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Ab s t  rac  t 
T h e r e c e n t  progress i n  neura l  networks (NN) opens 
a vas t  f i e l d  o f  o p p o r t u n i t i e s  t o  t h e  process ing o f  
medical s i g n a l s  and images. The p a r t i c u l a r  a t t r a c t i o n  
o f  NN f o r  such a p p l i c a t i o n s  l i e s  i n  t h e  non l i nea r  and 
o f t e n  non-ana ly t i ca l  na tu re  o f  b i o l o g i c a l  s igna ls .  

To i l l u s t r a t e  a t  l e a s t  a few aspects o f  such 
app l i ca t i ons ,  we d iscuss two s p e c i f i c  a p p l i c a t i o n s ,  
bo th  r e l a t e d  t o  t h e  authors '  research i n t o  
e l  ec t rmyograph ic  (EMG) s igna l  s. The f i r s t  concerns 
t h e  decomposit ion o f  su r face  ( t ranscutaneous)  EMG i n t o  
i t s  i naccess ib le  motor  u n i t  a c t i o n  p o t e n t i a l s  (MUAP) 
f o r  t h e  purpose o f  determin ing t h e  sequence o f  s i n g l e  
( o r  groups) o f  MUAP which form the  corresponding 
su r face  EMG s igna l .  I f extended t o  EMG 
sur face-e lect rode arrays,  t h i s  should a l so  y i e l d  
i n fo rma t ion  on l o c a t i o n s  o f  motor u n i t s  (MU) r e l a t i v e  
t o  e lec t rode  l o c a t i o n  i n  t h e  array.  Th is  a p p l i c a t i o n  
i s  o f  importance b o t h  as a non- invas ive d i a g n o s t i c  
t o o l ,  t o  y i e l d  i n f o r m a t i o n  on s i n g l e  o r  group MU 
i n n e r v a t i o n  du r ing  normal- o r  t e s t - a c t i v i t y  o f  a 
p a t i e n t .  It can a l s o  serve f o r  subsequent c o n t r o l  o f  
prostheses , orthoses , o r  f u n c t i o n a l  neuromuscular 
s t i m u l a t i o n  (FNS) o f  parapleg ics.  

The second a p p l i c a t i o n  concerns t h e  d i s c r i m i n a t i o n  
between in tended walk ing func t i ons  ( t o  be a c t i v a t e d  by 
FNS) o f  pa rap leg i cs  from parameters o f  s igna tu re  
p a t t e r n s  (AR parameters o r  equ iva len t )  o f  above-lesion 
su r face  EMG. Th is  above-lesion EMG i s  as generated by  
n a t u r a l  posture changes o f  a pa rap leg i c ' s  upper t r u n k  
when prepar ing t o  per form t h e  respec t i ve  
wal k ing - re la ted  f u n c t i o n  ( t a k i n g  r i g h t  o r  l e f t  s tep  
e t c  ...), thus  c o n t r o l l i n g  FNS t o  para lyzed l imbs.  

The two a p p l i c a t i o n s  above, one being a d i a g n o s t i c  
i nve rse  problem and t h e  o t h e r  be ing  a func t i ona l  
p a t t e r n - d i s c r i m i n a t i o n  problem, a r e  in tended t o  
i l l u s t r a t e  some o f  t h e  o p p o r t u n i t i e s  prov ided by 
medical a p p l i c a t i o n s  o f  NN. 

1. I n t r o d u c t i o n  
The recen t  advances i n  neura l  network t h e o r y  

[l-51 and i t s  a p p l i c a t i o n s  now y i e l d  a r e a l i s t i c  
and powerful t o o l  t o  deal w i t h  a wide a r r a y  o f  
s ignal  and image processing, d i s c r i m i n a t i o n  and 
d e c i s i o n  problems, e s p e c i a l l y  those t h a t  a r e  ill 
def ined,  non l i nea r  and which a re  even 
non-ana ly t i ca l  , o r  which d e f y  a n a l y t i c a l  ana lys i s  
w i t h  convent ional  Von-Neunan-based computing 
machines ( a t  l e a s t ,  a t  reasonable computational 
power and programming t ime) .  Medical da ta  and 
medical s igna ls  o r  images f i t  ve ry  much t h e  above 
d e s c r i p t i o n  o f  a non1 i n e a r  o r  non-analy t ica l  
nature. It i s  thus a n a t u r a l  area f o r  vas t  
oppor tun t i es  i n  app ly ing  neura l  nets ,  bo th  f o r  
medical d iagnosis  and f o r  f unc t i ona l  medical 
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a p p l i c a t i o n s  ( c o n t r o l  o f  prostheses, o f  neuromuscular 
s t i m u l a t i o n ,  o f  a r t i f i c i a l  organs, o f  implants ,  
pacemakers, e t c  ... ) .  

