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1. INTRODUCTION

The Algerian economy is linked strongly to fossil energy market; as the prices of energy are
fluctuating the necessity of developing new power consumption strategies rises, this could be achieved by
optimizing the basic power system operations including: load flow, economic dispatch and load forecasting.

Short-term load forecasting is important for performing many power utility functions, including
generator unit commitment, hydro-thermal coordination, short-term maintenance, fuel allocation, power
interchange, transaction evaluation, as well as network analysis functions, security and load flow studies,
contingency planning, load shedding, and load security strategies [1].

A variety of methods and ideas have been tried for load forecasting since many decades; varying
from classical to artificial intelligence ones, those methods are discussed in the next title.

In load forecasting, the problematic resides in three aspects:

1) First, error, that means, to have a minimum difference between forecasted and real values;

2) second, execution time, especially with short term LF, where reducing simulation time is
essential;

3) Third, external parameters affecting LF, such as weather variability and, in longer term, climate
variability; the growth of population is one of those parameters alongside with the economic and social
welfare of the population.
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2. CONVENTIONAL AND ARTIFICIAL METHODS FOR LOAD FORECASTING
2.1. Traditional Approaches
2.1.1. Time Series Methods

These methods treat the load pattern as a time series signal with known seasonal, weekly and daily
periodicities. These periodicities give a rough prediction of the load at the given season, day of the week and
time of the day. The difference between the prediction and the actual load can be considered as a stochastic
process (random signal). The techniques used for the analysis of this random signal are:

1) Kalman Filters Method;

2) Box Jenkins Method;

3) Regression Processes;

4) Spectral Expansion Technique. [2,3,4]

2.1.2. Regression Based methods

The general procedure for the regression approach is:

1) To select the proper and/or available weather variables;

2) Assume basic functional elements;

3) Find proper coefficients for the linear combination of the assumed basic functional elements.

Since temperature is the most important information of all weather variables, it is used most
commonly in the regression approach. However, additional variables such as humidity, wind velocity and
cloud yields better results. The functional relationship between load and weather variables however is not
stationary but depends on spatiotemporal elements.

2.2. Intelligent Systems

An intelligent system can be defined as a system that exhibits intelligence in capturing and
processing information. Practically speaking, an intelligent system is the one, which employs artificial
intelligence techniques to fulfill some or all of its computational requirements.

2.2.1. Artificial Neural Networks (ANN)

The ANN is capable to perform non-linear modeling and adaptation. It does not require functional
relationship between load and weather variables in advance. The ANN can learnfrom experience, generalize
from previous examples to newones, abstracts essential characteristics from input containing irrelevant data.
The ANN gives more precise forecast as compared to conventional techniques [2].

2.2.2.  Rule Based Expert Systems

An expert system is a computer program, which has the ability to act as a knowledge expert. This
means this program can reason, explain and have its knowledge base expanded as new information becomes
available to it. The load-forecast model can be built using the knowledge about the load forecast domain from
an expert in the field. The knowledge engineer extracts this knowledge from the load frequency domain. This
knowledge is represented as facts and rules using the first predicate logic to represent the facts and IF-THEN
production rules. Some of the rules do not change over time, some changes very slowly; while others change
continuously and hence they are updated time to time [5].

2.2.3. Fuzzy Systems

Fuzzy sets were introduced to represent and manipulate data and information that possesses non-
statistical uncertainty. Fuzzy sets are a generalization of conventional set theory that was introduced as a new
way to represent vagueness in the data. It introduces vagueness (with the aim of reducing complexity) by
eliminating the sharp boundary between the members of the class from non members [6], [7]

In our paper, we will propose a hybrid method in the solution of load forecasting, which is a
combination of neural networks and fuzzy logic, this method is called adaptive neurofuzzy inference systems
(ANFIS) and it will be discussed later on the article. Our purpose is to reduce execution time and errors thus
to have a faster and trustworthy forecast comparing with other methods used in the field.

