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Abstract

Trends in managing personal health using smartphone devices and healthcare-related devices are receiving a lot of
attention, but it is not easy to spread them to the real market for some time. Currently, users rely heavily on instructor
training through video content or fitness applications. In this study, we use PoseNet of artificial intelligence(Al) convolutional
neural network(CNN) based on the data used in the Leeds Sports Pose(LSP) dataset to analyze pose estimation and analyze
human coordinates, and to applaud the result as a clap. The development language uses the Node.js program to implement the
final momentum results into mobile healthcare. This provides motivation for the behavioral results of pose estimation to
deviate from the dependency of intuition and error. Motion analysis based on more quantitative and faster pose estimation
through body coordinates is now possible. In this regard, PoseNet can be a model that fits our purpose of developing a
personal fitness program, being served as one of the many features of the healthcare platform.
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Artificial Intelligence

Artificial
Intelligence:
Includes various
techniques to
mimic human
intelligence,
such as if-else-
then logic,
decision trees,
machine
leaming, etc.

Machine Learning

Machine learning:
COne method of
achieving artificial
intelligenee is to
improve the ability to
handle activities
using statistical
properties. of data.
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Tablel.  Types of CNN Models.
Year Model Contents Author
ImageNet
Classification Alex
2012 Neural Net | with Deep Krizhevsky, Ilya
AlexNet | Begins Convolutional Sutskever, Geof
Neural frey E. H1nton[8]
Networks
Christian
Deepe Szegedyl, Wei
2014 ’ Going Deeper .zeg vh . “
Network . Liu, Yangqing
GoogLe with . )
Net Depth and Convoluti Jial, Pierre
| Width MVOIBONS | Sermanet, Scott
R 1[9]
Very Deep
Egaﬂ five Convolutional | Karen
2015 Filezpan J Networks For | Simonyan&
VGGNet Large-Scale Andrew
Network . [10]
Depth Image Zisserman
Recognition
8 Times Deep Residual | Kaiming He,
2016 More Depth | Learning for Xiangyu Zhang,
ResNet | than Image Shaoging Ren,
VGGNet Recognition Jian Sun™
Mark Sandler
MobileNetV2: Andrew Howard
2017 Light and Inverted Menglong Zhu
Mohile E§' : ai‘ Residuals and | Andrey
Net faen Linear Zhmoginov
Bottlenecks Liang—Chieh
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Table2.  Classification Of Mobile Healthcare by Type.

Biosensors & Examples

Activity Monitors
- GPS
- Acceleration Sensor
- Vibration Motor
- Detection Sensor Physical
Index Monitors
- Electrocardiogram (ECG)

Forms & Examples

o Smart Devices

- Smart phone

- Smart Pad

o Wearable Device

- Bluetooth Headsets
- Smart Watches

- Smart Clothes

- Smart Band (e.g. AliveCor)
- Smart Glasses - Electromyography (EMG)
- Smart Shoes - Blood Oxygen Saturation

- Patch & Tattoos
- Smart Implants

and Pulse Measurement
- Blood Gucose easurement

o Other
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Table3. Healthcare Application Functional Classification.
Division Main Function Application Example
- ‘Cody’, ‘Nike Training
ODfet]g;I:rlgléleg t%laet ’I;{y(i)f Club’, ‘Coco’s Workout
Offer W World', ‘Runtastic Six
. ant, or )
Exercise Acquiring/Managin Pack Abs),
duiring 808 | Stacked - Your New
Exercise Courses S
Personal Trainer’, etc.
Calorie Consumption ‘Fithit', ‘Kinetic GPS/,
DHOM, 1 “Nike+(Kinetic, Training,
Number Of Steps, . i
.. ; Running, etc.)’, ‘NFL
Activity | Travel Distance, ;
- Play 60,
Tracker | Sleep Monitoring, . S
Runtime-simple Run
Muscle Movement, e )
Tracking’, ‘Datalove’,
pose, etc.
etc.
Heart Rate,
Temperature, Skin ‘Fithit, ‘Adidas Fit
Physical Conduction, Smart Fitness Tracker,
Ir?dex Breathing, ‘Triver on, ‘Hexoskin’,
omitors Glucose Level, Blood | ‘Angel
Oxygen Level, Heart | Wristband’, ‘AskMD),
Rate Measurement of | etc.
Blood Pressure, etc.
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Motion Study based on the Pose Estimation.

1. Leeds Sports Pose(LSP) Dataset
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Tabled. Parameter Information According to PoseNet Model

Structure.
Architecture MobileNet ResNet
Output Stride 16 32
Input Resolution 513 257
Multiplier 0.75 X
QuantBytes 2 2

a2 4. PoseNete| Single-Person Pose Estimation
Fig. 4. Single-Person Pose Estimation on PoseNet.
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[71.87809973097033,112.71612885720908] , [ 38.07283589997644 , 1
[127.76633509773225,50.67996672990257],[123.02816974328185,

95.68328263694673,62.997578186747624] , [ 140.33906905474828,
[110.19262481570706,112.85476833002112], [89.48216597857642,
[47.18329558019972,128.2690556745121]] },{ "keypoint": [[
[68.7072795467154,41.96233050275869],[55.25903257971143,54.
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[106.81957105347153,102.13446460530915], [64.80403006587046,
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Fig. 7. Example of saving PoseNet output to a .json file.
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Table5. Performance Comparison of PoseNet's ResNet50
and MobileNet Models. (LSP,MPIl PCK@0.2)
. Newell et | Insafutdin
venad | e | ey | Gy | g | e,
Head 3345 39 97.8 9.2 97.45
Sho 74.2 .2 925 9.3 92.7
Elb 63.1 7765 87.0 91.2 87.55
Wri 58.3 71.35 839 87.1 8445
Hip 76.1 83.8 915 90.1 91.45
Knee 70.3 83.25 9.8 874 89.9
Ank 594 80.65 89.9 836 872
WK e2i2 | a4 905 909 9.1
AUC 36.53 46.9 65.4 65.2 66.08
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