
































































































































































































































From these analyses it is the conclusion that the polynomial and ANN analysis could be 

used to produce a more effective long-term load forecasting model than the literature, 

Clayton et al (1973) and Davey et al (1973), long-term model that uses linear regression 

since they produce more accurate load forecasts than the linear regression analysis. The 

ANN analysis closely matches the accuracy of the polynomial regression analysis since 

the ANN analysis is also a non-linear regression analysis in that it uses non-linear transfer 

functions. For some customer data sets the polynomial analysis will be more accurate 

than the ANN analysis and for other customer data sets the ANN analysis will be more 

accurate than the polynomial analysis. However to determine the most accurate degree 

polynomial for a customer data set, various degree polynomials have to be tested since 

the same degree polynomial will not always produce the most accurate load forecast. The 

advantage that the ANN analysis has is that only one ANN analysis has to be performed 

for a customer data set. 

9.1.3 Effects of Historical Load Data in the ANN Model 

The thesis did not consider historical load data in the ANN model because historical load 

data is outside ofthe scope and objectives of the thesis since historical load data can be 

years of data and therefore is not a limited data set. The thesis investigated how best to 

utilize the available limited load data to produce an effective long-term load forecasting 

model. The load-forecast model was designed and modified for the limited data set. 

The ANN weather-load model used in this thesis only considered the load as a function 

of weather. A typical ANN model in the literature (e.g. Chen et al (1992) and Dash et al 

(1994» uses load as a function of weather and lagged load. This suggests that there is a 

pattern in the load data that would assist or improve the load forecast. In long-term load 

forecasts seasonal peak loads are forecasted. The load pattern is unique to each season 

and there is therefore a pattern in the load behavior in each season. Further analyses can 

be performed to determine if the use of historical load data in the ANN model would 

improve the accuracy of the long-term load forecast. 
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9.2 The Application of the Cluster Analysis in Long-term Load Forecasting 

This section discusses a long-tenn load-forecasting model using the cluster analysis tool. 

The second objective is to test whether classifYing or characterising customers into 

groups improves the load forecast in the long-tenn load-forecasting model. The cluster 

analysis tool was used to classifY the customers into groups. The conclusion is that 

classifYing customers into groups do improve the load forecast in some cases and 

therefore not in all cases. The cluster analysis load forecast results are mixed. In some 

cases the cluster analysis approach to load forecasting improves the load forecast and in 

other cases it makes it worse. Analysing the improved load forecasts that resulted from 

the cluster analysis shows that the load parameters Ave PF and Ave kV Ar are prominent 

in the improved load forecasts and therefore the load forecaster can only use the 10 load 

parameter groups identified in table 8.39 to obtain an improved load forecast. 

The cluster analysis load forecast was perfonned using a limited data set. For a limited 

data set little or no load growth can be assumed. Load growth has to be considered for 

long-tenn load forecasting. The cluster analysis approach can be applied to long-tenn 

load forecasting. The reason is that the load forecasting methodology used is a non­

iterative process as discussed in sections 4.3.3.1 and 4.4. Long-tenn load growth is 

considered by using the annual peak loads of the years that precede the forecasting 

period. These annual peak loads are. projected (trended) forward to future years. 
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Appendix 

Appendix I 

The Matlab code for the ANN Model 

The Matlab code that is used to implement the ANN Model is presented in this appendix. 

The Matlab code for the ANN Model is also on the disk. The file is called ANNModel.m. 

[26.8 24.5 26.2 30 26.2 31.4 25.9 23.5 26.7 18.9 21 27.3 26.5 
22.1 23.1 22.5 18 22.7 21.5 22.8 30.7 29.1 24.8 24.5 23.5 26.8 27.1 
25.8 23.1 25.6 19.9 24.8 25.8 28.5 32.1 23.5 23.1 21.2 21.9 21.1 22.7 
26.4 29.1 23.8 19.7 18.4 15.4 17 20.7 24.6]; 
%% is the temperature at 14H:OOpm in (Oe) 
%% This is data from 2 Feb. 2000 to 28 2000, only weekdays. 

DPL [3750 3564 3708 3894 3930 3882 3606 3750 3516 3612 3570 3864 3798 
3822 3708 3450 3318 3666 3684 3696 3738 3912 3750 3576 3972 3918 3906 
3888 3906 4104 3510 3678 3468 3540 3660 3702 3780 3696 3750 3666 3978 
3828 3756 3762 2034 3108 3150 3204 3498 3522J; 
%% DPL is Peak Load i11 (kW) 
%% This is data from 21 Feb. 2000 to 28 2000, only weekdays. 
%% The and DPL data 

%%---
%% NOW TO DESIGN THE ANN NETWORK FOR LOAD FORECASTING 
%% INPUT:DT14PM AND OUTPUT:DPL 

%% the input and output values are scaled for efficient 
%% The _n represents normalised data. The function premnmx does this. 

, minDT14pm, DPL_n, minDPL, maxDPL] = 
premnmx(DT14pm, DPL); 

The A}JN network used is feedforward network i.e. newff 
net f( minmax(DT14pm_n), [30 1], {'tans ',' in' },'trainbr'J; 
net,trainParam.show = 50; 
net. .epochs = 800; 

net init(net}; %% To initialise the networks and biases. 

%% Now the training starts with the normalised data. 
%% The normalised data is in the range [-1,1]. 
[net, tr] train(net, DPL_n) ; 

%%---- --------- --_. __ ._------- ---------
%% Now forecast load for 1-12 May 2000. 
%% Use 20 years of historical weather data, , for the 
%% 1 12 May as 
May1 980 =[24.2 18.9 20.5 20.3 20 16.4 21. 8 17.3 17.6 17.8] ; 
May1_12_DT14pm_1981 =[19.2 20.9 25.2 18.5 18 23.9 18 20.1 16.8 17.8] i 
May1_12_DT14pm_1982 == [19.4 21.4 20.3 20.5 19 26.2 18.5 20.5 19.3 19.2] ; 
Mayl_12_DT14pm_1983 = [21. 5 16.8 19.7 30.3 24 23.1 21.1 15.2 17 22.3 J i 
Mayl_12_DT14pm_1984 =[19.9 20.7 18.5 19.8 15 20.4 17.1 18.6 16 19.5] ; 
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May1_12_DT14pm_1985 =[19.8 19.5 22.5 22 20 19.8 21 20.4 21.5 18.8]; 
May1_12_DT14pm_1986 = [21. 2 22 18.1 23.1 25 18.4 20.4 20.6 20.1 19] ; 
Mayl_12_DT14pm_1987 =[26.2 21.5 23.2 19 17 18.4 23.5 17.8 16.7 16.1] ; 
May1_12_DT14pm_1988 [24.7 30.8 17.6 18 21 25.1 18.9 29.3 27 25.3] ; 

DT14pm_1989 [27.1 20.9 18.7 19.9 23 21.1 21.5 19 15 12 .9] ; 
12_DT14pm_1990 [17.6 17.5 16.8 18.8 20 23.1 18.3 19.5 25.8 21] ; 

May1_12_DT14pm_ 1991 =[21.4 21. 5 21.5 22.2 21 22.5 22.8 21.1 23.8 26.3]; 
May1_ 12 _DT14pm_1992 =[15.5 15.4 18.5 18.3 20 19.3 19.7 21.2 19.7 27.7] ; 
May1_12 DT14pm_1993 =[25.2 18.4 15.5 18.6 18 18.4 19.3 20.6 15.5 17.9] ; 
May1_ 12 _DT14pm_1994 [17.8 19.4 22.3 14.8 18 24.2 20 18.9 16.2 20.3] ; 
May1_12_DT14pm_1995 [20.7 19.5 27.3 20.1 14 18 19.9 17.7 19.5 19.9]; 
May1_12_DT14pm_1996 [20.9 18.1 20.1 15.6 18 26.4 20.9 18.8 18.9 17.5] ; 

