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Introduction

Managing energy demand, extending supply and production sources, developing research activities and ensuring the existence of both transport infrastructure and energy storage are the major challenges of the actual and national French energy policy. Energy demand management entails actions that influence the quantity, or patterns of use, of energy consumed by end users, such as actions targeting reduction of peak demand during periods when energy-supply systems are constrained.

Two additional and complementary objectives are, first, promoting energy savings, especially in sectors of daily use (housing, offices, shops and transport) where consumption is high and, secondly, promoting renewable energy (biomass, solar power, geothermal energy and heat pumps) [START_REF]RTE -Transmission System Operator in France[END_REF].

Mankind's traditional uses of wind, water, and solar energy are widespread in developed and developing countries, but the mass production of electricity using renewable energy sources has become more commonplace recently, reflecting the major threats of climate change, exhaustion of fossil fuels, and the environmental, social and political risks of fossil fuels. Consequently, many countries, like France, promote renewable energies through tax incentives and subsidies.

France has few indigenous sources, only of small amounts of coal, oil and gas. The exploitation of these resources has steadily decreased over the last two decades and nuclear power has dominated the energy supply market [START_REF]ADEME -French state agency for the environment and energy conservation[END_REF].

The present work takes part in a global development of reliable and robust tools allowing managing energy sources and promoting renewable energy. In this sense, short-time electric consumptions forecast is of paramount interest. So, this paper is focused on estimating short-time electric consumptions for the city of Perpignan by means of time series analysis, Kohonen self-organizing map and multi-level perceptron neural networks. Using these three tools for estimating short-term electric consumptions over the next few days (the current day and the next two days) is based on the only knowledge of both previous days' consumptions (two to four days) and previous years' consumptions (historical data). The analysis of the results allowed determining the most effective method. No meteorological parameters have been used but future work will focus, first, on taking into account this kind of parameters and, secondly, on integrating a forecast module based on the present work in a virtual power plant.

Study area : the Perpignan city

The chosen study area is the Perpignan city. It is the administrative capital city of the Pyrénées-Orientales department in southern France. Perpignan is around 150 km from Montpellier, 200 km from Toulouse or Barcelona (Spain) and 850 km from Paris. Its population is about 120 000 in the city proper and more than 300 000 in the metropolitan area. Because of its proximity with the Mediterranean Sea, its population highly increases during the summer season.

A Mediterranean type of climate is found in Perpignan: high temperature in summer and mild climate for the rest of the year. The weather is globally hot, with dry summers, mild and humid winters and just a few rainy days during the year. Perpignan is a very sunny and windy city and is a good place to develop the electricity production by means of photovoltaic solar cells and/or windmills.

Materials and methods

Daily electric consumptions database

Perpignan's daily electric consumptions for years 2005 and 2006 allowed carrying out short-time forecasts by means of time series analysis and both Kohonen self-organizing map and multi-level perceptron neural networks. The database is composed of 730 daily electric consumptions (104 weeks over the two above-mentioned years), expressed in MW per day. For the present work, 2005 data have been used as historical data and 2006 data for testing various tools in the field of daily electric consumptions forecasts. Data were provided by RTE (Gestionnaire du Réseau de Transport d'Electricité), an EDF (Electricité De France) department with independent accounts, managements and finances. RTE's main objectives are about managing network infrastructures, managing electricity flows on the network and contributing to the proper running of the electricity market [START_REF]RTE -Transmission System Operator in France[END_REF].

Time series analysis

In statistics, signal processing, and econometrics, a time series is a sequence of data points, measured typically at successive times, spaced at (often uniform) time intervals. Time series analysis comprises methods that attempt to understand such time series [START_REF] Brockwell | Introduction to Time Series and Forecasting[END_REF], often either to understand the underlying theory of the data points, or to make forecasts (predictions). Time series prediction is the use of a model to predict future events based on known past events: to predict future data points before they are measured. The standard example is the opening price of a stock share based on its past performance.

Time series from year 2005 (historical data)

Figure 1. Time series analysis for short-time electric consumptions forecast. Time series analysis for short-time electric consumptions forecast is based on time series proximity [START_REF] Brockwell | Time Series: Theory and Methods[END_REF]. It uses historical data as the basis of estimating future outcomes. The most widely used measures of time series proximity are the Euclidian distance and dynamic time warping. For this work, the daily electric consumption database has been cut in time series whose sizes depend, first, on the chosen forecast horizon (here the current and the next two days electric consumptions , and ), secondly, on the concerned days of the week (Monday and/or Tuesday and/or … and/or Sunday) and, thirdly, on the previous daily electric consumptions taken into account (only the two previous days electric consumptions and or the three previous days electric consumptions , and or the four previous days electric consumptions , , and ). Following these criteria, a time series can be composed of 5 to 7 daily electric consumptions (the optimal size for time series is given by the best obtained forecasts). By calculating the Euclidian distance between an "incomplete" time series from year 2006 (i.e. including future and to be estimated daily electric consumptions) and each of the time series from year 2005, the best matching time series can be highlighted and provides the estimated daily electric consumptions (Figure 1).

