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Currently there are many people who have walking problems. This research aims
to develop and solve these problems by introducing walking assistance system which
can recognize 3 types of gestures, that include walking, sitting and standing. Our system
is divided into 3 main parts including classification, posture training for the exoskeleton
and exoskeleton suit systems. Conjugate Gradient Backpropagation Neural Networks
have been used to classify SEMG signals of lower limb postures after extracting the
features. Then the output of classification has been used to command the exoskeleton
suit to perform the gesture according to the results of the recognition. This research
aims to present 2 methods for recognizing the suit gesture: fixed programmed gestures
and training gestures. In addition, our work uses PID controller to control the DC
motors. In order to reduce the number of motors and increase stability of the system,
the of Four Bar Linkages Mechanisms of Lower Limb Exoskeleton suit are used. The
results from the training gesture method have shown that the Levenberg-Marquardt
method provides the lowest average error of 4.418, while the general method of curve
fitting gives 12.71. The results from classify SEMG signals of lower limb postures show

that all features in time domain provided the highest recognition rate at 99.39%.
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2.3 PID Controller
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2.5 Feature Extraction

Feature extraction ﬁaﬂszmumsﬁwLLUaQ%'ayJaLLazﬁqé’ﬂwmzﬁﬁmaﬂé’@iym
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Root Mean Square (RMS)

RMS = 2.3)
Mean Absolute Value (MAV)
N
1
MAV = — i
N ;lx | (2.4)
Simple Square Integral (SSI)
N
SSI = |2
;'x | (2.5)
Variance of EMG (VAR)
N
1
VAR = —— ) x;2
N-1 Zl x (2.6)

Integrated Absolute Value (IAV)

N
IAV = leil .
= 2.7



Mean Frequency

M
mnp = 205
P
j=1%J (2.8)
Median Frequency
MDF M 1 M
Yh= > B=5)p
] ] ]
j=1 j=MDF 2 j=1 (2.9)

Wo  x; Aedeyad SEMG

WAy P A power spectrum Yaedyay1ad SEMG

2.6 N1sIMUNTIINNe e lY Backpropagation Neural Network
fduunguuuuiildfe Backpropagation neural network (BPNN) Faiduignnswils
d1115UN19138U3U0UATOILUY supervised Lagl¥n13AIUIN errors IINAIULANAIIVES

Output e target 1meld gradient descent

Backpropagation neural network azgninaeuliefiagdiunlszianyes input Ay
target classes 8UnMB9 Backpropagation neural network Ao deyeuad SEMG 71lanasann
N15911 feature extraction LLaszﬁmeaﬂ Backpropagation neural network %Qﬂi“i’ﬂumi

dedmuaun1sAdaun iAuANYinnIwesyn Exoskeleton

Hidden layer

X1

X2

ANi YNk

31]17; 2.7 feed forward neural network [13]
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2.7 Levenberg-Marquardt backpropagation neural network (LM-BPNN)
Levenberg-Marquardt backpropagation W Backpropagation neural network 8n

suwuunilanthanlglunisasulyiyn Exoskeleton 38u3vITMNINISALANYUBIA

35715009 Levenberg-Marquardt aztJun1snauna1uisnng steepest descent fu
385019 Gauss-Newton L9192817U ﬁ?fww‘iﬂﬁmmm@jLéé’fflqjﬁ’maulé’l,%aLuﬁaﬁ%mwaa
Gauss-Newton WARTIANMLETETHINAIT WileunAUITAT steepest descent [14] 15U
75113 steepest descent a1 43EmsUSuAanamTn (weight) il

W1 = Wi — g, (2.10)

lns  a Juen learning constant (step size)
wy, A9 A1 weight vector

wazA1 gradient (g) AzanunsaAIlAI

g =]Te (2.11)

d1%3U Levenberg-Marquardt algorithm #ilgaulu MATLAB 1u ldgnesnuuuyli
UszanauAn second-order tnglifosduiniuming Hessian Lile performance function ¢
luguvad sum of squares WH3NG Hessian (H) azUszanauenladn

H=]T] (2.12)

\ile J Ao Jacobian matrix UsznaufeayiussusfuvilsuesnfianaInfy weights
WAL biases MUAINY, e AD LINHBSVBIANANURANAIN (vector of network errors)
Jacobian matrix 9¥a@1u130AuUIAe143I5n 15 backpropagation 11715514 F4
FudoutosniinsiuIanussng Hessian 3935115 Levenberg-Marquardt algorithm 2zl
Uszanaan Hessian matrix 1138115 Newton-like update dmsuu§usdnstmiingsil

Wisr = Wi — [JT] +ull™YTe (2.13)

(2.14)

=i
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Slod u fanduaud aunisiaznatedui®nig Newton's method ldUszanmen
Hessian matrix tile @ 3A1u1n aun1siaznatendu steepest descent fiildn step size
DO

B3 Newton's method fanuslunisgidiunnndt waslinnugnsadlndifisardiu
error minimum 11037 fedunimaneAenisdeululdiEnis Newton's method 195
fanviidullddaiud y azanasdeufiagauusazduneu (reduction in performance
function) LazLiiua u L{JW’lzLﬂamau@fmJaﬂ%umu ey performance function. A28
Femsil performance function AzanasluLAazTOUUDINITAIUIA



uni 3
AT HUIUINY

UianlnozunIuNugINTEITEUUTIEWAY Usznoume duyny1udunn (SEMG wazyy

o ]

2IANUBINITIDI AN (Flexion at the knee: Fx)), Feature Extraction, $3nwunyinn1abaele
Backpropagation Neural Networks, G'f'mwﬂm N15LAAaUN (Trajectory controllers), PID
controllers, DC Motors kagfiainysl (potentiometers) Asfilauanslugua 3.1

SEMG Input

SN

Feature

ST BF

FX Extraction

v

Conjugate

Exoskeleton | gutput

Gradient ; +
) _ | _p| Trajectory 4@—» PID —» actuator:
Backpropagation Controller Controller

Neural Network _ DC Motors

Potentiometers

gﬂﬁ 3.1 Exoskeleton system diagram

3.1 Lower Limb Exoskeleton

nalALUU Four Bar Linkages Lﬁuﬂalﬂﬁﬂixﬂauﬁw%ud’suﬁ%u Usenaume Ly, b, L way
d, Awualyt d; 1u frame, |, Ao actuator, |, Ao transmission link way U 1&u load wafile
wansluguil 3.1 e actuator |, vhawu aglitudau s a6udae Wi | dadslus L s
L, \519ENWULNAbN Four Bar Linkages iieansiuiuuewasiildlu Exoskeleton suit Ing
ihlldusnadewihiuiie  msgdunaniu  suesmnisiadouivesterinuagiitnmed
eUEUTSTY | fe uds, d, Aewi, L Aedu TusAded gmﬁiﬁumnﬁu%é’wﬁﬂmmﬂ
sUt 22 Fdddluniseenuuutewmesiitowih nseenuuuludnuasiasinld Center of
Gravity (CG) ¥asaBgANI1YA Exoskeleton U Fsamnsaifisiafiosninlutgie Stance
Phase 161



