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ATCHARAWAN RATTANASAK : REAL-TIME GAIT PHASE DETECTION USING
WEARABLE SENSOR FOR TRANSTIBIAL PROSTHESIS BASED ON kNN ALGORITHM
ADVISOR : ASSOC. PROF. PEERAPONG UTHANSAKUL, Ph.D., 65 PP.

Keyword : Gait analysis/Gait phase detection/Transtibial prosthesis

Those with disabilities who have lost their legs must use a prosthesis to walk.
However, traditional prostheses have the disadvantage of being unable to move and
support the human gait because there are no mechanisms or algorithms to control

them. This makes it difficult for the wearer to walk.

To overcome this problem, we developed an insole device with a wearable
sensor for real-time gait phase detection based on the kNN (k-nearest neighbor)
algorithm for prosthetic control. The kNN aleorithm is used with the raw data obtained
from the pressure sensors in the insole to predict seven walking phases, i.e., stand,

heel strike, foot flat, midstance, heel off, toe-off, and swing.

As a result, the predictive decision in each gait cycle to control the ankle
movement of the transtibial prosthesis improves with each walk. The results in this
study can provide 81.43% accuracy for gait phase detection, and can control the
transtibial prosthetic effectively at the normal walking speed of 5 km/h. Moreover, this

insole device is small, lightweight and unaffected by the physical factors of the wearer.
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=}

USniAdassaunssunazngulnineadas

2.1 unmi

a L4 v

& & ] = a v ¢ aa =
LU 'P]V']IU‘UVIUﬁ]%ﬂa'YJEN‘UTV]ﬁu353§Uﬂ35NLL53V}§]UQW LN eIV ENﬂULV]ﬂIUIaEJﬂ'Wi

ARTulavedAUnURTNSIAUTeYEd Nigniddutuinsdmsuinerdnusadull Tag

Y

=

9385UN889995N5 A LYY dnvarn1sweaeulmveITIINEIUZAY N1siuAINISLALY

v

Pesinsanlunisiasagugeslatigi wagnsduunsUluurasdyyunIsiu

[

A28aUNTAUNUANANY SNYAENTLUINENYa YN NMsasdmdnuSnad v a
dfgy

a 4 A
2.2 299sNSANYRNYEd (Gait cycle)
nsRuTesIYYd Aenisiedeunvaswaziinvivdestnenduiusiu suinduises

ASLAUNTE Gait cycle lnganuwaizgnisiad eulniveain azUsenaunlgn1svgudatii 2

anuaiz lan n5eedlvings (Plantar flexion) wagn1saedivin?u (Dorsiflexion) Flagui 2.1

UM 2.1 dnwaznisnfeulnivesdawi

[

lursasmsiiuasunissevaggniuiduilesidudacus 0 83 100 Wosidud v
SUAUINVIIMSFWAEAY (nitial Contact : IC #38 Heel Strike : HS) vaut1ladne
wila uazdugadlefwimadurinueziiuassdaldvesrindrady Fsazstvindunisifuasu

=t I a c 2 & =t a 1 [
nilasou v3aiTuN1IATUTOUNATNITAU 100 Wasigud F93asmaiauazaunsalieenidy

d09u9manae 139 Stance phase FulutnivndudaiuiulnesAsouaguINRTNISAL



Uszuuiesay 60 ¥9999495A1ILAY LALY 29 Swing phase LJuy19finaseaniiy ay
ATOUAGNIINTINTIAUYITEINUSaYaY 40 YBRINSIAIU Favivaesrdlagiinduaduiu

Wudane (Huong, Dianbiao, Hoang, Tom, Dirk, Bram, Joost, 2020)

30% 40% 0% 60% 75%

Percents 0% B% B5% 100%
Events Initial Foot Mid Heel Opposite  Toe Feet Tibia Mext cycle
contact flat stance off initial contact off adjacent vertical initial

Eight phases Initial Loading Mid Terminal Pre Impal Mid Ternjmal

contact response stance  stance swing swing swing swing
5 Loading Mid Terminal Pre Initial Mid Terminal

even phases - . . )
response stance stance . swing swing sWing swing
Four phases | !N/t Foot fl ) Heeloff Toe off (swing phase)
p B atact oot flat : eelo oe off (swing phase

Initial Second
Tasks double limb Initial single limb support double limb Second single limb support

support support
Phases Stance phase Swing phase

Push off

Cycle One cycle

Initial Initial
Events

Leontact  Foot flat vHeeI off Lroe off Lontact
L) Ea) Ca) s Cal

JUN 2.2 2993msiiiuvesuyye (Gait cycle)

n3UT 2.2 aziulidnluaearramdnveansasnsiuvesyd aga1unsauys
soniJumadeslasn wil
1. Stance phase Usznousewadesianun 5 wia sl
1.1 Initial contact w3a Heel strike 1iugaFuduvensasnaiu duduias
Famefiduridudatuiiu eglutisiosas 0 s 8 vensasnaliu wa
IuﬁaaﬁﬁﬂwﬁﬂﬁaazLéugﬂﬁwaiaulﬂé“aﬁmaqgjl,ﬁw
1.2 Foot flat Wuszezfidndirduiatuiiuuisdiu Tnelugaedasdugas
dfguesmamssiuaznisiedeuitlusumi eglutisiosas 8 fs 30

YDIWITNITLAU



1.3 Midstance 1Jussezfid winsudmdnsnnieiaun wazasdugaiiodu
v v 49-’ L 1 v = a
whwanivy eglutiefosar 30 s 40 ¥IATNITA
1.4 Heel off \usyeyNduinEueniuainiiu aulsdansniuasuauansin
duiaiiy aglugisiosas 40 B9 60 VBIINITNTHY
1.5 Toe off 1Juszazgnvinewes Stance phase agluvihmeUanawinduiadu
zﬁy 1 dy <) 1 a a (% v Al pR| [ v Al a 4
W lnglurrstagidudisiifausanlioafount iUt Wislsudu
LUNgYI Swing phase
2. Swing phase Usznoumesiagosianun 3 wa Asil
2.1 Initial swing 1Jug@uganszer Toe off wazidugauAUYBINTT Swing
Uanalinisuenainivu
2.2 Mid swing fi® ¥1ananeu83n1s Swing \ugasiidwinenassasge
2.3 Terminal swing @ ¥aUa898an13 Swing LUug1eiduinsunyduls
Wulad1g¥989 Stance Phase vl
wanannskuananisiauasitanalulutsdunan deliludliuuesdas Single
support wag Double support 4 Single support ABYILIAMERITSlUlA LAz AUl
= Y] = < & | aa a 2 a A o o 9 YR )
natfeIiu nandndenieindudindenissuatiauisaivinnissudindniuazsned
AUARYDII1INTY @IUYI9Y09 Double support @B Y9138 17V 9a0d19uaz N UluLIA"
Wiy wsenfedvvisaesdangeiiduiuiimidnduassnuaunavesanie Tngdiewes
Double support I 94finTu 2 939 lunilsseurasniadu toud Funvdlatrmisedly
Wa Toe off uazudndnsagluila Heel Strike #93gnuY19709 Double support Tunisisiu
uaaglinulun192 dnvislunmazinavesnisiiutuazinisirdoulmussasnn 191 ToLyin

waznanuteuans1siuly fems1en 2.1



A15199 2.1 anwaiznseasulnivesazlnn W 1a1in waznanuiialunisiiunsazina

Phases Hip (Degree) | Knee (Degree) | Ankle (Degree) Muscles

Heel strike Flex 25 Fully extend Neutral Gluteus maximus,
quadriceps, hamstrings,

foot and toe

dorsiflexors
Foot flat Flex 23 Flex 20 Plantarflex 15 Same Heel strike
Midstance Flex 10 Flex 10 Dorsiflex 3 lliopsoas, gluteus

minimus, tensor fascia

lata, quadriceps,

plantar flexors

Heel off Hyperextend 10| Flex 2 Dorsiflex 15 Iliopsoas, hamstring,

plantar flexors

Toe off Flex 10 Flex 40 Plantarflex 20 Iliopsoas, quadriceps,

plantar flexors

Acceleration Flex 5 Flex 65 Neutral Iliopsoas, quadriceps,

foot and toe

dorsiflexors
Mid swing Flex 25 Flex 65 Neutral Iliopsoas
Deceleration Flex 25 Fully extend Neutral Gluteus maximus,

hamstring, foot and

toe dorsiflexors

91nM5197 2.1 LLamﬁmmmﬁmemﬁ’usuaaaﬂwm (Hip), 191 (Knee) waza oLy
(Ankle) saidsndunilofignldemluutasimanianiu Tnsfidupmesasinnandudido
Feuuuwunusa fuuse (Flex) daus 25 asmis 25 asen Tnvanunsantseentsidy 2 929
Ao Yasfivtvieuvuegninai (rsveala Heel strike, Foot flat, Midstance, Mid swing
uay Terminal swing) Taviagiiryuiiuuan wagtsiivviouuusgdrmdsda (dasmes
W Heel off 99lU9191a9 (Hyperextend) 1A 10 83ei1, Toe off uag Initial swing) @1uws
hazuansisenyns i ieuuLasrvieuadns Tasaediuusodaud 0 asen (Fully extend)
UDI 65 DI LLaziua'amaﬂﬁﬁaLﬁszLamﬁaﬂ'mmﬁLﬂﬁlammmlﬂmﬂguﬂﬂa (Neutral) fio
yufsnszIleuA Az Swsdsznaudenisududourini 2 dnvae 1WA ns

q

96189 (Plantar Flexion) kazn1599evindu (Dorsiflexion) @aunuly
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23 MSNUAIMSIAY

MTAATIEsINSLAY (Gait Analysis) iunsienesiniduisinuasduifonogiann
Tuswide ilesrndeyalumafutuiivsslovilunansdu sndegradu Tudunsunnd
fldnsTieseginisdudiionsaadulsaiifisdeatunafuwazdivin Savdluniediy
Imnssueansannsnthdeyansifuniinesimnuduiusvesnisiadoulmszvineuas

' '
¥ A a a a

Wi dethinwawmalulagmsevauuisudmsugiinisiidvsednsanunng wuld

Y
(YY) [

AatunmsiivAmsiAudadudandidmannlun siasiginisau I@&J‘i‘%mslﬁu%gami@u
& a | an = | ) cal A v fala I | a a
Wullegna1es Feaswansniulumugunsalidenly gunsaldesldlunisiiuAinisiaud
Vanun 3 gunsal Laun wwwasTausules (nertial Measurement Unit : IMU), wuigos5u
L3909 (Force Sensing Resistor : FSR) kazaunsalinaaulniinaiuile (Electromyography
: EMG) usiegndlsinnunisldgunsalinmaulniiindruiie dngnidenldlunisasiaduinanis
Wuteenitnsldwuigesinuseloy kaglguwassunsang 1Wewingunsaiiiusednsan
o A ° ¥ a o | | a ° | a o a
A9l TINUR3 e ¥NABE11TU NSUABULUAIAILNUIUDIDLANINTA N5 UABULUAY
¥ & = | | ala o o a
199na Uil e wlenus1enie nsaanld@idainuaiuin wazdnnulreUyniluls osves
dyausunIu azanuguteurestaya (Nazmi, Rahman, Yamamoto, Ahmad, 2019)
2.3.1  LuasInnswas (Inertial Measurement Unit: IMU)
& @ P & | o a P
WU e IR ey 5o IMU L[Wunulensiatani1siad auluinieluiiie

n193UIgUnsaling MauedaunlUluiismdansemamyululufianisls IMU a1dunis
$M9UAIE 2 DIAUTENDUNAN AD