t h a t  a re  be ing  s tud ied  a t  t h e  au tho rs '  l abo ra to r ies ,  
and which a r e  in tended t o  p rov ide  an i l l u s t r a t i o n  o f  
some o f  t h e  c a p a b i l i t i e s  o f  NN-based medical s igna l  
processing. One a p p l i c a t i o n  i s  ma in l y  o f  d i a g n o s t i c  
s i g n i f i c a n c e ,  though i t  has a l s o  f u n c t i o n a l  p o t e n t i a l ,  
as a poss ib le  approach t o  c o n t r o l  o f  f u n c t i o n a l  
neuromuscular s t i m u l a t i o n  (FNS) i n  parapleg ics.  The 
o t h e r  a p p l i c a t i o n  i s  ma in l y  f u n c t i o n a l  ( f o r  c o n t r o l l i n g  
FNS), though d i a g n o s t i c  uses a re  poss ib le .  
a p p l i c a t i o n  i s  t o  an i nve rse  process ing problem and t h e  
second i s  t o  a s igna tu re  (pa te rn )  d i s c r i m i n a t i o n  
problem. Both a p p l i c a t i o n s  employ su r face  (EMG) as 
obta ined i n  v i v o  from hunan p a t i e n t s  d u r i n g  t e s t s  o r  
w h i l e  per forming normal tasks. The f i r s t  a p p l i c a t i o n  
i s  an EMG decomposit ion problem t h a t  f o l l o w s  one o f  t h e  
a u t h o r ' s  work on decomposit ion o f  [6,7]. The second i s  
based on prev ious work o f  another author  on EMG 
s igna tu re  d i s c r i m i n a t i o n  t o  c o n t r o l  a r t i f i c i a l  1 imbs i n  
amputees [8,9] and t o  c o n t r o l  walk ing under FNS i n  
(complete) pa rap leg i cs  [10,11,12] and which f a c i l i t a t e d  
such walk ing ( w h i l e  us ing non-NN p a t t e r n  
d i s c r i m i n a t i o n )  a t  t h a t  a u t h o r ' s  l a b  f o r  t h e  l a s t  
severa l  years. 

2. Decomposition o f  Surface EMG S igna ls  
2.1 The Nature o f  t h e  Surface EMG S v  i g n a l  

The su r face  EMG s i g n a l  i s  a s igna l  t h a t  i s  p icked 
up by  transcutaneous e lec t rodes  at tached t o  t h e  su r face  
o f  t h e  s k i n  and which c o n s i s t  o f  t h e  e l e c t r i c a l  
response o f  a muscle i n  response t o  t r a i n s  o f  
i n d i v i d u a l  e l e c t r i c a l  s i g n a l s  o f  a m u l t i t u d e  (hundreds 
i n  major  muscles) o f  motor  neurons [14]. The 
e l e c t r i c a l  a c t i v i t y  o f  a motor neuron i s  i n  t u r n  a 
sequence o f  more-or- less f i xed - fo rm s igna ls  known as 
mo to r -un i t  a c t i o n  p o t e n t i a l s  (MUAP) produced and 
prorogated t o  t h e  muscl e- f iber /neuron i n t e r f a c e  and 
which a r e  t h e  motor neuron's (MU'S) response t o  a t r a i n  
o f  t r i g g e r i n g  impulses i n p u t t e d  t o  the  MU from t h e  
sp ina l  cord and hence from t h e  c e n t r a l  nervous system 
(CNS). The su r face  EMG i s  t hus  a s p a t i a l  i n t e g r a t i o n  
o f  a m u l t i t u d e  o f  such MUAP's. There can be several 
( t e n s  o f  such f i b e r s )  connected t o  a s i n g l e  MU. 
Thousands o r  tens o f  thousands o f  such f i b e r s  thus 
c o n s t i t u t e  a ma jo r  muscle, such as t h e  b iceps o r  
quadriceps muscle i n  man. See Fig. 1. The i n d i v i d u a l  
MUAP s igna l  ( X  o f  F igure 1 i nvo l ves  r a t h e r  complex 
dynamics, and 
shown i n  Fig. 2, where t ,. i s  t h e  i n s t a n t  o f  a neura l  
( f i r i n g )  a t  t he  i n p u t  t o o d e  MU, coming from the  sp ina l  
co rd  (SC), where a l s o  t h e  t ime  scales i nvo l ved  can be 
considered f i x e d  (as f i r s t  approximation, a t  l e a s t )  f o r  
a g i ven  muscle. Gain (ampl i tude)  terms and low-pass 
t ime  constant  element terms should c o n t r i b u t e  t o  
changes o f  these pa t te rns .  These terms w i l l  be 
i n t roduced  l a t e r ,  t h e  ga in  terms be ing  one aspect o f  
what i s  t o  be determined f o r  each MUAP by  t h e  h 
t ,. ( i n  f a c t ,  a sequence o f  t ,.(K) f"r the  k'  h 
f p r ? n g  o f  MUi). 

