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I. INTRODUCTION 
 Prediction of future events and conditions is called 
forecasts, and the act of making such predictions is called 
forecasting. It is essential to have accurate models to 
forecast the future load demand. Load demand forecasting is 
significant for efficient network operation, network 
planning, economic scheduling of generation units and also 
maintenance activities. Load demand forecasting is typically 
categorized into long, medium and short term prediction. 
Long term and medium term forecast usually cover for 
longer duration of time (monthly and yearly values), which 
is used for applications in capacity expansion of generation 
and transmission [1-4]. While short term load forecast 
(STLF) is normally carried out for an interval ranging from 
possibly half an hour or one hour to one week ahead. To 
supply the load demand over this particular duration of time 
involves the start up and shutdown of entire generating 
units, which will be determined by a number of generation 
control functions such as hydro scheduling, hydro thermal 
coordination, unit commitment and interchange evaluation 
[5]. These load information is obtained from the STLF 
system and it is vital to the operational of dispatch centre in 
order to dispatch load economically. It is a main goal for 
any utilities company to operate at cost as low as possible. 
One way to achieve this is to minimize the forecast error. It 
was estimated that an increase of operating cost associated 
with a 1% increase of forecast error was 10 million pounds 
per year [6]. 

Previously the time series methods [7-9] have been applied 
to STLF. The statistical approach in [10] had drawn that, the 
all-pole models algorithm exhibit less degree of freedom, 
thus proven to be an alternative solution to STLF [11,12]. 
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With all-pole models algorithm, the STLF problem can be 
solved with only a single input i.e. historical load data. 

Recently, the hybrid method and artificial intelligence (AI) 
based techniques have been applied to STLF. The hybrid 
load forecast [13-16] had shown an improvisation of load 
forecast accuracy. AI based techniques such as artificial 
neural network (ANN) [17-19] uses weather ensemble data 
as one or more of the input to the developed models. The 
ANN technique is proven reliable in prediction error, 
however very large historical data is needed. This is contrast 
with the fuzzy logic. With such generic conditioning rules 
and expert knowledge [20,21] properly designed fuzzy logic 
systems can be very robust when used for forecasting. A 
simple prediction of fuzzy model in [22,23] proves that it 
could provide a very satisfying prediction error. Other fuzzy 
logic techniques and combined approach are discussed in 
[24-27]. The method of particle swarm [28], support vector 
machines [29] and neuro-fuzzy [30,31] had also shown 
relatively good forecast accuracy. However, these 
techniques are applicable only when a precise future 
weather data and expert knowledge are available. 

In this paper, the methods of autoregressive moving average 
(ARMA) and autoregressive (AR) solving for STLF are 
presented. The methods which incorporate the statistical 
time series modeling [10] are drawn to predict future load 
demand. The methods are simulated and tested based from 
the historical load data of New South Wales, Australia. The 
models result of daily and weekly accuracy in STLF is 
obtained and compared. 

 
II.  AUTOREGRESSIVE MOVING AVERAGE  

(ARMA) MODEL 
A time-series model that approximate many discrete-time 
stochastic processes encountered in practice is presented by 
the filter linear difference equation of complex coefficients 
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in which x(n) is the output sequence of a causal filter (h(k) = 
0 for k < 0) that models the observed data and u(n) is an 
input driving white noise sequence. Eq. (1) determines the 
autoregressive-moving average (ARMA) model for the time 
series x(n). 

The ap(k) parameters form the autoregressive portion of the 
ARMA model. The bq(k) parameters form the moving 
average portion of the ARMA model. Thus, a wide sense 
stationary ARMA(p,q) process may be generated by 
filtering unit variance white noise u(n) with a causal linear 
shift-invariant filter having p poles and q zeros. 
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Therefore, a random process x(n) may be modeled as an 
ARMA(p,q) process using the model shown in Fig. (1), 
where u(n) is unit variance white noise. 

 

 

 

 
Fig. 1 Modeling a random process x(n) as the response of a 
linear shift-invariant filter to unit variance white noise.  

