
C H A P T E R  I I

I N C O M P L E T E  T I M E - S E R I E S  P R E D I C T I O N

2 .1  M a n a g i n g  I n c o m p l e t e  D a t a

T h ere  are th ree  s im p le  m eth o d s  for h a n d lin g  m iss in g  d a ta . T h e  first m e th o d  is to  ignore  

th e  m iss in g  d a ta , an d  to  d iscard  th o se  in co m p le te  cases from  th e  d a ta  se t. T h e  secon d  

m eth o d  is ca lled  im p u ta tio n , w h ich  a tte m p ts  to  fill in  w ith  so m e p la u sib le  va lu es. T h e  

th ird  m e th o d  u ses th e  in terp o la tio n  tech n iq u e . T h e  ex a m p les  o f  in terp o la tio n  tech n iq u e  

h ave b een  u sed  b y  H u gh es an d  S m a k h tin  [18] for e s tim a tin g  m iss in g  ob serv ation s in  

h yd ro log ica l d a ta . H ow ever, th o se  m e th o d s  are n o t gen era lly  g o o d  an d  can  cau se a 

seriou s p rob lem  o f p red ic tio n  accuracy. T h e  a n a ly s is  o f  m iss in g  va lu es  b a sed  on  s ta tis t ic a l  

ap p roach  h ave b een  s tu d ied  s in ce  th e  ear ly  1970s. L itt le  an d  R u b in  [2] prov id ed  a 

coh eren t th eo ry  b ased  o n  lik e lih o o d s d erived  from  s ta t is t ic a l m o d e ls  for th e  m iss in g  d a ta  

p rob lem . T h e  fam ou s e x p e c ta t io n  an d  m a x im iza tio n  (E M  a lg o r ith m ), w h ich  is a  general 

tech n iq u e  th a t  finds m ax im u m  lik e lih o o d  e s tim a te s  for in co m p le te  d a ta , w ere p rop osed  

b y  D em sp ster , L aid  an d  R u b in  [1] in  1977. T h e  ex ten s io n  o f  E M  as th e  regu larized  EM  

a lg o r ith m  [19] w as p rop o sed  for c lim a te  d a ta . For th e  o th er  ap p roach , H ath aw a y  and  

B ezd ek  [13] ap p lied  th e  fu zzy  c -m ean s c lu ster in g  to  e s tim a te  th e  m iss in g  d ata .

In th is  w ork, w e con sid er e ig h t tech n iq u es  for fillin g  in  th e  m iss in g  d a ta , w h ich  are 

(1) cu b ic  sm o o th in g  sp lin e  in terp o la tio n , (2) m u ltip le  im p u ta tio n  b y  th e  E M  algorithm : 

ran d om  se lec tio n , (3) m u ltip le  im p u ta tio n  b y  th e  E M  algorith m : average se lec tio n , (4) 

T h e  regu larized  E M  algorith m : ran d om  se lec tio n , (5) th e  regu larized  E M  algorithm :
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average se lec tio n , (6) k -seg m en t p rin cip a l cu rves [20], (7) th e  O p tim a l co m p le tio n  s tra t­

eg y  fu zzy  c -m ean s c lu ster in g , an d  (8) W D C  c lu ster in g . ( l ) - ( 6 )  are ap p lied  to  th e  sam e  

d a ta  s e t  w ith  som e m iss in g  d a ta  in  [17], [21], an d  [22], (7) is u sed  for p erform an ce eva l­

u a tio n  w ith  our p rop o sed  tech n iq u e  (8) in  [23]. P rior to  th e  fillin g  p rocesses, th e  d a ta  

p rep ara tio n  an d  in terp reta tio n  are e s ta b lish ed  for each  tech n iq u e  as follow s.

2 .1 .1  C u b i c  S m o o t h i n g  S p l i n e  I n t e r p o l a t i o n

T h e  d a ta  se t  is organ ized  as a  u n iv a r ia te  d a ta  w ith  eq u a lly  sp a ce  on  x -a x is . If som e  

va lu e Xt  a t  t im e  t  is m issin g , th e n  th e  va lu e  o f t  on  x -a x is  is a lso  sk ip p ed . T h e  accu racy  

o f  th e  sp lin e  in terp o la tio n  is m easu red  b y  th e  fo llow in g  co st fu n ctio n .

p  £ ™ < ( * < - / ต ) 2 +  (1 - P )  I (D 2/ ) 2 (2.1)

w h ere p  is a co n sta n t, 0 <  p  <  1, w t is th e  w eig h tin g  factor  o f  d a tu m  Xt ,  f i t ) is a 

cu b ic  sp lin e , an d  D  =  I n x n  is  an  id e n t ity  m a tr ix  o f s ize  ท X  ท. In our exp er im en t w e se t  

Wi — 1 an d  p  =  0.99 . T h e  a p p ro x im a ted  va lu e  o f th e  m iss in g  va lu e  xt is g iven  by

X t =  f i t )  (2 .2 )