Lever

Hip motor

13

Circuit Box and Battery

Ankle motor

gﬂﬁ 3.2 mseenuuunaln Four bar linkages mechanisms 483 Lower limb exoskeleton

suit

M157991 3.1 LUSsuiisutieyuesan (Degree) adgauazagaly 1 soUn1siAuveddasiodu

#1197 SEReNYwdiuye Exoskeleton fi9aniuy

AYUNNINTIFA (Minimum angle)

AuTiosd

q

A (Maximum angle)

Joint 1/1;!‘15!87 YA Exoskeleton U j YA Exoskeleton
azlnn (q) 20 -15 30 30
121 (qp) -2 3 50 50
VoL (qs) -25 -10 10 10

4 Exoskeleton dlgpanuuuiiialdauiuuyed anyisyueseveailtauandlumnisn

1 3.1 waz3uN 3.3 15719929 Stand phase WHuyusn9de Wewnvuuiuitg, fuvuasudess

21NAUNY IAEAHEIVBIAUUIMAL KIS ALIMINAINTRLARRAINT 19N ENYYE AagUN 3.4
[15] n1simuagaeyuesmiigavdule weldlidinisuiniduainnisiige Exoskeleton véu
Auneernnsenisuyedudula wideinlign Exoskeleton anunsawndeulmlansounqy

PNI5LAY



14

Foot
SUT 3.3 (a) yudnadevasuuysd [16] Wnsnnadudalufiemuduuniinnduuan azld
yuazlnn(qu), 1W(-qp), ToL(-as), L ABAINE1IVBUYT (Thigh), L ABAINEIIVBILTS
(Shank), WNUD19BIAD YNATARY UALLNUNITHNIIAD Qﬂﬁi%‘j’]@u way (b) -gp = -3 99AN,
-0 = 5 9971 Wag (c) -gp = -50 89A1, -g3 = 30 89A"

JUN 3.4 Yeyadndiusnanieuywd (Anthropometric data) veaauimasdy [15]



15

3.2 LUUINADINANAAIEASUDINDLADINTZUENTS

3.2.1 wUUSaBWmNARiaaaTvasaInasnTTuanss wuuitlifvanniena

29598 BImRNTzLARTILagIvannnadndudsgUR 3.5 Beauniseyiusiiussens
watnvesdiuniena Tinsindeuiiveanalnifugauead eureldlasaunisi (3.1) uazauns
auduiusueausadulilin fyaunsd (3.2)

b

5U#1 3.5 1LADINIELAnSINaaiulnanNIIna [17]

J6 + b8 = 1= ki, (3.1)

Lig+Ri, =V —k0 ;k.=k =k (3.2)

nsudasalane wadnguaunis sl

6(s) k (3.3)
V(s) s((s + b)(Ls +R) + k2)

LuUIaesvetawmesininnsruanssaziudaunisd (3.3) denld DC Wiper Motor
12V 18ushdu Amnsfwesiifunaauifives Wiper Motor Ingé1sdsann [18] unuen L =
9.6x10°H, R = 0.6 Q, J = 0.004 kgm?, b = 0.0185 Nm/(rad/s) uaz k = 0.065 V/rpm adlu
(3.3) a¢ldilaidudnelowvasuamainszuanss Ao

0(s) 1 (3.4)
V(s)  (5.9077 x 10~11)s3 4 (0.0369)s2 + 0.235s
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3.2.2 WUUSIADINNADAANENSU0LaLNDSNTTRENSY wUUTITIaaniena

Tudetezlunuusiasmendnmanivosmemoinssuanss  Luufiinasmna
Tnefldnsmaies r1 way | fenasusedosvesameiiasiies axldaunisusseienis
\AouTivesszuuREunTs

Ty

JO+b0 = 1 — = = R (35

kiig — —
tla =

Tgmnuduiusanaunis (3.1) wae (3.2) wuAadngUaunis seldaunsuuuinasives

v
v

wawesnIeuanss 12V nldlunisduniiouyn Exoskeleton Aaillalandluaunis (3.6) fall

Ls+ R 1(Ls + R 3.6
)] £ B 39

0 [(]s2 + bs) ( ke T,

3.3 N1311914U89 Backpropagation neural networks 1al¥lun1531uun

MM

Tusumouusn deyqyraudunm sEMG aggnunlud1uins Feature extraction Wief
anvarddguestayasenun neuazilutlnasulu Backpropagation neural network o
Anaou Neural network La¥aud 1@ winmues Neural network axtinlUl4ds Plant n3oyn
Exoskeleton sgly dmsunsihluldnusuueeulady Fyaraduneiinldanneuesas
gninluALIM Feature extraction nauLl Backpropagation Neural Network Wa3ta1vine

981 Neural network 2z lUl4&s Plant %50%9 Exoskeleton sl

Input
BF
RF
\ F Conjugate
eature .
VM |——»p» _ I Gradient Output
/ Extraction Backpropagation
ST Neural Network
FX

gﬂﬁ 3.6 Block diagram n15%11971UY83 Backpropagation neural networks tivalalunis
FIUNNING
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3.4 n13eRUYINNe YR Exoskeleton Tuusiazvasia
1umau¢’fuéuaqawufsé’]’aﬂﬁudauﬁuaaéf'smuaumﬁm?{auﬁ (Trajectory controllers) azld
FBnslsunswivnaadlulumieanudilasnss wiisnisdlifianudangu ldaunsausy
vl fusimsfiamnefuyanatuld
fefu Bnsuuuumslinuniliiesiiauelunuideiifio mseuivnansiadeulm
y03319n1earuasliuLA lower limb exoskeleton F3nstiazAninisTusunsuviivnsasly
lunidrganudnlagnse insrzdnlanudanguuinnd wazausaaeuiimalvignanuise

IPTWIMNNSAUNITYARALA

DI
Fstingau PINLLULYDITINLY l Trajectory
o w e | Controller
ANTUNNADUNINNG
P . o . , . Output 1Juyuem
el NSy ——pf ety
Controller

JUM 3.7 vdenlaezunsuvesdianiugunisiadeud (Trajectory controllers) lugasinaeu
wagdaldanu

Aowazihfmauaunisedeudilldiu szdesiluilngeunou Tudarsinasuazlu
nsuyuesenlulnasuliiulasene

Tugsldanu oMM UN I IEINAEWETOINITIMUNDDNUT A IUNAGNGAING
o I U A A a [ Y d' a A Y A PN
1N L dudnlansaUnn15v9uLeiiAIuANNITAFRUTN LiaMIAIuANNISIARaUTIgN

Uansvihaulaeduuniiinis Aazds Output eanunduyuesmillaviinistinasuly

nsaeuvimeligaluauided azudseanlaidu 2 3wdne As n1sl438n1s Curve

Fitting azn1514 Backpropagation Neural Network LUy Levenberg-Marquardt
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3.4.1 35M3 Curve fitting
nsUsEInuAlagldiBnns Curve fitting taldlunisussanumsuluuvesyuedm

39113 Curve fitting Hulinannunanedd Feisnsnauideilazideniaunld As 36015 Curve

fitting WUU Gaussian Model uagi5n13 Sum of Sine

3.4.1.1 95M3 Fitting Gaussian Model

@1N13 Fitting General model Gauss Lﬂuﬁﬂﬁ
n x—b; 2
f(x)zzaie[(ci)] (3.6)

i=1

1o a A amplitude, b A® centroid (location), ¢ A related to the peak width, n
A® number of peaks to fit hag 1 < n < 8 d1uFuauideiazlya n = 8 wazazyinnig
AWILUUIUNGT Aulaen a, b, ¢ IvIiEANNAaIALAREUTRENEN MSeANUARIRARRUDE