I n  t h i s  paper we desc r ibe  two a p p l i c a t i o n s  o f  NN 

The f i r s t  

o f  a more-or- less f i x e d  shape, as 

as i s  

A few hundred8 b f  MU s may be nvolved 



i n  a major  muscle. Hence, if we consider  two EMG 
e lec t rodes  o a r e l a t i v e l y  l a r g e  su r face  area 
(around 1 cm ) and spaced a t  about 25 mm (cen te r  
t o  cen te r ) ,  we reco rd  t h e  summation o f  a c t i v i t i e s  
o f  a 10-20 o f  MU's. Th is  reco rd ing  w i l l  a l so  
c o n s i s t  o f  sane 10-20 branches o f  each o f  t h e  
MU'S involved,  where t h e  MUAP i s  thus 
synchronized, d i f f e r i n g  o n l y  by t h e  v e l o c i t y  o f  
propagat ion o f  t h e  AP, which may be assumed over 
a s h o r t  reco rd ing  i n t e r v a l  (say, 1.0 sec) t o  be 
constant  a t  a g i ven  e l e c t r o d e  l o c a t i o n  [14]. I n  
t h e  method o f  reco rd ing  f o r  t h e  purposes o f  t h e  
present  paper, c ross  t a l k  between motor u n i t s  o f  
ad jacent  muscles i s  acceptable. This  
a c c e p t a b i l i t y  i s  an impor tan t  a d d i t i o n a l  f ea tu re  
o f  t h e  proposed decomposit ion method. 
present  NN-based decomposion d i f f e r s  from t h a t  o f  
[14] i n  t h a t  (a)  no g r i d  needle e lec t rode  i s  
employed, (b )  decomposit ion i s  p o s s i b l e  over a 
m u l t i t u d e  o f  t r a i n s  o f  MUAP's by a s i n g l e  
e lec t rode  p a i r ,  r a t h e r  than by measuring each 
MUAP d i r e c t l y  ( w i t h o u t  decomposit ion) w i t h  p o i n t  
e lect rodes,  where con tac t  problems, s h o r t  
c i r c u i t s  between e lec t rodes  and the  need t o  
process hundreds o f  e lec t rodes  a r e  e l im ina ted .  
However, f o r  eva lua t i on  and c a l i b r a t i o n ,  t h e  
approach o f  [14] can serve as a va luab le  
re fe rence  approach. When topographic  mapping i s 
performed then s t i l l  an a r r a y  o f  hundreds o f  
p o i n t  e lec t rodes  as i n  [14] i s  rep laced by  a 

I 

The 

s i n g l e  p a i r  i n  t h e  present  approach. 
2.2 The Surface EMG Decompostion Problem 

Not ing the  na tu re  o f  t h e  su r face  s i g n a l  
as descr ibed i n  Sect ion 2.1 above, t h i s  s i g n a l  
y ( t )  i s  considered t o  be a summation o f  many 
MUAP's o f  almost i d e n t i c a l  shape ( v o l  tage/ t ime 
p a t t e r n )  and o f  d i f f e r e n t  (random-l ike) a r r i v a l  
t imes. The decomposit ion problem thus  becomes 
t h a t  o f  decomposing t h e  random-l ike [15], [16] 
s igna l  y ( t ) ,  as recorded over a f i x e d  t ime  window 
( o f  say, 1.0 second) t o  i t s  component MUAP's. 
For t h i s  purpose we f i r s t  ?p loy a s i n g l e  p a i r  o f  
broad (approx imate ly  1.0 cm ) s k i n  su r face  
e lec t rodes  l oca ted  a t  approx imate ly  25 mm 
center- to-center  i n t e r - e l e c t r o d e  d is tance.  
Whereas y ( t )  i s  as i n  Fig. 1, t h e  i n d i v i d u a l  MUAP 
i s  as i n  Fig. 2. y ( t )  above i s  composed o f  bo th  
near-surface MUAP's and o f  more d i s t a n t  below 
su r face  MUAP's. However t h e  l a t t e r ' s  
c o n t r i b u t i o n  i s  minor. It i s  no t  neglected i n  
ou r  analys is ,  b u t  o n l y  a s p a t i a l  ( 2  d imensional )  
d i s t r i b u t i o n  w i l l  be performed i n  the  present  
analys is .  

