


















































































































































































































































































































































9.2 The Application of the Cluster Analysis in Long-term Load Forecasting

This section discusses a long-term 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-term 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 kVAr 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 performed 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-term load forecasting. The cluster analysis approach can be applied to long-term
load forecaéting. 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-term 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 1
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.

DTl4pm = [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 1B.4 15.4 17 20.7 24.61;

%% DTl4pm is the Dry-bulb temperature at 14H:00pm in (°C)

%% This is data from 21 Feb. 2000 to 28 April 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 3522];

DPL i1s Daily Peak Load in (kW)

Thig is data from 21 Feb. 2000 to 28 April 2000, only weekdavs.

The DTi4pm and DPL data correspond.

n\\ﬂ
o

oe
o

e
e

op
o

NOW TO DESIGN THE ANNMN NETWORK FOR LOAD FORECASTING
INPUT:DT14PM AND OUTPUT:DPL

@
N

e
2@

o
o

Both the input and output values are scaled for efficient training.
The n represents normalised data. The function premnmx does this.
. [DT14pm n, minDTl4pm, maxDTl4pm, DPL n, minDPL, maxDPL] =

premnmx (DT14pm, DPL);

i
@@

%% The ANN network used is the feedforward network i.e. newff

net = newff( minmax(DT14pm n), [30 1], {'tansig’,’'purelin'},’'trainbr');
. net.trainParam.show = 50; - e ; S
net.trainParam.epochs = 800;

net = init(nmet); %% To initialise the networks weights and biases.

oo

% Now the training starts with the normalised data.
%% The normalised data is in the range [-1,31]1.
[net, trl = train(net, DTl4pm_n, DPL n);

o2

Now forecast load for pericd 1-12 May 2000.
Use 20 years of historical weather data, DTl4pm, for the
periocd 1-12 May as input.

oL

o
o dF o0

Mayl 12 DTl4pm 1980 =[24.2 18.9 20.5 20.3 20 16.4 21.8 17.3 17.6 17.8];
Mayl_12 DT14pm 1981 =[19.2 20.9 25.2 18.5 18 23.9 18 20.1 16.8 17.8];
Mayl 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 15.7 30.3 24 23.1 21.1 15.2 17 22.3];
Mayl 12 DTl4pm 1984 =[1$.9 20.7 18.5 19.8 15 20.4 17.1 18.6 16 19.5];
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Mayl 12 DT14pm_1985 =[19.
Mayl 12 DTl4pm 1986 =[21.
Mayl 12 DTl4pm_1987 =[26.

Mayl 12 DTl4pm 1988

Mayl 12 DTl4pm 1989 =[27.

Mayl 12 DTl4pm_ 1990
Mayl 12 DTl4pm_1991
Mayl 12 DTl4pm_19%2
Mayl 12 DTl4pm 1993
Mayl 12 DTl4pm_1994
Mayl_ 12 DTl4pm 1995
Mayl_ 12 DTl4pm_1996
Mayl 12 DTl4pm 1997
Mayl 12 DTl4pm_1998
Mayl 12 DTl4pm 1999

%% The above data must be normalised.

8

2
2 21,
=[24.7 30.
1 20.
[17.6 17.
=[21.4 21.
[15.5 15.
[25.2 18
[17.8 1¢9.
=[20.7 19.
[20.9 18.
=[20.4 20.
=[20.4 19.
[z20 17.8

22

8
S
5
5
4
.4
4
5
1
1
4
1

5

5.

19.5 22.
i8.

1
23

15

22.
27.
20,
19.
18.

4

5

22

23.1

.2
17.6
18.7
16.8
21.5
18.5
.5
3
3
1
7
6
1

19
18

19.
18.8
22.2
18.3
18.6
14.8
.1
6
2
1
1

20

is5.
22.
21.

.7

20
25
17
21
9

19.8
18.4
18.4
25.1

23
20
21
20
18
18
14
18
25
18

21.
23.
22.
19.
18.
24.

18

26.
27.
18.
8 20.7

21 20.4 21.5 18.8];
20.4
23.5
18.9

1

1
5
3
4
2

21.
18.
22,
19.
19.

20

19.9

4
4
7

20.
21.
17.

18.4

20.6 20.1 19];

17.8 16.7 16.1];

29.3 27 25.31;
5 19 15 12.9];
3 19.5 25.8 217 ;

8 21.1 23.8 26.3];
7 21.2 18.7 27.71;
3 20.6 15.5 17.9]1;

18.9 16.2 20.3];
17.7 18.5 19.9]1;

9 18.8 18.9 17.5];
5 24.9 28.6 26.7];
7 16.5 15.7 17.7];

19 22.1 20.6]1;