1 d‘ o v
AMARMUALA

3.4.1.2 38M3 Sum of Sine
35113 sum of sines WLNzAY periodic functions AskaasluaNn1sA (3.7)

n

y = z a;sin(b;x + ¢;) 5.7)

i=1

y= ao+ ) (a;cos(iwx) + b;cos(iwx)) (3.8)

n
=1

d' A a 2 = = i = ° Y] i d' ¢

\la a Ain wouNAYR, b fie MWD, ¢ e AAsTad WS ULAzIoNvRIRAUlYY Lay
W n dA1egludie 1 < n <8 dwsunuideiazlda n = 8 LazaginsAUINLUUILE
qulden a, b, c MilidAuraInndeutosfiagn n3emUAaIRNLARUTBREN NN MUALS
aun13iiia1uAd18AU Fourer series Tuauns (3.8) @9Uounna9nd1Aey Ao aunis

sum of sines Huazdammsiiig (C;) wazlifiinouvasrasi (dg) wiilou Fourier series
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3.4.1.3 miﬂizl,ﬁuﬂ'a'mgnél’awm Curve fitting

a) Sum of Squares Due to Error

ANeEBAL AU DB ULTIIMNATBIAINIIRNOUALBININNTT Fit AINIIADUAUDS
fuuuaeiiimanuianakuUgdesnn A1 SSE Nleazdalndifeaud fewaunsn
(3.9)

n
SSE = ) wi(yi = 9)° (3.9)
i=1

b) R-Square

R-square B ANAIAIADIVDIANNFURUSTENINIAT response AUAT predicted
response. AN R-square gniivunliilugnindinvesdi sum of squares of the regression
(SSR) wag total sum of squares (SST) law@1 SSR Dhuseaunsis

n
SSR = z w; (9; — )2 (3.10)
i=1

SST 138NBNOYNINATINVRIAIAIADUABINUALRAY (sum of squares about the mean)
HuAe

n
SST = zwi(J’i - y)? (3.11)
i=1

1ol SST = SSR + SSE 1 Rsquare a¢ld

SSR SSE (3.12)

R square = mzl—m

R-square @111508A1lA 9 581119 0 89 1 91A1 R-square AATlAAABIAU 1 Lans
Hdndu09ANLUTUTIULINTY

c) Degrees of Freedom Adjusted R-Square

Annsadnsiiazld Rsquare Amualithedu wazusumuseivesadase (the
residual degrees of freedom) dsazgnrimunLuduaumnisnevaues (response values)
n audnuaU fitted coefficients m lagUsenaiaIna response values

vV=n-m (3.13)
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v Al Suuvesleyadaseiiuitesiugadeya n ATndulunsrwiunasiuvesidasy

SSE(n—1) (3.14)

adjusted =1 — SST(v)

ANEDRA R-square MUSULAT (adjusted R-square) @usaldiuaila ¢ itdesninge
WU 1 Inefafbnaseesiu 1 11nTU Bu18AuInginig fit ienan

d) Root Mean Squared Error

afndliFenintoRamanmunnsgiuiined (fit standard error) uagdoRananunsg v
289n150A088 (standard error of the regression) futfuA1UszuravosdIudeuy
WnsgruvetesrUssnaukuuguludeyauazgniviundu

RMSE = s = \VMSE (3.15)

\e MSE A9 mean square error

SSE
uss =5 (3.16)

WULAEINU SSE d1suAn MSE 1nlna 0 Uauannenis fit NilUseleviunnnindinsy
N15YIUe (prediction)

L) .
3.4.2 35M3 Backpropagation Neuron Network #U1 Levenberg-Marquardt
nann1seenuwuuN1TYIUlagly Backpropagation Neural Network @ Wafin195u
v a P v Y o = Yo 1 v = Y
Toyadunaniluyuesrndinudy iluinasuliiulasang uamaaeu (test) iivoUsuen
a2911NY09lATINIY LAIUTIAUNTEIILAAT Error Heananarinuuald (1gu 1A error
laiAu 1076)



un 4
ANSNAADILALNANITNAAD

4.1 WUUINADINANAAIEASUDINDLADINTZUENTS

4.1.1 n1sNAasnuUaLmasnlillvanniana
Mn1snaaesfiuuainesnliilnannisng lu MATLAB Simulink degu? 4.1 Taely

aunns (3.0) Aldnanludeuntih msfiwesveseines[18] Hagiuld fo L = 9.6x10°H,
R =06 Q,J = 0004 kem? b = 0.0185 Nm/(rad/s), r = 7.5 uaz k = 0.065 V/rpm Tugnilld
WSty 2 1 9MNNaN1INAaBRziulad N15AIALLUY PID amnsanauausdlimsd
A1 uazifin Overshoot teendn faguil 4.2

PID Controller (Exoskeleton actuator: DC Motor)
il 1
Step ) lp PID(s) ¥ |:|
5.9077e-1153+0.0369s2+0.235s
> DO Scope

5UN 4.1 msnaaeanisaiuay PID agldaunisuanes (3.4)

0
0§ 1 15 2 25 3 35

JUN 4.2 N1 UTeuiiuTEninanan snavaLas ek uUINaRtawnesn e kansan kil ddu
AUAN PID (1usediden) uagniinanisneuauasvesiuuIaewewmesnszuansiilinig
AUAN PID (WudNRY) Inensinidudueg Aa Bunn
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4.1.2 N1SNAABINUVUDLADTNUNAANIING
vhnsmeaedlu MATLAB Simulink fs3ul 4.3 Tnsnnsainasaauns PID 184 Exoskeleton

actuator lagluluudnasuomasiuaunis (3.6) IUAINNSIAMBIIULALINUNITNAABIMU

e 4.1.1

DC Motor Hip

il

Jl, PIDE)

Step

» ! +_
5.9077e-11s3+0.0369s2+0.235s

2%

PID Controller

-1.1376e-6s711

y1

Constant

2.88e-1153+0.01852+0.1148s
DC Motor Hip (torque load)

JUN 4.3 msldlumauaweiniadineans tngldauns (3.6) Audaiuau PID

Y, A Y & = ¢ a
mamwmmmgﬂ‘w 4.4 way 4.5 LLaﬂ\ﬁ‘VTLM‘UﬂQNaﬂqiﬁ@‘Uﬁu@\?‘ﬂ@QM@Lmaﬁ LN@{]E}UQUV\!@

vesuewasiu Unit step Tnaiduusy (Block response) Ain NAN1SROUAUDIUBINBIADINOY

USuAIn i es PID wagldudiu (Tuned response) Ao NAN1TADUAUDIVBINBLADITIUTU

ANNNSITLADS PID L

I
Tuned response
= = = Block response

I .