(1) Accelerometers : UNIAUNITINAIUIINILUUILAY 3 AN

6 o Ly [ <

(2) Gyroscopes : QUASAEINIUNITIAANLINTIN 3 AANS

Tursvane B uniinaisnuidedldfuuinsnaduimaniaiu (Gai
phase detection) lagld IMU 1ugunsainanlunisiiuainisiiu lneviinisasiaineseily
maedeulmveseiorzluseneindluszminmaiuionisis lnsusazaidofagiing
thifeyaiildann IMU siesesituansrsiuly onshogratu Tifestoya Accelerometers
Tunsiesies videldifissuadoyn Gyroscopes Tumsliasei naenauldiiadesdoyasiuiu
Tumsiesesinaiu wuwes IMU Shaggnanaslifudiunaquassname wu wion uau
axlnn AU LU wazToLN é’qgﬂ‘ﬁ" 2.3 \iensadudugnanmsndouln Feiumisinns

wuwes IMU AliA1auudugd lun1sduunilanisiiuganan Apd1uniavaanin wagyn

(Huong, Dianbiao, Hoang, Tom, Dirk, Bram, Joost, 2020)
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SUN 2.3 wuwes IMU wazfiiegnaunien1sinaaguigas IMU uuseneuyyd

aeslsfAnunisldiwuresTausades v3e IMU lunmsasiadumanisiiu
e uaiziuSeds Sinamudeiianainludewesdyainsuniu nsasunlamesdyniol
o Signal drifting Saudsnunedynludesvesnisninawasiisudunsiuniovay
assngALAuENeIY

2.3.2 WULYBSUNSINA (Force Sensing Resistor : FSR)

IULsFUNSINA 158 Force Sensing Resistor (FSR) 1ugunsalnsiaduuss
AALUUAIAINUATUNIY HLATIAT19UDIAINTIVIU éﬁ’qgﬂ‘ﬁ 2.6 Usznausisuduansh iy
wuugsumdusamuaaIAE Ul sEnuE FuuRud A I ugeu Tnefiusiy
auIuLUUsoudunas vlfiAnaraudumulnin g ussninsunseld s wWeinisna
dminasuunsudath i avsiliiAnnisdudasewinsansnadtfudalnia deualsien
audunuliiAansUasulas na1dndenieiuseuliihfinnasousinsiaduesd

ANANAY LDILSIUINTEYNUULEUATIVIU

O=+On

! 4o . ' ' '
UNUATNIMUILLLEEU [P N L)

wriut Ivivhuuugeu - 1

amelinu

el ‘

it Ivivhuuueeu - 2 MNTIRALUSINA

JUN 2.4 dnvaglasiainveayuigaiiulseng (Force Sensing Resistor : FSR)

wuwesTunsing Wugunsalffeuthunldlunisiiuainisiiuiiierinnis

I
a (Y

FA18N5eU nesnasAnnaruasusSalalwiasuLsInanE il e dulaiu
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12
N

NuUlUVULAUNTDIT L UEBSSULSINARTTBANAI8UTENNS 8NFIDE19TY TUATUNIINIEATN
s a ¥ 1 a 6 d'd = a a =1 & 1

wues Tl anwazAd NI ANT AN YIS 0.13 Tafiuns wazdnudanguas
anunsodgueslufnsinglusesvinladelne igauldlusdnidv Snviadslianumuniuly
auve9n15U UTTIN Tanua1usalun1ssuksansewnnvasiuls uananiliwueassu

v a o <@ I a = QI ] v
wsanadadlanunnzadlunisin lUlglunsiiuAINsHY S9U8901539 kagn1snselanainsu
AIvajanalg (Muhammad, Zoran, Kevin, 2015) ns@nfaauiweisuksinanglanuintu

o < a [ a a o w Y2 Q’lj
Judunazisiasanasdfy dewslull
(1) dnwauelasaasnaworinuyyd

windunilslueTesiidfnnaalusisne Wesanuyeddndunazadld

v o ) & a v ' Y Ao iy v v v o ke
WINATMIUNITAABUN NTEANLNILAAZYINLIIUIU 26 TU AN LAZNIVINTU 52 YU

= | v & | =~ | v v g | £ L < v
Feanunsaudseanlondy 3 du Ao dunseandewin 7 3u nseandvin 5 Fu nseandavin
14 gy nszanwindnnesesiiludnuaeninnulas dnaviliiaaudaveulunisasdimin
N133ALSEIFIRINANYIIIIIRIUUNTR NS nwar LAY uroeg19lsAnINANNLAIYD ILYIN
TLUUANIDNUINLNFINAAIU UL UEEULAY AL AUN L DUINT DU ANULAIUDIIINTUY
fusglevilivelvitinnisnssneininluvagyinnisinaeulny dnuurlaswaiavesuyyd

I uAIgUT 2.5

UM 2.5 Anvaurlassasneveavinuyue

(2) msasthmiinuTnndhvinluusasavesnisiiu
TneunilurnBudnunsvosliiaywdarlildsudmdnduiuidgh
uazdinsasiminuaudiuresiui Tneaedidmlfaiuinunsnaisdniin (Mid foot)
faesing Fuludnvarlasadaiivilifneuavelumsasimin uasdieluidesves
MsinwaLavasinsedeulme1e Wufsfuiurasiiu nsfuresywdluldazina

=3 =

Aazdanuuanadsiuluisesweanisasimdnuudwiin Asgun 2.6 lneinsuaninavesday
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1 = A

WusUsuondasaNngeyinAud e Sufuanduikudy As Tksnseyint 98n3n 0 kPa

(%
a

Lazardugeiidung Ae Tusanseyiannnii 230 kPa (Linah, Aladin, John, Syed, Rezaul,
2015)

KPa

>
1
192

173
154
135
115
96

1 d

L Ny o » ™ s

R oY 4 ad » )

T T T i T T T T Li

HS FF MSt HO TO IS MSw HS >0
STANCE PHASE SWING PHASE

5UN 2.6 nnuansnsanininuTad v luidazilavasiu

= - < V1 a 1 3 a a

Fngun 2.6 smulannisivluidazsilavesiywd alusanauinm
i uenssiulumudnya s ndudaiu Inesuanma Heel Strike (HS) wag
Foot Flat (FF) azilusinagagaeag usiaadumn deutluilaves Midstance (MSt) dmindnéa
QNNIEAeRNnlUag1alNatarIUS MY MnUuLsIneazgnanelouludludiuves
Uanewin Tugisveana Heel off (HO) uag Toe off (TO) llesandesduindousianiely
19 vidusanangeulugiavesdaem uazloduaganIzuIun1TVes Stance phase
w1839 Swing Phase wsnausaasinagiiauusanaunussunuazkidias Weean
[d 1 A t% [ MYy o &
Jugreiidwinaeseglueinia uagldladudaiiu

(3) WunlunsurUB L UYe I SULIINA

AUAUINITIEULE TS ULTINA AR T ulliA Ay oguINAOAIS
I3 ! a = o a o & A vo av o o4 & Addy ve
WiuAMsiY esanmnyimsianuguwesluiiunnlasuuseiliinnne vienunnlasy
wsanniuly 9ndeansenuderiinveswwges Sulsinala yinlideyanaziily

IeszvtuliiusEansaw waziindaianainle AetuswiLaluNISINNTUE RS AL TN

fan Arsazagludumis M AssUN 2.7 lneniundunsfenunilasuusinaiidesiign uay

WunFyunAsNUATASULSINATIINTIaR
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The area of least
pressure
The best placement

of sensor (M) A wrong placement

of sensor

The area of

= A bigger sensor
maximum pressure

that may
underestimate
pressure due to
averaging effect

JUN 2.7 AUndansRaRasure s SULSINAUURYINTIgNADY

[
0 ]

FUUFNTUNUITENAITDIAUNITATIRNTUINENITLAY FIRUULUINUTN
TunsAesagugasusnuduiteendu 4 Aunlvg waz 15 Wuildosnudnwurnisas

‘15mﬁfﬂsuaarzhl,ﬁwmgwé (Abdul, Aladin, Rezaul, Yufridin, 2012) é’qgﬂﬁ 2.8

JUT 2.8 n1suwdsunusnarhwinlumnsafumanisiiy

a d' = | [ ) v & A =
- USLIUN 1 AR d3UUDIFULNN lﬂLLﬂ WUNNUELAY 1 QINUELATY 3

- USNAUT 2 A @UTDINATBIN tAKA NUNMUNeLaY 4 DeavianeLaY 5

[ '
oA =

- U3nad 3 e duvestanawin laun fufiviansias 6 Aneiay 10

- U3t 4 Ao dwwesiagi 1dun Auiiveneias 11 fenoee 15

Fasumislunsansaruweiusnaldivnluniisoveas) sznanis
Tuundaly ursgrslsimuluranisuidensidwuwessuusanalunsnsiadumanisiiu
vouyudinnumetymludomesdnuaennionuesdiiaulatufoniing Seuyed
uazauRaziihmindiunnaneiy Tngamtindfiuenseiuiuazdsansenulngnssse
Anmdnuesuessunsing vnlfsumesuusanaidniminiasuuadd wagenavn

v

TiAndaianatnlunisnsradumanisiiuls (Error gait phases detection) uanandesdl
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nansenululs091999A1M1L 5 L UM SLAUNAINANTZNUADAIULLUEIN1TATITULNANITLAUDN
se IngAnusInsiiuiiutuazd i lianuwiug lunisasiadumanisiiuanas (Bufu,

Meng, Xi, Yangsheng, 2007)

° [y a . ope .
24  m3ungdnuudyIunisiau (Gait classification)
Wuduneulunisdans Tiaseit wazienuosdyaiunsiau wilduisnsilasu
a i Y a & N = 1% - =~
Anufleuuniantun1snyaduianisiiuveywdae naluladgnisieuiveunios nie
Machine Learning lnefiinguszasdnaniioasnaniosdeniinuaiuisalunisseusly

