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CONFERENCECHAIR'S REMARKS + INTRODUCTION
Steve Mann

A WARNING ABOUT TECHNOLOGY AS A PRISON

“Big Tech” and governments are together wagini
a war on swimming, cycling [1], and walking in the
woods [2]. At the same time they're building massive
highways, more cars (some self-driving), and massi
data centres, creating and deploying technologies tt
disconnect us from nature and from each other, whi
building technology in such a way that we becom
dependent upon it, or may even be required to use
even if we don't want to [3], [4], [5], [16].

Together with Nobel laureate Geoffrey Hinton, agijg  1: SocioCyberPhysical spaceis a three-
well as others like Jeff Bezos, Julian Assange, Billimensional space of the social (red axis), cyber (green
Gates, Elon Musk, Edward Snowden, Ray Kurzeibyis) and physical (blue axis). It shows how XIR
and Warren Buffet, | am working hard to Sa_fegua_raYI/XR) is not merely an umbrella term encompassing
humanity from these and other similar existenti I, VR, AR, Metaverse, Spatial Computing, loT, etc.,

threats, through the Lifeboat Foundation Guardia@ut, more importantly, it is a way to extend beyond
Award (https://lifeboat.com/ex/guardian.award). these. (Used, with permission, from [8].)

This Conference Chair's Remarks + Introduction is
a problem-statement of sorts, followed by an allegorf ECHNOLOGY AT THE MOST FUNDAMENTAL LEVEL
to a possible solution, The Ship of Kolympi. Kolympi OF HUMAN EXISTENCE
is just one instance and we leave it to the imagination . .,
and creativity, on the part of the reader, to generalize Ve Peen a “cyborg” for more than half a cen-

to other forms of cyborg technology, and technologf'y: inventing, designing, building, and embodying
in general. computer vision systems that extend my reality and

intelligence since my childhood, more than 50 years
ago [7]. During that time, I've faced a great deal of
“cyborg discrimination” and been the victim of what

Mersivity is technology that connects us with eacmar:g, in the mtz;\mstrﬁam m_ed|a h";‘lve referrecli t% as the
other and our surroundings (environment), embodyinf§2"ds rst cyborg hate crimes. I've not only been

XR / XI (eXtended Reality / extended Intelligence)r fused entry for wearing a computerized seeing aid,
but also been physically assaulted by security guards,

which is “a form of extended intelligence and ex- . .
tended collective intelligence ... [to] ... help exten§9: pushed down the stairs by security guards at the art

our sensory intelligence on land, in air, or in wateP@lle"y, because they were afraid my seeing aid might
... Unlike VR which is typically a solo experience, XR!Je recor_dlng copy_nghted works of art, even t.hOUQh
is a shared experience...” [7]. It is also an umbrell} Was simply helping me see and not recording. In_
term to encompass virtual reality (VR), augmente ome sense, these attacks created a need to redesign

reality (AR), mediated reality or mixed reality (MR),t e computer vision system so that it could also make

metaverse, Internet of Things (loT), spatial computiné,ecordlngs to use as evidence. Thus their fear of

and digital twin, “as the unifying framework that not ecording became a self-ful lling prophecy, analogous

only interpolates across these diverse realities but altsoothi Strelshand_ Ehffect [9]" where Idn my caje, V('jOIenlt
extrapolates (extends) beyond them to create entir acks on t (Ia right to se% Crr(]aat.e afn(;e to develop
new possibilities. XR is the physical spatial metavers§! mputational memory and sharing of that memory...

bridging the physical world, the virtual world of ar-CO_lll_f]Ctlng re]wd(te)nce. i —_y bl
ti cial intelligence, and the social world of human us what began as an experiment in “Wearable
interaction” [8], as illustrated in Figure 1. Al [10]" expanded in scope to also became a per-
XR also embodies XI (eXtended Intelligence)[?]sonal safety/security system giving rise to something
and is therefore sometimes written XR/XI or XIR’I call “sousyeillance” (“unQersight”) akin to surveil-
(eXtendedintelligent Reality, stylized asX R, X R, Iar:czta)ll(or:/erm%ht), but serving people rather than large
or X R, or simply as Xl, especially when emphasizinges_l_""helrse m:rg S.now thousands of books and re
its ability to embody Al as an extension of the , : )
physical world. Thus XI XR) is the overarching search papers written on sousveillance and this

interpolator and extrapolator of the “alphabet soup¥'k is nally being recognized as important

of realities and intelligences as shown below: to safeguarding humanity, e.g. Ive received the
Lifeboat Foundation Guardian Award for this work:

- https://lifeboat.com/ex/guardian2024
"AL, VR/ARMR/DR/IR, HCT, IoT, 10T3, Metaverse, Digital Twin, ... In the 1970s people used to walk across the street to

)

XR (EXTENDED INTELLIGENCE/ REALITY)
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avoid me, but | noticed a societal shift around the 1980s On a more practical note, | told the restaurant clerk
when people would walk across the street to come aatlout a dumpster we were able to nd that contained
greet me as I'd become a bit of a celebrity of sortsome old tires and scraps of metal in it, and | asked
at a time when computer technology was becomirfier how much of that metal and tires we needed to
fashionable. In 1991, | brought my inventions to MITstrap onto our bodies to be able to get a drink of water
to found the MIT Wearable Computing Project. Theand buy some food.
founding Director of the Media Lab declared that | was formulating in my mind a concept of “mini-
“Steve Mann is the perfect example of someone... whnum viable vehicle” as something not so much about
persisted in his vision and ended up founding a nefunction as about appearance, that is, not so much
discipline” (see articles and archive of video broadcaabout becoming a cyborg, but more about looking
in http://wearcam.org/nn.htm). See Fig. 2. like one, or at least completing a kind of bureaucratic
The time was nally right for this technology and“check box” for being considered a cyborg.
the ideas surrounding it to spread quickly. Even the When dealing with this kind of inverse cyborg dis-
fun playful new word | made up for it, “sousveillance”crimination, we can observe a wide variety of different
nally made it into the OED (Oxford English Dictio- outcomes depending on the wide range of people, pol-

nary). icy, and opinions at various individual establishments.
So let us pick another example which is more

VIRONMENTS (VESTEMENTS VEHICLES, AND universal, consistent, and central to the theme of this
VESSEL9Y Symposium: the most fundamental human right, the

The concept of Mersivity goes beyond just wearight for a non-cyborg to access water, broadly, as it
ables. More generally, it includes other technologid€rtains to government and governance.
that surround or enclose us, that extend our intel-
ligence, or the like, such as vehicles, vessels, and
vestments.

DOWNTOWN TORONTO WATER ACCESS

Toronto is the largest city on the Great Lakes which
hold 21% of the world's freshwater supply (85% of
NO WAY TO “OPT OUT' OF TECHGOVERNANCE North America's). That's more than 1/5th the world's

_ supply of freshwater. In this sense, Toronto is the
Technology (e.g. Al, as well as excessive governangeyiq's freshwater capital and should set the best

of technology that mandates or requires it) is & Porscg, mpjes in terms of freshwater stewardship. Toronto
with no brakes. It has become unstoppable. Our onfa5 gne and only one accessible beach, i.e. only one
hope now is to steer it wisely. o beach where a person in a wheelchair can get all the
It is almost impossible now to avoid being r_ecordeq,ay to the water's edge, namely HTO Beach. Whereas
and we are surrounded by Al whether we like it Ofgre gre claims that other beaches such as Woodbine
not. I have nally won the right to wear a computer,geach are accessible, it turns out that their wheelchair
camera, seeing aid, etc., but society now faces a Ngdmps only go within about 30m of the water's edge.
problem. Rather than being discriminated against fqfis can be con rmed by looking at satellite images.
using or depending on technology, we now face the | have a disability and | use a specially modi ed
prospect of being discriminated against for not usingneelchair for stand-up operation (seat removed, hand
or not depending on technology. Rather than facingece extended for spinal support while standing upon
cyborg hate crimes, we now face the prospect of hatrggl \y daily exercise is at HTO Beach because it is the
or discrimination for being technology-free. We argniy heach in Toronto that is accessible. We've created
entering a cyborg world with no way to opt-out ofyn “gutdoor classroom, lab, and outdoor university
being a cyborg. there, since | have a lab attached to the wheelchair.
We collect water samples and do research on cyborg
technologies that connect us to our environment (Mer-
| want to recount a very simple personal exampleivity / XI / XR). See Fig. 3.
Late one night a group of us needed food and water, Of all the beaches in Toronto, HTO Beach, which
and there were no public drinking fountains. The onlgpened to the public 18 years ago (2007) is perhaps
food and water source was a restaurant that was closéte most iconic in Toronto, as it is in the heart of
except for the drive-through. When we walked up tdowntown Toronto directly in front of the Rogers
the drive-through window to buy some food and askkydome baseball stadium, home to the Toronto Blue
for a drink of water, we were refused service becausiys of Major League Baseball, situated at the base of
we were not in a vehicle. the CN Tower. Many people who come to Toronto for
Purely out of curiosity, | asked if a motorcycle orthe rst time visit this location, as it is Toronto's most
bicycle would count as a vehicle. Manfred Clynegconic, to visit the CN Tower, the Rogers Skydome,
coined the word “cyborg” (cybernetic organism) inand then go for a swim at HTO Beach. See Fig 4
1960 [11] and his favorite example is a person ridinglthough this location has a step-entry into the water,
a bicycle [15]. So what we are now seeing is a kinthe City of Toronto refers to it as a “beach” and
of inverse-cyborg discrimination, i.e. a discriminatiorhas also provided beach sand that can be optionally
against those without technological extensions of thdiypassed for clean (sand-free) water entry. The clean
mind and body. sand-free entry is helpful for accessibility. Note also

ONLY CYBORGS ARE ALLOWED FOOD AND WATER
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1995 Passport T Late 1990s 2000
Fig. 2: Evolution of Steve Mann's wearable Al smart glass.

1980

1984

mini-version of HTO Beach. This area is open 24 hours
a day, unsupervised (no lifequard staff) and simply
labeled “Unsupervised swimming . Swim at your own
risk”. See Fig 7. This swim spot in downtown Kingston
opened on July 26, 2018, after hundreds of people
protested the “NO SWIMMING” rule by swimming
there in violation of the rule.

Around the world people are protesting against rules
against swimming, while at the same time advocating
for safe clean water as a basic human right. Moreover,

i T safety itself is a basic human right, which we must
Fig. 3: Outdoor lab/classroom at HTO Beach whichrotect while governments attempt to remove bicycle
is Toronto's only accessible beach. paths and sidewalks to put in more roads and high-

1
the WALLadder (Wheelchair Accessible Long Ladder) ys [1I . .
The Ontario government has of cially passed
These long-ladders are rare but welcome to wheelchair _. . ;
. o Bill 212 — a controversial piece of legisla-
uses as they offer increased safety and accessibility for

. : - tion that gives the province sweeping control
swimmers who are accessing the beach by wheelchair. - .
over municipal bike lanes and lets construc-

NO SWIMMING tion of Highway 413 begin before Indigenous
consultation or environmental assessment is
complete.
The fast-tracked bill, which passed at
Queen's Park Monday, requires municipal-
ities to ask the province for permission to
install bike lanes ... and allows the removal
of three major Toronto bike lanes on Bloor
Street, Yonge Street and University Avenue
. amendment to the bill from last week,
which appears to protect the government
from lawsuits should someone be hurt or
killed after the removal of bike lanes.

icycle lanes are also used by persons with disabilities,

Interestingly, swimming is forbidden here and else-
where in Toronto in all but a very limited nhumber of
places: “No person shall bathe or swim in the waters
of the Port and Harbour unless in an area designated
for such activity as authorized by posted signs.” —
Harbour Master of the Port of Toronto (Fig 5). This
excludes swimming in some of the safest and cleanest
waters around the downtown Toronto area, including at
Toronto's only accessible beach, HTO Beach, where
we have been testing water quality and nding it is
often clean and swimmable. This rule unfairly dis-
criminates against persons with limited mobility b{%
g::rl?ngi]tt::zersnwirr]r? al‘?: :s 1(;0 de stﬁe;— g?;eaﬁ rc?ui?g I?‘/arafr]:f .g. to get to Lake Ontario not just for recreation, but
the downtown Toronto core, and none of them ar{r_yany Wlt!”l. d|§ab|I|t|es have a medical need for water
wheelchair accessible. or rehabilitation.

Thus we affectionately refer to HTO Beach as BIG-CYBORG V. LITTLE-CYBORG
TOAB (Toronto's Only Accessible Beach), i.e. the only The battle between motorists and cyclists is perhaps
place for persons with disabilities to swim in the lakéest captured by the “STREET FOR PEOPLE... CARS
is a place where swimming is forbidden. ARE GUESTS” meme as shown in the photo of Fig. 8.

Thousands of people swim in downtown Toront@®ut this meme is fundamentally awed because cars
at Ontario Place (designed as “the cottage for peoplsually contain at least one person (e.g. a driver, or
without cottages”) as well as at HTO Beach and riskven if the car is self-driving, it likely contains at least
receiving a ne or citation from Marine Police (Seeone passenger). Thus it might be more correct to say
Fig 6). that streets are for little-cyborg-tech (shoes, clothing,

Whereas Toronto ought to lead the world in makingicycles) and that people “wearing” big-cyborg tech
its waters accessible to persons with disabilities and foars and trucks) are guests. This reality brings us to the
everyone, we see the opposite, where other cities likencept of cyborg scalespace introduced in 2001 [3]
Kingston Ontario lead the way toward water accesgshich we shall introduce in Fig. 1 of the following
with a downtown swim area that many describe as aper “The Ship of Kolympi”.
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Fig. 5: “No person shall bathe or swim in the waters of
the Port and Harbour unless in an area designated for
such activity as authorized by posted signs.” — Harbour
Master of the Port of Toronto

Fig. 6: Offence Notice for swimming outside one of
the limited designated swim areas. It appears, though,
that even the of cer was confused as to the law,
having crossed that out and written something about
“prohibited activity on premises” as if to suggest that
the lake is a “premises”.

GOVERNMENT BIAS IN FAVOUR OF BIG-CYBORG

We must recognize an inherent con ict-of-interest.
Governments fund themselves from tax dollars, and
would thus tend to favor cars because they have a
higher purchase price than bicycles, and cars also
involve purchase of gasoline, insurance, licensing fees,
and other indirect costs like increased healthcare costs
Fig. 4: Four photos from HTO Beach which isassociated with lack of physical activity, obesity, etc..
Toronto's only accessible beach. It is located in thginderstandably, governments can maximize tax rev-
center of the downtown core directly in front of theenue by discouraging swimming, walking, cycling,
Rogers Skydome baseball stadium at the base of the
CN Tower.
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Fig. 8: The “STREET FOR PEOPLE... CARS ARE
GUESTS” meme incorrectly assumes cars are just ma-
chines with nobody inside them, whereas in reality cars
and bicycles are both examples of cyborg technology.
Drivers or passengers are people too. They're just
wearing a bigger and heavier vironment.

"August 12, 2025 5:00 am, updated August 13, 2025 10:35
am”.

[3] S. Mann, “Can humans being clerks make clerks be hu-
man?k onnen menschen, die sich wie angestellte benehmen,
angestellte zu menschlichem verhalten bewegénf@tmation-
stechnik und Technische Informatiol. 43, no. 2, pp. 97-106,
2001.

[4] M. Arnd-Caddigan, “Sherry turkle: Alone together: Why we
expect more from technology and less from each other: Basic
books, new york, 2011, 348 pp, isbn 978-0465031467 (pbk),”
2015.

[5] K. Michael, “Enslaved,"IEEE Technology and Society Maga-
zing vol. 33, no. 4, pp. 5-10, 2014.

[6] S. Mann, “Can humans being machines make machines be
human?” in “Crossing the Border of Humanity: Cyborgs
in Ethics, Law, and Art”, International conference, Medical
University of 6dz M. Micha owska, Ed., 2021.