08

Amplitude

0.4

=T =======-L

18 2

| 1 |
12 14 16

o | | |
04 06 0.8 1
Time (seconds)

35U 4.4 nan1snauaueares DC motor model diuazlnn Ingldfmuan PID
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Tuned response
= = = Block response

08

Amplitude
o
@

0.4

b il EaC =y mye—

0.2

15
Time (seconds)

|
25

JUN 4.5 wan snauaueIras DC motor model Mvawin lagldiaaiuau PID

wuudaesesamesiwinnssuansaiilidhmuny PID iinanismeuauessifiniiuay
flonoiimAntesnimemosluinnszuansailifidnuau PID Msannisiialoneiyn A
ilovinlileunluldluye Exoskeleton laiinn1snsgnnlun19vi1a1utae Swing phase 910
N13nAaIlTuAINITITNe U MATLAB 19a1 K, = 2.69, K = 0.23, Ky = 0.34 and Filter
coefficients (N) = 1143 d5usinaunu PID voduatnasduasinn wazldm K, = 3.25, K
— 282, K, = 1.62 and Filter coefficients (N) = 5081 dmsuNBLABI TR

Mator

Voltage Sensor Voltage

Q

Controlled Voltage

Source

1

e}
—»

Motor
Inertia J

ER

s

Revolute -

= |Rotational

Interface

s Psl—p
i =] () {rsg
Simulink-PS Motor GH
Converter1 : | Current
E—AAMA—
Current S Ideal Rotational
HITEN SENSOr Rotor L 0 Rotational Motion Sensor b /e
C) 12v ResistanceR ——~ Electromechanical o ps s
T Converter —
b
Angle
i Friction Mr ~Pss 9
fx) =0 -‘-F
Solver ET
Configuration I

g‘lha/'i 4.6 DC motor finaasdly Simulink

dIUNANTVINGIRgUT 4.7 uar3UT 4.8 uansliiutimanisreudusivaemasiiled

nsteudunaduyuesmaldlunsiiu
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80t T T 7 T T T T &

e HipSignalinput

----- HipOutputWithPID
HipOutputWithout PID

60 —

| | | | &4 | | | | &
1 2 & 4 5 6 7 8 9 10

405
0

JUN 4.7 nan1smauaueInIaIveILUUaBwameinszuanseasinnlagldfmniuauPID

70 :

KneeSignallnput

----- KnesOutputWithPID
KneeOulputWithoutPID | _|

60 —

5UT 4.8 HaN1TABUAUBINIIANVBIUUTIARI BB NTEIanTe e lagldsimuau PID

2ntiuFsimdnnisves PID Controller wagn1seanLUULBWaSNaIN BN 17
Uszyniai1agn Exoskeleton dmunmsmunumaimeifiaginlulfruiugnaieiu ashng
dedyeurumunuLemaiyng 0.5 37 laelldiuusenaudies Ae 1. Potentiometer l4lu
15 IANLBIANNTNNUVBINBLABSUAATA 2. Gyroscope MPU6050 agvimtindiin Zero
Moment Point ¥84%n Exoskeleton #5333ui1gaiinisidesauidsaunaniald Tuyls
Terminal Stance phase dyaduiinisliiludrmiannifuesmiidmunly Aagliuemes
Tududeihuasdnasnnnyundululunsiindunaunadnads 3. lulasneuass Arduino
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Mega 2560 Talun1suszauiana wag 4. DC Wiper Motor au1e 12V 55rpm 4 @7 wag DC

gear motor 91U 2 Aaludiuaslnn uag 5. lduesaduusinesnIzanse Luas MD13S

SUT 4.9 0 Exoskeleton vduazlnn (g, 191 () wazdewin (gs) auildimusely (a) q:
= 0 839A7, gz = 3 BIA1 A gz = -5 84A7, (b) g1 = -30 89A1, (C) gz = 50 BIAT LA gz = -
30 8970

4.2 Backpropagation Neural Network i@ e Walking Assistance system
M5UNITIMUNYIINIG

Tuduresfduunyinadily fe uuudiass neural network agvinTsAIUANAES
VBIYA Tnasdaviamnsluds trajectory controller Liiafiazilnaoulasegialiaiuisaansy
Fryanas sEMG 18 lumenfinugiild dataset 910 [19] UseNoumeiiag9aIngvnaes 11 au
ﬁlﬁ%’umﬁﬁﬁ]ﬁamﬂQL%'snmauJLLé'aiﬂﬁaumUﬂa Dataset fUsznoudis 3 vimng @e viudu,
¥itls wazvindu Tneld MWXS Data log Biometrics, 14 bits resolution, sampling rate at 1
kHz Tunsiiudeya

Hidden Qutput

10 3

g‘dﬁ 4.10 Backpropagation neural network Tu MATLAB
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M1N15MAae9 Lien1Inteyadunniiniy feature extraction wuulaninasuliu
Backpropagation Neural Network ua33glviiUasidudnisnougnuiniign tagagyinnis

NAaBI1 Confusion Matrix 20 ASILAMNALAAE

nnsneaedhunsed 4.1 vlfasnsaeenuuuld Neural Network Aildludauiid 25
input \Ju two-layer feed-forward network fiaUsznaunae hidden layer fiu output layer
Tnedi hidden layer &1 10 node 14 sigmoid function, 7 Output layers & 3 node 14 SoftMax

function azvinn1silnasulagld scaled conjugate gradient backpropagation Tusnuidudl

1% offline learning neural network

nandldlunisudas Feature extraction dnduauiiae 4.031 3uiit (anilddwlngjay
Felufunmaalnddunn daunaniilflunisdiunn Feature Extraction 1wy rms 14 0.002s,
var 14 0.004s) Tnglgn1saruanly MATLAB uumeuiiames Core i5-7200U 2.50GHz, RAM
1268 drulunisimundieluldnusely envasiluldauuu Sinele Board Computer wie
Signal Processing Board Lﬁ@iﬁmiﬁwmmm Feature extraction a’lu'l'iﬂﬁ’lbl,@fl,%’;‘?gj’u

Confusion Matrix Wusaiafiazusuanindmduunussantuiiaesisudnigniowas
Ldgnaaauinls Wesiwudvaan1sduunlssaniignaedfie ¥edilien waziUosiounveenis

IuunUsznnitligneieshe Yesduns lugun 4.11

Validation Confusion Matrix

Training Confusion Matrix

w w
82 &
O o
s s
=3 o
53 5
o o
1 2 3
Target Class Target Class
Test Confusion Matrix All Confusion Matrix

w w

w w

) )

(] (5]

] 5

(=3 (=3

5 5

(=] o

Target Class Target Class

5U# 4.11 Confusion Matrix ¥83f3314uAYIM"9 Backpropagation Neural Network
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A1519% 4.1 LUa%L%uﬁmimaugﬂsuaaﬂ'm‘i’m,uﬂ‘vi'mm (Percent Correct Classification)

Feature Extraction Wasiusin1snaugnNUaInIsIILLN
Y1919
RMS (5 input) 91.52
MAV (5 input) 95.25
SSI(5 input) 94.35
VAR (5 input) 78.29
IAV (5 input) 98.39
Mean frequency (5 input) 81.10
Median frequency (5 input) 69.37
All feature in time domain (25 input) 99.39
All feature in frequency domain (10 input) 85.15
All feature extraction (35 input) 95.15

