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MYOELECTRIC PATTERN CLASSIFICATION BASED ON AR MODELING 

Myoelectric control of powered prostheses is a field 

rehabilitation engineering that. 

attention in the recent decades. In this thesis a historical 

t.hE'! st.uci i e·::; The 

Th;,.,,: 1. i n.:e-=l.,·-· 

algorithms for identifying inodE.,l cine! 

recognition considerations are outlined. 

_~ ...• LM ......... . 
'::.-:. I. I: t,,:.,: 111:;,--: 

EMG channel is discussed. The results obtained in performance 

Suggestions for future research topics are 
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AR MODElINE DAVAlI MivOElEKTRiK 6RONTO SINIFlANDIRMA 

Miyoelektrik protez denetimi rehabilitasyon mGhendis-

li~inin son Ylilarda yaygln ilgi toplaml~ bir Bu 

tezde konu 0zerindeki ~all~malarln zaman i~indeki geli~imleri 

Kaslarln temel fizyolojik 5zel-

likleri incelenmi~tir. Do~rusal model1er, model parametrele-

rini tanllama algorit(nalarl ve 6rGntG tanlmadaki ana kavram-

Tek bir yGzey EMG kanallndan hareket 

bilqisi elde edecek bir dGzenek tartl~llml~tlr. Ba~arlm test­

lerinde elde edilen sonu~lar veriImi~tir. Gelecekte soz konu-

su olabile~c!: ara7tlrma kunularl hakklnda Gneriler getiril-

mi~~lr. belli bilgisayar izlenceleri 
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I" I !\tT:;~C:ir>ijCT 1 Ul'i 

The ph!~iological mechanisms that provide man 

':::c. k i :I 3. So:· 

!"I :i. ') 1",1 \' u+ 

receptors connected 

t·.' 'J 

H'.~ll 

individual ·functions under 

C C) rn p 1 t:? t:. (.:.:: :i. n .":; i cll''', t. :i. n t c! 

a.nd ·r ull. y' 

It would l~ desirable for 

i: ; f.:) ~"'J:l. !::-:-:I C.l ... 

.> • . ~. nc:: 

;,.0 ... :.' ..... ; ... , .. ,-::: ,'", 
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M~u01ectric Control of Powered Prosthesis 

[t is cle~~ that man-made substitues cannot Exactly 

natural 11mb and will have tu 

In t: CJ 

the conventional prosthesis with straps, :l t:. i =...:, u. "~:7, \..1. i::\ 1 t.·, C: U.':-:::E·! 

(:1 

'''''i''I''·!..·:·'!::''';''::·' selective muscular tens10ns and 

.... ... ;:: T. :::--"l'\'~ n' .::' . 

! .. he C::(·',I, .. t.:::\:i. i"I 

appropriate analysis of these signal~ it IS 

Thus the motors of the prosthe~is 

2 
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F'i CJUlroc~ :I." 1 

/.s v.'" -{',,-<-eo 
DO!. <;.i::.ion r- l"lIC .. oc.o .... pMt-c.-t-...--I-.. ...Jt!c.irod~ 

to "c.tivCltt I 
I.V hid,) A ... ,jMlc.tio,, __ .... ;Io....,~ 
motor 

DIGck di~Qram of a myoelectric prosthesis [OG4] 

(1 ~'. i !lip 1 \:: bloc k 
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c1idqIO.OE:\fil of 2'. h":\~":LC: IhYDC?lE:'Ctl~ic: protI1(7!si~; Systfo'lTI is qivE:,n in 

f':-.i q.. 1. .. 1. 

1.2 Historical Background 

Since the arousal of int.erest in 

1940' S ~I approaches with varying degreeS 0+ 

the 

fit::?ld 

t.ype,. Tn myoelectrically controlled 

hi::\ncl , USed rectified signals from two muscle groups 

L U.] 1 :J .. 
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the 

is ~:~t:il1 

fun~tion01 ~ros~heS2S. More sophisticated signal 

t .,.:., c h r", :i, q 1 .. ,:. f:':' ',:: 

An alternative to the preceeding appro2ches 1S 

Almost all amputees 

1 DS.t 1. i rnb 

oJ the remaining parts of the lnLt '~:: .. C: 1. f:.::!':'= .. 

if the limb had not 

differences in pattern with varying limb functions . 

.... .. c 
\ . .' I :i. n + C)I'~' fnE~. t i Cjr-i the 
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thE! 1 :i. coh 

Wirt~ employs the mapping of many electrode sItes 

1he EMG is strongly correlated with ~ single 1 :i.lflb 

lassifving unknown motions. Lyman also used the spatial 

distrihution M+ t~e EMG signal power but applied the 

opr~siGn rule in classifying unknown signals [UJ1]. 

In 

_.1 ~:. ::? 

rnc1t. i C)f1S· II 

C" .'. :::\ :;:-::=".:. new set of EMG recordings as corresponding to ·3. 

'mployed EMG signal variance and zero-

.~ n f C:Ji--·tTI-::.:.1t.i Ctn 

the absolute value 

{:i.+th 

and their cross-correlation. 
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criterIa were that 

betwccn-class scatter <::.il!:?,11 

",,'j 
, .1 . ..• ~ ..... used both lincar discriminat 

at 

They also proposed a method to decompose 

into two or three simple 

maintained that wi~n 

sufficient information could be extracted 

to 

In contrast to all the 

"';:::\":>': .... , ,; t.t'·IE:.t:. 

<:: : :::,::<:::i t,D 

was based on the fact that different 

t. h ,-::" C:' ], ("," c:: t, I'· i c: c;\ 1 

,:,::'. c .t. i \i .=~, t co.' d • 

I': ',,,': ,::.:\:;::.,;." '.J 

In mDtion classification they used tw~ 

dj. IT; c::: t, h D cl .::~ :i. ri \/ C):I. \/ f:.7, ci ··~J.ncilf1q 
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set for each muticin thE.' 

In one method the coefficients of the test 

coefficients were 

"I::.D it was within a range 

the test signal was classified as belonging 

t.O t:.h,;;~ represented by the closest 

instead uf calculating the coefficients of the 

The filter giving the lowest 

\=".! r" \'.~' . .. :i :i. c:; t. :i. C) 1"1 

E~t " C,";\ l. " improved the system proposed 

by incorperating four ENG channel.s and their 

i r-, I: PI!:i. :I " 

sequential version of the Bayes decision rule . 

.l.j·-i 

Explanation of the 

in it. s;; 
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fundamentals of the physioloSY 

ti"lci I' 

rn C) cJ ::.:: 1 ::::. ~. - .... --.',.1 ... ...... '_ .. 
ii(~'::: L i li....IU ';:::. If"": 

The: 

signal processing techniques employed 
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muscle depend greatly on the C}+ 

electrode location Nithin or on the muscle, 

t.h, ._ i" 
LJT 

cached by different authors as those 

These will be briefly 

into the properties . ..... J: 
' ..•. 11 

:i,o 

~.1 Muscle Configuration 

:i. ':;:;' 
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Fi qUr-£.? 2. 1 The motor unit [JB1) 

control C:(Jn~:;i:~;ts of thf~ ~;pinal motcmeuron,the flll.l":;;cle iiber-':; 

and various r~ceptors providing feedback information to the 

central nervous system. 

The muscle is made up of groups of muscle -fibers 

Ii'Jhi ch 01'-

(J I" c)up but asynchronDusly 

synchronously within 

VJi'th groups. 

thi:? 

The 

simultan20Llsly functioning group formed by the muscle fibers 

3nci thE' fllot·Of"H:::·L.Wc:m innf?rv.:~ti.nq, them is knot-Jrl as th('~ motol~ 

unit. The iIlobJ(,' unit :i.~3 bc:h~~mi::~tical1y depictE!d in Filj.2.1. It 

s·\lould uni t. 

are supplied by the same nerve are not 

exclusi.vely grouped tog~ther, c\s the illustration might 

suggest, but are intermingled with each other. 
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'.:".': \ 

t.u 

:1",; "! i.C:: st~ynaptiL membrane of the muscle fiber 

::. i""1 bot.h 

01r2C~lons along t~, fiber accompanied by an electromagnetic 

The mu<cle fiber actiun potentials can be 

amplitude depends on 

the distance between 

propert10s ot the electrode. 

pot?nClal is inversely proportional to the conduction 

o~ the muscle fiber. The shape will depend on 

... -.. f:.. 
l.~.~ ; the tissue between 

.... :: " . 
..I: .. ,,' : Motor Unit Action Potent.ial 

p~tentials of the muscle fibers In 

The resultant signal recorded by 

' .. .',':O:,I,..l.':<'.i. J.y ,:3,ncl 

intEGratIon O~ the contributions of individual muscle fibers. 
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Figure 2.2 The generation of the MUAP [COl] 

is known as the motor unit action potential 

CMUAP) and its generation i~ schematically shown in Fig.2.2. 

The shape and amplitude of the MUAP are dependent 

on the geomf2tr-i c .::wran(jement of thf:! .;:\cti'le Inu:,cl e fibers v-Ii th 

respect to the electrode site and the above mentioned factors 

which effect the individual muscle fiber action potentials. 

The MUAP is followed by a twitch of the muscle 

the motor unit.. In order to sustain the muscle 

contraction,the muscle fibers must be repeat2dly activated. 

