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Abstract

This thesisaims to improve human posture laxploing the development and integration of
Pneumatic Artificial Muscles (PAMs) and intelligent sensing systems. The objective is to not only
develop an efficient posture corrector but also to make a meaningful contribution to the fie4dd of
and wearable technology researchthe format of delivering d@ool to enablethe design and
optimization of PAMs for wearable applicatiof® achieve these objectives, three primary projects
are designed thahowa cohesive progression in the creation and application of these technologies.

As compared to other actuators, PAMs can output larger forces which are influenced by many
parameters such as their geometries muashufacturing methodDeveloping a functional tool for
designing and optimizing PAMs is not trividlhe firstprojectinvolves the creation of ForceSigby
leveragingAl advancements, a toehablingdesigners$o accurately sie PAMs based on specific force
requirements. ForceSight predicts the force output of various actuator geometries, thereby simplifying

the design proas and enhancing the customizability of PAMs for diverse applications.

Inertial Measurement Units (IMUs) are sensors used in wearable systems to detecbtionlyising
accelerometergyroscopesand magnetometerh this thesislMUs are usedo determine the sagittal
slouch and shoulder rounding states of a human subjgabsture correctiolhe focus of the second
project is to use Ruzzy Inference System (FI&)used to classify the IMU dat@his system utilizes
data from two 9axis shouldemounted IMUs, emphasizing magnetometer data to assess shoulder
rounding, and a lumbar IMU to monitor sagittal slouch posture. TheRi8atliably detects compound

slouching motions, providing comprehensive posture assessment basedensthalata

To validate the Al tool for the design and optimization of PAMs for wearable applicatienthird
projectutilizesthe ForceSight tool for determining suitable actuator geométriesposture corrector
andemploys theFIS to evaluate shoulder rounding. This section also demonstrates the workflow and
benefits of using ForceSight, highlighting its ofsmurce nature and the potential for expanding its

data pool to enhance prediction accuracy and applicability across viieldas

The msture corrector is an example of evaluating the effectiveness of the developed, AMhich
hasbroad implicationscross many industriesich as aerospace, industrial automation vesatable
deviceslt is the hope of the researchers involved that the technologies demonstrated within this thesis

canincrease the implementation of PAMs in new areas and use cases across the world.
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Chapter 1.

| ntroducti on

1.1 Background

The human body consists of intricate biological systems that interact with each other in complex
ways. With an increase in the number of people living sedentary lifestyles people are spending more
time sitting at desks and this leadsptientially problematiposture habits. To provide the basis for
innovative posture correction solutions, a lawest upper body posture detection and monitoring
solution is required. With more than eighty percent of Americans experiencing back pain, and
treatments costing an estimated $12 billion annually in Canada, there isusn iaterest in
understanding back pain and developing preventative solutidn#s poor posturds commonly
implicated asa risk factor for lower back pain, it is a valuable endeavor to develofimeabrrbody

posture tracking?].

Among the types of actuators used in soft robotics which offer unique capabilities for safe human
robot interaction and versatile manipulation, pneumatic artificial muscles (PAMs) have garnered

significant attention due to their high force output and-effstctiveness.

1.2 Motivation

Posture is an important aspect of physical healthishidten neglead or unconsciously ignockto
a point that is detrimental to their health. Sitting and standing with proper alignment can improve
breathing capacity and redugenecessargtress oigaments muscles, tendonand vertebrae in the
back[3]. Peoplewith poor posture are more likely to experience back and neck pain compared to those
who practice good posture. A common health problem related to posture is the grinding of the cervical
discs intheneck[4]. Thismaycause neck and back pain as well as strong head&tdgative health
effects from poor posturean be treated in a variety of ways including physical therapy, pain Killers,
and even surgery. Injury prevention is always preferable to treatment and in this case, it is fortunately
achievablg5].

Current posture correction devices primarily fall into two categories: Active and Passive. Active
devices use an applied force to physically manij
a compressive fabristrapbased orthosethat pulls the users shoulder blades togeféerPassive

devices use feedback to inform the user to change their posture. An example of such a device is the



UPRIGHT go, a haptic feedback module or necklace that vibrates when it senses the user is slouching
[7]. Each method has advantages and disadvantages; however, the advantages of both components can
be combined using soft robotics. Haptic feedback does not physically show the user how to orient their
back and shouldeend can be ignored by the usadditionally, constantly supporting the muscles in

your back with an active brageay pronpt the musclego weaken and atrophy over tintlerough

chronic disusghowever, somevidencendicates that thismay be equivocabnd moreconfirmation

is needed8], [9], [10]. A soft robotic device could act as both physical assistance and a reminder to
adjustbodyposture. When not inflated, the muscles do not push or pull on the user and thus the fatigue
induced by compressive shoulder straps is eliminddeding COVID many individuals led more
sedentary lifestyles in isolatigthl]. Extended periods of sitting at a desk can prompt poor posture and
the emergence ahore prominenback pain. Having tried both Active and Passive systems to fix my

own bad posturedecided there must be a better way to instill better habits

1.3 Thesis Objectives and Contributions

The first major contribution of this thesis is the creation of an artifitialligencebasedAM force
prediction tool. The toalas designed to be able generate suggested PAM geometries and operating
conditions thawill achieve a desired force outptihe tool is substantialljmore approachable than the

theoretical equations ara it is experimentally backed no simplifying assumptions are necessary.

The second major contribution is the development of a shoulder posture seolitigue with IMU
magnetometers and body mounted magnets.tdttmique uses a fuzzy logic classifier to determine
the shoulder state which allows the posture corrector to understand when to trigger the actuators to
adjust theu s eshauldersThe system can be used to detect both overall torso slouch and shoulder

rounding.

There are many positive outcomes that can result fosoft robotic posture correctiatevice.
Overall, the general populace could attain better posture, improving their physical health, which could
also have a positive impact on mental health. This device could help desk workers who suffer from
back and neck pain due to poor posture. itl¢@lso help people who are in wheelchairs and either
need assistance to sit up or occasional encouragement. Lastly it could be used as a rehabilitation aid to
people ecovering from spine or neck injuries. If the health of these people is improved, it could help
to reduce the amount of medication that they need or even prevent a surgery to correct physical health

problems caused by the poor posture.



1.4 Thesis Structure

This thesis contains three primary contributions to the fields of posture correctioRAdnd
implementation. The first contribution is the design of an Al based tool called ForceSight. The tool was
created to make it easier to implement PAMs in engineering designs. Predicting the force output of a
given PAM relies on theoretical equations thaher makdarge simplifications and assumptions or
are too complex for themanyengineering designeto understand. The final tool allows the user to
dictate the force they need from the actuator and the geometric, manufacturing, and physical parameters
within which the actuator must fit and returns a series of possible actuators that can achieu@¢de req
force within the design constraints. It does this by using a model based on extensive experimental data
The process is open source so that other engineers and researchers may further contribute to the

database and increase the robustness and bafatthtoos application

Theseconcdcontribution aims to create a unique control system that can detect poor shoulder posture
and slouching reliably such that the posture corrector may be activated at appropriatEhtintbisd
contribution is a validation of the tool through its use in a-weald designproblem thatonsists of
the implementation of PAMis a posture corrector his contribution acts as both validation of the tool

and a demonstration of its efficacy.

The final contribution is aealworld example of how ForceSighind the posture detection system
can be integrated and used for the design of a posture corrector. This sectioa actoesf-concept
of what ispossible,andthe steps involved in using the contributions of this thesis to develop new
technologieslt also acts as a demonstration of the importance of making the tool open source and

accessible such that its generalizability, reliability, and ease of use can be further increased.



Chapter 2:

Literature Revi ew

2.1 Problem Statement

The field of soft robotics is rapidly growing popularity,and it is important thas the technology
advances it also becomsinplerto integrate into desigri2]. Soft robotic motions and behaviours
areoftendifficult to predict due to their compliant nature. Agesult,a tool is needed tmake soft
robotic actuators more accessible &eth designersitegrate these actuators into their projects. One
type ofactuatorthat has many potential use cases isPA® and as such it will be the focus of this

thesis.

2.2 History of the PAM

I n 2008 the term ASoft R o b ot -basesl éobots withdargeiscaded t 0
flexibility for the first time[12]. One of the first PAMs was the McKibben muscle invented in the
19506s and named after Jdemlphpilcaws MaKIiRbhkadmr dwlGi
in 1958[13]. According to some researchers the true first inventor SvaSarasiev from Russia in
1930.Slow advancements were made in the field of PAMs through the late 1900s sucBald\the
muscle in 196%ndthe Yarlott muscle in 197214]. The first ever composite PAM consisting of a
single material functioning as both sheath and bladdeelieved to have been proposed in 1995 by
Jim Hennequin and was made of afkayf fire hosg15]. Sincethe 1990she popularity of soft robotics

has been rapidly increasing as can be seEigimrel.
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Figure 1: Popularity of soft robotics in academia over timg16].
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Since 2000 most research efforts have been focusattempting to better predict the behaviour of
the various actuators developed in the 190®sddition to predicting their behaviour many efforts
have been made to find novel applications in which to integrate these actuators.

2.3 The Mechanics of a PAM

PAMs are referred to by various names in the literature, including McKibben Muscle, Pneumatic
Muscle Actuators, Fluidic Muscle, Air Muscle, Fluid Actuator, FHiidven Tension Actuatorfluid
Powered Artificial Muscle,Axially Contractible Actuator, Tension Actuator, Pleated Pneumatic
Artificial Muscle, Biomimetic Actuator, Braided Pneumatic Actuator, Paynter Hyperboloid Muscle,
ROMAC Muscle, and Yarlott Netted Muscl&.PAM operates by incorporating a thivalled rubber
bladder inside an axially stiff buadially compliant sheath. When compressed air is supplied to the
PAM, the internal bladder expands against the braided sheath, which does noaxziadiictcausing
the actuator to shorteand increase its radiwnd generate pulling forces if connected to a load. The
force exerted occurs in the axial direction allowing the muscle to perform externaNeotlearities
in the predicted behavior of PAMsise due to the changing pressure in the bladder arabihglex

relationships of the sheath material's movenaadtgeometry change upon inflatidrr], [18].

The anatomy of a McKibben muscle as an example PAM can be sEgyuia?2. It is important to
note that other forms of PAMs such as composite PAMs (and other permutations) where the sheath is

embedded in the bladder drist,however this is their most common form.

Clamps
\ Sheath Fibers

1

Actuator/McKibben Muscle

Inlet/Outlet ’

Figure 2: Diagram of the anatomy of a McKibben Muscle
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The early characteristic PAM modelsveloped by Gou and Hannafordiere based on the geometry
of the PAM. However, this method has proven to be less effective in predicting the dynamic
characteristics of PMAs, as theinape and properties change throughout actugt@in

Following the early geometric approach Tondu and Lopex realized a need for an experimental
const waccokat for the oO6tip effectd which is whe
constrained and therefore does not inflasemuch as the rest of the actuator resulting in a non
cylindrical region ateitherends &6 k6 i s expera meenw adlkldy nduestte rbnei rcer de
actuator that a designer wishes to model and in turn the actuator must be created aod befted
theuse can precisely pr ed.Notablytthk Bnger the actaatooistiese f or c e
ideal the actuatds as the tip effect on overall performance becomes insignifau@atooccupying a

smaller percentage of the overall actuator length.

2.3.1Governing Force Output Equations

Following the Tondu and Lopex geometric approach waseaomenotbasedapproactwherein the
actuator is treated as a sprm@ssdamper systemThe spring and damper coefficients are
experimentally determined in this case and change depending on the pressure range the actuator is
operating within makindorce prediction for a designer difficult as they must account for the actuators
pressure range arve actuators built to experimentally determine their coefficients or rely on other
studieswhich usedsimilar actuator geometries and manufacturing methibalsle1 shows a list of the

discussed force prediction equations, their parametershaimdssumptions.