The Kohonen self-organizing map (KSOM)

Network structure

The Kohonen self-organizing map consists of a regular, usually two-dimensional, grid of neurons (output neurons). Each neuron i is represented by a weight, or model vector, T where n is equal to the dimension of the input vectors. The set of weight vectors is called a codebook. The neurons of the map are connected to adjacent neurons by a neighborhood relation, which dictates the topology of the map. Usually rectangular or hexagonal topology is used. Immediate neighbors belong to the neighborhood N i of the neuron i. The topological relations and the number of neurons are fixed before the training phase allowing the map configuration. The number of neurons may vary from a few dozens up to several thousands. It determines the granularity of the mapping, which affects the accuracy and generalization capability of the KSOM [START_REF] Alhoniemi | Analysis of complex systems using the self organising map[END_REF].

m i = [m i1 ,…,m in ]

Training algorithm

The Kohonen feature map creates a topological mapping by adjusting, for input vectors, not only the winners' weights, but also adjusting the weights of the adjacent output units in close proximity or in the neighborhood of the winner (the Best Matching Unit). So not only does the winner get adjusted, but the whole neighborhood of output units gets moved closer to the input pattern. Starting from randomized weight values, the output units slowly align themselves such that when an input pattern is presented, a neighborhood of units responds to the input pattern.

As training progresses, the size of the neighborhood radiating out from the winning unit is decreased. Initially large numbers of output units will be updated, and later on smaller and smaller numbers are updated until at the end of training only the winning unit is adjusted. Similarly, the learning rate will decrease as training progresses, and in some implementations, the learn rate decays with the distance from the winning output unit.

Short-time electric consumption forecast using KSOM

Short-time electric consumption forecast can be done using Kohonen self-organizing maps in the same way that this king of neural networks is used for estimating missing (unknown) values in a database. The networks, after a training phase carried out using available complete input vectors, can be used for estimating missing values in new input vectors, by means of BMU (Best Matching Unit) weight vectors [START_REF] Alhoniemi | Analysis of complex systems using the self organising map[END_REF].

As for time series analysis, the daily electric consumptions database has been cut in vectors composed of 5 to 7 daily electric consumptions (the optimal size for vectors is given by the best obtained forecasts). Vectors from year 2005 have been used for the networks' training phase. Forecasts are carried out by means of "incomplete" vectors from year 2006 (i.e. including future and to be estimated daily electric consumptions) used as networks' new input vectors. For each "incomplete" input vector, the BMU is determined and its weight vector provides the estimated daily electric consumptions (Figure 2).

KSOM Training phase

Daily electric consumptions vectors from year 2005(historical data) used for the KSOM training phase

Forecast phase

Figure 2. Kohonen self-organizing maps for short-time electric consumptions forecast.

The multi-level perceptron (MLP)

Network structure

The perceptron, the simplest neural network, is only able to classify data into two classes. Basically it consists of a single neuron with a number of adjustable weights. It uses an adaptative learning rule. Given a problem which calls for more than two classes, several perceptrons can be combined: the simplest form of a layered network just has an input layer of source nodes that connect to an output layer of neurons.

The single-layer perceptron can only classify linearly separable problems. For non-separable problems it is necessary to use more layers. A multi-level network has

Best MatchingUnit weight vector

Future and to be estimated daily electric consumptions Past and known daily electric consumptions "Incomplete" input vector from year 2006

Estimated daily consumptions

Trained map one or more hidden layers whose neurons are called hidden neurons. The network is fully connected, every node in a layer is connected to all nodes in the next layer.

According to the previous remarks, the network used for the present work is a multi-level perceptron. It consists of one layer of linear output neurons and one hidden layer of nonlinear neurons [START_REF] Hornik | Multi-layer feedforward networks are universal approximation[END_REF]. According to previous tests, more than one hidden layer proved to cause slower convergence during the learning phase because intermediate neurons not directly connected to output neurons learn very slowly. Based on the principle of generalization versus convergence, the number of hidden neurons and the number of iterations completed during the training phase were optimized.

The backpropagation algorithm

The MLP learns using an algorithm called backpropagation. During this iterative process, input data are repeatedly presented to the network. With each presentation, the network output is compared to the desired output and an error is computed. This error is fed back to the network and used to adjust the weights such that it decreases with each iteration and the model gets closer and closer to producing the desired output [START_REF] Hornik | Multi-layer feedforward networks are universal approximation[END_REF].

Short-time electric consumption forecast using MLP

MLP Training phase
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Figure 3. Multi-level perceptron for short-time electric consumptions forecast.

As for time series analysis, the daily electric consumptions database has been cut in vectors composed of 5 to 7 daily electric consumptions (the optimal size for vectors is given by the best obtained forecasts). Vectors from year 2005 have been used for the

Network inputs Network outputs

Network inputs (past and known daily electric consumptions from year 2006)

Network responses (future and estimated daily consumptions) networks' training phase: depending on vectors sizes, two to four daily electric consumptions were used as network inputs and three as network outputs. Forecasts are carried out by means of "incomplete" vectors from year 2006 (i.e. including future and to be estimated daily electric consumptions) used as networks' new input vectors (Figure 3).

