Mathematical Model of Petroleum
Consumption in Thailand
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Based on historical data, the paper develops a mathematical model to
describe characteristics of petroleum consumption in Thailand. The data is
divided into 3 components: trend, seasonal and residue. The trend component
is formulated as a transfer function model with various key economic factors as
input of the system. The optimization technique based on sequential quadratic
programming (SQP) is applied to identify the parameters of the model. The
detrended data is characterized by its frequency spectrum then the development
of the seasonal component follows. Finally, the Box-Jenkin approach is applied
to the residue to develop a stochastic ARMA model.
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Mathematical Model of Petroleum Consumption in Thailand

INTRODUCTION

Petroleum has played a vital role in the
world economy. In spite of the discovery of
various alternative sources of energy,
petroleum remains the main energy resource
of the world. In Thailand, petroleum
consumption has grown in accordance with
the expansion of social and economic activities.
As Thailand has to import petroleum and
considering the drastic increase of petroleum
prices in recent years, the amount of
petroleum consumption becomes one of the
major indices for making economic policy.

To understand the nature of petroleum
demand, the historical data of petroleum
consumption was analyzed and some
deterministic characteristics were extracted.
Then, a mathematical model was formulated
according to the characteristics of the data.
After verification of the model, it could be
used for forecasting future demand which
will play an important role in economic and
energy policy.

Source of data

For analyzing and testing, the model
the data used were those related to historical
petroleum consumption, gross national
product (GNP), electric consumption and
automotive sales. The data is the monthly
data from 1990 to 2004.

Historical  petroleum  consumption,
GNP and electric consumption were provided
by the Energy Policy and Planning Office
(EPPO) (www.eppo.go.th). Automotive sales
were sourced from the Thailand automotive
institute.

The data used to formulate the model
was from 1990-2002, data for 2003 and 2004
will be used to calculate the forecasting error.

The component time series model

There are many techniques proposed
for modeling time series data including the
component time series model,™® stochastic
ARMA model,® neural network and fuzzy
model.”

The nature of the petroleum consumption
amount would display both trend and
seasonal effects which can be noted. For
example, during the economic crisis of
Thailand in 1999, the consumption decreased.
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This can be regarded as a trend of the data.
Moreover, during each year economic activity
and seasonal environment also affect the
amount of consumption. For example, during
winter there is less consumption compared
with summer time use. As a result, a
component time series model was chosen to
describe and model the behavior of the data.

The component time series model has
been used extensively in modeling and
prediction of time series data. Various types
of data have been used for modeling
including air pollution® and electricity
load.®

The advantage of using this model is
that the data can be separated and modeled
independently. Thus, the model requires less
computational effort. Moreover, the data is
modeled according to a predefined structure
that is easy to understand compared with the
black-box model. After the model is
formulated, the characteristics of the data
such as trend, relationship with other factors
and the periodic component can be seen
clearly.

The component time series model is described
as

Y()=T()+S()+e,(t)+e(t)
where
Y (t) denotes original time series data

T(t) denotes a low frequency component
which represents trend of the series,

S(t) is a periodic component,

&, () is random noise output generated from

deterministic system,
£(t) is uncorrelated white noise.

Trend component

Trend component is a part of the low
frequency data. This part does not have a
seasonal change, so it is treated constant
along one year. To extract this part from the
data, many techniques have been proposed.®)
However, none of those methods yields a
superior result. So, the one-year average was
chosen for the sake of simplicity. The trend
component is shown in Figure 1.
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Figure 1. The average petroleum consumption from 1990-2002.

The trend of petroleum consumption
has a close relationship with economic
activity. To model the relationship between
the consumption and other socio-economics
indices, the correlation was tested to
determine the effect of other indices on the
consumption data by a covariance diagram.
The data having relevancy with petroleum
consumption, namely automotive sales, GNP
and electricity consumption were chosen.
Electricity consumption was chosen because
it reflects petroleum consumption in
electricity generation, one of major industrial
uses of petroleum fuel.