Decomposition o f  y ( t )  i n  terms o f  i t s  formant 
MUAP's, i s  t hus  i n  terms o f  determin ing t h e  
r e l a t i v e  ampl i tude and a r r i v a l  t ime  o f  each o f  a 
f i n i t e  s e t  o f  MUAP's p i ( t  - ti), cons ide r ing  t h e  
su r face  EMG model 

N 

t. denot ing a r r i v a l  t i m e  and k .  denot ing the  
r e l a t i v e  ampl i tude o f  p. i n  y ( t ) .  Furthermore, 
f o r  t h e  NN r e a l i z a t i o n  %. and t. belong t o  a 
f i n i t e  s e t  o f  p o s s i b l e  ga ins ana t imes o f  a r r i v a l  
k .  t h a t  d i f f e r s  from one MUAP t o  another due t o  
d l s t a n c e  from t h e  e lec t rode ,  depth and i n t e n s i t y  
of neura l  a c t i v i t y ,  and where synchronous MUAP's 
c o n t r i b u t e  t o  a s i n g l e  AP. We note t h a t  severa l  
decomposed pi above w i t h  d i f f e r e n t  ti and k .  may 
belong t o  d i f f e r e n t  branches o f  one MU. 
grouping o f  AP's accord ing t o  MU's w i l l  be 
considered i n  Sect ion 2.3 below. 

The NN approach f o r  t h e  EMG decomposit ion 
problem above, i s  a p a r a l l e l  t o  t h e  approach o f  
and Hop f ie ld  [17] where a compl icated 
(Gaussian-sums-type) p r o b a b i l i t y  d e n s i t y  f u n c t i o n  

T h i  

i s  decomposed i n t o  i n d i v i d u a l  formant Gaussian d e n s i t y  
func t i ons  w i t h  d i f f e r e n t  means and d i f f e r e n t  variances. 
The d i f f e r e n t  means p a r a l e l l  the a r r i v a l  t imes i n  the  
EMG decomposit ion problem, whereas t h e  gains Ki 
p a r a l l e l  t h e  d i f f e r e n t  var iances i n  [171. 

a f i n i t e  s e t  o f  d i f f e r e n t  MUAP p a t t e r n s  and no t  j u s t  a 
s i n g l e  p a t t e r n ,  say pa t te rns  p .  . ( t - t . )  where j denotes 
a p a t t e r n  shape o f  a se t  o f  M b d s s i b l e  shapes, such 
t h a t  

The a l g o r i t h m  o f  eqn. (1) can be extended t o  cover 

This  m o d i f i c a t i o n  w i l l  account f o r  e f f e c t s  o f  f i l t e r i n g  
o f  MUAP's through the  t i ssue .  For p r a c t i c a l  reasons M 
should be small  as i s  reasonable t o  assume n o t i n g  the 
known shapes o f  MUAP's, such as i n  [14]. 
2.3 The Neural Network S o l u t i o n  t o  the  Decomposition 

Problem 
2.3 T h e S o l  u t i o n  f o r  t h e  Decomposition Problem. 

Cons i d e r  

where y ( t )  i s  t h e  r e c e i v e d  EMG s igna l  , f .cF belongs t o  
a f i n i t e  s e t  o f  s te reo type  o f  motor u n i t J a c t i o n  
p o t e n t i a l  waveforms, t . c T  is t h e  t ime  de lay  and K. 
K. 
The decomposit ion problem i s  t h e  de te rm ina t ion  o f  
constants  K. ., t ime  delays 

network us ing  a method suggested by Tank and Hop f ie ld  

Let  

G i s  t h e  exhaust ive Set o f  a l l  p o s s l b l e  waveforms. It 
i s  f i n i t e  because K,T and F a r e  f i n i t e .  Denote 

f o r  some f i n i t e  L. 
form 

The se ts  T and K a r e ' f i n i t e  se ts  o f  r e a l  number&! 

