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Abstract—Short term load forecasting is one of the most
important tasks for power suppliers, and it is getting more
important with deregulation of electricity market and emergence
of smart grids. This paper proposes a load prediction model of one
day ahead with resolution of one hour, using regression random
forests. With information about season, temperature, type of the
day and hourly load, a training process is performed to build
the adopted model. A real load data set from Tunisian Power
Company is used for test, and special attention is paid to the
load profile which is specific to warm countries with excessive
and unstable demand in summer. The results reflect accuracy
and effectiveness of the proposed method, keeping low prediction
error for long test periods.

Keywords—Short term load forecasting, artificial intelligence,
random forest, smart grid.

I. INTRODUCTION

Load forecasting is predicting how the electric load demand
waveform of an area will look like for a certain period of
time in the future, using a mathematical model. It is one of
the old and regenerate issues in the literature and scientific
community. Following the evolution of power installations, it
was a research topic for decades, and has encountered since
the beginning of the 21th century new challenges related to
market deregulation and appearance of smart grids.

In a deregulated electricity market where consumers can
choose their suppliers and where the price is not fixed, load
forecasting is of a great importance for both sides. The supplier
has the possibility to estimate the demand of his customers and
thus optimize his production and reduce its costs, and the con-
sumer can make use of electricity at low cost, or even plan his
consumption according to the price change. More advantages
are mentioned in literature, such as load dispatch decisions
and maintenance planning [1], [2]. Although deregulation is
dominating the market in many countries, this is not the case
in Tunisia, where there is only one supplier, and where the
prices are regulated by the government. But still, forecasting
the load is very important due to emergence of renewable
energy in a smart grid environment. In such conditions,
innovative computing technologies are utilized to optimize
energy production and distribution. Among these technologies,
forecasting the load demand is featured and should become
more accurate. This is justified considering the intermittence
of renewable energy, which may cause unexpected voltage
variations apart from increasing forecast error [3]. An accurate
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and robust forecast may result in better production planning
and smarter management of classic thermal power plants.
In Tunisia, only wind energy pushes towards sophisticating
prediction models because photovoltaic energy has no effective
contribution in the grid, and hydroelectricity does not have
problem of intermittence.

Load forecast may be achieved for short, medium and long
term. Even if there is no explicit explanation of what each
time horizon is, it can be assumed that short term ranges from
one hour to seven days of prediction ahead, medium term
from one week to several months ahead and long term for
more than one year ahead. Each type has its properties and
applications, and the short term forecast, which is the most
found in literature, remains a very hard task [2]. Speaking
about prediction models, they arrived to maturity after decades
of development. They can be divided into two main groups;
classic statistical methods and artificial intelligence methods.
Classic methods establish a strict mathematical relationship
between inputs and outputs, such as multiple linear regression
[4], exponential smoothing [S], autoregressive moving average
(ARIMA) [6] and Kalman filtering [7], [8]. These models are
criticized for their inability to handle non-linear problems [9].
Artificial intelligence methods in general are able to predict
an output after a training process. The most commonly used
methods in this category are artificial neural networks (ANN)
[2], [10]-[17] and then support vector machine (SVM) [1],
[18]-[22]. A class of ANN called self-organizing map or
Kohonen network are also used to this end [1], [18]. These
models are powerful and able to incorporate non-linearity,
but have their own drawbacks, such as local optimum trap
in ANN, and parameter tuning in SVM [9]. Expert systems
based on fuzzy logic are a good alternative and provide results
interpretability [23], [24], but have also their weakness points
[18]. In addition, other less-known methods are applied such
as random forests (RF) [25], grey prediction theory [26], [27]
and Gaussian process [3]. The numerous drawbacks of each
model push the researchers to use hybrid methods, especially
after appearance of evolutionary optimization algorithms such
as differential evolution (DE), genetic algorithms (GA) and
particle swarm optimization (PSO). It is possible for example
to use DE to tune SVM parameters [9], combine fuzzy
inference and PSO [28] or use chaotic feature selection [29].

