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Abstract
Stochastic volatility models have been focus for research in recent years.
One interesting and important topic has been the estimation procedure.
For a given stochastic volatility model this project aims to compare two
methods of parameter estimation. The stochastic volatility is modeled
via the equations,

yk = ζeαk/2ξt

and
αk = αk−1 + σηηk,

where ξk and ηk are i.i.d. with mean zero and variance equal to one.
In the project two methods for estimating the volatility are used, the
Improved Quasi Maximum Likelihood Method, suggested by Breidt,
F.J. and Carriquiry, A.L. (2002) and the Indirect Inference Method, sug-
gested by Gourieoux et al. (1993). The estimation is performed on sim-
ulated and real data.
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Chapter 1

Introduction

Stochastic financial mathematics is a rapidly developing field of mathemat-
ics and applied mathematics. It has close connections to economics and it
is oriented towards the solution of problems which appear in every day real
financial markets. This science investigates various models, allowing to ex-
plain properties which are found at the analysis of statistical elements, in
particular, formed by financial time series.

In this thesis, we consider stochastic volatility models. For a given
stochastic volatility model the project aims to compare two methods of pa-
rameter estimation, the Improved Quasi Maximum Likelihood Method, sug-
gested by Breidt, F.J. and Carriquiry, A.L. (2002) and the Indirect Inference
Method, suggested by Gourieoux et al. (1993), to learn which one of these
methods thus gives to most adequate reflection of the true behaviour of the
prices. Usually, there are cases when doing the forecast, when we cannot
avoid errors, which sizes define a degree of risk of the decisions based on the
received forecast.

The ultimate purpose of an investor is financial gain. We can estimate
the volatility that the investor could use to estimate the risk and to make
a decision. The forecast of the variability then plays a central role in the
financial process of decision-making. When the variability is high, the chance
that the investor is able to reach a high profit or high loss is also high. When
the risk is low, the probability for high profit or high loss is also small.

The outline of this paper is as follows. Section 2 details the basic volatility
model and the two methods for the parameter estimation. The results from
the examples with real data are presented in Section 3, and a comparision of
the two methods of estimation on real and simulated data is given in Section
4. The complete calculation and simulation program codes are listed in the
Appendix.
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Chapter 2

Methods

2.1 The Basic Model

Consider the sequence

yk = log
Sk
Sk−1

, (2.1)

where {Sk} is the price of the asset.
Suppose that sequence {yk} satisfies the Stochastic volatility model (SV-

model)
yk = σkεk = ζeαk/2ξk, (2.2)

where αk = ϕαk−1 + σηηk, {ξk} and {ηk} are i.i.d. random variables with
mean zero and variance equal to one, ζ is a positiv costant, ση is the volatility
and |ϕ| < 1 it is the autoregressive parameter.

2.1.1 Quasi Maximum Likelihood Estimation.

Our aim is:

• to estimate the parameters ζ, ϕ, and σ2
η

• to obtain smoothed estimates of the σk

Firstly, we transform {yk} to {xk} in the following way:

xk = log(y2
k)

= log(ζ2eαkξ2
k)

= log ζ2 + αk + log ξ2
k

= (logζ2 + Elogξ2
k) + αk + (log ξ2

k − E log ξ2
k)

= µ+ αk + εk. (2.3)

3



4 Chapter 2. Methods

where {εk} is i.i.d. (0, σ2
ε)

Remark 1 .Due to the fact that in the practice {yt} can take zero value (in
the case when Sk = Sk−1 )we will make another robust transformation wich
does not evaluates the logarithmis at the value z (probabily being zero), but at
z+dz,where dz is a small increment, and then extrapolating linearly from the
point (z+dz, log(z+dz)) using the slope of the tangent line,see Fuller(1995)
We obtain

log(z + dz)− dz(z + dz)−1. (2.4)

x∗k = log(y2
k + δσ̂2)− (y2

k + δσ̂2)−1δσ̂2

= logσ2
k + log(ξ2

k + δσ̂2σ−2
k )− (ξ2

k + δσ̂2σ−2
k )−1δσ̂2σk−2

= µ∗k + αk + ε∗k. (2.5)

where δ is some small constant and σ̂2 is the sample mean of the {yk}.

