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ABSTRACT 
Many of traditional methods have been presented for long-term load forecasting of electrical 
power systems. But, the results of these methods are approximated. Therefore, artificial neural 
network (ANN) technique for long-term peak load forecasting is modified and discussed as a 
modern technique in long-term load forecasting. The modified technique is applied on the 
Egyptian electrical network dependent on its historical data to predict the electrical peak load 
demand forecasting up to year 2017. This technique is compared with extrapolation of trend 
curves as a traditional method. Installed power generation capacities of Egyptian electrical 
network up to year 2017 are estimated dependent on the peak load forecasting of this network. 
Also, a proposed methodology to assess the economical operation of WFs beside conventional 
power system (CPS) is introduced. This methodology includes a mathematical mode1 to develop 
the economical operation of wind farms on the whole power generation system capacity though 
the considered period. 
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1-INTRODUCTION 
Expected growth of load demand for electrical 
systems is one of the fundamental determinates for 
development and refurbishment. Power system 
expansion planning starts with a forecast of 
anticipated future load demand and energy 
requirements [I]. Electrical load forecasting problem 
is hard to deal with because of the non-linear and the 
random-like behavior of the factors affected on .the 
electric load growth as well as the underminstic of 
load behavior and a great problem in data collection 
[2, 31. The accuracy of a forecast is crucial to any 
electric utility since it dictates the timing and 
characteristics of major system addition [4]. High 
accuracy of the load forecasting for power systems 
improves the security of power system and reduces 
the generation costs [5]. Many studies on Long-term 
load forecasting have been made to improve the 
predication accuracy of peak load [6] .  
In this paper, an artificial neural network (ANN) with 
a feed foreword back-propagation algorithm is 
modified and discussed as a modem technique in 
long-term load forecasting. The modified technique 

is applied on the Egyptian electrical network 
depending on its historical data to predict the 
electrical peak load demand up to year 2017. ANN 
composed of neurons distributed in layers. As the 
trained propagation networks tend to give reasonable 
answers when presented with input that they have 
never seen, a new input will lead to an output similar 
to the correct output for input veclor used in training 
similar to the new input being presented [7,8]. 
During the last decades there has been a great and 
urgent interest in developing renewable alternative 
energy technologies that could in the future replace 
present conventional sources of energy [9]. Besides 
solving many problems, Alternative energies provide 
many other benefits that make them worthwhile even 
at slightly higher cost [lo]. With the first oil price 
shock in 1970, the interest in wind power re- 
emerged. The main focus was on wind power 
providing electrical energy instead of mechanical 
energy. This way, it became possible to provide a 
reliable and consistent power source by using other 
energy technologies, via the electric grid, as a back 
up [ll]. Wind farms installed capacity evaluation 
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requires a forecast for the network involves the peak 
loads and reserves. Also, a proposed technique to 
assess the economical operation of WFs beside 
conventional power systems is presented. 

. .  ,. , . 

2- PROBLEM P O ~ A : T I O N  
A modified ANN technique is presented to predict 
the electrical peak load demand. Also, a proposed 
methodology to assess the economical operation of 
WFs beside the conventional power systems is 
introduced. 

2-1 Modified ANN Technique 
Figure 1 shows a single-layer neural network that 
presents a feed-forward back-propagation with tan- 
sigmoid hidden neurons and a purelin sigmoid target 
function according to the following step [12]: - 

Figure 1 A single-layer neural network. 