[7] S. Mann and C. Wyckoff, “Extended reality, mit 4-405, mas-

Fig. 7: Gord Edgar Downie Pier at Breakwater Park in  sachusetts institute of technology, cambridge, massachusetts,”

. P —, 1991, also available at http://wearcam.org/xr.htm.
downtown Kingston Ontario is open 24 hours a day 8] S. Mann, M. Cooper, B. Ferren, T. M. Coughlin, and P. Travers,

for unsupervised swimming (no staff present) and is = “advancing technology for humanity and earth (+ water+ air).”
simply labeled “Unsupervised swiming . Swim at your _ arXiv preprint arXiv:2501.000742024.
own risk” [9] S. C. Jansen and B. Martin, “The streisand effect and censor-
: ship back re,” International Journal of Communicatiorol. 9,
. ) i p. 16, 2015.
etc., which generate very little cash ow, while en{10] S. Mann, L.-T. Cheng, J. Robinson, K. Sumi, T. Nishida,
couraging use of motorboats and motor vehicles which S MatsushitaOmer FarukOzer, O.Ozlin, C. Oncel Tuzel,

V. Atalay, A. E. Cetin, J. Anhalt, A. Smailagic, D. P. Siewiorek,
generate more cash ow (and thus more tax dollars). ¢ Gemperle, D. Salber, S. Weber, J. Beck, J. Jennings, and

Indeed, Ontario's slogan / tagline changed from “Keep D. A. Ross, “Wearable ai,Intelligent Systems, IEEFol. 16,
it Beautiful” and “Yours to Discover” to now become[n] RAO- gi pp- 1—5d3'NM?(>|’_’J“”$C2%01- d spacastronaut

0 H ” . ynes an . Ine, yonorgs ana spac ronautics
Open for Business”. vol. 14, no. 9, pp. 26-27,and 74-75, Sept. 1960.

[12] M. Clynes, “personal communication,” 1996.
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The Ship of Kolympi: Opting out of the
world's oldest cyborg technology

Steve Mann

Fig. 1: The Ship of Kolympi asks questions about the right to choose not to use cyborg technology. Here an
in atable swimming pool is placed aboard a private vessel...

Abstract—In 1960, Manfred Clynes coined the word INTRODUCTION
“cyborg” (cybernetic organism) as a nexus of humans and .
technology. His favorite example of cyborg technology is ~ AS & metaphor we might regard technology (Al
the bicycle. | have argued that an even better example is Surveillance, and XR/XI cyber/cyborg-tech) as a self-
the boat, ship, or vessel. Indeed, the word “cybernetic” driving Porsche with no brakes in the sense that it is
is an Ancient Greek word “kubernetes” which means “to  ynstoppable today. Although we can't stop it, it has a

steer” a vessel, in regards to a helmsman (‘kuberman”), 4qer and we can still steer it. We must steer it, to
and forms the word “governor” in the sense of the h f d inabl ) f he f ' f
Latin word “gubernare” meaning “to steer or govern”  C art a safe an sustainable course for the future o
(as in “gubernator’ or “gubernatorial” which means humanity and Earth.
“of or relating to a governor”). Accordingly, “The Ship Cybernetics (cybersecurity, cyborgs, and everything
of Kolympi” is an allegory for responsible sociocyber- g|se “cyber”) comes from the Greek word kubernao,
physical technology governance with regard to cyborg \nich is the root of the English words “govern”,
technology in its many variations, including its absence. . " e .
governance”, and “cybernetics”. The word originally
referred to steering a ship, but has now evolved into
broader ideas of steering, guiding, or governing tech-
nology and society in general.



I've often been called “The world's rst cyborg” in
the mainstream media [13], [14], but Manfred Clynes,
who coined the term “cyborg” in the 1960s often said
that his favorite example of “cyborg” technology is the
bicycle [15] and bicycles have been in existence for
about 200 years!

Moreover, I've even argued that boats or vessels
upon the water are the world's rst cyborg technolo-
gies, i.e. the world's rst cyborgs existed more than
a million years ago, before the invention of clothing,
before the invention of the wheel, and even before the
existence of homo-sapiens. It was our ancient hominid
(hominoid, Homininae) ancestors who were cyborgs
aboard vessels more than a million years ago [16].

To stay true to the aquatic origins of all thingd=ig. 2: Endangerment as Denaturement Denatured
“Cyber”, Toronto serves as a good example to the reghiskey, rum, etc., was created as an art installation
of the world. It is the largest city on the Great Lakeslo ask if “ensewagement” is a deliberate attempt at
The Great Lakes hold about 1/5th of the world's (aboutenaturing public waters as a means of selling more
85 percent of North America's) freshwater supply. Théottled water and pool passes (i.e. to keep people from
world's largest lake (which holds about 1/10th thelrinking from or swimming in the lake) [18].
world's freshwater supply) is located in Ontario, of

which Toronto is the capital. d tured spirit ) db tor displ
Water is the foremost of today's concerns, from enatured spirits, wine, and beer Tor displdy purposes
nly, no tasting or drinking. See Fig 2.

cooling data centres, to environmental issues broug?"ltSafety is a basic human right, as is accessibility to

on by Al. . .
. ... water by small entities like swimmers, paddlers, and
Cybernetics + government today tends to prioritizg,,, ars (“little-cyborg” tech), not just big entities like

developmerjt even if it damages the environment a_’?ﬁotorboats and big yachts (“big-cyborg” tech).
our humanity. Presently, the Government of Ontario g¢ts to clean up Lake Ontario have been pro-
in Canada is removing bike lanes and has a bafessing well, and there are now places within the
on the |nstallat_|on of n.ew bike lanes. Devel_opers atBner harbour where it is safe to swim during much
often automobile-centric. The removal of bike laneg time when there has not been a recent rainfall. We
is intended to make more room for cars. Removal §faye nally learned that it makes more sense to just
sidewalks could be a next logical exten5|c_)r! of this 9%%eep the lake clean than to pollute the lake raising the
ernance, to create more room for se_zlf-drlvmg_cars thaj culty of purifying the water for uses like drinking.
carry us from our homes to supeIV|sed walking areag, emphasize this need, | created an art installation |
that might have names like the *Sunnyside Walkingjieq “mmersive Van Gogh” using a series of under-
Pavilion” or “Woodbine Walking Station”. water Van Gogh paintings to ask the question “Would
We're also seeing over-development of forests arybu throw garbage or sewage into an art gallery?”.
beaches like the Greenbelt and Ontario Place, takigge Fig 3. By turning the lake into an art gallery,
away public access to its accessible beach, and remgye Immserive Van Gogh Exhibit/Installation suggests
ing Toronto's only public accessibility ramps. Thanksespect for the lake. We installed also a camera looking
to this development, many persons with disabilities aig the paintings as a pollution monitor. See the camera
no longer able to access Lake Ontario. and solar panel in the lower-right corner of Fig 3 and
Our political leaders are prioritizing large motorizedhe electrical box at the bottom of the image.
boats like Hoverlink. The proliferation of larger and We call upon governments to balance the monetary
faster vessels makes swimming, paddling, and rowirgig-business pressures of development, with main-
more dangerous. Political leaders are clearing massianing access to the ‘little business” of swimming,
numbers of trees, e.g. downtown Toronto's only beaclpaddling, and rowing.
front forest was cleared, under cover of darkness in As an allegory for responsible governance, we prof-
one night [17], to prepare this public space for a 95er “The Ship of Kolympi” as a thought experiment
year lease to a private foreign spa company. It has evabout the freedom to access public space without being
been speculated that there is an incentive for large spaquired to purchase, rent, or otherwise hire or possess
building corporations to “endangerify” or “ensewage’a conveyance (vehicle, vessel, or the like).
the lake in order to sell more pool passes [18] (“Toxic For example, a person without a boat is often
Brand”). We call this phenomenon “Denatured Waterforbidden from accessing or entering water even when
akin to denatured alcohol (deliberate poisoning) aritlis safe to do so. Similarly, a late-night pedestrian or
created some art installations, Denaturement.com @glist may be denied access to food and water at a
parody or allegory. We created an ice cream parlouvestaurant when only the drive-through window is open
serving denatured ice cream for display purposes on(gs | explained in the Introduction).
(no eating or tasting), as well as a pub with only Consider the fundamental human right to safe access
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Fig. 4: The Ship of Kolympi scaled down to a single
pool for a single user (Al-generated gure).

Fig. 3:  Immersive Van Gogh Ex-
hibit/Installation/Pollution  monitor : the series

of underwater paintings is also monitored by a camera
system (see camera and solar panel in the lower right
corner of the image).

o ) Fig. 5: Modular version of The Ship of Kolympi made
to water for swimming or bathing (€.g. a cold-plunggom an in atable children's wading pool placed on
for health, therapy, or spiritual healing). Everyone, ingyp, of g large family-sized paddleboard. This is an Al-

cluding those with disabilities, has a basic right to safganerated image based on the photograph of Fig. 1.
water access, but that access is being taken away little

by little, with a proliferation of "NO SWIMMING”

signs, along with commercial developments of thgy docked at, or passing by, a "NO SWIMMING”
waterfront that leave few safe places to launch a kayajfeach. The pools could be lled with chlorinated water,
canoe, or paddleboard. Due to development, Torongp perhaps clean saltwater or freshwater from the
now has only one remaining beach, HTO Beach, thatirrounding ocean or lake, if the surrounding water
is wheelchair accessible all the way to the water's edggere clean enough. Consider next, downsizing that
The water quality there is quite good most of the timeship (or building a series of ships each one smaller
but it features "NO SWIMMING” signs and Marine than the one before ity to a ship with only one
Police who work hard to keep people out of the watepool, as shown in Fig. 4 (Al-generated gure). Here
My thought-experiment begins with a full-size conthe vessel is controlled by way of a cybernetic pool
veyance (e.g. ship or vehicle), from which piecethat senses water- ow using underwater sensors, so
or parts are removed or replaced with smaller onethat the swimmer can steer and control the vessel
until we reach a modest human-scale. It is perhapy swimming in the pool. Now suppose, rather than
analogous to “The Ship of Theseus” in which partpuilding a ship with a pool in it, we simply purchase
of a ship are replaced over time and the question s low-cost children's wading pool and place it on
whether it is the same ship even after all of its partgp of a family-size paddleboard, such as a 7-person
have been replaced with new parts leaving no origin8odyglove Crusader, as shown in the photograph of
parts. My question is not so much about the identitfig 1 and as illustrated in the Al-generated image of
of the ship but, rather, of its mere existence. Fig 5. In the setup shown in the photograph of Fig 1,
Consider rst a large cruise ship that may haveéhere are two SQ34 hydrophones in the pool, each
several pools that can be used, even when the shgceiving water wake from the swimmer in the pool
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Fig. 6: Swimming in my own private pool aboard my
own private vessel. Presently the pool contains more
than 320 million cubic miles (more than 1300 cubic
kilometers) of water. For safety, the vessel is tied to
a rope so that it cannot go more than about 30 feet
(about 10m) from shore.

and each being ampli ed and fed to a thruster on the

paddleboard. The port-side thruster is responsive to an

output of the port-side hydrophone and the starboard

side thruster is responsive to an output fo the starboard-

side hydrophone. So when the swimmer swims to

the right, the ship steers to the right, and when the

swimmer swims to the left, the ship steers to the left.

In this way the ship is controlled by swimming in its

pool. Thus the swimmer has the feeling of swimming

in the lake, but is not guilty of swimming in a NO

SWIMMING area, any more than swimmers aboard

a cruise ship are guilty of swimming when using th&ig. 7: State-of-Float™ research aboard the oating
pools aboard the cruise ship. island which is also used for cold plunges and cold-

In the prototype of Fig 1, the means of propulsion iglunge research.
by way of human-powered electric thrusters powered
from an array of hydrophones that generate electricity
from swimming in the pool. Thus the “ship” is pro-320 million cubic miles (more than 1300 million cubic
pelled forward by swimming in its pool. Here the pookilometers) of water in this pool.
water is totally separate from the lake. We also use the vessel for research on what we

Now suppose that pool were to be directly con‘{a” St.ate—of—FIoatT"’I , e.g. mindfglness _and medita-
nected to the surrounding water by a pipe of eveHon using the InteraXon Muse bram—se_ns!ng headband
increasing size. Eventually, as the ship gets smalldF;ig- 7), as well as for cold-plunges in its on-board
and the pipe connecting the ship's pool to the lake gef90l- See Tzanetakis et al. in this Symposium Pro-
larger, we might approach something that resembl€§€dings.
the Intex Relaxation Island Float Raft, which is a 7- Itis not hard to imagine that vessel decrease in size
person vessel, topologically equivalent to a torus (swif® & 5-person, 4-person, 3-person, 2-person, then 1-
ring), as shown in Fig. 6. No lifejackets are legallyperson swim island like a 1-person tire inner-tube or
required as the vessel is not underway. Lifejackef&Vvim ring.
should always be worn for safety when aboard a vesselAlternatively, consider an in atable rowboat with the
that is underway, but it is dif cult to swim wearing bottom cut out of as shown in Fig. 8 and in the video at
a lifejacket, so it is common and safe to remove thettps://www.youtube.com/watch?v=8GBwDQHAH08
lifejacket to jump into a pool that is aboard a vesseghowing the construction process (e.g. unboxing
For safety the vessel is tied to shore. Because mooriaf the new vessel, inating it, and cutting out the
is not allowed, the other end of the rope is tied to mppottom), and getting it underway. For safety, | carry
modi ed wheelchair which is legally considered partwo lifejackets aboard the vessel, one for myself,
of my body. Thus | am swimming in a pool aboardand an additional lifejacket in case | end up needing
my own private vessel that is tied by a rope to a pai® rescue someone that | might nd in the water.
of my body that is on shore. The pools is bottomlesd have rescued people from the water on previous
and its water is the lake's water which is connected toccasions.). See Fig. 9.
the world's oceans, and therefore the amount of water Next consider a paddleboard, propelled by human
in my pool is the water of the Great Lakes and thpower, at rst with full-size paddles, e.g. a standup
oceans of the world. In this sense we have more tha@addleboard (SUP). It can be paddled, or it can be
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Fig. 10: I'm not swimming, I'm just towing my
stand-up paddleboard (SUP) out into the lake. For
safety there are personal oatation devices, emergency
food and water, camping supplies, signaling, commu-
nications equipment, lighting, and emergency light-
ing equipment aboard the vessel. The board itself is
brightly-colored and highly visible to match the bright
orange “high-viz” swimcap. There are also paddles
aboard the vessel.

Next, consider a paddleboard that uses hand-paddles.
Hand-paddles were invented by Benjamin Franklin at
the age of 11, for swimming in Boston's Charles River.
They are often used by swimmers for developing arm

gstrength.

Next, consider a paddleboard propelled by some-
one without paddles at all, e.g. just hand-paddling
with bare hands. Paddleboarding with bare hands (i.e.
without a paddle) is known as “prone paddleboarding”
or “traditional paddleboarding” in contrast to modern
(stand-up) paddleboarding. Traditional paddleboarding
is pictured in the 1781 engraving by ship artist John
Webber who accompanied Captain James Cook to the
Sandwich Islands in 1778. See the excerpt of the
engraving showing a surf-style of paddling with a
paddleboard in the foreground of Fig. 11.

Next might come a smaller and smaller paddleboard,
surf rescue board, surfboard, or the like. Some surf-
boards are in atable such as shown in Fig 12, and
although one can't stand on such a surfboard very
effectively, it is excellent for practicing of paddling

] o ) ) skills that are important to sur ng. It folds up into
Fig. 90 I'm not swimming, I'm just towing my Ves- 5 small pocket-sized package that weighs less than 1
sel (with its built-in pool) out into the lake. Safetypound (less than 1/2kg).
Firstt The Towboat/Row oat is equipped with tWo Ag we continue to shrink the Ship of Kolympi,
lifejackets, two whistles, towropes, and communiationge might perhaps eventually end up with a small
and navigation equipment, wearable navigation systefekboard, propelled in much the same way as the
headup display for navigation, signalling, and Otheéodyglove Crusader prototype, by kicking. Surng
safety equipment. shortboards about 6 feet (about 2m) long are common,
as are bodyboards about 3 feet (about 1m) long. Such
vessels facilitate strokes very similar to swimming, e.g.
paddling “freestyle” or paddling “butter y” or paddling
“breaststroke”. See for example Fig. 13

Fig. 8: The Towboat™ or Row oat™ , a version o
tow oat that is a boat.