As shown by Breidt, F.J. and Carriquiry, A.L, (2002), the Kalman filter
can be used in such a case:

a0 = 0, P0 =
σ2
η

1− ϕ2

ak|k−1 = ϕak−1, Pk|k−1 = ϕ2Pk−1 + σ2
η (2.6)

for the one-step-ahead prediction and

ak = ak|k−1 + Pk|k−1f
−1
k (xk − ak|k−1), Pk = Pk|k−1 − P 2

k|k−1f
−1
k (2.7)

for filtering, where
fk = Pk|k−1 + σ2

ε ,

and

νk = xk − ak|k−1

We obtain the Gaussian quasi log-likelihood,

logL(φ) = −K
2

log 2π − 1

2

K∑
k=1

log fk −
1

2

K∑
k=1

ν2
k/fk. (2.8)

The smoothed estimates are given by

ak|K = ak + P ∗k (ak+1|K − ϕak), Pk|K = P ∗k (Pk + 1|K − Pk+1|k)P
∗
k , (2.9)
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where P ∗k = ϕPkPk+1|k, see [?].
From equation ?? we have

xk − µ = αk + εk.

Let αk + εk = zk

(1− ϕB)(xk − µ) = (1− ϕB)(αk + εk)

= αk + εk − ϕαk−1 − ϕεk−1

= zk + θzk−1 (2.10)

It is ARMA(1,1) reduced form, where {zk} is a white noise sequence with
mean zero and variance σ2

z . This implies the following locally one-to-one
mappings:

σ2
ε = −θσ2

zϕ
−1, σ2

η = (1 + θ2)σ2
z + (1 + ϕ2)θσ2

zϕ
−1 (2.11)

2.1.2 Algoritm of QML-method

For estimation of the parameters ζ , ϕ , σ2
η we use the following procedure:

1. transform {yk} to {xk} (or {x∗k}, if needed)

xk = log y2
k = µ+ αk + εk(

x∗k = log(y2
k + δσ̂2)− (y2

k + δσ̂2)−1δσ̂2 = µ∗k + αk + ε∗k
)

;

2. mean-correct the transformed sequence {xk} (or {x∗k})

Xk := xk −
K∑
i=1

xi; (2.12)

3. form the concentrated ARMA(1,1) likelihood depending on (ϕ, θ) ac-
cording to the formula presented in [?]:

`(ϕ, θ) = −K
2

log

 K∑
k=1

(
Xk − X̂k

)2

rk−1

− 1

2

K∑
k=1

log rk−1, (2.13)

where

X̂k =

{
0, k = 1,

θ
(
Xk−1 − X̂k−1

)
/rk−2, k = 2, . . . , K

(2.14)
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and

rk−1 =

{
(1 + 2θϕ+ θ2) / (1− ϕ2) , k = 1,
1 + θ2 − θ2/rk−2, k = 2, . . . , K;

(2.15)

4. maximize the function `(ϕ, θ) and find the estimates ϕ̂, θ̂ and σ̂2
z as

follows

(ϕ̂, θ̂) := arg max `(ϕ, θ) (2.16)

σ̂2
z :=

K∑
k=1

(
Xk − X̂k

)2

rk−1

; (2.17)

5. calculate σ̂2
ε and σ̂2

η using the vector
(
ϕ̂, θ̂, σ̂2

z

)
and formulas ??;

6. calculate {ak|K} using values ϕ̂, σ̂2
ε and σ̂2

η and recursive formulas ??,
?? and ??;

7. estimate ζ via

ζ̂ :=

√√√√ 1

T

K∑
k=1

y2
ke
−ak|K . (2.18)

2.1.3 Indirect Inference.

Description: Indirect method is based on an incorrect criterion, in the sense
that the optimization of this criterion does not directly provide a consistent
estimator of the parameter of interest. The argument of the criterion, called
the auxiliary parameter.

2.1.4 Algoritm of Indirect method

Indirect method consists of the following:

1. For the sequence {yk} we assume a GARCH(1,1) model as an auxiliary
model,

Xk = σkεk; (2.19)

σ2
k = a0 + b1x

2
k−1 + b2σk−1. (2.20)
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where εk is i.i.d. random variables with mean zero and variance equal
to one. It is a model with an auxiliary parameters (a0, b1, b2). The
estimation of these parameters are easies than for the SV-Models.

2. Thus, we get estimated vector, say as in our program in R a = (â0, b̂1, b̂2)

3. Then we simulate data from the SV model by using values of the pa-
rameter, (ζ0, ϕ0, ςη0)

yk = σkεk = ζeαk/2ξk,

αk = ϕαk−1 + σηηk

and obtain the vector Zn = (ζ, ϕ, ςη) for the n:th simulation.