Stepl: Initialization 
The initial .weights and biases for back-propagation 
networks are created with small random values. This 
function takes matrices input (P) (peak load demand 
data for each first three years), output (T) (peak load 
demand for the corresponding fourth year), hidden 
vector (Sl), and transfer functions, of each layer, and 
returns weight W, and biases (b) for each layer as: - 

[Wl ,b l  W2,b2]= 
initff (P, S1, " tapsig ", T, " purelin'); (1) 

Step 2:  earning Rule 
I t  can be used to adjust the weights and biases of 
networks in order to minimize the sum-squared error 
of the network. This is done by continually changing 
the values of the network weights and biases in the 
direction of steepest descent 'with respect to error. 
The change to be made in a layer's weights and bias 
are calculated by leambp: 

dW = Lr. P (2) 

db = Lr. D (3) 

The function leambp returns a weight change matrix 
dW, and a bias change vector'db for a layer whose 
current input vectors is P and delta vector is (D) and . . 
leaming rate lr where: - : ' . 

Lr (dW,'db) = learnbp (P, D, Lr) (4) 

. . 
> 

.L: 

Step3: Training ,'..,, ;' ' . 

A function that can be used to train feed-fo~ward 
network (trainbpx) with frequency of progress 
displays in epochs (df) ,  maximum number of epochs 
to train (me), sum-squared error goal (eg), and 
learning rate (Lr) are: - 

tp = (df - me-eg -Lr) (5) 

(W, b, epochs, tr)= trainbpx (W, b, " F", P, T, tp) (6) 

Given P,T, W, b, the transfer function and training 
parameter tp returns new weights and biases the 
number of epochs trained and a record of training 
errors tr. The training parameter tp, specify the 
number of epochs between displaying progress the 
maximum number of epochs to train the sum squared 
error goal and the leaming rate. Tra~ning continues 
until either the error goal is met, or the maximum 
number of epochs has occurred. 

Step4: Simulation 
The function simulates a 'feed-fonvard network 
(simuff), takes network input P,matrix 'weight W, 
and, vector biases b. Once these weights and bias 
have been determined, ANN is simulated by test 
data, usually the training and test data are different 
sets. The response of the perceptron should then be 
representative of the data by which'it was trained as, 

(al,a2)= simuff 
(P,Wl, bl," tansig ", W2, b2,"purelinU), (7) 

2-2 Proposed Methodology of WFs Economical 
Operation 

A proposed methodology to evaluate the whd farms 
generation capacity, the corresponding capacity 
displacement of CPS, the annual savings in fuel costs 
and their impact on the whole power generation 
system over the considered planning period are 
estimated using the following suggested model, 

n w  .... 

p i ,  = ~ ~ s r n ~  CCG= E,,g 
Where, PSWFs is the percentage sharing of wind 
farms in the capacity of conventional generation 
(CCG) and nw is the number of wind generators 
(WGs) in the wind farms which have a rated power 
(P,,). The annual generation of this generator (E,,). 
and the annual generation of the wind farm (&f) can 
be expressed as, 

The capacity factor (CF, ) of a wind generator is 
given as a function of its cut-in, rated , furling wind 
speeds, scale and shape parameters of wind speed at 
the installation site by[13], 
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.L . 
Where, c and k are the scale and shape paranieters of 
Weibull distribution function of the wind speed 
which can be calculated as. ,. - " . 1.' 

5 - C) . 1)) (12). 

c = l . 1 2 r i , )  (15) 

However, 

Where: 
V, : The cut-in wind speed of WG, m!s. 
Vl : The furling wind speed of WG. n1.S 
V, : Rated wind speed of WG. nvs. 
V, : Instantaneous wind speed, d s .  
V,,, : The mean wind speed, rills. 
f, : The frequency of Vi, oncek. 
a : The standard deviation. 
nv : The number of tvind speed observation 

Thus, the capacity displacement of CPS due to wind 
generation and its saving costs are given as [14], 

Where, 
CDG, 
SCD, 

CF, 
cc 

: The capacity displacement of CPS. .MW. 
: The savings in capital cost of CPS. S . 
: The capacity factor of CPS. 
: The annual capital cost per I kW of CPS; 

UkW. 

The annual savings in fuel (F,) and their costs (SFC) 
are given by, 

'!= -K ," 
C -  ,/ &#3f %) (18) 
j.FC'=Lf :';c,,. :!;F 

. I C (19) 
Where, 

F, : The annual savings in conventional fuel. 
SCF : The savings in conventional fuel costs, $. 

