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Abstract— The electrical deregulated market increases the need for short-term load forecast algorithms in
order to assist electrical utilities in activities such as planning, operating and controlling electric energy
systems. Methodologies based on regression methods have been widely used with satisfactory results. However,
this type of approach has some shortcomings. This paper proposes a short-term load forecast methodology
applied to distribution systems, based on Gaussian Process models. This methodology establishes an
interesting and valuable approach to short-term forecasting applied to the electrical sector. The results
obtained are in accordance with the best values of expected errors for these types of methodologies. A careful
study of the input variables (regressors) was made, from the point of view of contiguous values, in order to
include the strictly necessary instances of endogenous variables. Regressors representing the trend of
consumption, at homologous time intervals in the past, were also included in the input vector. The proposed
approach was tested on real-load from three medium-sized supply electrical distribution substations located in
the center of Portugal. To test the performance of the model in different load situations, the case study
includes three different electrical distribution substations representative of typical load consuming patterns,
namely the residential, the non-residential and the service sector.
Index Terms— Gaussian Process Model, Load Forecasting, Distribution Systems, Electrical Distribution
Substations, Deregulated Market.

I.INTRODUCTION
The management of electricity distribution networks is becoming progressively more demanding. In fact,
liberalization tends to eliminate some of the certitudes that formerly were taken for granted in the utility
business. In a deregulated environment, commercial transactions take place with a reasonable
independence of the technical issues of network management. The system operators (SOs) have to rely as
much as possible on reliable data, namely on load forecast results, keeping in mind that uncertainty is a
key issue in most decisions. To provide some decisive support, the SOs have to use reliable forecast
results [1], [2].
Short-Term Load Forecasting (STLF) methodologies have evolved, during the last four decades [3],
starting with approaches based on time series analysis through statistical methods [4].
Later, they developed into knowledge based systems, and more recently, other approaches based on
fuzzy algorithms, artificial neural networks and genetic algorithms [5], [6].
The unclear relations between load and other relevant variables and lack of information have led to the
development of these recent methodologies that are much more capable of dealing with the uncertainty
[1].
In this paper we develop a method for short-term forecasting based on a Gaussian process (GP) model.
This is a probabilistic non-parametric model that provides the prediction and the variance value of the
prediction [7]. The prediction value variance that depends on the data density and, noise can be viewed as
the prediction level of confidence and is the principal advantage of this method when compared to neural
network or fuzzy models. Another advantage of this kind of model is that its structure is determined only
by the selection of the covariance function and the regressors, and can be determined even with relatively
small training points. A major disadvantage of the Gaussian process model is the computational load
associated with the need to invert the covariance matrix, whose dimensions depend on the size of the data
set and the number of regressors, at every iteration of the optimization algorithm.
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Fig. 1. Simplified on line diagram of the three electrical distribution substations representative of the case study.

This methodology is illustrated by a case study composed of three medium-size supply electrical
distribution substations (ES) located in the center of Portugal, near the city of Coimbra. The global
scheme is represented in Fig. 1 [8].
The three ES are supplied at 60 kV and the secondary voltage is 15kV, a voltage level that is normal in
this type of distribution network. To test the model under different load conditions three different ES were
included (Fig.1). These ES have different types of load patterns, namely the residential, non-residential,
and a third one representative of the service sector (Fig. 2).

Fig. 2. Different types of load diagrams (p.u.) for the same day (winter).

This last pattern has two typical zones with two peak loads, one in the morning and the other in the
evening (Fig.2). This presents an increased difficulty to the forecast model because of the unknown
relative position of the two peak loads (morning and evening).
The contributions of the paper consist of a novel methodology for short-term load forecasting, based on
Gaussian Processes, and its demonstration in a real-load case study.
The paper is organized in five sections (including this introduction): In section II, the use of Gaussian
processes as a method for regression and modeling is briefly presented. In section III, the assembled
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variables as well as their correlations with the load are analyzed. This section also includes the definition
of the structure of the vector of regressors. In section IV, the proposed forecasting method is applied to
the electrical load forecast case study. Finally, conclusions are drawn in section V.
II. GAUSSIAN ESTIMATOR PROCESS
A Gaussian process is a collection of random variables, which have a joint multivariate Gaussian
distribution. Assuming a relationship of the form y=f(x) between an input
and an output
,
the output can be viewed as a collection of random variables
which have a joint
multivariate Gaussian distribution. The covariance matrix Σ can be parameterized and computed by
means of a function
that determines the covariance between
output points corresponding to input points x(p) and x(q). The Gaussian process can be fully specified by
its mean μ(x) (usually assumed to be zero) and its covariance function C(x(p),x(q)) . It is remarked that,
although not all data can be modeled as a zero-mean process, this assumption is correct if the data is
properly scaled and detrended[9].
A common choice of covariance function, when we assume that the process is smooth and stationary
(the mean is constant and the covariance function only depends on the distance between the inputs x(i),
that has been proven to work well in practice [7] is:
(1)
where