4. By estimating the vector Z in step (2) we get estimated vector cn =

(â0
(n), b̂1

(n)
, b̂2

(n)
)

5. Change the parameters in step (2) according to an optimizing scheme
and go to (3).
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Chapter 3

Results

In this chapter the results obtained with the two methods for estimating
the volatility, the Improved Quasi Maximum Likelihood Method, and the
Indirect Inference Method described in previous chapter are presented.

3.1 Examples with Real Data

In the project, we have used real data consisting of the closing prices of Eric
B at the Stockholm Exchange Market, OMXS, during the period May 20th
2005 to May 11th 2007, in the text and figures denoted Sk. Eric B is a short
form for Ericson B stocks at the OMXS.

Number Date Ericsson B (Pd SEK) OMX Stockholm 30
1 22.05.2005 23,1 784,585
2 23.05.2005 23,2 784,338
3 25.05.2005 23 785,108
4 26.05.2005 23,1 784,585
5 27.05.2005 23,2 784,338
6 28.05.2005 23,2 784,635
7 29.05.2005 23 783,165

. . .
498 09.05.2007 25,75 1239,703
499 10.05.2007 25,45 1221,688
500 11.05.2007 25,35 1219,27

Table 3.1: Closing prices of Eric B during the period May 20th 2005 to May
11th 2007. As a comparision, the closing prices of the index OMX Stockholm
30 is included in the table.

9



10 Chapter 3. Results

Figure 3.1: Fluctuation of the closing prices of Eric B, {Sk}.

In finance it is well known that the prices, the magnitude of financial
indexes fluctuate stochastically. In Figure ?? the graph of the fluctuation
of the stock prices of Eric B, Sk, is shown and in Figure ?? the logarithmic
returns yk = Sk/Sk−1.

For estimation of the parameters we use a MatLab program.The complete
code of this program is in Appendix A.

Receive an estimation of parameters using Indirect method

We assume an ARMA(1,1) model and proceed as following:

• Transform {yk} to {xk} (or {xk}), see Figure ??

• Estimate ARMA(1, 1)models to data by the ML - method.

• estimate the parameters of the ARMA model

A(q)y(k) = C(q)e(k)
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Figure 3.2: The logarithmic returns, {yk}, of the closing prices of Eric B.

using a prediction error method.
The ARMA(1,1) of data set {x∗k} proceedes the estimates

A(q) = 1− 0.9973(+− 0.00216)q−1

C(q) = 1− 0.8127(+− 0.02754)q−1

(1− 0.9973(+− 0.00216))q−1yk = (1− 0.8127(+− 0.02754))q−1ek

yk = 0.9973(+− 0.00216)yk−1 + εk − 0.8127(+− 0.02754)εk−1 (3.1)

from this equation ?? we obtain

ϕ̂k = 0.9973 (3.2)

and

θ̂ = −0.8127; (3.3)

see equation ??
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Figure 3.3: The transformed time series {xk}.

• maximize the function `(ϕ, θ) and find estimations σ̂2
ε and σ̂2

η

σ̂2
ε = 0.0630; (3.4)

σ̂2
η = 0.0027; (3.5)

• calculate {ak|K} using values ϕ̂, σ̂2
ε and σ̂2

η and recursive formulas ??,
?? and ??;

• estimate ζ

ζ̂ = 1.9019; (3.6)

Receive an estimation of parameters using Indirect method

• For the sequence {yk} we assume a GARCH(1,1) model as an auxiliary
model,

Xk = σkεk; (3.7)

σ2
k = a0 + b1x

2
k−1 + b2σk−1. (3.8)
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where εk is i.i.d. random variables with mean zero and variance equal
to one. It is a model with an auxiliary parameters (a0, b1, b2).

• In statistic program R we get estimated vector a = (â0, b̂1, b̂2)

• Then we simulate data from the SV model by using values of the pa-
rameter, (ζ0, ϕ0, ςη0)

yk = σkεk = ζeαk/2ξk,

αk = ϕαk−1 + σηηk

and obtain the vector Zn = (ζ, ϕ, ςη) for the n:th simulation.

