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Abstract: In this paper five exponential smoothing methods are considered for load forecasting for lead times
from a half-hour-ahead to a year-ahead. Forecasting load demand with high accuracy is required to prevent
energy wasting and system failure. For this purpose, a half-hourly load demand of Malaysia for one year, from
September 01, 2005 to August 31, 2006 was used. The mean absolute percentage error (MAPE) is used for
comparing the  forecasting accuracy. Time series of load demand recorded at half-hourly intervals contains more
than one seasonal pattern, which are the intraday and intraweek seasonal cycles. The forecasts produced by
the Holt-Winters Taylor (HWT) exponential smoothing outperformed the traditional Holt-Winters and modified
Holt-Winters exponential smoothing methods.
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INTRODUCTION Figure 1 shows half-hourly demand in Malaysia from

Exponential smoothing  method  has  established Figure 2 shows half-hourly two weeks demand from
itself  as  one of the leading forecasting strategies. Holt- Monday September 12, 2005 to Sunday September 25,
Winters exponential smoothing is widely used in 2005. A intraday seasonal cycle, of duration 48 half-hour
forecasting seasonal time series due to its robustness and periods is apparent from the similarity of the demand
accuracy. However, the standard Hold-Winters is only profile from one day to the next and a intraweek seasonal
suitable when there is one seasonal pattern in the time cycle, of duration 336 half-hour periods is apparent from
series. Taylor [1] introduced double seasonal Holt- the similarity of the demand on the corresponding day of
Winters method  for  data  with  two  seasonal  patterns. adjacent weeks.
In this paper we refer the method as HWT exponential This paper will be organized as follows. Section 2
smoothing method (HWT). presents  the  exponential  smoothing methods used in

This  paper   considers  univariate  forecasting of this research. Section 3 provides an empirical comparison
half-hourly electricity demand data. The time series of of the methods. Summary and conclusion provided in
electricity demand of half-hourly intervals  contains  two Section 4.
seasonal patterns, which are the intraday and intraweek
seasonal cycles. These are the key features in forecasting Exponential Smoothing Methods
electricity demand load time series [2]. The data used was Standard Holt-winters Exponential Smoothing: Winters
a half-hourly load demand of Malaysia for one year, from [5] introduced the standard Holt-Winters method that is
September 01, 2005 to August 31, 2006. Previously, suitable  for  one  s easonal  pattern  time series. The
Norizan Mohamed et al. [9, 10, 12, 13] applied these data multiplicative  seasonality version of the method is widely
using Box Jenkins and neural network models. Instead of used, as presented in equations (1)-(4) as follows;
applying neural network model to load data, Norizan
Mohamed et. al [11] extended their study to body mass
index data.  (1)

September 01, 2005 to August 31, 2006.
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Fig. 1: Half-hourly electricity demand in Malaysia from September 01, 2005 to August 31, 2006.

Fig. 2: Half-hourly electricity demand in Malaysia from Monday September 12, 2005 to Sunday September 25, 2005.

(2) cycle; referred as Method 2). We implemented William

(3) values for the level, trend and seasonal components by

 (4) HWT Exponential Smoothing: The Holt-Winters method

Where ,  and  are smoothing parameters and  is follows;

the k-step-ahead forecast. The seasonality is
multiplicative in the sense that the underlying level of the
series is multiplied by the seasonal index.

It assumes   an  additive  trend  and estimates the
local slopes,  T    by   smoothing    successive  differences,t

( S –S  ), of the local level, S . The local s-period seasonalt t-1 t

index, I , is estimated by smoothing the ratio of observedt

value, X , to local level, S .t t

In this paper, we produced forecasts for two different
standard Holt-Winters methods, which are Holt-Winters
for Intraday Seasonality (using a 48-period seasonal
cycle; referred as Method1) and Holt-Winters for
Intraweek Seasonality (using a 336-period seasonal

and Miller [6] procedure in calculating the initial smoothed

using simple averages of the first few data observations.

for double multiplicative seasonality (Method 3) as
extended by Taylor [1] is given in equations (5)-(9) as

Level  (5)

Trend (6)

Seasonality 1 (7)

Seasonality 1 (8)
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Forecast (9) double seasonalities, we modified the HWT exponential

Where , ,    and    are   smoothing   parameters.
The  two  seasonal  cycles  will  be  set  as  s   =  48   and1

s   =  366  for  intraday  and  intraweek   seasonal   cycles2

respectively.  The   intraday   seasonality  will be
represent  by   D    and   the   intraweek   seasonality  byt

W .t
They introduced an additional seasonal index and an

extra smoothing equation for the new  seasonal  index.
The formulation involves separate seasonal indices, Dt

and W  for the two seasonalities. The local s -periodt 1

seasonal index, D  is estimated by smoothing the ratio oft

observed value, X  to the product of the local level, S  andt t

local s -period seasonal index, . Similarly, the  local2

W -period  seasonal  index,  W   is  estimated byt t

smoothing the  ratio of observed value, X  to the productt

of the local level, S  and local s -period seasonal index,t 1

.