WEARABOAT™

Consider now a wearable paddleboard, even smaller,
like perhaps 1 foot long (about 30cm long). See Fig 14.
The experience is like paddling on a surfboard that one

can never “wipe out” from.
towed with a front-tether. For safety, it is beter to waist-

tether a paddleboard than to ankle-tether it, because in NECKBOAT
an emergency it is easier to free one's self from the Whereas yachts are usually measured in feet, going
waist tether (e.g. entanglement in rapids). See Fig 1€mnaller, we might want to start measuring vessels in
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Fig. 11: Indigenous Polynesian paddleboarding in the 1700s (traditional paddleboarding with no paddle) visible
in the foreground near the bottom of the picture.

Fig. 12: Paddleboarding on a pocket-sized in atable
surfboard that weighs less than 1 pound (less than 1kg).

inches, such as the 4-inch (approx. 10cm) vessel of
Fig 15. Eventually we come to realize the legal ction
of a “NO SWIMMING” sign.

We often do crossings from downtown Toronto
(mainland) to the Toronto Island. For safety, we always
go in large groups, accompanied by large vessels

moving slpwly with us. i Fig. 13: Not swimming, just paddleboarding. A short
Interestingly, one of our members of SWlmOP.corgtyrofoam bodyboard approx. 3 feet (approx. 1m)

(Swim at Ontario Place) joined a group of us to do g, is perhaps a minimum viable vessel (minimum
crossing from Ontario Place East Island to the Toron@(i

. . owable cyborg prosthesis) that one must posess to

Islan(_js, landing on Hanl_ans beach a_t Centre Islal allowed to enter the water.
wearing a Neckboat. During the crossing he wore the
Neckboat pictured in Fig. 16.

Interestingly he lost this vessel (it came loose from
the string around his neck) on his return trip. As he
did not become aware of losing the vessel until landing designated swimming beach, where swimming is
back on East Island, he must have been swimmirgowed, one could argue that he wasn't in violation
for the portion of the trip during which the vessebf the rule, as there appears to be no speci cation as
came loose from his neck. In this way he may hauwe how far one can stray from a designated swimming
unknowingly broken the NO SWIMMING rule. How- spot before being considered to be no longer at that
ever, because he started at Hanlan's beach whichbisach.
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written, using the available laser-engraving equipment,
to identify it as NOT SWIMMING. See Fig 19

Having spent more than a year at Stanford Uni-
versity, and studying some of the work done there,
I am presently exploring the use of a scanning tun-
neling microscope (STM) to arrange individual atoms
or molecules in a two-dimensional pattern to make
text identifying a very small vessel as “NOT SWIM-
MING”. | name this vessel the QuectoYacht™ , af-
ter the smallest metric pre x “quecto” which means
10 0,

Unfortunately, for the swimmer, this might require
that Marine Police equip themselves with a scanning
electron microscope to read the indicia on the yacht, so
that they can determine whether a person is guilty of
swimming, or is merely boating (e.g. paddleboarding).

Y OKTOYACHT MEME

As a form of outreach, we ran a series of boatbuild-
ing workshops and engaged members of the commu-
nity, as well as other members of our research teams

] ] o to make boats as well as to personalize them as works
Fig. 14: “Wearaboat™” (wearable boat) is a miniaturgs 4t (Fig. 20).

paddleboard, attached to the body so it doesn't fall off.
SAFELY CONNECTING TO NATURE

A CONTINUUM OF SMALLER AND SMALLER An of.C|aI m|.ght pe tempted to pick a point along
VESSELS the continuum in which the boater can stay dry as being

a de ning boundary of what one might think of as a

The laws regarding swimming fail to de ne whatreal vessel. However, another question we can address
is meant by “vessel”, leaving us to wonder just howis how to make an extremely safe vessel that also
much cyborg technology one must “wear” in ordegllows the boater to completely connect with the water.
to be allowed access to the water, e.g. especially f@routriggers are added to a very small 12-inch (about
those without means or time to travel to a place whe@cm) wide paddleboard, it becomes stable enough to
swimming is allowed, or those with disabilities whosupport one or more tall masts (Fig. 21). The vessel
have no choice but to swim where they can access thgs a visibility mast that can be seen by other vessels
water. and can also house a computer vision system, camera,

We seek not so much to answer all these questiofsdar, and navigation system with antenna, etc., feeding
but simply to raise questions. As James Baldwin onggto a VR (Virtual Reality) or XR (eXtended Reality)
said “the purpose of art is to lay bare the questionseadset.
that have been hidden by the answers”. This vessel can also accommodate illuminated

Consider a continuum of smaller and smaller vessedgasts, 10 feet (appprox. 3m) tall one on the starboard
(Fig. 17). At what point is one committing the crimepontoon, and another on the port pontoon, for visibility,
of swimming as one chooses vessels of less and legsd can support three full-size ags one ying from
encumberance? each mast, so that the vessel can be clearly seen by
other vessels from at least a mile or so (approx. 1.6km)
away. An example ag mast is shown in Fig 22.

The concepts of microyachts and nanoyachts haveAt the same time, the captain of this ship can
been introduced. Now | introduce the YoktoYachtdo freestyle, buttery, breaststroke, and backstroke
which might be de ned as the smallest yacht for #addling and remain completely in the water, soaking
person to go “NOT SWIMMING?”. Yokto is the metric Wet, and even see underwater with an underwater
pre x of 10 24, VR / XR headset connected to the onboard sonar

We might wish to adopt a sense of creative humogystem for navigation that works above and below the
in de ning what might be a soft-boundary betweenyvater, combining radar, sonar, and computer vision for
swimming and NOT SWIMMING, perhaps at themaximum safety and navigational capability.
edges of human visibility and eyesight.

I made a series of variously-sized “YoktoYachts”
(wooden boats) using a laser cutter/engraver, as showrin summary, safety is a basic human right, as is safe
in Fig. 18 access to safe water. We call upon all authorities to pri-

It was found that a 3/4 inch (approx. 19mm) longpritize safe water accessibility and to ensure that water
boat was the smallest upon which legible text could bemains safe for everyone, not just those in big boats.

MICROYACHTS, NANOYACHTS... YOKTOYACHT™

CONCLUSION: SAFETY AS A HUMAN -RIGHT
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Fig. 15: “Neckboat™", a necklace-based vessel... perhaps a good-luck charm for protection from the Marine
Police.

Fig. 16: Neckboat worn by one of the members of a
group of people crossing from Ontario Place East Is-
land to the Toronto Islands, pictured here after landing
on Hanlan's beach at Centre Island.

We envision a place we call “Mobase” as a base-of-

operations for mobility and accessibility in downtown

Toronto around Peter Street Basin (“Mobasin”), HTQrig. 17: Variously sized embodiments of the Ship of
Urban Beach, and Harbourfront Canoe and Kayakolympi randing from 11feet (approx. 3m) to 1 inch
Centre. And we also call upon ourselves and eaghpprox. 3cm).

other to engage in Safetymaking™, to make the world

safer, especially when and where our authorities can't
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Fig. 18: Yoktoyachts™ lasercut/engraved in varying
sizes to determine the smallest size with legible text.

or won't. For example, when the safety ladders began
to fall off the dock wall, as the nuts and bolts were
coming loose, we contacted all of the various author-
ities to request that they be repaired or maintained.
Over a period of many years, our calls were ignored
and the ladders began to deteriorate, and some were
lost as they fell off the wall and sank to the bottom
of the lake. As a result, we formed Safetymaking™
and purchased the necessary supplies to maintain
them (Fig. 23). Safetymaking is the community-driven
process of transforming dangerous public spaces into
safe accessible places that foster connection between
people and their environment for health and well-being.
This process begins through raising awareness and
contacting other organizations who might be able to
help. Safetymaking also builds trust and community-
connectedness, in nding solutions to make the com-
munity safer when larger, distant, or more bureaucratic
organizations can't or won't. Safetymaking follows
the concepts of placemaking when authors like Jane
Jacobs campaigned for cities to be more pedestrian-
friendly rather than only car or commerce-friendly. Her
idea of “eyes on the street” can be embodied through
the modern concept of safeguarding humanity through

sousveillance. . i . .
More generally, Safetymaking aims to balancg/lg' 19: A boat approximately 3/4 of an inch (approx.

big boats, big data, and big-watching (surveillanc 9mm) long was found to be the smallest boat upon
with little boats (swimming or paddiing). little data hich clearly legible text could be written on the rough

_ . . _ . wooden surface, using the available laser-engraving
(blockchain) and little-watching (sousveillance). We reequipment. We are presently exploring the use of a

oé?:anning tuneling microscope to arrange individual

riding a bicycle or a person riding on a vessel. Bu:!\toms on a metal surface to create the QuectoYacht™.
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Fig. 21: Even a very narrow 12-inch (approx. 30cm)

wide paddleboard can be made stable enough to

support one or more tall masts, simply by adding

outriggers. Here two outriggers convert the miniature
Fig. 20: Community involvement in the YokoYachtp""ddIGboar,d .to_ a trimarin that can support up to 3 tall
meme... boatbuilding as art. masts for visibility and safety.

we must never adopt technologies that become comiminal Spaces of Body, Ownership, and Control.”
pulsory or enslave us. We must balance the bene ts gf Humanity In-Between and Beyond, Monika
technology with the right to, at least once in a whileMicha owska, ed, pp. 141-152.: Springer International
not use the technology. The right to swim is the rightublishing, 2023 [19]. There is an inherent con ict-of-
to be a non-cyborg, even if only brie y. interest that makes it pro table for governments and
The Swimboat™, Wearaboat™, Neckboat™g¢orporations to pollute our lakes and rivers, creating
“Swoating™”, Ship of Kolympi™, etc., were invented“denatured waters”, making it unsafe to swim, so
by S. Mann in Canada, and also form what ipeople need to use motorboats rather than risk falling
known as a Minimum Allowable Cyborg Technologyfrom a smaller vessel like a kayak or paddleboard,
(MACT), Minimum Allowable Vessel (MAV) or and so that people need to buy bottled water to drink
Minimum Viable Vessel (MVV); see Mann, Steve. "...rather than tap water from the lake. The MACT
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Fig. 22: Freestyle (front-crawl) “Swoating™ ” in police-infested waters. A Marine Police boat, visible in the
background, has just passed by and did not have issue with this activity. A highly visible agpole also serves
as a lifejacket rack.

is a rst-step towards raising awareness about this
potential con ict-of-interest. Getting more people “in”
the water is the rst step toward protecting our supply
of drinking water and the MACT/Kolympi can help
with this goal.

See also “The Ship of Theseus”, also known as
“Theseus's Paradox”.

Notes: The ship's name, Kolympi or Kolymvisis,
derives from the Greek word for "swimming”, e.g.
no swimming;igi kol®Ompi: 6chi kolympi swimming;
kolOmpi kolympi the ship of swimmingto ploPo thc
kolOmbhshg to pldo tis kolymvisis
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Abstract—This study investigates the neurophysiological effects improving personal brain health and cognitive performance

of cold water exposure by analyzing EEG data collected using a through accessible, real-time neural monitoring.
MUSE headband. The research evaluates changes in brainwave

activity before, during, and after cold plunges, focusing on the Il. BACKGROUND
modulation of alpha, beta, delta, theta, and gamma bands. Results ) )
demonstrate signi cant increases in alpha, beta, and gamma  he human brain operates through complex electrical ac-

activity, suggesting enhanced focus, relaxation, and cognitive tivity that can be measured non-invasively using electroen-
function following cold exposure. The study also explores the cephalography (EEG). EEG captures voltage uctuations gen-
implications for long-term brain health and cognitive resilience.  arateqd by neuronal activity and classi es them into distinct
Index Terms—component, formatting, style, styling, insert frequency bands: delta (0—4 Hz), theta (4-8 Hz), alpha (8-12
Hz), beta (12-40 Hz), and gamma (above 40 Hz). Each of
|. INTRODUCTION these bands corresponds to different cognitive and physio-
logical states. Delta waves are associated with deep sleep
Cold water immersion, or cold plunging, has gained atnd restoration, theta with creativity and light sleep, alpha
tention for its potential physical and psychological bene tswith calm and relaxed alertness, beta with focused mental
including reduced in ammation, improved circulation, andctivity, and gamma with high-level cognitive functions such
enhanced mood [1]. Recent studies have begun to explore #eperception, memory integration, and consciousness [2].
neurophysiological mechanisms underlying these effects, yeRecent interest has grown around using EEG to explore
few have quantitatively examined how cold water exposufpw external environmental factors, such as temperature and
alters brain activity in real-time. With the rise of consumersensory stimulation, in uence brain activity and overall cogni-
accessible electroencephalography (EEG) technology, ittige performance. One such factor is cold water immersion, a
now possible to investigate these effects through non-invasjygctice used in athletic recovery and increasingly adopted in
brainwave monitoring. wellness communities for its reported psychological bene ts
Brainwave activity can be categorized into several frequenflj. Cold exposure activates the sympathetic nervous system
bands—delta, theta, alpha, beta, and gamma—each associatetitriggers a stress response, but it is followed by parasym-
with distinct cognitive and emotional states. For exampl@athetic rebound, which can restore physiological balance and
alpha waves are commonly linked with relaxation and mentatomote mental clarity [3, 4].
clarity, while beta and gamma waves are associated withAlpha waves, in particular, are considered a neural marker of
alertness, focus, and high-level cognitive processing. Undeslaxation and readiness. A key metric used to evaluate alpha-
standing how these brainwave patterns change in responseetated brain function is Peak Alpha Frequency (PAF), which
cold exposure can offer new insights into the neural basis @fpresents the dominant oscillation within the alpha band. PAF
stress resilience, mood regulation, and cognitive enhanceméials been associated with cognitive performance, attention,
This study utilizes the MUSE™ headband, a portable EE@&d mental well-being. Higher PAF values are correlated
device, to track and analyze changes in brainwave activityith better working memory and faster information process-
before, during, and after cold water immersion. The goal is tog, while lower PAF is linked with depression, attention-
determine how cold exposure modulates brain function bode cit/hyperactivity disorder (ADHD), and cognitive decline
acutely and over short-term recovery periods. By analyziijg, 6].
EEG data across key brain regions and frequency bands, thign the context of cold exposure, changes in brainwave
research contributes to a growing body of work aimed diynamics, especially in the alpha, beta, and gamma ranges, can
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6) Logarithmic TransformationTo improve comparability
across participants and conditions, power values were con-
verted to decibels (dB) using the formula:

Powegs = 10 log,y(Bandpowey

7) Output and Visualization:

A .csv le was generated with columns representing

sample number and bandpower (in dB) per channel and

per frequency band.

Line plots and bar charts were created to visualize trends

in bandpower over time and across different cold plunge

phases.

Comparative plots were generated to assess changes
Fig. 3. Subject 1 partaking in cold plunge relative to the Sudoku control baseline.

This methodology enabled the extraction of reliable and
interpretable neural biomarkers for assessing the cognitive
impact of cold exposure. The combination of wearable EEG
hardware, microcontroller-based streaming, and signal pro-
cessing techniques provided the overall system for conducting
this neurophysiological experiment.

IV. RESULTS

The plots shown in Fig. 5 and Fig. 6 demonstrate the
processed EEG data from two subjects for before, during, and
after the cold plunge.