 

If (1) is multiplied by x*(n-m) and the expectation taken, the 
result is known as Yule-Walker equation, given as [11]. 
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where rx(k) is the autocorrelation sequence (ACS) of x(n) 
and the sequence cq(k) is the convolution of bq(k) and h*(-k)  
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Since h(n) is assumed to be causal, then cq(k) = 0 for k > q 
and the Yule-Walker equations for     k > q are a function 
only of the coefficients ap(k), 
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The autoregressive parameters of an ARMA model are 
related by a set of linear equations to the autocorrelation 
sequence. Expressing (5) in matrix form for k = q+1, q+2, 
…, q+p we have 
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Which is a set of p linear equations in the p unknowns, 
ap(k).These equations, referred to as the Modified Yule-
Walker equations. 

Once the coefficients ap(k) have been determined, the next 
step is to find the moving average (MA) coefficients, bq(k). 
There are several approaches that may be used to 
accomplish this. Two of these approaches are describes 
briefly in the sequel of this section.  

An MA(q) process may be generated by filtering unit 
variance white noise u(n) with an FIR filter of order q as 
follows: 
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The Yule-Walker equations relating the ACS to the filter 
coefficients bq(k) are 
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Note that, unlike the case for an autoregressive process, 
these equations are nonlinear in model coefficients bq(k). 
Therefore, even if the ACS were known exactly, finding the 
coefficients bq(k) may be difficult. Instead of attempting to 
solve the Yule-Walker equations directly, another approach 
is to perform a spectral factorization of the power spectrum 
Px(z). Specifically, since the autocorrelation of an MA(q) 
process is equal to zero for k q> , the power spectrum is a 

polynomial of the form 
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where Q(z) is a minimum phase monic polynomial of degree 
q. 0 (0)qbσ =  and Q(z) is the minimum phase version of 

Bq(z) that is formed by replacing each zero of bq(z) that lies 
outside the unit circle with one that lies inside the unit circle 
at a the conjugate reciprocal location [11]. Thus, given the 
autocorrelation sequence of an MA(q) process, we may find 
a model for x(n) as follows. From the autocorrelation 
sequence rx(k) we for the polynomial Px(z) and factor it into 
a product of a minimum phase polynomial, Q(z), and a 
maximum phase polynomial Q*(1/z*). The process x(n) may 
then be modeled as the input of the minimum phase FIR 
filter 
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driven by unit variance white noise. 

As an alternative to spectral factorization, a moving average 
model for a process x(n) may also be developed using 
Durbin’s method [11,33]. This approach begins by finding a 
high-order all pole model Ap(z) for the moving average 
process. Then by considering the coefficients of the all-pole 
model ap(k) to be a new “data set”, the coefficients of a qth-
order moving average model are determined by finding a 
qth-order all-pole model for the sequence ap(k). Once the 
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high-order all-pole model for x(n) has been found, it is then 
necessary to estimate the MA coefficients bq(k) from all-
pole coefficients ap(k). We see that since 
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then 1/Bq(z) represents a qth-order all-pole model for the 
“data” a(k). The coefficients of the all-pole model for a(k) 
are taken as the coefficients of the moving average model. 
Typically, the model order p is chosen so that it is at least 
four times the order q of the moving average process [34]. 

 

 
III. THE AUTOREGRESSIVE (AR) MODELS 

A wide-sense stationary autoregressive process of order p is 
a special case of an ARMA(p,q) process in which q = 0. An 
AR(p) process may be generated by filtering unit variance 
white noise, u(n) with an all-pole filter of the form 
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Just as with ARMA process, the autocorrelation sequence of 
an AR process satisfies the Yule-Walker equations 
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Writing these equations in matrix form for k =1,2, …, p, 
using the conjugate symmetry of rxx(k), we have 
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Therefore, given the autocorrelation rx(k) for k =0,1, .., p we 
may solve (14) for the AR coefficients. These equations 
may be solved recursively using Levinson-Durbin Recursion 
[33] which led to a number of important discoveries 
including the lattice filter structure. 

 

A close relationship exists between a linear prediction filter 
and an AR process. If the random process x(n) is generated 
as an AR(p) process and the order of the linear predictor m = 
p, then the predictor coefficients will be identical to the AR 
parameters. This relationship is exploited by several 
algorithms in finding the AR coefficients through linear 
prediction [33]. 