12 _DT14pm_1997 [20.4 20.1 19.7 22.2 25 27.4 21.5 24.9 28.6 26.7] ; 
Mayl 12_DTI4pm_1998 =[20.4 19.4 18.6 21.1 18 18.7 17.7 16.5 15.7 17.7] ; 
Mayl_12_DTI4pm_1999 =[20 17.8 15.4 17.7 18 20.7 18.4 19 22.1 20.6] ; 

%% The above data must be normalised. 
May1_12_DT14pm_1 (Mayl_12_DTI4pm 1980,minDTl4pm,maxDT14pm) ; 
May1_12_DT14pm_198 (Mayl_12_DTI4pm_1981,minDTI4pm,maxDT14pm); 
Mayl_12_DTI4pm_1982_n=tramnrnx DT14pm_1982,minDTI4pm,maxDTI4pm}; 
May1_12_DT14pm_1983_n=tramnrnx(Mayl_12_DT14pm_1983,minDT14pm,maxDT14pm); 
May1_12_DT14pm_1984_n=tramnrnx (Mayl_12_DT14pm_1984 ,minDT 14pm,maxDT14pm); 
Mayl_12_DT14pm_1985_n=tramnrnx(Mayl_12_DTI4pm_1985,minDT14pm,maxDTI4pm); 
Mayl_12_DT14pm_1986_n=tramnrnx(Mayl_12_DTI4pm_1986,minDTl4pm,maxDT14pm) ; 
Mayl_12_DT14pm_1987_n=tramnrnx(May1_12_DTI4pm_1987, minDTl4pm,maxDTI4pm); 

DTI4pm_1988_n=tramnrnx(Mayl_12_DT14pm_1988,minDT14pm,maxDT14pm) i 

Mayl_12_DT14pm_1989_n=tramnrnx(Mayl_12_DTI4pm_1989,minDT14pm,maxDT14pm) ; 
May1_12_DTI4pm_1990_n=tramnrnx (Mayl_12_DT14pm_1990 ,minDT14 pm,maxDTI4pm) ; 
Mayl_12_DT14pm_1991_n=tramnrnx (Mayl_12_DTI4pm_1991 ,minDT1 4pm,maxDT14pm) i 

May1_12_DTI4pm_1992_n=tramnrnx(May1_12_DT14pm_1992,minDT14pm,maxDT14pm); 
Mayl_12_DT14pm_1993_n=tramnmx(May1_12 993,minDT14pm,maxDT14pm); 
May1_12_DT14pm_1994_n=tramnmx(Mayl 994,minDTI4pm,maxDT14pml; 
Mayl_12_DTI4pm_1995_n=tramnrnx (Mayl_12_DT14pm_1995 ,minDT 14pm,maxDT14pm) ; 
May1_12_DT14pm_1996_n=tramnmx DT14pm_1996,minDT14pm,maxDT14pm) i 

May1_12_DT14pm_1997_n=tramnrnx(May1_12_DT14pm_1997,minDTl4pm,maxDTI4pm); . 
Mayl_12 98_n=tramnrnx (Mayl_12_DT14pm_1998., minDTl4pm, maxDTl4pml; 
Mayl 12 99_n,;,tramnmx (Mayl,.J2_DTI4pm_1999, minDT14pm, maxDT14pml; 

%% Now for the simulation. 'The output is also normalised. 
May1_12_Load_1980_n sim(net,May1_12_DT14pm_1980_nl j 

Mayl_12_Load_1981_n sim(net, DTI4pm_l981_n)j 
Mayl_12_Load_1982_n sim(net,May1_12_DT14pm_1982_n); 
May1_ n sim(net,Mayl12_DT14pm_1 nl; 
Mayl_12_Load_1984_n sim(net,May1_12_DTl4pm_1984_n); 
Mayl12_Load_1985_n sim(net,May1_12_DT14pm_l985_nl; 
May1_12_Load_1986_n sim(net,May1_12_DT14pm_1986_n); 
May1_12_Load_1987_n sim(net,May1_12_DT14pm_1987 n) ; 
May1_12_Load_198 sim(net,Mayl_12_DT14pm_198 
May1_12_Load_198 sim(net,May1_12_DTI4pm_198 
Mayl_12_Load_1990_n sim(net,Mayl_12_DT14pm_1990_n) ; 
May1 991 n sim(net,Mayl_12_DT14pm_1991_n) ; 
Mayl_12_Load_1992_n sim(net,Mayl_12_DT14pm_1992_n) ; 

993 n sim(net,Mayl 993_nl i 

Mayl_12_Load_19 sim(net,May1_12_DT14pm_1994_nl; 
12 Load 1995 n sim(net, DT14pm_l 

May1_12_Load_l sim(net,Mayl_12_DT14pm_l9 
Mayl_12_Load_l997_n sim(net,May1_12_DT14pm_1 
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May1_12_Load_1998_n 
May1_12_Load_1999_n 

sim(net,May1_12_DT14pm_1998_n}j 
sim(net,May1_12_DT14pm_1999_nl; 

%% The output: derived loads must be un-normalised. 
May1_12_ Load 1980 postmnmx(Mayl 980 n, -
May1_12_ Load 1981 postmnmx(May1_12_Load_198 
May1_ 12 Load 1982 postmnmx(May1_12_Load_1982_n, -
May1_ 12 Load 1983 postmnmx(May1_12_Load_19 - -
May1_ 12 Load 1984 postmnmx(May1_12_Load_1984_n, -
May1_12_Load_ 1985 postmnmx(May1_12_Load_1985_n, 
May1_12_ Load 1986 postmnmx(Mayl_12_Load_1986_n, 
May1_12_ Load 1987 postmnmx(Mayl 987 _n, -
Mayl_ 12 Load 1988 postmnmx(Mayl_12_Load_1988_n, -
May1_ 12 Load 1989 postmnmx(Mayl_12_Load_1989_n, -
Mayl_ 12 Load 1990 postmnmx(May1_12_Load_1990_n, - -
May1_12_Load_ 1991 postmnmx(May1_12_Load_19 n, 
May1_12_Load_1992 postmnmx(May1_12_Load_1992_n, 
Mayl_12_Load_1993 postmnmx(May1_12_Load_1993_n, 
Mayl_12_ Load 1994 postmnmx(May1_12_Load_1994_n, 
May1_12_ Load 1995 postmnmx(May1_12_Load_1995_n, 
May1_ 12 Load 1996 postmnmx(May1_12_Load_1996_n, -
May1_ 12 Load 1997 postmnmx(May1_12_Load_19 n, -
Mayl_12_ Load 1998 postmnmx(May1_12_Load_1998_n, 
May1_12_ Load 1999 postmnmx(May1_12_Load_1999_n, 

%% Now take the maximum 
May1_12_Max_Load_1980 
May1_12_Max_Load_1981 
May1_12_Max_Load_1982 
May1_12_Max_Load_1983 
Mayl_12_Max_Load_1984 
May1_12_Max_Load_1985 
May1_12_Max_Load_1986 
May1_12_Max_Load_1987 
May1_12_Max_Load_1988 
May1_12_Max_Load_1989 
May1_12_Max_Load_1990 
Mayl_12_Max~Load_1991 

