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Presenting Direction for the Implementation of Personal Movement
Trainer through Artificial Intelligence based Behavior Recognition
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Abstract Recently, the use of artificial intelligence technology including deep learning has become
active in various fields. In particular, several algorithms showing superior performance in object
recognition and detection based on deep learning technology have been presented. In this paper, we
propose the proper direction for the implementation of mobile healthcare application that user's
convenience 1s effectively reflected. By effectively analyzing the current state of use satisfaction
research for the existing fitness applications and the current status of mobile healthcare applications,
we attempt to secure survival and superiority in the fitness application market, and, at the same time,
to maintain and expand the existing user base.
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Fig. 1. Fitness Apps[4]
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Table 1. Classification Of Mobile Healthcare by Type

Forms & Examples Biosensors & Examples

o Smart Devices
Smartphone
Smart Pad

o Wearable Device
Bluetooth Headsets
Smart Watches
— Smart Clothes

— Smart Band

— Smart Glasses

— Smart Shoes

— Patch & Tattoos
— Smart Implants

Activity Monitors

- GPS

— Acceleration Sensor

— Vibration Motor

— Detection Sensor (Oxygen Uptake
etc.)

Physical Index Monitors

— Electrocardiogram (ECG) (eg
AliveCor)

— Electromyography (EMG)

— Blood Oxygen Saturation and Pulse

© Other Measurement (e.g., Masimo's
— Robot <iSp02>)
— Bedding Attachment P
— Blood Gucose easurement
— The Scale
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Table 2. Healthcare Application Functional Classification

Division Main Function Application Example
Determining the Type of gggzs g;gfk;l:: 1{;}2‘3?@’
Offer Exercise that You Want, or ‘Runtastic Six Pack Abs"
Exercise | Acquiring/Managing ‘Stacked-Your New Perso,nal
Exercise Courses Trainer’. ete
Calorie Consumption, ‘Fitbit’, ‘Kinetic GPS’,
Activit Number Of Steps, Travel |Nike+(Kinetic, Training,
T ki Distance, Running, etc.)’, ‘NFL Play
acke Sleep Monitoring, Muscle |60, ‘Runtime—simple Run
Movement, Posture, etc. |Tracking’, ‘Datalove’, etc.
Heart Rate, Temperature,
Phvsical E‘;;ﬁ;“dumom ‘Fitbit, ‘Adidas Fit Smaart
v & Fitness Tracker’, ‘Iriver on’,
Index Glucose Level, Blood ‘Hexoskin’. ‘Angel
monitors |Oxygen Level, Heart Rate Wristban d’, . ASiMD' ote
Measurement of Blood ’ ’ ’
Pressure, etc.
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Artificial Intelligence

Artificial
Intelligenca:
Includes various
technigues to
‘mimic human
intelligence,
such as if-else-
then logic, .
decision frees,
machine
leaming, etc.

Machine Learning

Machine leaming:
One method of
achieving artificial
intelligenca i
improve the

2arning

Deep Leamning: A machin

properties nf data.

Fig. 2. Deep learning, Machine learning, Artificial
Intelligence Comparison[8]
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Fig. 3. Structure of Convolutional Neural Network[14]
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2.3.4 Convolutional Pose Machines ¢1-

Convolutional Pose Machine(CPM)< CNN7|H
S 7o R sk Ak oS A9 A (Sequential
Prediction Framework)©]™, CNN +x& &-83}¢]
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# MPII Human Pose Dataset 5% 3 AMKFHA

(Pre—Training) 5 =2 Tz}l = AT 18].
Head Left Shoulder Left Elbow
Left Wrist Left Knee Left Ankle

Fig. 6. Distribution of Confidence Values[19]
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Table 3. System Requirements

oS Android8.0 or higher, 64bit

ARMvS instruction Set Based Architecture
CombinationARM Cortex—A57 + ARM Cortex—Ab53
Combination (Qualcomm Snapdragon 810 or higher) ARM
Cortex—A72 + ARM Cortex—A53 combination (Qualcomm
Snapdragon 650 or higher) ARM Cortex—A73 + ARM
Cortex—A53 Combination (Hisilicon Kirin 960 or higher)

CPU

RAM 4GB or more

Adreno 530, Mali—G71 MP20, Mali—G72 or
(Constitutional )

GPU higher

CAMERA | HAL 3.2 or higher

7o 2 R 5 EdolUE
483 AT WHOo=E Fig. 11 3 o]
PCK(Percentage of Correct Keypoints)E AR5}l
o HolE Al LSP(Licensing Solution Provider)
o] 4] AR&-5}= Evaluation MetricO. 2 Q % o745
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