Covariance is estimated by calculating
covariance from

cov,, (k) = Z (x() =x)(y(i-k)-y)

where cov, (k) is the covariance at lag k, M

is the length of the data, x and y are data to
find covariance. X and Yy are mean of the

data. All data are taken in logarithmic
function.
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Figure 2. Covariance diagrams between (a) automotive sales, (b) petroleum consumption
and GNP and (c) petroleum consumption and electricity consumption.
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In Figure 2a we can see that the present
and lag-one of automotive sales have almost
the same effect on the value of petroleum
consumption. Figures 2b and ¢ show that the
present data of both GNP and electricity
consumption have a higher interaction with
the petroleum consumption data than that of
lag-one data.
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The relationship between petroleum
consumption and other socio-economic
variables is formulated in a regression
model. The model adopts conventional
macroeconomic analysis which relate the
logarithmic function of data as

logT (y) =a, log T (y —1) +b, loga(y) +b, loga(y -1) +¢, log g(y) +c, log g(y -1)

+d, loge(y)+d, loge(y-1)
where

f(y) = predicted petroleum consumption amount in year y
T(y-1) = petroleum consumption amount in year y-1

a(y) =automotive sales in yeary

a(y-1) =automotive sales in year y-1

gly) =GNPinyeary

g(y-1) = GNP in yeary-1

e(y) = electricity consumption in year y
e(y-1) = electricity consumption in year y-1

From the covariance diagrams in Figures 2a, b and c, it can be inferred that

1) The effect of present and lag-one data
of automotive sales are equivalent, so
bl = b2

2) The effect of g(y) and e(y) are greater
than that of g(y-1) and e(y-1)
respectively, so we have c; > ¢, and
dl > d2

3) All variables have a positive effect on
X(y), thus all parameters are positive

c,—¢ <0
d,—d; <0
-a<0, -b<0, ¢, <0,

The solution for parameter [a, b, ¢; ¢, dy, dy]
=[0.367, 0.070, 0.3477, 0, 0.042, Q]. Figure 3

With the above constraints we can not
identify the parameters by using the least
square criterion. We have to adopt sequential
quadratic programming (SQP)® to minimize

k ~
the total error, e =Y [T(y)-T(y)I’, where
i=1
k is the number of years in the past selected
for model synthesis. The SQP is performed
under the following constraints

-, <0, -d,<0and-d, <0

shows the result of the model compared with
actual value from 1990-2002.
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Figure 3. The result of the model compared with actual data of petroleum consumption.

From the trend component, the
detrended data X(m) is derived by subtracting
the original data from the data in the model as
X(m)=Y(m)-T(m)=S(m)+e,(m)+e(m)
by treating the trend T(m) as monthly data
which is constant along each year.

Seasonal component

The seasonal component is the periodic
part to the data. To extract the seasonal
component, the frequency spectrum of the
data must be estimated by periodogram. Then,
the seasonal model is formulated as

S(m)=3"5,(m)

Where
L is the number of periodic components in

the data, m is month, s (m) is the k"
periodic component at the m™ month. Each
s, (M) has periodic property, so the sum of
one cycle would become zero, or it can be

Ty
written as » s, (m)=0 where T is the
m=1
period of the k ™ cycle. From the detrended
data X(m), the seasonal component is derived
by the following procedure.
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1) Find the number of cyclic components
and their period length of X(m) from a
periodogram. There would be L cycles,

where T ={t,t,,...,t_ } denotes period
length of each cycle.