The resultant signal is known as the MUAP train (MUAPT). The 

MUAPT will remain constant as long as there are no changes in 

the factors effecting the MUAP"s. 

Fi qL.ln;~ --:' -:.~. 
..:... •• _1 

{1. i 1 

A typical EMG recording 
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L.0 The Electromyogram 

J .. L ••.•. 
~~ ; l t::.; 

to di0{erent motor units are intermingled, it 

rec0rJed Juring a muscle contraction. Instead, the recording 

"::: .. :.:-·nt:. 

at the 2~ec~rod2. , " 

';;::·1 qn~3 . .l. 

, i.\ ::, :!. c.: ci t:. r'iL:' _.,...!. .... , 
~L I...\" 1 C 

C; I 

l:. C) 

thi ;,',:'" :.::.]. \-' ::. :~.:i " :/" -.::, 

It has t2en shONn that different muscle groups have 

spectral properties. 

b\.··· 

-1::'0 
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facts imply that the EMG 
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ccmtai n·::; 

inform~tion about the muscles that contracted to generate the 

specific siqnal recorded. 
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2.5 Gener21 Properties of Muscle Contraction 

There are three major motivations for analyzing the 

-j '; 
.1. ,: to ccndu.ct E?l c c: t r' i c a I 

2) to extract informaton about the 

,', c:\ t \ .. i. ;" f:::.' C) + the muscle and the innervation signal to it for 

pUi····pO·:::;\:2S, and c)bta.i n 

discriminatory information about the type of contraction for 

developing aids for the handicapped. Though our maIn interest 

lies in the last aspect, the findings about the mammalian EMG 

which we will list below are mostly agreed upon by workers in 

all three fields. 

1) stochastic nature: the EMG can be considered to be a 

zero-mean Gaussian process 

:··,i.., 
or: .. '; 

the 20-1000 Hz band 

the spectrum of the EMG lies mainly within 

typical EMG peak-to-peak values are 10 mV 

ineasured with needle electrodes and 1 mV when measured 

with surface eletrodes 

interspike interval: 

consecutive motor unit discharges is irregular and 

described as a random variable 

i:::: \ .... } / dL.U'" i nq 

E\ il1otD(- unit ~'-·Jh:i.ch i':~; :.,:\cti···lE! ",<t t.hf,' bF2qinning 

usually remains active throuQhout the contraction; 

of recruitment is generally from smallest to largest diameter 

ffi 0 t c)n f2 u.," on -:!::. 
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c:onst.",\nt -f or·C€0 i ·::;omf2t.1~ i c 

of the average interspike interval, dec:reases monotonically, 

suggesting that th~ sequential discharge of a motor unit is a 

time-dependent process 

pot.f=:·ntiat.ion~ c:!urinl~~ (·epEtitiVE": 

the twitch tEnsion of motor unit 

no correlation has been -found between t.he twitch 

tension and the amplitude of the MUAP 

8lsynchronization: mot.or units t.end· to synchronize 

during physiological 

load tends to cause a shift in t:hf2 

spectrum of the EMG t.owards the lower frequencies 
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i.~. i: 1 .t. '-'''. ';;,:,'i.:.U,c:I':/ 

'::~.! .. .l j' + I,': .. ' 

.I~ i.~ ... 
L! »,-.' 

Iii 

J (' \ ; ~ .:, I" ; l. "~'j .:::' 

th(",~ 

,r 
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3.1 Linear Time-Series Modeling 

!rJi th 

~ombinations of past outputs and present and past inputs to 

the system. A relation of the form 
N 

":/1" :::: .. - Z."~i Yk- L l=1 

is the output and w 1S the input series, 

( 1 ) 

such systems. In cases where there is no access to the input, 

is the case with the EMG, it i·,,;; CCJmll10n PI~,.:,ctiCc? t.o 

c cri :~. i d ;:,,'1" the Input to be white noise. is nCi 

access to and therefore no information about the input, it is 

reasonable to choose a general signal with no distribution 

The choice of a white noise driving signal 

justified by the fact that it has a flat spectrum without. 

bias toward any frequency. 

Once model parameters ai l<i<N and 1<1<0 

are known, one can predict the output of the system from past 

outputs and inputs. For this reason linear modeling is widely 

referred to as linear prediction. 

CD.n in the frequency 

H .; ;?: ) -- - .. ---~--.-.--.-.:----
1 -I-- L .... _.-l 

, ':='i.. .• -
1.=0 

and W(z) are the z-transforms of Yk and 

The general model of (2) containing both zeros 

poles IS known in literature as the ARMA model. Tv-m 
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Cdses o~ this model namely l<i<N 

and 2) where b t =0 l<l<Q gIve rise to the all-zero model 

model, respectively_ 

Q. 

'/ ::;:: ~ b \/-j 
. k i~O t. k-t 

The AR relation can be represented with 
N 

··/k ;": .-- L i;?,' '/k' 
. i" I l·-L 

+. j._j 1,1 
I .. ovv k · 

Among the three models, AR is the most thoroughly studied and 

most frequently used. Although ARMA is the most parsimonious 

model in terms of model order, and MA is the most 

. ." 

1 ri rncJdc?l in:.:;) AR models can be used 

instead ot them [0G5,DG2J. This is possible because the zeros 

in the two models can be represented with poles in AR, though 

this causes the model order to rise considerably and the 

Graupe gives proofs 

that ARMA and MA models can be obtained from identified 

AR models by means of polynomial division for various cases 

of stability / unstability invertibility/noninvertibility 

is the extensive literature available about 

and the computational efficiency in its identification. Other 

attractive features are its lesser sensitivity to model order 

variations and involVIng only one inaccessible term. 
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3.2 Least Squares Identification of AR Coefficients 

Obtaining the parameters of an unknown model, or in 

othE'i'" words parameter estimation, is an important topic in 

time series analysis. There are various approaches to 

parameter estimation~ but only least-squares (LS) estimation 

be dealt with here. LS is '''\ CCIiTIITICHi and \.-J0?11-docuoH'..?nt.ec.1 

ti:,chn i qu£"'» the popularity of 

are their convergence properties and robust.ness t.o round-off 

errors [DG5,JS1J. 

Since the signal which is of main interest. in this 

·:::;tudy ~, namely the EMG is a stochastic 

d i ~,C u '::;; '::; i u n ~:::, in this sectiun will be in terms of ~:,tochast i c 

the same reasoning is also valid in the 

case of deterministic signals. 

In the LS technique, the parameters of the system 

undel'· observation are obtained by minimizing the square of 

the prediction error with respect to each of the paramet.ers. 

Because the input to the system is unknown, the only means t.o 

predict the output the system is to use the 

~ 

cOfnb i n:::\t ion o-f the past. outputs. I ·f Yk represents the 

predlcted value of the signal y sucn that 
N 

.~ k :::; , .. L ·;:;\'l ''i' k . 
. l= I '-l 

then the prediction error and the expected 

N 

+ L 

(5 ) 

i t~:, 



N 

[t::(\/L,.'+' La,y
k

, ).l.] 
'" i:\ L -L 

In order to mInimize the squared error we set 

() 

Substituting (7) In (8) gIves the equation 
r-.\ 

L<=,. '\ EL'/k' \fk :] ";: ·-··E[YkYI<._~] 
1:1 . -l . -1\'\ - •• , 

i.(fn(I\~ 
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which IS known as the normal equation. The minimum error IS 

t:: . .,.. I:::· I" "l.. -. 
..... • ... L. 'j 1<.. j 

t..:l 

+ L i::'\ '. E [ 'lk '1" k.' J 
L= \ L.· -l 

( 1 (}) 

The cases of Yk being stationary and nonstationary 

have to be addressed separately in taking the expectations in 

a) Stationary case: When y i c a stationary signal, 

Fev v ] = RCm-k) 
'k..:~ 'k-W'I 

where R(m) is the autocorrelation function. Thus we have from 

'5i qrldJ. , 

F ,,= --T 

)..j 

[;:(0) +:2... i:':\tH(i) 
L~ \ 

b) Nonstationary case 

E~ [\!k-~ Y k-
m 

J :::: r.:;: ( k _.- i , k ---ITI) 

ll·jhen 'I is ., k. 

( L,?) 

(13) 

is the nonstationary autocorrelation function 

At time k=O the normal 

N 

~ E:\ l F: ( .. _. i :' "-m) ._- --F;: (0 !' -"'HI) :l( m( t···.1 ( '1 LI '1 ,... r I 



N 
-I L aiF:(O,i) 

i~l 
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Many LS algorithms have been proposed which arrive 

at the parameter·s to be estimated by different means though 

they all start out by minimizing the squared error. 

popular ones among these wlll be briefly outlined here with a 

c:: on \fEI·-· \)E'nc i?:' , c Dr·, \/c~r '-=.) en c F~ 

and robustness to round-

off errors arising from limited word lengths of computers and 

~.2.1 Batch LS Methods 

three batch LS Methods will be 

briefly explained. 

3.2.1.1 Direct LS E'stimation 

We can express the AR model 

Y l_ ._ •• 

T 

Z d· '/k . .+ \"J· k i- \ l" -l 

\/ k. ... i' i· k. .\ .. HI<, 

r· 
L\ L 

I 
,-, 

2-
i::\ N 

1 
-·.f 

Z-k 
L -'.1 

l k- I 
· ... f 
; k-2. 