May1_12_Max_Ldad~1992 

May1_12_Max_Load....;1993 
May1_12_Max_Load_1994 
May1_12_Max_Load....;1995 
May1_12_Max_Load_1996 
May1_12_Max_Load_1997 
May1_12_Max_Load_1998 
Mayl_12_Max_Load_1999 

of the loads for each row. 
max (May1_12_Load_1980) j 

max(May1_12_Load_1981}; 
max(Mayl_12_Load_1982); 
max(May1_12_Load_1983}; 
max(May1_12_Load_1984}; 
max (May1_12_Load_1985) ; 
max 986) ; 
max(May1_12_Load_1987); 
max (May1_12_Load_1988) ; 
max (Mayl_12_ 989) ; 
max (May1_12_Load_1990) ; 
max (Mayl_12_Load_1991) ; 
max (May1_12_Load_1992) ; 
max(May1~12_Load_1993); 

max(May1_12_Load_1994); 
max (May1_12_Load_1995) ; 
max{May1_12_Load_1996)i 
max(Mayl_12_Load_1997); 
max (May1_12_Load_1998) ; 
max (May1_12_Load_1999) ; 

minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 
minDPL, 

maxDPL} i 

maxDPL} j 

maxDPL) ; 
maxDPL) ; 
maxDPL) ; 
maxDPL) ; 
maxDPL} ; 
maxDPL) ; 
maxDPL) ; 
maxDPL) ; 
maxDPL); 
maxDPL) ; 
maxDPL} ; 
maxDPL) ; 
maxDPL) ; 
maxDPL) ; 
maxDPL) ; 
maxDPL) ; 
maxDPL) ; 
maxDPL) ; 

%% Now take the mean of the above. This is the load forecast. 
%% This is as output. 

May1_12_Mean (May1_12_Max_Load_1980 + May1_12_Max_Load_1981 + 
May1_12_Max_Load_1982 + May1_12_Max_Load_1983 + May1_12_Max_Load_1984 + 
May1_12_Max_Load_1985 + May1_12_Max_Load_1986 + Mayl_12_Max_Load_1987 + 
May1_12_Max_Load_1988 + May1_12_Max_Load_1989 + May1_12_Max_Load_1990 + 
May1_12_Max_Load_1991 + May1_12_Max_Load_1992 + May1_12_Max_Load_1993 + 
May1_12_Max_Load_1994 + May1_12_Max_Load_1995 + May1_12_Max_Load_1996 + 
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Mayl_12_Max_Load_1997 + Mayl_12_Max_Load_1998 + 
12_Max_Load_1999)/20; 

%%- ------ ------- ------
%% Now forecast load for 15-26 May 2000. 
%% Use 20 years of historical weather data, , for the 
%% 15-26 Mayas 
May1S_26_DT14pm_1980=[17.2 14.4 18.8 17.6 22.7 24.3 13.8 12.9 14 lS.4}; 
MaylS_26_DT14pm_1981=[29.2 16.7 20 19.5 19.7 23.4 29.9 28.9 17.8 17] i 

May15_26_DT14pm_1982=[19.4 21.2 19.4 18.S 18.7 18.2 17.5 16.8 15.2 16.2 
May15_26_DT14pm_1983 [11.9 15.9 19.2 24.8 13.2 16.7 16.4 17.2 19.1 15.1 
MaylS_26_DT14pm_1984=[16.3 12.7 13.1 14.8 19.8 25.4 23.4 25.5 14.2 16]; 
May15_2 DT14pm_198S=[28 19.7 22.8 21.6 20.8 18.6 18.3 18.6 22.7 20.8]; 
May1S_26_DT14pm_1986=[17.6 18 22.6 20.2 20.4 19.3 17.8 19.3 22.8 32.7]; 
MaylS_26_DT14pm_1987=[16.S 16.6 18.7 18 19.4 2S.7 19.9 30.1 20.7 22.8] i 

May1S_26_DT14pm_19SS=[23.4 17.3 16.6 17 16.4 18.7 15.4 18.3 18.6 18.1] i 

MaylS_26_DT14pm_1989=[lS.4 24.7 19.6 17.9 lS.4 20.9 21.6 lS.4 17.3 16.4 
May15_26_DT14pm_1990=(29.9 30.8 21.1 17.9 21.2 13.6 17.1 16.7 17.6 19.4 
MaylS_26_DT14pm_1991=[28.8 23.8 29.2 26.4 18 17 17.8 13.4 17.4 18]; 
May1S_26_DT14pm_1992=[lS 15.1 17.3 18.5 18.6 19.5 16.S 16.2 15.9 15.4]; 
May1S_26_DT14pm_1993=[18.4 19.5 19 18.S 17.1 16.4 17.7 16.5 13 14.6} i 

MaylS_26_DT14pm_1994=(18.1 19.5 21 18.8 16.7 15 17.2 19.1 17.7 16.4] i 

May15_26_DT14pm_1995=[2S.5 19.1 24.S 25.2 23.9 14.8 16.7 17.8 16.2 18.5 
May15_26 DT14pm_1996 [19.4 21.2 24.9 19.7 22.9 lS.5 16.5 20.8 21.7 24.9 
May15_26_DT14pm 1997=[20 21.5 20.9 18.6 19 19.1 18.7 17.1 20.3 15.9] i 

May15_26_DT14pm_1998=[22.2 28.3 29.7 16 lS 20.9 20.1 22.5 19 18.5] i 

May15_26_DT14pm_1999=[22.9 26.9 26 23.3 21.4 14.9 15.9 18.7 22.6 16.8J; 

%% The above data must be normalised. 
May15_26_DT14pm_1980_n tramnmx(May15_26_DT14pm 1980, minDT14pm, 
maxDT14pm) ; 
May15_26_DT14pm_198 tramnrnx(May15_26_DT14pm_1981, minDT14pm, 
maxDT14pm) ; 
May15_26_DT14pm_1982_n tramnrnx(May15_26_DT14pm_1982, minDT14pm, 
maxDT14pm) ; 
May15_26_DT14pm_1983_n tramnrnx(May15_26_DT14pm_1983,minDT14pm, 
maxDT14pm) ; 
May15_26_DT14pm_19 '= tramnmx(May15_26_DT14pm_1984, minDT14pm,. 
maxDT14pm) i 
May15 _26 _ DT14pm _1985 _ n tramnrnx (May15 _ 26 _ DT14pm _1985, minD'l'14pm, 
maxDT14pm) ; 
May15_26_DT14pm_1986_n tramnrnx(May15_26_DT14pm_1986, minDT14pm, 
maxDT14pm) ; 
May15_26_DT14pm_19 tramnrnx(May15 26_DT14pm 1987, minDT14pm, 
maxDT14pm) i 

May15_26_DT14pm_1988_n tramnrnx(May15_26_DT14pm_1988, minDT14pm, 
maxDT14pm) ; 
May15_26_DT14pm_1989_n tramnrnx(May15_26_DT14pm_1989, minDT14pm, 
maxDT14pm) ; 
May15_26_DT14pm_1990_n tramnrnx(May15_26_DT14pm_1990, minDT14pm, 
maxDT14pm) ; 
May15_26_DT14pm_19 tramnrnx(May15_26_DT14pm_1991, minDT14pm, 
maxDT14pm) i 

May15_26_DT14pm_1992_n tramnrnx(May15_26_DT14pm_1992, minDT14pm, 
maxDT14pm) i 

May15_26_DT14pm_1993_n tramnrnx(May15_26_DT14pm_1993, minDT14pm, 
maxDT14pm) ; 
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Mayls_26_DT14pm_1994_n 
maxDTl4pm) ; 
MaylS_26_DT14pm 19 
maxDTl4pm) i 