This paper tries to focus on random forests and their use to
solve regression problem. This method did not receive much
attention in load forecasting despite its accuracy, rapidity and



especially easiness to choose its parameters. It is able to give
results as good as optimized ANN and SVM without need
to be tuned, and even a bad choice of its parameters does
not affect drastically the prediction accuracy. Random forest
is used to construct a generic model able to predict the load
demand of one day ahead by a step of one hour. This model
should give accurate results whatever the day or the season is,
and for long test periods. The rest of the paper is organized as
follows: section 2 explains briefly the mathematical structure
of random forests, section 3 details the adopted model, section
4 gives the load profile characteristics, simulation results and
comparisons and section 5 concludes the paper.

II. MATHEMATICAL PRELIMINARIES

A brief explanation of random forests is given in this
section. For full mathematical development, see references [30]
and [31].

A. Decision tree

A decision tree is a statistical model for classification and
regression introduced by Breiman in 1984. Forecasting is a
regression problem; hence regression trees are used here. Like
other machine learning techniques, it requires a phase for
training and a phase for test. Lets consider a vector X of
n features as input, a corresponding label Y as output and a
training set S of m couples (X,Y).
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The training process consists in building a predictor h by
partitioning the features recursively into nodes with different
labels Y until a certain termination criterion is met. This
criterion is generally when it is not possible to have children
nodes with different labels. The terminal nodes are called
leaves of the tree and they represent the different possible
labels Y. Then, the training phase consists in predicting the
label of any new feature vector using the build predictor h.

Y = h(X) @)

B. Random forest

The random forest is generalization of decision trees pro-
posed by Breiman in 2001. It is an ensemble method which
combines prediction of weak predictors h,;. The most important
parameters are number of trees ntree and number of variables
to partition at each node mitry.

1 niree
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III. THE ADOPTED MODEL

The model is constructed by 24 random forest predictors
standing for the 24 hours of the day. The choice of predicting
each hour independently is made since the load at a certain
hour is really close to the load at the same hour of the previous
day, and not to the previous hour. For the load predictor of the
day d at hour h, the features of the input vectors are the factors

affecting the load demand. These factors are month number,
type of the day, minimum and maximum temperature of day
d, load of day d —1 at hour h, morning and evening load peak
of day d — 1. The output (label) is the load of day d at hour
h. Hence, the whole model is able to predict the 24 coming
hours of load demand as shown in Fig. 1.

For h from 0 to 23 do

Month number

—>
Type of day d
Minimum temperature of day d Random
Maximum temperature of day d FOreSt Load of day d at hour h
Load of day d-1 at hour h Predictor

Morning load peak of day d-1

Evening load peak of day d-1

End

Fig. 1. Forecasting Model

There is no general rule for choosing inputs. In literature,
some factors are known to drive electricity consumption, and
may vary according to the case. In this work, the chosen factors
are those which give the minimum prediction error, without
any optimization process. The temperature, considered as the
most influencing variable [3], is measured at Tunis, the capital
and the most consuming region in the country. The temperature
forecast of day d, which is among inputs, should be as precise
as possible; otherwise the accuracy of the predictor will be
affected.

IV. CASE STUDY
A. The load profile

The available data are half-hourly load demand of the
whole Tunisia in 2009 and 2010. As shown in Fig. 2, a summer
day is obviously superior to days of other seasons because of
air conditioners. Furthermore, all curves have almost the same
shape with small shifts, which is favorable for predictors. The
period of work between 8 am and 5 pm is characterized by
stable demand except for summer, and conserves this stability
in Sundays and holidays but with less demand. A peak appears
between 5 pm and 9 pm according to seasons.

The load demand is increasing every year, and this is due
to many factors. The increasing number of sold household
appliances especially air conditioners is the main reason. This
growth may be estimated thanks to sale reports. However,
smuggling of electrical devices, which means import of un-
reported goods, affects the load and makes the forecast harder
due to lack of statistics. Population growth and urbanization ra-
tio result in greater number of energy consumers and contribute
also to this long term demand raise. Although photovoltaic
energy is not yet fully integrated in the Tunisian grid, the trade
of solar panels for water heating is going well in the five recent
years, and this should be taken into account despite its slight
impact. Solar panels ensure heating water for free for at least



6 months in the year and may lighten the load in the summer.
All these factors have their impact only for the long term and
they are not included in the prediction model, but they explain
the yearly evolution of the load profile and why it is hard to
predict the summer load behavior.
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Fig. 2. Daily load profile

B. Results

As a first step, training is performed only one time for the
whole test period. For example, to predict the daily load for
all the days of January 2010, it is enough to train one time the
machine with the data of the year 2009. In other words, there
is no need to perform new training every day. This approach
has the advantage of being very fast and adapted for long
test period. The mean average percentage error MAPE defined
in equation (6) is the most common criterion to evaluate
prediction accuracy, where L(h) and L(h) are measured and
predicted load at hour h, respectively. This error is computed
every day and averaged at the end of test period.

