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Abstract. A new approach to short-term electrical load forecasting is
investigated in this paper. As electrical load data are highly non-linear
in nature, in the proposed approach, we first separate out the linear and
the non-linear parts, and then forecast using the non-linear part only.
Semi-parametric spectral estimation method is used to decompose a load
data signal into a harmonic linear signal model and a non-linear trend.
A support vector machine is then used to predict the non-linear trend.
The final predicted signal is then found by adding the support vector
machine predicted trend and the linear signal part. The performance of
the proposed method seems to be more robust than using only the raw
load data. This is due to the fact that the proposed method is intended
to be more focused on the non-linear part rather than a diluted mixture
of the linear and the non-linear parts as done usually.

1

Introduction

Short-term load forecasting (STLF) is used to estimate the electrical power demand. Accurate STLF has a significant impact on a power system’s operational
efficiency. Many decisions, such as spinning reserve allocation, real time generation control and security analysis, are based on STLF [1]. This also means that
accurate STLF has economic and security related advantages. This allows electrical companies to commit their own production resources in order to optimise
energy prices, which leads to cost savings and to increased power system security
and stability [2].
In the last few years, several techniques for short- and long-term load forecasting have been discussed, such as Kalman filters, regression algorithms, artificial
neural networks (ANN) [2,3] and fuzzy neural networks [1]. Another method of
load forecasting is to use support vector machines (SVM). SVM is a powerful
methodology for solving problems in non-linear classification, function estimation and density estimation [4]. Load forecasting is an application of function
estimation (regression). In the SVM solution method one solves convex optimisation problems, typically quadratic programs with a unique solution, compared

to neural network multi-layer perceptrons (MLP) where the cost function could
have multiple local minima.
In [5] the authors used ANN for STLF and the training time for the ANN was
quite long compared to that of SVM. For some cases the ANN performed very
poorly. For the MLP, it is hard to estimate the optimal number of neurons needed
for a given task [6]. This often results in over- or underfitting. This is because for
MLP we choose an appropriate structure, the number of hidden layer neurons
in the MLP. Keeping the confidence interval fixed in this way, we minimise the
training error, i.e., we perform the empirical risk minimisation (ERM). These
can be avoided using the SVM and the structural risk minimisation (SRM)
principle [7]. In SRM, we keep the value of the training error fixed to zero or
some acceptable level and minimise the confidence level. This way, we structure
a model of the associated risk and try to minimise that. The result is the optimal
structure of the SVM.
In this paper we introduce a new approach to load forecasting using SVM.
Other load forecasting approaches using SVM include [7] where genetic algorithms were used in combination with SVM. The genetic algorithms were used
to determine proper values for the free parameters of the SVM. In [8] the authors
used regression trees to select the important input variables and to partition the
input variable space for use in the SVM.
The layout of the paper is as follows: in section 2 we introduce the new
proposed method of treating the load prediction problem, section 3 shows the
numerical results obtained, and the paper ends with a conclusion.
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Semi-Parametric Method

When a model is fitted to the data taken from a power system, we many time
have components in the data that are not directly part of the process we want to
describe. If a model is fit to the data as it is, then the model parameters will be
biased. We would have better estimates of the model parameters if the unwanted
components (nuisance, bias, or non-linear components) are first removed. This
method has been used successfully in the field of spectral estimation in power
systems when we analyse the measured signals on power transmission lines [9].
The new method we propose is to separate the load data into linear and nonlinear (trend) components. This method is called the Semi-Parametric method
for harmonic content identification. We assume that there is an underlying linear part of the load data that could be represented with a sum of n damped
exponential functions
yL (k) =

n
X

Ai ejθi e(j2πfi +di )T k ,

(1)

i=1

where yL (k) is the k-th sample of the linear part of the load signal, A is the
amplitude, θ is the phase angle, f is the frequency, d is the damping and T is the
sampling period. Since we work only with real signals, the complex exponential

functions come in complex conjugate pairs (see eq. (16)). The equivalent Auto
Regressive (AR) model of (1) is given by
yL (k) = −

n
X

xi yL (k − i) ,

k = n + 1...n + m,

(2)