Table 1. Theoretical Equations for PAM Force Prediction

Equation Name Equation Symbols Assumptions

a) Perfect cylinder
actuator.

b) Inextensible fibers

P: Gauge Pressur )
arealways In contact

& Fiberlength

(O8]

0 A )
Chou and Hannafort o o P W!th the outside
Geometrid19], [20] © v TE L: BladderLength diameter of the
¢: Number ofFiber bladder
Turns

¢) Kinetic frictional
forces between the
tubing and the sheat

and between the




fibers of the sheath
are negligible

d) Bladder and
sheathelasticforces
are negligible

e) An infinitely thin
bladder.

-: Contraction
Length Ratio

a) Thefibersin the
sheath are
inextensible

b) Bladder is fully

adapted to the
working pressure of
the muscle

Tondu and Lopez . . i : Initial Radius ¢) Kinetic frictional
i 0 fiu—p O : forces between the
Geometrid19], [21] —Braid Angle _
_ tubing and the sheat
K eapemments, | and between the
fibers of the sheath
are negligible.
d) Fibers are non
cylindrical and in
full contact with
bladder.
P: AbsoluteMuscle
Pressure
: ReFl,ative Muscle | - 3) perfect cylinder.
ressure
. o b) The fibers in the
© AT sheath are
0 inextensible.
Kerscher Spring O b qadp -fll & OE| ¢) Kinetic frictional
MassDamper[22] L0l ,ai q Al 60l | :Initial Braid | forces between the
Angle tubing and the sheat

"2 Muscle Constant

. ®:Represents a
Step Function o6

Il : Contraction Ratio

Il : Derivative of
Contraction Ratio

and between the
fibers of the sheath
are negligible.




- N : 0 Force
Contraction
Correction Function

‘I : Low Pressure
Correction Function

0 : Damper
Coefficient

2.3.2Accessory Force Equations and Considerations

Kelasidi etal further proposes thase of an elastic force equation to account foatleet u &lastcr 6 s
resistance to contractigfh9]. Theelastic forcauses aempiricallydetermined PAM stiffnesshich is
dependent on the gauge pressure and the stretched length of the adtldtiptying the stiffness
constantboy t he stretched | eprayitleh an(estiknation oft thee eladsticofdecd s
generated by the compression of the sheath and bladder materials during PAM con[gaitidhe
equation can be seen in Equat{@pwhereK is the stiffness constar®, is gauge pressure aidis the
stretched length

"O O 0 O (1)

Other equations for the elastic forleave been proposed with perhaps the most comprehensive and
complex model being proposed by Tondu et. al. as it incorporates the bladder thiclkedesd the
applicability beyond the limits of the linear elasticity assumptfroposed by Schulte in 196t the
elastic force was ultimately concluded to be eclipsed by the contractile force and thus ngg#gible
This conclusioris only true for muscles designed to exert large amounts of &sreenaller or lower
pressure muscles witlave a force output closer to that of the elastic resistive.fSdriltecreated a
basc friction model proposingan equationwhich incorporates frictiobetweermultiple fibersin the
sheath and between the fibers and the bla@#@r Some researchers have attempted to expand upon
the friction equation, however, there are maagnplex interactions within the muschccounting for
frictionusi ng Her t 0 s difficoltras tlee didersleéfdineandthgir contact area changes based
onfiber angle and amount of deformatidm argument can be made that fibers only move relative to
each other and not relative to the bladder as ¢bntact relationship has such a high amount of static
friction there is minimal slipAccounting for fiction is important as it is suspected to be a primary

mechanism in muscle hysteref4].



In summation,a need exists for a force prediction technique that is easy to use, accounts for
manufacturing method effects, aisdeliable. This can be accomplished bymbining an approachable
user interface with aeural network trained on experimental deétat spans a sufficient breadth of

parameter ranges.

2.4Wh a't i s O6PDor Posturebd

Poor standing and sitting posture can have detrimental effects on musculoskeletal health, respiratory
functioning, and emotional welieing, particularly in children and adolescej3s Poor posture can
have detrimental consequences that worsen over time if not addressed early. Poor postural habits can
start at a young age and persist into adulthood. Implementing proper postural habits early on can
potentially prevent or lessen the negaticonsequences of poor posturResearchers have found
increasing evidence that poor sitting and standing posture can lead to musculoskeletal pain, ligament
damage, impaired breathing, and heightened negative emotions like anxiety and de[8p<®ath
standing and sitting postures can lead to pains in muscle and connective tissues, potentially causing
chronic diseases. Inadequate postures can result in excessive increases of intradisca[3@Essure
Maintaining an upright seated posture during stressful situations can help preseesteseif,
decrease negative moods, and enhance positive moods compared to sitting in a slumped position.

Additionally, sitting upright can improve speech rate and dsersalffocus[27].

Good postureonsists ofequal stress and strain across muscles, ligaments, and joibédalmging
opposing ligament tensions, and equalizing joint pressures, thereby regrassgre concentratians
In essencepnegood posturgosition would be withlhe bodyweight isevenly distributedthe spine's
curves aligned, the abdomen is held in, the chest is lifted, and the shoulde{883ré&ttecting the
shoulders naturallpushesut thechest and pulls the head out of a forward head position and into a
more vertically aligned oné plot showing the measured normalized spinal disc pressure for various

postures can be seenHigure3.



0.2

T Most
‘correct’ II‘%
seated i

01 | position

S1

Normalized Disc Pressure (Mpa)

Relaxed, Arms Supported

=

Erect, Middle Sitting

Relaxed, Feet Unsupported
Anterior Sitting, Straight Lumbars
Anterior Sitting, with Kyphosis

Standing at Ease

Sitting Relaxed
Posterior Sitting

Figure 3: Anderson et a | diss-pressure findings in unsupported sittingand standing[29].

Andersonetal 6 s wor k reinforces the theorddesgitngt t he
posture withvertical spinalalignment as it has the lowest normalized disc pressthis. low
nomalized disc pressure is a good indicator of the distribution of stress in thesgiireturn a good

indicator that the body weight is evenly distributed.

2.5Existing Posture Correction Solutions

Passive and activieosture correctors exist in a variety of forms. As mentionedhiapterl.2, the
Upright Go stands out as a leading posture detection system and is suspected to revolve around the use
of an IMU, however, it lacks the ability to detect shoulder rounding as it uses a single mounting location
for the device placed on the upper back ofsar[7]. Passive posture correctors such as the Posture
Doctor and the dozens of other variations including belt straps, plastic orthoséstlaethstic and
non-elastic shoulder straps can be found ed30y. While there are some differences between passive
devicesthey all take on similar forrfactorsinvolving two strapshat encircle ther s eshaulders and
attempt to hold or pull their shoulder blades together. As mentioned in CRajptinis action causes
theu s eahdstso push forwards and head to become more vertically aligned, thus achieving a better

posture.
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Active solutions are portable and easy to use but are not as efficient as they could be. Haptic and audio
feedback can be easily ignored and thusr#ite at which better habits are developed can be slow.
Passive systems are effectively impossible to ignore as they hold the user in a correct position, however,
theydetract from postural muscle activity as the orthoses takes some of the load required to maintain
the position. Additionally, they are only recommended to be worn for a few hours a day to prevent
fatigue sorenessand device dependanf®l]. These downfallgall for the development of laybrid
system that &an be activated to move the user into a correct position as reduitedeactivated to
ensure they use their own muscles to maintain the pasiticeffect this would be an active system

that is impossible to ignore.

In recent yearsesearcherblave made attempts to design or build more advanced hybrid posture

correctors using soft robotics. Some exangolt robotic posture correctocan be seen iRigure4.

Fig.1 Main components of the
spine corrector: (1) shoulder
pads; (2) secondary McKibben
actuators; (3) skeleton blocks;
(4) primary McKibben

Figure 4: Existing soft robotic posture correctorsa) McKibben musclebasedwrap [32], b)

selterecting spinal bladder[33], ¢c) PAM based spinabladder and shoulder actuatorg34].

Figure4 a) shows a PAM based posture corrector that uses one large PAM in the lumbar region and
three thinner and longer PAMs wrapping around the shoulders to pull engheshaulders. This

device was never tested on a human subject but has a promising although bulky architecture. An
11



alternative posture corrector seerFigure4 b) straightens when inflated applying a gentle corrective
force The force is unlikely to be large enough to coreect u sskeuctied torso posture (as will be
discussed irChapter 4 but would serve as gentle eminderto correct their posture. The finahch
most similar device to the design disclosed within this paper can be seiguria4 c). The primary
similarity here is the use aftificial musclegulling on each shoulder and mountedteest The two
primary differences are that the system operates using hydraulics not pneumatics and incorporates a
spinal actuator that attempts mdmic the motion of the spinesing two artificial muscles in series
within rigid plastic blocksOther differences arise in the control system which usesistancdlex
sensor to detect a slouched toasal cannot detect shoulder posti8ach sensors are known for their
lightweight and thin form factdi85]. Unfortunately these resistors suffer frothermal drift but this

can be mostly accounted for by adding complexity to the circuit in the formAdieatstondoridge
[36]. Additionally, the inventor does not address how thieghor the shoulder actuators to ensure they

pull the shoulders back without also moving theunting point on the spinal block.

In summationan erect middle sitting posture igaod, seategosition as the body weight é&venly
distributed. Rssive posture correctors, such as shoulder straps and orthoses, are widely available and
enforcean erect middle sitting postuing physically holding the body in the correct position. However,
these devices can reduce postural muscle activity in comparison to maintaining the position without
assistance and are recommended for limited use due to the risk of fatigue and soréve s5/séers
use feedback mechanisms but may be less effective as users can easily ignore the cues, leading to slow
habit formation. Recent advancements in hybrid posture correctors that incorporate soft haletics
been made to try and bridge this g&yhile these innovations show promise, they are hindered by
challenges like bulkiness, insufficient corrective force, atatk of comprehensive testinig.would
be ideal if PAMs were easier to implement into designs such asathésdlows for a more streamlined
prototyping and manufacturing proce$he current theoretical equations are either rough estimations
ortoo complex and daunting for the average designer to use. An experimental model would inherently
account for a lot of the assumptions made by these theoretical equations and could be combined with a
user interface to becons¢raightforward and easy to use. Experimental models typically suffer from a

lack of generalizability and as such this model woulden source
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Chapter 3:
Artidli cl nt el IPAdMeensieg BaBodl

3.1 Introduction

Since its initial application to aid the grip strength and functionality of Polio patients in Ranchos Los
Amigos Hospitalin prosthetic assistive devices, very few companies have ever achieved commercial
success using PAMs over the past six decf@ifs One notable company that succeeded in selling
PAMs is Festo with theijprimaryfocusbeingon industrial applications.

The major reason behind a hindered widespread adoption of PAMs for the originally intended
prosthesis applications is the need for heavy pumping systems and batteries for operation. Significant
advancements in miniaturized pumps and batteri@senable portable PAMs to be develof&f],

[39]. The compatibility of portable PAMs with wearable technology, which sees tremendous potential
in improving quality of life, incites the resurgence of the research and development of [B@|Ms
Among the scientific and practical challenges to overcome, the lack of models for the design and
optimization of PAMs for desired force outputs is the key, especially considering newly developed
materials. Although there are some theoretical equatiesatiow the force output of ideal actuators

to be estimated, these models make assumptitnich areunrealistic in some situations such as
inextensible fibers no friction in the mesh sheattand perfectly cylindrical expansiorj24].
Additionally, these models cannot account for variance caused by manufacturing defects and thus
extensive modifications are necessary if the model is being used to predict different manufacturing
methods or PAM structures. For example, the models desgtlbp Gaylord [2] and Schulte [4] had
success in predicting the behaviour of a general form of McKibben muscles, however, failed to
reasonably predict the behaviour of composite muscles such as the Ripstop muscles reported by
Nicholas Naclerio and Elliot &lvkes in 202(041]. The complexity of a true model for PAMs results

in a lack of implementation by engineers and technology designers as it becomes difficult for them to

discern what assumptions are reasonable for their circumstances.

