Methodology

The ASCS prototype is comprised of a battery-powered sensor
device for recording EEG (electrical-brain- activity) signals and a
machine learning algorithm for classifying and organizing
gathered data in a research-friendly format. The ASCS is a low
cost alternative to similar EEG recording devices with greater
potential for accuracy than non-EEG-based sleep classifying
devices like FitBit or Apple Watch.

Austin (Electronics concentration) designed, programmed, and
tested the battery-powered ASCS sensor device printed circuit
board (PCB). The goal of the design is to prepare low-voltage
EEG signals for digitization, provide the necessary storage for a
night’s worth of data, and stay running for at least 10 hours.

Brandon (Al/ML concentration) implemented a fully trained
algorithm that’s capable of classifying sleep EEG data.
Additionally, he analyzed the output data from the device and
formatted it to seamlessly implement into the algorithm.

Parker Parmacek (Energy concentration) developed a charging
system for devices like the ASCS sensor as his Capstone Project.

Background

Sleep health science is an important field of study for
improving quality of life. One way scientists identify
irregularities and harmful patterns in sleep is through electrical
brain activity, the recording of which is called
electroencephalography (EEG). The highest quality EEG
recordings are usually done in sleep study labs with expensive
equipment that can cause discomfort for patients, and the
results from these studies are difficult to interpret without
professional training. More commercially accessible devices
that measure sleep do so with less accurate methods than EEG
and are usually incapable of producing the kind of digital data
researchers could analyze with sophisticated programs or share
for further study.
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Hardware

* Microcontroller Unit (MCU): NXP KL26
*16-bit SAR Analog to Digital Converter

e External Flash Memory (64MB)

*High quality In-Amp and Op-Amp

e Battery and power circuitry

e Connectors, switches, LED

Software

*MCU programmed in C
*uC/0OS-Ill real time operating system
*Classification Algorithm .
* Written in Python
* Trained on sleep databases

 Libraries: YASA and SleePyCo (Sleep- .
classification), and MNE (EEG)
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Apple Watch graph (left) of sleep stages vs YASA
interpretation (right) of ASCS sensor device data

from the same night of sleep.
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e Sensor device prototype

w capable of recording and
storing EEG signal data for
at least 9 hours of sleep

on a full battery charge
* Low cost (~S60)

r
0.0 —

uALAN
S

T T =y
0 20 40 60
Time (30-sec

80 100 120
epoch)

e No heat or sound

Probability

i * Algorithm that processes,

N N3

classifies, and formats

sensor data

 Qutputs research-
friendly .edf files

Time (30-sec

Electrical & Computer Engineering Program

epoch)

Formatted
Data and
Sleep Stages

Temporary Workarounds
Recording device data with Logic Analyzer
* Additional layer of filtering by disconnecting device sections

* Data transmission via USB

* Improve amplification and filtering of input signal
 Reduce size of printed circuit board
* Higher quality electrodes for improved signal quality
* (Casing and on-board electrodes for wearability

* Algorithm accuracy refinements
* Add intuitive algorithm user interface
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140 rows x 5 columns
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Challenges and Future Direction

Current Problems
* Transmitting data via USB (connecting both halves)
Noise levels on EEG signal from filters and amplifiers
* Accuracy of classifying data from sensor device

The numbers in the
table better quantify
the data shown in
the graph to the left.
It shows the
likelihood of the
various stages at the
specified epoch.
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