Uszihuiinaulaninnqudaya (Data) a13130anduasienies UMY 53uinsviunena

vosngudayareald fagui 2.9

Learning

Machine Learning » Classification

Prediction

JUN 2.9 dnuauzlagiiug1uves Machine Learning

N15L38UIVBUATOIILLTEUFVINNITAUNUTULUUNT OWUULKHULANT ) H1udIUveq
Uaya (data) wara1u150QnRN (train) WenziiuANNLIug luNITNEINTAINTFUIUNTHTE

wa 1 A o v = J =] = v X
Auaudis1eAgnldiveuntaym 13831 Feature vector Hufa 1e Model gnasiadiuun
danaInuvzgnuaaeuiuteyad liinglaiTeusunnew lnedayanivaiduazgnuuadle

nanewlu Feature vector wargnsiusailinatedu Model Aaguil 2.10

&

Test data Features vector Model Prediction

5UN 2.10 nszUIUNsNIUAUymee Machine Learning
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mMsBouiveaadosainsoutinmsiieuoontdiiu 2 wuy
1) nsi3euduuuliiifaeu (Unsupervised learing) iw3smsiseuduuulid
mMsimuatnemiy (Label) nioussianvesteyalviuinies Jaia3osazviinisdaiies
Tassafsieilomunudnunzuesteyaiildsy nadnsvesnaiousussinniasduns
srynguesteyaildiilulagdsaniBnsdanguisldiFeuiandeyaiinioansmnuin
2) nss3eusuuuiasu (Supervised Learning) 1uw3gn1siseusuuuiinis

mnuatheiiu vieussinnvesdeyalviiunies Famsiseuiusenniliaiodnsaunsan

Amauvesdgnilanlefiiies ndsainiieusanyadeyadiegaliudissoznia lag

e

noUsEaIAnanveInIsiseuiUssivile n1sas1alunaileyuIeRaing araunsnduayn

L)

Poyamdunlmdiunaanslnglviianuaaininfeulosgn Asgui 2.11

Labels
Training Data |

\

Machine Learning
Algorithm

New Data |:1[> Predictive Model |:> Prediction

5UM 2.11 JULUUIUFIUYRINMSITeUIUU LAY (Supervised Learning)

- Labels Ao dawufifasuimmuniitherifunternouvestoyaiufoasls
- Predictive model Ag Tuwaflldanmsisoudvoaaies idlumnaildluns
INUEHARNG

- Prediction fie nafilaTaaihnsyig

- New data fio Feyalmifithanldinuszavsnmuesluiaa

Fanildluisnsseudveanseuuifaouildsumnudende 35nsaum
dieuthuiilndiian k é vi3e k-Nearest Neighbor (kNN) @eflesthanldlunisdiuunnguues
U938 (Data classification), 1153AF13ULUY (Pattern recognition) kagn133MuNFUAIN

[
Y

(Picture classification) Ing kNN azdaAugadayafilaviinisiseusviavuadungus wagld
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wellalunisdndulainganeaeuiilasudiuninddusglungule Ingaziiansanainileidu

JpeENvNdesgnteya warvinn1sdnsesnteyalnl lngagyinisisesngateyaedlng
LY [

UVANAHBUNINTIAATINIU k i1 waziiansandngadeyaveindudeyalanidiuiuuinigad

YANNNI0RUINUIIAVIdD UL lUNguY

~ J =

k-Nearest Neighbor %38 kNN 1Juds7ignnaifislunanseuidelusiunis
= ) a a o v aa . .

WisuiiguanumangaukazUssansnmlun1sviauiuisnis Machine learning Uselam
U9 unNAIRE 1LY MUITBee Alagtash (2011) levinnisideuisuanAuuiug1es
gana3iu kNN dudanaiiiuaTedigUssamiiion nie ANN Tunsdnuunguiuunisiiu
sondu 3 wuu /Wiudeyanilaain Ground reaction force lunsiiu awausingiinsld
Y} a e v o A i Y A =~ a o a v
gane3fiu kNN laaranuwdugiganiinisidinsediedsvamiiien dnnslunuideves
Pogorelc (2011) TavinA1sdruunanIsiius1sgieun 5 wuu lagldeane3fin kNN, SVM,
Decision Tree (DT), ANN lag Naivebayes (NB) lUTouifisuiy lagannanulsanuinisnns
kNN wag ANN da1A31uusi g9 100% 589891170 97.9% d1suisnis SVM, 97.2%
@383 NB waz 90.1% @3uisnas DT mewmgiiisnTeanudn kNN WHudsnsfivanzay
waglaAanuuiugnfias seulunuiderensidndentddanasiiu kNN Wudanesiiundnly
N13RTIAIUMANILAY

& asl % - D @ % v N

HuguveItmIAun et unlnanan k i asusznaulusieg gateyaidl
nsiuadieinu nieAnauvesyateya WelaTenaniinIsiseus 997 wagaIunse
LeNUEzANLANNYRILiaEyatayals antulledyadeyalitiunlaeiinsaslineyiy

a Y ' al ° ] Y a = .

NsSEusNeY LATeRinsUsetanalagldilsndusseeniaiuugain vise Euclidean

distant A9ALNTSA 2.1 H98

Dist(p,q) = Dist(q,p) = \/Z?ﬂ(qi ~p)° (2.1)

a

el g A LInwesEIT 1
A fu A
p A9 NNWOTAIMN 2
n A9 IULTRVRWINADS
NSINTLYENIUUVYARA L‘f]umiﬁ’mmmmmaszwiwﬁmﬂa 2 Sﬁaaﬂa Tu
~ ~

SEUUNARASI@EUN NN U unTnilnda G mnndeyarisaesiidininuadieiuuin

wanatayaudazmazeginanuuin Fwagyhlirgadadadosuasiinlnaaud
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dedhdgndndunivdesiansaniuiinsfuniiendunlndiign k i Ao
ANNN51TMBS Kk WasanaAuualiAInIiwes k daunnvsetesiiulUavdanaliaininy

wiuglun1syusnamanisiulasuntatll Fed1a1mnsiwes k datuiniiulifasd

a

lenanseunguiunvestoyailiifeides (ToyanuazUselan) inTuiinty uazamina k
N v a 3 =~ ' o a < v ° | a a a
fedesiuly Aszdanulmenisviwnsunniuld Fsdsalvnisyiungladivszansaim 8n
MasmuaAl k msnazivuaduavdiuaud Wenandesdymlunisindulavesnios
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endnusililudruniiewedasinsidenlasunissuseinsvinidelunyed
PNANzNTINNTITelunywdunInedemaluladasuns s9a License EC-64-30 COA No.
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3.22  mswssuaunIaliufindeyainnisiay
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Y]

JUN 3.1 aunsaldufindyaaunsiusuulians (n) wasveinlulasaeulvsaiass ()

lunwideilldaunsaltuiindayaiansiiuiiyedn Force sensing resistor
402 (FSR 402) sauandlugui 3.1 (n) uazgunsallddmiunmsussananauein
lulasmaulnsaiaes ESP-WROOM-32 dauwandlugud 3.1 (v)
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[

Force sensing resistor 402 ﬁ%’auﬂamuwﬂﬁﬂmﬂf
(1) Sensing Area : Diameter 14.68mm
(2) Force measure range : 100g ~ 10KG
(3) Thickness : < 0.3mm
(4) Force repeatable (single part) : £2.5%,8KG applied,10 times
(5) Force repeatable (part to part) : £20%
(6) Hysteresis : 10% average
(7) Drift : 5%, 10KG 24hours, logarithmic 10 time
(8) Off resistance : 2MQ
(9) Force resolution : Continuous
(10) Response time : <1 msec
(11) Operating temperature : -30 °C ~ 60°C
(12) Life time : 2 million
(13) Connector : Female 2.54mm / Male Pin 2.54mm

veinlilasaoulnsaiaes ESP-WROOM-32 fifayamamaiingil
(1) MCU : Xtensa® Dual-Core 32-bit LX6 600 DMIPS
(2) Bluetooth : Bluetooth 4.2 and below
(3) Typical Frequency : 160 MHz
(4) SRAM : 512 Kbytes
(5) Flash : SPI Flash, up to 16 Mbytes
(6) GPIO : 36
(7) Hardware/Software PWM : 1/16 Channels
(8) ADC : 12-bit
(9) Working Temperature : -40 °C ~ 125 °C

] ¢

3.23  msAansgunsal

n1sAnfsgunsaldufindyaranisiauladvinduasviinisiansliey Ty

Vunndyguraunisiau

v o

a d' o 1 a = go/ U 1 1 U 1
Usnunnmvue eslulsazinavesnisiiuaziinisasdvunuudwinduansanu luluwsas

©

wlanTsIAuYewIyEe Fearduiusiun1sinasiumviieatsuLesaal
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1. Heel Strike (HS) \Hugramsiduiiduinduidaduiu lngazdinsasinin
U3naduwinunninusnadussiuiuladn Tnerseupguitufivaneas 1 89 3 1513udenie

wuwasFuLsInami 1 (51) Hiudnaduin degun 3.2

.51

JUT 3.2 Usnsinnamugeslunaves Heel strike

2. Foot Flat (FF) \JutansiAundaaindugana Heel strike §siinisas
Wnlnuinadurinuinndiuinady suluiusnadatswiniandes lneasounauilui

MEAY 1 89 4 15130h0nAnfayugesTulsInafian 2 (52) LIusiuesgui 3.3

UM 3.3 UShansinnsguweslumaves Foot flat
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3. Midstance (MSt) Lugsnsiaundwindudaduiiuisun Tngazdins
nsga1edmunNIuTUNaIwkazUatewnlumind lndlAseiy lasaseuaguinud

PUNLAY 3 D9 4 L51FUAINAAUDSTULSINARIN 3 hag 4 (S3-54) IAUSunaIuiLas

Uanewi faguit 3.4

JUT 3.4 Usumsinnuwugeslulnaves Midstance

4. Heel Off (HO) wag Toe Off (TO) LJUY19N15LA UN Uan8si1was 210
Fugfadunu lagaziinisasuindnusiiuvalomiauinniiusnud uegr1aiulade 1ae

ATOUARNNUIVIINELAY 6 §a 15 i51Fudenfineugaiiusinadif 5 (55) Liusalae

Wi glaguRl 3.5

5UN 3.5 USumsianasugesiuinaveas Heel off uay Toe off
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5. Stand (ST) WuviwvnenisBunss Taeazdinsnszanedmininuiuid i
Tngdunlasuusannigaazidugiausnauduin (Wunvnewae 1 53 3) wasdatewin (Wud