Therefore, to exploit the full potential of PAMs as actuators for improving the efficiency,
functionality, and applicability of soft robotic wearable systems, it is essential to develop models to
simplify the design process for engineers by eliminatingnéned for complex math or an in depth

understanding of the effect of assumptions on the prediction quality. For example, the assumption of
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an inelastic braid or sheath material was deemed to be not reasonable according to the research
conducted by Chambers et al. in 2022]. Moreover, a simple and easy to use graphic user interface
(GUI) should be incorporated for designers who can simply input the desired force from the actuator.

This study reports the development of more practical models which together withfeaunsty
GUI serve as an opesource tool enabling designers and engineers to implement PAMs effectively
within their design workflows. This tool utilizes multivariabdegression model, which relies on
experimental data to predict the blocked force of a PAM based on five input parameters: Pressure, Inner
Diameter, Wall Thickness, Length, and Manufacturing Metfibése parameters are chosen based on
the theoretical equationsxcept for Length and Manufacturing Method which are chosen as the
materials used will logically affect performand¢ength is & easier to use replacement for the braid
angle and fiber length parameters in the theoretical equatisirgy length instead of braid angle and
fiber length (or in some cases number of tuiaamore useful for a designbecause when they are
sizing an actuatdor a projectypically thevalue of concern is the length of the actuator not the details
of the fiber windingFor ease of discussion, the tool will be referred to as ForceSight hereinafter.

To generate a substantial dataset for the model development, this study incorporates five
manufacturing methods: Latex Sheet Rolled (LSR}rudedLatex Tube ELT), Latex Dipped (LD),
Sheet Thermoplastic Polyurethane (TPU) Rolled (STPR), and Sheet Ripstop Rolled TE&SR).
manufacturing methods were choserELT and LD are off the shelf available materials with which to
make a blader.TheLSR, SRR, and STPRethodsareall sheet fabricatiomethodsand these sheets
can come in very small thicknesses which in turn esabiation at lower pressures (< 2 BaiQver
130 unique actuators were successfully built and tested in this study. The SRR method involves rolling
a nylonreinforced silicone fabric around a rod and gluing it to form a fabric tube. Similarly, the LSR
and STRR methods employ a rolling technigwéh TPU using heat sealing instead of gl&&T
method is masproduced through extrusion, while kidade actuators are created by dipping rods into
liquid latex. Furthermore, three different lengths (76.2 mm / 3in, 203.2 mm / 8in, 304.8mm / 12in) and
four diameter increments (1.59 mmj/p @ , 3. 19/ & ,mnd ./7 &j2p50 ,mn6 ./Bj50 )mm /
are included in the study, providing a comprehensive range of options.

The testing procedure encompasaepressure range from 0 to 1 Bar (0 to 100 kPa), with wall
thicknesses varying based on the manufacturing method employed. As PAMs are envisioned to be used
as wearable actuators, the pressure range was chosen based on this requirement. Most affiqpdable pu

that are compact enough for wearable devieesyenerag approximately 1 Bar of pressure reliably.
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A compact pump should lveearable as that is one of the main applications of soft robotic devices. One
commonly used¢ompacipump for this application is thrER320-02PMdiaphragm pumpvhich weighs
300gand costs ~$7 CAIM3]. Diaphragm pumps generally require larger motors to put out more
pressurehowever, there are smaller methods such as piezoelectric pumps buaathbst0-20 times

the cost of an equivalent diaphragm pujddb]. This comprehensive dataset enables the development

of a robust multivariable regression model for predicting the blocked force of PAMs made using these
methods. The blocked force is the output force of an actuator when it is restrained to prevent any
motion. In the case of PAMs this is the maximum force and theoretically that force is 2.5 times the air
pressure multiplied by the internal cresectional area of the bladd&7].

Moreover, this study aims to provide a comprehensive comparison of the tested PAMs, considering
factors such as material cost and easeariufacturing. By evaluating these critical aspects, the study
seeks to guide future designers in the selection of optimal parameters and manufacturing techniques
when implementing PAMs in their soft robotics applications.

Through the development of this opsource tool and the insights gained from the comprehensive
comparison, this research aims to advance the field of soft robotics by facilitating the design and
optimization of PAMs

3.2 Experimental Methods

3.2.1Test Jig Layout

This section outlines the comprehensive experimental setup employed for the characterization of the
actuators (Figure 6). The primary componergsdin the setup included an Arduino Uno R3 (Arduino,
Massachusetts, USA), a custom pressure regulator (WPump made by Gao et al.), a load cell (DYLY
102 5kg SType Cell, ATO.com), a load cell amplifier (HX711, SparkFun, Colorado, USA), a
potentiometer (Bl PSI0 B10K 3A, TT Electronics), a NEMA 17 motor (FIT0278, DFRobot, Shanghai,
China), and a microstep driver o controller (TB6600, RobotShop, Quebec, Canada), a breadboard,
and plastic air reservoirghe load cell was calibrated with the amplifier using known masses of 1kg
and 2kgoy placing the mass on the load cell and adjusting the calibration value uAtitltheo output
matched thenass in us€rhis was performed onde calibrate andthe masses were-meeighed twice
to confirm the calibration value was corre€he primary objective of the setup was to assess the
performance of the actuators ungarying conditions, necessitating meticulous control of pressure and
height. The experimental setup can be seéfigareb.
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Figure 5: Tabletop layout of electronics and controls in test bench.

The testing platform, a key component of the experimental s€igpré5) illustrated in detail in
Figure 6. To stabilize the pressure, reservoirs were introduced into the system to counteract minor
instabilities from the pressure source. The pressure source was a programable Arduirapémsed

sourceuPump designed by Gaet al.[45].
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Figure 6: (a) Labeled 3D rendering and (b) realworld photograph of the testing platform.

A vertical mobile platform, adjustable through a 0.25in (6.35mm) diameter lead screw with a 1/16th
inch (1.59mm) pitch, supported the load cell. A NEMA 17 stepper motor, powered by a 24V DC supply,
was geared to the lead screw at a 2:1 ratio, enablind magnual adjustments to the platform's height
using the AccelStepper library. The AccelStepper library enables a simplified code structure within the
Arduino IDE to control the stepper motor. Given the stepper motor's resolution of 6400 steps per
revolution, the height adjustment granularity was approximately 500nm, ensuring precise control. The
height increments of the actuators were carefully selected to optimize the balance between data
collection gquantity and test duration, allotting approximately 2rsg€ for actuator stability at each
height step.

The heightadjustment motor was controlled by an Arduino Uno, which communicated serially with
a pressure regulating system via 12C protocol. The pressure regulating system featuredilan in
pressure sensor, facilitating reahe pressure monitoring dradjustment by the Arduino. The stepper
motor also incorporated a controller to track the motor's steps, enabling the recording of height
variations. Force measurement was achieved by wiring the load cell to the Arduino. Details of the

wiring configuratian is available in the supplementary information document.
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3.2.2Blocked Force Vs. Contraction Testing

Two distinct test types were conducted: one maintaining constant pressure while varying height, and
the other maintaining constant height while changing pressure. Each test iteration was performed three
times to ensure robustness of the results. Precedingtesizha calibration phase was exedute
tensioning the actuator to 1 N, and subsequently reducing it to 0.1 N, eliminating any inherent bends
and ensuring accurate length measurentgmsaintainingslighttension Enhancing testing efficiency,

a potentioneter was interfaced with the Arduino to enable manual motor control. This setup facilitated
variable speed and bidirectional motor control, which was essential when changing the height of the
load cell to accommodate different actuator lengile pressure and height data were concurrently
recorded through the communication between the Arduino and the pressure regulating system. The
force sensor measurements, height adjustments, and pressure variations were synchronized and

continuously loggedyban Arduio before outputting as .csv files.

3.2.3Data Ranges

The categorical thickness of dipped actuators (3 dip and 5 dip) was converted to numerical values;
however, the manufacturing method remained a categorical predictor. This numeric thickness is the
average of the thickness measured at each end of the bl&tidepredictor variables for the blocked
force model are Bladder Air Pressure, Bladder Diameter, Bladder Thickness, Bladder Length,
Manufacturing Method (Categorical). For the contraction testing the Bladder Air Pressure is replaced
by Contraction LengthRatio as a percentage. All predictor variables are numeric unless otherwise
stated and the output variable is the actuator force. The blocked force model will be the focus as it had
the most data collection and is likely to be the most useful part abshehowever, the contraction

model will also be generated but a Ul will not be built for the contraction model due to time constraints.

The initial purpose of this tool is to aid in the creation of a wearable device, namely a posture
corrector.Thus,t he parameters for the actuators fall Wi
useful for such a devicé& wearable size is dictated based on the input pressure range, expected output
force range, andgeometric ability to fit onto an average pers®able 2 shows each imependent
variable and the range within which it was vam@sdvell as the range of output force values as a general
overview of the collected data. Note that this database is designed to be updated throsghirgeen

access and is even updated furtheClapter 5

Table 2: Independent Variable Range for Design Tool Training
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Variable Minimum Maximum Number of Increments

Length 3in 12in 3
Diameter 0.125in 0.25in 4
(Manufacturing Method
Thickness 0.0039 in 0.125 in Dependant)
9
Manufacturing Methoo N/A N/A 5
Pressure 0 mBar 1000 mBar (25 ;;)Bap
Force ON 3498 N N/A

3.3 Data AnalysisOverview

In the interest of brevitythe main text includes a select set of graphs from the gathered data. The
complete data set is available upon request. As an example, to illustrate the influence of actuator length
and inner diameter on the blocked force, a 3D plot of the faressureprofile for all lengths and
diameters of th®@ . 0 0 6 &heet Ralled katex actuators can be sedngare?.
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Figure7?Aver aged bl ocked force data for t.he 0. 006

As the actuator diameter increased, the fmaee ssur e r el ati onship also i

long actuators had a higherfoger e ssure profile than the 30 | ong

and 80 actuators not temofreslicedtergthtcdusing fedutet foreeiouwtmt t h e
was either experimental error or manufacturing defects in the actuators causing discreQaecies.

issue regarding small batch manufacturing of actuators using the methods outlinethestsis that
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they all requiremanual labotbased production and thus human error in manufacturing can arise
Including data that does not align with the expected behavior is important as it makes the model outputs
more realistic. As other designers and engineers produce actuators using these methods, they will likely
also make small mistakes and inconsistengigsig manufacturing. It is here where the experimental
model becomes more reliable in comparison to a theoretical model. The experimental model includes
a marghn of error built into the training data that is generated by inherently capturing the same types of
manufacturing problems that other manufacturers are likely to encounter. The longer the actuator is the
higher the chance of it having manufacturing defestghere is a longer seam and more material
involved. This may help to explain why the 30 ac
t he 120 an ddedythrea copias afteach actuator geometry would be built and tested to
avoidlarge deviations caused by individual actuators. As the actuators are labor intensive to build the
decision was made to instead cover as wide of a range as passilla a quality test on each actuator
before use. After construction the bladder was visually inspected to ensure there wesernabtd

defects and then pressurized to 1 Bar to ensure there were no leaks. If a leak ishereseaping air

can be heard and a submersion test with waggrf®rmedo locate the leak precisely and atterapt

fix it.

Taking the maximum contraction and maximum blocked force of each actuator, an Ashby plot was
generated to depict the entire design space encompassed within this study. The goal of this plot was to
provide a consolidated visual overview of every actuatiisrstudy, showcasing the general performance
range of each manufacturing method. The Ashby plot can be déignia8 where the data is color coded
according to manufacturing method.

