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Abstract : The financial time-series data of many agricultural commodities show heteroscedasticity. So, the behaviour of
prices of such commodities is fundamental to policy makers. One novel approach for modelling the volatile data sets is the
promising methodology of Stochastic volatility (SV) model. SV model assumes the volatility to be an unobservable state
variable following some latent stochastic process. In the present study, we aim to devise a procedure for estimation of
parameters of SV using Genetic algorithm. Subsequently, the unobservable volatility is estimated using Kalman filter. For
illustration purpose, the All-India data of month-wise total export of Basmati rice is considered. Comparative study to infer
about the utility of SV model is also carried out by calculating various measures of goodness of fit and forecasting performance
of the fitted SV model and GARCH model. Finally, it is concluded that SV model has performed better than GARCH for the data
under consideration.
Key words : Heteroscedasticity, Volatile data, Stochastic volatility model, Unobservable state variable, Kalman filter, Genetic

algorithm, GARCH, Goodness of fit, Forecasting performance.

Int. J. Agricult. Stat. Sci.  Vol. 11, Supplement 1, pp. 257-264, 2015 ISSN : 0973-1903

*Author for correspondence Received October 12, 2014 Revised April 16, 2015 Accepted May 18, 2015

1. Introduction
To handle heteroscedasticity in time-series data

[Engle (1982)] in his Nobel prize-winning work in
Economics, proposed the Autoregressive conditional
heteroscedastic (ARCH) models, which considers
significant presence of autocorrelation of squared
residual series. The ARCH (q) model for series {t} is
obtained by specifying the conditional distribution of t
given available information up to time t–1. The process
{t} is defined to be a ARCH (q) process, if the
conditional distribution of {t} given available
information  t1 is

 t t- tN h1 0~ ,c h (1)

and
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Where, a0 > 0, ai  0 for all i and ai
i=

q

 1
1

.

The ARCH type models specify the volatility of
the current observation as a deterministic function of
the past observations and have been widely used in
applied empirical research. Bollerslev (1986) proposed
the general form of ARCH model called the GARCH
model, in which the unconditional autocorrelation
function of squared residuals decays slowly. It gives
more parsimonious models. The GARCH model
focuses on capturing the clustering of volatility when
the conditional variance at time t is modelled as a
deterministic function of lagged values of conditional
variances and squared observations, given by

 t t th ½ (3)
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Where, t ~ IID(0,1), a0 > 1, ai  0, i = 1, 2, ..., q.
bj  0, j = 1, 2, ..., p.

However, the assumption that the volatility is driven
by past observable variables can become a constraint
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for GARCH family of models.
Alternatively, volatility may be modelled as an

unobservable component following some latent
stochastic process, such as an autoregressive model.
Models of this kind are called Stochastic volatility (SV)
models [Taylor (1994)]. Compared with the GARCH
models, using well-known results on log-normal
distributions, the SV model capture in a more appropriate
way the main empirical properties often observed in
daily series of financial returns [Carnero et al. (2003)].
Although, it gives parsimonious models, their estimation
is complicated because the volatility, t, cannot be
observed one-step ahead. Recently, a very powerful
stochastic optimization technique of Genetic algorithm
(GA) has been developed. The GA is a method for
solving both constrained and unconstrained optimization
problems that is based on natural selection, the process
that drives biological evolution. The GA repeatedly
modifies a population of individual solutions. At each
step, the GA selects individuals at random from the
current population to be parents and uses them to
produce the children for the next generation. GA not
only overcomes the traps of local optimization, but also
reduces much computational time to find optimal
solution.

In this paper, an attempt is made to study the SV
model along with its estimation procedure thoroughly
using GA. As an illustration, this model is then applied
to describe volatile All-India data of monthly export of
basmati rice during the period January, 2003 to January,
2010. Finally, based on the residuals, the performance
of the SV model is compared with GARCH model.
The two models is assessed for modelling as well as
forecasting using various measures of goodness of fit
and forecasting performance respectively. It is
concluded that SV model fitted using GA performs
relatively better than GARCH for the data under
consideration for modelling as well as forecasting.