MaylS_26_DTI4pm_1996_n 
maxDTl4pm) ; 
MayI5_26_DT14pm_1997_n 
maxDTl4pm) ; 
May15_26_DTI4pm_1998_n 
maxDT14pm) i 

May15_26_DT14pm_199 
maxDT14pm) ; 

%% Now for the simulation. The output is also normalised. 
May1S_26_Load_1980 n sim(net,May1S_26_DTI4pm 1980_n); 
MaylS_2 981 n sim(net,MaylS_26 DTI4pm_1981_n); 
MaylS_26_Load_1982_n sim(net,Mayls_26_DTI4pm_1982_n) ; 
MaY1S_26_Load_1983_n sim(net,MaylS_26_DTI4pm_1983_n) ; 
MaylS_26_Load_1984_n sim(net,MaylS_26_DT14pm_1984_n) ; 
May15_26_Load_198S_n sim(net,MaylS_26_DT14pm_1985_n) ; 
MaylS_26_Load_1986_n sim(net,May15_26_DT14pm_1986_n)i 
May15_26_Load_1987_n sim(net,MaylS_26_DTI4pm 1987_n) ; 
MaylS_26_Load_198 sim(net,MaylS_26_DT14pm_1988_n) i 

MaylS_26_Load_198 n sim(net,MaylS_26_DT14pm_1989_n); 
MaYlS_26_Load_1990_n sim(net,MaylS_26_DT14pm_1990_n)i 
Mayls_26_Load_199 sim(net,MaylS_26_DT14pm_1991_nl; 
MaylS_26_Load_1992_n sim(net,May15_26_DT14pm_1992_n); 
May15_26_Load_1993_n sim(net,MaylS_26_DT14pm_1993_n) i 

MaylS_26_Load_1994_n sim(net,MaylS_26_DTI4pm_1994_n) i 

May1S_26_Load_199S_n sim(net,May15_26_DT14pm_199S_n) i 

Mayls_26_Load_1996_n sim(net,Mayls_26_DTI4pm_1996_nl; 
MaylS_26_Load_1997_n sim(net,MaylS_26_DTI4pm_1997_nl; 
MaylS_26_Load_1998_n sim(net,MaylS_26_DT14pm_1998_nl; 
MaylS_26_Load_199 n sim(net,MaylS_26_DT14pm_1999_n) ; 

%% The output: derived loads must be un-normalised 
Mayls_26_Load_1980 
May15_26_Load_1981· 
May15_26_Load_1982 
May15_26_Load_1983 
MayI5_26_Load_1984 
MayI5_26_Load_198S 
May15_26_Load_1986 
May15_26_Load_1987 
May15_26_Load_1988 
May15_26_Load_1989 
MaylS_26_Load_1990 
MaylS_26_Load_1991 
MaylS_26_Load_1992 
MaylS_26_Load_1993 
MaylS_26_Load_1994 
May15_26_Load_199S 
MaylS_26_Load_1996 
MaylS_26_Load_1997 
May1S_26_Load_1998 

postmnmx.{May15_26_Load_198 
postmnmx(MaylS_26_Load_1981_n, 
postmnmx(MaylS_26_Load_1982_n, 
postmnmx(May15_26_Load_1983_n, 

,postmnmx(Mayl 6_Load_1984_n, 
postmnmx(MayI5_26_Load_1985_n, 
postmnmx(May15_26_Load_1986_n, 
postmnmx(MayI5_26_Load_1987_n, 
postmnmx(MaylS_26_Load_1988_n, 
postmnmx(May15_26_Load_1989_n, 
postmnmx(MayI5_26_Load_1990_n, 
postmnmx(MaylS_26_Load_1991_n, 
postmnmx(MaylS_26_Load_1992_n, 
postmnmx(May15_26_Load_1993_n, 
postmnmx(MayI5_26_Load_1994_n, 
postmnmx(May15_26_Load_19 n, 
postmnmx(May15_26_Load_1996_n, 
postmnmx(MaylS_26_Load_1997_n, 
postmnmx(Mayl 6_Load_1998_n, 

minDPL,maxDPL) ; 
minDPL, maxQPL); 
minDPL, maxDPL); 
minDPL,maxDPL) ; 
minDPL, maxDPL); 
minDPL, maxDPLl; 
minDPL, maxDPL); 
minDPL, maxDPL); 
minDPL, maxDPL) i 

minDPL, maxDPL); 
minDPL, maxDPL); 
minDPL, maxDPL); 
minDPL I maxDPL); 
minDPL, maxDPL); 
minDPL, maxDPL); 
minDPL, maxDPL) i 

minDPL, maxDPL); 
minDPL, maxDPL); 
minDPL, maxDPL) i 
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postmnmx(May15_2 99_n, minDPL, maxDPL); 

%% Now take the maximum of the loads for each row. 
May15 2 1980 max 26_Load_1980) ; 
MayI5_26_Max_Load_1981 max(May15_26_Load 1981) ; 
MayI5_26_Max_Load_1982 max (May15_2 982) ; 
MaylS_26_Max_Load_1983 max (May15_2 983) ; 
May15_26_Max_Load_1984 max(May1S_26_Load_1984); 
May15_26_Max_Load_1985 max(May15_26_Load_1985); 
May15_26_ max Load_1986); 
May15 max 26_Load_1987) ; 
May1S_2 Load max(May1S_26_Load_1988); 
May15_26_Max_Load 1989 max(May1S_26_Load_1989); 

26 Max Load 1990 max{May15_26_Load_1990}; 
6 Max Load 1991 max (MaylS_26_Load_1991) ; 

May1S_26_Max_Load_1992 max 6_Load_1992} ; 
May1S_26_Max_Load_1993 max 6_Load_1993l; 
May1S_26_Max_Load_1994 max (May1S_26_Load_1994) ; 
May1S_2 Load_199S max (MaylS_26_Load_199S) ; 

Max Load 1997 
- - -

May15 26 Max_Load_1998 
May15_26_Max_Load_1999 

max(May15_26_Load_1996); 
max(May15_26_Load_1997); 
max (May15_26_Load_1998l ; 
max (May15_26_Load_1999l ; 

%% Now take the mean of the above. This is the load forecast. 
%% This is displayed as output. 

Mean = (May15_26_Max_Load_1980 + 2 Max Load 1981 + 
May15_26_Max_Load_1982 + May15_26_Max_Load_1983 + 

MaylS_26_Max_Load_1984 + MaylS_2 98S + 
MaylS_26_Max_Load_1986 + May15_26_Max_Load_1987 + 

May15_2 1988 + May15_26_Max_Load_1989 + 
MaylS_2 1990 + 6_Max_Load_1991 + 
May15_2 + MaylS_26_Max_Load_1993 + 

6 Max 6 Max Load 1995 + 
MaylS_26_Max_Load_1996 + May15_26_Max_Load~1997 + 
May15_26_Max_Load_1998 + May15_ 999)/20; 

%%---'----- -
%% NO\A/ forecast load for ·29' fvla.y-9June 20004, 
%% Use 20 Years of hist01:'ical weatheX'data, , for the 

29 May- 9'::-une as 
9_9June_DT14pm_1980=[17.4 2.1.3 20,.418.1 22.2 21.S 21.7 

18] i 

.4 .18 

May29_9June_DTI4pm_1981=[17.8 19 19.3 23.3 14.7 17.8 lS.8 IS.3 18.8 
17.9] ; 
May29_9June_DTI4pm_1982=[17.1 18.4 22.8 19.9 17.7 14.3 IS.1 17.9 20 
17.7] ; 
May29_9June_DT14pm_1983=[15.4 17 16.7 18.6 IS.3 12.9 IS.3 17 16 15.4]; 
May29_9June_DT14pm_1984 [21 24.6 27 23.8 17.6 17.8 18.4 22.6 18.4 
17.8] ; 
May29_9June_DTI4pm_198S=[19.3 18.7 22 26.6 26.3 17.7 18.1 18 18.6 
17.2] ; 
May29_9June_DTI4pm_1986=[17.6 19.8 19 16.2 lS.9 17.5 18.4 18.6 25.7 
19.7] i 