MelaY 6 f4 10) Ineusnunfaugesiuwsainamii 1 81 5 laaseunquinunnlasuwsang

anue Ga3un 3.6

U7 3.6 UShaumsiaasuweslunmianisiy Stance

Tngguuuunsreavsvesgunsaliuiindgyaas azdudsgud 3.7 uazlinis
Wndgygral LED tieUsuanan1un1sain1svinauressanaiiy sauiauunneiiiiens

aunuul¥anelrianuazainlunisanuldvazanuisaifuiueinisiulededu

€ v =

5UN 3.7 sUiuunisdedsasvesgunsaliuiindgyaraunisiau
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fumeudl 2 WeduAuazinwinunouaue ndurhnafumeiaeins
Aududunou il dunounsnvimnaves Heel strike avegludnuagdusiunediu 9
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dewmthminludsmesiuaziat dufle wiaves Heel off wag Toe off Intuazidudng
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Sev qauninazvgaiiu Tnslusaziivasdesdilsdiaimansifuiigndedunsazinanns
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amsmveslusunsuiuteyadyanunisiiu wansugui 3.11 TUsunsud
denld@elusunsy Telemetry Viewer (Version 0.6) Tnelusunsuiiasvihausaudulusunsy
Arduino IDE Tunsidsusdamssudeyannisueessuusanaiio 5 faiifnfseguiaidi
wh sdsmsdsudadliidsdeganuulians (Bluetooth) 8nshe TaeiilevhmsduTnandrda
fidertosinsqaduveinlilasaeulnsaaosuds Tusunsu Telemetry Viewer dazvimdini
Tunsuansradoyafildsumdumiislsuns Taglunisuaninaaunsasesiumsuansaa
Tuguuvusneqitelviuyudansadlaldie 1wy sutuvresnsmvmanan nsmnisadmd
nswanawaaudin Wusu Tnelusunsuilanansosesiumsiuteyafisnsngs 100 deyade
it Bnviadsanunsavinistufindoyaiildsuandulid csv 8nde nszuaunisieuses
Tusunsufudeyanisiiu aunsauvsesnidu 3 dwuvdndsil 1) Wefvhmmeasamieuiiay
SuduAuliiinisnay Connect itaidunsideusioseninsuesalulasnoulvsaaesuaz
TUsunsu Telemetry Viewer 2) T,'Uil,mimzLéuﬂ’uﬁﬂﬁ’ty@mmiLﬁumwﬁayjaﬁlﬁ%’umﬂ
wuweslaednludd 3) WeduaaniaAuliviinisnalu Export CSV Log Hiarfiunistiudin
Foyanisiiudulng .Csv

3.2.6 nsiiudayanisiay
mafudeyanmaiudsdniunisdeduneudsd 1) Tinimaaean

f U = o a o & v a o A o &
i’]qﬂﬂimUu‘VlﬂammqmﬂqiLWULLUUliaq'EJ 2) IﬂﬂiLLﬂillLﬂUGUE]%IaﬂqiLWULLUUlia’]UVIWWUWGUU
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3) Fudunaaeaniniu Tnsludumeunsngvinimnaosguiadune 10 Jud gy
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Heel Strike
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WULYBSTULSING FIFILIIHBINNTABNTHENLEZINANSIAUNUA 7 W@ lawn Heel strike,
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nUUILITeYaN 25 TayavesirazatuyiinIsARigveleya (Average
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3.4  A15A52ULWENSLAU
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n13nsTulanIsiaulunuIdedagaiunisaignisasnadaneiniulagldisnig
i out Ui lndfign k i (k-Nearest Neighbor : kNN) § st ugdrunilaveanisiFeusvos
e Uiifaou FsneWmundaneifiutiarldlusunsy Arduino IDE Wulusunsumdnluns
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A B 2 8] E Iz G H | J K {Ej M M o B Q
1 SET MUMBE HEEL STRIKE FOOT FLAT MIDSTANCE
2 R CH1 CHz2 CH3 CHd CHS CH1 CHz2 CH3 CHd CHS CH1 CHz2 CH3 CHd CHS
3 1 0 S5dd 0 0 552 0 G0 375 1457 2132 336 1472 1055 17dd 2173
4 2 0 425 0 0 1727 0 605 330 1412 2324 0 1585 1251 1524 2205
5 & 0 556 0 0 1352 0 704 573 1417 2325 454 1835 1500 1663 1915
5} 4 0 533 0 0 1451 0 20 471 1433 2256 737 2000 1642 1726 172
T S 1] 503 -] 1] 2015 15 1061 B35 1332 2202 111 1676 1317 1447 1330
g 5} 0 543 1 545 2143 285 1373 1005 1567 2208 12582 1554 1051 1162 BCEEY I
i) T 0 400 0 21 15861 0 1556 1226 1637 2185 1475 2055 1561 1153 1153
10 g 0 533 273 530 2232 113 1433 133 1539 2234 S08 773 1227 704 1332
! g 0 733 222 403 2122 214 111 533 1335 2258 B63 700 1156 851 1600
12 1 10 0 532 263 710 2032 0 1302 1002 1532 2317 060 337 1040 1226 2151
13 1 0 433 0 71 1932 B2 1310 31 1473 2127 1260 1935 56T 147 1570
14 12 0 657 0 0 545 0 657 386 1003 2031 375 1355 1006 117 2002
15 13 0 583 51 0 2023 134 1313 354 14583 2226 46T 1857 1333 T2dd 1546
6 14 0 453 0 0 1560 0 675 535 RECH] 2231 667 1547 175 1383 2053
17 15 0 606 62 0 201 0 1317 1072 1617 2289 577 1743 1470 1631 2013
18 16 1] B22 1] 1] 1205 1] 451 270 1007 2133 it 1513 1056 1458 2133
19 17 0 530 0 0 533 0 541 436 127 2113 471 1457 1136 1413 2151
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22 20 0 672 336 G4 2026 510 22 363 227 2146 1545 1503 357 G035 1643
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R S T u W o ® N z Af AE AC A0 AE AF AG AH Al Al A
HEEL OFF TOE OFF SWING STAMD
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2022 2057 1362 167 411 Skl 1535 143 0 o] 0 637 0 o] 0 77 G63 354 5303 707
533 336 | 1434 403 47 62 | 1384 B3T 0 i} ] ToE ] i} 0 T3 633 332 333 754
I EEES 371 335 al 534 304 | 1856 a3 ] 0 12 i 0 0 T3z B34 344 353 757
2333 935 903 o] 0 429 | 17TS 2582 0 o] 264 0 o] 0 E3d 513 929 376 1501
2161 037 | 1407 1] i 337 335 435 i 0 410 i 0 0 a4z 1537 365 035 | 1763
2275 354 136 o] 0 407 37d 437 0 o] 564 0 o] 0 g13 1552 354 031 7Tl
Mz 706 | 1063 an 107 349 530 333 i 1] S7E ] i} 0 450 1603 | 1085 4 17ES
1873 150 717 745 560 147 251 | 45T i 0 S05 i 0 0 E03 1431 a4z i 917
331 653 967 138 1217 157 1851 823 0 [u] 0 3 0 o] 0 E03 429 33| 1186 322
2030 142 | 1507 1] i 185 | 2238 | 1035 i 0 i i 0 0 E03 423 851 185 322
1805 135 1671 463 fE] 153 | 2251 | 1503 1 0 i i 0 0 &17 436 43 154 323
1 1eE1 325 | 1332 | 052 | 1485 134 032 | 1262 i 0 5 ] i} 0 037 1715 0s0 017 725
1536 | 2064 | 1510 1150 1321 346 287 | 1802 ] 0 i i 0 0 005 1713 046 | 1023 723
: 2257 2031 1137 o] 0 2352 002 363 1] o] 0 G 0 o] 0 002 1734 046 1030 735
2074 | 2000 | 1245 1] i 2036 233 T03 ] i} i 133 0 0 532 1430 321 37 EEE]
133 | 2200 | 1354 | 1333 ELE 1355 320 | 1886 i 0 i E7E 0 0 554 1421 317 00z 302
4 =183 18587 17 0 280 2336 1724 u] 0 0 58 0 u] 1] 525 1407 311 1003 508
1335 | 1972 1315 454 [:LE] 2223 | 2022 TES i 0 i S03 ] 1] 0 753 1572 348 173 81z
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Vianun 490 doya @Aalusasay 70 veadeyannua) 2) dwvesyadeyanidlunisnadey
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3.4.2 N1965199an030U kNN lians223 U a@n1sLay

v
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%
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Y
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3991 wavasrsluaalunsvinng Awansdugun 3.19
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Labels

Training Data Sets - k-Nearest .Neighbor ‘ Predictive Model
Algorithm

5UN 3.19 nsvuiunsiieuivesdanasiiu k-Nearest Neighbor

3.4.3 MsnagauUsEAnSAIwdanasiu kNN
dMTUdana3 Ny k-Nearest Neighbor noun15naaaulszdnsainass
Saneifiu wwdesdimanaaeunismmaiimes k fvenzauiou Wesnmsdmesiid
anwdAgyeg1an Tnensldduniwwesyndeyanisaaeuidudeyaridudagaiy
gnioswaensiuiein mdives k Mwilwsflidanuusiudwesdanesfiugiign 151fay

Tdamsfwestuluauasgiuvesdane3fiu fagui 3.20

A Stand ® ]
[ ] Mid-Stance
' B °
° o ©
Heel Strike L] [ ] L ®
[ ] [ ) ° o
o0 o7,
[ o ° [ ]
® =% 1. o o 0,
/:— ------ Y . .
7 I \\\ ! [
ol wd ORL" | o
1
Y 2@ /’f}.. @ HeelOff
\ N S
RS o o
~ & b °
Swing o Toe Off
>

JUT 3.20 LUUF188INSNAARUMINITITLADT k Tvsnzay

A Yo a s d' LYY a = £ ! [ ]
LN@L?WI@F‘W’]WWiW@JLW@i K MRUNEEUNUDANDINULAT WGIUQZLUUEUUWEJHWW

[y

nagauUsEaniamvedanaifiy lagisazthyadeyanisiauwuuliiivhenidu (Unlabeled

testing data sets) 3ofifeyntoyatidanesfulineiieuiunsuiidmnieuliluing

9 Y

VAFOU NILUIUNTNAABUVBITANDINN k-Nearest Neighbor uanslugui 3.21

Unlabeled - kNN - Prediction
Testing Sets Predictive Model

5UN 3.21 AszUIUNITVInaRUYIdanesiy k-Nearest Neighbor
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344 naeaisssuuliudisuintneusessaluli

TurmAdefiiedestunsasadumanisidudning Shnumedamludes
voadnusnenennesiiaild snfogadu dmiindvesfiandd Wesndutng
tuazdsmanszmulngmsaderimiinvessumesiuusing lfwumefuusanaddniun
fasuuladly uazenahliiAndefianaralunmsnsadumanisiduld s13sldifiuszuuna
Judleusuiisuimingumesiasdeluifdmiunsauldvesuy vihhmindiuanes
fu Imanﬂﬂ%qdauﬁ%L%Mﬁ’]ﬂﬁLauu‘%aﬁwmwmaaqmiLfﬁﬂﬂ,ms] ;ziﬁﬁﬂmsmaaww’faaagiu
yimenistunss deliaumeiuifaimiindinsrarsusnudtalogih ndunaduiiieviins
Usuiisudmineuges Tnsssuuuazshnisdmndieismsmnadamandiiielidisen
Toyavenumeding 5 Mdurhnueglutuennnsguiesuiuiigadeyavesdanediy
kNN T8Feusly daunufamavhauresssuumsnsadunisifundonszuuuiuiisunin
e iunsinadnluiRdmiuntsmuauvfisana wansasud 3.22 venainigsdinisda
LED \lousuaniaaniunisalinauvesguasal Ifua LED Auns Usuanfsanunisniifeuse
Bluetooth liid3a, LED Aidlen vsuenisanunisalilensio Bluetooth da way LED ddu

Yauandeanunsalusuisuinvineues

Push Button for Calibration ?