40 Ashby Plot of Contraction Ratio and Average Blocked Force at 1 Bar
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Figure 8: Ashby Plot of all fabrication methods.
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An Ashby plot is a common plot used for characterizing the many parameters of different materials
groups into an easy to visualize generalized image. These plots are largely used for earlynakisipn
regarding material choices in engineering and camided in a similar fashion here when selecting a
manufacturing method for PAMs. A 3D plot of ever)
grouped by inner diameter, can be constructed for a specific manufacturing réjhogld depicts the
effect of increasing the actuator diameter on its performance. Thecodiog further helps to visualize

the trend: as actuator lengtitreased, both peak forces and contraction ratios rise.
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Figure9:Al'l force data for the 0.0060 thick sheet |
lengths at 1Bar.

A good indicator of actuator performance is the product of the maximum blocked force and contraction
length ratio "O - . The contraction ratio can be found ustuation(2).
a a
a

el

Where §) is the initial length andg) is the contracted length. This value will be termed the
Performance Product ( . The larger the is, the larger the actuators blocked force and contraction ratio
are. The actuator with the highesti s t he 0. 0X046l% ot) hischkeetl 2! | ed | at
maximum force from blocked force testing is 34.98N and the maximum contraction ratio is 0.2439. This
results in a, of 83N. Figure1l0i s a 3D surface pl otpressusdpgrégect i ng

relationship.
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3.4 Model Generation

We turned towards MATLAB, its regression learner app is mature and can be used to create a
predictive model based on the data collected in the experi@@ntThe blocked force experiments
yielded 262,000 data points total. This was deemed a sufficient starting point to form a robust force
prediction model based on tiielependent variables iwnerdiameter, length, fabrication method, wall
thickness, and pressure. Twenty percent of data was manually randomly set aside before model training
for hold-out testing47]. The remaining data was imported for training using the Regression Learner
A p p 6-feld drossvalidation scheme. Hold was selected despite the increased computational
requirements as it can offer a more precise final mpt8jl Based on prior research conducted by
Kohavi et. Al. 10 folds was deemed sufficient for this applica@®j.

3.4.1Model Type Selection

The regression learner app trains many models to find the best option. Support Vector Machines and
Tree based regression were both run on the training data but offered poor predictions when faced with
data from outside of the scope of the training (fomepla predicting a 2 Bar pressure) which reduces
the generalizability of the model substantially. The selection of utilizing neural networks for this study
was guided by their suitability to address the inherent complexity of the problem at hand. Wimgn deali
with several variables, such as diameter, length, wall thickness, and others pertinent to the function of
the actuator, neural networks prove to be particularly adept at accommodating several dependent

variables including both numeric and categoricalaldes. Consequently, the adoption of deep neural
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networks, designed to handle intricate functions, was deemed unnecessary due to the bounded nature
of the theoretical equations that govern PAMs, but they were still included in testing for comparison.
Choosing a deep neural network architecture can introduce an elevated risk of overfitting, potentially
compromising the generalizability of the predictive mdéel.

To compare a deep neural network to the wide neural netwotkyeBnetwork with 33 nodes per
layer and 34 nodes on the first layer (to sum to 100 nodes akin to the wide network) was generated and
had a smaller RMSE compared to the wide network. Sevtrad single and multayer networks were
also tested. The regression learner app offers a Neural Network (NN) optimizer alongside other
optimizers. The optimizer was run for 22.6 hours and returned a NN with 2 layers. The first layer
contains 15 nodesnd the second contains 8 nodes. As the optimizer requires extensive training it was
run only after narrowing down the choice of regression method to NNs by training several other quick
to train models and comparing them to a wide NNapered NN, and tdayered NN. The optimizer
was initially run on 90 percent of the overall data, however, to reduce the likelihood of overfitting the
amount of test data set aside was adjusted to 20 percent akin tectadsifecation study conducted
by Pal et. al[47]. In the interest of time the optimizer was netuig, instead the final hyperparameters
from the optimizer were used to set up a NN for training in the 80 percent training data trial.

All models tested uskthe default ReLu activation function and standardized data. While the RMSE
is lower for the deep neural network, wide neural netwtgally have better generalizability than
deep neural networlfs1]. Further, a deep neural network can result in prolonged training times and
greater computational demands for individuals whtvaen the network in the futui®2]. In contrast,
a wide neural network not only facilitated expeditious model training but also produced a higher degree
of versatility for use on untested lengths, diameters, or any other included variable. By aligning well
with the nature of the problemhd wide neural network effectively achieved a balance between

predictive accuracy and computational efficiency.

3.4.2Blocked ForceModel Validation Results

For the blocked force modelcamparison of the RMSE and RRalues for various NN architectures

from the 80 percent training data trial can be sedrabie3.
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Table 3: RMSE and R2 of various NN architectures.

Network Type Layer Sizes RMSE (Test Data) R?(Test Data)
Optimized BiLayer NN [15,8] 0.5344 0.99211
Tri-Layer NN-100 [34,33,33] 0.16952 0.99921
Tri-Layer NN [10,10,10] 0.69034 0.98684
Bi-Layer NN [10,10] 0.63352 0.98892
Wide NN 100 0.24234 0.99838

The final model usesvasa wide neural network with 100 nodes, an RMSE of 0.242342af R
0.99838 and a training time of 2.6 hours in comparison to the deep 100 node NN training time of 2.9
hours. These values were deemed acceptable for this application in terms of both accuracy and training

time. Figure11 shows the predicted response vs. True response plot for this model.

Predictions: (Wide Neural Network)

351
30
251
[<b]
N
c
g
o 20
L
3
B 15+
he)
g
o 10}
()
5r pe
® QObservations
0F Perfect prediction

0 5 10 15 20 25 30 35
True response

Figure 11: Predicted response plottedvith true responseof wide neural net model test data.
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The model is a standardized, fefedward, and fully connected neural netwdfkirther information
on the relationshipsetweerthe numeric input variablesdthe output force can lgmthered from the
partial dependence plots seerfigure12.
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Figure 12: Partial force (N) dependence plot®f trained model for a) Diameter(in), b) Length
(in), c) Thickness(in), and d) PressurgmBar).

These partial dependence plots indidades the trained modelinderstandtherelationship between
agivenvariable and the output forge isolation from the other variableBhe behavior seen here is as
expected for all variables as timerease or decreaséforce output with each variable aligns with the
theory of how these muscles function and ghedeterminedequations found iChapter 2This is a
good indicator of theno d epredicionreliability within the scope of the training datas for the
magnitude of influence the Length is expected to have a smaller effect while Pressure, Diameter, and

Thickness aréominating factors in the theoretical behavior of PAMs.
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3.4.3Contraction Model

For the contraction model for consistency the sarmeral network layer and node structure is
recommended, however, a full optimization was also ddttethwee layers. For the 1 layer 100 node
architecture théestR? and RMSE ar®.97and1.0207respectively The training and test data split is
80/20 to remain consistent with the blocked force maddla Tanh activation function was usélde
fully optimized model is a-Bayer network with81, 238 145 nodes per layeand to try and improve
generalizability it has an L2 regularization strength4.604E-7. The 3layer network has &stR? and
RMSE are0.99 and).5302%espectively.

3.5 User Interface Design

Using MATLAB, an opersource applicatiomvas builtthat uses the model to generate a series of
combinations of input variables that could be used to achieve a given force. It is available to download
as a .exe file andanbe used without MATLAB, making it widely accessible. A designer who knows
how much force is needed for their applications could use the app to generate several permutations of
actuators that fit within their given constraints. For example, if the desigmeiot use latex sheet
rolled actiators due to their high manual lalsemandsthen that method could be excluded from the
analysis. Figure 13 shows the user interface for the application which has been named ForceSight.
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/@ ForceSight..

Options
Desired Force (N): 1 Predictor Range |v|
Length (inch): 1 - 12
Pressure Range (mBar): 1| - 1000
Increment by: 2 1! [ I A (| U I A |
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[]BEMIS Rolled ]
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[Juse metric values {cm) Generale Suggestions

Suggestions

Figure 13: User interface of ForceSight.

The necessary files and instructions for generating new models, downloading the app, and updating
the app with new data can be found inghpplementary materials section.

3.6 Potential Design Tool Applications

The design tool is versatile and valuable across various flaltlss thesis it is specifically used to
build a posture corrector, however, in gendrean be applied in industrial automation, other wearable
devices, aeronautics, and the automotive indudiryindustrial automation, itould be used to
implement PAMs irrobotic arms and pneumatic grippers. In wearable technologyullil be used to
determine actuator sizing f@axoskeletonsshoe lacesand other assistive devices, improving user
confort andform factor Aeronauticxould benefit fromthe implementation of lightweight actuators

for aircraft control surfaces and cabin systems thrdhghease of actuator design accommodated by
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such a toalIn the medical field, the toaould aidin developing prosthetic limbsndrehabilitation
equipment. Additionally, in the automotive industrygauld be used to implemeatiaptive suspension
systems and active seatbefsywhere aPAM could be used to solve a problem, this tool can be used
to make it easier to solve that problem.

3.7 Experimental and Analytical Errors

Part of the issue regarding small batch manufacturing of actuators using the methods outlined in this
paper is that they all require human interaction. Including data that does not align with the expected
behavior is important as it makes the model outmdse realistic. As other designers and engineers
produce actuators using these methods, they will likely also make small mistakes and inconsistencies
during manufacturing. It is here where the experimental model becomes more reliable in comparison
to a treoretical model. The experimental model includes a margin of error built into the training data
that is generated by inherently capturing the same types of manufacturing problems that other

manufacturers are likely to encounter.

Potential manufacturing imperfections with the sheet rolled material methods may arise from
occasional wrinkling of parts of theheetduring the rolling process. This results in sections with
slightly larger diameters than the rod, causing those segments to inflate ahead of the rest of the tube,
potentially leading to premature failure. This can be avoided if the process is autoriraiedtirg
the possibility of human error. Furthermore, dipped actuators exhibit numerous inconsidtencies
thickness aarss theitength, adding another layer of complexitypredicting their force outpLiVhile
implementing a neural network might banecessarily complefor this application. The Rvalue is
very high, likely because the blocked force data closely aligns with theoretical models. This close
alignment islikely due to thesmall range of diameters, thicknesses, pressure)emgths While
initially the spread of input parameters had appeared suffi@enider array of actuators may have
been beneficial for the neural network to analyzeadammmaodate this shortcoming further community
data can be added to the model as it is nope® sourcdn Chapter 5an example of a user looking to
further develop the toduch that it may be used for their applicatianls be brought forth and new

data will be addetb expand the prediction generalizability
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3.8 Conclusion

The ultimate tool developed in this study exhibits both versatility and -@isendliness. It
demonstrates the capability to forecast PAM force outputs using various input variables without
necessitating complex calculations or mathematical proficiency. A comprehenslysisaoé five
manufacturing techniques was conducted, revealing a balance of advantages and disadvantages
associated with each method. The optimal choice of a PAM hinges upon the alignment between these
pros and cons with the specific aigption requirements and production quantities. In instances where
only a limited number of actuators are required, the substantial labor and time investment of-the latex
based methods might be justifiable. Conversely, if the goal involves automatedrothsgipn, the
TPU method might present a more appealing option due to its faster production speeds. Perhaps the
application of the PAM requires that it can be rolled up for portability or a very small diameter bladder
is required. In the former case a Rigp muscle may perform best, and, in the latter, the dipped latex

method may be the easiest to implement.

The importance of making this tagben sourceannot be understated. The ForceSight model requires
data from many manufacturing methods to become more versatile, howevdivemlijl be covered
in its initial release. By equipping designers and engineers with a valuable resource, this study strives

to enhance the efficiency, performance, and reliability of soft robotic systems employing PAMSs.
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Chapter 4.
Mul-tnerMeaslur &ment Posture Detection V

Magnets and CompFuseoahary Senso

4.1 Introduction

The proposed exploratory solution focuses on the use of twa@dstvldaxis inertial measurement
unit packages (IMU), placed on opposing shoulders of a user, with an additexiall®U placed in
the lumbar region, all connected to an external microobetunit (MCU) that is usedathetincoming
sensor dataThe term base IMU and lumbar IMU are interchangeable in this p&pergoal is to
generate a model that describes the upper torso angle while tracking shoulder rounding angle, as the
t or s o 6 ent alvogvtiee rsagittal plane and shoulder rounding can indicate a few of the common

types of &époor[B3][p4.s tAusr es uc hp,ostihtei omosdel ai ms t o i
position, a Arounded shoulderodo position where t
curled forward, a fisagittal sloucho @planébui on wh
the shoulders are not rounded, and the final fi co

and has their shoulders curled forward. This can be accomplished by separating the detection of the
shoulders and torso independently forieaprocessing. The ability to identify these four position

combinations can assist posture correction devices in addressing and fixing those parts individually.