' . . ' >'f t:.~ 

{I 
[ '. ..... }I ~/ " 

... 
k k-l -

"T [ l:":: -.. - F: 
k. 

f':: 
K-i 

:1 

'l 
1 

k-r-l-l 

f:.: 
k-r- \ + 

J 

J 

( 17) 

( lEn 

.: 1.9) 

(:~:~() ) 
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\I \I \/ )' . l k-z. 7 k-Ii 1<.-\ 

'/ k-2. Y 1<.- 3 
\' 
1K-N_I 

ii .. _. ( 22) 

'l \I '/ ' .> k-r t 
1<.- r_\ . k-N-r+1 

I'" Ie the numbe~ of observations, we can express the 

p~ediction E~rG~ vecto~ § in terms ot the obse~vation vector 

the obse~vation matrix V and the estimated vec~or 

!..J 3. = -

in' pt"'('2d i. c:t: i nq 

based on r' observations can be defined by 

;; \/'" .... ·I--.ia)T (v+ .... Ua ') " =- :.. ;:;::.-

In order to minimize the cost J r with respect to 

_ .. , () 

j!T * 
~ .. } 'y-
- -

3.2.1.2 Covariance Method 

F;~ ( 1 :1 :L ) 
I:;; ( :i. , ~?:; 

t.i'IE~ .... J' J " 
I, ~ ,,;:;') <:\nel 

F:~(I\j~,:l) 

r;: (1\1 :1 :':::) 

(2Sj 



nonstationa~y ~andom \/ , k 

paramete~ estimate vector with the equation 

-I 
.r:;;. ... H -- VJ !~~ ( () ) 

3.2.1.~ Autoco~relation Method 

tl',e 

C)'f 

autoco~~elations. Defining 

:z. _ ... 
= 

F(O) f~: (l ) 

F;~«()) 

fiiet.h(]d 

f~: .( 1"1-' i ) 
F~ «(.1,-:2) 

::I 

we obt3in cne fo~mul~tion of the autocorrelation method: 

~., -I f-; ( () } 
= -

_ is a symmet~ic Toeplitz matrix in which all 

along 0 diagonal are equal. 

24 

the 

to 

Noting the Toeplitz matrix feature of 

the autocorrelatioh matrix, Levinson proposed 

which was further improved by Durbin, 
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the ~ dimensional problem into None-dimensional 

as the PARCOR method because of 

intermediate parameters called partial correlatjoris it uses, 

can be specified as 

-I- J i t~ i.-I 

-. , (l) _._ I..' , 
_co'. l '··t 

;;~,U) __ ;:>,.<j_I) I j. : .. ([-1) 
.. L '-'l .. - r:'L d~_j l<j<i-·-l 

( :!. ... - ki 2.) E:: L-l 

is the i'th AR coe'Fficient of a model of order ./ 
•• J n 

:i. ::: 1. !' ~? '/ " " " 

The final solution is given by 

partial correlation coefficients. 

In some applications where the parameters are to be f 

it. might not be convenient to wait 

till all the data are available. In these cases it is desired 

the whole estimation procedure again. 

new samples become available without solving D.I\,/ o-f 

equations aT the batch algorithms afresh. 
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The sequential LS (SLS) algorit~m uses the matrix 

lemma in order to avoid t:.ht-=~ 

inversion as well ",1'0; supp 1. 'Ii n~~ 

estimates continually_ It can be specified with the iterative 

and 

F' -I 
=k 

F' 
-I 

- k 

F: 
• 

"" 

_ ... ~k 

k 
.. -. Z. 

i=1 

1 
... 

E. 

T , •... \.' c'I } 
L k .:. k: 

(F' \/ V T P 
'= k ~k+1 ':"k-tl = k 

T 

:!'i V· 
';'1 

(40) 

I (41 ) 

Since the denominator o~ ~he second term in the right hand 

(39) IS a scalar no matrix inversion 1S needed to 

With the recursion formula for R 

.. J' .. I 
r\ 0) 

o 

... r;:J (1) -+ 
1. 

r '.r 

j -\ .. J 
.. ')+1 

one can obtain sequential solutions for the covariance and PARCOR 

Using equation (42) with the original equations of 

the methods provides the sequential version. 

3.2.3 Lattice Algorithms 

For AR models of order higher than 6 .lattice 

The lattice formulation is based on the minimization of the 
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fo~wa~d and backward errors defined as: 

"_ N 
'~k - Yk 

N 
)-k ,,- ~):., 

k-N b,v N ' l . k- -t L 
(44) 

and bi denote the forward and backward predictor 

coefficients and i:3.nd denote the +orward and 

backwa~d prediction errors for a model of 

j +.J. :' 

i.:o
• , '. e. 

i< Ij+l) 
(!.. 

V 
,". y-

F;~ 
Ij+l) 

e.-

r' (j+l) 
r 

6. (j+11 

..... 

.. -

._ .. 

. For an AR model of order 

the forward and I'"ef J ect. ion 

":~.nd t< ( 

-- .1+1 
1"-: r 

EC E'" {j)2. 
li.. 

f::- r ,." Ij) 2. 
-- '"' k. 

F r', (j) ...... ~,. k 

J (47) 

J 

".. U) 
'k ::I 

The recursion formula for t.he forward and backward errors can 

c.:, (it-II..... ;;;; I. U) 
~. k .J '" 

I'" iJ' + I) "". ".. (j) 
k ' 1<.-1 

The forward predictor 

/.:' U+I) r' 0) 
. "r k-I 

l::' Cj+I) "" 0) r.e. C-=k 

::.1 , 
~, l Hhich 

equivalent to bt for stationary signals can be obtained from 

[DU~:.; ] 

~:: C'i l U) j ::::0 , ••• :,1····.1 (~32 ) 

t< Q tJ) ( ~~5::::: ) 
e. 

A sequential formulation of the lat.tice algorithm 
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. ,' ... ~. 
-._' If .1:_ ... ,_, Various LS Algorithms 

E~>~ II i bit 

~::~ ~ .. r'O C) ro

' ';:;:. " varying propq~ties should 

c: 0 r": .,,;;. :t ci e I'·· E' c! 1 :i: qi·: t. of the requirements of 

The computational l,::d:tice 

especially for high model orders. Obviously the computational 

operations to oe performed. 

:::.:.hcJv" t 

.() i. (. ,::,' c: l: i .... ::::; 
F' (: i:::' C:: L: I;;: .. 

It " .-" 
.;, ::::. 

~Grd-length machines, 

l~-i (!,--,j 2. / ~~':':) .,;~ j\j 3 / /:J 

ni\!+~~!\i 2. /:2 
n i\I +:)i\j 2.,/::? 

there is no guarantee that 

o·f 

t.he 

with 

th(~ 
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Sequential LS p~ovides conve~gence ~ega~dless of 

wo~d-length limitat.ions. both sequentIal and 

batch a~e the only algorithms found to conve~ge fo~ uns:;tE:tbJ. £0 

models [OG5,JSIJ. 

Basic Concepts in Patte~n Recognition 

t. Ci 

unknuwn sample as belonging to one cfa 

The classification is based on 

CJ L: t. c~. i r"j 0:: cJ 

krlC)!,..:..;n It 

steps In a patte~n ~eccgnition p~oblem 

generates the patterns to be classified, we get the ~aw data 

describing ttle syst.em by means of measurements. At this stage 

l<1. th 

thE! 

a~e t.ransformed into 

space be of low dimension, that the features 

thc~ t:hdt 

allow consistent compdrison 

might. Idter decide thdt. only a subset of the pattern space IS 

in the decision rule. Fi nEIl. I y mu,::;t 



r'll [: (:j :~; LJ F~ F: fTl E~ r-o"I'r 
F:iF'{"CF 

,..---_.-
F' {l'r'r E \:;:1\1 
'::; f::' ~'1 CF 

-;:' , 'I 
.~.~" .1. 
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l:;'"::"'''')l ie-'E:- jj""" ;;}- n "1:::''-'" "L" c: ""I j'''ic,,1 1\1.. .. 1. oJ •• ,,-... W _\.. ..... _.~ .. • ... ,1·. 

PATTERN SPACE RULE 

:i.n pattern recognition 

based on the labeled samples, d decision rule to 

classify an unknoHn sample into the correct pattern clas~. 

recognition approaches it 

the closeness of two samples in pattern 

corresponds to the similarity of their patterns [WM1J. The 

""'n 

a distance function 

i ) 
:L i ) d (~.~ ;' \/ ) .,:' () 
], ;[ 1 ) ci (}~ ~I "/ ) -',- d (':/ ~ >~ ) 

:::" :::::" I Nearest Neighbor Algorithm 

in 

1 :i. t E" I'"~ d t, U I'"~ c: :' the nearest neighbor (NN) algorithm is a simple 

the class membership of an 

is decided based upon its nearest i"ie:i. qhboi~. 
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its nearest neighbor belongs. Different versions of the NN 

algorithm are the K-nearest neighbor (KNNl algorithm where 

the majority 'Vot2 of K nearest neighbors of the un knew·ln 

sample are co~sidered and the generalized K-nearest 

where the total 

neighbors of the s~mple in each class are taken into account. 