May29_9June_DTI4pm_1987=[29 24.3 24.5 18.2 14.8 17.1 16.3 17.8 19.7 
18.6]; 
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May29_9June_DT14pm_ 1988=[15.2 18.2 18.7 18.8 14.2 15.7 15.4 13.3 13 .4 
15.7] i 

May29_9June_DT14pm_ 1989=[20.9 16.3 15.8 11. 8 14.4 17 20.8 16.1 16.8 
18.4] i 

May29_9June_DT14pm_ 1990=[18.4 18.2 18.7 19.2 17.2 13.9 15.3 15.2 15.3 
16.9] i 

May29_9June_DT14pm_ 1991=[18.3 13.5 15 18.7 20.5 25.5 15.7 13.7 16.1 
17.5] i 

May29_9June_DT14pm_1992=[17.1 16.9 14.1 14.1 15.7 17.3 20.4 23.2 23.1 
26.3]; 
May29_9June_DT14pm_ 1993=[16.8 16.3 19.6 21. 9 17.8 18.1 17.7 18.2 14.9 
17.1] i 

May29_9June_DT14pm_1994=[15.8 15.3 18.7 22.6 19.8 14.7 15.9 14.2 15.5 
17.3] i 

May29_9June_DT14pm_1995=[22.6 17.8 18.8 17.2 22.6 12.7 15.8 20.3 13.4 
17] i 

May29_9June_DT14pm_1996=[21 17.1 16.1 14.1 16.4 21.8 16.2 12.9 15.4 
17.1] i 

May29_9June_DT14pm_1997=[18.3 21.7 22.2 16.9 18 19.3 16.2 17.2 14.4 
13.7] i 

May29_9June_DT14pm_1998=[19.3 22.2 22.3 15.4 17.8 15.7 13.3 13.9 15.6 
19.9]; 
May29_9June_DT14pm_1999=[18.2 18.9 17.5 20.5 30.4 16.5 17.7 20.7 19.5 
27.3] i 

normalised. %% The above data must be 
May29_9June_DT14pm_1980_n 
maxDT14pm) i 

May29_9June_DT14pm_1981_n 
maxDT14pm) i 

May29_9June_DT14pm_1982_n 
maxDT14pm) i 

May29_9June_DT14pm_1983_n 
maxDT14pm) i 

May29_9June_DT14pm_1984_n 
maxDT14pm) i 

May29_9June_DT14pm_1985_n 
maxDT14pm) i 

May29_9June_DT14pm_1986_n 
maxDT14pm) i 

May29_9June_DT14pm_1987_n 
maxDT14pm) i 

May29_9June_DT14pm_1988_n 
maxDT14pm) i 

May29_9June_DT14pm_1989_n 
maxDT14pm) i 

May29_9June_DT14pm_1990_n 
maxDT14pm) i 

May29_9June_DT14pm_1991_n 
maxDT14pm) i 

May29_9June_DT14pm_1992_n 
maxDT14pm) i 

May29_9June_DT14pm_1993_n 
maxDT14pm) i 

May29_9June_DT14pm_1994_n 
maxDT14pm) i 

tramnmx(May29_9June_DT14pm_1980, minDT14pm, 

tramnmx(May29 9June_DT14pm_1981, minDT14pm, 

tramnmx(May29_9June_DT14pm_1982, minDT14pm, 

tramnmx(May29_9June_DT14pm_1983, minDT14pm, 

tramnmx(May29_9June_DT14pm_1984, minDT14pm, 

tramnmx(May29_9June_DT14pm_1985, minDT14pm, 

tramnmx(May2~ 9June_DT14pm_1986, minDT14pm, 

tramnmx(May29_9June_DT14pm_1987, minDT14pm, 

tramnmx(May29_9June_DT14pm_1988, minDT14pm, 

tramnmx(May29_9June_DT14pm_1989, minDT14pm, 

tramnmx(May29_9June_DT14pm_1990, minDT14pm, 

tramnmx(May29 9June_DT14pm_1991, minDT14pm, 

tramnmx(May29_9June_DT14pm_1992, minDT14pm, 

tramnmx(May29 9June_DT14pm_1993, minDT14pm, 

tramnmx(May29_9June_DT14pm_1994, minDT14pm, 
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May29_9June_DT14pm_1995_n 
maxDT14pm) i 

tramnmx(May29_9June_DT14pm_1995, minDT14pm, 

May29_9June 1996 n tramnmx(May29 DT14pm_1996, minDT14pm, 
maxDT14pm) i 

May29_9June_DT14pm_1997_n 
maxDT14pm) i 

May29_9June_DT14pm_1 
maxDT14pm) ; 
May29_9June_DT14pm_1999_n 
maxDT14pm) i 

%% Now for the simulation. The output is also normalised. 
May29_9June_Load_1980_n sim(net,May29_9June_DT14pm_1980_n) ; 
May29_9June_Load_198 sim(net,May29_9June_DT14pm_1981_n) ; 
May29_9June_Load_1982_n sim(net,May29_9June_DT14pm_1982_n); 
May29_9June_Load_l sim(net,May29_9June_DT14pm_1983_nl i 

May29_9June_Load_1984_n sim(net,May29_9June_DT14pm_1984 n) i 

May29_9June_Load_1985_n sim(net,May29_9June_DT14pm_1985_nli 
May29 986 n sim(net,May29_9June_DT14pm 198 
May2 Load 198 sim(net,May29_9June_DT14pm_198 
May2 sim(net,May29_9June_DT14pm_1988_nl; 
May29_9June_Load_1989_n sim(net,May29_9June_DT14pm_1989_n) ; 
May29_9June_Load_1 sim(net,May29_9June_DT14pm_1990_n) ; 
May29_9June_Load_1991_n sim{net,May29_9June_DT14pm_1991_n)i 
May29_9June_Load_1992_n sim(net,May29_9June_DT14pm_1992_n}; 
May29_9June_Load_1993_n sim(net,May29_9June_DT14pm_19 
May29_9June_Load_1994_n sim(net,May29_9June_DT14pm_1 
May29_9June_Load_199 sim(net,May29_9June_DT14pm_1995_n) ; 
May29_9June_Load_199 sim(net,May29_9June_ 996_n) i 

9 9June_Load_1997 n sim(net,May29_9June_DT14pm_1997_n) i 

May29_9June_Load_1998_n sim(net,May29_9June_DT14pm_1998_n} ; 
May29_9June_Load_1999_n sim(net,May29_9JUne_DT14pm_199 

%% The output: derived loads must be un-normalised. 
May29_9June_Load_1980=postmnmx(May2 Load_1 ,minDPL,maxDPL}; 
May29 _9 June_ Load-.:1981=postmnm:x: (May29 _9June_Load_1981_n,minDPL, maxDPL) ;. 
May29_9June_Load_1982=postmnmx(May29_9June_Load_1982_n,minDPL,maxDPL)j 
May29_9June_Load.: .. .1983=postmnmx(May29_9June_Load_1983_n,minDI?L,.maxDPL), . 
May29...:..9June_Load_19.84=postmnmx (May2 9 _9June_Load_1984_ n, ,maxDPL1; 
May29 _9June_Load_1985=postmnmx (May29_9June_Load_1985_n, minDPL,.maxDEL) i 