Fig. 4. Subject 2 partaking in cold plunge

2) Bandpass Filtering:A Butterworth bandpass lIter (5th
order) was applied to limit the frequency range from 0.5
Hz to 50 Hz. The lItering was implemented in zero-phase
mode usingscipy.signal filtfilt to preserve tem-
poral alignment and avoid phase distortion.
3) Sliding Window Segmentatiorthe lItered signal was
segmented using 5-second windows with a 2-second overlap
to balance temporal resolution and frequency stability.
4) Power Spectral Density (PSD) Estimatiofiwo methods
were used for estimating PSD: Fig. 5. Brain wave data from Despina's cold plunge. The left black vertical
Fast Fourier Transform (FFT): Converted time-domaitipe shows the entry into the bathtub and the right one shows exit time from
segments into frequency-domain spectra. the bathtub
Multitaper Method: Applied multiple tapers to each seg-
ment before FFT to reduce spectral leakage. Implementgd
via psd_array_multitaper from the MNE-Python
library, this method averages power estimates acrosdPuring the cold-water immersion, all EEG frequency bands
tapers for a more robust PSD. exhibited an initial spike in power followed by a gradual
5) Bandpower Extraction:Power was integrated acrosgecrease, indicating an immediate neural response to the
standard EEG frequency bands: thermal stress.
Delta (0.5-4 Hz): Deep sleep and recovery
Theta (4-8 Hz): Memory, creativity

Cold-Water Immersion

B. Post-Exposure Observations

Alpha (8-13 Hz): Relaxation, focus After the subjects exited the cold environment, a sustained
Beta (13-30 Hz): Alertness, cognition increase in EEG band power was observed relative to their
Gamma (30-50 Hz): Learning, perception resting state, suggesting a rebound or recovery effect.
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The Muse devices can collect EEG data from the electrodésMotivation

TP9, AF7, AF8, and TP10 [9]. As found during the develop- conyentional EEG and fNIRS devices continue to be costly,
ment of the MuseCroc Mobile, the Muse can output EEG dadgationary, and limited to laboratory or clinical environments.
in the form of Raw EEG in uV, Relative Frequency values anese |imitations circumscribe the variety of populations and
proportion of total EEG signal, or Absolute Frequency valuggntexts that can be investigated. Mobile and consumer-
In uv. class devices, by contrast, promise inexpensive, scalable, and
-Mobile is thus not merely to be a proof of technical feasibility,

The Muse S Athena is the latest Muse headband offeri L " .
from Interaxon, released in 2025. One of the biggest irrE)-%t to open up biosignal acquisition to students, independent

. . researchers, and small laboratories, allowing them to conduct
provements offered by the Athena is the new functional near- . LT . :
: substantive neuroscienti ¢ inquiry without access to special-
infrared spectroscopy (fNIRS) system. ; ; . T .
; . _ized infrastructure. This motivation is in accordance with
fNIRS is a technology used to measure Hemoglobin ar) T . ; . .
S . - .recent directions in mobile health, edge computing, and citizen
Deoxyhemoglobin in the human brain, with examples of its . . - e
. . . . Science, in which small, portable instruments are facilitating
use including assessment of task-related cortical function an . R R o
o Lo reater inclusivity in scienti ¢ investigation.
monitoring of cerebral oxygenation in neonatal ICUs [10[
fNIRS systems operate by measuring the absorption of relevant [1l. METHODOLOGY

wavelengths of light, allowing operators to measure blood ow

and hemoglobin species in the brain [10]. , an easy to use, portable, and freely distributable application
The Muse S Athena is a recently rel_eased device that alloy&s support and streamline accessible research using Muse
for EEG, PPG, and iNIRS Data collection. The Muse S At,heri?eadbands. The secondary goal is to create a reusable wrapper
'S a cpmp_act hgg(_jband Fhat can be worn while sleepl_n_g f8f the Muse SDK in order to simplify SDK use and allow
engaging in activities. Th's allows for a plethora. of exciting,, developers and researchers in MannLab and collaborating
new researc_h opportunl.tles ) I.O.W'COSt’ IOcat'on"ndependemganizations to create custom mobile applications for use in
and accessible fNIRS in addition to EEG for research Rsearch
diverse environments and settings. In order to support these goals, the architecture of the
C. PPG - Heart Rate Tracking program has been broadly divided into two parts - the Muse

PhotoPlethysomoGraphy, or PPG, is a low-cost & nof-oreground Service, which interacts with the Muse SDK and

invasive method of measuring blood volume changes in tRUOWS for easy portability between programs, and the main UI,
microvascular bed of tissue that is commonly used to evaludtBich exists as an easy to understand interface for observing
the function of the cardiovascular system, including heart rdfedl-ime muse data and le management.

[11]. Multiple models of Muse headset contain PPG sensors,| "€ Muse Foreground Service handles the detection and

and collecting this data allows for the evaluation of heart raf@nnection to Muse headbands, and cgntains buffers to hold
over time. streamed data as well as le recording components that

manage the collection of streamed data to .csv les. The Muse

D. Gyroscope and Accelerometer streams data via packets over BLE, and each time a packet is

In addition to EEG, PPG, & fNIRS, Muses are also capableceived the relevant buffers are updated and written to the
of collecting accelerometer and gyroscope data. This data he8v le. The foreground service has a much simpler interface
been used in the physical tracking of participant's movemetitan the SDK as a whole, and contains methods and variables
[9]. The ability to track movement and orientation alongsidéat allow for automatic management of device settings and
EEG, PPG, and fNIRS data with a portable system can allgi@ta collection.
for diverse potential research applications, many of whi
could exist outside of typical lab or medical settings.

The primary goal of this development project is to create

C/Q Program Use & Operation

The user interface of the program consists of four sections.
E. What is a "MuseCroc™? The rst section contains a list of available Muse headbands,
"MuseCroc” is a term coined at MannLab, Toronto, Canadand will display information about the currently connected
and refers to a device or software that captures data broadchestice if present. This section is visible in Figure 4.
by a Muse device [9], [12]. There have been two previous The second section contains live visualization of EEG
MuseCroc projects - the more recent being a ESP32-Basadctrode connection quality, as well as the average relative
device that can capture raw Muse data and write it to an S2quency values across all electrodes. This section is intended
card [9], and an earlier ESP32-based device used to contmlallow for live assessment of EEG t and data streaming
interactive devices with brain activity [12]. when a Muse is connected. This section is visible in Figure 5.
The intention of this project is to carry the spirit of the The third section contains a selection of data types that
MuseCroc to accessible software to allow for easy accessn be collected and recorded by the Muse. The Muse Fore-
to Muse data. No source code from the rst two projects iground Service will automatically select ideal presets and
present in this application, however the spirit and goal remaiisteners on the Muse device based on desired data (EEG
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Fig. 6: Screenshot of Streaming Toggles & File Export Con-
trols

Fig. 4: Screenshot of Muse Information & Connection Control

Fig. 5: Screenshot of EEG Connection Quality & RelatiVe,qication and Connection Quality

Freqguencies

In addition to artifact detection, we can view the HSI status
by electrode as well. These values are generated by the Muse
and sent alongside EEG data, and are intended to serve as
an indicator of the quality of connection on the provided
electrodes. These values are explained in the SDK, with a
value of 1 meaning a good connection exists, 2 meaning a
poor connection exists, and 4 meaning no connection or a very
poor connection exists. The HSI values over our 30-second
experiment are visible in Figure 8.

These HSI and Artifact Detection values are the same as
what is displayed to the user in real-time using the horizontal
bar-shaped Connection Strength/Artifact Detection indicators
in the Ul. Although researchers may wish to use different
methods to evaluate signal quality and artifact presence, these
metrics remain useful because of their simplicity and real-time
generation by the Muse.

B. Raw EEG

The next metric we will be displaying is the Raw EEG data
in microvolts, which is collected by the Muse along each of
the TP9, AF7, AF8, and TP10 electrodes. The graphs of these
values in uV over our 30 second experiment are visible in
Figure 9.

C. EEG Relative Frequencies

The Muse SDK allows for live output relative and absolute
band power of different frequency ranges. Much like Artifact
researchers may wish to
use different methods to generate these values. However, these
packets provide an easy to use and simple to visualize source
of insight into brain activity. These values are created by the
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V. FURTHER RESEARCH it to represent their work or products must receive permission

Advancement in EEG & fNIRS technology has brought u§0m Steve Mann of MannLab to do so.
to a point where research can be conducted using low-cost!N€ application MuseCroc Mobile was developed by
portable technology like the Muse headbands. The goal of tiftitchell Seitz, Wlth the assistance & support_ of those listed as
project, much like previous MuseCroc projects developed %@-.authors of this paper. Source code contains the Muse SDK,
MannLab, is to facilitate and encourage research in diverse s&fiich is property of Interaxon Inc. _
tings that may be unsuitable or impractical for traditional EEG !f you would like to collaborate, please email me at
or fNIRS systems, in addition to creating easily distributabl@seitz@mseitz.dev. Individuals who would like to collaborate

systems to allow for higher quantities of research done I develop using the source code of this application must be
more people. authorized to use the Muse SDK by Interaxon Inc.
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Neuromatic: A Multimodal Interface for Mobility
Aid Using EEG and Gesture Recognition

Harrison Ossias, Eric Fan, Jessy Ma
University of Toronto
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Abstract—Neuromatic is a wearable, multimodal interface that I1l. HARDWARE
leverages brainwave data and computer vision to provide intu-
itive, reliable actuation of smart devices. By fusing EEG signals The system integrates EEG, visual sensing, and local actu-
from the Muse S headband with real-time gesture recognition gtion into a single wearable pipeline designed for real-time,

via a wearable Pi Camera module, the system provides a closed- : ; : .
loop control experience for users with mobility impairments. This closed-loop interaction. The hardware is modular and opti

paper presents the hardware design, communication protocols, mized for low-latency, event-triggered control across varied
and edge inference architecture used to implement Neuromatic. compute platforms.

I. INTRODUCTION A. A. EEG Interface

~ Innovations in industry for technology that automatically it reads raw brainwave activity on four channels using the
interface with the population brings about the question @fuse S EEG headband. It communicates via Bluetooth Low

user-friendliness and surveillance of non-user-controlled teghnergy (BLE) to a local edge server on the actuator.
nology dominating our lives. Wearable technology such as

smart glasses, the Apple Vision Pro and smartwatches h@/e
given us a solution to bridge this divide between technology
and society. In parallel, devices capable of reading brain-A Raspberry Pi Zero 2W with a Pi Camera v1.3 attached
waves, like the Muse EEG headset, have opened up nisapowered by a 3.7V LiPo battery and housed in a PETG
possibilities in 10T by allowing cognitive input to in uence 3D-printed case clipped to the front of the Muse headset. This
smart systems. By combining brainwave data with computsrodule is activated on BLE proximity to a known actuator and
vision techniques and wearable tech, users can experienceébagins to look for QR codes, which are target device addresses
Extended Reality (XR) environment—one where thought ared MQTT topics. When a code is detected, the Pi streams video
visual input collaborate to provide intuitive, conscious contrab the provided server for gesture recognition and multimodal
over surroundings. This project explores the development folsion.

such a system, named Neuromatic.

B. Visual Sensing and QR Localization

C. C. Multimodal Integration and Actuation Logic
Il. BACKGROUND
The actuator node merges EEG and gesture input through a

_One of the major challenges faced by individuals with mgsigital "AND" gate approach—actuation will only take place
bility limitations or impairments from disabilities is accessingf poth modalities agree on intent. Server-side gesture recogni-
appliances and elements around their home. Everyday tagkh using MediaPipe Hands detects 21-point hand landmark
such as opening doors, cabinets, interacting with high placggnstellations and infer actions (pointing, gripping, etc.). EEG-

knobs and switches can become signi cant obstacles withq4ised intent con rmation prevents accidental activations from
assistance. Even smart appliances that offer accessibility s{sual gestures or noise.

vices often do so by offering touch control or voice activation
solutions, Whlch may not pe S}Jltable for all users. D. E. Enclosure and Power Design
Neuromatic functions with input from hand gesture data
collected from a wearable camera and the Muse EEG headsefhe enclosure design incorporates snap-t mounting for
in order to provide real-time decisions on actuation of aphe internal components, a front aperture for the camera, and
pliances around the home. By combining gesture recognitigantilation slots for passive cooling. PETG was selected due
with cognitive con rmation, Neuromatic ensures that onlyo its mechanical strength and resistance to UV. The case
intentional actions trigger system responses. This dual-layecludes a dedicated slot for a universal snap-t clip that uses
approach enhances both accessibility and safety, empowerngantilever arm mechanism for secure attachment to head-
users to interact with their surroundings in a seamless amsbunted equipment. This design enhances stability during
digni ed way. movement while allowing quick removal and replacement.
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D. 2.4 Dashboard and Control Interface FUTURE WORK
A web-based dashboard provides real-time visualization ofLooking ahead, several key developments are planned to
all system components and allows users to de ne custoemhance the capabilities and accessibility of the Neuromatic
triggers and actions. Through this interface, users can:  system.
Monitor their EEG signals in real-time with visual feed- First, implementing a BLE (Bluetooth Low Energy) range-

back to-actuator nder will enable the system to dynamically iden-
See recognized gestures as they perform them tify and connect to nearby smart devices, allowing for more

De ne custom combinations of inputs that trigger speci ccontext-aware interactions within the home. BLE is already
actions a commonly used method for communication in wearable
Con gure new devices and control schemes technology and 10T systems, due to its low power consumption
The dashboard is built with Flask and WebSocket to ensi#8d ability to maintain stable connections for short distances
responsive feedback. (10-30 meters indoors). As such, we would like to scale the

design of Neuromatic to accommodate BLE.
E. 2.5 Output and Device Control Additionally, to encourage community-driven innovation

The nal stage is the communication layer, which transmitgnd wider traction/popularity, the Neuromatic software devel-
commands to smart devices using the MQTT protocol. Ti@ment kit (SDK) and hardware housing designs will be open-
system is currently designed to control ESP32-based sm$ftirced, providing developers and makers with the tools to
home components but can be extended to any device tRestomize and expand the system.

supports MQTT or similar protocols. Finally, the reliability of the EEG data is dependent on
large-scale data collection. This will be prioritized to capture
VI. CONCLUSION a diverse range of EEG signals and gesture patterns, which

Neuromatic provides an interface between society and teaill help improve the inclusivity of the system. With more
nology via human input and realizes XR (Extended Redfata _and_further tuning of the machlng learning models_ for
ity) while providing a solution for individuals with mobil- classi cation, the accuracy of gesture will be re ned, ensuring
|ty impairments_ Neuromatic differs from traditional SmarfObUSt performance across various users and environments.
systems which often automate tasks like opening doors or
controlling appliances, but which frequently lack user-centered o _ . o
design—especially for those unable to use voice or touch i[l]ll Google. "MediaPipe Hands.” [Online]. Available: https://mediapipe.