• By estimating the vector Z in step (2) we get estimated vector cn =

(â0
(n), b̂1

(n)
, b̂2

(n)
)

• Change the parameters in step (2) according to an optimizing scheme
and go to (3).

|c− a| â0 b̂1 b̂2
0.10388251 1.896 0.998 0.017
0.10388251 1.905 0.999 0.027
0.10530439 1.908 0.996 0.027
0.09706161 1.895 0.996 0.025
0.09589005 1.903 0.994 0.025
0.09182732 1.903 0.996 0.027
0.09444156 1.902 0.995 0.028
0.10078764 1.903 0.997 0.026
0.09889710 1.895 0.995 0.027
0.10442172 1.890 0.989 0.027

Table 3.2: Obtained results for Indirect Method

• In Table 3.2 we can see, that the smallest difference between parameters
a and c is equaled 0.09182732 then we can assume, that the best result
is equal â0 = 1.903, b̂1 = 0.996, b̂2 = 0.027
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Chapter 4

Conclusions

In this thesis I have compared two methods of parameter estimation, the
Improved Quasi Maximum Likelihood Method and the Indirect Inference
Method on the closing prices of the stocks Eric B of the Swedish company
Ericsson.

4.1 Compare Two Methods

For real date we have obtained the following results:

• use the QMLE

ϕ̂k = 0.9973 (4.1)

ζ̂ = 1.9019; (4.2)

σ̂2
η = 0.0027; (4.3)

• Use the Indirect method

ϕ̂k = 0.996 (4.4)

ζ̂ = 1.903; (4.5)

σ̂2
η = 0.027; (4.6)

15



16 Chapter 4. Conclusions

For comparision of the two methods we consider a simple example. In
this example we consider the estimation of the parameters ϕ̂k, ζ̂ and σ̂2

η for
the Stochastic volatility model (SV-model)

yk = σkεk = ζeαk/2ξk, (4.7)

where αk = ϕαk−1 + σηηk, {ξk} and {ηk} are i.i.d. random variables with
mean zero and variance equal to one, and where the true value of ζtr = 1.9019,
σtrη = 0.0027 and ϕtr = 0.9973.
In these experiments we use simulated date, the number of obsevations is
N=500 and the number of replications is 200.

Method Number ϕob ζob σobη
true value 0,9973 1,9019 0,0027

1 0,9979 1,6530 0,0440
2 0,964 1,9011 0,00052

QMLE 3 0,9716 1,7923 0,0012
4 0,9817 1,8395 0,0091
5 0,9891 1,8549 0,00059
1 0,999 1,895 0,0011
2 0,991 1,9 0,0001

Indirect method 3 0,999 1,898 0,0014
4 0,988 1,89 0,0002
5 0,996 1,896 0,0016

Table 4.1: Quasi-Maximmum Liikelihood estimates and Indirect Method for
SV-models, where ϕob, ζob, σobη are new parameters, obtained by simulated
date.

Then we use following formulate for compare two methods:

(ϕtr − ϕob)2 + (ζtr − ζob)2 + (σtrη − σobη )2 (4.8)

Number QMLE compare ( > or < ) Indirect method
1 0,0636571 > 0,0000529
2 0,0011141 > 0,0000499
3 0,0126747 > 0,0000196
4 0,0041779 > 0,0002342
5 0,0022806 > 0,0000376

Table 4.2: compare two methods

Thus an estimation received at an Indirect method closer to true results.
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Notation

Eµ(X), Vµ(X) Expectaion and variance of the random
variable X with respect to the measure µ.

Cµ(X,Y ) Covariance of the random variables X
and Y with respect to the measure µ.

{Xt : t ∈ T} A random process with time index set T .
{Xt} is said to be a process in discrete
time if T is discrete and a process in
continuous time if T is continuous.

(B,S) A (B,S)-market consisting of a bank
account (’risk-free’ asset) B = {Bn} and
a stock (’risk asset’) S = {Sn}.

{ξk}, {ηk} are i.i.d. random variables with mean
zero and variance equal to one.

ζ a positiv costant.