2. Some Preliminaries
In this Section, Stochastic volatility (SV) model

along with its estimation procedure using Genetic
algorithm (GA) is briefly described along with Kalman
filtering technique and ARCH-LM test.
2.1 Stochastic Volatility (SV) Model

The SV model is more realistic and flexible than
the ARCH-type models, since it essentially involves
two random processes, one for the observations and

one for the latent volatilities. The SV model for a
monthly observed univariate time-series {yt, t–1, ..., T}
is given by

yt = *tt,  t = 1, ..., T (5)
Where, yt denotes the observation and t is the

corresponding volatility. log t
2  follows an AR(1)

process with Gaussian noise and is unobserved but can
be estimated using the observation. t is a white noise
process with unit variance that represents the
disturbances in the observation. Following the
convention usually considered in literature, we write
ht t log .2  So, Equation (5) can be written as

y ht t t   exp 2c h (6)

Where, * is a scale parameter and it removes the
need for a constant term in the stationary first-order
autoregressive process

ht+1 = ht + t, t~ IID 0 12, , e j  (7)

Where,   1 implies stationarity of ht. The
parameter  is often considered as a measure of the
persistence of shocks to the volatility. When  is close
to 1 and 

2  is close to 0, the evolution of volatility over

time is very smooth. The variance of the log-volatility
process, 

2  measures the uncertainty about future

volatility.
A good description of stochastic volatility models

is given in Barndorff-Nielsen et al. (2002) and Broto
and Ruiz (2004).
2.2 Kalman filtering

The Kalman filter (KF) is a set of mathematical
equations that provides an efficient computational
(recursive) means to estimate the state of a process in
a way that minimizes the mean of the squared error. It
consists of a set of equations which allows updating
the estimate of state when new observations become
available. There are two stages involved in this process
which are called the prediction stage and the updating
stage. The KF addresses the general problem of trying
to estimate the state  of a discrete-time process that
is governed by the linear stochastic difference equation.

t+1 = Ftt + Gtt (8)
with a measurement Yt, that is

Y Ht t
'

t t   (9)
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It is assumed that {t} of Equation (8) and {t} of
Equation (9) are independent, zero mean, Gaussian
white noise process with

E Rt t t
'   and E Qt t  t

'  (10)

Given observations {Yt: t = 1, 2, ..., T}, the goal is
to estimate the parameters Ft, Ht, Rt and Qt make
inferences about the state vector t. The Kalman filter
(KF) updates the state vector sequentially given past
information, t .

Denote


|  t t t tE 1 1o t and  |  t t t tE o t for t = 0,

1, 2, ..., T – 1 (11)

and assume  | 0 1 0  Em r  and 0|–1 = P0. Now using
 ,| t t1  the observation Yt is predicted by the optimal

predictor  ,|Yt t1  where

 
|

'
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and the conditional error variance due to predictor  |Yt t1

is
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The state vector t and its mean squared error
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The one-step ahead prediction errors

Y Ht t t t 
'

|
 1d i for t = 1, 2, ..., T are independently and

identically distributed. This implies that the joint log
likelihood function of prediction errors can be written
as the sum of the log likelihoods at each occasion, that
is
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The parameters (Ft, Ht, Rt and Qt) are estimated
by maximizing the log-likelihood function.

An excellent description of this methodology is
given in Durbin and Koopman (2001).
2.3 Estimation of parameters using genetic

algorithm
GA is a powerful computerized iterative search and

optimization algorithm based on mechanics of natural
genetics. GA begins its search with a random set of
solutions coded in binary strings. Every solution is
assigned a fitness, which is directly related to the
objective function of the search and optimization
problem. Thereafter, the population of solutions is
modified to a new population by applying three operators
similar to natural genetic operators viz. selection,
crossover and mutation. A single iteration of these three
operators is known as a generation in the parlance of
GA. It works iteratively by successively applying these
three operators in each generation till a termination
criterion is satisfied. A detailed description is given
below:

Initialization : An initial population of solutions is
randomly generated, and an objective function value is
evaluated for each member of the solution population.

