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Abstract—In a competitive electricity market environment, power producers and consumers need accurate load and/or electricity consumption forecasting tools. These tools will ensure a-priori knowledge on the amount of energy needed for production. This paper will address the issue in a newly deregulated Algerian Market, with an analysis of the electricity national demand. Details on day types and seasons identification using Kohonen maps are given with two examples for the Irish and the Algerian load. An example of electricity demand model will be presented and compared to the manual method still in use in Sonelgaz.
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1. INTRODUCTION 

The electric power industry in many developing countries is moving from a centralized operational approach to a competitive one. The understanding of electric power supply as a public service is being replaced by the notion that a competitive market is a more appropriate mechanism to supply energy to consumers with high reliability and low cost. Algeria is among those countries. In such competitive environments, prediction becomes a powerful tool in the research of higher performances. Indeed, because electrical energy cannot be stored, there exists the unique physical requirement that supply equal demand instantaneously. A valid model (or forecasting tool) for load and/or consumption forecasting, will help to reach this requirement.

In this paper long term will not be treated, and the main goal will be short term forecasting. In the remaining of the paper, a presentation of five years of Algerian demand data will be presented and analysed, and an example of identification of day types will be shown, Section 2. Section 3 gives an overview of the different techniques that can be used for short term load forecasting. An example of ANN modeling is then given and compared to the results of a traditional technique.

2. PRIMARILY ANALYSIS OF THE ALGERIAN ELECTRICITY DEMAND

Courtesy of Sonelgaz Annaba, we have been generously provided with the last five years of electricity data for the national grid. The range and time-scale for the available data is of 43796 points on an hourly basis, from Saturday 1st January 2000 to Friday 31st December 2004.  Figure 1, shows the shape of electricity demand in Algeria in the last five years. The growth in electrical demand is clearly seen.

2.1 . Day-type identification
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Daily load data can be disaggregated into distinct groups (called day-types) each of which have common characteristics. As can be seen in Figure 2 there is, for example, an obvious difference between the shape of the load on a typical week end day, such as Friday and a working day like Saturday or Sunday due to decreased economic activity and the weekly prier on Friday. Note that having, in Algeria, the week end on Thursday and Friday will not dramatically change the weeks day type as long as it is taken into consideration. Furthermore, there is a distinct difference between the shape of a typical Winter day and Summer day (Figure 3). A typical Winter working day (saturday) exhibits a high peak at 21pm, in a Summer day (which is the holidays for most people) the peak is a 22pm.
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  Fig.2. A typical weekly load                                             Fig. 3. Typical summer and winter daily Algerian load for a working day

The existence of several different day-types has been shown by several researchers [3], [4], [5]. However, the level of desegregation in day-type selection is, to a large extent, subjective and dependant on the judgment of the forecaster. As pointed out by Hubele and Cheng [6], the application of a separate load forecasting model for different seasons (for example Summer, Autumn, Winter and Spring) has the advantage that the models need not incorporate seasonal information. Further desegregation of the load by day of the week (for example Summer Sundays, Winter Sundays, Summer Mondays etc.) reduces further the amount of information that the model need incorporate. 

2.2 . Kohonen maps 

The self-organising feature map or Kohonen map [11] is the preferable option for day-type identification as the number of day-types is not pre-specified and the proximity of the identified daytypes is known. The Kohonen map can be implemented for day-type identification in several different ways (examples are [3], [4], [5] ); however differences in the results are insignificant in most cases thus the algorithm used by Hsu and Yang [5] was chosen. The Kohonen map structure is diagrammatically shown in Figure 4. 

The network consists of a grid of output nodes connected to the inputs via a set of weights. When presented with the kth input vector Pk Є R1×n, the network calculates the activation of each node by Pk as:
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where ai,j,k and Wi,j are the activation of, and weight (Є R1×n) connecting Pk to, node i, j respectively. Pk is said to be mapped onto the node with the highest activation. After several inputs have been presented, similar inputs are mapped to the same or adjacent nodes, i.e., within a small neighbourhood. A neighbourhood of size Nc around node i, j is defined as nodes i ± Nc to j ± Nc. 

3. LOAD FORECASTING MODELS

Over the last few decades a number of forecasting methods have been developed falling into two main categories:

• Linear methods: well established and proved but limited when dealing with nonlinear functions (the case in load) forecasting).

• Nonlinear methods: More suitable to approximate nonlinear functions, but still ongoing field of research withthe main disadvantage of not having an analytical solution.

3.1. Linear models (Box-Jenkins)

Box and Jenkins (1970) [12] laid many of the foundations of classical time-series analysis. Their techniques have been used in several load forecasting applications (Di Caprio et. al., [17], Rajukar and Newill [18] to mention a few) and are often used as a baseline for comparison with other newer approaches.

3.2. Nonlinear models

There are three factors typically present in short-term electrical load which make nonlinear forecasting techniques appealing [2]: The non-linear relationship between load and temperature, the presence of a non-linear auto-regressive relationship in load and the non-stationarity of the load due to the trend.

Many nonlinear approaches were and still are applied to load forecasting. Among these: Parametric nonlinear techniques, Fuzzy logic and artificial neural networks are among the most popular. An extensive review of most of these techniques are given and explained in [2]. Neural network techniques are black-box modeling techniques. That is, they require no understanding of the physical process underlying the data. The techniques are based on approximating a function via a set of basic processing units called neurons or nodes. 

At the moment, there is not a real strategy to forecast nest day, month or year load at the Algerian company Sonelgaz. The prediction is done only based on the cyclic aspect of the load. The prediction of day j + 1 is calculated based on the same day of previous week. However, there is an error margin of 50MW and 100MW for the day and the evening peaks respectively, taking into account a temperature factor. The results obtained are not of great quality, see Figure 8. Indeed, the forecasted load is of a flat nature and seem highly linear, able to follow the overall shape of the load, but unable to predict the peaks. In a first attempt, to build a valid model, a simple linear model of type Auto Regressive, was chosen as an example. In order to take into account only the past day, 24 regressors were chosen, one for every hour of the day, Figure 9 shows the ANN model results.
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Fig.8. Actual prediction made for the Algerian market                      Fig. 9. Response of the simplest AR, ANN model for load forecasting

4. CONCLUSIONS 

The literature is rich in theories and approaches to build models for load and price forecasting, some were presented in this paper. However, applying those approaches remains more appropriate to certain type of load curves than others. The goal is to conduct research in order to find the best strategy (ies) to suit the Algerian load curve. Other parameters must be introduced in order to maximize the accuracy of the model. In the Algerian case, climate parameters such as: temperature, humidity, wind, rainfall etc., must be taken into consideration.
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