2 .1 . 2  M u l t i p l e  I m p u t a t i o n  b y  E M  A l g o r i t h m :  R a n d o m  S e l e c ­

t i o n

T h is  E M  a lgo rith m  is b ased  o n  th e  co n cep t o f  Schafer [3]. T h e  in p u ts  to  E M  a lgorith m  

are p a r tit io n ed  an d  arranged  in  a  t im e-ser ies  form  w ith  a  w in d o w  s ize  o f  k.  E ach  se t  of 

in p u ts  is, th en , stack ed  to  form  an  in p u t m a tr ix  A  as sh ow n  in  eq u a tio n  (2 .3 ). E lem en t  

Xt d en o te s  an  in p u t va lu e a t t im e  t .  T h e  va lu e  o f each  m iss in g  d a tu m  is se t  to  so m e  

sp ec ia l va lu es, su ch  as -999 9 . A fte r  th e  m u ltip le  im p u ta tio n  p rocess, all m iss in g  d a ta
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are e stim a te d  an d  a  reco n stru cted  m a tr ix  A E M  =  (<2 j j )  is  p rod u ced .

X 1 x 2 - X k

x 2 x 3 X k + 1

x 3 x 4 ' - X k + 2

X N - k + 1 A/V-fc+2 - -' - X 1V

(2.3 )

S u p p o se  is a  m issin g  d a tu m . O b viou sly , th e  nu m ber o f  x t  can  ap p ear d ia gon a lly  

from  1 to  k  t im es. L et th e  n u m b er o f  ap p ea ran ces o f  x t  in  A  b e  k ' .  A fter  E M  algorith m , 

th ere  are k '  p o ss ib le  e s tim a te d  va lu es o f  X f  H en ce, w e ra n d o m ly  se lec t  on e  o f  th e  va lu es  

o f  x t  as th e  fill-in  va lu e.

2 .1 . 3  M u l t i p l e  I m p u t a t i o n  b y  E M  A l g o r i t h m :  A v e r a g e  S e l e c ­

t i o n

T h e  p rocess is  sim ilar  to  th a t  o f  E M  a lg o r ith m  in S ec tio n  2 .1 .2 . T h e  d ifference is th e  

e s tim a te d  va lu e  o f  x t  is  co m p u ted  b y  averag in g  a ll its  p o ss ib le  va lu es.

2 . 1 . 4  I m p u t a t i o n  b y  t h e  r e g u l a r i z e d  E M  a l g o r i t h m :  R a n d o m  

S e l e c t i o n

In reference [19], th e  au th or p ro p o sed  th e  m eth o d  to  e s tim a te  th e  m ean  an d  th e  covari­

an ce  m a tr ix  o f an in co m p le te  d a ta  se t  an d  fill-in  m iss in g  va lu es w ith  im p u ted  va lu es  

b y  th e  regu larized  E M . T h e  regu larized  E M  a lgo r ith m  is  b a sed  on  itera ted  a n a lysis  of 

lin ear  regression s o f va ria b les w ith  m iss in g  va lu es w ith  regression  coeffic ien ts  e s tim a ted  

b y  rid ge regression , a  regu larized  regression  m eth o d  in  w h ich  a  co n tin u o u s regu lariza tion  

p ara m eter  con tro ls  th e  filter in g  o f th e  n o ise  in  th e  d a ta  [19]. A fter  im p u ta tio n  p rocess,
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a  reco n stru cted  m a tr ix  is p rod u ced . S im ilar  to  S ec tio n  2 .1 .2 , th e  e s tim a te d  va lu e  o f X t  

is ra n d o m ly  se lec ted  from  all o f  it s  e s tim a te d  va lu es.

2 .1 . 5  I m p u t a t i o n  b y  t h e  r e g u l a r i z e d  E M  a l g o r i t h m :  A v e r a g e  

S e l e c t i o n

T h e  e s tim a tio n  p rocess is th e  sa m e as th a t  in  S ec tio n  2 .1 .4  ex ce p t th a t  th e  se lec tio n  

o f  th e  va lu e  o f X t  is p erform ed  b y  averag in g  all o f  its  e s tim a te d  va lu es, sim ilar to  th e  

se le c t io n  p rocess in  S ectio n  2 .1 .3 .

2 .1 . 6  k - S e g m e n t  P r i n c i p a l  C u r v e s

T h e  k -seg m en t p rin cip a l cu rve  in terp o la tio n  m eth o d  is  an  in crem en ta l on e th a t  finds  

p rin cip a l curves w h ich  are g en era liza tio n s o f p rin cip a l c o m p o n en ts  [20]. L ine seg m en ts  

are in serted  and fitted  to  form  p o ly g o n a l lines on  th e  u n iv a r ia te  t im e-ser ies  d a ta . T h e  

m issin g  va lu e is  o b ta in ed  b y  ev a lu a tin g  th e  in terp o la tio n  on  th o se  com b in ed  p o ly g o n a l  

seg m en ts  o f  t im e-ser ies  d a ta .