ti and func t i ons  f .  from a 

This  problem can be so lved by t h e  Hop f ie ld  neural 
g i ven  EMG s l t j na l  y ( t ) .  J 

C171. 
G = I K . . f . ( t - t i ) I K . .  1J J 1J K,ti"T,f.€F) J (4 )  

G = {gk ( t ) / k=1 ,2  ,..., L) (5)  
Eq. (1) can be r e w r i t t e n  i n  the 

where VI, = 0 o r  1. The decomposit ion problem becomes 

where 11 I\ i s  an L2-norm i n  a f u n c t i o n a l  space. 
V ~[0,11. C lea r l y ,  
E k ~  0. Furthermore, E = 0 i f  and o n l y  i f  

Le t  

N 

and V = 0 o r  1. This i s  a s o l u t i o n  o f  t h e  
decombosit ion problem. 
analog c i r c u i t  which i s  designed so t h a t  E o f  (7) 
becomes m in imm a t  e q u i l i b r i u m  p o i n t s  o f  t h e  neura l  
network. 
Parameters as f o l l ows .  

Hop f ie ld  neural network i s  an 

I n  f a c t ,  accord ing t o  h f i ,  we have t h e  des ign 

where T.. i s  t h e  s t r e n g t h  (copductance) o l h t h e  
i n te rcoaaec t ion  between t h e  i and the  j processor, 
and Ik i s  t h e  e x t e r n a l l y  supp l i ed  i n p u t  currents .  For 
the  c o n s t r u c t i o n  of  t h e  neurdl networks, see [17]. 

by  the  c a r d i n a l  ntmber L o f  G, which depends on the  
c a r d i n a l  numbers o f  K,T and F. It should be noted 
t h a t  t he  neura l  network may approach a l o c a l  minimum, 
i ns tead  o f  t h e  d e s i r a b l e  g loba l  minimum. 
hand, i t s  convergence r a t e  i s  O(n), where n i s  t he  
complex i ty  o f  network. 
over  a l t e r n a t i v e  methods, e s p e c i a l l y  when n i s  large.  

The complex i ty  o f  t h e  neura l  network i s  determined 

On the  o the r  

This  i s  an impor tant  advantage 
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2.4 Spacial L o c a l i z a t i o n  o f  Motor U n i t s  v i a  

us ing EMG f o r  c o n t r o l  o f  prostheses [8,9] and o f  
e l e c t r i c a l  s t i m u l a t i o n  i n  pa rap leg i cs  [lo-131, n o t  t h e  
decomposit ion i t s e l f  i s  o f  importance b u t  t h e  a b i l i t y  
t o  o b t a i n  ( i n  a non- invas ive manner) a mapping o f  
i n n e r v a t i o n  across a muscle o r  a group o f  ad jacent  
muscles. 
a1 so t h e  advantage (vs.  imp1 anted e lec t rodes )  t h a t  t h e  
p a t i e n t  i s  n o t  conscious o r  cons t ra ined  i n  normal 
movements by  t h e  e lect rodes.  

When an a r r a y  o f  su r face  e lec t rodes  as i n  Sections 
2.1, 2.2 i s  considered, t o  which decomposit ion i s  
app l i ed  as i n  Sections 2.2, 2.3, approximate s p a t i a l  
mapping can be accomplished. 
( 1 ) becomes 

Decomposition from t l e c t r o d e  Arrays 
' tor  d i a g n o s t i c  neu ro log i ca l  Studies [14] and f o r  

The present  sur face e lec t rode  approach has 

For t h i s  purpose eqn. 

N 

1-51 
y h ( t )  =.E Kih pih(t-tih), h = l  ... R (11) 

R be ing  t h e  nunber o f  e lec t rodes  i n  t h e  a r ray .  
Once NN-based decomposit ion has been performed per 
each member o f  t h e  array,  i.e., pe r  each y ( t ) ,  
l o c a l i z a t i o n  can be performed v i a  considervng r e l a t i v e  
gains o f  members o f  a sequence o f  one e l e c t r o d e  vs. an 
adjacent  e lec t rode ,  when accounting f o r  t imes o f  
a r r i v a l .  

Furthermore, when account ing f o r  propagat ion 
v e l o c i t i e s ,  MAUP's o f  branches o f  t h e  same MU can be 
mapped and i n t e r - r e l a t e d  [14]. 
performed by  another NN subsystem, though convent ional  
c o r r e l a t i o n  a lgo r i t hms  can a1 so be e f f e c t i v e l y  used 
f o r  t h i s  DurDose. 