Regeneration : A new solution population is
generated from the current solution population. First,
individual members are chosen stochastically to parent
the next generation such that those who are the “fittest”,
having the best objective function values are more likely
to be picked. This process is called selection. The
primary objective of the selection operator is to make
duplicates of good solutions and to eliminate bad solutions
in a population, while keeping the population size
constant. Those chosen solutions will be either copied
directly to the next generation or will be passed to a
crossover operator depending on the crossover
probability (pc). The crossover operator combines two
or more parents to produce new offspring solutions for
the next generation. A fraction of the next generation
solutions, selected according to mutation probability, will
be passed to a mutation operator which introduces
random variations in the solutions. The crossover
operator passes characteristics from each parent to the
offspring. Mutation is designed to ensure diversity in
the search to prevent premature convergence to a local
optimum. As the final step in regeneration, the current
population is replaced by the new solutions generated
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by selection, crossover, and mutation. The objective
function values are evaluated for the new generation.

Repeat : After regeneration, the process checks
some stopping criteria, such as the number of iterations
or some other convergence criteria. If the stopping
criteria is not met, then the algorithm loops back to the
regeneration step.

Sivanandam and Deepa (2008) is a good source of
information on Genetic Algorithm.
2.4 Testing for ARCH Effects

Let {t} be the series of residuals. The squared

series  t
2n s  is considered to check for conditional

heteroscedasticity, also known as the ARCH effects.
The usual Ljung-Box statistic Q(m) is applied to the

 t
2n s  series, where the null hypothesis is that the first

m lags of autocorrelation functions of the  t
2n s  series

are zero. The other test for conditional heteroscedasticity
is the ARCH-Lagrange multiplier (ARCH-LM) test of
Engle (1982). This test is equivalent to usual F-statistic
for testing H0 : ai = 0, 1, 2, ..., q in the linear regression

   t t q t q ta a a2
0 1 1

2 2     ... , t = q + 1, ..., T

(17)
Where, et denotes the error term, q is the pre-

specified positive integer and T is the sample size.
Denote
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T

0
2 2

1

 
 
  d i , (18)
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is the sample mean of  t
2n s  and
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Where, et  is the least square residual.

Then, under H0,

F
SSR SSR q
SSR T q




 
0 1

1 1
c h

a f (21)

is asymptotically distributed as chi-squared distribution
with q degrees of freedom. The decision rule is to reject

H0 if F q  2 a f,  where  q
2 a f  is the upper 100(1 – )th

percentile of q
2  or, alternatively, the p-value of F is

less than .

3. An Illustration
As an illustration All-India data of month-wise total

export of Basmati rice during the period April, 2002 to
March, 2009 is considered. These are obtained from
Central Statistical Organisation (C.S.O), compiled by
Indiastat (www.indiastat.com) available at I.A.S.R.I.,
New Delhi and the same are exhibited in Fig. 1. Out of
total 84 data points, first 79 data points corresponding
to the period April, 2002 to October, 2008 are used for
model building and the remaining 5 data points, i.e. from
November, 2008 to March, 2009 are used for validation
purpose. A perusal of Fig. 1, appended as an annexure
1, indicates presence of volatility at several time-epochs.

The sample autocorrelation functions (Acfs) up to
the first 20 lags of the data are computed and reported
in Table 1. The series needs to be differenced as the
Acfs decay very slowly. Acfs up to the first 20 lags of
the first differenced data are computed and reported in
Table 1. It is observed that only a few Acfs are high
making it easier to select the order of the model. The
appropriate model is chosen on the basis of minimum
Akaike information criterion (AIC) and Bayesian
information criterion (BIC) values given as

AIC = Tlog(2) + 2(p + q + 1) (22)
BIC = Tlog(2) + (p + q + 1)logT (23)
Where, T denotes the number of observations used

for estimation of parameters.
On the basis of aforementioned criteria, the

ARIMA (2,1,0) model is selected for modelling of the
monthly export of basmati rice.