3. ADAPTIVE NEURO-FUZZY INFERENCE SYSTEMS (ANFIS)
3.1. What is ANFIS?

Jang et al proposed ANFIS architecture in 1993 [8]. The acronym ANFIS derives its name from
adaptive neuro-fuzzy inference system. Using a given input/output data set, ANFIS constructs a fuzzy
inference system (FIS) whose membership function parameters are tuned (adjusted) using either a
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backpropagation algorithm alone or in combination with a least squares type of method. This adjustment
allows your fuzzy systems to learn from the data they are modeling. [9]

ANFIS is an adaptive network which allows the implementation of neural network topology,
together with fuzzy logic [10], [11]. An ANFIS study compiles these two methods and utilizes the
characteristics of both methods. Also, ANFIS gathers both the neural network and fuzzy logic, and is able to
treat non linear and complex problems [12]. ANFIS is a class of adaptive multilayer feeding forward
networks, which is functionally equivalent to a fuzzy inference system.

3.2. ANFIS Architecture
According to Jang and al [8], [13] the global structure of adaptive neuro-fuzzy systems is shown in
Figure 1:
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Figure 1. ANFIS system structure

Layer 1: Every node i in this layer is an adaptive node with a node function.

0} = pai(x) @)

0} is the membership grade of A;and it specifies the degree to which the given input x (or y) satifies
the quantifier A;.

#Ai(x)=+ or uAl(x)—exp{ (%)2} @

Where {a;, b;, ¢; } is the parameter set.

Layer 2: In this layer the output is the product of all the incoming signals:

wi = pai (%) X ppi(y), =12 ©)
Each node output represents the firing strength of a rule.

Layer 3: The ith node calculates the ratio of the i" rule's firing strength to the sum of all rules' firing
strengths:

[— wi
w; =

i=1.2. (4)

witw,
Outputs of this layer are called normalized firing strengthes.

Layer 4 Every node i in this layer is an adaptive node with a node function:

0f = wifi = wipx + qiy + 1) (5)

{pi, i, ri} is the parameter set of this node which are referred to as consequent parameters.
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Layer 5: The nodes of this layer computes the overall output as the summation of all incoming
singals:
05 = v or _ ZiWifi
P = overall output = Y, w;f; = S (6)

3.3. ANFIS Computational Complexity
Different layers characteristics are shown in Table 1:

Table 1. Layers characteristics

Layer # L-Type # Nodes # Param
LO input n 0
L1 values (pen) 3¢(pen)=|S1|
L2 Rules p" 0
L3 normalize " 0
L4 Lin.Funct p" (n+1)epn=|S2|
L5 sum 1 0

ANFIS uses two sets of parameters: S1 and S2:
1) S1 represents the fuzzy partitions used in the rules LHS

S1= {{a11’b11' ¢ {a1z,b12, €12} ) {a1p:b1p: Clp} s {anp'bnp' Cnp}} ()
2) S2 represents the coefficients of the linear functions in the rules RHS

52 = {{Clo,cll, ey Cln}' ey {Cpno,cpnl, ey CpTLn} (8)

ANFIS uses a two-pass learning cycle

1) Forward pass: S1 is fixed and S2 is computed using a Least Squared Error (LSE) algorithm
(Off-line Learning).

2) Backward pass: S2 is fixed and S1 is computed using a gradient descent algorithm (usually
Back-propagation) [14].

3.4. Basic Flow Diagram of Computations in ANFIS
The ANFIS Editor GUI (MATLAB) applies fuzzy inference techniques to data modeling; basic flow
diagram of computations in ANFIS is given in Figure 2:

Initialize the ANFIS
Use anfisedit command

|

Enter inputs for training checking and testing
Toload a data set use the Load dara portion
of the GUI

v

Generate a FIS (fuzzy inference system)
You must begin by loading a Training data

setthat contains the desired input/output data
of the system to be modelled.

l

Start training process
Choose the optinmum method for traimming
Enter the number of training Epochs and the
training Error Tolerance to set the stopping
criteria for training

|

Validating the Trained FIS
After the FIS iz trained, validate the model
using Testing or checking data that differs
from the one, we used to train a FIS