’% & Bluetooth
| KNN ‘
ALGORITHM

L A

Data
calibration

Bluetooth Fail  Ready Calibration
Stand Position

Ready

5UN 3.22 unudan15v19U999sEUUNSATIITUMSunausruuUS ug i vtniguges

Suusanadaluddniunismuanriieung
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3.5 &3
domluunilfhiaueisnsfuteyansidulngldgunsalifufoganinfuuuuls
aefivandy udaendumisnisindueuieosusmd 1 §ﬂﬁ’jqé]’aﬁmuﬂmm§m
dmsumsiduidieliginnimaasmnauduluguiuunasyitmaietu dedoyanisifuils
NN lUIRTIE uazlenuoedyaanIsAuEIulUIuNT. MATLAB Tneasuusdayay1aimus
panlu 7 wia lawn wavee Stand (ST), Heel strike (HS), Foot flat (FF), Midstance (MSt),
Heel off (HO), Toe off (TO) uay Swing (SW) 9ntiuyadayarianunazgnirluuiady 2
du fie yadeyalunisiieud iensadslumanisnsadurlanisiiuvesyd uasyadoya
Tumaveaeuiiietlunaaeudszansnmeedaing uenanildefueiedunaunsadis

syuvdsuiisuintnveseuleeslaesnlud@ wse Calibration system
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NAN1SILaLAUSIUNE

4.1  umi

Tuunilaznaniwanisnmnadumlanisfuvesyue dedaneifiu k-Nearest
Neighbor TiWmu1du néeureAusenansenufidnanemanuuiuglunsyuisnaves
Sanesiiu FewzUsznaume ¢ @ laud nan1svedeunisfives k Nilnaneuszsansnmues
$ane3Tu, HaLanIANALLLUSINISATIATUIENSIAY, NavpsaISlunsiiuiidiwa
NITNUADAIAMNNLLUEIVDITANDTNL, AIUNUINIANE NS UNITATIITUNENITLAY Lazns

WLTEUUAIUANYLTBUNG

=

a 4 = 1 a a L% a R
4.2 NANISNAFBUNIFIUNDT k NUNANDUIEEANTATNVDIDANDINU

100

/ K=3: Accuracy =81.43%
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UM 4.1 nansmegeunslnes k NinaserUszansninvesdanasiy

N3N 4.1 Azuanadisdrauwduglunisnsadumanisiauvesuysd lngld
§an0371U k-Nearest Neighbor N1uana9iua1uAInIsIdnes k Audsuudasiy Ineainnis

neaaulutNAINITTWes k DAY 1 89 32 aziulein AauLlugIveanasi
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Tanwauegeiunndeiuly Jeamisfiwes k Ndwalniiainnuuduglun1snsiadula

a

NSWANgengn 3 dusu boiud Armnsdnes k wiriu 1 agladranuuduglunisasaduma
MsAuWINAUSaeay 80.95 AIMNTIEES Kk 1Wnu 3 azlariaduudugilunisasiadua
MUY USpay 81.43 Lay AmnsEmes k windu 17 aglamanuusiugrlun1snsiadu
wansifusiiutesay 80.57 Tnethwdaniuasiiuldhdsaminives k fuasduun
witlns AeuwiugTlunsvinunefiesBsanmasnnnwingy deudmsfives k fuunya
fianlusanoiiu k-Nearest Neighbor fifannduiifaviiy 3 fusagtmuadmnimes

1
=<

At k=3 Wunnssdmiudaneiiuil
4.3  HNARAAYAIAIULIULINITATIAAUNENITLAU

d. 1 1 o U a
A15199 4.1 AT LEAIATAIULUULINITATIFAUNANITAU 7 LN E

Gait Cycle Precision Recall F1-Score Accuracy (%)
Stand 0.750 0.700 0.724 70.00
Heel Strike 0.875 0.933 0.903 93.34
Foot Flat 0.880 0.733 0.800 73.33
Midstance 0.606 0.667 0.635 66.67
Heel Off 0.846 0.733 0.786 73.33
Toe Off 0.778 0.933 0.848 93.34
Swing 1 1 1 100.00

9]']3'1@‘1‘7{ 4.1 LLﬁﬂ\'iﬂl']ﬂ'l']llLL&II‘L«!ET']SU?Nﬂ?iﬁqLLUﬂLWﬁﬂﬂﬁLaUﬁﬂﬂﬂJﬂ 7 Wa léjLLﬂl Stand
(ST), Heel strike (HS), Foot flat (FF), Midstance (MSt), Heel off (HO), Toe off (TO) ag
Swing (SW) Tnelddana3fia kNN fifidmnsifiwes k wirdu 3 azstuldinunanesnis Swing

tudiarruwdugilunisduwuniiviesay 100 Fadudrauuiuglunisdwundasn

v

~ . [~ 1 A I [ 3 1 M Yy o dg‘/ = o
WUBIINLNENTT Swing Lﬂumwmmwaammmuaaaaguummﬂ lailadudanu R]\WI']ELVT

' (%
a Y 1 |

Foyaaveasugesie 5 Nienseg ushadlddvintulifivsannseivsedusannseyiued

o
0% & A 1w 6

Atloenn yilieuweasng 5 dAlnalAesgudvsawiniuaud (51,52,53,54,55 ~ 0) AaeLnnil

Y Y

[Ag7}

WaveIns Swing Js1ranTsTeu; wagnsueNuEEdy1MeIdaneTiy
AANKNEtuNTITIRT U RN geduduiuass laun wlaves Heel strike
waY Toe off NIapNNALAIANUBLUIIUNISTUN TV WINAUSB8aY 93.34 1iID991nN

dounadisunuudnuuevesd I aunnsiauAa end il wikanA19iunsINguLuuYes

'
¥

dyaaeglusumiaasyiniaiinneiu dufawlares Heel strike asilutiadaniziidui

o

v v v &

UNAAUNUY VAU O TS ULTINARTIUTII AU AZ AN UL DIF DU AR



37

Frogusnnlddiesadiulddn (51>>52,53,54,55) uarluueadeafureasa Toe off
wdurasnsiuiivanerihduiatiuit Tneasiinsashminusnadarewiunnnitusiom
Fu lhaureddaf 5 Tanuuswesdygiauinnineuged i ved1auiulddn
(S§5>>51,52,53,54)

dwsuiaves Stand wag Midstance Harauusiuglun1syiusmanseumGgy
Yauaz 70 wardova 66.67 muadu sxdiuldiideanadiianuuliugilunisined
ffoniian nenmssuuniiianansvesisasasaianmshusslaaduiu Wudneuaes
ﬂ?iﬁ’]UﬂﬁlﬁIQﬂﬁaﬁﬁaLWﬁﬁuaﬂ Midstance wadana3fiunauvituieandunauss Stand
domnisaearatidnunsiimilontu feludowesdnumevmisoni auuesailunis

NSEANYI hazn1Tastnrinid w1 dadunisasiindnfidinsessutiniing 190197 9un

'
Y]

Tngaziinisnszarsrmdniausnaduii vildeueedsts 5 1dfuusnailndifoetu
(S1~52~53~50~55) éhamqﬁfﬁﬂL‘fluﬁaamﬂﬁm%’umiﬁauimsmnwmwzmmLmﬂm'wuaq
é’iy,fy,mﬂ?’fjaaaumﬁaaﬂmﬂﬁ’u aemliﬁmmﬁﬂaaqW\Iaﬁﬁﬁmmamﬂumimmmv’f’l WAy
Snwazvimsvewindimileudu vililddsnansenusensindanestudluldauiunis
AIUANILTIBNNG

anviefawlares Foot flat uae Heel off Taaeaatiimauusugilunisvuied
Wity wirfudesar 73.33 Tnensvhungiinanainvesisdenlaidnivgjasfulusesmes
n3viunedua ¥3e Cross-phase prediction vngfisnsyiunemanisiiusnInvanis
Auasalund wna Tngnisiunedsadinaviindumlaves Foot flat wag Heel off
YNAIDYNUNYY B mauﬁlasﬁmﬂ/\lmm Heel strike waselufidanasfiumsfivzssuglaioina
94 Foot flat usdane3fiuluviursdndu Midstance unu uag w noull ogluinanas
Midstance wiasioluiidanasiiuasfivziunslademaves Heel off uidanasiiuluviuiesn

v Toe off wnu ﬁqgﬂﬁ 4.2
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-
.936 -> Left :

16:50:09 Toe Off

16:50:09.936 —> ————rmmrmmeccsccmmec e ae e ————————————]
16:50:09.936 -> Right : Foot Flat

16:50:09.936 -> Left : Toe Off

16:50:09

16:50:09 -> Right : Mid Stance

16:50:09 -> L:ft : Swing > @@
16:50:09

16:50:09 R1g!

16:50:09.983 -> Left Toe Off

16:50:09.983 =) =cemcccccccccccccccccncccssecceeneeeed]
16:50:09.983 -> Right : Foot Flat

16:50:09.983 -> Left : Toe Off

16:50:10.124 -> Left Swing

16:50:10.124 Y semmmmem e s e e e e
16:50:10.124 -> Right : Heel Off

16:50:10.124 -> ©Left : Heel Strike

16:50:10.124 -> -

16:50:10.124 : Toe Off

16:50:10.12 : Foot Flat

il PR e e T LA R -c:E’rediction |
16:50:10.1

16:50:10.171 : Foot Flat

16E50:10.17]1 =>NNprrscrcnncnnns syl nenn e nnsssonnnse
16:50:10.171 Right eel Off

16:50:10.171 -> Left : Heel Strike

5UN 4.2 dregrmsiunegdnula vise Cross-phase prediction

4.4

Nava9IAus lun1sIAUT deNansEnuaaAIAULIug1 U9 aNaS U

Tun1sneasuAINLEITaINISHRUTNAEs oAAULLug TuNT U sman I sIR ULy

wsdiunslagligvinisneaesfuuugialiih dennumsnue 1 8a 8 Alawassetslus

FarnnsuaninaresnusItunsAulidwanseueaaLwiug1vedanesiv Aigun

3 ¥ 1 o ' < a da X o Yo 1 o o
4.3 %mulmasmﬁmLﬁ]mwm’mL'iﬂumimumwmu f\]B‘V]'ﬂ‘Viﬂ’]ﬂ’JﬁJLL%JUEJ'WIUﬂ’]iﬁ]’]LLUﬂL‘V\Ia

N3LAUARAAY Iﬂ‘&Jﬂ’J']llL%’ﬂUﬂ’ﬁVlﬂﬁ@ﬂﬂ’ﬁLau‘\]%LLU\‘iE]E]ﬂL'ld]‘u 3 929 lAun

1. 99n15AUT %39 Slow walking (1~2 Alalumsdetlug)