Consider the forward linear prediction estimate  
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denote an estimate and the superscript f is used to denote 
that this is a forward estimate. The prediction is forward in 
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has a real variance 
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where E{.} denotes the expected value. 

In similar way to forward prediction a backward linear 
prediction error estimate 
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may also be formed, in which ( )b
pa k  is the backward linear 

prediction coefficient at time index k. A superscript b is used 
to tag elements associated with the backward linear 
prediction estimate. The prediction is backward in the sense 
that the estimate at time index n is based on m samples 
indexed later in time. The backward linear prediction error 
is  
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If the Levinson-Durbin recursion is substituted for  ( )fa kp  or 
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backward linear prediction errors, then it is simple to see 
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Since the lattice filter provides an alternative 
parameterization of the all-pole filter, i.e., in terms of its 
reflection coefficients, we may also consider formulating the 
all-pole signal modeling problem as one of finding the 
reflection coefficients that minimize some error. In the 
following section we look at two such lattice methods for 
signal modeling including Burg’s method, and the modified 
covariance method.  

A. Burg’s Method 

The method determine the reflection coefficients and can be 
computed sequentially by minimizing the mean-square of 
the forward and backward prediction error [11].  
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B. The Modified Covariance Method 

In the previous section we described Burg recursion, which 
finds the reflection coefficients for an AR model by 
sequentially minimizing the mean of the squared forward 
and backward prediction errors. In this section we look at 
the modified covariance method or forward-backward 
algorithm for AR signal modeling. As with Burg algorithm, 
the modified covariance method minimizes the mean of the 
squares of the forward and backward prediction errors, 

fb f b
p p pε ε ε= +                              (25) 

The difference, however, between the two approaches is 
that, in the modified covariance method, the minimization is 
not performed sequentially. In other words, for a pth-order 
model, the modified covariance method finds the set of 
reflection coefficients or, equivalently, the set of transversal 

filter coefficients ap(k), that minimize fb
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Substituting Eqs. (26) and (27) into (28) and simplifying we 
find that the normal equations for the modified covariance 
method are given by  
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For the modified covariance error we may use the 

orthogonality condition in (28) to express fb
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ε  as follows 
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IV. APPLICATIONS AND RESULTS 

The performance of the discussed ARMA and AR methods 
for short term load forecast is compared with the load 
demand data from the New South Wales (NSW), Australia 
[35]. Fig.  2 shows the load variation in New South Wales 
demand over one year of data record.  
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Fig. 2:  Demand data for the NSW grid between 01 January 
2005 and 31 December 2005. 

 

 

Fig.  3 depicts the load demand pattern for two weeks. The 
figure represent daily load pattern, starting from Monday to 
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Sunday. It can be seen here that the weekday’s pattern are 
almost similar. Mean while the weekends pattern are slightly 
lower than weekdays load. The significant difference of this 
load pattern is because during weekends, the load usage 
from the government sector, business, and factory are lower 
compared to weekdays. Hence, result in the complexity of 
the load demand data and making the prediction is tough to 
achieve high accuracy. 
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Fig. 3: Hourly load curve for NSW grid for two weeks. 

In this simulation, we investigate the performance of ARMA 
and AR models [10] in several case studies. All case studies 
are using 2352 of observation data and 168 for forecast data 
(validation data). The observation data is used as an input to 
the model. After that, the model determines the reflection 
coefficients of the data. The multiplication [11, 12] is done 
by using the reflection coefficients to determine the next 
hour of load forecast. After forecasting this first hour load, 
its value is used to forecast the second hour load. This 
process is repeated iteratively until the 24 hours load 
forecast is achieved. After 24 hours forecast is completed, 
the observation data will be updated. This is mean that, the 
first 24 hours observation data is deleted and the actual data 
of previous 24 hours data is added. Hence, with this 
approach will keep the total of observation data to be 
consistent at 2352 data points. The mentioned case studies; 
recorded and forecast period are depicted in TABLE I. 