i=1

with model parameters xi , model order n, and n + m number of samples in the
data set. The model parameters xi and model order n has to be estimated from
the data.
We propose the following model to separate the linear and non-linear parts
[9,10]:
yL (k) = y (k) + ∆y (k) ,
(3)
where y (k) is the measured signal sample, ∆y (k) = E [∆y (k)] +  (k) is the
residual component consisting of a non-zero time varying mean E [∆y (k)] (nuisance or bias component) and noise  (k). The mean of the residual component
is represented by a Local Polynomial Approximation (LPA) model [11]. yL is
then the required linear signal that can be represented with a sum of damped
exponentials (1). The LPA model is a moving window approach where a number
of samples in the window are used to approximate (filter) one of the samples in
the window (usually the first, last or middle sample). The LPA filtering of data
was made popular by Savitsky and Golay [12,13].
By substituting eq. (3) in (2) we obtain
y (k) + ∆y (k) = −

n
X

xi [y (k − i) + ∆y (k − i)] .

(4)

i=1

In matrix form, for n + m samples, the model is
b + ∆b = −Ax − ∆Ax,

(5)

where
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(7)
The matrix signal model (5) can be rewritten in a different form and represented
as
 
1
Ax + b + [∆b ∆A]
= 0,
(8)
x

or
Ax + b + D (x) ∆y = 0,

(9)

where the following transformation has been used:
 
1
[∆b ∆A]
= D (x) ∆y
x

(10)
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If the number of parameters in vector x, (model order n) is not known in advance, the removal of the nuisance component and noise from the signal y (k) is
equivalent to estimating the residual ∆y (k) and the model order n while fulfilling constraints (9). To solve the semi-parametric model, the second norm of the
noise, plus a penalty term which puts a limit on the size of vector x is minimised.
The following optimisation problem should be solved:




1
µ T
1
µ T
2
T
min
kk2 + x x = min
(∆y − E [∆y]) (∆y − E [∆y]) + x x
x,∆y
x,∆y
2
2
2
2


1
µ
= min
∆yT W∆y + xT x
(12)
x,∆y
2
2
subject to the equality constraints Ax + b + D (x) ∆y = 0,
where
T

W = (I − S) (I − S) ,

(13)

I is the identity matrix, S is the LPA smoothing matrix used to estimate
E [∆y (k)] as S∆y, and µ is the Ridge regression factor used to control the
size of vector x [14,15].
2.1

Estimation of the Harmonic Components

The next step is then to calculate the parameters of the harmonic components
in eq. (1). We do this as follows [16,17]:

1. The coefficients xi are those of the polynomial
H (z) = 1 +

n
X

xi z −i ,

(14)

i=1

where z is a complex number
z = e(j2πf +d)T .

(15)

By determining the n roots, z i , i = 1, 2, . . . , n , of eq. (14), and using eq.
(15) for z, we can calculate the values of the n frequencies and dampings
of the harmonic components. It should be noted that we are using complex harmonic exponentials to estimate the input signal’s linear component.
However, the signals we measure in practice are real signals of the form

yL (k) =

n/2
X

2Ai edi T k cos (2πfi T k + θi ) ,

(16)

i=1

where Ai , θi , fi and di are the same as defined for the complex harmonics
in eq. (1). Therefore if we expect to have n2 components in our real signal,
there will be n complex harmonic exponentials, and thus will the AR model
order be n. The complex harmonic exponentials will then always come in n2
complex conjugate pairs.
2. To determine the n amplitudes Ai and phase angles θi , we substitute the
linear component y (k)+∆y (k), and the estimated frequencies and dampings
into eq. (1). We obtain an overdetermined system of linear equations of N ×n
that can be solved using the least squares method:
y (k) + ∆y (k) =

n
X

Ai ejθi e(j2πfi +di )T k , k = 1, 2, . . . , N.

(17)

i=1

2.2

Non-Linear Part

The non-linear part (plus the noise), which could represent trends or other nonlinearities in the power system, is then given by
yN (k) = y(k) − yL (k) ,

(18)

where yN (k) is the k-th non-linear signal sample and y(k) is the measured load
sample. This non-linear part is then used to train a support vector machine.
After the training is complete, the SVM could be used to predict the non-linear
part. The linear part is calculated from the signal model (1), which is then added
to the non-linear part to obtain the final predicted load values.