xd

(p)

denotes the dth component of the D-dimensional input vector x(p) ,
is the vector of hyperparameters and
is the Kronecker operator defined

as:
(2)
The
parameters control the scaling of the distances in each input dimension
.
The parameter ν1 is the overall scale of correlations and ν0 expresses the process noise variance. The
exponential term suggests that less distant input vectors lead to highly correlated outputs while more
distant inputs generate low correlated outputs. The
parameters can be used to evaluate the
relative importance of the corresponding input components (dimensions), i.e., a high or low ωi value
means that the inputs in dimension i contain high or low information, respectively. There are other forms
of covariance functions that can be chosen [10], the only restriction is that these covariance functions
must generate non-negative definite covariance matrices, for any set of input points.
Assume a statistical model
(3)
with an additive uncorrelated Gaussian white noise with variance ν0,
(0, ). Given a set of training
data pairs of input data
and the corresponding vector of output data
and a Gaussian Process prior on f(x), with zero-mean and Gaussian covariance
function such as (1) we wish to get the predictive distribution of y(n+1) corresponding to a new given
input x(n+1). For the random variables y(1), y(2), , , y(n), y(n+1) we can write:
(4)
where Kn+1 is the covariance matrix made of submatrices as follows:

(5)

The matrix K is the n×n covariance matrix for the training data such that
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(6)
and the vector

(7)
is the n ×1 vector of covariances between the training inputs and the new input. The expression
(8)
is the autocovariance of the new input.
The conditional distribution of (4) allows to obtain the predictive distribution of y(n+1) , which is also
Gaussian [11],

where
and are given by:

and

(9)
are the mean and variance of the Gaussian predictive distribution,
(10)
(11)

We may say that, given a new input vector x(n+1), the predicted model output
is the mean of
the Gaussian distribution, i.e.,
and the uncertainty of this prediction is given by
the variance of the Gaussian distribution
. The predictive mean (10) can be interpreted as a
weighted sum of the training outputs y, to make a prediction at the test point x(n+1).
To be able to make predictions, based on (10), the vector of hyperparameters Θ has to be provided either
as prior knowledge or estimated from the available data. This may be done by maximization of the loglikelihood of the hyperparameters:
(12)
Optimization requires the computation of the derivative of ℒ(Θ) with respect to each parameter
, ν0, ν1 of the vector of hyperparameters Θ, which is given [12] as
(13)
where tr denotes the trace of the matrix.
Gaussian estimator processes can be used for the modeling of dynamic systems of the form (3) if delayed
input and output signals are used as regressors [13], [14],
(14)
In such cases an autoregressive model is considered, such that the current output depends on previous
outputs y, as well as on previous exogenous variables u, up to a given lag L.
The Gaussian process model not only describes the dynamic characteristics of the system but also
provides information about the confidence in the predictions. This advantage can be used to point out
predictions of poor quality, indicated by the corresponding variance high values.
For further details, a presentation of Gaussian processes can be found in [15].
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III. DATA ANALYSIS AND PRE-PROCESSING DATA
Data analysis was divided in three phases: data preparation, choice of the regressor vector and, finally, an
analysis of the week and weekend load patterns.
A.First phase- data preparation
In the first phase the collected data series were pre-processed mainly to fill the gaps caused by failures
occurring in the acquisition system (SCADA) operation. For the training, testing and validation of the
methodology, over three years of network data were available. Records of this length usually display
some occurrences of lost data that have to be reconstructed. The rules for this purpose are: if the lost data
period reaches one hour, the average of the previous four 15 minutes values is used; if the lost data period
is longer than one hour, the whole day is replaced with the average load profile of two corresponding days
from the previous two weeks; if the lost data corresponds to a special day, a custom analysis is performed
and the closest similar day or the closest Sunday is used. The hourly time series were constructed based
on 15 minutes times series.
Fig. 3 shows the evolution of a typical hourly week load diagram in two different weather situations for
the service sector pattern.