Since the NN algorithms assume that t.hf:::> d i <,;t'::<.nCi7? 

samples is a legitimate measure of 

special care must be 

specific application considered. 

II"I pEl t t (:"'21"'\""'1 

requires the computation of the distance from all 

samples to the point in question and a large storage space to 

th€? 

necessary storage space and number u·f cDrnput.::~t ion',::;!, 

proposed a technique which came to be known as the condensed 

nearest neighbor rule. Later, modifications to thi~ technique 

were also suggested. However the common idea is to go through 

samples one by one and 

the sample is discarded. If 

U·'.:'· c., cj as a reference library for later classification~. 

procedure is repeated until either all the samples are placed 
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the reference library or a complete run over all the 

discarded samples 1S done without any incorrect 

classifications. The method is reported to pick samples on 

class boundaries as references and discard the ones that are 

deeply irnbedded in a sample class [PHi]. 
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IV. MOTION CLASSIFICATION 

BASED ON AR COEFFICIENTS OF EMG SIGNAL 

In a myoeletrically controlled ~rosthesis system, 

the EMG signal recorded with surface electrodes is processed 

to decide on the motion intended by the ~mputee. 

the motors of the prosthesis are activated in 

the appropriate fashion. Observing the actu~l performance of 

the amputee can alter the contraction in his 

muscles to create the change he wishes in the operation of 

conjunction with the amputee's neuromuscular 

schematized in Fig.4.1. 

,..-------
jdIDTlJF;: 

ElESr 1"'''---______________ --1 

4. :I. 

conjunction with the amputee's neuromuscular system 

A myoelectrically controlled prosthesis basically 

a signal processing unit and ~ motor control 

A block diagram of the signal processing unit which is 

interest in this thesis is given TI""le 
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DEC I t; I Dr'·1 

HIDCk :oi gn.::~l 

myoelectric prosthesis 

~MG IS first analyzed in order to find 

th(::> ":',iqni;:,l (no·::~i.:. c:!ffic.~:i.f.=:ntl,/. 

1eatures, EMG signals are classified as having resulted 

iHCit i c)n -:.=:!." The techniques employed 1· ,-. . , 

pattern classification vary widely among 

different 0pproaches. 

4.1 Method of Approach 

In the present study we will approach the problem 

eri· classification by estimating the 1 i inb 

directly from the single chaAnel of 

We will not try to decide on the limb +ur·lction by 

means of muscle force estimates drawn from the average power 

ot the EMG SIgnal. Nor will we be concerned with how each 

We maintain that there is sufficient 

in the spectral shape of EMG recorded with ill. SJh 

muscle cross-talk to enable discrimination between at 

three degrees ot freedom. Using a single channel is i~portant 

In the case of amputees with very short stumps or high 
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We 0~sume that the EMG signals can be modeled as 

stochastic autoregresive processes. This assumption is based 

the EMG discussed I I !' 

basically its ~eing a nearly Gaussian and nearly stationary 

process ~or intervals of up to 0.3 s. A suitable model for 

the EMS can be specified by 

, \/ -... 

'k 

Vk is the EMS signal observed th,:=! 
". 

i'th AR coefficient of the m'th limb funttion model, M is the 

number of limb functions, N is the model order and e k is the 

one step ahead prediction error. 

The AR coefficients for each limb 

cJetETm:L r"lt?ci from a set of data recorded while the specific 

function was being performed. In the identification of these 

parameters the PARCOR algorithm of Chapter III was employeci. 

ThE:.: c::hDi cc~ 0+ thIS algorithm was justified b'l 

convergence for the model 

sample size 3nd Nord-length of interest. 

In limb function discrimination th,:~ 

parameters of the recorded ·::::.i gildl were identified, 

again with the PARCOR algorithm, and compared to each of the 

C)-f 

ciifferent limb functions. The comparison was bdsed on the K-

algorithm employing the 

distance measure. The reference library was c::ondensed with 

the K-nearest neiqhbor rule in order to reduce the number 0+ 

refErence coeffi=ient sets to be stored 
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computation speed by reducing the number of comparisons 

required for each sample. 

Fig.4.3 shows the basic steps in classifying an 

unknown EMG signal as corresponding to th~ desire to execute 

one of M limb functions. 

l ::: '·.;11::'1 11:::··[ C·' :.: or· ... 1""11\1 I f\ ._. . ~I \ .I .... . 

1. I (1 I" D COi\l\/EPS I ONI 
~ 

AR IDENTIFICATION 
(F'(:,f~:cm:;: ) 

PATTERN CLASSIFICATION 
(K-NEAREST NEIGHBOR) 

1") I:~- r-· .~J. i:::; .[ ·-1\1 ,_ ._ .... , .. _. u 

Figure 4.3 Block diagram of EMG classification scheme 

4.2 Experimental Procedures 

In the implementation and evaluatlon of a system to 

classify EMG signals with the above approach, 

silver-silver chloride electrodes. These signals were fed 

into the differential amplifier of the PhySiograph MK-IV-P 

manufactured by Narco Bio-Systems. th::~ 
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universal coupler as it is called, has adjustable gain up to 

four high-pass filter settings of which 10 kHz 

used. The output of the amplifier was fed to the computer PDP 

11/23 of Digital Equipment Corp. after being digitized by the 

12-bit Analog/Digital converter. 

hCDlt.hy 

The electrodes were placed at the midpoint.s of 

thc lines connecting t.he bulges of the biceps and triceps 

muscles in order to maximize cross-talk. 

A series of 15 experiments were conducted for 

limb function to be classified. In five of these experiments 

the subiect started from the rest 

sustained the contraction in his muscles for 

In five Qther experiments~ he started from rest, 

a function and returned his arm to rest. Thl'.? 1 a.~::.t 

five experiments started from a muscle contraction and 

returned to rest. In all the experiments the subject tried to 

apply the same force in his muscle contractions. 

experiment 4096 data points were colected over a period of 2 

The EMG signals were sampled at a ra~e of 2048 Hz. 

concerns in the selection 

concerned the higher 

frequencies was Nyquist's theorem stating that the sampling 

a signal should be at least twice its highest 

Lower trequency considerations can bs 
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I J I " it 

coefficients are a function of correlations with 

up to N sampling intervals, N being the model 

For the same model order increasing the sampling rate 

V-Ji. 1 ]. 

each other in time to be taken into account. 

in the signal will be considered and components with 

be 

the low and high frequency constraints, 

that the lowest samplIng frequency permitted by 

Since the EMS signal 

considered to have significant components up to 1000 Hz, the 

sampling rate of 2048 Hz seemed adequate. 

The major concern in selecting the model order was 

class separability. Theoretically the model order should 

infinit:.\, 1n order to model a process efficiently [DG5]. 

it is obvious that discrimination is nat possible 

H:i. "I.h u+ in-firiitp Dlo ·c!f.0r· and SOfiJe tY-Uilcat ion 

A test for the validity of the truncation is to 

chc'ck i+ the resulting prediction ~Jh itt? 

practical test 1S to check a~ f6r Nand 

:.j.+. :L i<N don't change considerably with increased 

N can be considered to be adequate. ThE:I'-£.'! :i. s a 

+ DI'- ili·.:.l J Cl .. ·· i tc:'!"·:!. un given by Akaike fDr ·f:i.ndinq t.he C)P t i mum 

This criterion is reported in [PD1] t.o 

the EMG 1S motion discrimination i:"J.nci not. the 
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reproduction of the signal, the model order of four which is 

reported in various studies [DG4,JS1,PD1] to provide adequate 

class separability was chosen. 

in order to eliminate any offset arising 

amplifier or the ADC. The EMG signals were analyzed in frames 

c} -f n,ese frames were designed to 's1 i dF2 1 cI:2 

~amples each time so that consecutive frames had 64 samples 

bE?:lnq c::C)niplE~t(~~ly cii'::;jC)int .. Thi.s 

IlrUllul',I.I!.I ill 

the estimated parameters. The first and last 128 points of 

each data set were discarded. 

[11'1[; flL::\j Uj'" pl'''ub:l. Qm E:!ncuuntt:~I'''ed in thE' <:\['\;;:'-1 \'<:;;i ~j Cl-f 

the EMG signals was thQ detection of the starting point of 

the:: cncJt:ic}n" Although it 1S reported that the signal variance 

the zero-crossings are features carrying information in 

and even in determining the type of mDtion 

these parameters. However noting that the AR coefficients of 

EMG data recorded while the arm was in a resting pc)<;:;i t, inn 

apart from the coefficients in 

coefficient space than those identified for other mntions, we 

devised another sdheme to detcct the starting of eliot}, on • (J,Jf2 

f Dr p05"~i t i em 

AmDng- th~se models, we selected average values 

tor ~ and a coeffiLients. When we filtered all signals with 

the filter described by these coefficients, we found that the 
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value or the total squared prediction error In thi'::! 

a rest signal was exceeded by far when 

corresponded to the execution of any of the motions. 

the rule to locate the beginning of the motion 

in v.Ji th 

.q i \fE.-\·;::; plr·ed i ct. ion E? r " .. 0 1·-- t.he 

Our experiments showed this 

rule Horked accurately. 

grasp, wrist flexion elbow flexion , wrist supinat.ion , and 

In order to qet an idea of t.he distribution 

c:-f thE2 '-,")--

plots were made for the ident.ified coefficients. 

