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Algorithm 1: The Monte Carlo Filter

MCPfilter[{&}_,}." |, yi]

{

FORi=1,..M
Predict:x! ~ p(x;|2! ;)
Weight: wf = p(yz})
ENDFOR

Sum of Weightssw = M wi
Log-Likelihood: llk = log(sw/M)

FORi=1,..,.M

Normalize:w! = :’—7;
ENDFOR

Resampling: {}}/,] =resample{a}, w;}!" ]

RETURN[{#i}" , lik]
}

. - M
MCPmain [z4},, {y) 7,11
Initialize: llk =0
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Calculate initial Piand Yi (i=1...N+1)

Determine highest, second highest, and lowest negative log likelihood
Calculate centroid of Pi (Pcent)

[Reflection]
Form P =(1+a)P

-«P,,o>1
Calculate Yref

cent

Y

IsYef<Yl? | —N0 ] s yref<=Ys? N0 w fs Yref> vh 2 %

Yes ¢ Yes Yes Replace Ph by Pref
[Expansion] |
Form P, =yP, +(1-y)P,,, [Contraction] \

y=1 Form P, =BP,+(1-B)P.,
Calculfte Yexp Be(0,1)

No Calculate Ycontr ¢

Yes ¢ ' No
Replace Ph by Pexp Replace Ph by Pref Replace Ph by Poontr Replace all Piby

(P+P)2

\
No Has parameters
converged?

- Yes, gyt

O 2: Nelder-Mead] (Nelder and Mead (1965%) 0 O )
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Algorithm 3: Simplex Initial Distribution Search

SimplexSOSSy}r_,, P, N]
{

P =[P, -, Pnii]
FORi=1,...,N+1

Y; = SOSSMain{y},_,, P,)
ENDFOR

Set highest negative log-likelihood:h
Set second highest negative log-likelihodtk

Set lowest negative log-likelihood’!

“Opoooooooooooo r; =01, a=20v=20,8=05¢ =1.0x10°00000000
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Calculate the centroi®..,,; of {P;}, i # h
Reflection:P,.; = (1 + ) Peepy — Py,
Yyes = SOSSMaing, ;)
FLAG=0
IFY.er <Y
Expansion:P.,, = vPyrer + (1 — ) Peent
Yeup = SOSSMaing..,,)
IF Youp < V)
ReplaceP;, by P.,,
FLAG=1
ENDIF
ELSE IFY,.y <=Y; AND FLAG =0
ReplaceP;, by P,y
FLAG=1
ELSE IFY;.s > Y, AND FLAG =0
ELSE
ReplaceP;, by P,y
ENDIF

Contraction:P.opir = 8Py + (1 — 8) Prent
Yeontr = SOSSMain.ontr)
IF Yeontr <= Y
ReplaceP, by P,y
ELSE
Replace allP; by (P, + P,)/2
ENDIF

RETURN[P]
}
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yr = 100 x {log(Py4+1) — log(P1)}, (26)
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