Fig. 3. Typical week load diagram for the same ES in two different climatic situations.

In some regions, under certain climatic conditions, the temperature is strongly correlated to the
consumption; particularly in summer when the humidity and temperature are high, or during winter when
very low temperatures occur. In this case study, moderate temperature swings are accompanied by
moderate humidity conditions [16].
The decrease in daily peak load with the approach of spring and summer reveals a weak penetration of
heating ventilation and air-conditioning loads. In the winter, the peak load increases because of the strong
presence of heating loads (Fig.3).
In this case study and for the next hour horizon, the correlation between the variable temperature and next
hour load is very tenuous. To validate this fact, an exhaustive correlation analysis between hourly load
and temperature, with different shifts, was performed [5], [8].
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Fig. 4. Autocorrelation coefficients for the active power time-series.

B. Second phase - Choosing the regressor vector
The structure of a GP model is determined by the selection of the covariance function and the regressors,
i.e., the components of the input vector x(t). As already mentioned in section II, a common choice for the
covariance function is (1). The second part of structure determination comprises the selection of the best
subset of regressors in (13) that has the greatest contribution to the output of the non linear model. Incase
of (3), this means to select the lags and regressors that should be included in the function f argument. The
most common method for regressor selection consists of trial and error between several alternatives. The
model quality is assessed for each regressor selection until a good result is reached. This method is called
validation based regressor selection, or exhaustive search for best regressors [17], and can be very timeconsuming. Other methods can be used, such as the neighbor methods, the estimate and compare methods
or analysis of variance (ANOVA). Surveys regarding these and other approaches for regressor vector
selection in non linear models are given in [17] - [19].
A careful analysis was done to reduce the arbitrariness of the regressor selection. The composition of
the input variables or vector of regressors was defined through active power autocorrelation coefficients
analysis [20]. According to the previous analysis, made in sub section A, load correlations with
temperature and relative humidity are weak in the case of the next hour horizon. Therefore, the input
vector is only composed of endogenous variables, whose selection is based on the analysis of the
autocorrelation coefficients R(k). It may be seen in Fig 4 that the correlations between the most recently
available consumption values y(t) and those that occurred at past instants y(t-1) and y(t-2) are high. The
autocorrelation values are also significant for homologous periods, showing relative maxima at two
homologous values in the past two adjacent weeks, R(169) and R(337), which correspond to the
correlation between y(t) and y(t-168) and y(t-336), respectively (see Fig. 4).
The autocorrelation evolution allows identifying a certain stationarity of the load time series. One
should point out the similarity between the coefficients around the homologous values y(t-168) and y(t336).
The inclusion of the values y(t-167), y(t-169), y(t-335) and y(t-337) in the input values provides
information regarding the consumption trend in past homologous periods.
The autocorrelation coefficients always decrease as one moves deeper into the past, which can be
explained by the seasonal variation of consumption, entailing different load patterns. The final input
variables or the vector of regressors for this approach was defined as:
(15)
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Fig. 5. Average scatter plot between load and temperature (average values).

It is very important to evaluate the relative position of the training data set as regards to the data set used
in forecast simulation. If all forecasted values are ―contained‖ in the region defined by the values of the
training set, a better performance of the model is to be expected than in situations when the training set of
values does not "cover" the values used in the forecast [5].
This lack of ―coverage‖ is natural in this type of signal. Several factors may lead to it, such as
management actions like network reconfigurations. This lack of coverage strengthens the need for
carrying out careful evaluation of the results and, if such is the case, to develop a new definition of the
training set in order to include these effects. This procedure increases the capacity of generalization of the
GP model [21].
C. Third phase – Load pattern between weekdays and weekends
The difference between weekdays (see the first 120 hours of Fig. 3) and weekends (see Fig. 3 last 48
hours) is notable in the load patterns. The question arises whether a single model is sufficient to predict
the load in these two different situations. In our opinion the answer is affirmative.
If we consider a similar evolution of load in terms of medium average load, and medium day temperature
for both weekdays and weekends (Fig. 5), we may conclude that these two different load patterns present
the same behavior in terms of average values. During winter the load diagrams present a major peak load
caused by the influence of temperature.
The correlation between day load average and day average temperature is expressive (Fig. 5). It is
possible to identify two zones in Fig. 5. The first one on the left side of the figure represents a negative
correlation coefficient area, and reveals the influence of heating loads. The second one represents an area
where the load is independent of temperature. The evolution of load during the weekend and workday is
very similar (Fig.5).