. ) . . readthedocs.io/en/latest/solutions/hands.html
terfaces. By con rming deliberate intent through EEG signal§z] Google. "3D hand pose estimation using MediaPipe and Tensor-
Neuromatic enables users to intuitively and safely control their FIO/W-J'SQ N%V- 202# [<|Dnline]- Available: https://blog.tensor ow.org/2021/

; ; ; i i 11/3D-handpose.htm

environment via a blend of physical gestures.and cognitive i ] Gatoninja236. "Scan QR Codes in Real-Time with Raspberry Pi”
put. Wearable technology such as Neuromatic responds to thenackster.io. [Online]. Available: https:/www.hackster.io/gatoninja236/
global culture of surveillance by a system of sous-veillance, scan-gr-codes-in-real-time-with-raspberry-pi-a5268b

: ; ; oogle. "Handtrack.js: Tracking hand interactions made easy.”
€MPOWErS USers with greater mde_pende_nce, globalizes the [ﬁ]‘:“%ov. 2019. [Online]. Available: https:/blog.tensor ow.org/2019/11/
of XR and provides a higher quality of life for many. handtrackjs-tracking-hand-interactions.htm|
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long they want to play. Once the game starts, players dive Adjusts things like speed, turning, and braking

into timed challenges that change based on the “road” they're based on tilt

driving on. The IMU tracks body movements in real time, Renders road types like traf ¢ zones, construction

letting players control the vehicle by shifting their weight, sites, and winding paths

like steering with your core. Handles physics, collisions, and the points system
The game features three environments that switch on the in real time

y: busy traf ¢ streets, tricky construction areas, and curvy The system was also designed to be exible. Developers
mountain roads. Each one is designed to work differerfan tweak things like tilt sensitivity and response thresholds,
parts of your core and test things like posture, balanc@hich makes it easier to add future features like adaptive
and reaction speed. There are rewards for good control agf culty or personalized workout modes. All of this adds

penalties for poor form, all built into the gameplay to keefyp to a smooth, immersive gameplay experience with plenty

players focused and motivated. of room to grow.
A lot of what makes Spinal Drift work comes down to fast,
accurate data processing. The motion data is sent through V. FUTURE IMPROVEMENTS

a local connection and interpreted by the game's physics To further re ne the user experience in making it both
engine, which reacts instantly to the player's movementsnore interactive and therapeutic, the team has begun looking
That way, what you do physically matches exactly what yointo advancements for Spinal Drift. These include optimizing
see on screen. This helps build a stronger connection betwe®e sensor technology of the IMU, which will allow for more
body control and performance. accurate monitoring of posture and core engagement. One
method to do this is through including adaptive calibration
systems that will allow the user to tune the sensitivity
The core of this system is a cross-platform mobile appf the tilt controls that best suit their exercise levels and
built with React Native and the Expo framework. This combffer personalized dif culty settings. Furthermore, in terms
was chosen because it's quick to develop and works smoothdy gameplay, the team has discussed the implementation
across both iOS and Android devices. The app taps into thg multiplayer functionality that will increase engagement
phone’s gyroscope and accelerometer to continuously tragirough friendly competition. These planned changes will
movement, speci cally along the pitch, roll, and yaw axes.add in a global and local leaderboard that can be used to
That motion data gets bundled into neatly structured JSOpbost engagement in the game by achieving the highest score.
packets at around 60 times per second, ensuring a steafyother multiplayer option includes allowing two players to
stream of information. It's then sent through WebSocketsirive on the same map and interact with one another through
a communication method chosen for its low latency angower-up items that can decrease the opposing player's score
ability to keep a constant connection open between the phoggebe used to increase their score.
and the server. This setup helps ensure that every slightOnce the game has been fully optimized based on the
movement the user makes is captured and re ected in thhanges, the team plans to seek professional research with
game almost instantly. healthcare professionals who can help integrate the game
On the other end, the server listens for incoming Welxjinically through systems and physiotherapy protocols that
Socket messages and interprets them as in-game contr@lisure the gameplay contributes effectively to spinal health.
These inputs are fed into a 3D simulation powered byhrough incorporating gameplay changes with the addition
Three.js that runs in the browser and handles all the visugt professional research, Spinal Drift can be nalized to
rendering. Three.js allows Spinal Drift to create detailethe a robust, interactive platform that facilitates long-term
environments, simulate realistic vehicle dynamics, and kegphabilitation along with core strengthening.
the game responsive on a variety of devices.
The steps in our technical design are as follows: VI. CONCLUSION& FINAL RESULTS

1) Sensor Capture (React Native App) The nal showcase of Spinal Drift at the symposium
Uses Expo's DeviceMotion and Gyroscope APIs Was @ major success, both technically and in terms of user
Collects orientation data at60 frames per second engagement. One of the clearest signs that the project struck

Smooths the data with a moving average lter to? chord was how many people came back for second and
reduce noise even third rounds.

We noticed a consistent pattern: players improved with
. . each attempt. This supported our belief that users would
Sends the motion data through a persistent Wely,icky adapt to the IMU-based controls and become more
Socket connection con dent in steering the game with their core movements.

Includes keep-alive signals to keep the connectiofyg had set a benchmark score of 50 as a sign of solid

IV. TECHNICAL RESEARCH

2) Data Transmission (WebSocket)

stable performance, and most players were hitting or exceeding that

3) Game Engine (Three.js) after just a couple of rounds. The learning curve was smooth,
Maps the motion data to control how the vehicleand the game's mechanics felt intuitive even for rst-time
moves users.
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Player feedback was overwhelmingly positive. Many peo- ACKNOWLEDGEMENTS
ple were surprised to realize they had been planking or we would like to extend our sincere thanks to Professor
engaging their core the entire time, something that felt morgiaye Mann for providing the balance board equipment
like play than exercise. These positive reactions veriegnq for inspiring the original idea behind an immersive
the project goals of what we set out to achieve: turningya| project that merges interactivity with positive health
physiotherapy into something enjoyable and immersive.  oytcomes. His guidance throughout the course played a key

On the technical side, the system held up impressivelyie in helping us navigate the space where technology,
well. The WebSocket data connection stayed fast and stabjgyer experience, and physical well-being come together. We
even with multiple users playing in quick succession. Thgre especially thankful to our TA, Nishant Kumar, for his
React Native app ran smoothly across different phoneggntinuous support, valuable feedback, and technical insights
and the Three.js graphics engine kept visuals sharp aggtoughout the project. His assistance was instrumental in
responsive. Even with sustained play, latency was low, anghypleshooting development challenges and re ning the
the controls remained accurate. The setup proved it coulgstem. We are also grateful to the Department of Electrical
handle a fast-paced, wireless rehab-style game with real-tinggq Computer Engineering at the University of Toronto for
sensor input and 3D visuals. offering the ECE516 course. The technical support, men-

In the end, Spinal Drift delivered exactly what we hopedqgrship, and creative freedom we received were invaluable
for: a meaningful blend of gameplay and therapeutic motiorpn_ bringing Spinal Drift from a concept to a fully realized,
The strong user response, consistent engagement, and sglidaging, and impactful project. The course's collaborative
technical performance all point to its real-world potential agq forward-thinking atmosphere made all the difference in
a scalable and effective tool in interactive physiotherapy. g development journey.
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Adaptive Chirplet Transform and Deep Learning Algorithms for EEG
based Sleep Stage Detection

Joao Pedro Bicalho Andrade, Steve Mann

I. ABSTRACT Techniques such as the Fourier Transform and

Electroencephalography (EEG) is a powerful tool foWavelet Transform have traditionally dominated time-
analyzing brain activity, particularly in the context of frequency analysis in EEG research. The Fourier Trans-
sleep stage detection. However, traditional signal prd®'m decomposes signals into their constituent frequen-
cessing methods like the Fourier and Wavelet Tran&i€s, providing valuable insights into rhythmic brain
forms often struggle to capture the non-stationary an@ctivity. Wavelet Transforms extend this by combin-
time-varying nature of EEG signals. This thesis explored frequency and temporal information, enabling the
the Adaptive Chirplet Transform (ACT) as a novelanalysis of dynamic changes over time. However, these
feature extraction technique for EEG-based sleep staffééthods face limitations when capturing complex, non-
classi cation using deep learning. The ACT offers aStationary signal features, such as rapid frequency mod-
dynamic time-frequency representation by matching Sid.jlations or localized transient events. This paper adopts
nal segments to Gaussian chirplets. A GPU-acceleratdde Adaptive Chirplet Transform (ACT) as a promising
implementation of the ACT was developed and app”ealternative. [1] [2], [3] Unlike the xed basis functions of
to the Bitbrain Open Access Sleep Dataset, processif@urier and Wavelet Transforms, the ACT dynamically
over 10,000 epochs from three nights of sleep. Feadapts to the signal's local characteristics, offering a
ture vectors extracted by the ACT were reshaped intg\0re exible and precise representation of time-varying
5x5 matrices and used as input to a hybrid ConvollEEG patterns. These qualities make the ACT particularly
tional Neural Network (CNN) and Gated Recurrent UnitSuitable for sleep stage detection, where subtle physio-
(GRU) model. The model achieved a training accuracipgicw changes manifest as transient shifts in frequency
of 91.5% and a test accuracy of 57.9%, demonstratingPntent. _ o
the ACT's potential to encode relevant features with a_Despite its potential, the application of the ACT to
153.6:1 compression ratio. The ndings suggest thaffEG data remains under-explored, with only a few
with further optimization and scaling, the ACT could studies demonstrating its _capab|llt|es. [2], [4]-[12] This
become the next state of the art signal processing a§@P Presents an opportunity to advance EEG research by

feature extraction method for EEG. integrating the ACT with state-of-the-art deep learning
architectures. The ACT's ability to provide a detailed,
[l. INTRODUCTION dynamic representation of EEG signals enhances the

Building on the diverse methodologies for EEG analyinput to deep learning models, potentially improving
sis, this thesis speci cally focuses on the application ofheir classi cation accuracy and robustness. Sleep stage
the Adaptive Chirplet Transform combined with deeptransitions, which involve nuanced changes in frequency
learning to detect sleep stage. Sleep stage detection isiad amplitude, are especially well-suited for analysis
critical area of research due to its signi cance in diagusing the ACT.
nosing sleep disorders, understanding brain function dur- The primary objective of this thesis is to address
ing rest, and developing interventions to improve sleethis research gap by employing the ACT as the feature
quality. Deep learning offers a transformative approackxtraction algorithm for the EEG data and feed it to a
by automating the extraction of meaningful featureeep Learning architecture for the application of sleep
from complex, high-dimensional EEG data. Unlike tradi-stage detection.
tional manual scoring methods or simpler classi cation
techniques, deep learning models do well at capturin _ ]
sophisticated temporal and spatial patterns within EE@- Introduction to EEG Analysis
signals. By using data from publicly available datasets, Electroencephalography (EEG) is a widely utilized
this study aligns with broader scienti ¢ practices fortechnique that measures the electrical activity generated
benchmarking and comparability while avoiding theby the brain, allowing for brain wave visualization.
logistical and ethical complexities of collecting newSpeci cally, it detects minute differences in electric
EEG data. potential at the scalp, which result from the collective

IIl. BACKGROUND AND LITERATURE REVIEW
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activity of post-synaptic potentials produced by neuronknown as electrocardiogram (ECG), and muscular con-
within the cortical layers. tractions, known as electromyography (EMG). Environ-
EEG data is used extensively to analyze brain activitynental noise can encompass electromagnetic elds in
but EEG signals are highly complex due to their nonthe vicinity caused by any other non biological sources,
stationary nature, low signal to noise ratio, and thesuch as those caused from AC power lines or electronic
presence of artifacts from non-neural sources such degvices in the room.
muscular activation. Even after processing, the data Signal processing methods are employed to address
is still extremely intricate and convoluted, making itthese challenges, enhancing the interpretability of EEG
dif cult to interpret. To extract meaningful information data. Signal Processing is a broad eld and active
from EEG signals, the data needs to go through rigorowmrea of research, and in the context of EEG signals it

processing and analysis. encompasses several different tasks, most notably pre-
N ) _ processing, feature extraction and analysis and interpre-
B. Traditional Methods in EEG Analysis tation of data. Pre-processing includes data ltering for

The analysis of EEG signals spans diverse methodol@oise reduction and artifact removal, segmenting the data
gies, each suited to different applications and offeringnto appropriate epochs and normalizing the data.
unigue insights into brain activity. Filters such as low-pass, high-pass, band-pass, and

1) Event-Related Potentials (ERPsEvent-Related notch lters are commonly used to retain relevant
Potentials (ERPs) represent one of the most establishbthinwave frequencies while suppressing noise from
approaches, involving the identi cation and analysis osources like eye movements or power line interference.
brain responses that are time-locked to speci c event8y focusing on frequency-speci ¢ manipulations, data
such as sensory stimuli or cognitive tasks. Exampledering provides a clean, noise-reduced signal, form-
include the P300, a positive de ection occurring roughlying the basis for subsequent, more sophisticated signal
300 ms after an expected stimulus, often used iprocessing techniques.

BCls and studies on attention and decision-making, and Preprocessing EEG data is a critical step for the
Steady-State Visual Evoked Potentials (SSVEPs), whicsuccess of deep learning models. Filtering techniques
leverage repetitive visual stimulation for applicationgnclude bandpass Itering to eliminate frequencies out-

like assistive technology and gaming. ERPs are widelgide the range of interest (e.g., 0.5-50 Hz for most
used in cognitive neuroscience due to their ability t&EG tasks) and notch ltering to remove powerline

isolate speci ¢ neural processes. However, they requiriterference such as 50 or 60 Hz noise. Artifact removal
signi cant manual preprocessing and are often limitednethods are employed to mitigate non-brain artifacts,
by their reliance on prede ned stimuli and rigid temporalutilizing techniques such as independent component
windows, making them less adaptable to complex, reagnalysis (ICA) to separate mixed signals and isolate
world scenarios. artifacts, regression-based methods to subtract artifacts

2) Spectral Analysis:Spectral analysis, another cor-like eye blinks using reference signals, and consensus
nerstone of EEG research, focuses on the frequency coliering, which applies multiple Itering methods to
tent of brain signals to reveal insights into oscillatory acensure signal integrity. Signal standardization, includ-
tivity across delta, theta, alpha, beta, and gamma bandg8g normalization or z-scoring, ensures consistency and
Each frequency band correlates with distinct cognitivémproves convergence during training. [13]
and physiological states, such as delta waves linked to . )
deep sleep or alpha waves associated with relaxatién Adaptive Chirplet Transform (ACT)
and attention. By employing time-frequency techniques The ACT was originally developed by S. Mann and
like Wavelet Transforms or Chirplet Transforms, spectrab. Haykin in 1991 and since then several papers have
analysis bridges the gap between traditional ERPs amoposed modi cations or possible improvements to
modern deep learning by enabling the study of dynamiit. [3] Some notable examples include the "Adaptive
changes in oscillatory activity. It nds extensive use inLinear Chirplet Transform" by Guan et Al. the "Multi-
both clinical and research settings, such as monitorincynchrosqueezing Chirplet Transform" by Zhu et Al.
epilepsy, understanding attention dynamics, and trackirj@4] the "Enhanced Adaptive Linear Chirplet Transform"
meditation progress. [13] (EALCT) by Lopez et Al [7] and lastly, developed

3) EEG Data Pre-processing, Filtering and Artifact by Chui et Al., the Chirplet Transform-based signal
Removal: Noise and artifacts from non-neural sourceseparation scheme (CT3S). [15]
can be broken down into physiological noise and en- Given its exibility and capability to capture infor-
vironmental noise. Physiological sources contributingnation on signals that vary both in time and frequency,
the most noise come from eyeball movement, which ithe ACT has also been used across a wide range of
known as electrocorticogram (EOG), the cardiac signagpplications. From aircraft bearings fault diagnosis, to
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P300, VEPs and epileptic seizure detection with EEGerror list, both of which could be used as a measure
target recognition from RADAR technology, and more.of how accurately the signal was reconstructed by the
[2], [9], [16]-[18] chirplet transform at different orders.
After a thorough analysis of several different versions
and models of the ACT it was clear to see that the papgy, EEG and Deep Learning
which aligned the most with the goals set out by this .
thesis was the work of Bhargava et Al. Besides using the D€€P larning has emerged as a powerful tool for EEG
ACT to analyze P300 signals from EEG data, Bharga\/ﬁ”aWS'S because it can automatically extract meaningful
also published an open source Python implementation BRt€rs and features from raw data without requiring
the ACT optimized with the Broyden-FIetcher-GoIdfarb-eXte”S'Ve manual processing or domain-speci c feature
Shanno (BFGS) algorithm. engineering. It has enabled breakthroughs in tasks that
The implementation works by creating an ACT clasdVere previously dif cult or impossibly unpractical to
that is able to perform the Adaptive Chirplet Transfornchieve using conventional methods. Furthermore, re-
on any given signal. The class initializes by eitheCeNt advances in deep learning architectures and com-
generating a dictionary of Gaussian chirplet function®utational resources keep accelerating progress in this
or loading one from the cache if one has already beef!d- ) ) . )
generated. The size of the dictionary is variable, and it Deep learming has been widely applied to various EEG
depends on some of the parameters passed in by the uggsi cation tasks, which can be broadly categorized

when creating an instance of the class. into domains such as sleep stage classi cation, mental
The equation for a general Gaussian Chirplet is showgfate and emotion recognition, disease detection and

below: diagnosis, and brain-computer interfaces (BCIs).

