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Appendix A
Mackey-Glass matlab function

function x=mackeyglass( , level,a, , c,x 0)

%S yntax X =mackeyglass( , level

% S im ulation o f th e discretized variant o f th e M ackey-Glass FDE.

X;1+1)=x(i )+aX(i-s)/ (l+x(i-s)'c)-bxii)

% X is the simulated tim e series

% is th e number o f th e sim ulated points

% le vel is th e noise standard deviation divided by th e standard
deviation o f the

% noise-free tim e series W e assume G aussian noise w ith zero mean.
% a, , c, and are th e parameter

6::)(0 is th e in itial values vector for X

%

% N ote:

% =length. (xQ)

% Reference:

% M ackey M c, G lass L (1977): O scillation and Chaos in. P hysiological

% co lrul y tem s . cie ce 177 287'289

% Ale X a dro Le o tits is

% Department o f E ducation
% U niversity o f loanmnina
9 45110 - D ourouti
iloannina

% creece

% U niversity e -m ail: rne00743@ cc.uoi.gr
% Life time c-mai.l. 1e aleqsyahoo c 0
i Homepage h ttp ://www.geocities com/CapeCanaveral/Lab/1421

% 16 N ov 2001

if nargin«<./| isempty ( )==1

else
% m u st b e scalar
if sum (size ( ))> 2
e rror (" must be scalar.")
end
% must be positive
if <0
e rroor (" must b e p o sitive .");
end
% must b e an integer
if round ( ) - =0

e rror (' must be an integer.")


mailto:rne00743@cc.uoi.gr
http://www.geocities.com/CapeCanavera1/Lab/1421

e ls

end

end

must be greater th an [
<
e rror (" m ust b e great

end
narginc<2 1 isempty (level)==1
level=0;
e
1Ieve| m u st b e scalar
if sum (size (level))>2
error('level must be s c a
end
% le vel must be positive
if le veKO
error('level m ust be p o s
end
narginO 1 isempty (a) ==1
a—0 .2 ;
e
% a must be scalar
if sum (size(a) )>2
error("a must b e s calar
end
narg\n<4 | isem pty ( )::1
=0. 1;
e
% must b e scalar
i f sum (size (b))>2
error("'b must be s calar
end
narg\n<5 | isempty(c)::].
c=10;
e
% c m ust b e scalar
if sum (size((c))>2
error('c must b e s calar
end
narginz<®6 Iisemply(xo)::l
xO:OvI“ones(17,1)‘
e
% xO m u st b e e ither a scalar
if max(size(xc))>2
error('x O must be either
end
ength (x 0 );

lar. ")
itiv e
")
-
)
or a

a s ca

r equal to S

or e

vecto

lar o

vecto

=length(x0)

qual

o

s

=leng

th

(x 0 )

")
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1) I (1+x0 (1) Ac) - *xO( );
*x0 (i) (14x0 (i) Ac)-b*x (i-1):

% Simulate
X(i, ) =x(i-1)+a*x(i-s)/(1+x(i-s)Ac)-b*x(i-1);

%Add normal white noise

n( , 1)*le e (x )



Appendix B

The flow of WDC algorithm in each iteration.

Step 2 Step 3
Step 1 RN N ;

I Pick up index of

1 Begin Vnissing and target
r subseq. VT @

o
Partitioning with a width of K ! o
Find a group, P, of reference

subsequences, v,, with the least
dista 5
If the number of groups istance ()
Yes

of imputed is equal to one.
values xm ﬂ
Step 4 ll

Until end Eﬂh%isﬂng

values

Set the average

For each subsequencej in p,

seteach imputed values of Xm

computed from vyand all

subsequence in group p using
equation (4.10).

Increase the size of the partitioning
window by setting K = K + 1
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