May29_9June_Load_1986=postmnmx(May2 198 minDPL,maxDPL) ; 
May29_9June_Load_1987=postmnmx(May29..:,.9June_Load_1987_n,minDPL,maxDPL) ; 
May29_9June_Load_1988=postmnmx(May29_9June_Load_198 ,minDPL,maxDPL)i 

9_9June_Load_1989=postmnmx(May29_9June_Load_1989_n,minDPL,maxDPL)i 
May29_9June_Load_1990=postmnmx(May29_9June_Load_1990_n,minDI?L,maxDPL); 
May29_9June_Load_1991=postmnmx(May29_9June_Load_1991_n,minDI?L,maxDI?L); 
May2 1992=postmnmx(May29 1992 n,minDI?L,maxDI?L) ; 
May29_9June_Load_1993=postmnmx(May29_9June_Load_1993_n,minDI?L,maxDI?L}; 
May29_9June_Load_1994=postmnmx(May29_9June_Load_l ,minDI?L,maxDI?L)i 
May29_9June_Load_1995=postmnmx(May29_9June_Load_l ,minDPL,maxDPL)i 
May29_9June_Load_1996=postmnmx(May29_9June_Load_1996_n,minDPL,maxDPL) ; 
May29_9June_Load_1997=postmnmx(May29_9June_Load_1997_n,minDPL,maxDPL) ; 
May29_9June_Load_1998=postmnmx(May29_9June_Load_1998_n,minDI?L,maxDPL); 
May29_9June_Load_1999=postmnmx(May29_9June_Load_1999_n,minDI?L,maxDPL)i 

%% Now take the maximum of the loads for each row. 
May29_9June_Max ° = max (May29_9June_Load_198 0) i 
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9 9June Max Load 1991 
9 9June Max Load 1992 - -
9 9June Max Load 1993 
9 9June Max Load 1994 
9 9June Max Load 1995 - - - -

May29_9June_Max_Load_1996 
May29_9June_Max_Load_1997 
May29_9June_Max_Load_1998 

9 9June Max Load 1999 

max (May29_9June_Load_1981) ; 
max (May29_9June_Load_1982) ; 
max(May29_9June_Load_1983); 
max (May29_9June_Load_1984) ; 
max{May29_9June_Load_1985); 
max(May29_9June_Load_1986); 
max (May29_9June_Load_1987) ; 
max (May29_9June_Load_1988) ; 
max (May29_9June_Load_1989) ; 
max(May29 9June_Load_1990); 
max(May29_9June_Load_1991)i 
max(May29_9June_Load_1992)i 
max(May29 9June_Load_1993); 
max(May29 9June_Load_1994); 
max(May29 9June_Load_1995); 
max (May29_9June_Load_1996) ; 
max (May29_9June_Load_1997) ; 
max (May29_9June_Load_1998) ; 
max (May29_9June_Load_1999) i 

%% Now take the mean of the above. This is the load forecast. 
%% This is as output. 

Mean = (May29_9June_Max_Load_1980 + 
May29_9June_Max_Load_1981 + May29_9June_Max_Load_1982 + 

9 9June Max Load 1983 + May29_9June_Max_Load_1984 + 
May29_9June_Max_Load_1985 + May29_9June_Max_Load_1986 + 

9_9June_Max_Load_1987 + May29 9June_Max_Load_1988 + 
May29_9June_Max_Load_1989 + May29_9June_Max_Load_1990 + 
May29_9June_Max_Load_1991 + May29_9June_Max_Load_1992 + 
May29_9June_Max_Load_1993 + May29_9June_Max_Load_1994 + 
May29_9June_Max_Load_1995 + May29_9June_Max_Load_1996 + 
May29_9June_Max_Load_1997 + May29_9June_Max_Load_1998 + 

9_9June_Max_Load_1999)/20; 

%% 
%% Now forecast load for pe~iod 12-23June 2000. 
%% Use 20 years of historica1 for 
%% 12-23June as input. 
June12_23_DT14pm_1980=[27.6 17 16 16.4.16.3 19.6.14 14.1 13.816.51. 
June12_23_DT14pm_1981=[19.218.616.515.8 16.8 18.8 13.7 13.6 15 .. 8 
19.1] i 

June12_23_DT14pm_1982=[14.5 14.4 14 .. 9 14.5 15.3 21 24 15 15 16.1J; 
June12_23_DT14pm_1983=[17 17.4 23.5 17.7 16.7 21.4 19.1 16.6 12.4 
14.7] ; 
June12_23_DT14pm_1984=[12.7 14.5 17.1 19 21.3 11.7 20.4 20.2 16.8 26]; 
June12 23_DT14pm_1985=[15.5 17 18 14.6 16.8 17.3 18.9 17.1 15.2 14.6]; 
June12 3_DT14pm_1986=[16 15.5 18.3 23.5 17.3 17.2 14.7 15.7 16.4 
21. 4J ; 
June12_23_DT14pm_1987=[20.4 18.8 18.4 16 17.3 17 19 23.3 23.4 22.2]; 
June12_23_DT14pm_1988=[15.7 15.4 13.4 16 17.7 17 13.4 14.3 17 17.5]; 
June12_23_DT14pm_1989=[18.2 21.1 16.7 25.2 26.4 15.8 20.8 16.4 15.4 
15.7] ; 
June12_23_DT14pm_1990=[18.6 22.3 19.9 15.7 15.3 19.2 13.3 13.3 14.4 
14.8] i 

June12_23_DT14pm_1991=[17.3 14.9 17.7 20 15.1 16 19.4 17.8 13.4 12.5] i 

June12_23_DT14pm_1992=[15.7 18.8 22.2 17.8 22.1 23.3 16.3 15 13.6 
16.9] i 

117 



June12_23_DT14pm_1993=[12.9 lS.4 21.9 17.6 15.9 16.3 16.6 17.7 17.9 
16.6] ; 
June12_23_DT14pm_1994=[22.6 lS.3 19.3 22.6 lS.7 13.4 14.S 14.5 15.4 
12.9} ; 
June12_23_DT14pm_1995=[17.1 15.2 12.S 14.9 16 24.3 21.2 15.6 16.S 
12.5] ; 
June12_23_DT14pm_1996=[15 15.5 15 16.8 16.7 20.9 19.7 25.5 24.5 16.9J; 
June12_23_DT14pm_1997=[18.3 17.9 17.7 16.5 13.9 15.3 19.1 15.7 14 
14.1] ; 
June12_23_DTI4pm_199S=[17.6 lS.S 18.6 17.7 1S.4 15.7 15.5 16.4 16.2 
18. 5J ; 
JuneI2_23_DTI4pm_1999=[25.9 21.5 15.2 17.2 lS.9 16.6 19.5 15.S 17.6 
15.7}; 

%% The above data must be 
June12_23_DT14pm_19S0_n 
maxDT14pm) ; 
June12_23_DT14pm_198 
maxDT14pm) ; 
JuneI2_23_DT14pm_l 
maxDT14pm} i 

June12_23_DT14pm_1983_n 
maxDT14pm) ; 
June12 2 984 n 
maxDTl4pm) ; 
June12_23_DT14pm_198 
maxDTI4pm); 
JuneI2_23_DT14pm_198 n 
maxDT14pm)j 
June12_23_DT14pm_1987_n 
maxDT14pm) j 