Sinc.:e the coe·fficients identified for wrist SI.JP:i. n ,·~t i en 

pronation we~e too dispersed in the coefficient S-p-::ice 

t.o 

d :i. S':·cr- :i. rni. n.::~t ion ThE,' 

hand 

and elbow extension. 

V, i. th -I:. hc~ of 

Each point on the plot is the 
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-I). 9 Bc.897:. O.4135Hl -(1.17B1272 4.%72585£-02 
-,v.9~308B1 ,. ....... /I ....... ...,C' 

1I • .}iV,IJOoJ -(1.1411104 2.2664343£-03 
-ij. ~b02():J. 1).3497936 -0.1850980 B.2899317£-02 
-1. (,30111 0.431,)451 -0.164(,3';0 5.4973706£-02 

_. "1~' ~'." 1.1. T I .}OJI;~ 0.3203971 -7.5177759E-(12 3.7194159E-02 
-0.99,)1525 0.2519591 5.<1375257£-02 -8. 6420745E-02 
-1. 033489 C.3749804 -0.1015270 -0.1097595 
-1. 205060 0.5341441 -0.2260433 7.1972273£-03 
-1. ~0460~ 0.3640381 -0.2035818 1.8573069E-03 

-0.9606115 0.2372181 -7.8707826£-02 -S.9341472£-02 
-1. 055807 0.3719173 -0. 14 (l7399 7.2053154E-03 

-0. '1460234 0.3372313 -4.9495578£-02 -0.187b967 
-1. 049'11 11 0.3994274 -0. 12507S6 -O.106804(l 
-1.125023 0.4724110 -0.2027663 -8. 1809446E-02 
-1. 098674 0.3520922 -(1.1640715 -2.4301369£-02 
-1. 013338 1).362048S -(1.1216763 -9.5656910£-02 

Table 4.1 Sane AR coeffici~nts for grasp notion 

-1.10(1764 0.254090B 9.1451424£-03 3.1072866E-02 
-1.150224 0.4006451 -4.4933207£-02 -2.2423Ql0£-02 
-1.039038 0.3949793 -0.1015580 -0.1173470 

-0.9453627 0.2813032 -0.1630174 -9.2548765£-02 
-1. 279399 0.53827b0 -5.2845418£-02 -8.206B607£-02 
-1;227702 0.4852079 -6.9364890£-02 -8.3742306E-02 
-1.230392 0.4987342 -0.1632297 2. 8145600E-02 
-I. 392853 0.7240800 -0.1418037 -6.1277784£-02 
-1.204365 0.5662515 -0.20(12968 7.2724566£-02 
-1.214135 0.6623532 -0.4670208 0.2611093 
-1.11513'1~ 0.4289446 -0.2591258 0.1724766 
-I. (i89047 0.3361954 -2. 9212534E-02 5. ilOu587E-02 
-1.16331;5 0.48533U -0.lb94197 0.1030014 
-1. 239348 O.622Q927 -0.2541445 0.1169202 
-1. 2640B9 0.6329623 -0.2091307 7.6514594£-02 

Table 4.2 Sane AR coefficients for wrist flexion 

-1.4i4376 0.6926787 -~.1272859 6.2175255[-02 
-1.518281 O.a6585CIO -0.2254037 0.1062493 
-1. 452807 0.8047669 -(1.2137695 0.1314627 
-1. 400%2 0.8123088 -0.336%31 0,2511925 
-L 337743 0.3057746 -3.4845658£-02 7.5522619E-02 
-i. 335898 0.1868511 0.2318017 -6.3675337[-02 
-1.B6910 O.28H4~4 0.2418235 -0.1019114 
-1. 420795 (i.4612981 4.1054849E-02 -4.0890023E-02 
-1. 557871 O.712978~ 3.8592875£-02 -0.1383368 
-1.477771 0.7665421 -0.1933352 5.3932574£ -02 
-1.393'165 0.6151355 -6.7743503£-02 5.91 87304£ -02 
-1. 418(i21 0,5595306 4.7464103£-02 -8.5382022£-02 
-1. 002964 0.9286942 -0.1865969 -1. 4500367£-02 
-1.617356 (1.7475978 6.9310173£-02 -0.1300564 
-1. 557404 ,). B()26699 -0.1381874 -3. 1776302E-02 

Table 4.3 Sane AR coefficlp..nts for elOOw flexion 
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of the identification run for a frame of 256 points 

during the execution of the motion to which the 

point corresponds. We comment that our results show much less 

c 1 1 .•• \ <;;:. t. t·:? 1'-' :i. r", q of class members than report.ed in [JS1,DG4J. 

:i. inp CI'-' tan t. . . I' . t c In t.'"IIS 1'2', ·-.11f'.~ 

The 

In subject. t.raining the subject is shown visually 

the model parameters that result from the limb functions and 

is asked to perform t.he function so as to generate repeatable 

separable coefficient. set.s for each motion class. The 

training IS discussed in 

DC14,.JE;i.:J. Other reasons for t.he high degree of sc. '''!.t. t f:.7!\~ v·je 

may be the absence of preamplification and the 

inadequate selecticn ot t.he elect.rode locations. 

claimed by Graupe et.al. that sampling frequencies about one 

+iJu\~t.h Nyquist rate provide much cl a~,s 

In order t.o evaluate our approach we divided DU(" 

data into two sets: the design and test sets. The design set 

C D "j :::; :i. ~::; t: E: ci of three experiments for each 0+ the three motions 

Two of the experiments were chosen, 

a(non c.j the five experiments where the subjects started from 

a limb -function!. and sustained the muscle 

cDntl" dC.t:l un" One was chosen, thE? 

experiments where the subject started from rest, 

function, and relaxed his muscles. The design set was used as 

the reference library containing the labeled 5i:1:Tifl 1. (25 .. EEI.en 

where 4096 data points were collected compr :i. ~:;E,d 
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f I'· ami:::", thEit 

contained motIon depended on the way the subject 

the limb function. 

The classification of the limb functions were to be 

realized according to the K-nearest neighbor algorithm. Since 

thIS algorithm requires the comparison of the test sample to 

the reference points, redUCIng the size of t.h;:2 

1. i bl" 0\1"',/ thE' c ornpu t dt i Uf'\ c:i 1 

th€2 

to reducE' thE' library size without 

compromising the informat.ion content., the condensed K-nearest 

This algorithm works on the 

principle of cldssifying a sample with the current 

th0 sample to thE' if 1::.he 

c: ]. i?. ":;:i :::- :i. "\:: i c ,::; t i c)n tUI"'n's C)ut· to b':2 incor'r-f2ct .c3.nci di·scE.r·cJin';J 17.he 

CiUI" condE'nsing routine started with a 

m.i. n i. filEt 1 library contaInIng !<:"I-1. 

coefficient sets, chosen randomly, for E'ach motion class. For 

each experiment in the dE'sign set the following procedure was 

Each frame was first filtered with the rest 

filter. If the resulting squared prediction error summed over 

the frame was above the thrE'shold value, n\(-=.'E:t.n i nq that tilL! 

frame corresponded to motion ot some kind, 

i~,t classifying the frame with the present 

As in the final recognition scheme, 
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ADD FRAME TO LIBRARY 

Fig.4.7 Steps in condensing ~efe~2nc2 lib~a~y 
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as features and the Itakura-Baito distance 

If the decision based on this algorithm, which will 

y .}~ 
.1. I the AR vector identified for t,h'0~ t. t:=,;;t 

is added to the reference library. This procedure IS 

,':,11 the frames that are not In th,:c! 

library until either all frames are placed in the library or 

L, D t, h Ff! 1 i h 1"" ~;\Ir' y • Fig.4.7 Dutlines the basic operation of t,he 

Table 4.4 gIves the reference library 

built by the condensed V-nearest neighbor algorithm. Fig.,4.8 

The test set consisted of the experiments that were 

In classifying the members of 

the coefficient sets chosen by the 

v-.J':\ ,:" Th€~ d i ':::; t E,[1 c: E 

was a form of the Itakura-Saito distance and can 

v (~: c: t, U i~- CJf 

m'th motion, ~ IS the AR VEctor identified for test sample, Y
k 

d D 
{..,fV\ is the distance of 

coef'0icients are looked up from the reference 1 i b I~ EI.I'· '/ 

Pt-f~c:1 i ct ion 
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Taking 

logarithm amounts to taking a geometric average of t.he 

r"; r" '- -. , .•...••• ,-, .-" -j' . .-- ,,- -.. .- .- •.. n ·t·· .... ;j ,: - ~ 
\ . .I.J. "'(.<::lIILc.o" \. 1,,/1'1". Hc::.'. t." LUIII~ .. U _t'.7c. , e!1 

, Rheing the number of references for motion and 

M being the number of motions. 