2. 4219M51eUUNRA %38 Normal walking (3~5 Alatumssiotalus)

3. 99M5LAULST 138 Fast walking (6~8 Alawmsaadalu)
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100
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1 2 3 4 5 6 7 8
WALKING SPEED (KM/HR)

JUN 4.3 nyvluansnavesnuslumsiiuiidmansenunermauiug1vedane 3

1 a v =] . ISP 1 o [ a d‘

Y19M19AUT1 138 Slow walking Azild1Anuuduglunisduunmanisiiiungeann
Uszanaiosay 90.00 ~ 100.00 LosannsiAumisansiintduazdialinisildsua
Tunisiududrasmay iliwugessunssnaladinaiunsasuadyaiunisiiulaegng

2 o | Vo a s o Yy oA a a \ a a A
WN Feazdarelvdaneiiuamnsavinaulaegsiuszd@nsnin ¥asnsiAuun@ ¥3e Normal
walking agfAanuuiuglunIsTwunanisiiufianinguanisiiuiwatesniigenis
Wududntes dufeeglutisUszunasesay 85.14 G 97.43 dmsuUYwaINSALS) Yse
Fast walking azilAnadnuusiugrlunsdniunianisiiuisenimisasswuutiufeagluyig
Usenadeway 30.71 69 70.81 Liesainastauiisiluagd wildifinnisiawainl unis
SuuNNENI SR UNNINTY Wunsyiuedama w3e Cross-phase prediction usiu elu
|

a v = L4 I3 a a & ]
\‘1'1‘14!'3’&]‘EJ“UENLﬁ']SJGUEJUL“UWIUHWﬂGZNWUQE‘JJVIﬂ’J']llLiQIUﬂqiLWUUﬂ@%@QMHHU NIUITUIU 5

AlaLunIFHaTu ity

4.5  AURUALIANEINTUNITATIIUNANITLAY
dmsuanuminnavaenInsRduansiululdazia azuanadagun 4.4 &
YII81NSEUATIIUYILIAINTATIIT uLAaglanyiueglalagiadvasdaunitaian

[ a aa a0 & = & ! 1 A v
WINU 1542 UaaUYIIUL G9UUAIANNAUIIANUBYNIN
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= Real Data Send

Next Phase Detection |

e Prothesis Respond

= = m m m | Range of Prothesis Respond

First Phase Detection

1 L L L 1 1 1 1
1.838 1.853 Time (s)

UM 4.4 nsluananaaumhsiad@miunnsiaduiranisiay

4.6 AITHAILITZTUUAIUANVILAUNS

— - Servo = 0 84A1 = Servo = 90 84#1 g Servo = 180 23

v ‘ \\
17.5 9U. | T -‘\ : i T |

{
J : 21 wa. -

E‘Uﬁ 4.5 ﬂ’ﬁ@@ﬂLLUUﬁ%UUﬂ’]Sﬂ’JUﬂﬂJ"&J’]LﬁEJEJﬂa

dwsurnfennaiithunimuiasiinisesnuuuszuunsmuaulidsgud 4.5 Tnsan
Wieunaazdl Servo ugunsaindnlunisaiuuselrosuazdulndouring dsanunsaniunm
nsvaulARauR 0-180 09 TnBALATANIALUNITAUALNITYELTEY Servo Tanunsathan
Usggndldfunismunuesmmsusuvestowiiiunnisiululuudagmansiduls Tneagiiu
#9119y ues Servo 71 0 047 Ao MIsea Heel strike, 45 B3 Ap¥TN19Yes Foot
flat, 90 99F1 ABYITNINVDY Swing, Midstance tay Stand, 135 83A1 ABYIIN19VOS Heel off

wag 180 83m1 AeYiTMaves Toe off Iaglunisnaaesiiazvimsaiuldaunsalivinaiuinm

o
v A

yhnthfauauvLgunalveduaauvimavaugiy dedl
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1. WYYV Heel off kagyngneyinnig Heel strike

JUN 4.6 HANIIAIUANYTIBANG 11UIMIINNG Heel off kaziying1evinnie Heel strike

2. 119199 Toe off kagyngevinmie Foot flat

JUN 4.7 HANIIAIUANIWABUNG WINVIWIINN Toe off kaginig1evinnig Foot flat



a2

3. WU Swing Waglyng1evinme Midstance

JUN 4.8 HANIMIVANYUABUNG WI1VIWIINNE Swing Waziing18vImM1a Midstance

4. \W199INe Heel strike wazyingnevinnng Heel off

JUN 4.9 HANIAIVANITIBHNG WIN1VIMINN4 Heel strike waziving1evim1a Heel off



5. 11919194 Foot flat wagingnevinnig Toe off

3UN 4.10 Wan13AIUANYLTIEUNA 1WNYIYIN Foot flat wagiindgevimne Toe off

6. N9 Midstance wagling1evm1mig Swing

UM 4.11 nan13AIVANYTBNNG 119NN Midstance wagngngyinnie Swing
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7. 11971 WaTWINg18vINM1g Stand

SUN 4.12 HANISAIUANTIIBUNG 11V kaEWIng18vIM1e Stand

& 1

PnuanveaesaniiulailieiganesiunisinunemansiuUssynas v
NSAUANYLTEUNG FvaninsamuAuYLiguna e savdumunanIsiiuvomyudla

a a1 | = i a o a aa a3
QPN Iﬂﬁ]llﬂ’]ﬂ'lqll‘wu"]ﬁL']a']LQaEJGUENLL@angaﬂqiL@‘UL‘WqﬂU 1542 UaaduUIMnIUU
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AjUnan1Ieuazvarauaug

51  #@3Unanisivg

va o 4:4'

AnnseunMsedeulmilaglRmnzgiinmise seliauenaiuinegiennty

Y

=

Yaa o w ~ a o ° | N cs' = v ya Y]
ﬂ']ii%?ﬂ@ﬂig"\]’nu Lu@ﬂ"\nﬂ%@Laﬁlaflﬁngaqﬂ GU’JEJIUﬂ'TﬁL@ﬁQUV]VLU QQI@@J ATTWRUIUIUN

o

Wiy (Prosthetic leg) Yuniioazinunyenaunuivuaseiigydely uivnienlulagdu

[
Y Y]

duAFmuelumeaiunslinuay vnisuddmdneey nsanldeiisudanugiuin

o

< v = ! 1A a = =3 ! a ada o
Pdudedlruyisngagauildviadiu domsdvvuganld wasddilulynmang was
dAnyfigavesviio fe vnfisuduiaasosdiefivaalunisngsuarAdumintu uelylddae
Tuiseaansnagyiininsdulddiedy Wesnassdiuvesuindainvesviiieyly

Y Va

o vy a  a ¢ o N | a & a I | &
a1u1savdulaniunisiauasaesuywd ik din1siauldviieuduaulaegtelidu
SITUVIA F991NN1INUMIUITIUNTTUIWYI A TR uL U EInae a1l Telunsimun
walulaguniisunaiiedadedinisnie Gmldunalulagnlasuanuiosuasdui
aula Ao welulagnisauauuiivunadnlud® lnaldgunsalvsodyyraiasuigassinagly
nsasIadumanisifiu (Gait phase detection) ¥aeuyud Welvidanedfiansaiuewa
nsnuludagtuiazeuenla Inaweluladwaldmdyngmunslunsiuanuaiuisaty
nsmIvAuYIENna warygliEinsmeuasandesulmlfegiessuiunngsdu g
9819l5ARUTTUUNTATIATUNEN TR UA8NTIEIEN19A9RaTINa1INT9R Y SIrsnuLae
Ty wu JyvnluSesvesdygasuniu Msviuenitanan n1sniianattunsauay

= < a Ao o A oA d' [
iieuna Aasitunsiu waslymndrdgigandufe Jymluseswesdnuuenig

mennvasiasldaunsal W dwilndvewauld ilvinsesadumlanisiauianaie
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a v A

10 frfulunideifaausuumslnddmiumanmatusanisidu lagnismuigunsal
nsulFanesmiudane3iiu k-Nearest Neighbor (kNN)JIRau1saviunensiiuluiasingg
ﬁgwim 7 wiale lawn wlawes Stand (ST), Heel strike (HS), Foot flat (FF), Midstance (MSt),
Heel off (HO), Toe off (TO) way Swing (SW) %’lqa;dﬂiaiﬁﬁwméﬁuﬁmmsamﬂﬁiﬁimEJ"L:u'ﬁ
Haymludesasdnuugmanoamessanld Ingldifinszuunadaudiioufuifeudmidn

v '
v v A

wugesinesnluliidmiunisauldvesmywdniiuminfnuandiaiu Inenan1sidenudn
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Abstract: Those with disabilities who have lost their legs must use a prosthesis to walk. However,
traditional prostheses have the disadvantage of being unable to move and support the human gait
because there are no mechanisms or algorithms to control them. This makes it difficult for the wearer
to walk. To overcome this problem, we developed an insole device with a wearable sensor for
real-time gait phase detection based on the kNN (k-nearest neighbor) algorithm for prosthetic control.
The kNN algorithm is used with the raw data obtained from the pressure sensors in the insole to
predict seven walking phases, i.e., stand, heel strike, foot flat, midstance, heel off, toe-off, and swing.
As a result, the predictive decision in each gait cycle to control the ankle movement of the transtibial
prosthesis improves with each walk. The results in this study can provide 81.43% accuracy for gait
phase detection, and can control the transtibial prosthetic effectively at the maximum walking speed
of 6 km/h. Moreover, this insole device is small, lightweight and unaffected by the physical factors
of the wearer.

Keywords: k-nearest neighbor; wearable sensor; gait analysis; gait phase detection; transtibial prosthesis

1. Introduction

Gait analysis is widely known and researched because it has benefits in many fields.
For example, in the medical field, gait analysis is often used to look for various diseases
caused by walking disorders [1,2]. In addition, the engineering field can be used to
analyze human leg and foot locomotion to detect the gait phase and improve prostheses”
performance [3]. There are two essential things in gait phase detection. The first thing is a
method of collecting gait information, and the second thing is a method used to identify
the gait phase.

Gait phase detection based on a vision system is a method that uses a camera to
analyze body movements during walking. In general, a camera is used to measure the
characteristics of hip, knee, and ankle angles. In addition, a vision system is usually used
with the force plates to increase the efficiency of detecting the gait phase. Varol et al.
presented a study on controlling a transfemoral prosthesis using a kNN algorithm with
a predominant weighting scheme and a weighting threshold, using seven cameras and
two force platforms. The two force plates measured the ground reaction force to increase
the effectiveness of real-time recognition of a person’s walking intent who would stand or
walk at one of three different speeds, including slow (~1.04 m/s), normal (~1.22 m/s), and
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fast (~1.51 m/s) [3]. However, this method is only required in a laboratory or controlled
environment, so it is unable to be used in daily life. Therefore, detecting the gait phase
should be performed with a wearable device that can easily detect the walking distance.