June12_23_DT14pm_19S 
maxDTl4pm) ; 
June12_23_DT14pm_198 
maxDT14pm) j 

.June12_23_DT14pm 990 n 
maxDT14pm); 
June12_23_DT14pm_1991_n 
maxDT14pm) i. 
June12_23_DT14pm..:-1992..:-n 
maxDT14pm) ; 
June12_23_DT14pm_1993_n 
maxDT14pm) ; 
June12_23_DT14pm_1994_n 
maxDT14pm} ; 
June12_23_DT14pm_1995_n 
maxDT14pm) ; 
June12 2 DT14pm_199 
maxDT14pm} ; 
June12_23_DT14pm_1997 n 
maxDTl4pm) ; 
June12_23_DT14pm_1998_n 
maxDT14pm} j 

JuneI2_23_DT14pm_1999_n 
maxDT14pm) ; 

normalised. 
tramnmx(JuneI2_23_DTI4pm_19S0, minDT14pm, 

tramnmx(June12_23_DTI4pm_1988, minDT14pm, 

tramnmx(June12_23_DT14pm_1989, minDT14pm, 

tramnmx(June12_23~DT14pm~1991/.l1linDT14pm, 

tramnmx(June12_23_DT14pm_1993, minDT14pm, 

tramnmx(June12_23_DT14pm_1994, minDT14pm, 

tramnmx(June12_23_DTI4pm 995, minDT14pm, 

tramnmx(June12_23_DT14pm_1996, minDT14pm, 

tramnmx(June12_23_DT14pm_199S, minDT14pm, 

tramnmx{June12_23_DTI4pm_1999, minDT14pm, 

%% Now for the simulation. The output is also normalised. 
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June12 23 Load 198 
June12 23 Load 198 
June12 23 Load 198 
June12 23 Load 198 
June12 23 Load 19 
June12 23 Load 198 
June12 23 Load 198 - - -
June12 23 Load 198 
June12 23 Load 198 
June12 23 Load 198 
June12 23 Load 19 
June12 23 Load 19 
June12 23 Load 19 - - -
June12 23 Load 199 
June12 23 Load 19 
June12 23 Load 19 
June12 23 Load 19 
June12 23 Load 199 - - -
June12 23 Load 199 
June12 23 Load 199 

sim{net,June12_23_DT14pm 
sim(net,June12_23_DT14pm_198 
sim(net,June12_23_DT14pm_1 
sim(net,June12_23 
sim(net,June12_23_DT14pm_19 
sim(net,June12_23_DT14pm_19 
sim(net,June12_23_DT14pm_1 
sim(net,June12_23_DT14pm_198 
sim(net,June12_23_DT14pm_198 
sim(net,June12_23_DT14pm_1989_n) ; 
sim(net,June12_23_DT14pm_199 
sim(net,June12_23_DT14pm_199 
sim{net,June12_23_DT14pm_19 
sim(net, June12_23_DT14pm_1993_n) ; 
sim(net,June12_23_DT14pm_1994_n) ; 
sim(net,June12_23_DT14pm_19 
sim(net,June12_23_DT14pm_1996_n) ; 
sim(net,June12_23_DT14pm_1997_n) ; 
sim{net, June12_23_DT14pm_1998_n) ; 
sim(net,June12_23_DT14pm_1999_n); 

%% The output: derived loads must be un-normalised. 
June12 23 Load 1980 postmnmx(June12_23_Load_1980_n, minDPL, maxDPL); 
June12 23 Load 1981 postmnmx(June12_23_Load_19 ,minDPL, maxDPL); 
June12 23 Load 1982 postmnmx(June12_2 9, minDPL, maxDPL); 
June12 23 Load 1983 postmnmx(June12_2 , minDPL, maxDPL); 
June12 2 postmnmx(June12_2 minDPL, maxDPL) i 

June12 23 Load 1985 postmnmx(June12_23 Load , minDPL, maxDPL); 
June12 23 Load 1986 postmnmx{June12_23_Load_1986_n, minDPL, maxDPL}; 
June12 23 Load 1987 postmnmx(June12_23_Load_1 I minDPL, maxDPL); 
June12 23 Load 1988 postmnmx(June12_ 98 minDPL, maxDPL); 
June12 23 Load 1989 postmnmx(June12_23_Load_1989_n, minDPL, maxDPL); 

990 postmnmx 990_n, minDPL, maxDPL); 
991 postmnmx(June12 991 n, minDPL, maxDPL); 

June12_23_Load_1992 postmnmx(June12 23 Load 1 , minDPL, maxDPL); 
June12 23 Load 1993 postmnmx(June12_23_Load_1993_n, minDPL, maxDPLl; 
June12 2 94 postmnmx{June12 , .minDPL, maxDPL); 
JUllE:i12 23 Load .1995 postmnmx(June12_23_Load_1995_n,minDPL, maxDPL}i 
June12_23_Load_1996 .postmnmx(June12_23_Load_1996_n, minDPL, maxDPL); 
June12 23_Load_1997 postmnmx(June12 997 n , minDPL, maxDPL);. 
June12 2 98 postmnmx(June12 998_n, minDPL, maxDPL); 
June12_23_Load_1999 postmnmx(JuneI2_2 999_n, minDPL, maxDPL) t 

%% Now take the maximum 

June12 23 Max Load 1991 
June12 2 992 

of the loads for each row. 
max (June 980) i 

max(June12_23 Load 1981); 
max(June12_23_Load_1982); 
max (JuneI2_2 983); 
max(June12_23_Load_1984); 

985) ; 
86) ; 

987) ; 
988) ; 
989) ; 

90) ; 
max ( 91) i 

max(June12 23 Load_1992); 
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June12 23 Max Load 1993 
June12 23 Max Load 1994 - - - -
June12 23 Max Load 1995 
June12 23 Max Load 1996 

- - -
June12 2 Max Load 1997 - --
JUne12 23 Max Load 1998 
June12 23 Max Load 1999 

Load_1993)i 
994) i 

max (June12_23_Load_1995l i 

max(June12_23_Load_1996)i 
max(June12_23_Load_1997)i 
max (June12_23_Load_1998) ; 
max(June12_23_Load_1999)i 

%% Now take the mean of the above. This is the load forecast. 
%% This is displayed as output. 
June12 23 Mean (June12_23_Max_Load_1980 + June12_23_Max_Load_1981 + 
June12 23 Max Load_1982 + June12_23 Max_Load 1983 + 
June12 23 Max Load 1984 + June12 23 Max Load 1985 + 
June12 23 Max Load 1986 + June12 23 Max Load 1987 + - --
June12 23 Max Load 1988 + June12 23 Max Load 1989 + 
June12 23 Max Load 1990 + June12 23 Max Load 1991 + - - - -
June12 23 Max Load 1992 + June12 23 Max Load 1993 + 
June12 23 Max Load 1994 + June12 23 Max Load 1995 + 
June12 23 Max Load 1996 + June12 23 Max Load 1997 + - - - -
June12 23 Max Load 1998 + June12_23_Max_Load_1999)/20; 

%% This is the actual fortnight peak load for the 
Actual_Fortnight_Peak_Load = [3528 3510 3474 3618J i 

May1_12_Mean 
May15_26_Mean 
May29_9June_Mean 
June12 23 Mean 

above. 