The initial trend, T  was chosen as the average of 0

of the difference between the mean of the first 336 and
second 336 observations and the average of the average
of  the  first  differences  for the first 336 observations.
The  initial level, S  was chosen as the mean of the first0

672 observations  minus  336.5  times  the  initial  trend.
The  initial   values   for  the   intraday   seasonal   index,
D  were set as the average of the ratios of actualt

observation to 48-point centred moving average, taken
from the corresponding half-hour period in each of the
first seven days of the time series. The initial values for
the intraweek seasonal index, W  were set as the averaget

of the ratios of actual observation to 336-point centred
moving average, taken from the corresponding half-hour
period  on  the  same  day of the week I n each the first
two weeks  of the demand series divided by the
corresponding initial value of the smoothed intraday
seasonal index D .t

The Modified Holt-winters Exponential Smoothing:
Kotsialos et al. [3] and McKenzie and Gardner [4]
discussed the damped linear trend forecasting equation of
exponential smoothing method. The forecasting equation
of the standard Holt-Winters exponential smoothing
method may lead to an unrealistic over-prediction if the
currently estimated trend happens to be too large or too Method 3, which is HWT exponential smoothing method,
negative.  To   prevent  this,  since  the  time  series  have

smoothing method. The forecasting equation (9) may be
damped as follows:

Forecast (10)

When  forecasting the future demand values, by square-
rooting  the  k index (Method 4), which reduces the
impact  of  the  current  trend  with  increasing k. The
initial values are the same as the HWT exponential
smoothing method.

We also introduced another modification to HWT
exponential smoothing method as follows:

Forecast (11)

When forecasting the future demand values, by
cube-rooting the k index (Method 5).

Empirical Comparison of Methods: We carried out
empirical analysis using the data of a half-hourly load
demand of Malaysia for one year, from September 01, 2005
to August 31, 2006 as shown in Figure 1. We used the 11
months of data to estimate methods parameters and the
remaining 1 month to evaluate post-sample forecasting
performance.

In the current study, mean absolute percentage error
(MAPE) is used for measuring forecast accuracy. MAPE
is widely used in the forecasting literatures. The formula
is as follows:

(12)

Where K is the number of the predicted values. We also
calculated the mean absolute error, root mean square error
and root mean square percentage error as recommended
by Hippert et. al [7], but since the relative performance
were very similar to those for the MAPE, we do not report
here.

The   common   procedure   of   minimising   the   sum
of squared forecast errors using a non-linear optimisation
routine was  used  to  d erive the parameter values. We
used 0.9 for , zero values for  and 1 for  and .
Forecasts were made for in-sample and out-sample for
one-month. The MAPE results of k-step ahead forecasts
are  summarized  in  Table 1. The results show that

was chosen as the best model for the current study.
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Table 1: The MAPE of in-sample and out-sample forecasts.
Method Method Method Method Method
1 2 3 4 5

In-sample forecast 1.42% 1.07% 1.16% 1.14% 1.14%
Out-sample
one-month forecast 51.01% 11.29% 9.59% 12.38% 12.38%

Table 2: The MAPE of k-step ahead and one-step ahead out-sample forecasts.
k-step ahead One-step ahead Reducing

Method 1 51.01% 1.28% 49.73%
Method 2 11.29% 1.04% 10.25%
Method 3 9.59% 1.14% 8.45%

The  MAPE  of   one-step   ahead   and   k-step  ahead
out-sample forecasts are presented in Table 2. As shown,
it is clear that the one-step ahead out-sample forecasts are
not as greatly influenced by lead times as the k-step
ahead out-sample forecasts. The results show that one-
step ahead out-sample forecasts follow the actual data
more closely than k-step ahead for out-sample forecasts.

CONCLUSIONS

We investigated five exponential smoothing methods
for forecasting the double seasonal (daily and weekly)
electricity load demand. The best method found was the
HWT exponential smoothing method based on the MAPE
results, since it outperformed the other traditional and
modified exponential smoothing methods.

By comparing the  forecasting  performances  using
k-step  ahead  forecasts  and  one-step  ahead  forecasts,
we also found that the one-step ahead forecasts are not
greatly  influenced  by  the  lead  times.  The  length  of
the forecasting horizons influences the accuracy of
methods  (Makridakis  and  Hibon  [7];   Maede  [8]).
Thus, it can be concluded that one-step ahead forecasts
should be considered in forecasting electricity load
demand.
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