The mapping may be 

.. 

3. 

3.1 Func t i ona l  Neuromuscular S t imu la t i on  (FNS) 

Funct;on' D i s c r i m i n a t i o n  from Surface EMG 
Signatures f o r  Contro l1  i n g  Neuromuscular 
S t i m u l a t i o n  i n  Parapleg ics 

EMG Signature D i s c r i m i n a t i o n  
I t  was shown i n  [8,9] t h a t  t he  parameters o f  a 

t i m e  s e r i e s  model o f  t h e  su r face  EMG 
(e lect romyographic)  s igna l  can serve as parameters t o  
c o n t r o l  a r t i f i c i a l  l i m b s  i n  amputees and e l e c t r i c a l  
neuromuscular s t i m u l a t i o n  (ENS) i n  pa rap leg i cs  
[lo-131. Such c o n t r o l  i s  based on t h e  na tu re  o f  t h e  
su r face  EMG s i g n a l  as t h e  e l e c t r i c a l  response o f  t h e  
muscle a t  t h e  s k i n ' s  su r face  t o  t h e  f i r i n g  o f  motor 
neurons which cause t h a t  muscle t o  con t rac t .  
Consequently, changes i n  modes (pa t te rns )  of muscle 
c o n t r a c t i o n  i n  ma jo r  muscles ( o r  a t  an e l e c t r o d e  
l o c a t i o n  which rece ives  an EMG s igna l  generated by  
neura l  f i r i n g  a t  ad jacent  muscles) produce changes i n  
t h e  EMG t ime-se r ies  parameters, such as the  AR 
(autoregress ive)  parameters. Hence c o n t r a c t i o n  o r  
posture changes a t  ches t  muscles above t h e  l e v e l  o f  a 
sp ina l - co rd  l e s i o n  i n  pa rap le i cs ,  when t h e  p a t i e n t  
prepares h imse l f  t o  execute a walk ing func t i on ,  i s  
r e f l e c t e d  by a se t  o f  AR ( o r  ARMA, e tc .  ..) parameters 
t h a t  a r e  more o r  l e s s  unique and repeatable f o r  such 
an in tended walk ing func t i on .  
3.2 The Signature D isc r im ina t i on  Problem 

i s desc r ibab le  by: 
The AR model o f  t h e  d i sc re te - t ime  tF/jG s i g n a l  y (  k )  

y( t )  = . k a i Y k - i  + Wk i1 k=0,1,2, ... ( 1 2 )  
1=1 

w be ing  i naccess ib le  wh i te  noise. 
d e  dec i s ion  t o  a c t i v a t e  a p a r t i c u l a r  walk f u n c t i o n  
( r i g h t  step, l e f t  step, s i t  down, e t c  ...) by ENS f s  
thus based on t h e  parameter vec to r  1 f [a ... an] 
be ing w i t h i n  a c e r t a i n  subspace o f  t h e  pahameters 
space. Once i t  i s  determined t h a t  a i s  w i t h i n  the  
approp r ia te  region, ENS i s  app l i ed  To t h e  para lyzed 
l imbs  t o  a c t i v a t e  t h e  des i red  walk f u n c t i o n  
corresponding (by precal  i b r a t i o n )  t o  t h a t  f unc t i on .  
See Fig. 3. 
The parameters ai a re  repea ted ly  i d e n t i f i e d  by a 
recu rs i ve  near- least  squares l a t t i c e  i d e n t i f i e r  [18]. 

Our NN d e c i s i o n  problem i s  thus formulated as fo l l ows :  
Given a s e t  o f  i d e n t i f i e d  t ime  s e r i e s  (say, AR) 
parameters a. , which walk f u n c t i o n  F [j=l, ... m] 
should t h e  FhS c o n t r o l l e r  a c t i v a t e ?  J 

3.3 The NN S o l u t i o n  t o  t h e  Signature D i s c r i m i n a t i o n  
Problem 
y t  Y be t h e  s e t  o f  EMG s i g n a l s  y ( t )  o f  a 
p a r t i c u l a r  p a t i e n t .  Le t  t h e r e  e x i s t  a p a r t i t i o n  o f  Y 
i n t o  a f i n i t e  number o f  groups, say 5 groups as 
f o l l  ows : 