2) For each t €T the seasonal component
S, (m) is formulated by partitioning X(m)
into parts with length t, . Then align the
partitioned data into a 2-dimensional
array Xx(i,j) such that x(i,j)= X(j.te+i)
where i=1,2, .t j=12..,[M/t].
We would have a table of data that is t
rows and [M/t ] columns where M

denote the length of X(m).
3) Calculate mean of each row by

C
2 x(, i)
)?(i)zl':lT where C= | M /t, |
4) Formulate the periodic series s, (m) from
X (i) such that

s.(m) = X (i) where i =m-t, L%J =mod(m,t,)

5) Subtract s,(m) from X(m), the cyclic

component of the period t¢ would be
extracted from the original series.



For the consumption data, the periodogram
shows four peaks at
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f = Ti =0.42, 0.25, 0.17 and 0.085 month™

as shown in Figure 4.
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Figure 4. The periodogram of detrended data.

So there are 4 cycles with the period of
3, 4, 6 and 12 months respectively. So we
have L = 4 and T = {3, 4, 6, 12}. After
formulating the seasonal component, it
appears that a peak at the period around 12
months still remains in the periodogram, so
two more periodic series with t=11 and 13
months are formulated and subtracted from

10"

the detrended data. Figure 5 shows the frequency
spectrum of the data after extracting all seasonal
components; it can be seen that the
periodogram does not significantly exhibit a
peak so this data can be treated as a residue
component that combines deterministic and
random noise. Figure 6 shows the residue
component.
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Figure 5. The result of seasonal component after combining all periodic component series.
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Figure 6. The residue component.

Residue component
The residue component was modeled
further by the Box-Jenkin method in order to

extract the deterministic component &, (t)
from the random noise. The correlation

diagram is plotted as shown in Figure 7. The
correlation diagram yields high magnitude

from lag-one to lag-four. This data can not be
treated as random noise because there exists
dependency among the data.

The ARMA(4,4) model is selected for
modeling the data. The parameters of the
model are identified as

y(t)—0.1837y(t—1)-0.57y(t—2)-0.22y(t—3) +0.22y(t — 4)
=e(t)+0.126e(t —1) —0.58e(t — 2) — 0.456e(t —3) — 0.11e(t — 4)
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Figure 7. Correlation diagram of residue data.
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Model evaluation
The model was validated by using data
from January 2003 to December 2004. The
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comparison between actual data and predicted
data is shown in Figure 8.
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Figure 8. Petroleum consumption from January 2003 to December 2004: comparison
between actual and predicted data in 1-month ahead prediction. The monthly

data is shown.

Two indices are used for evaluating the
model. Correlation coefficient between actual
data and the result from the model is 0.92.
Mean square error (MSE) which is computed
from

_L 3 MY M) 0
MSE—NZI( Y )2 x100%

where \?(m) denotes the predicted value,
Y (m) denotes actual data, N denotes the

number of data. From the model, MSE was
calculated as 0.00044%. The MSE result was
quite low because the data is separated into
component models and the magnitude of data
in the trend component model is much bigger
than those of other models, so if the trend
component can be predicted quite accurately
the other component would vyield less
significance in calculating MSE.

CONCLUSIONS

In this paper a mathematical model for
petroleum consumption in  Thailand is
formulated. The trend component model
reveals the relationship between petroleum
consumption and other socioeconomic data.

10

The seasonal model shows that the
consumption amount has periodicity around
3-4 months, 6 months and 12 months
according to the quarter of economic activity.
The residue data is best fitted with the
ARMA(4,4) model.

The model developed for the component
model shows the relationship and some
characteristics of the behavior of petroleum
consumption in Thailand. From the trend
component we can see the impact of each
socioeconomic index on the data. GNP is the
most significant factor on the amount of
consumption while other indices yield less
impact. From the seasonal model, the cyclic
pattern of the data is revealed. In each year
the data repeats in the period of 3, 4, 6 months
as well as for the whole year. So our
assumption about the periodicity of the data is
confirmed.

The model can be used for forecasting
as well. Each year, there are forecasts for the
value of GNP and other socioeconomic indices
from various government organization. Those
data can be used to predict the amount of
petroleum consumption for that year through
this model.
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