May1_12_Error_Percentage = abs««May1_12_Mean­
Actual_Fortnight_Peak_Load(l,l))/Actual_Fortnight_Peak_Load(l,l}}*100» 

May15_2 = abs ( ( ( (May15_26_Mean-
Actual_Fortnight_peak_Load(1,2»/Actual_Fortnight_Peak_Load(1,2»*100» 

May29_9June_Error_Percentage.~ abs««May29_9Junec­
hctual_Fortnight_Peak_Load(l,3»)jActual_Fortnight_Peak~Load(1,3»*100 

June12....:.23....:.Error_Percentage = abs (( ( 3yean-
Actual_Fortnight_Peak~Load(1,4»/Actual_Fortnight_Peak_Load(1,4»)*100» 

Mean_Absolute_Percentage_Error = {Mayl_12_Error_Percentage + 

May15_26_Error_Percentage + May29_9June_Error_Percentage + 
June12_23_Error_Percentage)/4 

echo off 
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Appendix II 

The Cluster Analysis Dendograms for the groups of 3 load parameters 

Tree Diagram for 12 Cases 

Single linkage 

Euclidean distances 

3. max kW, ave kVA, max kVA 
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4.COROBR 3.CONTIN 11.J J B 6.D&H IN 2.CMMILN l.AECIPF 

Figure 8.3: Tree of Max kW, Ave kVA and Max kVA 

Table 8.'11 ~ Cluster fOmlati~lvCustomer identification formax kW, ave kVA; max kV A 

Cluster 1 2 

Customers 5,4,10,3,14,11,9,6 8,1 

in Cluster ,12,2 

Customers Much Asphalt Denel Edms Bkp-Fir 

identified 
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Figure 8.4: Tree of Max kW, Ave kVA and Max kVAr 

Table 8.12: Cluster fonnationiCustomer identification for max kW, ave kV A,maxkV Ar 

Cluster 1 2 

Customers 5,4,10,3,14,11,9,6 8,1 

in Cluster ,12,2 

Customers Much Asphalt Denel Edms Bkp-Fir 

identified 
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Figure 8.5: Tree of Max kW, Ave kVA and Ave PF 

Table 8.13: Cluster formation/Customer identification for max kW, ave kV A, ave PF 

Cluster . ,· ,.t ,.··· 2 3 4 

Customers 5 10,3,4,6,14,11,9,12. ' 8 1 
,. .. - . .. .-
in Cluster ,2 

Customers - Much Asphalt - -

identified 
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Figure 8.6: Max kW, Ave kVA and LF 

. Table 8.14: Cluster Jonnation/Customer identification for max kW i ave kV A, LF. ., , 

Cluster 1 2 3 4 5 6 7 8 9 10 11 12 

,Customers 3 14 11 9 12 6 10 5,4 2 8 7 J, 

in Cluster 

Customers - - - - - - - - - - - -
identified 

, I, ' • , . 
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Figure 8.7: Tree of Max kW, Ave kW and Ave kV Ar 

Table 8.15: Cluster formation/Customer identification for max kW, ave ·kW, ave kV Ar. 

Cluster 1 2 

Customers 5,4,10,3,9,14,11,6,12, 8,1 

in Cluster 2 

Customers Much Asphalt Denel Edms Bkp-Fir 

identified 
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Figure 8.8: Max kW, Ave kW and Max kV A 

' Table 8.16: Cluster formation/Customer identification for max kW; ave kW,max kVA . 

···Cluster 1 2 3 ' 4 . ' 5 · 

Customers 10,3 5,4 14,11,9,6,12,2 8 1 

in Cluster 

Customers - - Much Asphalt - -

identified 
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Figure 8.9: Tree of Max kW, Ave kW and Max kV Ar 

' Table 8. 17: Cluster fonnationiCustomer identification for max kW, ave kW, max kV Ar " 

Cluster 1 2 3 

Customers 5,4,10,3,14,11,9,6,12, 8 1 

in Cluster 2 

Customers Much Asphalt - -

identified 
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Figure 8.10: Tree of Max kW, Ave kW and Ave PF 

" .. . 
Table 8.18: Cluster fonn~-tion/Cust~m~r identification for max kW, ave_kW,ave PF 

Cluster 1 2 3 4 

Customers 5 8 10,3,4,6,14,11,9,12,2 1 

in Cluster 

Customers - - Much Asphalt -

identified 
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Figure 8.11: Max kW, Ave kW and LF 

, . ".. Table 8.19: Cluster JormationfCustomer identification for maxkW, ave kW, LF ' ... '. . 

Cluster 1 2 3 4 5 6 7 8 9 10 11 12 

Customers 14 11 10 12 9 6 5,4 2 3 8 7 1 . 

in Cluster 

Customers - - - - - - - - - - - -

identified 
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Figure 8.12 : Max kW" Ave kVAr and Max kVA 

, ; Table 8.20; Clusterfonnation/Customer identification for maxkW, avekV Ar, max kVA .. . . . 

Cluster 1 2 

Customers 5,4,10,3,6,14,11,12,9,2 8,1 

in Cluster 

Customers Much Asphalt Dene) Edms Bkp-Fir 

identified 
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Figure 8.13 : Tree of Max kW, Ave kV Ar and Max kV Ar 

Table 8.21: Cluster formation/Customer jdentification for max kW, ave kV Ar, max kVAr 

Cluster 1 2 3 

Customers 5,4,10,3,6,14,11,9,12,2 8 1 

in Cluster 

Customers Much Asphalt - -
identified 
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Figure 8.14: Max kW, Ave kV Ar and Ave PF 

, . Table 8.22: Cluster formation/Customer identification for max kW, ave kV Ar,ave PF 

Cluster 1 2 3 4 

Customers 5 8 10,3,6,4,14,11,9,12,2 1 

in Cluster 

Customers - - Much Asphalt -

identified 
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Figure 8.15: Tree of Max kW, Ave kVArand LF 

Table 8.23: Cluster formation/Customer identification for max kW, ave kYAr, LF 

Cluster 1 2 2 3 4 

Customers 3 5 14,11,9,12,6,10,4,2 8 1 

in Cluster 

Customers - - Much Asphalt - -

identified 
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Figure 8.16: Tree of Max kW, Max kVA and Max kVAr 

Table 8.24: Cluster fonnation/Customer identification for max kW, max kVA, max kVAr . 

Cluster 1 2' 3 

Customers . 5,4,10,3,6,14,11 ,9 8 1 

in Cluster ,12,2 

Customers Much AsphaJt - -

identified 
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Figure 8.l7: Tree of Max kW, Max kVA and Ave PF 

Table 8.25: Cluster formation/Customer identification for max kW, max kVA, ave PF 

Cluster 1 - 2 3 4 

Customers 5 10,3,6,4,11,14,9,12,2 8 1 

in Cluster 

Customers - Much Asphalt - -

identified 
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Figure 8.18: Tree of Max kW, Max kVA and LF 

Table 8.26: Cluster fonnation/Customer identification for max kW, max kVA,LF 

Cluster 1 2 3 4 5 6 7 8 9 10 11 

Customers 14 11 9 12 6 10 5,4 2 3 8 7 

in Cluster , 

Customers - - - - - - - - - - -

identified 
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Figure 8.19: Tree of Max kW, Max kV Ar and Ave PF 

Table 8.27: Cluster formation/Customer identification for max kW, max kV Ar, ave PF 

Cluster 1 2 3 4 

Customers 5 8 10,3,6,4,11,14,9,12,2 1 

in Cluster 

Customers - - Much Asphalt -

identified 
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20. max kW, max kvar, LF 
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Figure 8.20: Tree of Max kW, Max kV Ar and LF 

Table 8.28: Cluster formation/Customer identification for max kW, max kV Ar, LF 

Cluster 1 2 3 4 

Customers 3 14,11,9,12,6,10,5,4,2 8 I 

in Cluster 

Customers - Much Asphalt - -

identified 
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Figure 8.21: Tree of Max kW, Ave PF and LF 

Table 8.29: Cluster fonnation/Customer identification for ma~ kW, ave PF,LF 

Cluster 1 2 

Customers 5 14,11,9,6,10,12,4,2,8,3,1 

in Cluster 

Customers - Denel Edms Bkp-Fir and 

identified Much Asphalt 
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