Y1 - Stand up 
Y - R igh t  l e g  up - L e f t  l e g  up '9 - S i t  down 

Y - D h ' t  change s t a t u s  
The d i s c r i m i n a t i o i  problem i s  t o  f i n d  a p a r t i t i o n  which 
separates each group from others.  
t h e  p a r t i t i o n  i s  made, t h e  d i s c r i m i n a t o r  should 
i d e n t i f y  t h e  c o r r e c t  group f o r  each incoming EMG 
s igna l .  
The neura l  network can be used t o  so l ve  t h i s  
d i s c r i m i n a t i o n  problem, prov ided t h e  f o l l o w i n g  
c o n d i t i o n  i s  met. Each s i g n a l  y ( t )  can be represented 
by  a s e t  o f  f i n i t e  number o f  parameters, say { x  , x , ..., xn R"), so t h a t  i t s  assoc iated f i v e  groubs X:, 
X 
n%ber o f  8yperplanes i n  R . To f i n d  the  s u i t a b l e  se t  
o f  parameters f o r  a g i ven  problem i s  sometimes t h e  most 
d i f f i c u l t  problem. For example, t h e  sampled v a l u e l y  } 
o f  y ( t )  i s  no t  s u i t a b l e  f o r  t h i s  purpose. Graupe, e t  
a1 [8-13 ] have found t h a t  i f  t h e  AR c o e f f i c i e n t s  i s  
used then t h e  f i v e  groups can indeed be separated b y  a 
s e t  o f  f i n i t e  numbers o f  hyperplanes. S p e c i f i c a l l y ,  
l e t  t he  AR t ime  s e r i e s  model f o r  t h e  l e f t  and t h e  r i g h t  
EMG s i g n a l  be g i ven  as fo l l ows :  

Furthermore, a f t e r  

..., X can be p a r t i t i g n e d  by  a se t  o f  f i n t i e  

It was found i n  [8-131 that i f  t h e  f o l l o w i n g  parameters 
a r e  used: 

x = a ( r i g h t  EMG s i g n a l )  
x1 = a1 ( r i g h t  EMG s i g n a l )  
x2 = a2 ( r i g h t  EMG s i g n a l )  

x4 = 3 V a r i ~ n c e  ( r i g h t  EMG s i g n a l )  
and s i m i l a r l y  x ,x ,x and x a r e  de f i ned  f o r  
EMG s igna l ,  the;\ t f i e  Z o r r e s p h d i n g  parameters 
( x  ,! , ..., x ) o f  EMG s i g n a l s  can indeed be separated 
by ' l i8ear  hypesplanes i n  R . 

Based on t h e  above, a m u l t i - l a y e r  neura l  ne t  can 
be const ructed.  The number o f  perceptrons a t  t h e  i n p u t  
l a y e r  i s  determined by t h e  number o f  parameters needed 
t o  represent  each s igna l .  The number o f  perceptrons i n  
t h e  ou tpu t  l a y e r  i s  determined by t h e  number o f  groups 
needed t o  be p a r t i t i o n e d  i n t o .  The number o f  
perceptrons i n  t h e  h idden (middle)  l a y e r  i s  determined 
by  t h e  number o f  hyperplanes needed t o  separate these 
groups. A (8,3,5) m u l t i - l a y e r  neura l  networks i s  shown 
i n  F igu re  4. 

and in te rm&d ia te ' va r iab le&  respec t i ve l y .  The ou tpu ts  
a r e  ComDuted as fo l l ows :  

The x . ' s ,  z . ' s  and u . ' s  a re  t h e  i npu ts ,  ou tpu ts  

3 
'h = g ( ~ l v i h u i ' e h )  (16)  

where g i s  t h e  sigmoid f u n c t i o n  

(17)  

and v. w .  ., 8 and 0. are  t h e  parameters t o  be 
adjust&.  lJ ' 
these parameters [l] . 
b y  Rumelhart e t  a1 

A 1  
g(x) = - x  

l + e  

There e x i s t  many d i f f e r e n t  ways t o  ad jus t  ( t r a i n )  
The back propagat ion a l g o r i t h m  

For each i n p u t  x,thereir assoc iated a des i red  
[19] w i l l  be presented here. 
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ou tpu t  d. 
d = ( O , l , O , O , O , ) .  
every i n p u t  x. 
{ x (k )  I k  = ~,2,...,n}, t h e  c o e f f i c i e n t s  a re  ad justed i n  
t h e  f o l l o w i n g  way. 