Cl : The cost per ton of F,, $iton. 
Hf : The heat value of F, , KcaliKg. 
K, : The heat required for IkWh 

(860 Kcal / kwh).  
q. : The overall efficiency of the wind farm. 
Lr :The levelizing factor of conventional fuel at 

the end-of-year Cost and given by: 

Where. a. r are the escalating (inflation) and interest 
rates respectively. 
~ -APPI . ICATION AND RESULTS - . . - . - - - 
The goal of this paper is to apply the modified ANN 
technique for long-term peak load forecasting to 
e\.aluate the installed capacities of the Egyptian CPS 
up to year 2017. Also, a proposed methodology is 
applied to assess the economical operation of WFs, 
with different sharing percentage related to the CPS 
up to that target period. All results are obtained using 
Matlab 6.5[15]. 

3-1 Long-Term Forecasting Technique 
Thc extrapolation of trend curves method with 
different approxin~ations (linear, logaritlunic, and 
exponential) is applied as traditional technique for 
long-term load forecasting dependant on the 
historical data of electrical peak load demand of the 
E g p a n  electrical network, from year 1993 to 2005 
as shown in Tables 1 1161. Figure 2 shows the 
extrapolation of trend curves for the Egyptian 
electrical peak load forecasting from year 2006 to 
2017. From this figure, it can be found that: the route 
mean square error (R MS) between the predicted 
peak load demand and the different extrapolation of 
trend curies are equal to 0.9747, 0.9745, and 0. 9905, 
respectively. Also, the peak loads forecasting at year 
2017 are equal to (23.7462 GW, 23.580 GW, and 
40.378 GW) for linear, logarithmic, and exponential 
trend curves respectively. 

Table 1. Egyptian electrical network peak load data. 

Electrical Peak 

7.503 

7.675 

Figure 2 Shows the extrapolation of trend curves for 
the Egyptian electrical peak load forecasting. In this 
Figure the load forecasting values are changed from 
an extrapolation curve to another at the same year 
due to the variations in the trend curves. Tables 2 
illustrates the peak load forecasting for the network, 
up to year 2017 using different approximations. 
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From this Table, more accurate predicted electrical 
peak loads are obtained using the proposed moditied 
ANN. The maximum error between the actual and 
predicted load demand is equal to 1.0 E-6. According 
to these predicted load results, the proposed modified 
of ANN is carried out to predict the electrical peak 
load demand for E m t i a n  network up to year 2017 as 
shown in Table 4. 

Table 4. Predicted peak load demand using modified 
ANN technique. 

1 Predicted peak load, ] 
r s ~ l  

Table 5 shows a comparison between the linear trend 
curve of the extrapolation method (as a conventional 
technique) and the proposed modified ANN 
technique as a modem technique for load forecasting 
of Egyptian network from year 2006 to year 2017. 
From this Table, it can be concluded that: the 
predicted peak load demand, using the modified 
ANN technique is more suitable than that from the 
linear trend curve compared with the actual load 
demand. 

Table 5.  A comparison between the linear trend 
curve and the proposed modified ANN 
technique for load forecasting of E m t i a n  
network. 

Estimation of power capacities up to year 2017 
The capacities of the Egyptian electrical power 
generations can be estimated using the predicted peak 
load demand of the network. The power generation 
installed capacities are the sum of the peak load 
demand, including the network losses, and the total 
system reserve. The power reserve can be computed 
as a percentage value of the network capacity from 
years 1993 to 2005 as shown in Table 6. ANN 
technique is modified to estimate the power reverse 
percentage from year 2006 to 2017, dependent on the 
history power reserve from years 1993-2005. The 
process of power reserve is estimated by training 
ANN using the historical data of reserve percentage 
for three years in the past as an initial data to estimate 
the 4' year in advanced and so on. Table 7 illustrates 
the installed capacities of the network from years 
2006 to 2017, the power installed capacity up to year 
2017 is equal to 29.554 GW. 

