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World of Wearable Technology Applications:
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Research Focus - Devices

Wearable Devices
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Research Focus - Techniques

Traditional Learning
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Deep Learning
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Research Focus - Medical

Neurological disorder detection

. . Remote assistance
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Research Focus - Medical
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Falls Detection - Motivation

Proportion of the word population aged 60+ years
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Source: UN report World Population Ageing 1950-2050

Falls are a major health risk that impacts the quality of life of elderly people.
The 30 % of the over 60 population falls at least once per year.

A prompt notification would help in reducing the injuries that the fall could cause.

It

Goal: Automatic Fall detection through wearables devices
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Falls Detection - Methods

Methods for Falls detection

?r o

Unsupervised Anomaly Supervised Classification
Detection
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Falls Detection - Methods

Deep Learning on Wearable Devices
Anomaly detection

Anomalies are patterns in data that do not
conform to a well defined notion of normal
behavior

Anomaly Detection refers to the problem of finding
patterns in data that do not conform to expected
behavior
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Falls Detection - Methods

Deep Learning on Wearable Devices

Anomaly detection

The algorithm is unsupervised: it is trained on one class (the normal class) and the new instance is
classified as anomaly if its features are too different to those belonging to the normal class.
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Falls Detection - Methods

Deep Learning on Wearable Devices

Anomaly detection — Variational Autoencoder (VAE)
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Falls Detection - Methods

Deep Learning on Wearable Devices

Classification

The algorithm is trained overall population and the new instance is classified to the most likely class.
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Falls Detection - Methods

Deep Learning on Wearable Devices

Classification

Input layer Convolutional layers Flatten layer Dense layers Output layer
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Falls Detection - Dataset
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Falls Detection - Results

Methods

Techniques Accuracy

Falls as Anomalies

Falls as Anomalies
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Falls Detection - Conclusions

The propose of the project is to create a classifier able to predict whether a fall event is
occured. The promising preliminary results incourages us to

e further investigate and improve results;

e extend to other anomaly detection and classification research fields.

Q BEAT-PD DREAM Challenge

Biomarker & Endpoint Assessment to Track Parkinson's Disease
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