K distances were determined. 'fh E.'! '':~Ui'li of 

distances represented the overall distance of the test sample 

to the specific motion class. Needless to say, II d i :=;.t.clnc:E~ il 

does not refer to Euclidian distance here, but is a measure 

of the similarity between the test sample and the reference 

These overall distances computed for each class are 

again compared and the smallest distance is determined. The 

class which generated the smallest distance IS decided upon 

as the motion that was being performed whIle the test SIgnal 

The basic steps in motion classification are 

~:. c: h ~:~ I'll D. t. :i. ;;,.: C~ c:i in F:i. q. ii·" t'!' u t.hE' 

For example, instead of taking the logarithm 

of ~ terms with the same denominator and adding these up, t.he 

the product of the K numerators were computed 

and K times the logarithm of the denominator was subtracted 

ifiOdi + i cati Uf1~~ 

computational advantages and don't change the final results. 



(\lEX'! 

hit:>:'/" 
r-::Lf:'L,F:L.hiCL: 

NO 

I"IUT I Ui\1 

NO 

FIND 

FILTER WITH REFERENCE 
FILTER OF MOTION 

CALCULA'fE DISTANCE 

cl'" 1 0';:1 L. eL,'; 
L. e. 1.. 

Ie. 

ADD SMALLEST K DISTANCES 
TO FIND d 

CLASSIFY TEST SAMPLE AS BELONGING TO 
t'lCn' J OJ'\) t,! I TH ~31"'Ia!.:iI,-LEf3T f) I E;H\NC[ 

Fig.4.9 Steps in the classification of one frclme 
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'esults obtained ln the classification te·:3t·,,; 

:o--L{n 
In 

The elements in each row of this matrix 

show, as percentages, the rate of deciding each function when 

the true function was what is written in the left hand 

C:)+ 

As would be expected from the scattered 

our classification didn't ,_., '1 \! c::s 
... :..i ......... \...-

as good results as claimed by various authors [.:r~3 i :' Ol1if :' DD 1. :J • 

want to emphasize the role of training in the 

class members and thus the performance of 

classification rrocedures. 

j"-iU'r I LJi\! EL.E:DVJ FL..EX I CJi·,j 

1. :i. • 0 

Figure 4.10 Confusion matrix for 3-NN algorithm 

the search for improvement 

:;;moot: h 1 ri q the? 

The block dIagram of th:i. ':;, pr- oc::e:;;:,':::: 

which resembles median filtEring 1S given in Fig if.l1. After 

two decisions had been made, each decision was altered by 

the decisions made for the two previous frames 

The decision was made on a majority vote of the three 

recent classifications. The main a1m in applying 



NO 

TAKE THE MAJORITY VOTE OF 3 DECISIONS 
DECIDE ON THE CLASS WITH HIGHES'f VOTE 

j:'n I t",JT DEC 1 S I (J1\l 

Fig 4.11 St0PS in classification with median filt~ring 
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this procedure can end up in eliminating occasinal 

Th :i.·:::; iJiE~i::. r·: c)d 

.:.::' delay of one frame in the case CJ-F 

1 i mb 

,;. :::-. pUrpOS'i:2·:;> 

against the improvement obtained. Also such a delay 

insignificant when compared to the time constants of the 

mechanical drive. The confusion matrix obtained for the same 

reference library and the same test set evaluated with a 3-NN 

in 

Fig.4.12. The results reflect an average improvement of 5.1%. 

j'iL)·r I '.Jil 

47. 1 

+ i .I. \":.(01'·· i nq 

l';':' .-) 
,_.l n .'::. 

ELBDVJ FL..EX lUI\! 

() 

o 

was also run with K=l in the t:::hll\1 

This value of K reduces the al.gorithm to the NN 

The results obtained in the 

confusion matrix of Fig.4.13. The same condensed reference 



56 

iLCf 

() 

Though performance is somewhat impaired for wrist 

desirable change as it brings more symmetry on the confusion 

and decreases the bias towards wrist flexion in case 

The NN might also be ~referred to KNN as it 

requires less operations per sample and, 



57 

J,).. CUI\ICi .... US I fJN~~) 

Ln this study we have shown that there exists in 

the: Ei'lb s·u f f i c: :i. f.:::n t. to 

three degrees of This 

information can be extracted from the AR coefficients of the 

with the K-nearest neighbor ornearest neighbor 

cie>c i ~:;i on ~.-. U,], t·:~ ::: ... U~;i nq 

an overall success rate of 80.4% for an untrained 

Employing mediaM filtering in the classification 

routine introduced an improvement of 5.1%. 

i r·j our study has been limited by the 

absence of subject training. With subject training and thE! 

use of mure> professional equipment In data acquisition, we 

expect considerable improvement in the final c:: 1 ,::.. ',:;~; i + :i. c El. t.i. Dn • 

electrode locations, .'0; i:'i.1TIP1 i f""ig 

frequency, and model order are aspects to be investigated for 

D i + -F E~I'- E'n t. 

i ·f 

discrimination success or speed. Various values 0+ ~ In the 

p C) i II t ·;,c· t I-I ,., t. c: E;\ n b €:.! e;.; p ]. U j' .. e cI .. Considering the total d i s:.tanc::e 

i::\:I. <:;;.C) bEt. , .... :i. F, c:I .. 
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Safety threshods can be introduced to prevent a 

c1 ~:~ c: :i. ':::i .i. 0 n to be made unless the similarity between the test 

sample and the reference is below a predetermined level. Note 

+ 1~U.~:~t 1""" .3.t :i. ng 

the amputee than performing no fu.nction 

statistics about the occurence of limb functions may be 

enhancing speed and accuracy by causing only the 

functions with high probability of occurlng after a certain 

function to be considered. 

<::I.ppl ic,=:.~tion 

classification scheme proposedis the control c}f 

prostheses or orthoses, in future studies emphasis should be 

p:l. i:lc(:::d o r'\ p :.-. de t :i. c: c:l.l ThE' 

15 obviously the on-line operdtion of 

In the design of a anthropomorphically operating 

it would be desired to increase the degrees 

cf freedom that can be controlled. Information about the 

forc~ and speed of the motion to be executed would 

:i.n q practical system. moti ons!. :i. • t-:: " 

problem the classification algorithm has to be 

Transitions between motions where directly 

after the execution of one motion another is intended without 

returning to rest position in between have to be dealt 
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Power consumption. physical size, and weight of the 

electronics are other considerations the designers will be 

concerned with. 

The application myoelectric motion 

classification can also be extended to the stimulation of 

paralyzed muscles. In such a system, according to the motion 

information extracted from muscles, the paralyzed muscle is 

stimulated in a certain manner. If atrophy has not occurred, 

the external stimulation causes the contraction of the 

muscle in accordance with the intended motion. Obviously, 

this application calls for a deep understanding of the 

behavior of muscles. 
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L. 

~ H RGUTlt~E TD CJi~LE:~5E THE REFERENCE LIBRARY OF 
K-NEAREST NEIGHBOR ALGORITHM 

L Tois rQ~Iine get5 the data irom a disk by calling thE subroutine 
;E~r wnich provides 6 4096-pGint Z2(D-ffi2~n data series by mE~n5 

C oi the (GillffiOn are~ SAMPLE6The data is analyzed in sliding frainES 
~ of 2~6 oati PGlnt~.E~[h frame shar25 64 pOints ~ith the prEvious 

L Eacr~ frd~2 15 first t2sted for motion by filtering with the fest 
.. tilLE,', lrlni' r"st Hlb::rglYesa total squared prediction Hror 

abOV2 the preSEt threshDld value THRESH, it is cDncluded that the 

'-

fr~ffi2 CGrF2S~Qnds tD sale motion. 

For fr~ffies [orrespGnding tD motion, ~ classification is fuade ~ith 

ttle chf(2ntlj a~2ilable reference library which is stored in the 
iirtual ~ejLory under thE ~~ille VM:REF~LIBI The classification is 
bised on the k-near~5t ~2iqhbor algorithm Elploying the Itakura­
S~jtQ distai1ce n!2aSJre. The AR coeffici2nts of the frame and the 
rEsitual en~rgr i5 cOfuputed by the subroutine AUTO iffipleleoiing 
tne ?~RCOR algQrithm~ SubrGutine MOTIOtJ COffi~utes the sum of thE 
djst~n[ES of the k nearest ~eighbors Df a class to the test 
:;.;jiilple. hl:JCrng tlie [Dta) di st,jnc2s cObpuI£-d rDr each c1 aSs: the 
sffi~l~est is det2rffiiG2d~ The fraffiE is classified as belonging tG 
liiE ;Holion cla;:i that has ge!'J~rated the s·Jjalle=1 distances The 

L th2 'r(~11e E-It-1H=I:Ls 2{E tranSfe-fEd tD ihe subproJ~{a£cs by thE 
[D.nl~Dn d(e~ F~~iiE~ The distance; ~nd the rl~i~be( oi refEr2ncE~ Gf 

i. Ii the ~la55!+i~atiGn is CGr{Ect th~ fr6ffi2 is tEilip0rarily 
,jlsL:,JxdEG. IT tL2 c16ssi'iication is inCO[fELt j the Siiiliplf' 15 

c 

,. 

" ~ . 1 

f2t2feOLE ll~r6{y or a CDilip12te r~n 

th{l~L1Gi! the 1r"1iit::', that arE not in the library'_ 

--------------------------------------------------------------------------

CG~i!1QN.!DSTNC:DISTG(10;,t~~10} 

COMMDrJ;FR~MEjXi256( 

D1 iiENSIDn ;T \ SI ~ hE \51 ~i:f2 (1i)':= J NIST (1 (!j 

.-.. -. 'c'., ,. 0 ",~I.- -.-. 