NANISNARBY feature extraction NAkandlumis199 4.1 eiulainnsle All feature in
time domain (l4lan"g feature 989 time domain $uAu) Uwa recognition rate ﬁma‘ugﬂ
4909 99.39% Fa513¢ 14 feature Uluyn lower limb exoskeleton

31n1U 3917 Neural Network filaunldivuainasuaznalnitlaeanuuuly Tuviins
neaeIuY Simulink feguit 4.12 aufunsasssuuilduuuinasssewasnuaunisi (3.6)
= o & o  a ! & ! Y =2 a
Fedaduwuudnaesiillvaaniana uddulvaamanaiuuidunmsussanaudigy 5din1s
UFuugaiuudnaesuu Simulink iivelilawuuinassemesnindidesiuneimnasase dagui
4.13
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Hip walking angle

DC Motor Hip
Knee walking angle i
I PID(g _.(: F—
0 5.90772-115340.036952+0 2355
Dy Scope
PID Cortroller RET P
-1.1376e-6s-
onstan Hip sitt | 1 T e
P b eing angrs 01 2882115340 018:2+0.1148s
onstan DC Motor Hip (torque load)
b Knee sitting angle
Pattern Recogrition Neural Network O @ DC Motor Knee
3, DG > !
Hip standing angle 30, 5.9077e-1153+0.036957+0 2365
] Scope2
FID Controllert

Knee standing angle -5.688e-653555

2.88e-1153+0.01852+0.1148s

Constart1 DC Motor Knee (torque load)

gilﬁ 4.12 Exoskeleton LLaz Neural Network Viwmaaﬂu Simulink

Machine Ground
Environment
Hip siting angle .

PID Controller Hip

Hip ganding angle

Scope Hip

Walking

siti
EMG Feature il
Standing

Patiern Recognition Neural Network

> outt

Anide walking angle

'Ankie DC motor

Ankle standing angle

U 4.13 Exoskeleton wag BP Neural Network #ivinn1snaaeslu Simulink suuildueines
a09@ dwsunalnwuu Four Bar Linkages

Lﬁawmaaumﬂ%mu%aaﬂaimm 50% WISNVBITOUNTITLAU (1/2 Gait cycle), 25% N
YDITDUNIILAY (1/4 Gait cycle) Way 12.5% LINUDITOUNITLAU (1/8 Gait cycle) Wled
doyqynouiisaus 12.5% usnuessounisiau Avinliye Exoskeleton aunsadnuunlaindu
Mmsluu ldddudessedygraldasuseunisiiu
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Error Histogram with 20 Bins

I i

20

B0

70

60

50

Instances

]
T T T T T T T T T T
-0.00047

-0.00042 [~

40

30

20

-0.00021
000015 [~

-0.00026 [~
99205 [~
-4 .6e-05
7.61e-068
6.09e-056
0.000114
0.000167
0.000221
0.000274
0.000327
0.00038
0.000434
0.000487
0.00054

-0.00037 [~
0.00031

Errors = Targets - Qutputs

gﬂﬁ 4.14 Error Histogram w84 Classification Backpropagation Neural Network

@115 Error Histogram Tugu 4.14 wavdfwansdadoyanisineusy (training
data), WOUATLUARIDITRYAN1IATINEBUANYNABY (validation data) uAzUAURLAILEANS
= v . . i = 1 a a = & 9 Aa
fatayan1sMaaey (testing data) Histogram @1nsausuanieAinUng Faudugatoyaid

o W

Anuneftesndeyadiulngjetaiitud gy

N30 Performance Iugﬂﬁ 4.15 9¥gninlagldmA1 mean squared error Famsay
anaielassdneldfunisiinaounnty d2unsaw Training State ¥84 Classification
Backpropagation Neural Network lugufl 4.16 uanslifiunisanasues Gradient lunns
Anaoutayaudazsau

Best Validation Performance is 1.1099e-07 at epoch 42

Train
Validation
Test

Cross-Entropy (crossentropy)
3

-
(=]
o

10°F

10"

42 Epochs

gﬂﬁ 4.15 n37 Performance 49987311 UNYI%19 Backpropagation Neural Network
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Gradient = 7.7404e-07, at epoch 42
T T T

gradient
=
£
T

Validation Checks = 0, at epoch 42
T

3 & T T T T T

25

1.5

val fail

=

->
->
-»
-»
->
o
E

b b b bbb bbb bbb b bbb
v v v w ¥ v ¥ ¥ ¥ Wwv WY ¥V VWY VwRYYT Vv ETY

->
->
-»
->

=
o
-
(=
-
(8]
2
2
L2
S

20 25
42 Epochs

-»
-

-»
-»

o
Ee

g‘lJ‘ﬁ 4.16 Training state U9FTLUNYIMIS Backpropagation Neural Network

4.3 n13eauYiNneliYn Exoskeleton luusazdasialudiniuaunisindauil

-™»

1 ::l' ! ! v & < t:l' Y 1 aa
AIMNYVRIRUAVAATININDURUTUU LUUﬂ'ﬁVI“Qﬂ Exoskeleton 28VgUAIUNINNNATT

Uuiinyuosaliudaasmiiedu lududazsdunisveassiiotmuinisaeuviimieliye

Exoskeleton Taeisnlddnluazdodusunsuyuaamuagiuuuieidnaell unvzsaiuise

Hnasuliunanuisassusvinimakazidaulmlenssduseldls Tuidesruazyinnisnaassiu
3 ]

YuRIAmvIInlunIsRuLUUsBLD

ASANUAAT Time step AlgUU AgAvualilu 1 sounisiautiuldiign 5 i diu

N5y NoImvaiI luN SR UL URBLBIHY A8UTENaUMIEMSAUNAIETOU T98199Y

1INNINNTOURENIN 5 Auilunsarsaunsiunls nszaunsazau gauldinanlunisiaull

Wiy AuReatueazldaniulussazdianaildvinduila a1 Time step vo9n131dyw

99109 IUNITLAULUUABLIHDINUAZAAINAT sampling rate UpLATBILD TR UUAD

1kHz segragulugun 4.17 Tunilaseunisiiiuil 1200 A1 duAeldiign 1.2 i
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Knee Angle
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JUN 4.17 yupsenvaiiilunisiauluusieoiles

4.3.1 38M3 Curve Fitting

38015 Curve Fitting WUU Gaussian Model v snaasadudsasnisi (4.1)

flx) = zn: aie[_(x;’bi)z] n=28

£ (4.1)

aglan

_(x;—lbl)z] + aze[_(x;—zbz)z] + age[_(%)z] + a4e[_(%)2]

_(x;—‘-‘bs)z] + a6e[_(x;—:6)2] + a7e[_(%)2] + age[_(xzfs)z] (4.2)

f(x) = ae

+ase

Praunsi (@.2) undeuldnly MATLAB 2¢lgdn

General model Gauss8:

f(x) = al*exp(((x-b1)/c1)N2) + a2*exp(-(x-b2)/c2)72) + a3*exp(-(x-b3)/c3)A2)
+ abd*exp(-(x-bd)/cd)N2) + a5*exp(-((x-b5)/c5)A2) + ab*exp(-(x-b6)/c6)N2)
+ ar*exp(-((x-b7)/cT)N2) + a8*exp(-((x-b8)/c8)A2)

