
Writing, Walking, Aerqblc
Desk Work, Dancing,
. 15 | 30 mph | 30 . 6.0
Using Medium
G (4.8 km/h) Eff
Physical omputer ort
activity . Bicycling
Walking Sweepn.lg 3 to| on Flat, 60
Stowly | 20 |or Mopping| 5 g in
v Floors . Umng 6
Jacks
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Table2. Classification of Mobile Healthcare by Type.

Forms & Examples Biosensors & Examples

o Wearable Device

- Bluetooth Headsets
- Smart Watches

- Smart Clothes

0 Activity Monitors
-GPS

- Acceleration Sensor
- Vibration Motor

- Smart Band - Detection Sensor
:gﬁﬁ gllliisses 0 Physical Index Monitors

- Electrocardiogram (ECG)
(e.g., AliveCor)

- Electromyography (EMG)

- Blood Oxygen Saturation and
Pulse Measurement

- Blood Glucose Measurement

- Patch & Tattoos
- Smart Implants

o Smart Devices
- Smart phone
- Smart Pad

o Other
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Table3. Research Trends in Home Personal Life and Health

Care Systems!™

Division Research Trend Summary and Features

Monitor the health status of home users
using a wearable wireless human body
sensor and a smart phone, and use it as a
means of self-management and health
intervention for lifestyle by themselves.

Service

Stores biometric health care information on
a smartphone and utilizes it to combine it
with external information to properly
manage and intervene in health

Data

For health monitoring, a smartphone is used
as a gateway connecting the traditional
medical system area and the wearable
biosensor area.
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Fig. 4. PoseNet Pose Estimation Screen.
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Table4. Database Storage Contents.
USE Date Start | End | MET | Mome | Exerci
R ID Time | Time | Code | ntum | se time
1 2020. | 14:11 | 14:21: .
wser | 0101 | =5 | 55 | B0 10| 10min

T WA SAR E 58 2ol dAl 6057 AALE =
S(MET) HeolE A4S Sa 7helatg] 01-2174-4 9L
on), 54 mEe] g F A dw WFEE e
i 6057 &Ho] Stk
E 5 MET 7|&dH
Tableb. MET Standard Information.

Category Codes | METSs Description

Home Activity | 05011 | 2.3 Cleaning,

Sweeping,
Self Care 13040 2.0 Walking Slowly
. Walking on Job,
Occupation 11792 35 30 mph, in Office
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