The approach proposed herein not only places two IMUs on opposing shoulders of a user, but
additionally places a magnet in the traditional upper back area of a user, between the shoulder blades,
as a reference point for the IMU magnetometers sensorskat@shoulder rotation. The use of body
mounted magnets in coordination with IMU magnetometers is rare for posture detection purposes with

minimal research invested in it.

The use of | MU6s for biomechanics is common. H
detection is focused on upper body posture and gaining insight into spine positions, which often ignore
shoulder slouching positiofs5], [56]. Nonetheless, the data collectedfiorn e use of mul t i p!
or | MUbds i n c oo r-dodyrsensorsonposiure tddiectiort ahdeother applications often
use traditional Kalman Filter or variations, such as the Unscented Kalman Filter or Adaptive Kalman

Filter [57], [58], [59]. In addition tobody posture detection, the use of purely IMU gyroscope data for
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tracking shoulder angle data in daily living conditions confirms the feasibility of tracking shoulder
rounding with orRbody sensorgs8].

Research into bodgnounted magnets, and the use of magnetometers for posture detection is growing,
with several studies looking into both head posture and shoulder posture tracking enabled by body
mount ed magn g60]s[61k[62] Hdwe¥erHnsost of these approaches require multiple
sensors, placed in less ergonomic positions on the human body, with the goal of producing high
accuracy and high detail model s of a subjectbds
IMUs in conjunction with magnets to extract more information from the sensors in the form of detecting
shoulder slouching motion. The approach should result in a system that can be easily integrated into a
wearable vest. By incorporating the components into a wasthope to enhance user comfort and
acceptance. This approach aligns with the practicality and usability egdoirwidespread adoption

of posture correction solutions.

The use of Kalman filters is thus used as a st a
requirements, as it is providing an optimal estimator for the various measurements provided by the
IMU, to smooth the raw data. The filter can prodes®ming measurements, which is useful for the
envisioned reatime processing required for active posture detection and correction.

However, because the ultimate target of the proposed solution is to track human posture and
movement using the IMU sensors, the usefulness of a Kalman filter by itself is diminished due to the
inability to detect different states without further data fasamd processingso, while it provides a
good filter, more steps are needed to achieve the full scope of the project. Hence, to further develop the
proposed solutionbés sensor data fusion, t he use
based orobserved typical human motion. This was selected instead of some of the more novel neural
network or deep learning approaches seen in other research, as to allgraifineontrol during the
data collection phas-bor o of bome neera newvork appraachestame A b |
make it difficult to analyze and hand tune the sensor fusion [8@]c[61]. Additionally, with the goal
of categorizing posture states into O6shoulder s

s | o u thé eomipdexity of aneural networks not needed.
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4.2 Experimental Methods

4.2.1IMUs and Microcontroller Used

The proposed solution is implemented with the use of ta&i® IMU sensors placed on opposite
shoulders, one-8xis IMU placed in the lumbar region (lower back), and a single external MCU to
collect the sensor data. The twa@s IMU sensors selected veeBNOOS55 absolute orientation sensors
from Bosch integrated into an Adafruit breakout board, as shoigume 14 [63], [64].

9 Axis Abs.
Or:entauon

Figure 14: Adafruit BNOO55 sensor breakout board.

The IMU consists of a Micro Electromechanical System (MEMS) accelerometer, with magnetometer
and gyroscope, and can output raw sensor data vialinegrated Circuit protocol (12dB3], [64].
This sensor was selected because it is readily available and easy to access, in addition to providing a
reliable and useiriendly foundation for the data collection, which allowed the team to focus on the
sensor data filtering and fusing aspect of treggut. The 3axis IMU placed in the lumbar region is an
NXP MMAB8451 digital accelerometer with 4ait precision ADC, integrated into an Adafruit breakout
board which also provides an 12C interface, as shoviginre 15 [65], [66].
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Figure 15: Adafruit MMA8451 breakout board sensor.

The MMA8451 was similarly selected due to its availability, ease oflosecost and timdested

use in orientation and movement detection applications.

The MCU selected was an fAArduino Nano Everyo
to its availability and low cog67]. Of note, the microcontroller uses the 5V provided from the ricro
USB TypeB port, and the digital logic operates on B7]. As such, even if the Nano Every has a
3.3V and 5V output, both the BNO055 and MMA8451 were powered from the MCU via the 5V output
power rail. Both the BNOO55 and MMA8451 Adafruit breakout boards support 5V inputs and have
onboard voltage regulators teptdown the 5V to the required sensors voltage, and then stepping up
the 12C connection to 5V for the proper communication with the MCU, avoiding the need for an
external logielevel shiftier[64], [65], [66]. The Arduino Nano Every uses the ATMega4809 chip,
which offers a 20Mhz clock speed and 6KB Static Randaeess Memory (SRAM), and one 12C bus
through the Serial Data and Serial Clock (SDA and SCL) pins, as sh&iguie16, which is adequate

for communicating with the three selected sensors.
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Figure 16: Arduino Nano Every pinout diagram[67].

Power was supplied to the MCU through the USB TBp@ort using a personal computer (PC). This
served to power the MCU and allowed serial communication between the PC and the MCU to collect
data. As such, an Arduino Sketch, a program written in C, wdsefla® the MCU to interface with
the three IMU sensors and relay the data incoming from the sensors through the serial connection to
the PC using the PUTTY serial client software. Thus, the PC can collect the incoming sensor data and
store it as a Comm&earated Values (CSV) file. After the data collection was completed, it was
imported to MATLAB for further processing on the PC. The PC can connect to the MCU via the
ATSAMD11D14A chip which handles the USB to serial bridge to the ATMega4809&Hip

4.2.2Mannequin Experimental Setup

To collect reference data when evaluating the performance of the proposed device, two methods with
their respective devices and tools were produced. The first test process focused on mounting the three
IMU sensors to a mannequin jig for sagittal data ctitbe. This jig is shown iffrigure17 and consists
of a plastic mannequin which modeled the upper body of a human from the waist up, and includes the

entire torso, shoulders, arms, and head.
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Figure 17: Mannequin sensor and magnet layout.

The jig was built for this project and is fixed to the edge of rigid plate via a metal hinge. This hinge
provides a pivot point around the lower torso area of the mannequin, which enabled simulations of the
upright and straight slouch postures, where thdytbends forward along the sagittal plane from the
waist (lumbar region). The lower torso is also where thaxi8 IMU, MCU, and breadboard are
mounted which are circled in red in Figure 4. This placement ensureeattie BAU is located near
the axis ofrotation and could serve as a reference point when attempting to isolate shoulder rotation
from the full body tilting forward. In the same figure, the twaX@ IMU sensors are mounted to elastic
straps that wrap around the upper section of each indivédm, passing under the armpits, as indicated
by the yellow circles. The IMU sensor itself was mounted to the elastic straps using a custom 3D printed
Silicone resin holder and was printed on a Form 3+ printer.

A single circular MI KEDE branded neodymium magh
was placed in a central position on the upper back of the torso, between the shoulder blades, as identified
by the green circle. The magnet sat inline horiztnteith the two 9axis IMU sensors when they were
mounted on the arm straps to provide a reference plane for the arm strap IMU's. Masking tape was used
to temporarily hold the sensor wires running fr
sided t@e was used to fix the breadboard to the lumbar region.
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Performing a controlled test using the jig involved using three custom 3D printed wedges with set
angles of 10, 20, and 30 degrees. The wedges were used to stop the mannequin torso in consistent
straight sl ouch positi ons.s20THzeThisigashevh iRigpeld at e f o
where the hinge was mounted to a plate that sits above a table, and the wedge sat on the table to provide

the correct tilt angle for the mannequin.

Angled block for consistent
sagittal slouch angle (10°)

Figure 18: Mannequin tilting jig with incrementally angled wedges.

The procedure for collecting the data involved running three trials per set angle, beginning with a
measurement in the upright jig position for 30 seconds, and then another 30 seconds in the forward

angle position, ignoring the time to adjust the jig from one position to the next.

4.2.3In Situ Experimental Setup

The second test procedure aimed to collect data for the rounded shoulder, upright, and compound
slouch postures. All positions involve rotating the shoulder forward independent of the torso. Therefore,
the mannequin was not adequate because the shoutdgomrents could not rotate in the same way as
a human subject. To address this issue, the use of a human subject was employed to create realistic
shoulder positions. A black fabric vest was produced with a Velcro mount point in the lumbar region
for the 3axis IMU and MCU breadboard, in addition a pocket was sewn onto the vest between the

shoulder blades to accommodate a stack of 5 magnets-atie B1U sensors resed the Velcro strap

36



system used on the mannequi n, such that the se
shoulders. To produce reference measurements that could be compared to the data collected from the
IMU system, image processing was used, and as such, thanelesied 3D printed grey spherical

markers secured onto the shoulder pads of the vest and on the rear centerline of the vest using Velcro.
The same markers were added to the Silicone IMU holders to track the IMU locations. The entire device

is shown inFigure19, with the human subject sitting in a chair.

Figure 19: Top-down camera perspective photo of an example subject withe sensor vest,

arm bands, andreference spheres.

For generating the reference measurements, a camera connected to a laptop was mounted to a tripod,
and placed such that the images could be taken with-dotop view of the subject sitting in the chair.

This is demonstrated fRigure 20.
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Figure 20: Posture sensor experimental setupriith an example subject

The procedure for collecting the data involved the subjé@lly sitting in an upright position, taking
a photo using the overhead camera, asking the participant to rotate their shoulders inwards, taking
another photo, and then returning the subject to the initial position to take the final photo. The IMU
sen®rs were connected to the same laptop controlling the camera and collected data continuously
during this procedurd& his is demonstrated tigure21, where some example tafown images taken
during the procedure are shown.

Shoulder
Rounding

Figure 21: The start, slouched and end phase of an examplghoulder rounding trial on an

example subject from thetop viewc a me peaspestive.
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Shoulder angle measurements were extracted from the collectddwopimages using ImageJ, an
image processing software package. This method is demonstrafégune 22, where the ImageJ
software used the 3D printed markers as reference points.

£ Results
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Figure 22: ImageJreference markers for the shoulder and IMU angles in an example stat

position on an example subject.

Notably, this configuration does not address the compound slouch posture, because the overhead
camera can only identify the rotation of the shoulders, and not the torso slouch angle. To address this,

the setup was modified accordance witChapted.2.4

4.2.4Compound Slouch Experimental Setup Adjustments

The compound slouch data collection included a second camera mounted witkvigvgidé the
subject, with an additional rigid plate to act as a reference geometry which allowed the subject to return
to the same upright position between trials. The plastikers on the vest and shoulder IMU straps
were used to determine both how much the subject was bending forward from their waist and how
much their shoulders were rotating forwartis configuration is observed Kigure23. As before, the
data collection procedure involved reading IMU data continuously while a photo was taken with the
subject sitting in an upright position, then another image was taken while slouching forward, and then

again when they had returned to théiaih starting position.
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Figure 23 Camera side viewof example subjectperforming a sagittal slouch with shoulder
rounding as analyzed by ImageJ where a) and b) are ttetart and slouched positions as
measured by the back center markerand c¢) and d) are the start and slouched positions as

measured by the IMU positionmarker.