Fig. 5. Average scatter plot between load and temperature (average values).
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The input values chosen in sub-section III-B are capable of ―explain‖ the process, for both day types, as
confirmed in section IV with the forecast results.

IV. FORECAST RESULTS - THE CASE STUDY
The GP model was trained, tested and validated for all the ES of the case study, and for extreme climatic
situations like the winter and summer periods. The GP model was also tested for all the different load
diagrams presented in the case study. The results presented in this sub-section concern the service sector
load because the presence of two peak zones, with its inherent uncertainty (Fig.2), brings more
complexity to the forecast model.
The GP model was trained with data values obtained from the winter and summer of 2003 and was tested
for the summer of 2004 and the winter of 2005. For the training and testing of the GP model the data set
was divided into winter and summer periods.
To analyse the quality of the forecast results, the values obtained for some of the most current statistical
indicators are analyzed. The most significant indicator, as is generally accepted for comparing different
forecast approaches, is the mean absolute percentage error (MAPE) [22], which is defined as follows:
(16)
where yt and
are, respectively, the actual value and the forecast value. Other statistical indicators are
also necessary to provide a more comprehensive view of forecast results such as the percentage error (PE)
and the mean percentage error (MPE):
(17)
(18)
where n is the size of the sampling in the analysis.
The PE and MPE parameters should not deviate much from zero, as a sign of desirable lack of bias in the
forecast series of values.
The forecast results and errors obtained with this approach are in accordance with the expected values
obtained with other regression methodologies. In Fig. 6, a typical winter working week is represented.
The MAPE value obtained for this period was 1.22%, which is a good result, in line with other
approaches [6]. In the distribution sector a MAPE value less than 5% is acceptable. In this case study, and
for all the different loadsituations during several periods, the GP presents a significantly lower error level.
In Fig. 7, the forecasts for two consecutive weekends are presented. The MAPE value for these two
weekends is 1.26%. The performance of the model is practically the same in these two different
situations. The results are in accordance with the analysis made in section III.

Fig. 6. Working week forecast results in a winter period.

Fig. 8 shows the evolution of the PE for the forecast period represented in Fig. 6, and 7, which includes
the weekends.
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The time evolution of PE is practically symmetrical around zero with an MPE of 0.05%, which is a sign
of desirable lack of bias (Fig. 7).

Fig. 7. Forecast results for two consecutive weekends in the winter period: a) First weekend, b) Second weekend.

For the summer period, the results are better (see Fig. 9). The same load diagram behavior (with a lower
average level) allows better MAPE values, 0.92% for working week and 1.33% for weekends, and an
MPE of 0.24% for the whole week. The same model is used for both climatic situations.
Another important statistical indicator is the confidence level of the forecast values. Fig. 10 depicts, for
the winter period, the actual active power values and the 95% confidence region of the forecasts (shaded
area). We can see that most of the actual values, nearly 98% (209 in 216), lie within the confidence region
of the forecasts.

Fig. 8. Percentage error PE in winter period.
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Fig. 9. Forecast results in the summer period.

Fig. 10. The 95% confidence interval for the forecast values in the winter period.

V. CONCLUSIONS
The application of short-term methodologies in the distribution sector, particularly in a de-regulated
environment, has a significant role in distribution companies. Actions like network management, load
dispatch and network reconfiguration, under quality of service constraints, require reliable short-term load
forecasts.
This paper presents a Gaussian Process modeling approach as a new STLF methodology applied to the
distribution sector. This approach, besides imparting forecasts, also provides information about the
confidence in the forecasts. In the modeling procedure, the vector of regressors has to be chosen. Based
on correlation coefficient analysis, a careful selection of the regressors was made. These include a short
stream of contiguous values prior to the forecast to be made, and past values collected at homologous
periods of preceding weeks representing the trend of consumption. The GP model was trained and tested
with three years of real-life data values. We have shown that the GP approach can achieve good results.
Values of MAPE are consistent and always less than 1.5% for different climatic situations.
Besides the service sector, the GP methodology was also applied to other load consumer patterns such as
the residential and the non-residential. For these three types of load the GP model has achieved a good
level of accuracy.
The GP approach establishes an interesting approach in the short-term discourse, when applied to the
distribution sector, with very satisfactory results.
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