Table 6 .  Electrical installed capacities of Egyptian 
electrical network from years 1993 to 2005. 

1 Year I Capacity I Peak Load, I Reserve I 

Table 7. Electrical installed capacities of Egyptian 
network from the year 2006 to 2017. 

I Year I Pe$..d3 I Reserve% I Total Capacity 
GW 
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3-2 Economical Operation of W Fs with CPS 
The plan strategy of Ministry of Electricity and 
Energy in Egypt has been stated that, the penemtion 
level of wind farms capacity must be 3% of the total 
CPS up to year 2017 1171. Using the installed power 
generation capacities that has been estimated in Table 
7, wind f m s  capacities are estimated up to year 
2017 as shown in Figure 3. This Figure illustrates 
these ca~acities at different Dercentage sharing of 

Year 

P9NFs=3% %t PSWFs=5% A PSWFs=10% I !  
I Figure 3. Capacities of wind farms at diierent 

PSWFs up to year 20 17. 

Red-sea coast at Zafarana in Egypt was selected as an 
appropriate site to establish large-scale wind farms of 
20 GW in E m t .  Therefore, this site will be 
considered for planning wind farms beside the CPS 
up to year 2017 with employing 600 kW for each 
wind generation unit. 

Table 8. Number of wind generators and their annual 
Energy generation for different PSWFs up 
to year 2017. 

I I Numberofwind I Annual windfmn I 

The proposed methodology in section 2.2 is carried 
out to assess the economical operation of WFs beside 
the CPS considering the following values: The 
average value of c and k, are equal to 7.5 m/s and 
2.32 m/s respectively. The average values of CFc , 
Hf, and qo, are equal to 0.68, 11500 KcalKg, and 
0.30, respectively. Table 8 shows the number of wind 
generation units and their annual energy generation 
(GWh) for different PSWFs up to year 2017. The 
number of wind generation units and their amual 
energy generation are increased with increasing of 
PSWFs. The capacity displacement of WFs (MW), 
and the annual savings in conventional fuel (ton) are 
computed for different PSWFs as shown in Figures 4 
and 5. 

2035 2010 2015 20M 

Year . Fml=s3% s PSV16=5% A PSV16=lo% 

Figure 4. Capacity displacement, MW 

I 
Figure 5. Annual saving in conventional fuel, 

ton*lo3. 
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Also, the annual capital costs due to the capacity 
displacement of WFs and the savings in conventional 
fuel costs are computed for different PSWFs up to 
year 2017 as given in Table 9. 

4-CONCLUSIONS 
A modified ANN technique has been efficiently and 
accurately applied on the Egyptian network to predict 
the peak load demand up to year 2017. However, the 
Ann technique has been reformulated efficiently 
(modified) to be suitable for our network. Once the 
accurate predication of peak load demand has been 
computed, the total installed generation capacities, up 
to year 2017 are obtained accurately. 
Also, a proposed methodology is presented to assess 
the economical operation of wind farms beside the 

conventional power system. Zafarana on the Red-sea 
coast has been selected as an appropriate site that can 
host large-scale wind farms in Egypt for applying the 
proposed methodology with 3% of the total capacity 
has been efficiently introduced. Also, the saving in 
capital and operation costs for different P S W s  has 
been introduced. 
Finally, the WFs concern as a great and urgent 
interest renewable alternative energy, especially in 
the zones, which have fast wind like Zafarana zone in 
Egypt. This concern is due to the raising prices of 
conventional energy, the dependence on oil, the 
decreasing supply of fossil fuels, and the negative 
environmental effects caused by their consumption. 

Table 9. The annual savings in capital and fuel costs due to the wind farms Installation through years 
2006-2017. 

I Savings in capital costs, Annual savings in fuel coasts, $*lo6 
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