Sleep stage classi cation involves identifying distinct
2 sleep stages, such as an , based on
. ( Lt | h as NREM and REM, based on EEG
ot)= p=p—exp = ¢ patterns, facilitating research in sleep medicine and sleep
t 2 t (1) disorders.

+j 2 et te)+ fe(t to)] Mental state and emotion recognition tasks focus on

classifying cognitive states (e.g., focused vs. relaxed)

The Gaussian chirplet above has a center tipe q i haobi ; ft tilized i
duration ¢, frequency modulation (chirp) rate and and emotions (e.g., appiness, s_res_s), often utilized In
human-computer interaction applications.

center frequency.. These four parameters are what is ~_ q X 4 d , ks ai id
needed to fully characterize a Gaussian chirplet func- Disease detection and diagnosis tasks aim to iden-

tion. The dictionary then is constructed by generatind’y Nneurological disorders like epilepsy, Alzheimers

different Gaussian chirplets varying these parametefgsease’ and Parkinson's disease, with seizure detection

over a range and step size de ned by the user whe'(ﬁOm EEG signals being a prominent application.

instantiating the class. Lastly, BCls enable control of external devices using

Once the dictionary has been generated, the ACFEG signals, involving tasks such as motor imagery
compares the given signal to the Gaussian Chirplefdassi cation and control signal generation.
in the dictionary, and it picks the one which most These applications showcase the versatility and trans-
closely matches the signal, using the BFGS optimizatiofprmative potential of deep learning in EEG analysis.
algorithm to do so. This step is called a rst order 1) Input to Neural Networks:The choice of input
Chirplet Transform, and this step can be repeated &&ta for neural networks is a critical factor in determin-
many times as desired, achieving a higher order ACTNg the performance of EEG analysis models. Different
More concisely, this method represents a signal as re@search approaches vary in their use of raw EEG sig-
linear combination ofchirplets which are Gaussian- nals, preprocessed data, and transformed representations
windowed, frequency-modulated basis functions. to optimize neural network training.

For an N order ACT, this implementation returns While some studies utilize raw EEG signals as input
several lists. First a list of coef cients, where td"  relying simply on the feature extraction power of the
element of the lists represents the coef cient that scalddeural Network, the vast majority of research em-
the best match Gaussian Chirplet chosen in tffe  phasizes preprocessing and ltering as essential steps.
iteration of the algorithm. Followed by this it returned Techniques such as bandpass lItering, notch ltering to
a list of size4 n, where the elements are the fourremove powerline interference, and independent com-
parameters necessary to identify each of the chos@onent analysis (ICA) for ocular and muscular artifact
Gaussian Chirplets from the dictionary. For the purposeemoval are widely employed. These methods enhance
of applying the ACT, these two lists are the mostignal quality and ensure cleaner inputs for neural net-
important, but it also provids a residue list and a rawvorks.
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However, beyond initial preprocessing and ltering,
there is little consensus among researchers on the extent
of artifact removal or the speci ¢ techniques to employ.
For instance, some studies apply rigorous artifact re-
moval to eliminate non-neuronal signals entirely, while
others retain certain artifacts to preserve additional fea-
tures of the raw signal.
A recent review of 89 studies on deep learning for
EEG classi cation highlights this lack of consensus and
variability in pre-processing strategies. [19] The accom-
panying visual graph from the review illustrates the
proportion of studies adopting different artifact removal
methods, noting that the majority of studies either did
not specify or did not use removal methods. Fig. 2: Deep learning architectures across 154 studies
analyzed in "Deep learning-based
electroencephalography analysis: a systematic review".
‘N/M' stands for 'Not mentioned' and accounts for
papers which have not reported the respective deep
learning methodology aspect under analysis. (a)
Architectures. (b) Distribution of architectures across
years. (c) Distribution of input type according to the
architecture category. (d) Distribution of humber of
neural network layers.

cessing method due to its promising results in cap-
turing time-frequency characteristics in other domains.
The ACT's ability to provide detailed temporal and
spectral representations aligns well with the goals of
Fig. 1: Artifact removal methods in Deep Learning this study, offering a powerful alternative to traditional
EEG classi cation, as summarized in a review of 89 signal processing and feature extraction techniques. By
studies. applying the ACT, the aim is to enhance the quality of
the inputs to the neural networks and explore its potential
Transformations of EEG data into alternative domain$® improve EEG and Deep Learning based sleep stage
further diversify input preparation strategies. Frequencyelassi cation performance.
domain techniques, such as the Fourier Transform, de-2) Deep Learning ArchitecturesDeep learning ar-
compose the signal into its spectral components, provighitectures play a crucial role in determining the per-
ing insights into frequency-speci ¢ brain activity. The formance and adaptability of models used for sleep
Wavelet Transform, offering a time-frequency represerstage detection with EEG data. The aforementioned
tation, is frequently utilized to capture transient and nonteview article of 89 studies on deep learning for EEG
stationary patterns in EEG signals. These transformedassi cation provides valuable insights into the variety
representations can augment neural network models 16§ architectures employed in the eld. [19] The ndings
emphasizing speci ¢ aspects of brain activity relevant t@re summarized in Figure 3, which illustrates the dis-
the classi cation task. [20] tribution of different deep learning architectures across
Figure 1 is complemented by another systematithese studies.
review that analyzed 154 studies on deep learning- The gure above highlights the diversity of ap-
based EEG analysis. [21] This review explored differenproaches, including CNNs, RNNs, LSTMs, GANS,
input strategies and neural network architectures, shedAEs, and hybrid models, among others.
ding light on trends across various methodologies. The The landscape of deep learning applications for EEG-
insights from these reviews reinforce the importancéased sleep stage detection is marked by a variety of
of aligning input preparation strategies with speci cinnovative approaches. Each architecture offers unique
research objectives. strengths and capabilities, re ecting the diverse chal-
This research will focus on using the Adaptivelenges associated with analyzing EEG data. From cap-
Chirplet Transform (ACT) as the chosen signal proturing intricate spatial patterns to modeling temporal

PROCEEDINGS OF THE 27th ANNUAL MERSIVITY/WATERHCI SYMPOSIUM, Jun20-Aug25 45



Autoencoders are particularly useful for dimension-
ality reduction and feature extraction, learning compact
representations of EEG data, and are often used as a
preprocessing step before classi cation.

Hybrid models combine multiple architectures such
as CNN-LSTM hybrids. These models are designed to
capture both spatial and temporal dynamics of EEG
signals, thereby improving classi cation accuracy.

While CNNs and their hybrid variations dominated
the reviewed studies, the lack of consensus on the
optimal architecture underscores the exploratory nature
of this eld.

Moreover, it is important to note that this review was
conducted prior to the advent of Transformers, a ground-
breaking architecture that has revolutionized Al by beat-
ing state of the art performance in applications that
capture long-range dependencies and attention-based

Fig. 3: Deep learning architectures utilized in EEG Mmodeling. Transformers have already demonstrated im-
sleep stage detection. mense potential in domains beyond EEG analysis, and
their application to sleep stage detection represents a
promising area for future research. [24]
dynamics, the choice of architecture is often in uenced The diversity of architectures highlighted in the re-
by the speci ¢ requirements of the task, the nature ofiew emphasizes the ongoing evolution of deep learning
the data, and the desired level of interpretability. Bynethodologies for EEG-based sleep stage detection.
exploring the relative merits and limitations of these ar- —
chﬁecturges, researchers aim to uncover optimal strategigs Summary of Research Gaps and Objectives
for improving classi cation performance and advancing 1) Identi ed Gaps: Despite advancements, the appli-
the state of the eld. cation of the ACT to EEG data remains limited, with
Convolutional Neural Networks (CNNs) are widelyfew studies exploring its full potential. Similarly, the
used for their ability to automatically extract spatialintegration of advanced feature extraction methods with
features from EEG data. [22] They excel in handlingdeep learning is still an emerging eld.
structured grid-like data and are particularly effective There is a lack of studies integrating the ACT with
for time-series and spectrogram-based EEG represengigep learning for EEG analysis, particularly in sleep
tions. Many studies employed CNNs in pure form oistage detection. The potential of the ACT for capturing
hybridized with other architectures to enhance perforsubtle physiological changes has not been fully realized.
mance. Recurrent Neural Networks (RNNs), designed Furthermore, there is no consensus on the optimal
for sequential data, capture temporal dependencies di¢ep learning architecture for sleep stage detection. The
EEG signals and are particularly suited for tasks reeld of Machine Learning is extremely active, with
quiring the modeling of temporal dynamics, such agovel architectures being developed on a weekly basis.
sleep stage transitions. Long Short-Term Memory Net-
works (LSTMs), a specialized type of RNN, address the
vanishing gradient problem, enabling them to capture A Python pipeline was developed for this thesis with
long-term dependencies in sequential data. Similarly, tHése purpose of evaluating the Adaptive Chirplet Trans-
Gated Recurrent Unit (GRU) is a specialized type oform as a novel feature extraction method for EEG based
RNN, simpler than an LSTM with fewer parameters andleep stage prediction.
faster training but typically achieving similar results as Below follows a diagram of the full pipeline from raw
LSTMs. [23] These are frequently used in hybrid model&£EG signal to sleep stage prediction:

to complement the spatial feature extraction capabilities .
of CNNSs. A. Pre-Processing

IV. METHODS

Deep Belief Networks (DBNs), comprising layers of As aforementioned, one of the key parts of any study
stacked restricted Boltzmann machines, were among tlusing EEG data is to pre-process the EEG signals in
earlier deep learning architectures applied to EEG datan attempt to remove as much noise in the data as
Although less commonly used in recent years, they haygossible. For this thesis a Python pipeline for EEG
shown utility in unsupervised feature learning. data pre-processing was developed. The rst step in
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both small-scale and large-scale datasets.

Another signi cant area of progress is the meticulous
design of data segmentation and epoching strategies.
Recognizing that the accurate detection of sleep state
transitions requires both temporal precision and com-
putational feasibility, epoch lengths were carefully cho-
sen. These lengths were optimized to strike a balance
between capturing rapid changes in brain activity and
maintaining manageable computational loads for the
ACT and subsequent analyses. This alignment ensures
that the data preparation phase supports the broader
objective of precise sleep stage detection.

1) Windowing and Overlap StrategyFollowing the
initial cleaning of the data, the EEG signal was seg-
mented into overlapping epochs of 15 seconds. Window-
ing was applied to each segment to reduce spectral leak-
age, which are artifacts introduced by the assumption
that the signal is periodic across window boundaries.

A variety of window functions were considered, each
balancing trade-offs in main-lobe width, side-lobe atten-

Fig. 4: Diagram of pipeline from raw EEG data to uation, computational cost and ease of implementation.
nal sleep stage prediction The following windows were considered: Dirichlet,
Bartlett, Hann, Hamming, Blackman and Kaiser. The
rectangular window (Dirichlet window) applies no
the pipeline is to download all of the data as artapering, preserving amplitude but leading to signi cant
MNE raw data class. MNE is the most commonlyspectral leakage due to high and slowly decaying side
used Python library for analysis of EEG and MEGIlobes. TheBartlett window (triangular) offers slightly
data and it is used to implement the lters used inmeduced leakage but lower energy retentiblann and
this pipeline. [25] The pre-processing pipeline includesiamming windows are cosine-based functions com-
bandpass ltering to isolate relevant frequency bandsonly used in signal processing. Hamming has a slightly
associated with sleep stages and notch ltering to elimparrower main lobe and better side-lobe attenuation than
inate powerline interference, a common artifact in EEGlann. TheBlackman window provides even greater
data. The bandpass lter between 1 to 40 Hz waside-lobe suppression at the cost of a wider main lobe
applied using a zero-phase FIR Iter with a Ham-and increased computational load. Lastly, taiser
ming window, followed by a notch Iter at 50 Hz to window, which is based on the Bessel function, offers
eliminate power line interference; both Iters were im- exible trade-offs by adjusting the shape parameter
plemented using MNE-Python'saw_data.filter For this thesis, tha&damming window was selected
and raw_data.notch_filter functions with a for its favorable balance of computational ef ciency,
firwin  design. The rwin design was a chosen pa-main-lobe width, and side-lobe suppression. It is also
rameter which has been deemed ideal for EEG signtlie default window in MNE-Python's FIR lter imple-
processing. From Widmann et ADigital Iter design  mentation, which was used for the band-pass Iter and
for electrophysiological data - a pratical approachFIR  notch Iter that were applied in the previous step of the
lters are easier to control, are always stable, have pipeline.
well-de ned passband, can be corrected to zero-phaseTo mitigate the known issue of edge degradation,
without additional computations, and can be convertedhere signal quality is poorer at the edges of a window,
to minimum-phase. We therefore recommend FIR Itersa 75% overlap was used between consecutive epochs.
for most purposes in electrophysiological data analysisThis ensures that each time point is well represented in
[26] at least one central region of a window, where approxi-
These preprocessing steps are essential for ensurimgation quality is highest. The impact of windowing on
that the EEG signals have some reduction from noise arsignal quality is illustrated in Figure 5.
artifacts while retaining the physiological features neces- The image above shows just how much difference
sary for accurate sleep stage classi cation. The pipelinthe application of a Hamming window made when
was designed to process EEG data in a consistent andmpared to a Dirichlet window in terms od approxi-
scalable manner, facilitating future experimentation withmation accuracy. Using the same exact ACT parameters
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The time scale is in samples rather than seconds, sinaad other domains and elds of signal processing.
the sampling rate of the EEG recording device used was Due to nancial constraints and not having access
256Hz, 3840 represents 15 seconds worth of sleep EEG GPUs in house, this research was limited to only
data. A number that was chosen to follow the literatur@rocessing three out of the one hundred and twenty eight
consensus on sleep stage analysis. nights of sleep. Due to the sheer amount of epochs, in
2) Parallelization of code:The original implemen- part due to the 75% overlap, three nights of data was
tation of the Adaptive Chirplet Transform (ACT) wasstill enough to provide over twelve thousand epochs.
not well-suited for large-scale processing. It relied oHowever, after processing it so it would be suitable for
CPU-based loops and NumPy operations, which madbe Neural Network, it ended up resulting in 10,633
it impractical for analyzing full-length EEG recordings, samples.
especially when using longer epochs, high overlap, or ) )
nely-sampled parameter dictionaries. After reviewingD- Deep Learning Based Sleep Stage Detection
performance limitations, | rewrote the pipeline to take This section details every step taken from preparing
advantage of GPU computing and parallel processingthe data post ACT to making it suitable to be used as
To run the transform more ef ciently, the ACT code an input into the Neural Network, and the design and
was adapted to work with CuPy, which mirrors thearchitecture of the Neural Network itself.
interface of NumPy but runs operations on the GPU. 1) Input preparation for Neural NetworkThe im-
The new implementation was run on a Lambda Labplementation of the ACT used returns a csv le which
server equipped with an NVIDIA A100 SXM4 GPU contains per row, a list of coef cients (of length 5 since a
with 40 GB of VRAM. The EEG data, along with the 5" order transform was employed), a list of parameters
generated chirplet dictionary and intermediate arrays likeof length 20), a list of residue, original signal, and error.
window functions, were all transferred to GPU memory A separate Python pipeline was coded to handle the
so that the ACT could be computed without moving datalata preparation for the Neural Network, starting from
between devices during processing. downloading the csv les containing the results from the
One of the main changes involved rewriting howACT.
epochs were created and processed. Instead of slicingThe pipeline begins by extracting only the coef cients
each epoch on the CPU, the entire EEG signal was transad parameters of each epoch, and transforming it into
ferred to GPU memory at once. Epoch segmentatiom, 5x5 matrix. Where the rows of the matrix represent
windowing, and chirplet projections were then done ira each respective ACT order approximation. Such that
parallel on the GPU. The transform itself, especially theach coef cient was joined with its respective function
dictionary matching and optimization steps, saw majode ning four parameters, and the rst column of the
speedups due to the GPU's ability to handle thousandratrix stood for the coef cients, wheres the remaining
of operations at once. Only the nal results, such as thé&our columns were lled with the parameters.
tted parameters and coef cients, were transferred back This restructuring was done to make use of the power
to CPU memory for saving and plotting on csv les. Forof two-dimensional Convolutional Neural Networks,
reference, a csv le containing one full night of sleepwhich have been established as the most commonly used
was on average 900 Mega bytes long. architectures for EEG data. Furthermore, this ordering
These changes made the ACT usable for full-nightnade the structure of the data more explicit with the
recordings and also opened the door to running motgopes it would be easier for the Neural Network to
detailed parameter sweeps and real-time variants identify the most important features of the data faster.
future work. The entire GPU pipeline was integrated For example, within this ACT resultant 5x5 matrix,
into a single script that could batch process subjects arnlde rst column will always be more important than
automatically save results in a format suitable for latethe second and so forth. This information could be
use in neural network training. given to the Neural Network with careful selection of
Despite these improvements, with the ACT dictionarynitialization of weights.
parameters used, and the 75% window overlap, it still Another crucial step with the data was to relabel it
took 33.4 hours to run 3 out of the 128 full nights ofcarefully. As previously mentioned, the original EEG
sleep, costing a total of USD$43.11. With an averagdata from Bitbrain contained labels per every 30 second
time of eleven hours of GPU time to process eighepoch. However, since the Hamming window was ap-
hours worth of EEG. The computational complexity ofplied with 75% overlap, the epochs no longer spanned
the Adaptive Chirplet Transform remains the biggesbnly single labeled epochs. Rather, there was a large
roadblock preventing it from having the capacity ofamount of epochs that spanned two different labels. To
becoming the standard EEG feature extraction methaghsure no sample points were unnecessarily lost, an
and achieving widespread usage in EEG data analysaggorithm was written to calculate the exact time of
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each new ACT processed epoch and map it back to tlieese batches was so that temporal information could
original labeled epochs. Then, the algorithm checkelle passed into the model and to take advantage of
for every epoch that spanned two labels (due to ththe fact that typically sleep stages remain constant for
duration none spanned more than two), and checkeduch longer than the period of an individual epoch.