J.,JU .ifb 1:':~ ,j'iLLr.~:l 
,,'?,--r ''C •• -r. i ';: 1 \ i : :::'1) 

:ffi~tlDn threshold 
~~ ai ~ea{est 11eighoors considered 
!# of motions to b2 classified 

~tiffiES ffiotion is decided upDn 
fl.' COhT I1~wE 

!'I'FE t~ ~Eln'Eh 1~·[JTIO;~ HI'.D FILE #;t 
;:CEFT ~,MSAM~IFILE 
, . .- ""'.- .1..., "." .. -.... ", .". 
liKc.L::rl~HfI't l..i)\)\) ~rE[Drd 5~OHi11q lib S118 iGf illotion 
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''''.~~ ..... :''".,...-: T -:,... • 

lp.t.;"'Urdj~l.:..;:=-l ; 

L ~E~E~T 7iiE CQNLEi~SING PROCEDURE FDR E~CH FR~NE 

,..... ,-...... , -rot"' ... "'" , ,,:-Or'.,-,;'.:"'" 

i'fr't *,' ti":iii'lc'=' ,i~rnMnt 

l~BEG::~NFfihHE-l)A192+129 :iran-Ie bEgins 
NEND=NBEG+255 iirame ends 

~ TE3r IF THE FR~j1E fiEP~ESENTS MOTION 

A ;Ii=S/;N(NBEST1-l} 
,:",,:<",,_ '" , i', ,r·! 
tf\n-A~i)-::',JJ 

TOTER=10TERrERRiERfi 

~fills rrai7Jt:: 
~?r2dictiGn error 
~tGtal prediction error Dver the iraGl2 

~~ CD~TINUE 

riFE t: ~;:Gn BE:.T TOTAL ?RE[,ICTICli Eht;OR=~, TOTER 
IF iTOTERILT~THRESHl GGIO 1005 ~checks ffiotiDn threshold 

C I~ C;SE OF ~OTIGN TRY TO ~~~E ~ CL~SSIFICATON 

-
L 

!rEC shohing last fee 10 area ~~2r2 

iile I a~j frame I are recordEd 
for frai~s lraosfered to ref lib 
ror Ea.ch illDtion 

RE~D(3'~;(EEP)~~2(I~SAM) !NltHSAM) is the last fee 0f ~rea 

jiOFF:.:N2;1-';E.rif!j-(hShNt3;!i'2~;(}(i ~end of arta for pfE'viciUS aiDtiGn 

EE~G F~LE ~1~D FR~iiE N~MBEfiS OF REFERE~CES IN THE LIB~ARY 

~l!~D CHEL:f-., IF THE"i ARE THE ShI'tE h~L THE ONES FDR THE CuHRENT 

IF \IFI.;tE,IFILEJ SOTO 4 

lF ~hF,:~E~l{FRh;'JE) 80TD 4 
~'{FE f,~Fk~ME ALfiE~D~ IN LIBR~RY~ 
GO-;-Q Ii/d; 

4 CDj~TIWjE 

'. 
COMFUTE THE ~R CQEFFICIEiiTS OF THE FRAME 
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L FIND THE TOT~L DISTAi~CE5 OF 
l THE ~-NE~~ESI ~EIGHBORS OF EACH CLASS 

L 

..... 

DO 25 i10T=1~NCLA5S 
C~~L :1DTIG;~(~LFH~,(~EAfi,MGTj 

T'r'FE 1:,~. LI:3Tht~CE OF CM)::H HDTID!~ FR0l1 TEST :Jt!MFLE: ~ 

l'IPt t~ (DIST3tI) 1 I=1;i4CLhS5) 

~Il{~ THE i~E~REST CL~SS 

S; COMPARING THE lQT~L DIST~"CES OF ALL CLASSES 

riOT ::1 

duT::] 
~~ CCi1TINUE 

i'iiSl (i'iOTl=ijI5WiQT);-l 
i 1 tt: t 

fiPE ~,~I CL~S5IF{ S~MFLE ~S &ELONGING TO MOTIQI~~,riOT 

,-
c TEST iF TiiE CLriSSIFICiiTliJii IS CDRReCT 

L IF THE CLriSSIFICtiTIGH IS l!JGORf1"ECT ,MuD THE TEST S~iiFLE TO 
l REFERENCE LIBRARY 

-,.'J 

Ti"FE t,'CL~SSIFIC~rIG:J WAS il4CQRRECT SO I~)M ADDING S~iiFLE 

110 REFEREI~CE LI~ OF ti01ION' ~MS~M 
DO 35 ==1~ 4 
~)xS~hj=N;MSAKl~l 

!r2cord last record 

~~cc~£ FILE ~;40 FR~HE * OF S~HPLE PLACED IN LIbRARY 

~;;ITE'3'i~2(~SAMj~NFfiAME !record fr~me i 
,~Rl iE \=,~ i·i~ .. EEP) :'~2 ~;1:::hN) :rci:Dtd last rec 

~G10 TiPE t,'CL~SSIFICA1'IO~~ WAS CORRECT SO I~ 'M TEMPOR~RILf 
inISC~RD]NG S~MPLE' 

GOTD 1;)1() 
T'/FE *,~FR~!iE DOESN~~r CONT~I;~ MOTIGN' 
.-..... , .,-T,;.,,... 
LLH, i l'!~ut 
.-•. -..,- :;:.IT'"";' "'t. 

LUjjL ~ Lli'L. ! ;:,,~, J 

riFE 1', '''LECi-:,IGUS FGf1 E~CH liOTION CLASS~' 
l'irE t.~ tl~;"'il~,T;l;}I=l~I'~CLHSSj 

ST;jp 
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L-----------------------------------------------------------------------

L ~ SUBRQUT~NE TO TRANSFER 4096 ZERO ME~~ SAMPLES 

C Thi5 subroutine fead5 data froffi the file VM:DATA,DAT in thE 
'~'irtual ll!fn:Wff~ It calculw:r.:s the de volue and subtracts it froB! 

~ each d~ta point~ ;t also calculate5 the variance and the 22(0-

C ~?·s~sjngs. Th2 dat~ is lransfered through the COffiffion arEa SAMPLE 
L t~ thE c~111ng p(0gr~ai, 

INTEGER*2 IAi40~6) 

CG~MOiJ!S~11pLE;S~H(4096) 

OPE:~iUNIT=2,N~ME='VM:DATA&DAT'!T;PE='DLD'JRECORDSIZE=If 

lACCE5S='DIRECT'j 
DO 10 1=].,2048 
J="::t" 1-1 

EE~D(2'I.:I~(J),IAlJtl} 

S~MiJ)=FLO~T(IA(Jj-204S)j:048, 

10 CON1lNJE 
C.LGSE:;ufHT=2) 
L·D 2(; 1=1; ~;)76 
~C:=DC +StiN ~ I j 

SAie! (1.1 =ShM (I) -DC l ;ubt,( 0;[ t tfl0 de 
\iHR='.;rl~+Shh \l i "3Ml\! i I [51 cuI ate thE "ari anee 
IF ~jrll'1il)iS~N{I-!).LE.I).) IZC=IIC+l ~calclilate the zero-cross-inq:: 

~,) CONT1NUE 

'~RITE(71~)~ GC'=)IDC,l ~/riH=:~!';HR:.~ IC=~,IZC 

~,ETJF:l~ 
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;UBRCUTli~E ~UTC;[~,~,!1,~,ALPH~) 

'..> Inputs: !-i-a Dr data pDinis 
L j;~l-Inpu[ d6ia sequence 

N-Order of filter(H(21) 
C CjLtp .. d~; ri-FiltEr coefficiEnt·:) 

L 

ALPHh-fi2sidual ellergt' 

DlilENS1GN ;':i:i.l~M{l'! 

DIMENSION R~31),RC(5} 
i"lF =ii~'l 

I1J 2~1 t~::.l,NF 

Fdr\,i =0& 
Nl<=f~ -t;'."t 1 
DO 1(1 Uf::l,iiK 
Nl=NP,i(-l 

10 CONTI~UE 

~J CC{JTII~UE 

b.Cilj=-R{2)/R~1} 

~LPH~=Ril~~R(2)~RC{1) 

DO 5\:i i, U~C::: 1 ri 

DO 3!:~ IF=i,MINC 
Nl=iiliiC-IPi-2 
S.::S+~: ~fJl }T~: f IF) 

RC(KINC~=-S;~LPHA 
••••• , .... 1"1 ,-". 

nrr=jlll.fi..!/J."ti 

rlU ~~i IP=L.,rlH 
IB=riINC-IP;-2 
~T=A(IP~+RC(MINCjtA~IB) 

RE-r J!=d~ 
COf~111~UE 

~F:ITE (7, '119~J 
~9~~ FO~MAT(lA,~ h~RNING - SI~GGL~R MATRIX - AUTD~) 

liFE t,'ALPHA=',ALPh~ 
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~----- .. -----------------------------------------------------------------

C t"i SJBRDUTlj~E TO CtiLCULATE THE TJT~L DISTANCE OF THE K-UEAF~E3T 

~EIGHBCR5 OF THE MOTIG~ CONSIDE~ED 

C This ;ubroutlne recei.25 t~e elements of the frame throGgh th2 
C CG~00~ arE~ FRAME. A set of ref2r~nce cDEffiejeGts are read fro. 

ltd? rcfe(EliC2 library. ThE: (Gtal ::quared prediction error 
that f25Jlts ~hen the iralli2 is fed to the filter with theSE 

L. CC<r2rrlcienL~ 1:. Calculated. The prDcedure is repeo.t2d tor all 
C reT2reJj[[:i cGf:fficient sets feq·· lflt: motion in question. A/hong 
i... th~ 2£'(;](5 LdJculi.1L:?Jj fD( all refErences, LhE' K 5itiallest orles 

~rE d2t2r~ineo= ThESE arE i~ultiplifd Gut and the logarithm is 
tdke~. FrOili tillS qDalltitl K tiili2S tilE logarithm 0+ ti1E p(edicliG~ 
e(i~O! I calc.iJlat~d ill thE idefltificillion of the frariie, is 
~uDtf·acted. This yieldS tile Qv2rall distaDc~ of the f(~iliE to thE 

~ particular ffiQtion class~ Tt!E D~e{cl]l dist6n[E oi the (125£ 6nd 
the last record for the ~JtlOi; in the r2f~r20ce library is 
tr2!ll!:tE:rf:'D t.o trl2 ihidn progr clli by· ttle LGkJj"{IOn area D5Tj·iL. 