Note that in this test the IMU straps were placed higher on the shoulders to deiérshimalder
rounding was still detectablen a slightly less mobile region of the body. The resulting change in
observed magnetic field magnitude wideemed too small for an accurate model to be made so the
Il MUbs were moved back t o t hAngleodatda was mamdally pxtracted i on s
from the ImageJ software to then be processed alongside the IMU data within MATLAB. For these
tests, it was assumed that both shoulders were symmetric when curling the shoulders forward. This is
a valid assumption a$fe primary case of poor sedtposture is slouching over a desk in which the
shoulders are typically symmetrically rounded future expansion upon thsystem would be to
account for asymmetric shoulder rounding as it is likely to causere uneven distribution of body

weight. This could be accounted for given a more advanced motion tracking system.
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4 3 Initial Calibration

4.3.1Preliminary Mannequin Based Measurements

Using the IMU sensors in raw data mode required initially calibrating and then filtering the sensor
data, which was done using the mannequin jig and testing against sagittal angles (forward straight
slouch). Preliminary results indicated that data cominoghfeach of the three sensors in thax
I MUOG s, accel erometer, uldnmeasaréhe angleaoh aforwaedgstmaghtt o me t e
slouchwithin ~4° which can be seen figure24.
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Figure 24: Sensor datafromboth9a x i s | MU 6 dor 4 18-degré&e foBrvary slouch, a)
angle as measured byccelerometer, b) movement as measured Igyroscope, cangle as

measured by magnetometer.

To reduce the noise of the IMU data, a Kalman fites used. Given the slow motion thgpifies
posture, and the static nature in which people hold postures, a constant state estimation was used. This
constant state ifnear,and the measurements and states are the same which means that only the simple
Kalman Filter was needed. As such, the Kalman Filter elimnghatése while still providing a
reasonably fast response when tuned properly, as demonstratedunme 24. The use of the

accelerometers in the shoul der mounted | MUGs to
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wasstraightforward As expectedthe use of the magnetometers to detect a change in magnetic field
orientation corresponding to posture angleved to benore complex. The IMU sensors could detect
changes in thenagnitude of thenagnetic field when a second magnet was manually attached to the
mannequinAlthough a single magnet can be detected, more were added incrementally to ensure a
substantial enougbhangein magnetic field with shoulder motion fagliable posture determination

This orientatiorwasinverted between the two senstrensure the output cables were patiosahrds

t he manne dam both amsboa eakh of the three wedge angles a plot of measured angle
overtimewas made wi t h e ac hawland fil@redsighabirladditiondto tis: base raw

and filtered signalThese plots can be seerFigure25.
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Figure 25: Filtered angle data from accelerometemwhen mannequin is movednto a sagittal
slouch with thea) 10degreewedge b) 20degreewedge,and ¢) 30degreewedge

Nonetheless, the preliminary data fusion for sagittal angle was achieved by combining the
acceleration and magnetometer readings from both shoulder sensarel&) and the -&xis sensor
(S3) using the Weighted Sum method. The variance was calculated using a moving window size of 10
readings. The results of the fusion were then filtered using the same Kalman filter discussed previously.
The fusion results shown Figure26 present the readings for the jig placed in thel8Qree position.
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This shows that the weighted sum fusion method and Kalman filters are, at least on the preliminary
data, reliable methods.

Trial 1: 30° Posture Angle from Fusion
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Figure 26: Sagittal angleIMU data fusion for 30-degree mannequin position.

4.3.2Sensor Drift Analysis

A drift analysis was performed for 30 minutes
with the vest and magnets present for 30 minutes. The drift test was conducted at 15 Hz instead of 20
Hz as a longer trial with no expected motion doesne&d to be as fine as active measurements of
moving bodies. The output of this trial can be seeRigure27, where the three sensors raw data is

accompanied by a O60Polyfité lIinear regression t
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30 Minute IMU Drift Analysis
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Figure 27: Drift analysis of each IMU sensor over 880-minute period.

After the initial thermal drift reaches a steady state, the sensors did not appear to drift significantly
over the duration of the test. However, their output did increase slightly over time within a 0.1° range
which is an acceptable zero drift in thesewmstances as the IMU expected measurement range is
approximately 45°. Although the data appears to be noisy, the neésea consequence of the small

angle range of the data. The values dhigtuatal within 0.6° at most.

4.4 Data Featurization

Before filtering and fusinthe IMU datacould be done, features of thatawere extractetb be used
later in a fuzzy logic inferencing systeithe features extracted from the data were the change in angle
from the original value of the accelerometghich is assumed to belQe to a reliable starting position
in the experimentThis was done before the filtering as filtering the individual components would not
result in a smooth change in angle but rather it would maintain some fluctuation due tfetbaats

that would emerge from filterindhreestreams of data.

The featurized accelerometer data was fused together from all three sensors with an inverse weighted
average using the variance of the subtraction of raw data from the filtered data. This gave a measure of
noise for each sensor to use in the weighting.gited averaging can be used as the data was all
processed with the same filter. Once fused, the accelerometer data and the filtered magnetometer data
are passed into a fuzzy classifier to denhgrmine

the processes described above can be sdggure28.
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Figure 28: Flow chart representing the movement of data through various filters and fusions
to generate a fuzzy classification fromMU data.

4.5 Data Filtering

The Kalman filter that was used on the main collection consisting of a test and training batch changed
minimally from thepreliminary filter. The state of conceimangle, which is the only state needed as
angular velocity and angular acceleration are small enough to be insignificant when it comes to changes
in posturedue to the slow motion involved in posture correctidithough the user themselves could
correct their posture quickly, the planned posture correction dbuittén Chapter Swill have a sow
correction so as not to alarm or risk injury to the uBke. angle also does not chamgeckly compared
to themeasurementsg it is justifiable to indicate th#te state change is small enough to be no change
at all. This leads to the state update equatiseen in Equatio(B8) where the new angle state is equal to

the last anglstate
— p— (©)

As a result, the rapid measuremesitsuld beable to correct the state estimation with little to no over
correctionand a lower risk of filter instabilityThis reduce risk arises astie are fewer state updates
in comparison to the quantity of measurement updatesreduced state update complexity also leads
to a more computationally efficient proceBaie to the linear state updatdasic Kalman filter was
deemedeasonabléo filter the datgd68]. For the Q and the R values, whatetypically matrices but
due to the single state asimgle valueswere found to be R =1 and Q = 0.02. The R was originally set
to the variance of the drift trial which gave an accurate representation of noise of the system, and the

two parametergreretuned using guess and checkthoddo provide smooth responses that eliminated

most of the noise while not sacrificing the response tovéhangingnputs. Eliminating noiseand as
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a resulthaving aslowerresponse time to changes in posture is not critical so long as it is caught within
a few secondsso it was more important to climate noidde response time does not need to be
particularly faste track changes in postuas itis a slow processo the balance between response time

and noise reductiowas aimed to be in favor of noise reduction

The same filter was applied to all the sensors to provide a consistent outyyttes/e similar noise
profilesand applying the same filter to themsuresimilar responses to inputdsingdifferent filters
for different sensors can lead ddferent amounts ophase shiftingand therefore data misalignment
[69]. Additionally, if one sensor is more filtered than another the standard deviation will be lower and
lead toa bias during data fusion tending towards the sensor with lower peregisiadce despite it

being artificially lowered by a more dampened filter.

4.6 Data Classification System

Some of the raw data was normalized to be used in tandem with the featurized filtered data. This
normalization was done by taking te&rtingvalue of the data and subtracting that value feaoh
other data pointThis was a calibration stegesignedto assist thd-uzzy Inference System (FLS)
Normalization means that the Ri&sgranted the same starting point for all senseaking the data
easier to interpret if there is a constant offset between selgbile. the FIS maye able to handle

differing starting points, normalization also makes visual data trends easier to understand.

Avoiding utilizing a neural network allows for a greater understanding of the underlying model such
that future alterations can be made eatilglso allows forffaster response time which may be a large

benefit if this is applied to a system other than posture correction.

4.7 Shoulder Posture Detection

Through visually analyzing trends in magnetometer and accelerometer data from all three sensors, it
was evident that the originally proposed process of observing the differing trends betweaearbtre
Il MU and shoulder | MUb&s could not be i mplemented.
the lumbar IMU to the subject, which was inadequate causing unexpdihdvior Initially the
magnetometer dataas featurizedo form a vector angle of the three axis components.b&havior
of this vector waheavily influenced by the torso rotation in the Sagittal pl&®ea resolutionthe
three individual magnetometer fluxes in theeeswere consideredapplying the same Kalman filter

that was previously used for the accelerometer data.
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One ofthegoals of this chaptevas to accurately measure the shoulder slouch dmmlesver it was
found to be difficult to differentiate the torso posture from the shoulder posture within the
magnetometer datdone In lieu of precise angle estimations, a goal shift was madiearacterize the
shoulder posture asBwoleanstate with shoulder slouching being classifiethe® ON 6 This wak e .
done as the visual observations of the magnetometer and accelerometer data behaviosiclbcajes
during slouching, however, tldSis unable to translate the change into precise arfths.truth data
had been collected continuously from motion tracking software and higher quality cameras it should in
theory be possible tpredict angles instead of Boolean posture stdtes.truth data is theptically

recorded angle and posture state data taken from images processed with ImageJ.

The truth dataset that was collected via Imamedessingf the start, slouched, and end states before

beingpassed through a logical function séequation(4) to ensure continuity

Qw p+ 4

The k and z parameters were chosen to be 5 and 10 respectively to convert the optically measured
shoulder angles to the true or false ba$ise values were selected via visual determination. The
equationwas needed to ensure continuity of daathe extracted truth table & logical stepwise
function.Posturecorrection igypically not instantaneous so a slight ramping between logical values is
important. These k and z parametersigrat was deemeagasonabl&iith reference to the approximate
rate of posture correctiofrour data sets of 6 magnetometer (3 for each shoulder mounted IMU)
readings at 20Hz were then combined with their respective true values. Training and validation sets
were formed with odd and even index splittimiis type of plitting was used as opposed to time based
or randomized ashe validation data consesl of multiple important motions over time. Random
selection risksweighing data in certain motions more heavily, and t#based separation would
eliminatecertain motiongtruth statesfrom the training data entirelf{odd and even index splitting
was therefore the most pragmatic chaatthough it does reduce the resolution of the daththerefore

loses some of the system dynamics information.

4.7.1Mamdami Fuzzy Logic Implementation

In the first attempt at a magnetomeb@sed shoulder posture classification syste@ingput typel
MamdaniFIS (FIS)was createdEach input receiving two triangular membership functions in what
wasdescribed as OFF and Active state for each magnetometeembership functiomappedthe
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input values tdheir degree of membership (typically O to[ZP]. The range for the inputs was based

on the minimum and maximum values of the complete data set (both training and validation). One
degree of membership outpuith a range of 0 to 1 was used with 128 membership functions. The full
structure can be seamFigure29.

Mamdani
Type 1

Shoulder (128)

fis (0)

System fis: 6 inputs, 1 outputs, O rules

Figure 29: Mamdani Fuzzy Logic Toolboxsystem structure

The ranges of eaéhn p tridngukar membership functions were checked to validate they were within
the min and max range of eacha g n e t o rangefrenr thie $our test trial datasets. The validation
dataset contained compound movements, separate torso and shoulder movements to ensure that all
cases were captured. A default rule set was selected with 256Th#dMSE was calculated against
the validation sets and was found to be 0.7 in the untuned syEsYTRMSE calculation is performed
by the fuzzy logic designer toolbox ngithe MATLAB built in RMSE functionwhich uses Equation

(5) where n ighe number of scalar observations, A is the actual array, and F is the foreca§tidrray

O

p N N
: 9 Gs 5)

The integrated fuzzy logic designer toolbox witMATLAB was used to perform tuning operations
with the training input and output dataséiafortunately while Mamdani had been the initial intention,

MATLAB can more easilgutomatically tune SugendrIS as it has better continuity than Mamdani
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At this point the FIS was changed from Mamdani to Sugeno to accommodate automatedesiieg
the added complexity of the Sugeno FIS structBugencsystems are more computationajicient
andhave guaranteed output continuity while Mamdani systemsareintuitive [72].