Fig. 1. Load of a Town
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Numerical Results

For this experiment we tested many linear and non-linear SVM regression methods. For the results we show only the non-linear Radial Basis function kernel
SVM. For the implementation we used MATLAB [18] and the Least Squares
Support Vector Machines toolbox from [4].
Before the support vector machine is trained with the load data, some preprocessing is done on the data. First the data is normalised by dividing by the
median of the data. This is because statistically the median is least affected by
data variabilities. Therefore, after prediction, the signal must be de-normalised
by multiplying it again with the median. Then the normalised data is separated
into a linear and a non-linear part.
The test data, shown in Fig. 1, contained 29 days of load values taken from
a town at one hour intervals. This gives a total number of 696 data samples. We
removed the last 120 data samples from the training set. These samples would
then be used as testing data. Each sample is also classified according to the hour
of the day that it was taken, and according to which day. The hours of the day
are from one to 24, and the days from one (Monday) to seven (Sunday).
The data fed into the support vector machine could be constructed as follows:
to predict the load of the next hour, load values of the previous hours are used.
We can additionally also use the day and hour information. For example, this
means that as inputs to the SVM, we could have k consecutive samples, and two
additional input values representing the hour and day of the predicted k + 1 − th
sample. The SVM will then predict the output of the k + 1 − th sample. We can
also call the value of k : a delay of k samples.

To evaluate the performance of the different SVMs, we define a performance
index, the Mean Absolute Prediction Error (MAPE):
M AP E =

N
1 X |ti − pi |
× 100 ,
N i=1
ti

(19)

where ti is the i − th sample of the true (measured) value of the load, pi is
the predicted load value of the SVM, and N is the total number of predicted
samples. For this experiment, the last 24 hours of the 120 removed samples in
the load set was used to test the different SVMs. Different values of delay was
used, from six until 96. We also tested the prediction method without splitting

Fig. 2. Bad Performance of Method without Separating Data: Delay of 78

the data into linear and non-linear parts, and compared it to the proposed new
method. The results of the performance index for each of the methods are shown
in Table 1. From the statistics in the Table it seems that the method without
separating the data into different components performs slightly better than the
method separating the data. In general both methods performed well, but there
were occasions where the method without splitting the data had a very bad
performance, eg. from delay 60 until 96. This can be seen in Fig. 2 where the
bad performance is illustrated for a delay of 78. Also for a delay of 78, in Fig. 3
the method with separating the data is shown. It can be seen that this method
produces better results. It was found that the method without separating the

Fig. 3. Performance of Method with Separated Data: Delay of 78

Fig. 4. Best Performance of Method with Separated Data: Delay of 15

Table 1. MAPE for the Two Methods
Delay

Separated into
Non-Separated
Linear / Non-Linear
6
3.7767
2.9794
3.5924
3.4402
15
24
4.9158
4.7659
33
5.3157
5.8301
42
5.4615
5.5794
51
5.3634
4.5498
6.0711
5.4701
60
69
7.3251
6.9728
78
9.5568
8.5627
87
11.1496
10.0967
96
14.3506
11.7320
Average MAPE
6.9890
6.3617
Median MAPE
5.4615
5.5794

data was more sensitive to the parameters of the SVM training algorithm, than
the method separating the data. The best network without splitting the data
has a delay of 15 and is shown in Fig. 4.

4

Conclusion

The Semi-Parametric method for separating the electric load into a linear and
non-linear trend part was introduced. A support vector machine was then used
to do load forecasting based only on the non-linear part of the load. Afterwards
the linear part was added to the predicted non-linear part of the support vector
machine. We compared this method to the usual method without splitting the
data. On average the method without splitting the data gave slightly better results, but there were occasions where this method produced very bad results and
it was also very sensitive to the SVM training parameters. The newly introduced
method generally performed very well (even in the situations where the method
without separating the data produced very bad results) and it was much more
stable and more robust to the SVM training parameters.
This is probably due to the fact that the most important factor, the underlying non-linearities, are extracted out using the semi-parametric method and
modeled using the SVM. This approach is more streamlined from the point of
view of capturing the true non-linear nature of the load data by focusing only
on the non-linear parts without getting diluted by taking into consideration the
linear parts as is usually done.
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