WNUAALUTZANTANNANG1 4.2 adluaunisi 4.2



A5199 4.2 ANduUSEaNSURIENNNS Gaussian Model 8

32

al =30.49 bl = 3717 cl =89.58

a2 = 56.05 b2 = 4912 c2 =155

a3 =>52.15 b3 = 2365 c3 = 158.5

ad = 50.71 bd = 1134 c4 = 1557

ab =45.36 b5 = 14.25 c5 =85.24

a6 = -6.445 b6 = 1950 c6 =119

ar =45.81 b7 = 3585 cr =132.6

a8 = 1.346e+04 b8 = -3.579e+05 c8 = 1.328e+05

Nailé: SSE: 5.778e+04, R-square: 0.9681

Adjusted R-square: 0.9679,  RMSE: 3.191

70

60

50

40

20

|
30 "¥
|

0

w’

5UN 4.18 1919InmYe935n15 Curve Fitting WU Gaussian Model (:#udtidu) iiguiuyy
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4.3.2 35mM3 Sum of Sine

35115 Sum of sine NMYINISNAARATUMIANNITA (4.3)

n

flx) = Z a;sin(b;x + ¢;) ;n=28

= 4.3)
Azlen
f(x) = aysin(bix + c1) + azsin(b,x + ¢3) + azsin(bsx + c3)
+ a,sin(byx + ¢,) + assin(bsx + cs) + agsin(bgx + cg)
+ a;sin(b;x + ¢;) + agsin(bgx + cg) (4.4)

raunsi (4.4) snTeuldnly MATLAB 2l

General model Sin8:
flx) = al*sin(b1*x+cl) + a2*sin(b2*x+c2) + a3*sin(b3*x+c3)
+ ad*sin(bd*x+cd) + a5*sin(b5*x+c5) + a6*sin(b6*x+c6)

+ a7*sin(b7*x+c7) + a8*sin(b8*x+c8)

WNUANFUUSEANTIINGNS199 4.3 asluaunsi 4.4

15199 4.3 AduUsEansve9aun1s Sum of Sine

al =239.2 bl = 0.0002445 cl=1.728
a2 =-9.005 b2 = 0.005129 c2 =1.751
a3 =13.99 b3 = 0.01003 Cc3 =-3.356
ad = 29.1 bd = 0.005072 c4 =-4.347
ab =216 b5 = 0.0002657 c5 =4.836
a6 = 5.371 b6 = 0.01509 c6 = 2.864
ar =2.481 b7 =0.01414 cl =0.392
a8 =-0.7118 b8 = 0.003766 c8 =-14.89
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Nafilé: SSE: 5.963e+04, R-square: 0.9671

Adjusted R-square: 0.9669, RMSE: 3.241

70

/ | / | | / ;l 1

S I Y Vs |
M‘ N/ ¥ \\\iﬁj \\\/ \¥<“ﬁ II'II";f/"I N\\j/ tl‘@ /( \\

1 e
L \/ e / .
\/ : - \/ W
1 1 1 |

0
o 1000 2000 3000 4000 5000 6000
(%
o

JUN 4.19 10 nAve38n15 Curve Fitting WUU Sum of Sine (WuFWIRY) g UYL

99U UNS AU UUFBL DY (WEUFLAS)

4.3.3 Backpropagation Neuron Network ttUU Levenberg-Marquardt
Tun3@379 Backpropagation Neuron Network Wuu Levenberg-Marquardt agl4
&9 Fitnet T MATLAB éﬁgﬂﬁ 4.20 wieldlun1s Fit A1 TAseadiswuy 20-1 (1 input, 20

layer)

Hidden Output

Input

20 1

31]17; 4.20 Fitting Backpropagation Neuron Network LWUU Levenberg-Marquardt

Imeld Hyperbolic tangent sigmoid transfer function Tuusagluuaves Hidden layer

wagld Linear transfer function #ilyiun Output layer
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Best Validation Performance is 0.68863 at epoch 154

10 -
Train
Validation
Test
Best
- Goal
102 ;
E 10 \_J
i
§ 102
a
1074
100~
| 1 1 | 1 1 1 |
0 20 40 60 80 100 120 140 160
160 Epochs
gﬂﬁ 4.21 N5 Performance ¥84 Fitting BPNN Luu Levenberg-Marquardt
5 Gradient = 0.37724, at epoch 160
‘]D T T T T T T T

gradient
=)
[=]

=1
S
4]

£ 105 b .
w-ﬂ} 1 1 1 1 ] ] 1
Validation Checks = 6, at epoch 160
153 T T T T T T T [

val fail

0 20 40 60 BO 100 120 140 160
160 Epochs

g‘dﬁ 4.22 Training State ¥®4 Fitting BPNN LUU Levenberg-Marquardt
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Training: R=0.99881 Validation: R=0.99892
20 O Data ] 5L O Data
19 50 § 50
s s
+ +
= 40 40
& 5
© ©
'—
E 30 *x 30
'= ;
‘5' -
B a 20
3 S
° o
10 10
Target Target
Test: R=0.9988 All: R=0.99882
(=] w
o™ =
o =]
o o
+ +
@ T
= >
m m
= =
+ *
= =
I I
1 1
= -t
= =
£ &
5 5
(o} o
10 20 30 40 50 60 10 20 30 40 50 60
Target Target

gﬂﬁ 4.23 n579 Training Regression ¥84 Fitting BPNN kU Levenberg-Marquardt

n319 Training Regression Tugufl 4.23 duvzluusiazqauansis nadnsiauysal
wuU(perfect result) - wadws(outputs) = LU (targets) LAUNTULAAIDILAUNITONDDBLT
& (linear regression) fingaufignsevinsordnauazidvue uage R unisusd
Anudusiusseninssadnsuazidmine 0 R = 1 wansiilianudusiudidaduiivtuey
sendreranawazidivang win R Indfssiuauduansitlufinnuduiusigadusening
1nauazid Mg
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Function Fit for Output Element 1
I I
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gﬂﬁ 4.25 N5 Fit data yueamvasaglnnlunisiau Iaeld Fitting Backpropagation Neuron
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Function Fit for Output Element 1
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gﬂﬁ 4.27 N5 Fit data yueamvastowinlunisiau aeld Fitting Backpropagation Neuron

Network

o inluealnuasnsaiioudviinsléfifign SavinismaasauSeudioudn Eror
Yosuiazds lngazAnanarduysalvosnannaszming Target wag Output Al HansvIAABA
lﬁgﬂuamiumﬁqﬁ 4.4 Fsa1nuanisnaaedsdiulédn Fitting Backpropagation Neuron
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A1519% 4.4 \W3suLiieuan Error 989 Curve Fitting wae Fitting Backpropagation Neuron