ση the volatility of the index price.

|ϕ| < 1 the autoregressive parameter.
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Appendix

4.2 Appendix A

display(’**************QMLE of ARMA(1,1) model**************’);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%% Load real data of Ericson B (from 2006-03-02 to 2007-05-11)%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

load C:\data\GulmiraEricson500.txt;

GE = GulmiraEricson500;

N = size(GE);

N = N(1);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%Transform the observed {y} to {x} or {x1} %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

y = log(GE(2:N)./GE(1:N-1));

x = log(y.^2);

%

% delta is a small constant

n = (sum(y.^2))/(N-1);

% n = sigma^2 is the sample mean of the y^2.

x1 = log(y.^2+delta*n)-delta*n./(y.^2+delta*n);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%Perform the estimation of the ARMA(1,1)models to data by the MLmethod. %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

am11=armax(x1,[1 1]);

present(am11);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% The series {X}corrected with respect to the mean. %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

display(’insert psi’);

23



psi = input(’psi = ’);

display(’insert teta’);

teta = input(’teta = ’);

r = zeros(N);

r(1)=(1+2*teta*psi+teta^2)/(1-psi^2);

for i = 3:N,

r(i-1)=1+teta^2-teta^2/r(i-2);

end;

m = sum(x1)./(N-1);

X = x1-m;

Xo(2)=0;

for i=2:N,

Xo(i)=teta*(X(i-1)-Xo(i-1))./r(i-1);

end;

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%The quasi maimum likelihood estimation of sigma^2(z);%

% sigma^2(eps); sigma^2(nu) as: %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

for i=2:N,

sigma2z = sum((X(i-1)-Xo(i-1)).^2)/r(i-1);

end;

sigma2e = -teta*sigma2z/psi

sigma2n =(1+teta^2)*sigma2z+(1+psi^2)*teta*sigma2z/psi

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Perform calculation at at|T %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

a=zeros(1,N);

P=zeros(1,N);

P(1)=sigma2n/(1-psi^2);

for i=1:N-1,

a(i)=psi*a(i);

P(i)=psi^2*P(i)+sigma2n;

f(i+1)=P(i)+sigma2e;

a(i+1)=a(i)+P(i)*1/f(i+1)*(x1(i)-a(i));

P(i+1)=P(i)-P(i)^2/f(i+1);

24



P1(i)=psi*P(i)/P(i+1);

a(N-1)=a(i)+P1(i)*(a(N-2)-psi*a(i));

end;

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% estimate zeta %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

zeta=sqrt(1/(N-1)*sum((y’).^2.*exp(-a(N-1))))

sigma2t=zeta^2*exp(a(N-1))

sigman = sqrt(sigma2n)

ksi=randn(1,N);

eta = sigman*randn(1,N-1);

alfa = 0;

for i = 2:N,

alfa(i)=alfa(i-1)*psi+eta(i-1);

end;

y1=zeta*exp(alfa/2).*ksi;

4.3 Appendix B

a<-read.table("C:/GulmiraEricson500.txt",sep="\t")

q<-a[,1]

s<-a[1:499,1]

s2<-a[2:500,1]

r<-log(s/s2)

plot(r,type="l")

library(tseries)

library(fBasics)

kurtosis(r)

summary(r.arma <- arma(r, order = c(1, 1)))

plot(r.arma)

25



4.4 Appendix C

a<-read.table("D:/m/GulmiraEricson500.txt",sep="\t")

q<-a[,1]

s<-a[1:499,1]

s2<-a[2:500,1]

r<-log(s/s2)

plot(r,type="l")

library(tseries)

grch<-garch(r,order=c(1,1))

aaa<-coef(grch)

old_eps<-1000

ksi<-rnorm(500)

z<-rnorm(500)

zz<-rnorm(500)

alfa<-0

b<-c(0,0,0)

simulate<-function(arg1){

ksi<-rnorm(500);

eta<-rnorm(500);

for(i in 1:500){

alfa[i+1]<-arg1[2]*alfa[i]+arg1[3]*eta[i];

zz[i]<-arg1[1]*exp(alfa[i+1]*0.5)*ksi[i];

}

return(zz)

}

new_eps<-0;

k<-1;

report<-0;
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for(i in 1:10000){

b[1]<- rnorm(1,1.9019,.01);

b[2]<- rnorm(1,0.9973,.01);

b[3]<- rnorm(1,0.1,.1);

z<-simulate(b);

grch<-garch(z,order=c(1,1));

coeff<-coef(grch);

new_eps <- sqrt((coeff[1]-aaa[1])^2 +

(coeff[2]-aaa[2])^2 +

(coeff[3]-aaa[3])^2);

if(new_eps<old_eps){

old_eps<-new_eps;

best_b<-b

}

temp<-c(b,coeff,new_eps);

report<-rbind(report,temp);