 
 

TABLE I 
RECORDED AND FORECAST PERIOD 

Case Recorded period Forecast period 

1 1 Jan 05-3 April 05 4 April 05-10 April 05 

2 7 Feb 05 – 8 May 05 9 May 05 – 15 May 05 

3 7 Mar 05 – 5 Jun 05 6 Jun 05 – 12 Jun 05 

4 14 Mar 05 – 12 Jun 
05 

13 Jun 05 – 19 Jun 05 

5 4 Apr 05 – 3 Jul 05 4 Jul 05 – 10 Jul 05 

The Mean Absolute Percentage Errors (MAPE), calculated 
from 24 forecast value is used as a performance indicator. 
The MAPE is given by 

∑
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where xi is the actual data and ix̂  is the forecast value. 

For the case 1; Fig.  4 and TABLE II, show the accuracy of 
the studied ARMA and AR algorithms. In Fig.  4, it is 

clearly shown that, AR give better accuracy than ARMA 
during peak load time. Mean while, TABLE II shows the 
performances of the ARMA and AR through their MAPE 
values over the week of forecast. 

 

7000

7500

8000

8500

9000

9500

10000

10500

M
o

n

T
u

e

W
e

d

T
h

u

F
ri

S
a

t

S
u

n

Time/Days

L
oa

d
/M

W

Actual ARMA Burg MCOV
 

Fig.  4: Load forecast at 7 pm over the period 04 -10 April 2005 for NSW 
load demand. 

 
 

TABLE II 
MAPE VALUES OF ONE-WEEK AHEAD FORECASTS OF NSW LOAD DEMAND. 

ARMA

Day Durbin Burg MCOV

Mon 4.61 2.75 2.77

Tue 4.93 1.83 1.81

Wed 4.50 1.35 1.34

Thu 3.05 1.65 2.05

Fri 5.12 2.23 2.24

Sat 5.95 1.63 1.62

Sun 5.40 1.77 1.76

Average 4.80 1.89 1.94

MAPE (%)

AR

 

 

As the results in TABLE II indicates AR’s models are 
showing a relatively consistent performance independent to 
some extent from the level of fluctuation in the observation 
data, with averaged MAPE value of less than 2%. On the 
other hand, the results in TABLE II show poor performance 
by Durbin’s’ ARMA with MAPE values varying between 
3.05% on Thursday and 5.95% on Saturday, producing an 
averaged MAPE value of nearly 5%.  Comparing the two 
performances, we may say that AR’s models are 
outperforming Durbin’s ARMA in NSW grid by roughly 
two times. 
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TABLE III 
MAPE RESULTS FOR CASE 2 

 
The simulation is continued for the case 2 with the 
observation data is kept consistent at 2352 data points. 
Hence, the results for this simulation are depicted in TABLE 
III. 

 
TABLE IV 

MAPE RESULTS FOR CASE 3, 4 AND 5. 

 

Finally, TABLE IV depicts the MAPE for the one week 
forecast value for the case 3, 4 and 5. It is clear from 
TABLE III and IV, AR outperform ARMA by some margin. 
For daily and weekly comparison, AR definitely shows the 
better accuracy. 

V. CONCLUSION 
In this paper, the performance of ARMA is compared with 
AR in short term load forecast. Two AR’s models, Burg, 
and the Modified covariance are discussed and compared 
with Durbin’s ARMA. Twenty four hours forecast based on 
2352 observation data is simulated. The forecast values are 
obtained and 168 data is used to validate the performances 
of the ARMA and AR models. The Mean Absolute 
Percentage Errors (MAPE), calculated from 24 forecasts 
over the day is used as statistical indicator to algorithms 
performances. For both load cases, AR’s models show better 
performance than Durbin’s ARMA by about two times. The 
results show clearly that Durbin’s ARMA fails to great 
extent to cope with the rapid variation in load data, 
developing in high MAPE rates reaching a maximum value 
of 6.23% (case 2). On the other hand, AR’s models show 
relatively consistent performance with significantly lower 
value reaching a maximum of about 2.77% (case 1) MAPE. 
The better results of AR show that, univariate method of all 
pole modeling is one of the alternative solutions to short 
term load forecast. The studies are being extended and 

possibly the modified version of forward-backward linear 
prediction could give promising results to this problem. 
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