A wearable device uses an inertial measurement unit (IMU) [4-7]. There are many
techniques for IMU usage [4]: Huang et al. presented a lightweight convolutional neural
network (CNN) model with an attention mechanism for detecting gait characteristics using
wearable IMU sensors [5]. In addition, Mahoney et al. presented an artificial neural network
(ANN) model that classifies the type of stride with an accelerometer and gyroscope (IMU)
affixed to the user’s left ankle [6]. Furthermore, Wu et al. demonstrated the feasibility of
predicting ground reaction force by using IMU sensors mounted below the walking surface
with long short-term memory (LSTM) models [7]. However, errors will occur when using
an IMU with speed and location data due to interference and signal drift. Additionally,
there are still limitations in terms of training data in machine learning.

One of the most popular ways to detect the gait phase is to have a pressure sensor
on the bottom of the wearer’s foot to analyze the ground reaction force (GRF) during
walking [8-10]. Methods used to identify the gait phase include the center of pressure
(COP). The ratio of COP values is used to divide the walking cycle and identify the point of
weight movement between the two feet [8]. In addition, a support vector machine (SVM)
can identify the gait phase too. The SVM is a neural network for supervised learning. It
learns from a sample set of input and output values and can detect discrete walking steps
trete withinside the round movement of dynamic human walking [9]. A pressure sensor
is sometimes used with IMU to increase detection efficiency. Nagashima et al. predicted
plantar force during gait to detect walking distance with a deep neural network (DNN).
The DNN is used to learn the non-linear relationship between the measured sensor data
and future sensor force data by using a trained network [10]. However, when detecting the
gait phase, problems are often found in the wearer’s physical condition, such as the sensor
position, stride speed, and weight [11]. In addition, there are still problems with processing
and control delays, making the prosthesis control ineffective.

In terms of the machine learning approaches and their performances in the studied
papers, most of the papers [12,13] have used kNN as their machine learning approach
to classify the gait cycle pattern. Most of these studies compared the output of the KNN
algorithm with those of other approaches. In [12], for the classification of three gait patterns
through GRFs data, artificial neural network algorithms (ANN) were used for comparison
with the k-nearest neighbor approach. kNN showed the best accuracy of 85%, slightly
higher than the ANN at 80%. Another paper [13] has shown five-class classification with
SVM, decision tree (DT), ANN, naive Bayes (NB), and kNN. The overall classification
accuracy was 97.9% for SVM, 90.1% for DT, 100% for ANN, 97.2% for NB, and 100% for
KkNN. Thus, in this study, we choose the kNN algorithm for gait classification because the
kNN outperforms all other approaches in terms of accuracy.

In this paper, we present a k-nearest neighbor algorithm that can detect a real-time
gait phase among seven phases, i.e., stand, heel strike, foot flat, midstance, heel off, toe-off,
and swing phase, by using a wearable sensor located in an insole sheet which can be worn
with all types of shoes. Furthermore, it can control the prosthesis via Bluetooth with little
delay. The wearable device small, lightweight, and unaffected by the physical factors of
the wearer.

2. Materials and Methods
2.1. Hardware Description

The insole device developed in this study consists of three main components, as shown
in Figure 1a. Firstly, five plantar force sensors (FSR-402, Interlink Electronics, Camarillo,
CA, USA) are attached to the bottom of the insole sheet (51-Ss) to receive the force exerted
on the foot as you walk [14,15]. The sensor positions are shown in Figure 1b, though they
change according to the shape of the wearer’s foot. Next, notice the ~6 v battery that is the
power supply for the device, and lastly, notice the microcontroller board which is used to
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process the force data and send each force data to the computer for further analysis. We
put these three components on a right leg, as shown in Figure 1a.

Microcontroller f~

Plantar Sensor

Figure 1. (a) The equipment of the wearable sensor device to receive data during walking. (b) Five
sensors’ positions in the insole sheet.

The first step is the procedure for collecting the five sensor values during human
walking. The sensor values are transmitted using wires through a computer. It is necessary
to collect data with wires because using a wireless data storage method would cause a
delay in data transmission and might cause the loss of essential force data. Therefore, it
is necessary to collect the sensor value data with wires, and a complete set of parameters
is required to observe each sensor’s rate of change. A wire we used was a micro-USB
type B connecting to USB 2.0 Type-A with a length of 3 m, which was connected to the
microcontroller board to send data to the computer.

2.2. Participants and Experimental Procedures

The gait experiment was conducted on two adult females and three males, 26 + 3 years
of age, who were 165 £ 3 cm in height and 53 + 2 kg. In terms of recorded data, all
participants were tested while standing still for 10 s and then walked on a treadmill at
speeds from 1 to 8 km/h. There are seven phases of the gait cycle that we were interested
in collecting—stand, heel strike, foot flat, midstance, heel off, toe-off, and swing—as shown
in Figure 2. The recorded data were sent to a PC using the JAVA telemetry viewer to collect
the sensor values while walking. It can collect 100 sensor values per second.

Figure 2. The phases of the gait cycle collected and analyzed in this work.
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Figure 3 shows an example of measured signals from five sensors (S;-Ss), which are
raw force sensor signals, unfiltered. During the walking test, it can be seen that each
sensor received the same pattern in each walking cycle. The collected force sensor signal
was analyzed and filtered through MATLAB to divide the force sensor signal into seven
segments. The seven segments are the seven phases of the walking cycle that we were
interested in collecting. We divided the sensor signal using a sampling rate of 20 Hz, and
we performed the mean range of the data at each sampling to divide each data into seven
segments, as seen in Figure 4. After filtering through MATLAB, some data were used as a
training dataset labeled in the machine learning kNN, and some data were used to find
the best k value that is most suitable for our algorithm. We used the Arduino IDE and the
classified intent onboard ESP-WROOM-32 with Bluetooth 4.2 MCU module and 16 Mb flash
memory. This work obtained the ethics committee approval from the human research from
Suranaree University of Technology (License EC-64-30 COA number 67 /2564). This work
was supported by Suranaree University of Technology (SUT), Thailand Science Research
and Innovation (TSRI), and the National Science Research and Innovation Fund (NSRF)
(NRIIS number 42852), and all participants provided written consent for this study prior
to participation.
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Figure 3. Examples of measured signals from five sensors. (SW: swing, HS: heel strike).
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2.3. K-Nearest Neighbor Classification

K-nearest neighbor (kNN) classification is one of the simplest machine learning algo-
rithms based on the supervised learning technique. It is widely used in data classification,
pattern recognition, picture classification, and other fields [16]. The kNN algorithm stores
the entire training dataset and reclassifies the data points according to the distance between
every two points for k neighbors using the Euclidean distance function. This distance
function is often modified by scaling the attribute so that the spread of the attribute values
across dimensions is approximately the same. This formula can calculate the closeness of
all training data points to the data points one is trying to label and use the mean of the
nearest neighbor k to predict as expressed in (1).

n
Dist(p,q) = Dist(q,p) = |- (3 — pi)’ )
i=1

One of the many issues that affect the performance of the kNN algorithm is the choice
of the hyperparameter k. If k is too small, the algorithm would be more sensitive to
overfitting data points. If the value of k is too large, then the model will be inflexible. For
example, if k = N (the total number of data points), the model will just dumbly blanket-
classify all the test data as the mean of the training data. Moreover, the number of k should
be odd to avoid decision problems in the case of two equal classes.

In this study, we collected walking data using five pressure sensors (51-Ss) to train
in the k-nearest neighbor algorithm. The training data has seven groups named stand,
heel strike, foot flat, midstance, heel off, toe-off, and swing. Each class has 70 labeled
training sets, so the total is 490 labeled training sets. Additionally, we performed experi-
ments to see which k value is the most suitable for our algorithm and provides the most
effective prediction.

2.4. Distance Weighted kNN Algorithm

A distance weighted kNN algorithm or weighted voting is weighted based on cal-
culated similarity. This means that more similar data have a more significant impact on
answer formulation than less similar data, solving the problem of prediction errors due to k
being too high or too low. As defined in the equations below, it makes the computational
model more accurate. Each of our scores has to be weighed in each class. For neighbor k,
we sort the distances in ascending order, e.g., dy, ... , di, where d is the smallest distance,
dy. is the furthest distance, and d; is the original distance of each point. Then, whatever
type of total weights the most, let the test point be that class.

e gsgj}l ifk#1
w’*{lk ifk=1 @

After completing the implementation of this equation, a new distance weighted value
of each class will be acquired, and then we can see which group or which class has the
largest distance weighted value. Finally, the algorithm predicts that the test point is of
that class. Thus, in this paper, we used this distance-weighted kNN to help in terms of
improving predictive performance and making walking cycle detection better. Moreover,
using a distance-weighted k-nearest neighbor can reduce the number of errors during
prediction and make the kNN algorithm work even faster.

2.5. Calibration System

In research analysis of gait cycles or gait phases, physical problems of the wearer
are often identified, such as the wearer’s weight affecting the gait cycle detection. This is
because most of the algorithms rely primarily on the force of the sensor to detect the gait
phase correctly. The weight of the wearer affects the strength of the sensor, and may cause
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false detection [17,18]. We have added a calibration system to our wearables to solve this
problem. It automatically adjusts the weight on the sensor at the touch of a button.

The schematic of the gait analysis system with a calibration system for controlling
the transtibial prosthetic is illustrated in Figure 5 Our devices have LED lights that show
all three working states. A red LED means that our wearable device is still unable to
connect via Bluetooth with the prosthetic foot. The green LED means the wearable device
is successfully connected to the prosthetic foot, and the orange LED indicates that the
calibration is in progress. In the process of calibration, when the switch is turned on, the
wearer must be in the standing position and press the button. Then, the orange LED is
turned on, which means the calibration system is working. Then, the wearer waits until the
orange LED turns green. Then, the wearer can start walking. The data of each force sensor
are taken to the k-nearest neighbor algorithm to predict the gait cycle phase. Then, the
predicted data are transmitted to the prosthetic foot for control via a Bluetooth connection.

~ )
v Bluetooth
KNN
N ALCORITHM
NO

I o

Bluetooth Fall  Ready Calibration
Stand Position Ready

Figure 5. The schematic of the gait analysis with the calibration system for controlling the transtibial
prosthetic.

3. Results and Discussion

The experiments were conducted on a self-collected dataset that consists of the sensor
values gathered from five individuals. One-hundred and forty samples were created for
a single person. This, there are in total 700 samples. We split the data into training and
testing sets. The training set has 70% of the complete data (490 labeled training sets), and
the testing set has 30% of the dataset (210 labeled training sets). Then, each sensor value
was analyzed and taken into the KNN process to predict seven gait phases, i.e., stand,
heel strike, foot flat, midstance, heel off, toe-off, and swing, using the Euclidean distance
function.