4.7.2Sugeno Fuzzy Logic Implementation

First a particle swarm global optimization method was completed using the RMSE error as the cost
function. This type of optimizatiorwanreliably determine global maxima and minifi7d], [74]. This

reduced the RMSE to 0.4335 against the training data and forth2 validation test s¢f5]. Next,a

pattern search tuning optimization was performed for 32 iterations bringing the RMSE to 0.409 against
the validation sefattern search tuning optimization ibwilt in MATLAB 2024a fuzzy logic toolbox

tuner for Sugeno systenjg5]. Pattern(also known as directyearch was used due to its rapid
convergence tendeyp@nd as theystem was already coarsely tuned using global particle swarm the
local minima search ranggas small[76]. At this stage the system could differentiate between the
complex compound movements at every event and believe most of the errors were associated with the
step function truth set, and misaligned data. While this system could understand the trendstn the te
data set, it could not output the preferred ON or OFF states that we had intended to be passed into the
final classification system. To address this M&TLAB fuzzy logic toolboxwasusedto generate a
SugenoFIS with the same #nputs and range conatnts as the manual created Mamdasi]. This

system allowed a simplified linear function output which could better represent our stepwise true

posture states. The performarar®l structuref the tuned FIS can be seen belowrigure30.

Filtered Magnetometer Training and Validation
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System sug_gen: 6 inputs. 1 outputs, 4 rules

1000 1500 2000
Index

Figure 30: Shoulder rounding Sugeno FIS a) training and validation magnetometer data, and

b) generated Sugeno structure.
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The Sugeno system was tuned usimgadicle swarm method in the fuzzy logic toolbox limited to
four rules and four membership functions for each infite addition of more ruleslid not
substantidy positivdy impact performance larger number of rules also require more computational
resources for predictiorfg7]. While computational time is important for future live classification uses

of the model in posture correction, tm®re importanturrentconsideratiorwas tuning time.

4.7.3Shoulder FIS Validation Against Truth Data

Tuning time can be dramatically increased by an increase in rules as there are effectively more if
then statemenis each iterationThe generated Sugeno FIS can be seen alongside the validation data
setin Figure31

Shoulder Angle Generated FIS Validation Dataset, RMSE: = 0.1648

FIS Cutput
True Shoulder State
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Figure 31: Generated shoulder rounding Sugeno FIS performance against validation dataset.

The validation data used to make the truth tablees from ImageJ analysis of the experiment video.
The FIS output aligns well with the shoulder rounding test data where there was no sagittal slouch but
there wergepeated shoulder rounding iterations for different durations and at varying time intervals.
To further t est heffifalecompdudnsverneatrial tvas used as atast data set seen

in Figure32 alongside the filtered magnetometer input data for that trial
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Shoulder Angle Generated FIS, RMSE: = 0.23537 )
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Figure 32: A visual representation of a)the Sugeno FIS estimated shoulder stajgerformance

compared to test datasetand b) the filtered magnetometer data inputs to the FIS

The filtered magnetometer data is shown for reference as to what the sensors are observing during
these compound motionBhefinal compound validation dataset consf a sagittal slouch at around
index 75, shoulder rounding at index 16€xctification of the sagittal slouch at index 250 and finally
rectification of the shoulder rounding at index 28Be FISwas capable of accurately segregating the
sagittal slouch from the shoulderunding;however the correction of the sagittal slouch caused some
interference with the estimations before the classification recovers and correctly prediotestitteon
of the shoulder rounding-he RMSE for this model was 0.235 and is a noticeable improvement over

the manually implemented Mamdani system.

4.7.4Compound Motion Sugeno FIS

The compound motiorclassificationFIS was again initially generated manually wightype-1
Mamdanisystemwith two inputs and two outputepresenting incoming shoulder and torso angle
estimations and their estimated state respectiVdiig. systenwas designed to be capable of tracking
not only themagnetometer shouldslouch data but the lumbaviU sagittal slouch informatiorfhis
was implementedvith the rationa¢ that magnetometer data was an additive expression onto the
accelerometer torso estimation. This led to a rule setakas inthe Torso angle estimator (Input 2
and the fused magnetometer estiondinput 1) from thepreviowsly generated=IS. This wastested

with the final test data set and was found to work at certain steady state regions but could not adequately
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handk the inflection regions of either torso or shoulder state. Seeinguitieesof the previously
generated FlSanother Sugeno Typk system was implemented with a structure seé&iguare33.
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System classifier_sug_tuned: 2 inputs, 2 outputs, 10 rules

Figure 33: Generates Sugeno FIStructure for the final torso and shoulder state estimator.

4.7.5Compound Motion FIS Validation Against Truth Data

This FIS was trained on the original training and validation split from the shoulder angle estimation
FIS's but with the additional torso angle information and true state. The resulting performance for the
torsostate estimation was again very accurate when taking into consideration the transition regions in
the true state datasdthe shoulder angle state estimatamuld determinghe subjects shoulder state
during stationary periods but can be seen to incorrectly estimate when the subject transtioned fr

both torso and shoulder slouch to an upright and slouched shoulders.pidstuypots of the FIS output
in these two situations can be seekigure34.
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Figure 34: Compound motion classification FIS systenoutput for a) the torso state estimation

on test data set, and b)he shoulder state estimation on test data set.

In this validation test the subjegterforms a sagittal slouch at step 1, a shoulder slouch at step 2,
rectifies the sagittal slouch at step 3, and rectifies the shoulder slouch at Bhepdiscontinuityat
step 3was investigated by looking at the thresholds on the first input membership functions which
experienced a distinct gap in coverage near this region of decreasing torso angle and slight change in
shoulder state estimatiomDespite theshoulder estimatiordiscontinuity around index 250 the

estimation recovers quickly to a value of 1.

4.8 Experimental and Analytical Errors

The experimental methods used in thaptemllowed for some errors to occur. During testing areal
world horizontal line and vertical line included in the pictweuld have providedeferences for
ImageJ processing generateangles relative to the true horizontal plane not the canperapective
of the horizontal plane. Using a video with appropriate motion capture software would allow for a more
realistic truth table to be created instead of a stepwise approximation based on start and end angles.
This would also help to reduce misalignment of the experimental data and the truth table. Solid core
wire was used to connectth@9x i s | MUG6s t o the breadboard which
by the rigidity of the wires. Using high gauge siliconge would have prevented this problem,
however, it was not employed due to the timeline constraints of the experiment. The lumbar IMU and
breadboard could be more securely attached to the vest to ensure that when the user slouched the

breadboard would mawith the vest. A sewn pocket such as the one used for the magnet would ensure
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the IMU moves alongside the vest. Larger motion capture balls could have been used to make it easier

to see them during ImageJ post processing and reduce the likelihood that a ball would become obscured

by the part iAdowoside of §ié mighobe that the center of the ball becomes harder to
optically determineT he parti ci pantsd hair occasionally obsc
by having them wear a swimming cap. Also, the discrete nature of the truth table resulted in a high
RMSE which would be more accurately represented if the truth table was more continuous to capture

the motion of the persod@. o i mprove the sensitivity of the ma
could be replaced withnisotropic magnetoresistance (AMR) sen$d8. These sensormsandetect

the magnetic fieldlirectionas opposed to the | MU magnewhicmet er 6s

may allow furtheland moresensitiveinformationto be collecteavith reference to the magnets

4.9 Conclusion

The results of this project are quite promising in the realm of compound posture detection schemes
based on the resultirgS plot seenin Figure34. The combination of Feature Extraction and Kalman
Filtering with The Inverse Weighted Mean fusion strategy was capable of accurately detesting
posture angle in theagittal plane. However, reduced accurams observedvhen changes to the
shoulderand sagittalstate were introduced simultaneously. The compound effecpoaf IMU
mounting anchorrcontinuoudrue state measurements provided significant hurdles to ovesgbare
estimatingshoulder posture angle. With manual attempts to ck&efailing to accurately estimate
on test data sethe generative Sugeno systemsre implemented as theshowed promise but still
could not overcome the step wise trainidgta and inconsistent transition magnitudes between
accelerometer and magnetometer data streams. The choice to use RMSE derived from the step function
truth data as the training and tuning cost function of these generative systems could have led to
increasedristability. The incorporation dhigher quality camerasnore robusthardwaremounting

solutions, and AMR sensors could be a step towards letiteedposture detection systems.
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Chapter 5:

PAM Design Tool Posture Correction ¢/

5.1 Introduction

This chapter integrates the outcome€bapter 3andChapter 4n an experiment wherein ForceSight
is used in conjunction with the IMU FIS to create a posture correction system. PAMs are well suited to
this application for several reasons. First, by their nature, Pgbtducethar highest force output at
full extension and no force at full contraction.
PAM is at full extension when the user is slouched and near full contraction when upright. Therefore,
the full force output isvailable when it is needed most and once posture is corrected the PAM cannot
continue applying pressure, thus reducing the risk of injury. Second, as they are flexible and lightweight
they are conducive to a wearable device. Third, due ¢r fbw materials costs and ease of
manufacturing PAMs offer an affordable solution which is ideal within a market where most solutions
are under $10Q00[7], [10], [30].

5.2 Preliminary Experimental Corrective Force Data Collection

5.2.1Test Jig Design

The microprocessor of choigeasan Arduino Uno and is used to collect both load cell data fwam
30kgDYLY-102 ATO Stypeload cells using an HX711 amplifier for each in conjunction \tlitn
magnet ometer data from the two BNOOSHAketebtigds sens ol
designed to mimic the idea of a posture corrector which pulls on each wfsheshaulders with a
PAM. This is why there are two PAMs and two load cdllseinitial experiment had aimed to use an
appropriately weightethannequinhowever,most ofthe corrective force is redirected to the hinge
connecting the mannequin torso to the taBkea result, amnrealisticamount of force is required to
move the torso about the hinge point. The mannequin composite material is not able to watigdtand
loading. This extraordinary amount of force is not reflective of posture correction as the true goal of
the posture corrector is not to move the torso it is to move the shoofdeesuser. Due to the lack of
availability of a cheap anatomically correct and moveable mannequin a human subject was deemed

necessaryThe setup can be seenFigure35.
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Figure 35: Experimental setup for winch-based posture correction data collectiom) with a

mannequin and b) with an example participant

In the mannequin test setup can be seen alongside the new test setup for a human pattieipant.
only difference is the addition of IMUs to the arms and a slightly different garment worn by the user
which incorporates 5 magnets in the same position as they were plackdgter 4A schematic of
the electronicémplemented to gather data in this experiment can be séeéguire36.
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Figure 36: Electronics layout for sensor data collection during posture correction experiments
[79], [80], [81], [82], [83]

Note the addition of a pressure sensor which can be neglected for the firstf stagexperiment.

This sensor wsused when the winchlas replaced by PAMs in Chapter.

5.2.2MATLAB and Arduino Code

The Arduino passes the collected sensor data to the connected computer threaghl a
communication transaction within MATLAB. A basic handshake protocol is implemented to ensure
data transfer begins at the correct time and data is collected and processed in batches of 10 data lines.
The 10 data points are stored in raw form andrtagnetometer data is averaged before being classified
and having the classification value stored alongside the average load cell value. This classification data
is then output to the command window so the test administrator can monitor the shoulderstaisture
according to the magnetometefie Sugeno FIS that takes in only the shoulder magnetometer data
from Chapter 4s used for classification in this chapter as opposed to the final Sugeno FIS because the
lumbar IMU is not needed for this experiment.
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5.2.3Data Collection Methodology

IMUs wereplaced ortheu s earnss @nd skin safaarkers wereised to markts position for reliable
measurements across several dahe. positioning was to & 25inalong the outer shouldéom the
acromion process and centeregidthe HumerusThe lumbar IMU fronChapter 4vas removed from
this test ag the seated position very little lumbar angle change is present. Most of the slouched posture
structurecomes from rounding of the back and should&ngpositioning can be seen Fgure37.