Figure 2. Basic flow diagram of computations in ANFIS
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4. OVERVIEW ON THE ALGERIAN POWER SYSTEM LOAD PATTERN

The elaboration of the Algerian load forecasting is becoming increasingly difficult because of the
uncertainties related to the factors used in its preparation, especially those linked to consumption habits
changing. In Algeria, this change is due to an increasing sensitivity of the consumer to the temperature rise
and consequently it is reflected throughout the changes on annual and daily load summer curves. The annual
consumption peak, which historically has been reachedin the winter, moved to the summerin 2009, when the
summer peak has exceeded the winter’s by 5.1% (Figure 3).
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Figure 3. Historical evolution of maximum demand from 2000 to August 2011 [15]

The average specific consumption per low voltage customer has increased to 2623k Whin 2009. If
the average consumption of Algerian homes has increased, it is interesting to note that this increase is driven
mainly by south customers who represent just 10% of the total number of low voltage customers.

This peculiarity is explained by the massive use of air conditioning, given the special climate of
south regions which is characterized by high temperatures during several months of the year (Figure 4). The
average consumption of customers in the northern region is explained by population density. Over 52% of
the low voltage customer is located north of the country.

e Load curves of July 18, 2010 and July 27, 2009

Ibib

Figure 4. Comparison between load curves of two days with maximum demand [16]

5. THE DATASET

The data used for ANFIS learning, checking and testing is taken from:

1) SONELGAZ load curve history database [17] which contain daily load curves with day and
night peaks.

2) Maximum temperature of In Saleh (region of Tamanraset) the hottest area in Algeria and
minimum temperature of Setif the coldest area in Algeria, this gives us an average temperature of the whole
country [18]

5.1. ANFIS Architecture
We have used for training
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Inputs: [664x6] matrix, an example is given in Table 2.

Table 2. Sample of input matrix

Day Max Temp Min Temp Workingday Friday Saturday Peak Generation
01/03/2010 31 6 1 0 0 6087 MW
13/05/2011 33 8 0 1 0 6045 MW

Figure 5 shows the ANFIS structure:

input inputmf outputm output

Logical Operations

o -

not

Figure 5. ANFIS architecture

1) Layer 1: contains the input matrix.

2) Layer 2: which calculates the membership value for premise parameters, here, we assign for
membership functions for the first two inputs and two mf’s for the rest three inputs.

3) Layer 3: which calculate firing strength of the 128 rules.

4) Layer 4: which normalizes all firing strengths.

5) Layer 5: calculates the overall sum of the incoming signals, the output represents the load peak
predicted by the model.

Training data : o FIS output © *

[
700

Figure 6. Response of Output from March 2010 to February 2012
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Figure 6 shows ANFIS output (peak generation forecasted represented by red crosses) versus input
(real peak generation represented by blue circles). We can see from Figure 6 that ANFIS training is
satisfactory, that means outputs are generally close to targets with some exceptions for some points.

5.2. Network Testing
We have used Marsh 2012 data to test the neural network; the result is shown in Figure 7.

Testing data : . FIS output : *
8000

. M *
7500 *

+
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6500 |-
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Figure 7. Network testing using March 2012 data

6. CONCLUSION

We can deduce from results shown in Figure 6 and Figure 7 that our forecast using ANFIS was
acceptable. To have more accurate and excellent forecasting we must use more input data set to have a good
neural network training.

Our purpose is to implement artificial intelligence techniques in load forecasting especially for
Algerian power grid. As weather and especially temperature represents the main parameter influencing
Algerian consumption, the necessity of developing a model for peak forecasting rises. The other parameter
taken into consideration is type of the day where we remarked three types of days; working days, Fridays that
are real weekends and Saturdays that are for some Algerian a working days.

We have, successfully, introduced the effect of the temperature and type of the day as input matrix
used in the process of training, so we have a fast and reliable load forecasting using ANFIS.
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