The experimental results can be divided into four essential parts. First is the optimal k
value for our kNN algorithm, find each gait stage’s classification accuracy with optimal
k, the walking speed that affected the accuracy of kNN prediction, and the time delay for
controlling transtibial prosthesis via Bluetooth connection.

Figure 6 shows the prediction accuracy result of the kNN algorithm with different
k values. As seen in Figure 6, the selected k value significantly impacts the accuracy of
the gait phase prediction in the k-nearest neighbor algorithm. In the beginning, the value
of k =1 had a prediction accuracy of 80.95%, k = 3 had a prediction accuracy of 81.43%,
and k = 5 had a prediction accuracy of 76.19%. After that, it can be seen that the larger
the k value, the lower the prediction accuracy. Hence, the most suitable value of k in the
k-nearest neighbor algorithm is k = 3. That means our kNN algorithm will retrieve every
three data points closest to the test point by using the Euclidean distance equation.
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Figure 6. Prediction accuracy of the kNN algorithm with different k values.

Table 1 shows the gait classification accuracy for each gait phase using k = 3. It can be
seen that the swing phase had the highest forecast accuracy (100.00%) because the swing
phase is distinguished by its distinct signal. The feet are elevated in the swing action, and
just a small amount of force is imparted to the sensors at the bottom of the foot. That means
the sensors in Sy, Sy, S3, Sy, and S will be subjected to a small amount of force. As a result,
the swing phase is simple to learn and has high prediction accuracy via machine learning.

Table 1. Gait classification accuracy with k = 3.

Gait Cycle Precision Recall F1-Score Accuracy (%)
Stand 0.750 0.700 0.724 70.00
Heel Strike 0.875 0933 0.903 93.34
Foot Flat 0.880 0.733 0.800 73.33
Midstance 0.606 0.667 0.635 66.67
Heel Off 0.846 0.733 0.786 73.33
Toe Off 0.778 0933 0.848 93.34
Swing 1 1 1 100.00

The second highest prediction accuracy was a tie for heel strike and toe-off, for which
we achieved 93.34%. Both phases are equally accurately predicted because both have the
same sensor value characteristics, just in different positions. In other words, both the heel
strike phase and the toe-off phase have similar sensor signal formats, but the heel strike
phase is a gesture of placing weight on the heel, so the signal strength of S is noticeably
higher than that of the other sensors (S5 >>5y, S;, S3, Sy). Similarly, the toe-off phase is
a gesture of putting weight on the toe, causing the signal strength of S; to be noticeably
higher than the signal strength of the other sensors (S; >>S5, S3, Sy, Ss).

The stand and midstance phase prediction accuracies were 70.00% and 66.67%, respec-
tively. This is because these two phases have the same characteristics, e.g., foot position,
ankle angle, and force plantar load. Moreover, they have the same force acting on the S;
A Sy A2 S3 A2 Sy ~ Ss. For this reason, machine learning finds it difficult to predict these
phases because the two datasets are similar to each other. However, since both phases have
the same angle of motion of the ankle, it does not affect the algorithm in the control of
prosthetic feet.

The last are foot flat and heel off phases. Both phases had a prediction accuracy
of 73.33%. As humans are very fast walkers, both phases are part of the junction phase
between the primary phase. The main phases are heel strike, midstance, and toe-off, but
the foot flat phase is the junction phase between heel strike and midstance. Similarly, the
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heel off phase is the junction phase between midstance and toe-off. The wearer’s walking
speed increasing may cause cross-phase prediction of these two junction phases to occur.

Cross-phase prediction is one of the error predictions. Predicting the phases in the
gait cycle is usually done in the following order: heel strike, foot flat, midstance, heel off,
toe-off, and swing. “Cross-phase prediction” is predicting the gait cycle phases earlier than
the actual phase. For example, if now it is heel strike phase and the next phase that should
be predicted is foot flat, the algorithm could predict midstance instead. It can be seen that
the algorithm predicts one phase too early, which is called cross-phase prediction.

Overall, the predictive accuracy of each phase of human gait is an essential variable in
prosthetic foot control because the prosthesis is designed to control the angle of the ankle
to move up or down according to the phase that machine learning can predict. The highest
prediction accuracy of each phase will make the prosthetic foot control be more smooth and
more effective. However, suppose the prediction is low accuracy, or there is a prediction
error or cross-phase prediction. In that case, the prosthetic foot will not be able to move as it
should and will make the wearer of this prosthetic leg unable to walk easily. In the overall
results of our individual gait classification accuracy, each phase has a prediction accuracy
within the range that the prosthesis could be efficiently controlled without problems.

Nevertheless, the walking speed will affect the prediction performance of the kNN
algorithm. Walking speed is one of the major issues in research detecting gait events [19-22].
Most algorithms tend to cross-predict or are unable to predict at all. Therefore, in this work,
we focus on real-time gait phase detection research using wearable sensors for the transtibial
prosthesis that can only support normal human walking or approximately 1.4 m/s.

In the experiment on walking speed, we tested the accuracy of predicting gait cycles at
different speeds by having subjects walk on a treadmill. The speed ranged from 1 to 8 km
per hour. The experimental results are shown in Figure 7. It can be seen that the accuracy
decreases as the walking speed increases. The walking speed is divided into three parts:
slow (1-2 km/h), normal (3-5 km/h), and fast walking (6-8 km/h). First of all, during
slow walking, predicting gait cycles was very accurate, in the range of about 90.00-100.00%,
because when walking at a slower speed, the gait cycle phase change will also be slow.
Furthermore, sensors at the bottom of the foot can perfectly capture the pressure of each
gait cycle. This enables machine learning to process and predict gait cycles efficiently.

100
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40
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0

ACCURACY (%)

(| 2 3 a1 5, 6 7 8
WALKING SPEED (KM/HR)

Figure 7. Walking speed affects the prediction accuracy of the kNN algorithm.

The next phase covers the range of normal human walking speeds. As seen in Figure 8,
the results show that there is still high prediction accuracy during this normal walking, but
worse than for slow walking. The accuracy of this range is in the range of 85.14-97.43%. For
the fast walking speed, the accuracy is 30.71-70.81%. The accuracy in this range of walking
speeds is significantly worse compared with slow and normal walking. At a walking
speed of 6 km/h, the prediction accuracy is just 70.81% because the model can predict
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only primary phases, such as heel strike, midstance, heel off, stand, and swing; and much
cross-phase prediction occurs, e.g., of foot flat and heel off phases.

—
Left : Toe Off

Right : Foot Flat

.
— Left : Toe Off

: Mid Stance

@redicﬁon

Toe Off

Weel Off
: Heel Strike

Figure 8. Cross-phase prediction of walking speed at 6 km/h.

The kNN algorithm results in cross-prediction of foot flat and heel off phases. This
will not have much impact on transtibial prosthetic control because the primary phase is
still predictable. Foot flat and heel off phases just will help control the transtibial prosthesis
for smooth flow of walking. When the walking speed reaches 7-8 km /h, it can be seen
that the prediction accuracy gradually decreases. As at such speeds, the kNN algorithm
predicts foot flat and heel off phases incorrectly, including wrongly predicting the main
phases, which would significantly affect foot control. As a result, the prosthetic foot could
not move according to the gait phases as it should. From the previous results, it can be
concluded that walking speed affects the gait cycle prediction algorithm. The faster the
wearer walks, the more errors in the predictions [23,24]. As a result, the kNN algorithm in
this paper can control the prosthetic foot effectively at up to 6 km/h.

Figure 8 shows the results of each gait phase prediction at a walking speed of 6 km/h.
There were errors at the start of the gait cycle known as cross-phase prediction at this speed.
Most likely, the algorithm will begin to predict erroneously in the foot flat phase. Foot flat
is often predicted as midstance, and heel off is often predicted as toe-off due to the walking
speed. The walking speed makes the sensor installed in the insole area unable to receive
the value in that phase immediately. This makes the processing of kNN algorithms through
the microcontroller board unpredictable. At this speed, it can be seen that most gait phase
predictions are accurate, and the accuracy of gait cycle prediction is very high. However,
cross-phase prediction occurs between foot flat and heel off phases at this speed, which are
junction phases between the primary phases. That would not affect transtibial prosthetic
foot control. For the speed of 7-8 km/h, the kNN algorithm made a lot of prediction errors
in multiple phases, including junction and primary phases. That means the kNN algorithm
cannot operate at this walking speed and would be unable to control a prosthetic foot. Thus,
our algorithm can support a maximum human walking speed of 6 km/h. It can control a
prosthesis effectively at that speed.
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For the real-time implementation—controlling a transtibial prosthesis—two esp-
wroom 32 microcontroller boards were used. One was attached to the leg with a wearable
device to run the kNN algorithm for phase prediction and send the phase shift data of
the gait cycle to the esp-wroom 32, which was attached to the transtibial prosthetic leg to
receive data and use the data of phase change to control the prosthesis. We sent the data via
Bluetooth connection, causing a delay and the computation time shown in Figure 9. The
black line represents when the actual data were sent from the insole device to the prosthesis
for control. The red line indicates when the prosthesis responded to the signal sent by
the insole device. The brown dashed line represents the range of responses to the signals
produced by the prosthetic foot.

T T T T T T T T
w— Real Data Send
Second Phase Detection |

s Prothesis Respond

== =i Range of Prothesis Respond

First Phase i .

1.838 1.853 Time (s)

Figure 9. Delay in data transmission via Bluetooth connection for transtibial prosthesis control.

With the actual data transmission time and the length of time the prosthesis takes to
respond, there is an approximately average delay of 15 &+ 2 ms, which is an acceptable
delay for receiving data and would not affect the control of the prosthesis.

Excessive Bluetooth transmission delay values can significantly impact prosthetic
control if there is too much delay. Although the algorithm is very accurate at predicting
gait cycles, the prosthesis could not move according to the prediction of gait cycles if there
were a large delay [25-28]. It will make people with disabilities unable actually to use this
prosthetic leg.

4. Conclusions

A wearable device has been developed in this work. Five pressure sensors are attached
to the bottom of the insole sheet to receive the force exerted on the foot while walking.
The wearable device can perform real-time prediction of the gait cycle regarding seven
phases—stand, heel strike, foot flat, midstance, heel off, toe-off, and swing—using the KNN
algorithm. The experiment consisted of slow walking (1-2 km/h), resulting in 90-100%
prediction accuracy; normal walking (3-5 km/h), resulting in 85.14-97.43% prediction
accuracy; and fast walking (6-8 km /h), resulting in 30.71-70.81% prediction accuracy.

The insole device has a wireless data transceiver operating with a low delay of
15 + 2 ms. This device uses little power and is small, lightweight, and wearable. Moreover,
the proposed gait analysis technique is unaffected by the physical conditions of the wearer.
Therefore, the device can be applied with a transtibial prosthesis to efficiently control it.
However, there is still a limitation: walking speed. Our algorithm can support a maximum
human walking speed of 6 km /h.

For future work, we will use a 3D vision system to assess the accuracy of the gait
detection technique proposed in the present study and also design equipment that is more
comfortable to wear.
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