Forecasts results

Tables 1, 2 and 3 present some of the obtained results for short-time electric consumptions forecasts using time series analysis and both Kohonen self-organizing map and multi-level perceptron neural networks. According to time series and vectors sizes (i.e. according to the previous daily electric consumptions taken into account), for all the estimated electric consumptions, relative errors have been calculated using all the corresponding reel values. Global mean relative errors have also been calculated.

The first conclusion of the present work is that all the used tools and methodologies are useful in the field of short-time (here the current day and the next two days) electric consumptions forecast but both used neural networks (KSOM and MLP) provided better results than time series analysis. The next conclusion is that using the four previous days' electric consumptions, instead of the two or the three previous, for carrying out the forecasts does not significantly improve the obtained results, except for time series analysis.

Conclusions

The present work takes part in a global development of reliable and robust tools allowing managing energy sources and promoting renewable energy. In this sense, short-time electric consumptions forecast is of paramount interest. So, this paper is focused on estimating short-time electric consumptions (the current day and the next two days) for the city of Perpignan by means of time series analysis and both Kohonen self-organizing map and multi-level perceptron neural networks. Previous days' and previous year daily electric consumptions allowed carrying out the forecasts. Conclusions of the present work are that all the used tools and methodologies are useful in the field of short-time electric consumptions forecast but both used neural networks (KSOM and MLP) provided better results than time series analysis. Moreover, taken into account more than the two previous days' electric consumptions does not significantly improve the obtained results, except for time series analysis.

Current work focus now on determining the maximal forecast horizon (it seems that the results start to deteriorate for a forecast horizon set to three days from the current day) and future work will focus, first, on taking into account meteorological parameters and, secondly, on integrating a forecast module based on the present work in a virtual power plant.
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Table 1 .

 1 Short-time electric consumptions forecast using time series analysis.

		Time series sizes: 7	Time series sizes: 6	Time series sizes: 5
	Forecast dates	Relative error (%)	Mean relative error (%)	Relative error (%)	Mean relative error (%)	Relative error (%)	Mean relative error (%)
	Mon. 01/23/06	5.96		5.96		5.96	
	Tue. 01/24/06	10.81	9.46	10.81	9.46	10.81	9.46
	Wed. 01/25/06	11.63		11.63		11.63	
	Sat. 09						

/23/06 Sun. 09/24/06 Mon. 09/25/06

  

	4.55		7.82		7.82	
	4.7	5.14	12.55	9.91	12.55	9.91
	6.18		9.36		9.36	

Sun. 12/10/06 Mon. 12/11/06 Tue. 12/12/06

  

	4.46		4.46		0.74	
	5.69	6.49	5.69	6.49	9.29	7.66
	9.33		9.33		12.95	
	Global mean relative error (%)	7.03	8.62		9.01	

Table 2 .

 2 Short-time electric consumptions forecast using KSOM.

		Vectors sizes: 7	Vectors sizes: 6	Vectors sizes: 5
	Forecast dates	Relative error (%)	Mean relative error (%)	Relative error (%)	Mean relative error (%)	Relative error (%)	Mean relative error (%)
	Mon. 01/23/06	1.31		1.31		0.87	
	Tue. 01/24/06	4.85	2.55	3.32	1.72	1.16	2.48
	Wed. 01/25/06	1.5		0.53		5.41	
	Sat. 09/23/06	3.55		1.61		3.28	
	Sun. 09/24/06	3.1	3.06	2.76	2.61	3.11	3.14
	Mon. 09/25/06	2.53		3.47		3.03	
	Sun. 12/10/06	4.17		0.09		0.82	
	Mon. 12/11/06	0.72	2.71	1.86	2.51	4.65	3.95
	Tue. 12/12/06	3.23		5.6		6.37	
	Global mean relative error (%)	2.77	2.28		3.19	

Table 3 .

 3 Short-time electric consumptions forecast using MLP.

		Vectors sizes: 7	Vectors sizes: 6	Vectors sizes: 5
	Forecast dates	Relative error (%)	Mean relative error (%)	Relative error (%)	Mean relative error (%)	Relative error (%)	Mean relative error (%)
	Mon. 01/23/06	2.35		1.6		5.25	
	Tue. 01/24/06	2.56	2.30	2.08	1.24	1.35	2.73
	Wed. 01/25/06	1.98		0.05		1.58	
	Sat. 09/23/06	1.84		1.61		0.9	
	Sun. 09/24/06	1.6	1.45	1.12	0.94	0.15	0.36
	Mon. 09/25/06	0.9		0.09		0.01	
	Sun. 12/10/06	0.02		6.03		2.14	
	Mon. 12/11/06	1.54	2.68	1.68	4.24	3.25	3.64
	Tue. 12/12/06	6.47		5.02		5.55	
	Global mean relative error (%)	2.14	2.14		2.24