But, investigating the Acfs of the squared residuals
of the fitted ARIMA (2,1,0) model, reported in Table 3,
it is found that the Acfs are reasonably high.
Consequently, the ARCH-LM test is carried out at
different lags to check for conditional heteroscedasticity.
The ARCH-LM test statistic is computed using Equation
(21) and it is seen that Acfs of the squared residuals till
lag 30 are significant at 5% level of significance. But, it
is not reasonable to apply ARCH model of such high
order. Subsequently, a parsimonious GARCH model is



needed in predicting the conditional variances. On the
basis of minimum AIC and BIC values the AR(2)-
GARCH(1,1) model is selected for modelling the data
under consideration. The AIC and BIC values for
GARCH model with Gaussian distributed errors is
calculated by

AIC logh h p qt t t
t v

T

    


 2 1 2 1d i a f (24)

and

BIC logh h p q log T vt t t
t v

T

      


 2 1 2 1 1d i a f a f (25)

Where, (T–v+1) is the total number of observations
used for estimation of parameters.

In the present investigation, the Gaussian maximum
likelihood estimation procedure available in EViews
software package, Ver. 4 is used for data analysis. The
fitted model is given by

yt = 149.31 + 0.64yt–1 + 0.43yt–2 + t (26)
(127.06)   (0.02)       (0.05)

Where,  t t th ½ ,  and ht satisfies the variance
equation

ht = 17189.00 + 0.22 t1
2  – 0.96ht–1 (27)

(2420.46)     (0.06)       (0.02)
The values in the parentheses denote the

corresponding standard errors of the estimates.
However, the GARCH assumption that the volatility

is a deterministic function of past observable variables
is not statistically sound. So, the SV model, which
assumes volatility to follow some latent stochastic
process, is fitted to the data under consideration. Using
the one-step ahead prediction error and its corresponding
mean-squared error obtained via. KF, the prediction
error decomposition form of the likelihood in Equation
(1) is obtained. Subsequently, the unknown parameters
are estimated using GA to construct optimal solution

for     , , '2e j  that maximizes (1).

Using GA, the function to be optimized is the
Residual sum of square (RSS), defined as

RSS Y Ht t
'

t t a f d i  


| 1

2
(28)

Where,

     , , '2e j (29)

The number of generations used to reach the
optimum solution termination is found to be 200.
Different combinations of crossover (pc) and mutation
(pm) probability are considered for optimization.
Crossover probabilities in the range of 0.8 to 0.9 are
tried and mutation probabilities of 0.1, 0.01 and 0.001
are tried for optimization. Finally, for minimization of
residual sum of square (RSS) given in Equation (28),
crossover and mutation probabilities are taken as 0.8
and 0.1, respectively. The termination margin () is fixed
at 10-6 while the time limit is considered to be infinite.
The lower and upper bounds of µ is taken as 0 and 20
respectively while for  the bounds are -1 and 1
respectively to maintain the stationarity condition. As


2  is a positive integer, the constraint function is used
in the programme to incorporate the same. Finally, the
population size is chosen as 100.

The fitted model obtained by minimizing Equation
(28) is given as

log yt
2d i   8.70 + ht + t (30)

  (0.77)
ht = 0.99ht–1 + t (31)

  (0.05)
Var{t} = 10.00. The figure in the parentheses

indicates the standard error of the estimates of the
parameters obtained by generating 100 bootstrap
samples and running the GA program for each sample.