whether the overlapped labels were the same or differerftherefore, if one knows the sleep stages of a given
If the sample was overlapping a sleep stage transitica)mount of previous epochs, this information can be used
period (meaning it spanned two different labels) it wago in uence the decision of the model. If the previous

discarded from the dataset. three epochs were all at a given sleep stage, then the

Following this, epochs assigned to labels -2 (PSG digprobability that the current epoch is at that same sleep
connected), 3 (Non REM sleep stage 3), and 8 (artifacttage should be higher.
were removed from the classi cation. This was because These batches were shufed before generating the
within the 3 subjects data alone there was essentialiyalidation/train/test splits to help with generalization of
no data points for these labels (less tiah% of the the model.
data). This was not enough for the model to learn to 2) CNN + GRU Hybrid Model:To model the spatial
distinguish these patterns but if included it made thand temporal structure of the chirplet-transformed EEG
learning process of the model much slower and hadata, a hybrid neural network architecture combining
a signi cant negative effect on the performance andConvolutional Neural Networks (CNNs) with Gated
accuracy of the model. Regardless, two of the stagd®ecurrent Units (GRUs) was used.
represent mal-labeled data, so removing it altogether The CNN component is applied independently to each
from the dataset was an improvement in the overall datime step in the input sequence. Each input matrix has
quality used for training the model and made it so thashape 1x5x5 (channels x height x width), and is passed
the model focused solely on the standard sleep stageélsrough a single convolutional layer with 16 output
Wake, N1, N2, and REM. channels and a kernel size of 3x3 (with padding to

The dataset was then split into training, validation, angreserve spatial dimensions). This layer captures local
test sets using a strati ed splitting strategy. Strati cationpatterns between chirplet features while maintaining a
was done to preserve the original label distributiormanageable number of parameters. The resulting ac-
across each of the 4 categories, which was especialliyation for each time step has shape 16x5x5, which
important because some categories had consideralidythen attened into a vector of size 400. These 400-
more data points than others. The data was split suclimensional vectors are stacked in temporal order, form-
that 70% was used for training and the remaining 30%g a [batch size, sequence length, 400] tensor passed
was split evenly between validation and training. to the GRU.

To mitigate the issue of massive class imbalance, the The GRU layer contains 2 stacked layers, each with a
training data was oversampled to balance class couthiidden size of 64. It processes the temporal sequence of
The oversampling was done by duplicating sample€ENN-extracted features in a recurrent manner, learning
for the underrepresented classes until all classes h#mw model dependencies and transitions across time. The
the same number of examples. This ensures the modehl hidden state from the GRU is used as a summary
would not bias towards more frequent stages duringgpresentation of the entire sequence. This nal state is
training. passed through a fully connected linear layer to produce

Oversampling improved the accuracy of the modetlass scores for sleep stage classi cation.
considerably, almost doubled it in fact. However, it is The CNN-GRU model was trained using cross-
only done for the training data and not for the validatiorentropy loss with class weights to compensate for class
or test. This is a common practice in the eld of Machineimbalance, and optimized using the Adam optimizer.
Learning, as the validation and test are meant to b8lass weights were computed from the training data
representative of how the model would generalize andfter oversampling to maintain fairness across classes.
perform with real world data, oversampling is generally
avoided and frowned upon for validation and test sets.

After the oversampling, all feature tensors were stan- Below is the confusion matrix from running the
dardized using StandardScalar from the sklearn libranCENNGRU model described above for 100 epochs, with a
This transforms the tensors such that they have a me&garning rate of 0.001, batch size of eight and sequence
of zero and unit variance. length of four on the Chirplet Transformed data from

Lastly, the input tensors were grouped into smalthe rst 3 nights of sleep of the Bitbrain Dataset.
batches of a given sequence length. The sequence lengtiThe model achieved a nal training accuracy of
used for this particular model was four, this valued1.54%, indicating that it was able to effectively learn
was a hyperparameter of the model. The purpose dttie relationships between the input features and the sleep

V. RESULTS ANDANALYSIS
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dictionary. For example, instead of generating every sin{e]
gle Chirplet Gaussian from the minimum and maximum
values for the four parameters at the given step size,
the dictionary could be crafted by the Chirplet Gaussian
functions that are most widely seen and used. Furthel’]
research is required to determine a reasonable dictionary
size, and exactly how much this can speed up theg
ACT computation time. Once again, the optimal answer
will undoubtedly come down to a trade-off between
reconstruction accuracy and computational complexity. [g

A possible approach would be to run the current
ACT version for a handful more hours' worth of data
while keeping track of all of the chirplet functions that[10]
were chosen. Then create a dictionary solely from these
chosen functions. This approach could also be done
adaptively. [11]

As for direct future steps for this research, given
access to GPUs and the computational resources. The
remainder of the Bitbrain dataset could be run with the
current ACT implementation and the model could bd12]
trained with a much larger and more balanced dataset.
This would test and hopefully con rm the hypothesis
that the high training accuracy but low validation and13]
test accuracies can be largely explained by the class
imbalance in the current validation and test datasets.
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Abstract—The Adaptive Chirplet Transform (ACT) offers a  time-varying frequency and frequency-modulated components.
time-frequency decomposition for nonstationary signals, but its  Qriginally developed in by Mann and Haykin in 1991, the

high computational cost has limited practical adoption. In this  chjrplet Transform provides a more adaptive representation
work, we present a preliminary GPU-accelerated implementation

of ACT using CUDA unied memory and CuPy. On a 10- of nons’Fationary signals, making it particularly_ useful fqr ana-
second EEG segment with a 324,000-element dictionary, our GPU lyzing signals, where transient events and variable oscillations
implementation achieved a 12.9x speedup over a multithreaded are common [2].

CPU baseline (1.06s vs. 13.67s) using oat32 precision. While Recent years have seen increased demand for tools that can
dictionary generation remains faster on CPU, its one-time Costis gc4|6 such transforms to large datasets and real-time pipelines.
m|_t|gated by cachmg._ Our results d_emo_nstrate the feasibility of While initial imol tati f the Adantive Chirolet T )
using GPU acceleration for local, iterative work ows. A forth- lie Infial impiementations of the Adaptive Lhirplet 1rans
coming conference paper will expand this work to include full form (ACT) were CPU-based, the need for faster, more
performance pro ling, resource usage analysis, and scalability scalable analysis tools has led to early explorations of GPU
benchmarking. acceleration.

In parallel, prior work on OpenVidia, an open-source GPU-
accelerated signal processing library, demonstrated the fea-
The increasing need for real-time and high-throughput anghbility of porting complex DSP algorithms to GPUs using

ysis of signals demands more adaptive and ef cient timeUDA [3]. Building on that philosophy, this project explores
frequency analysis methods. Traditional approaches like thejedicated GPU implementation of ACT, with optimizations
Fourier and wavelet transforms are limited in their ability téhat include unied memory, stream-based parallelism, and
capture the nonstationary, transient features inherent in th@se ling-informed memory management. This represents a
signals. The Chirplet Transform, rst introduced by Dr. Stev@atural and necessary step in making Chirplet-based analysis
Mann, offers enhanced exibility by allowing both frequencypractical for real-time and embedded use cases.
modulation and adaptive resolution, making it particularly
well-suited for signal processing. METHODOLOGY
Despite its theoretical strengths, the practical adoption ofwe implement a GPU-accelerated version of the Adaptive
the Adaptive Chirplet Transform (ACT) has been hindered b@hirplet Transform (ACT) using CuPy and CUDA unied
its computational demands. In a personal case study involvingmory to enable ef cient decomposition of signals. Uni ed
a sleep dataset with recordings from over 130 participanteemory allows seamless access between CPU and GPU,
an online GPU-based estimation (using vVRAM-only memorimplifying development and supporting large dictionary sizes
models) projected a total runtime of over 42 days for fullwithout explicit memory transfer bottlenecks and increasing
scale Chirplet decomposition [1]. Worse still, any experimenhe amount of RAM that the ACT can use.
tal misstep or con guration error would require restarting A four-dimensional chirplet dictionary is generated over
the process which makes cloud-only deployment both costiyne center, frequency, log-duration, and chirp rate parameters.
and in exible. This showcases that the need for local GPUsach combination de nes a basis function used to analyze
accelerated tools to support iterative development. overlapping windows of the input signal. Dictionary gener-
To address this, we present a uni ed-memory-based GRitlon and signal decomposition are parallelized: each GPU
implementation of ACT that balances performance with exthread processes a unique parameter combination, enabling
ibility. By enabling efcient local processing and debug{arge-scale evaluation in a single pass. During transformation,
ging, our implementation is optimized for real-world researcie signal is iteratively approximated by projecting onto the
pipelines, including those involving large datasets. dictionary, selecting the best-matching chirplet, optimizing its
parameters, and subtracting it from the signal. Intermediate
results are cached to support debugging and reuse. This
The Chirplet Transform is a time-frequency analysis methapproach balances performance and exibility, making ACT
that extends the Gabor and wavelet transforms by having bethble for real-time or iterative analysis on large datasets.

INTRODUCTION

BACKGROUND AND PRIOR WORK
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RESULTS AND DISCUSSION These results demonstrate that GPU acceleration of the

In this preliminary evaluation, we focused on the transforfghirplet Transform's search phase is both feasible and prac-
phase of the Adaptive Chirplet Transform, as the dictionagﬁéﬂ for real-time or iterative signal analysis. Despite slower
can be generated once and cached. This stage bene ts §iglionary generation on GPU, the ability to cache and reuse
ni cantly from GPU acceleration: for a dictionary of approxi-the dictionary enables rapid decomposition, making the ap-
mately 324,000 chirplets, the GPU completed the transformfioach well-suited for local work ows such as signal tuning,
1.06 seconds, compared to 13.67 seconds on a multithreaBE}{Otyping, and personalized adaptation.

CPU baseline which is approximately a 12.9x speedup. AllA more comprehensive performance prole which will
tests were conducted using oat32 precision. cover runtime breakdowns, resource usage, and scalability will

While dictionary generation remains faster on CPU (2e presented in a forthcoming conference paper.
seconds) than GPU (107 second;), this step is performgd REFERENCES
only once per parameter set and is therefore less critical in ) o
interactive or iterative work ows, and it can also be cached ol %dg";w;’ cﬂirg:tnl?;h ;fbr%_t?;‘;ﬂgos'l el\t/elb z’t'gf‘e" dEe}?gct%nng\S/elEFI;rsyra’
use for other datasets. The transform was performed with an international Conference on Consumer Electronics (ICCED. 1-6,
order of 5, meaning ve chirplets were used to approximate 2025.

: ~ . Mann and S. Haykin, “Adaptive chirplet: an adaptive generalized
each signal segment. Each test used a 10-second EEG eﬁacvﬁvavelet-like transform,” inAdaptive Signal Processin@. Haykin, ed.),

sampled at 256 Hz. Parameter ranges were as follows: vol. 1565, pp. 402 — 413, International Society for Optics and Photonics,
Time center: 0 to 2560 (step size: 32 samples) @ JSP::E 1991-d . “Opemidi ol or vision” i
. - . . Fung an . ann, penvidia: parallel gpu computer vision,  In
FrequenCY' 0.6 to 15 Hz (ste.p size: 1 Hz) Proceedings of the 13th Annual ACM International Conference on
Log duration: —4 to O (step size: 0.4) Multimedia MULTIMEDIA '05, (New York, NY, USA), p. 849-852,
Chirp rate: =10 to 10 (step size: 0.75) Association for Computing Machinery, 2005.