Lo~ [L(k) — L(n)]
MAPE = (3, > 70 ) % 100 (©6)
h=0
Table I shows the monthly average MAPE of four test months
in 2010, and the time taken by the calculus loop in a computer
equipped with Intel i7 processor. These results are acceptable
except for July where the error is high. Fig. 3 gives the
worst prediction case which caused this error peak, where
an unexpected load behavior occurs; three successive days of
extremely high load demand followed by holiday. This high
load exceeding 3000 MW is due to high temperature and
excessive air conditioning, and was not present in the training
data, which explains the machine inability to predict these
values. Having larger training sets requires more calculus time
and does not necessarily improve forecasting accuracy; it may
even result in worse results. A suitable choice is to select a
training period great enough to learn all possible cases and
close to test period.

Fig. 4 shows the daily MAPE of January 2010 for RF,
ANN and SVM with the configuration of Table II, all of them
using the same forecasting model. It is important to mention
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Training period Test period Monthly MAPE (%) | Calculus time (s)

TABLE 1. FORECASTING RESULTS

that the parameters are chosen manually with no optimization
process, and that ANN and SVM may give much more accurate
results with suitable parameters, but may also take much more
time to be executed. The time taken by the calculus loop
is not significant for one day ahead forecast since very fast
computing is not required. It is given only to compare methods
and show the impact of varying parameters on accuracy and
rapidity.
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Fig. 4. Comparison between different methods
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Fig. 5. Prediction results in four seasons with the daily MAPE
Method Configuration MAPE (%) Calculus time (s)
ntree=100
RF mtry=25 2.5656 1.28
Feed forward network
1 hidden layer, 10 neurons
ANN Levenberg-Marquardt algorithm 3.2641 1246
Sigmoid activation
Polynomial kernel
Degree 1
SVM Regularization C=1 3.6765 0.44
~+=0.0003
TABLE II. COMPARISON BETWEEN METHODS

C. Improvements

As a second step, the training process is performed every
day. Hence, the training period is moving and the real load
value of each day is used to train the machine again and predict
the next day. As a consequence, the calculus loop took much
more time, but an improvement is visible, especially in the
case of July. Table III summarizes the new found results, and
Fig. 5 shows the differences between measured and predicted
curves in four days of four different seasons. The calculus time
in every month is growing since the training period is growing
too.

Test period Monthly MAPE (%) Calculus time (s)
January 2010 22524 40.40

April 2010 2.1569 52.03

July 2010 3.1416 67.70
October 2010 2.2092 83.25

TABLE III. RESULTS OF MOVING TRAINING PERIOD

Fig. 6 shows much more accurate forecasting results
than before, where the prediction curve is able to reach the
new values that were learned by the machine. However, the
prediction of the holiday is not precise. The load fall is
underestimated due the conditions of being Sunday and holiday
at the same time in addition to high demand of previous
days. Contrariwise, Fig. 7 indicates better estimation of the
load fall in the holiday of 26 February. In fact, predicting
holidays is a hard task, since they are rare and do not allow
the machine to learn their behavior correctly. Among possible
solutions for an eventual future work, holidays may have the
same day type of Sundays, since they are similar. A manual



post-processing adjust may also be performed according to the
estimated temperature.

The MAPE of 2% is similar to the error found in recent
researches for one day ahead prediction, which ranges between
1% and 2% [3], [28], [29]. The proposed approach has the
advantage to perform tests for long periods without losing this
low error. In addition, it is very fast and does not require any
optimization process like other methods.
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V. CONCLUSION

The electric load estimation of one day ahead is critical for
both power suppliers and customers in smart grid environment.
This paper proposed a novel prediction model for short term
load forecasting based on random forests. This method is
characterized by rapidity and easiness of parameters tuning
compared to other artificial intelligence methods, namely ANN
and SVM. Real data from Tunisian power grid is used to test
the prediction machine for long periods up to one month. The
results feature low prediction error especially when training
is repeated every day. However, rare exceptions are found for

some special days with unexpected behavior, where a manual
intervention is required to adjust the results.
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