To study the appropriateness of the fitted SV model,
the autocorrelation function of the standardized residuals
and squared standardized residuals are computed and
reported in Tables 4 and 5, respectively. It is found that
in both situations, the autocorrelation function is not
significant at 5% level of significance, thereby
conforming that the mean and variance equations are
correctly specified. The AIC and BIC values computed
for fitted SV model are respectively 738.03 and 742.77,
which are lower than the corresponding values, viz.
739.05 and 753.11 for the fitted AR(2)-GARCH(1,1)
model. Also, the performance of fitted SV and GARCH
models is evaluated using the Mean Square Error
(MSE) criterion, defined as

MSE N Y YT T
T

N

 

1

2

1

o t (32)

The MSE values for fitted SV and GARCH models
are respectively computed as 10572.86 and 11626.30.
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Thus, all this indicates that the fitted SV model has
performed better than the AR(2)-GARCH(1,1) model
for modelling the volatile data under consideration. The
graph of fitted SV model along with data points is
exhibited in Fig. 2, which indicates that the fitted SV
model is able to capture the volatilities present in the
data to a reasonable extend.
3.1 Forecasting performance

In this sub-section, forecasting ability of two models
is evaluated through comparative study. The hold-out
data for 5 data points corresponding to All-India monthly
export of basmati rice from November, 2008 to March,
2009 is studied. One-step ahead forecasts are computed
and reported in Table 6.

A perusal indicates the superiority of SV over

Table 1 : Autocorrelation functions (Acf) and partial
autocorrelation functions (Pacf) of the original and
differenced series.

Lags Acf of the Pacf of the Acf of the Pacf of the
oroginal original differenced differenced
series series series series

1 0.832 0.832 -0.27 -0.27
2 0.741 0.159 -0.027 -0.108
3 0.667 0.055 0.291 0.277
4 0.495 -0.337 -0.287 -0.159
5 0.402 0.041 0.071 -0.027
6 0.289 -0.1 0.009 -0.074
7 0.168 -0.024 -0.213 -0.134
8 0.121 0.072 -0.045 -0.217
9 0.098 0.168 -0.019 -0.085
10 0.087 0.067 0.001 0.05
11 0.075 -0.091 -0.071 -0.088
12 0.091 0.035 0.061 -0.018
13 0.083 -0.083 0.037 0.011
14 0.065 -0.064 -0.045 -0.031
15 0.056 -0.047 0.061 -0.081
16 0.027 0.03 -0.029 -0.08
17 0.007 0.041 -0.042 -0.061
18 0.004 0.06 0.06 -0.014
19 -0.02 -0.023 -0.032 -0.02
20 -0.037 -0.047 -0.007 -0.005

Table 2 : Estimates of parameters along with their standard
errors for fitted ARIMA(2,1,0) model.

Parameter Estimate Standard error
Intercept 4.31 8.40

AR1 -0.36 0.12
AR2 -0.09 0.13

Table 3 : Autocorrelation functions (Acf) and partial
autocorrelation functions (Pacf) of squared
residuals of fitted ARIMA(2,1,0) model.

Lags Acf Pacf
1 0.548 0.548
2 0.341 0.058
3 0.542 0.479
4 0.357 -0.196
5 0.168 -0.012
6 0.226 -0.062
7 0.15 -0.046
8 0.022 -0.039
9 0.009 -0.066
10 -0.006 0.001
11 -0.024 0.054
12 -0.023 0.025
13 -0.034 0.003
14 -0.042 -0.028
15 -0.029 0.003
16 -0.027 -0.004
17 -0.036 -0.016
18 -0.041 -0.032
19 -0.037 -0.01
20 -0.027 0.021

Table 4 : Autocorrelation functions (Acf) and partial
autocorrelation functions (Pacf) of the standardized
residuals for fitted Stochastic volatility model.