Network @vsuysadmvasiiiiluriimiensiau

A1 Error gegaluudazisns

Curve Fitting: Curve Fitting: Fitting Backpropagation
General model Sum of Sine Neuron Network (fitnet)
Gauss8
1 11.5 12.71 2.44
2 11.5 12.71 5.26
3 11.5 12.71 2.61
4 11.5 12.71 6.23
5 11.5 12.71 8.73
6 11.5 12.71 2.64
7 11.5 12.71 5.49
8 11.5 12.71 2.90
9 11.5 12.71 2.29
10 115 12.71 5.59
\ade 11.5 12.71 4.418
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4.4 13 Fitting Backpropagation Neuron Network ‘1ﬂ‘l%a1uﬁwgﬂ Lower
Limb Exoskeleton

mffqaqﬂi?i"l,éﬁnmaamfﬁamuquﬂ’mﬂ?{auﬁ (Trajectory controllers) ifien Error tae
171'?191 Tufe Fitting Backpropagation Neuron Network niE Fitting Backpropagation
Neuron Network iy Block iflenansdelfsuiuuuudiasameinofuagszuuniuny
PID #lFoenuuuanluideneunth Tu Simulink fsgud 4.28

Output_of Fit_BPNN

To Waorkspace]

Machine Ground

Input

PID(s) m 1 Output_of_Motor
nee

PID Controller

To Workspace
Knee DC motor
- 7
Funetion Fitting Neural Network
Joint Sensor Scope

sUT 4.28 m5th Fitting BPNN luldfuneinesuesyn Lower limb Exoskeleton 1 4oio
G i)

70—

| | | | | ! ‘
40 —| [ | (
| ! I
| ]
30| [ | |

| [ | |
| | { [
201 | | | | /

o 1000 2000 3000 4000 5000 6000

35U 4.29 A1 Output VBLBINBTITAIN
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Error
20 T

| | | | |
60
0 1000 2000 3000 4000 5000 6000

5U# 4.30 Awar195e1INe Output 310 Fitting backpropagation neuron network fiu
Output VOIWBLAOTHAU

a 14

Walasudunnuad 9 Fitting Backpropagation Neuron Network @3f13183#17

=

lasadnglaiseus e lulddalvign Exoskeleton Adumy dmsunismivauuainainae
iluldnuiugnasany asvinsdsdyanuniuauuemosnng 0.5 3ud wagaiunsaldisnis

Autocorrelation Tun1snsiaaauAIUNISAY

1gMSYINUNIMUAYRITEUUYRA Lower limb exoskeleton 3Qnuand Aaguil 4.31
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Tueuddell leenuuussuuitiglumsiudmsugnidaymerunisiau laeya Lower limb
exoskeleton AgIgUszAUUTEARILATNBULTIIUNSIAY
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1An MATLAB @usunisdauvinmaiu 1agldisn1s Fitnet

WalkFX_1 = xisread(lldtaya EMG.xlsx);

Y
aaa o 14

inputs = 1:5700; % luiiliiduaudeya 5700 M
targets = WalkFX_1;
P = inputs; T = targets;

%Step 1: % Create a Fitting Network
hiddenLayerSize = 20;
net = fitnet(hiddenLayerSize);

% Set up Division of Data for Training, Validation, Testing
net.divideParam.trainRatio = 70/100;
net.divideParam.valRatio = 15/100;
net.divideParam.testRatio = 15/100;

net.trainParam.lr = 0.01; % Learning rate used in some gradient schemes
net.trainParam.epochs = 3000; % Max number of iterations

net.trainParam.goal = le-6; % Error tolerance; stopping criterion

% Train the Network

[net,tr] = trainlm(net,inputs,targets);

% Test the Network

outputs = net(inputs);

errors = gsubtract(outputs,targets);
performance = perform(net,targets,outputs)
% View the Network

view(net)

% Plot result and compare
figure;

grid;
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The Walking Assistance System using the Lower
Limb Exoskeleton Suit Commanded by
Backpropagation Neural Network

Obnithi Karantarat. Yuttana Kitjaidure
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Abstract— Currently there are many elderly people who
have walking problems. This paper aims to develop and solve
these problems by introducing walking assistance system which
can recognize 3 types of gestures, include walking, sitting and
standing. Our system is divided into 3 main parts including
Feature extraction which consists of Time domain and
Frequency domain, Classification and Exoskeleton suit system.
Conjugate Gradient Backpropagation Neural Network is used
to classify sSEMG signal of lower limb posture after extracted the
features. Then the output of classification is used to command
the Exoskeleton suit to perform the gesture according to the
results of the recognition. In addition, our paper uses PID
controller to control DC motor of Four Bar Linkages
Mechanisms of Lower Limb Exoskeleton suit in order to reduce
the number of motors and increase stability during the Stance
Phase. The results from the experiment have concluded that all
feature in time domain has the most recognition rate which up
to 99.39%.

Keywords—Lower Limb Exoskeleton, Feature Extraction,
Conjugarte Gradient Backpropagation Neural Network, PID
control, Four bar linkages

I. INTRODUCTION

Many countries around the world are entering into an
aging society. Currently there are many elderly people who
have walking problems. One way to solve that problem i1s
lower limb Exoskeleton. The Lower Limb Exoskeleton suit
1s used for walking assist. In this paper we design walking
Assistance System for walking aid of aged people.

This paper is developed from [1]. We use the dataset of
sEMG  for training scaled  conjugate  gradient
backpropagation neural network. The coneept is that when
the suit recognizes the signal from the lower limb. the motor
of the suit will be moved by the motion program. The
advantages of design four bar linkages mechanisms are
reducing the number of motors in the exoskeleton suit.

II. METHODOLOGY

A. Gait analysis

The human walking in one gait cycle can be divided into
2 phases including stance phase (60% of lgait cycle) and
swing phase (40% of lgait cycle). Stance phase means the
phase when the foot contacts with the ground and Swing
phase means the phase when the foot does not contact with
the ground as shown in fig. 1. Fig. 2 shows the joint angles of
the lower limb as shading in fig. 1. from one gait cycle
including hip. knee and ankle.
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Fig. 1. Gait Analysis [2]

B. Lower Limb Exoskeleton

Four bar linkages mechanisms 1s the simplest movable
closed chain linkage, which consists of 1. L. I3 and di. The
given dj is a frame. 1j is an actuator, 1 i1s a transmission link
and I3 is load as shown in fig. 3. When angle actuator 1y is
working. it will move ls because 1; send the power via 13
through . We design Four Bar linkages Mechanisms to
reduce the number of motors in the exoskeleton suit. We use
the suit with a knee and ankle because when ones start to
walk, the movement angle of the ankle and knee will relate to
each other. 1 is the shank. d; is the foot, 17 is the thigh and Oy
is the ankle angle. In this paper. the angle of gait from fig. 2
is used to design the motor at the ankle. This design will make
Center of Gravity (CG) lower than the conventional suit.
Therefore, it can increase stability during the Stance Phase.
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Fig. 3. Design Four Bar Linkages Mechanisms of Lower Limb Exoskeleton
suit

TABLE L THE DEGREE RANGES OF JOINT BETWEEN HUMAN AND
EXOSKELETON
Minimum angle Maximum angle
Joint Human Exoskeleton Human Exoskeleton
Hip (q) -20 -15 30 30
Knee (q2) -2 3 50 50
Ankle (q3) -25 -10 10 10

This suit is designed for the human body, which all the
angle ranges of the suit are shown in table T and fig.4. We use
Stand phase to be the reference angle, where the foot is
parallel to the ground while thigh and shank is perpendicular
to the ground. The lengths of the thigh and shank are
caleulated by anthropometric data from [4]. The angle ranges
of the suit can avoid injury from moving angles larger than
the human ability. Furthermore, the Exoskeleton suit can
cover all the gestures.