2 . 1 . 7  F u z z y  C - m e a n s  C l u s t e r i n g

H ath aw a y  an d  B ezd ek  [13] a p p lied  th e  fu zzy  C -m ean s c lu ster in g  to  e s tim a te  th e  m issin g  

d a ta  o f  real s-d im en sio n a l d a ta  b y  p a rtit io n in g  th e  d a ta  s e ts  in to  fu zzy  c lu sters and  

e s t im a tin g  o f th e ir  c lu ster  cen ters. Four stra teg ie s  are p ro p o sed  for d o in g  FC M  clu ster in g  

o f  in co m p le te  d a ta  se ts . W e se le c te d  a  stra teg y , w h ich  is  o p t im a l co m p letio n  fu zzy  C- 

m ea n s (O C S F C M ) for te s t in g  w ith  our four case  s tu d ie s . F C M  approach  is com p ared  

w ith  our p rop o sed  b y  m ea su r in g  th e  accu racy  o f e s t im a tin g  in co m p le te  d ata .
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2 .2  T i m e - S e r i e s  P r e d i c t i o n

2 .2 .1  M u l t i l a y e r  F e e d f o r w a r d  N e u r a l  N e t w o r k

N eu ra l n etw ork s are em erg in g  a s n ew  m o d e ls  for p red ic tio n  o f  n on lin ear  p h en o m en a  

in  1980. N eu ra l n etw ork s are p ow erfu l w h en  ap p lied  to  h ig h ly -co m p lex  p rob lem s. A  

m u ltilayer  feedforw ard n eu ra l n etw ork  (M L P ) is a  p ow erfu l s tru ctu re  for p red iction .

T h e  n o n lin ea r ity  is d is tr ib u ted  th ro u g h  certa in  layers o f  p rocessin g . In F igure 2 .1 , a 

m u ltila yer  feedforw ard n eu ra l n etw ork  is sh ow n . T h e  in p u t sa m p les  are fed to  th e  in p u t  

layer. T h e  p red ic tion  is p rod u ced  a t th e  o u tp u t layer. T h e  o u tp u t o f  each  layer are 

co n n ected  to  th e  ad jacen t layer.

F igu re  2.1: M u ltilay er  F eedforw ard  N eu ra l N etw ork s

O n  th e  p rob lem  o f t im e-ser ies  p red ic tion , th e  in p u ts  m u st ca p tu re  th e  t im e  ev o lu tio n  

o f  th e  u n d er ly in g  d iscrete  t im e  ran d om  sig n a ls . A n  in p u t is t im e-d e la y ed , i.e . x ( i ) , i  =  

0 ,1 ,  2 , . . . ,  k ). T h e  overall p red ictor  can  b e  rep resen ted  as

(2 .4 )
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w h ere /  rep resen ts th e  n on lin ear  m a p p in g  o f th e  n eu ra l n etw ork , k  is th e  p rev iou s  

sam p les , w h ich  are u sed  in  th e  m o d elin g , an d  t  is t im e  step .

2 .2 . 2  E n s e m b l e  N e u r a l  N e t w o r k  D e s i g n

E ven  th o u gh  a sin g le  n eu ra l n etw ork  can  b e  effic ien tly  u sed  for th e  p red iction  o f tim e- 

ser ies d a ta , a co m b in a tio n  o f  m a n y  neu ral n etw orks o f th e  sa m e ty p e  s ig n ifican tly  show s  

th e  im p ro vem en t o f  th e  p red ic tio n  p erform an ce. E n sem b le  n etw ork s co n sist  o f in d ep en ­

d e n tly  tra in ed  neu ral n etw ork s w h ich  are com b in ed  as a  s in g le  m aster  netw ork . T h e  

n etw ork  is u sed  as th e  seco n d  e s tim a tin g  s tep . T h e  in p u t to  each  su b -n etw ork  is th e  

o u tp u t from  each  m iss in g  d a ta  fill-in  tech n iq u e. T h e  G en era lized  E n sem b le  M eth o d  

(G E M ) p rop o sed  b y  P erron e [24] is a  gen era l tech n iq u e  for com b in in g  th e  o u tp u ts  o f  all 

in d iv id u a l neural n etw ork s. A n  eq u a tio n  o f th is  m e th o d  is  sh ow n  as follow s:
jyGEM

f c E M  =  ^  (2 .5 )

w h ere N G E M  is th e  n u m ber o f  in d iv id u a l n etw ork s, / j ( x )  is  th e  o u tp u t va lu e  o f n etw ork  

i ,  an d  a ,  is th e  w e ig h tin g  p ara m eter  for n etw ork  1. A ll OLiร  m u st sa t is fy  th e  con stra in t  

o f  c*i =  1. E ach  OLi is  d efin ed  b y

O i {

C f j

(2.6)

w h ere C i j  are th e  e lem en ts  o f  th e  covarian ce m a tr ix  o f  th e  errors from  th e  fu n ctio n  

e s tim a to rs  f i  an d  f j .  C k j  are th e  e lem en ts  o f  th e  covarian ce m a tr ix  o f th e  errors from  

th e  fu n ctio n  e stim a to rs  f k  a n d  f j .
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