AC PAC Q-Stat Prob
1 -0.064 -0.064 0.3307 0.565
2 0.134 0.130 1.7803 0.411
3 -0.064 -0.049 2.1200 0.548
4 0.066 0.044 2.4835 0.648
5 0.325 0.354 11.399 0.074
6 -0.016 0.004 11.422 0.076
7 0.089 0.007 12.113 0.097
8 -0.011 0.052 12.124 0.146
9 0.070 0.017 12.559 0.184

10 0.154 0.058 14.722 0.143
11 -0.038 -0.039 14.857 0.189
12 0.238 0.209 20.143 0.064
13 -0.046 -0.007 20.345 0.087
14 0.270 0.200 27.372 0.097
15 -0.052 -0.054 27.639 0.074
16 0.008 -0.068 27.645 0.065
17 -0.020 -0.135 27.685 0.079
18 -0.015 -0.051 27.709 0.067
19 0.102 -0.059 28.806 0.069
20 -0.058 -0.047 29.165 0.085
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Fig. 1 : Plots of All-India data of monthly export of Basmati. Fig. 2 : Fitted Stochastic Volatility Model along with data
points.

Table 6 : One-step ahead forecasts of export data (in Rs.
Crore).

SV model GARCH model
Months Actual

Forecast Forecast

Nov.,’08 638.85 471.92 574.39

Dec.,’08 733.45 572.68 514.19

Jan.,’09 183.40 414.37 569.38

Feb.,’09 1479.93 441.65 577.98

Mar,’09 1301.80 925.55 607.84

Table 5 : Autocorrelation functions (Acf) and partial
autocorrelation functions (Pacf) of the squared
standardized residuals for fitted Stochastic volatility
model.

AC  PAC  Q-Stat Prob
1 0.038 0.038 0.1163 0.733
2 0.028 0.026 0.1794 0.914
3 0.000 -0.002 0.1794 0.981
4 -0.016 -0.016 0.2000 0.995
5 -0.009 -0.008 0.2071 0.999
6 0.297 0.300 7.7845 0.254
7 0.008 -0.016 7.7897 0.352
8 0.006 -0.013 7.7930 0.454
9 -0.002 -0.002 7.7933 0.555

10 -0.007 0.006 7.7975 0.649
11 -0.008 0.000 7.8033 0.731
12 0.011 -0.086 7.8142 0.799
13 -0.005 0.001 7.8163 0.855
14 -0.005 0.000 7.8183 0.899
15 -0.005 -0.004 7.8212 0.931
16 -0.006 -0.007 7.8245 0.954
17 -0.006 -0.005 7.8282 0.970
18 -0.007 0.018 7.8326 0.981
19 -0.007 -0.006 7.8376 0.988
20 -0.007 -0.006 7.8431 0.993

GARCH. The performance of fitted models is also
compared on the basis of one-step-ahead Mean square
prediction error (MSPE), Mean absolute prediction error
(MAPE) and Relative mean absolute prediction error
(RMAPE) given as

MSPE Y YT+i+ T+i+
i

 

1 5 1 1

2

0

4
o t (33)

MAPE Y YT+i+ T+i+
i

 

1 5 1 1

0

4
{ } (34)

RMAPE Y Y YT+i+ T+i+ T+i+
i

  

1 5 1001 1 1

0

4
{ } (35)

The MSPE, MAPE and RMAPE values for fitted
SV model are respectively computed as 265321.40,
394.62 and 54.51, which are found to be lower than the
corresponding ones for fitted AR(2)-GARCH(1,1)
model, viz. 299259.80, 453.11 and 72.93, respectively.
This indicates that SV model has performed better than
GARCH model for forecasting purposes.

To sum up, the SV model to a reasonable extent
performs well for modelling as well as forecasting of
the volatile data under consideration.

4. Conclusion
In this paper, utility of GA for fitting of SV model is

highlighted. The proposed procedure is successfully
applied for modelling and forecasting of volatile All-
India monthly Basmati rice export data. The importance
of this work is that, it is shown that volatile data fitted
through SV methodology is superior to the GARCH
model. The result also holds for forecasting of hold-out
data. As it is based on sound statistical backing, this
study could be of help to planners to take proper policy
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decisions. As future work, more research is needed to
verify the robustness of this result.
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