L 

c--------------------------------------------------------------------------

C[.;·li'IG,i4J :.lSTliC/Dl 3TG \ 1 (i; 1 n (1 ;~!) 

DIKE~SIGi~ TDTERi200;tAR{5},RMlr~~10~ 

n~ ~ 1 } :: i. 
~O 100~ ifiEF=ltIL~ST 

:r~c SODrllng last Fee for !~otio~ 

!read 16st r~( # 

L ~EAD ~ SET OF REFE~ENCES 

-
L· 

:'05{:~~1~4 

IREf,D::r~DrFTr:: 

C~LCGL~TE TDT~L PREDICTiON ER~DR FO~ EACH fiEFEfiEt4CE SET 

thr;=U, 

I; J }) j~ = 1 j 5 
ER~=ERR~~R(()*i~I-~Tl) ~predictiDn error 

TD·jER~Ir.:EF>:TGTEh:,IF~EF}+E~R~;EEh !to[cil squared p!-edict~on Er(G( 

~\; COh T 1 NUE 
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'-

Fli~D f~ ~E~~EST 1~EIGHBG~3 

fiJ 1 j:: 1 : KNE riR 
R~I~t~iJ}=T~rER(J) 

DD 1 l=J+l: iLA"3T 
IF \10TE':;':IJ.GE.F~t·jINiJ}:' GOTD: 

...., .-.. :.,. ~ ~ '" .. -
L-LJd I i.NUc:. 

~ove{~ll distancE of lliGtion to fra~~ 
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-L-----------------------------------------------------------------------
~ FiGU1T-;E ID CLASSIFY Ii SiGilAL 

~ ~ITH K-NEAREST NEIGHBOR ALGORITHM 

C This P(Og(~ffi [1~ssifie5 test fra~es as belonging to certain 
~ ~Gtlon c;as5Es ~Ith the K-Nearest Neighbor algorithm. The data 
L is rE~G {roi 6 disk by calling subroutine READ ~hjch trinsfErs 
L ~0S6 22{O-mean data points through COiliffion arEa SAMPLE~ 

L Th2 datd is ~nal/22d i~ 2S6-point framES which overlap by 6~ 

pGiGts. ;~S saaple5 ar2 di§c~rded from beginnin9 and 2nd. 
L Each f(a~2 is iirst tested for motion b, I~eding to the fest 
c, Til Ler. IT tilt: r~5uiting prediction erruf is abDve the 
L thre~hQld ~alJe TH~ESH, it i~ conluded that the fraille [Ont~in5 

L For E~ch fraili2 cDnl~IDi~g fuDllon, lhe ~R coefficients and thE 
f~Sldubl Erlerq~ are (G~puied ~iih the 5ubrGutinE AUTO~ MOTI~!~ 

s~broutin2 [Gill~ut25 the Q,erall distancE of one motico to the 
t~st fr~~e. First thE fra.e 15 fed intD filters described by 
e;ch of thE reference cOGfficienl sets. The lotal errors are 
com~utEj. lhe ~-s.ilIE5t ones ~re determined and ffiillti~llEd GJt. 
~·tle lO~drlthffi~ are taken and ~ titheS the logaritha! of ttlE 

~ ti:5,aUai ej;~rgj is silLLr~ctt:G. This gives the overiili Dis-lanCE 
oi Ut2 ~dt~ticLildr ,i[G[ion class to test fr.3lile. This Ul :::tarlC2 cind 

L th~ (2ieref1ce nUolters ior each wGiion tf~nsfe(Ed thfGugh ttiE 

i... (: O::lM(l!! ,:Ired D.3TilJC. 
~~o~g all dist~nc2s ca]ctilaLad for all ffiDtion clas;es 5 the 
th~ [1~5~ yielding the smallest distance is d~teFffiioEd afid tha 
tesl ir"aD,e is classified a~ belDflging to that [las5~ 

ltiE classification is testEd for correctr12SS dnd the resjlts 

CGHMCN:f~STNC;DISTG~10},N(10) 

['Ql~,,!-;QN": FR Hi1E / X (256} 
DII'j':J"~3ION AT {5i JAR {51 ~ 1~2 (1 (d, j~IST {10; 
THRESh=1~0E-3 ~iliotion thrfshold 

•. r-\ ", - .. - "7 
hLLn<JJ=·_, 

.• ...-.-,- 't' • 

1'11;:)1 \l}::l) 

ii'::"- _" 
ilLL'!i--~-' 

I i~C.J:-!:;:.1 
T'j'ff *,'Et1TER MQT[O;~ i' 

. ,.- .-;-, . .., " -",.-
hr t;..,,::nJMhir ':'U;.' 

II of nEirest neighbors cDnsioEred 
Ii of laotiQ~s to b2 classified 

!tiili~S eaCll class is decided tlpDn 

~rEcGrd sho~iGq lib 51~E ior ]QlIGfl 
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f' 
~ 

L REPEAT PROCEDURE FOR E~CH FRAME 
c 

c 

DO 1(dO liF1\AiiE=l,20 
TYPE i 

THE 1-

TYPE j.~ ~FR~i'1E=~ st~FR/il'E 

NBEG=(NFFAnf-lit192+129 IfrailiE begins 
j~END=iHJEG+~5~ ! frauH2 ends 

C TEST IF THE FhAME REPRESENTS HOTION 
L, 

TOTEF;=(j . 
~O 2i) 1 = 1,250 
ESI=.8f5AMINBEG+I-2)+.2ISAH(NBEG+I-3) !rest estimate 
X(II=SAHINBEGtI-ll !fills friIDE 
ERR=XII):"EST 
TOTER=lQTER+ERRiERR 

!prediction Error 
Itotal prediction error over the frame 

i L! COHT r NUE 
TifE .,'FOR REST TOTAL PREDICTION ERROR=',TDTER 
IF ITOTER.LT.THRESHI GOlO 1005 !checks IDtion threshold 

c 
C IN C~SE OF MOTION FIND AR COEFFICIENTS 
C 

CALL AUTO(256,X,4,AT,ALFHA) 
TYPE *, 'AR"s:', (liTO), 1=1,5) 

Ifind AR coefficients 

C FIND THE TOT~L DISTANCES OF 
l THE K-NEARESI NEIGHBORS OF EACH CLASS 
L 

DO 25 HOT=lj"CLASS 
CALL hOTIONITESTER,KNEAR,HDTI 

25 CONTlIWE 

c 

TIPE i,'DI3TANCE OF EACH MOTION FROM TEST SAMPLE:' 
'HPE *, (DISTG(l),I=l,NCLASS) 

C FIND THE NE~REST CLASS 
C 

GI'IIN=D ;51G \ 1) 
hOT=1 
DO 30 I=2 f NCLASS 
IF iDISTGII).GE.GHIN) SOTD 30 
Gfi II~::.D I STG ill 
rlOi= I 

)V CO~TINUE 

HISTIMOT'=HISl!hOlJtl 
T'rPE ;\ 
TYPE *1'1 CLASSIFY SAHPLE ~S BELONGING 10 HOTION',HOT 
TIlE i 
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TEST iF THE [L~SSIFI[~'rIGN IS CQRRECT 

~F ii';Clj .EG~fi'2Mii) GI)TD 102ij 
11FE *!'CL~3SIFIC~TION W~S INCORRECT' 

_0_0 TiPE tt"CL~SSlFICATI0i~ WAS CD~RECT~ 

rJCGi-;=f'jCDRt 1 
1'" •• - .... -. '" •• 

uU 1 oj 1 i.J 1 1) 

TIFE ":' ;tOF DECISIOiiS FG~ Ei,CH CL~SS:' 

1'!'PE t-~ (l,tlISl {Ii ~ l::lir~CLHSSj 

LFE T,'# GF CORRECT DECISlllii3=' ,iiCOR 
l;FE .,'i OF INCORRECT GECISIONS=',INCOR 
CLDSE) WE I =.3} 
Slut-' 
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