Figure 37: IMU Positioningon subjectf6s upper arm

The solid core sensor wires were replaced with high gauge silicone wihesraere rigid solid core
wires were noteth Chapter 40 move the actuators during body motion in a way which does not reflect
thes u b j mavemerdsA 10-15Ib resistance bandas placedn front of the subject to provide a
reliable Aslouchedod starting point across tests.
finger d both hands through the band and apply a gentle tension while having their lower back in
contact with the tabléJpon feelingany posture correction force they are asked to release the band and
slowly lower their arms to their sideBhe slouched and uprighbsition can be seen Figure38from

a topdown perspective
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Figure 38: Examples ofa) slouched andb) corrected posture positionswith test subject

To determine the user is in an upright position for test conclusionm@tbods are used. First the
fuzzy logic tool that classifies the IMU/shoulder position must indicate that the shoulders are not
slouched for at least 3 instances of data. In this case 3 instances afedfitana 10-point moving
average so the average 3ff data points must result in an estimation of upright posture. Second, a
camera is set up facing the user from the side and a metal bar is mounted at the piobtlhdeeadt 6 s
from thec a me peesgiestiveOnce three readings of upright posture @detected the administrator
checks the camera to determthe head location with reference to the horizontal Bhais setup can
be seen ifrigure39.
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Figure 39: Test setup arrangement of camera and head reference biom the perspective of

a) the administrator, and b) the camera

Upon reaching an upright position the administrator stops the test by concluding data streaming,
stopping the video recording, ahdlting any winch motion on the cable. The cable length change is
then marked dowfor a contraction estimation made later in this repidre length is determined using
a rulertaped to the table under the cable. The cable has a tape marker placed at the starting reference
positionon the ruler and at the end of each trial a new piece of tape is placed on the ruler to determine

the cable distance traveled.

5.2.4Preliminary Classification Threshold

To determine the classification threshold for these testing circumstances the fuzzy logic input
argument ranges were increased and preliminary tests were run where the camera was monitored to
determinewhenthe users head reached the height of the reference bar and shoulders were erect. The
classification values for the threshold trials can be seé&igire40 alongside the threshold €9.65

which was determined based on the plotted data and corroboration with the experiment videos.
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Figure 40: Plot of classification number in preliminary testing for stting classification
threshold with preliminary experimental test data and expanded fuzzy logic input range.

When the fuzzy logic classification number is abele. 6 5 t he usersé shoul de
considered to be slouched. Once this has happened reliably for at least three consecutive data batches

and the subjectbs head itrialisicamcludedne wi th t he refer

5.2.5Winch Force and Contraction Experiment Results

Four trials were run to obtain a reliable required load and contraction for posture correction. The
classification data foihe fourtrials can be seen frigure41 alongside he load cell data for each trial
with anaverage loa@cross all trials and load cetiserlayed The data was aligned and plotted using
MATLAB.
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Figure 41: Results of thewinch-basedexperimentsin the form of classification number and
load.

The highest average load recorded by the load cell was 6.86 kg, indicating that each actuator must
produce a maximum force output of 6.86 kg. As the cable is pulled taut, the load gradually increases.
When the maximum load is reached, the system entepottare correction' phase. As the torso moves
into a more upright position, less force is needed to continue the movement, since the torso's center of
mass shifts inward towards the body's volume center. Once upright, minimal to no force is required to
maintain the torso position.

Trial 1, 2, 3 and 4had a contraction distance 8fL..4Zm, 21.75%m, 22.23cm and 21.43m
respectively.This contraction distance is calculated based on the measured amoabteomotion
acknowledging some motion was used to pull the cable taut and is not needed if the catie is
tensionfrom thebeginning Based on the symmetrical nature of the load data it is reasonable to assume
a contraction distance of half the measured distance is reasonable if contractionvhegitise cable
is under maximum load. The average measured contractior?Ww@écm and thus the required
contraction distance would i®.86cm.

62



5.3 Using ForceSight

5.3.1Estimating Required Actuator Parameters

Using the average contraction distance and the average load maximum the design tool can now be
implemented. Firsty multiplying the load byhe gravitational consta@t81m/s’ the load is converted
from 6.86 kg to 67.3 N. The actuator length, required is determined by using the required
contraction distancez0 and thecontraction ratio - in Equation(6). The contraction ratizised
should be20-34% as the maximum theoretical contraction ratioa McKibben style PAMis
approximately34% [84]. In this case the maximunieoretical contraction value will be used to
determine a minimum actuator lengthconjunction with the required contraction distance found in
Chapters.2

. w0
0 = (6)
p @O
™ T
Due to the ease of manufacturing, extruded ladbrsand latex dipped actuators (made from mass

0 o @A

produced dipped balloons) are deemed suitable manufacturing methods of imtiatisg a smaller
actuator to its maximum contraction with no load indicates the maximum contraction of the extruded
latex tube is close to 25% and the dipped bladders can each achieve closented@fg they need

to be at least 32cm long while thetrudedatexactuatorshould be at leadt3.4cm long Thetwo off-
the-shelf availabladipped balloorsizeshave @& innerdiameter o21.3mmand11.12mm an average
thickness 0f0.3025mmand 0.595mm and lengths oR3.34cmand 29.51cmwhich correlate to the
manufacturer diameter respectivaotably, neither dipped balloon is long enough to function as the
32cm actuator that is requireflo extend the bladder length two balloons can hedgbnd to end with
latex glue A plastic cylinder is placed within the cube at the connection point and the baliateap
slightly. After drying the joint is coated with corn starchpie@vent the surface from sticking to itself

and the inner cylinder is removeSiome images of the process can be se&igire42.
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Figure 42: Gluing process for extending the length of off the shelf latex balloorshowing a)

the cylindrical internal form, b) the overlapped region with latex glue, and c) the corn starch,

covered cured connection

Two balloons connected end to ecréatea 60cm long actuator for the smaller diameter 4dhcin
long for thelarge diameter bladdethe small bladder is best suited for a 0.5in sheath and the larger a
lin sheathThe extruded latex comes in a variety of diameters and thicknesses, however, 8mm ID, 1mm
thick latex tuling isreadily accessible for the purposes of thisaestcan be cut to any length required
Given the minimum 43.4cm from the earlier preliminary contraction estimtit@actuator was made

to be 50cm long.

5.3.2Adjusting ForceSight Database

Upon using ForceSight with the provided parameterddige latex dippedactuators encounter a
prediction error likely caused by overfitting of the original modagelit can predict well within the
bounds ofts training data, but the new actuators have a much larger diameter than any actuator tested
in training (4x the size) The error indicates a substantial force output at near zero input pressure. The
model was retrained witthe regression learner built in optimizer to optimize an L2 regularization
factorand a 70/30 training and test data dpliteduce overfittingThis gproach appeared to provide
some benefit but not enough to deem the model useful for the largest actaataesult, this actuator
must be characterized and added to the model as theSdpece nature of the model had always
intendedsuch that icouldbecome more robussince thenitial mass data collection used to form the
model a new piece of equipmamasacquired namely the Mark 0 tensile testef85]. To collect data
with this device the actuator is attached to the hooks on the machine anduptill@d0.1N tensile
force is registerety the machineEntering a ramping pressure routine in incremehésther25 or 50

mBar from 0 to 2 Baiinto Pump 2.Gllows for manual load data collection from the force readout on
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the tensile test machin€he increment was chosen to be 50 for extruded latex and 25 for dipped latex

in the interest of test durati@s the thicker extruded latex wall thickness indicates it is likely to require
more pressure to reaehforce of 100NThe available load cell for the Mark 10 is a 100N capacity
sensor so data logging was stopped when either the pressure limitl@adheapacity was reached.

The data collection process was completed three times for each actlihwrpressure and
correspadingforceswere collected in asv file and added to the data from the initial model creation.

Only the large diameter dipped bladder and extruded latex tube data were deemed necessary additions.
For this testing separate shorter actuators were made dslithength ones used for thposture
experiment are too | ong and do not fi 100N,sot o t he
data was only recordahtil the actuator force output reached this valtre newly generated model

is a wide neural netwonkith 100 nodeskin tothe initial model. The L2 regularization facierl.58-

10 and the activation method used is Tafhe R and RMSEfrom the test datare~1.0and0.2793

respectively.

5.3.3Implementing Actuator Parameters in ForceSight

Threeinstances of ForceSigitererun; two in which the dipped actuators are used, and oneanith
extruded actuatorThe large dipped actuator predictions no longer exhdiitthe same irrational
behavior as they had befdnaving addedhe new training data to expand the usable prediction range.

Thethreeinstances can be seenfigure43.
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Figure 43: GUI images for various actuator geometries

Given theparameters ForceSight estimates that the required force is achiéwablech actuator

designat a pressure lower than 2 B&his force prediction is based on blocked fasoef the actuator

contracts before applying force to the subjectrémiired pressure to achieve the force is likely to

increase, but this is a great starting estimation of pressure required. Based on these esRinmagions

2.0 could be used, however, as the extruded latex pressure is aréBat ih ideal blocked force

conditionsit would be wise to use a higher capacity pressure source-$duitesting.
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5.4 Experimental Corrective Force with PAM Implementation

5.4.1Experimental Apparatus Modifications for PAM Implmentation

For the actuator inlet/outlet and plug, custoomnectors were 3D printed out of Fdrabs Tough
2000V2 resin as off the shelf compression fittings are expensive and having learned from the testing
conducted irChapter 3dusing spring clamps and barbed fittings can cause leaks and tearsyalteoh
tubing. The connectors use a tapered nut and tapered receiver bolt to apply compression to the tube and
sheath creating airtightseal with the bladder material and holding the sheath ends in ples@AD
for the Inlet can be seenkigure44 and the plug islmostidentical but has nbarbed protrusion from
the side or hole in the part for air flow

Pressure
Source ==
Connection

|

\

Carabiner Hole

Air Channel

Tapered Nut

Figure 44: Customizedcompressioninlet and nut.

The winchwas moved to a position where the actuator begins under slight tension at a fully slouched
position.Instead of using the cable the cross beam of the winch anchasttia¢or using a carabiner.
The available pressure source (Pump 2.0) has a maximum pressure output of 2 Bases/dedmed
too restrictive for this experime5]. In its stead a Walfront 100PSI pressure sensor with 2% full
scale error is connected to an air compressor capable of generating 6 Bar of pgé§stine sensor
is connected to the Arduino Uno for data collection alongside the IMU and load cell connections. The

manual pressure regulator of the compressed air line will be used by the experiment administrator to
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control the input pressuréo accommodate the new sensor the Arduino code was modified to collect
the analog data and convert it to Bar befadding it to the serial communication protocol with
MATLAB. The MATLAB code was modified to expect a larger communication and log the pressure
data alongside the other data being collected.

For safety an open junction in the air liwasheld closed by the participant such that if releatesd
air would immediately vent from thactuatorsand they wuld release the subjecAn aluminum
pneumatic manifolavas used to connect the various pressure oufpataators/safety release/pressure

sensor}o the mairair line. These adjustments can be seeRigure45.

Figure 45: Adjusted experimental posture correctionsetupfor use with PAMs wherein a) the

winch is depicted, and bhe air manifold.

With these adjustments the only chamdge the methodology of thexperimentare that the
administrator turns the pressure control valve insteathoking the winch antthe contraction distance
is no longer necessary to measurbe distance was still measured once for each actuator set for

posterityand will be discussed briefly in Chapteb.2
5.5 Data Analysis and Comparison

5.5.1Comparison BetweenPAM Force and ExperimentalWinch Force

As a reference value to keep in mind during calculatijag, M. et al determined in a similar
configuration that each shoulder required approxima@Il94N of correction forcg84]. This number

is not perfect as it comes from one study on a posture corrector withAs per shouldeand an
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