‘wd

VOIS VIS Z

i
b) ()
Knee
(a) \ Ankle motor

Fig 4. (a) Reference Angle of Human leg [5]. Define Counterclockwise to
positive, Hip angle(q:). Knee angle(-q2). ankle angle(-qs). L is the length of
the thigh, L is the length of the shank. reference axis 1s orange arrow and
moving axis 1s blue arrow and (b) -q2 = -3 degree. -q3=5 degree and (c) -2
=-50 degree. -q3 = 30 degree
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Fig. 6. PID Controller of Exoskeleton actuator diagram

The building block of the walking assistance system
consists of input signal (sEMG). Feature Extraction,
Backpropagation Neural Networks, Trajectory controllers,
PID controllers, DC Motors and potentiometers as shown in
fig. 5.

C. PID Controller

PID controller as shown in fig. 6 is a feedback controller
that uses error E(s) as the input. The error is the difference
between the desire angle and angle of the suit. The PID
controller consists of three terms, a proportional term (P), an
integration term (I) and a derivative term (D). However, the
controller is sensitive to noise. It requires a filter to reduce
noise signal. We can adjust the filter coefficients (N) to
reduce noise. We use the (1) and (2) to design PID controller.

E(s) = setpoint — feedback (0

u(s) = E() (K + Kz + Ky —p) 2)

N
1+N2
5

D. Surface Electromyography (sEMG)

Electromyography as shown in fig.7 is the signal from
muscle based on detection of the muscle’s electrical activity
[6]. A surface EMG sensor is an electromyography sensor.
We use the dataset of sSEMG for training scaled conjugate
gradient backpropagation Neural Network to classify the
lower limb posture. The sEMG signals including muscle of
the anterior thigh, muscle of the posterior thigh and angle of
flexion at the knee are measured from Myo Gesture control
Armband sensors. The anterior thigh muscles used in hip
bending and knees stretching contain Rectus Femoris (RF)
and Vastus Medialis (VM). The posterior thigh muscles used
in stretches hip and bent knees consist of Biceps Femoris
(BF) and Semitendinosus (ST).
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Fig. 7. sEMG signal from the rectus femoris muscle when people are
walking.

E. Feature Extraction

Feature Extractionis the process of transforming the
input data into a set of features [7] and reducing the amount
of data used to train Neural Network. In this paper. time
domain and frequency domain approach are used. The time
domain consists of Root Mean Square, Mean Absolute Value.
Simple Square Integral. Variance of EMG and Integrated
Absolute Value. The frequency domain consists of Mean
Frequency and Median Frequency.

1) Root Mean Square (RMS)

RMS = /% N X (3)

2) Mean Absolute Value (MAV)

MAV = — ¥ |x,| )
3) Simple Square Integral (SSI)
SS1 = XN lx? (5)
4) Variance of EMG (VAR)
= yN ,2
VAR = —— 2l x (6)
3) Integrated Absolute Value (I4V)
1AV = ¥ x| (7
6) Mean Frequency
TSP
MNF = ——— 8
S (8)

7) Median Frequency
1
E;M=D1FF} = E?LMDFRJ' =3 jw=1p; 9

Where x is the sEMG signal and P is the power spectrum
of the sSEMG signal.

F. Pattern recognition using the scaled conjugate gradient
Backpropagation Neural Network

The Backpropagation neural network is an algorithm for
supervised learning by calculating errors from the difference
between the output and the target using gradient descent.
Pattern recognition networks are feedforward networks that
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can be trained to classify inputs according to target classes.
The input of the Backpropagation Neural Network is sSEMG
signal after processed from feature extraction phase. The
output of Backpropagation Neural Network is used to control
the movement of Exoskeleton Suit.

ITIT. EXPERIMENT AND RESULTS

A. The Exoskeleton model and PID Controller

The model using a 12V DC motor as an actuator is shown

in (10) as follows

6[Us? + bs) (‘j:“) + kes| +‘“T[”” =V (10)

This suit uses two motors. The parameters of the DC
motors [8] used in the suit are L =9.6<10H, R=0.6 Q. ]
=0.004 kgm’. b =0.0185 Nm/(rad/s). r = 7.5 and k = 0.065
Virpm.

From the experiment. we adjust the parameter in
MATLAB using Kp = 1.69. Kj = 1.08. Kg= 0.66 and Filter
coefficients (N} = 72.72 in PID controller for the hip motor
and using Kp = 4.07, Ki = 5.73, Ka = 0.67 and Filter
coefficients (N) =4571.31 for the ankle motor. Fig.8 and Fig.
9 are the angle measured from the hip motor and the ankle
motor respectively. The red line is the output angle of motor
with PID Controller, the yellow line is the response without
PID Controller and the blue line is the reference input.

Fig.10 shows the PID Controller of Exoskeleton actuator
diagram which is operated on MATLAB Simulink. All
parameters, angle of hip and knee joint are setup as in Fig. 2.
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Fig. 8. Result of response tume of the DC motor model at lup
control
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with PID

Fig. 9. Result of response time of the DC motor model at ankle with PID
control.
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B. Backpropagation Neural Network and Walling
Assistance system

In order to test performance of system, we create system
simulation in the Simulink as shown in fig. 11. The pattern
recognition part is neural network model. providing the
controlled command to the exoskeleton suit via trajectory
control. In order to train the Neural Network to recognized
sEMG signal, we use dataset from [9] including samples from
11 subjects with knee Abnormality previously diagnosed by
a professional and 11 normal persons. This dataset has 3 types
of gestures, including walking, sitting and standing. These
data were collected with electromyography and goniometry
equipment MWXE Data log Biometrics, 14 bits resolution,
sampling rate at 1 kHz.

The Neural Network used in this part has 25 inputs, 10
hidden layers and 3 Output layers. In this paper, we use
offline learning neural network. The trajectory controller is
the motion program used to control angle of the motor in the
suit.

The results of feature extraction trained from the
Backpropagation Neural Network experiment are shown in
table II. All features in time domain give the highest
recognition rate at 99.39% so. we use this type of feature for
commanding the lower limb exoskeleton suit.
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Fig. 10. DC Motor 1 Simulink
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TABLE I PERCENT CORRECT CLASSIFICATION

Percent Correct

Feature Extraction Classification
EMS 91.52
MAV 9525
SsI 9435
VAR 78.29
AV 98.39
Mean frequency 81.10
Median frequency 6937
All feature in time domain 99.39
All feature in frequency domain 85.15
All feature extraction 95.15
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Fig. 11. Exoskeleton and Neural Network sumulation in Sumulink
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IV. CONCLUTION

In this paper. we have designed the walking assistance
system for walking aid of aged people. Our system is divided
into 3 main parts including Feature extraction which consists
of Time domain and Frequency domain, pattern recognition
and exoskeleton suit system. We use the sSEMG as the input
of the system which has 3 types of gestures. including
walking, sitting and standing to train the neural network in
order to command the lower limb exoskeleton suit. The
recognition rate of the sSEMG signal is reach 99.39%.

In future work, this system will be use in the real Lower
Limb Exoskeleton Prototype as shown in Fig. 12.
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