For example, i f  x belongs t o  Group 2, t hen  
We would l i k e  t o  have z = d f o r  

Now, f o r  a s e t  o f  t r a i n i n g  i n p u t s  

Step 1: I n i t i a l l y ,  s e t  a l l  c o e f f i c i e n t s  
v ( l ) ,  w ( l ) ,Q( l )  and d(1) t o  small 
random nunbers. 
Step 2: Compute u(1) and z (1 )  from x (1 )  by 

Step 3: Adjust  t h e  c o e f f i c i e n t s  by  t h e  
f o l l o w i n g  formulae: 

(1) and (+ 

6 . ( k) = z .  ( k) (1-2. ( k) ) ( d j  ( k) ) , 
J j=1,+,...,5 J 

E 
J 

A i( k )  = Ui ( k )  ( l - u i  ( k )  ) ,E s . (  k ) v i  j (  k )  3 i c f ,2 ,?  
J=1 

v . . ( k t l )  = v . . ( k )  + n6. (k)u i (k)  
d ? ( k + l )  = e l l )  + n6.(i!) 

j ! ( k t l )  = Pn(k)+ q ~ . ( k )  
w J ( k t 1 )  = w . ( k )  + $k)xn , n=1,2 ,..., 8 

and p i s  a'constant thosen detween 0 and. 1. 
Step 4: Repeat s tep  2 u n t i l  t he  process i s  

convergent. 
I f and when the  process i s  convergent then  t h e  neura l  
ne t  becomes a d i s c r i m i n a t o r ,  which w i l l  y i e l d  t h e  
c o r r e c t  output  f o r  each i n p u t ,  prov ided t h a t  t h e  
t r a i n i n g  i n p u t  sequence i s  w ide ly  exc i ted ,  i.e., i t  
covers t h e  f i v e  groups ex tens i ve l y .  

pat ient - independent .  
d i s c r i m i n a t o r  h i m s e l f  by  mere press ing o f  4 des i red  
knobs d t o  d ("no press ing"  thus i m p l i e s  d 5 ) .  No 
adjustments by exper t s  a re  needed. 
4. Concl us ions 

s o l u t i o n  v i a  NN was o u t l i n e d .  
The NN s o l u t i o n  f o r  t h e  f i r s t  problem, which i s  m a i n l y  
a d i a g n o s t i c  one, f a c i l i t a t e s  decomposit ion o f  surface 
EMG s i g n a l s  i n t o  t h e i r  formal a c t i o n  p o t e n t i a l s .  Such 
decomposit ion i s  o therwise no t  poss ib le  i n  a 
non- invas ive manner b u t  f o r  when us ing  a v e r y  l a r g e  
number o f  point-EMG channels, where bo th  computation 
i s  excess ive and t h e  number o f  channels i s  i n  t h e  many 
hundres [14]. Via NN, 1 t o  5 channels w i l l  s u f f i c e  t o  
cover  a muscle area o f  many square inches. 
Furthermore, t he  NN-based method can be employed 
w i thou t  a f f e c t i n g  t h e  p a t i e n t ' s  freedom of  movement, 
and w i t h o u t  making him const ra ined o r  bothered a t  a l l  
by  t h e  e lec t rodes  themselves. 

s o l u t i o n  by  convent ional  A I  has a1 ready been t e s t e d  
[lo], b u t  where NN p rov ide  a more e legan t  and 
convenient  s o l u t i o n .  

Both problems a re  mere examples o f  t h e  power and 
b r e a t h  o f  poss ib le  impor tant  a p p l i c a t i o n s  o f  NN i n  
concrete medical problems. They a1 so i l l u s t r a t e  how 
( a r t i f i c i a l )  neura l  ne ts  can be u t i l i z e d  t o  decode 
i n f o r m a t i o n  and s t r u c t u r e e  i n  ( b i o l o g i c )  neural ne ts  
f o r  f u n c t i o n a l  and d i a g n o s t i c  medical purposes. 
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SC - Spinal Cord 

MUi - i ' t h  motor  u n i t  (MU) 

2 
i = l  

MFi - i ' t h  s e t  o f  ( p o s s i b l y  tens  o f )  muscle f i b e r s  t h a t  form 

a sing1 e muscl e 

x a p j i ( t )  - i ' t h  MUAP (MU Ac t ion  P o t e n t i a l )  

y ( t )  - su r face  EMG 

The t r a i n s  o f  s i g n a l s  I1 t o  In a r e  n o t  synchronized 

FA.-?. The MUAP Signal- ( s i n g l e  MU] 

F ig .  4. Mu l t i - Laye r  Neural Net f o r  EMG 
Signature D i s c r i m i n a t i o n  

Block Diagram Desc r ib in  

T Fig.  3. Parameter Space f o r  2 = [a,,a,] 
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