}

cat("Best_b = ",best_b,"\n")
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4.5 Appendix D

Compare two methods: the QMLE

%display(’******Indirect method of GARCH(1,1) model*******’);

n = 500;

N=500;

sigman = 0.0188

psi = 0.9987

zeta = 1.7802

ksi=randn(1,n);

eta = sigman*randn(1,n-1);

alfa = 0;

for i = 2:n,

alfa(i)=alfa(i-1)*psi+eta(i-1);

end;

y=zeta*exp(alfa./2).*ksi;

x = log(y.^2);

%

delta = 0.005; % delta is some small constant

n = (sum(y.^2))/(N-1);

% n = sigma^2 is the sample mean of the y^2.

x1 = log(y.^2+delta*n)-delta*n./(y.^2+delta*n);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%Estimate ARMA(p,p)models for p=1...n to data by the MLmethod%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

am11=armax(x’,[1 1]);

present(am11);

%plot(am11);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% The series {X}corrected with respect to the mean. %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

display(’insert psi’);

psi = input(’psi = ’);

display(’insert teta’);

teta = input(’teta = ’);

r = zeros(N);
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r(1)=(1+2*teta*psi+teta^2)/(1-psi^2);

for i = 3:N,

r(i-1)=1+teta^2-teta^2/r(i-2);

end;

m = sum(x1)./(N-1);

X = x1-m;

Xo(2)=0;

for i=2:N,

Xo(i)=teta*(X(i-1)-Xo(i-1))./r(i-1);

end;

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% The quasi maimum likelihood estimation of sigma^2(z); %

% sigma^2(eps); sigma^2(nu) as: %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

for i=2:N,

sigma2z = sum((X(i-1)-Xo(i-1)).^2)/r(i-1);

end;

sigma2e = -teta*sigma2z/psi

sigma2n =(1+teta^2)*sigma2z+(1+psi^2)*teta*sigma2z/psi

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Calculation at|T %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% at = zeros(N-1);

% Pt = zeros(N-1);

a=zeros(1,N);

P=zeros(1,N);

P(1)=sigma2n/(1-psi^2);

for i=1:N-1,

a(i)=psi*a(i);

P(i)=psi^2*P(i)+sigma2n;

f(i+1)=P(i)+sigma2e;

a(i+1)=a(i)+P(i)*1/f(i+1)*(x1(i)-a(i));

P(i+1)=P(i)-P(i)^2/f(i+1);
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P1(i)=psi*P(i)/P(i+1);

a(N-1)=a(i)+P1(i)*(a(N-2)-psi*a(i));

end;

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% Estimation of zeta %

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

zeta=sqrt(1/(N-1)*sum((y’).^2.*exp(-a(N-1))))

sigma2t=zeta^2*exp(a(N-1))

y1 = y’ ;

and the Indirect Method

simulate<-function(arg1){

ksi<-rnorm(500);

eta<-rnorm(500);

for(i in 1:500){

alfa[i+1]<-arg1[2]*alfa[i]+arg1[3]*eta[i];

zz[i]<-arg1[1]*exp(alfa[i+1]*0.5)*ksi[i];

}

return(zz)

}

b<-c(1.5,0.85,0.004);

sample<-simulate(b);

r<-sample

plot(r,type="l")

library(tseries)

grch<-garch(r,order=c(1,1))
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aaa<-coef(grch)

old_eps<-1000

ksi<-rnorm(500)

z<-rnorm(500)

zz<-rnorm(500)

alfa<-0

b<-c(0,0,0)

new_eps<-0;

k<-1;

report<-0;

for(i1 in 0:20){

b[1]<- 1.89+i1*0.001;

cat("i1 = ",i1,"\n")

for(i2 in 0:20){

b[2]<- 0.979+ i2*0.001;

for(i3 in 0:20){

b[3]<-i3*0.001;

z<-simulate(b);

grch<-garch(z,order=c(1,1));

coeff<-coef(grch);

new_eps <- sqrt( (coeff[1]-aaa[1])^2

+ (coeff[2]-aaa[2])^2 + (coeff[3]-aaa[3])^2);

if(new_eps<old_eps){

old_eps<-new_eps;

best_b<-b

}

k<-k+1;

temp<-c(b,coeff,new_eps);

report<-rbind(report,temp);

}

}

}
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cat("Best_b = ",best_b,"\n")
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