PROCEEDINGS OF THE 27th ANNUAL MERSIVITY/WATERHCI SYMPOSIUM, Jun20-Aug25 56



Interactive Quaternion Visualization and Form
Training Using an IMU and LED Strip

Anne Chow, Matthew Maciesowicz, Danilo Zelenovic
University of Toronto, Faculty of Applied Science and Engineering
Email: anne.chow@mail.utoronto.ca, m.maciesowicz@mail.utoronto.ca, danilo.zelenovic@mail.utoronto.ca

Abstract—This project presents an interactive game system de- portions, which aim to improve training results by correcting
signed to teach the concept of quaternions and enhance exercise§orm, we are able to teach rotational geometry by allowing

using an inertial measurement unit (IMU) and an addressable ,sers 10 feel as if they themselves have become quaternions
LED strip. The system, mounted on a balance board, visualizes . .
within a pool of water.

quaternion-based rotations in order for this concept to be more
understandable and implements a gamied "water spilling” Il. RELATED WORK
simulation to encourage controlled movement, leading to better '

form, increased effectiveness of workouts, and increasing the Quaternions are widely used in robotics, aerospace, and
fun simultaneously. The ESP32 microcontroller processes IMU augmented reality due to their ability to represent rotations
data, translates orientation into LED patterns, and dynamically ithout gimbal lock [1]. Various projects have demonstrated

adjusts visuals based on user movement. This report details the . . o . .
system's design, implementation, and experimental evaluation, guaternion visualizations [2], but few integrate them into a

highlighting its effectiveness in education, tness, and gaming tangible, interactive system. Similarly, balance training has

applications. been improved using digital tools [3], but the use of LED-
Index Terms—Quaternions, Fitness, IMU, Addressable LED based feedback in gamied formats remains relatively unex-
Strip, ESP32 Microcontroller, Gami cation, Motion tracking. plored. Dr. Mann has the idea of creating a quaternion ball
game in which users can learn to become quaternions while

|. INTRODUCTION potentially rehabilitating the ankles or playing various games,

Understanding quaternions is crucial for modern motiond this concept was adapted to this created tness training
tracking applications, yet their abstract mathematical natu#gvice. Balance boards have mainly been used for the purpose
makes them dif cult to grasp intuitively. In addition, balancef rehabilitation. However, they have been expanded and
training is a key component in sports and rehabilitation. Thigene ts have been shown when used for other purposes such
project integrates these domains by providing an interacti@§ conditioning or strengthening. They can improve balance,
real-time visualization of quaternions while simultaneousljosture, prevent injuries, increase core strength, and more.
engaging users in a gami ed exercise. Keeping balance requires 3 main bodily functions. The visual,

The system consists of an ESP32DevkitV1 microcontrollefestibular, and proprioceptive systems. Balance boards mainly
an MPU9250 IMU, and a WS2812 addressable LED striB?'p train the proprioceptive system, which keep track of your
The IMU captures orientation data, which are then convert@@sition in 3 dimensional space, similarly as the quaternion
into quaternion-based visualizations on the LED strip. Furthefisplay may do. While wobble boards currently do exist, none
more, a balance-based "water spilling” game provides re&€€Mm to combine games along with them, which is where
time feedback based on the user's stability. As the balan¥ innovation of our project excels. By incorporating the
board tilts, the user will begin losing "water”, and they hav@ddressable LEDs in a sequential wave imprinting machine
failed their game once all of the water is lost. Quaterniodf$WIM) fashion with the moving lights, it allows for even
are a generalization of complex numbers, consisting of 0re creative gaming options while exercising.
scalar and a vector part, formed by 3 complex numbers. I11. M ATH BEHIND QUATERNIONS

These quaternions are mainly used in the elds of computer . .
: : . : . Quaternions are a mathematical construct used to represent
graphics or robotics to represent and manipulate rotations i

a 3-dimensional space. Traditionally, Euler angles have bereorrllatlons in three-dimensional space. A quatermjgside ned

. ; as:
used. However, quaternion-based measurements provide many
useful bene ts. These include the fact that quaternions avoid
the gimbal lock problem, which can occur when using Euler
angles. When a gimbal lock occurs, 2 axes align and a degreavhere: i)w is the scalar part of the quaternion, ¥)y;z

of freedom is lost. Additionally, the quaternion approach alsare the components of the vector part of the quaternion, iii)
offers a more compact representation of the rotations, allowg k are the fundamental quaternion units.

for simpler interpolation, and is not affected by drifting values The quaternion multiplication operation is used to combine
as often, which can present a large problem when using yastations. The product of two quaterniogs = wy + X1i +
values, for example. By combining the exercise and garggl + z;k andop = Wy + Xoi + Yoj + z2K is given by:

g=w+Xxi +yj+ zk (1)
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Fig. 2. Water spilling towards tilt and screen mirroring movements

Fig. 1. Board tilted with only few remaining LEDs for water game
Balance Board Platform for user interaction.
Power Supply. A battery or external power source to
drive the ESP32 and LED strip.

B=0 =(WiW2 XiXa2 VYi¥2 Z12Z2)
+(WiXo + XgW2 + Y122 Z1Y2) i
+(Wiy2  X1Zp + Y1W2 + Z1X2)

+(Wizo + X1y2  yiXa+ zzwa) kK (2)

The quaternion normalization process is also essential when
handling rotations. A normalized quaternigim, is given by:

q
Ohorm = 3)
om = i
i2=j?2=K*=ik = 1 4)
N . .
wherejgj = = w2+ x2+ y2 + z2 is the norm (magnitude)
of the quaternion. Fig. 3. Water tilting with quaternions displayed on the outer edge

In our application, the IMU data (accelerometer and gyro-
scope readings) are used to compute the rotation matrix, whichrhese items are assembled in a manner that provides access
is then converted into quaternions for more stable and ef ciett the board, while keeping the electronic components secured.
calculations. This is done using the following formula for &he IMU is placed in the center of the board, to allow all
rotation matrixR and its corresponding quaternign directions of tilt to be mapped correctly and as accurately as
possible. The LED strip is placed along the edge of the board.
1P Along the inner edge is displayed the water game, which will
g= = 1+ Rg+ Ri1+ R light the board in blue initially, giving the appearance of a
2 R, Ri Ro» Rao Rio Roy full bucket of water for instance. The outer edge contains the
; ; (5) quaternion information, providing information on the direction
4 4 4 of the board, and changing dynamically as the board adjusts.
IV. SYSTEM DESIGN By slightly modifying the bgard and providing both an inner
and outer edge, some portion of the LEDs can be seen from
The system incorporates multiple hardware/physical corgny possible angle that a person is able to reasonably look

+

ponents, listed below. from. A computer screen is also added to allow more options,
A. Hardware Components more visibility and clear visualization of the board as well, as
. it will wirelessly receive IMU data using the microcontroller,
The system consists of: over WiFi

ESP32 Handles data processing and LED control. .
MPU9250 IMU: Provides quaternion data representin§- Software Implementation

board orientation. The software processes IMU data, applies quaternion math-
WS2812 LED Strip: Displays quaternion data and wateematics, and updates the LED display. The game logic re-
game effects. duces LED availability based on tilt magnitude, simulating
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water loss. The ESP32 controls the ow of the game and V. IMPLEMENTATION
user interactions, with feedback mechanisms provided throughrpe core implementation consists of the following steps:
the LED strip. The quaternion information is also directly
displayed on the LED as well, with components shrinking or
growing in magnitude, as to showcase them adjusting in real-
time as the board is tilted or moved to be able to grasp the
concept better. The software was written in the Arduino IDE,
created with the speci ¢ hardware connections in mind. The . ;
. . representing each quaternion component separately.
FastLED library was used to control each LED separately, in e .
. . 3) Water Game: If tilt exceeds a threshold, LEDs begin to
real-time, based on the data received from the IMU. The code . .
. . turn off, simulating water loss. The game resets when
is adjustable, where the number of LEDs (or the amount of . . .
. all water is lost. The game is automatically restarted
water) allowed for the water game can be adjusted based on . . X
; . ) " once all water is lost from the portion of the LED strip
the size of the board very easily by changing the de nition. .
. L . provided, after the LEDs ash red to ensure users are
Global variables are used to store initial readings and game aware that the oame is over
state values. Additionally, the amount of LEDs lost needs to 9 '
be tracked. Once all of them are lost, then the game over
state is displayed on the LEDs, where the game portion turns
red, while the rest of the LED strip turns off. A function is
created to begin reading data from the IMU, which is then
converted to usable units. The MPU9250 register is used to
have information written and read. The data from the IMU is
written to this register, and then read by the microcontroller
to be used in calculations. This value updates in real-time.
Calculations are done to mitigate external factors such as
noise or gravity, then once those are complete, the quaternion
information is calculated based on the mathematical properties
and formulas from the previous section of the report. 12C
communication was con gured between the IMU and the
microcontroller to allow the devices to communicate smoothly
using the SDA and SLC header pins. The values were printed
rst to the serial monitor for testing and debugging purposes.
Additionally, WebSocket programming was implemented tj9- 5. Water tilting in inner portion with quaternions displayed on the outer
send quaternion data and have it plotted to a screen Pggion
well. This allows for additional uses or visibility to users or
bystanders on the current state of the activity. Wi connections
need to be enabled, and the credentials must be entered prior
to start.

1) IMU Data Processing The ESP32 reads raw acceler-
ation and gyroscope data, converts it into quaternions,
and lters noise.

2) Quaternion Visualization: The LED strip colour-codes
quaternion components to show orientation changes,

Fig. 6. Water moving towards tilt with monitor replicating movements

VI. RESULTS ANDDISCUSSION

Experiments showed that quaternion visualization effec-
tively depicted orientation changes in real time. The water
game provided an engaging way to encourage controlled
movements. Challenges included sensor drift and LED up-

Fig. 4. Flat board with full water display date latency, which were mitigated through calibration and
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optimized rendering algorithms. In addition, many providetb it, and showed not only to function, but to increase user
libraries no longer functioned, meaning the math had to Ipetention and ability.
done manually in order to compute the information required.
The game kept users engaged, motivating them to maintain
better balance while learning about quaternion-based motiol] J. B. Kuipers, "Quaternions and Rotation Sequences,” Princeton Univer-

. . . . . sity Press, 1999.
Users felt an increase in dif culty in balancing on the board 2] R. Dantzig, "Quaternion-Based Motion Control for VR Applications,”

as they utilized more muscles and groups they had not thought IEEE VR Conference, 2012.
they required near|y as much. Users became more occupi@di M. Smith et al., "Digital Balance Training Systems,” Journal of Biome-
.. " chanics, vol. 45, no. 3, 2018.
and spent longer exercising than on average, as the addmp é}l D. E. Garcia, K. W. Zheng, Y. Liu, Y. S. Tao, and S. Mann, "Painting
challenge of not spilling water and the human nature of being™ with the Eye: Understanding The Visual Field of the Human Eye with
competitive made users attempt to spill the least amount of SSVER! in *2,020(3"\5/"55*'”ter“?"j‘ggga'sei(;i”f%‘znoce[)‘g‘l Sysiems, an,
. and Cybernetics , Pp- —. , . . https://doi.org
water for as long as possible. 10.1109/SMC42975.2020.9283476.
VII. NCLUSION AND FUTURE WORK [5] W. R. Hamilton, "Theory of Quaternions,” *Proceedings of the Royal
. ) CoNncLusio uTuy © . ) Irish Academy (1836-1869)*, vol. 3, pp. 1-16, 1844. Available: http:
This project successfully demonstrates an interactive tool /www.jstor.org/stable/20489494.

for visualization of quaternions and balance training. Futuré] W-R. Hamilton, *Elements of Quaternions*, Longmans, Green, and Co.,

K includ . . . ddi hi London, 1866.
work includes integrating a scoring system, adding mac 'nﬁ] S. Mann, "Phenomenological Augmented Reality with the Sequential

learning-based movement analysis to assess performance, andwave Imprinting Machine (SWIM),” in *2018 IEEE Games, Entertain-
enhancing graphical feedback through additional sensors such ment. Media Conference (GEM)*, pp. 1-9, 2018. DOI- https://doi.org/

he bal board d i 10.1109/GEM.2018.8516502.
as pressure sensors on the balance board to detect tilt m%p R. Mukundan, "Quaternions,” in *Advanced Methods in Computer

precisely. The users became not only more interested in Graphics*, Springer London, pp. 77-112, 2012. DOI: https://doi.org/
working out, but also noted that they felt the exercise was _ 10.1007/978-1-4471-2340-8.

. . . . . 9] G. Prattio, F. De Lorenzis, and F. Lamberti, "Look at It This Way: A
higher quality than their typical ones. Something that can be" comparison of Metaphors for Directing the User's Gaze in eXtended

done in the future is to implement the muse headband to Reality Training Systems,” in *2021 7th International Conference of the
take baseline workout or activity readings and compare thj”t])] Immersive Learning Research Network (iLRN), IEEE, pp. 1-8, 2021.
te

. . . J. Rowberg, *MPU-9250/12Cdevlib*, 2019. Available: https://github.
with the readings from our board, to achieve more accur com/jrowberg/i2cdevlib.
readings. Additionally, this can be implemented with varioué1] g- Mann, J.(”tlijr;g,vl\?/. Jagzen, aréd 'r\\/l AMSch'r;eidTer, "I?tellicgent Image
. : f rocessing : 'WearCam' and the 'MannFit Test' for Computer-
other workout eqmpment_ln order to_ help users |mp_rove fF’rm Based Fitness Evaluation,” in *2014 IEEE Games, Entertainment, and
and allow them to combine bun with exercise. This project Media Conference (GEM)*, pp. 270-272. Available: http://wearcam.org/

was successful, as it was able to meet the requirements tasked mann t/IEEE_GEM2014 MannEtal pages270-272.pdf.
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Wireless Motion Sensing and Visualization using
IMU and SWIM

Xu Ji, Mao Fan, Chuanzhi Li
Department of Electric and Computer Engineering
University of Toronto

Abstract—This paper presents a dual-system approach for mo-  2) Zero Velocity Update (ZUPT)ZUPT detects low-motion
tion sensing applications. First, a wireless motion-sensing wand states:
is implemented using MPU9250 IMU and WS2812B LED strip,

communicating via Bluetooth Low Energy (BLE) to a central if magnitude(acc_avg) < zupt_threshold:
processor for gesture recognition and LED animation control.

Second, a motion-controlled bullet-dodging game is developed zupt_counter += 1

using ESP32-WROVER with MPU6050 IMU, employing Kalman -

Itering for attitude estimation. Both systems demonstrate real- if zupt_counter >= zupt_stable_frames:

time motion tracking capabilities with Kalman- Itered sensor
fusion, providing responsive control for interactive applications.
Experimental results show effective motion recognition and low-
latency feedback in both implementations.

Index Terms—Motion sensing, IMU, Kalman Iter, BLE, ges-
ture recognition, sensor fusion, embedded systems positior{i]+ = velocityfi] t

zupt_active = True

3) Kalman Position EstimationPosition update equations:

velocityfi]+ = acc avdi] t

I. INTRODUCTION .
Correction step:

We present two complementary motion-sensing systems: (1) p o o
a wireless gesture-controlled wand with LED feedback, and K = 5 Ppositiorfil+= K (z positior{i])
(2) a motion-controlled bullet-dodging game. Both implemen- . )
tations utilize inertial measurement units (IMUs) with KalmaF- Gesture Recognition Logic

Itering for accurate motion tracking. Gesture mapping dictionary:
1/COMBOS = { (U", "D"): 1, ( "D", "U"): 2, .., ( "R",
Il. MAGIC WAND DESIGN "D"): 12 }
A. System Overview Control command transmission:
. . . . await client_pico.write_gatt_char(PICO_WRITE_UUID, f
We created a wireless motion-sensing wand using MPUY] “code} * .encode()

IMU and WS2812B LED strip. The IMU communicates ove.
BLE to a PC, which processes orientation data and transmits _
commands to a Raspberry Pi Pico for LED animations. ~ D. Light Output on Pico

LED control function:

B. Motion Estimation via Kalman Filtering .| def control_lights(code):
. . i . 2 if code == "1" : wave((0, 0, 255)) # Blue
The MPU9250 provides acceleration and orientation dég stream
The PC implements a Kalman Iter for 3D position an elif ~ code == "4" : rainbow_cycle(5)
veIocity estimation. 4 elif  code == "12" : blink((255, 0, 255))

1) Sensor Fusion:Accelerometer readings transformed to
world coordinates: E. Bluetooth Setup

def transform_acc_with_gravity(ax, ay, az, roll, The Pico advertises its BLE service with UUID 0x7777,

pitch, yaw): while the PC connects to both WT901 and Pico:
# Convert sensor acceleration to world frame
# using rotation matrices

ble = bluetooth.BLE()
ble.active(True)

acc_avg = [ sum(x[i for x in acc_buffer) / len (|3| ble.gatts_register_services(...)
acc_buffer)

N e

for i in range (3)] Connection events and message reception are managed with

IRQ as seen in the code below:
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tion. Future work includes multi-sensor fusion and machirng] R. E. Kalman, “A New Approach to Linear Filtering and Prediction

Iearning-based gesture recognition. Problems,"Journal of Basic Engineeringvol. 82, pp. 35-45, 1960.
[4] S. Gomez et al., “Bluetooth Low Energy for Motion TrackindEEE
REFERENCES Sensors Journalol. 18, no. 4, pp. 1595-1603, Feb. 2018.

[1] , “MPU6050" [Video]. https://www.bilibili.com/video/BV1sL411F7fu, . . )
accessed May 2025. Project Repository:

[2] P.Zhou, M. Li, and G. Shen, “Use It Free: Instantly Knowing Your Phonéittps://gitlab.com/XulLeoJi/ece516/-/tree/main/
Attitude,” in Proc. MobiCom 2014, pp. 605-616. TheMagicWand
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