Mayl 12 DTl4pm_ 1980 n=tramnmx (Mayl_ 12 DTl4pm 1980,minDTl4pm,maxDT14pm) ;
Mayl 12 DTl4pm 1981 n=tramnmx (Mayl 12 DTl14pm 1981, minDTl4pm,maxDTl4pm) ;
Mayl 12 DTl4pm 1982 n=tramnmx(Mayl 12 DTl4pm 1982,minDTl4pm,maxDTl4pm) ;
Mayl 12 DT1l4pm_ 1983 n=tramnmx{(Mayl 12 DTl4pm 1983, minDTl4pm,maxDTl4ipm) ;
Mayl 12 DTl4pm 1984 n=tramnmx{Mayl_ 12 DTl4pm_ 1984 ,minDTl4pm,maxDT14pm) ;
Mayl 12 DTl4pm 1985 n=tramnmx{Mayl 12 DTl4pm 1985, minDTl4pm,maxDT1l4pm)} ;
Mayl 12 DTl4pm 1986 n=tramnmx (Mayl 12 DTl4pm 1986, minDTl4pm, maxDT14pm) ;
Mayl 12 DTl4pm 1987 n=tramnmx (Mayl 12 DTl4pm 1987,minDTl4pm, maxDTl4pm) ;
Mayl 12 DTi4pm 1988 n=tramnmx (Mayl 12 DTl4pm 1988, minDTl4pm,maxDT1l4pm) ;
Mayl 12 DTl4pm 1989 n=tramnmx (Mayl_ 12 DTl4pm_1989,minDT1l4pm,maxDT1l4pm) ;
Mayl 12 DTl4pm 1990 n=tramnmx (Mayl 12 DTl4pm 1990,ninDTl4pm, maxDT1l4pm) ;
Mayl 12 DT14pm 1991 n=tramnmx(Mayl_ 12 DTl4pm 1991,minDTl4pm, maxDTl4pm) ;
Mayl 12 DTl4pm_ 1992 n=tramnmx{Mayl 12 DTl4pm 1992, minDTl4pm,maxDT14pm} ;
Mayl 12 DTl4pm 1993 n=tramnmx{Mayl 12 DTl4pm 1993 ,minDTl4pm,maxDT1l4pm) ;
Mayl 12 DTl4pm 1994 n=tramnmx(Mayl 12 DTl4pm_ 1934 ,minDTl4pm, maxDT1l4pm) ;
Mayl 12 DTl4pm 1995 n=tramnmx (Mayl 12 DTl4pm 1995,minDTl4pm,maxDT1l4pm) ;
Mayl_lz_DTl4pm_l996_n=tramnmx(Mayl_lZ_DT14pm“1996,minDT14pm,maxDTl4pm);
Mayl 12 DTl4pm 1997 n=tramnmx (Mayl 12 DTl4pm 1997, minDT14pm,maxDT1l4pn) ;
Mayl 12 DT14pm_1998 n=tramnmx (Mayl_ 12 DTl4pm 1998, minDTl4pm, maxDTl4pm);
Mayl 12 DTl4pm 1999 n=tramnmx(Mayl 12 DTl4pm 1999, minDTl4pm,maxDTldipm) ;.

%% Now for the simulation. The cutput is also ncormalised.
sim{net,Mayl 12 DTl4pm 1980 n);

Mayl 12 Load_1980 n
Mayl 12 Load 1981 n
Mayl 12 Load 1982 n
Mayl 12 Load 1983 n
Mayl_12_ Load 1984 n
Mayl 12 Load 1985 _n

i

]

1]

Mayl 12 Load 1986 _n =

Mayl 12 Load 1987 n
Mayl 12 Load 1988 n
Mayl 12 Load 1989 n
Mayl 12 Load 1990 n
Mayl 12 Load 1991 n
Mayl 12 Load 1992 n
Mayl 12 Load 1993 n
Mayl 12 Load 1894 n
Mayl 12 Load 1995 n
Mayl 12 Load 1996 n
Mayl 12 Load 1937 n

il

i

]

It

i

sim(net,Mayl 12 DTl4pm 1981 n);
sim{net,Mayl 12 DTl4pm_ 1982 n);
sim{net,Mayl 12 DTl4pm_1983 n);
sim{net,Mayl 12 DTl4pm_1984 n);
sim{net,Mayl 12 DTl4pm 1985 n);
sim{net,Mayl 12 DTl4pm 1986 n);
sim{net,Mayl_12 DTi4pm_1987 nj;
sim(net,Mayl 12 DTl4pm 1988 n);
sim(net,Mayl 12 DTi4pm_ 1989 n);
sim(net,Mayl 12 DTl4pm_199%0_n);
sim(net,Mayl 12 DTl4pm 1991 n);
sim({net,Mayl 12 DTl4pm 1992 nj;
sim{net,Mayl 12 DTl4pm_1893 nj;
sim{net,Mayl 12 DTl4pm 1994 nj;
sim(net,Mayl_12 DTil4pm 1995 nj;
sim(net,Mayl 12 DTl4pm 1996 n);
sim(net,Mayl 12 DTl4pm 1997 n);
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Mayl 12 Load 1998 n =
Mayl 12 Load 19%9 n =

sim{net,Mayl 12 DTl4pm 1998 n);
sim{net,Mayl 12 DT14pm 1999 n);

%% The output:
Mayl 12 Load 1980
Mayl 12 Load 1981
Mayl 12 Load 1982
Mayl 12 Load_1983
Mayl_ 12 Load 1984
Mayl 12 Load 1985
Mayl 12 Load 1986
Mayl 12 Load 1987
Mayl 12 Load 1988
Mayl 12 Load 1989
Mayl 12 Load 1990
Mayl 12 Load 1991
Mayl 12 Leoad 1992
Mayl 12 Load 1993
Mayl 12 Load 1994
Mayl 12 Load 1985
Mayl 12 Load 1996
Mayl 12 Load 1997
Mayl 12 Load 1998
Mayl 12 Load 1999

postmnmx (Mayl 12 Load 1980 n,

= postmomx{Mayl 12 Load 1981 n,

= postmnmx (Mayl_12 Load_1982 n,

postmnmx (Mayl_12 Load 1983 n,
postmnmx (Mayl_12 Lcad 1984 n,
postmnmx (Mayl 12 Load 1985 n,
postmnmx (Mayl 12 Load 1986 n,

= postmnmx(Mayl 12 Load 1987 n,

postmnmx (Mayl_12 Load 1988 n,
postmnmx (Mayl 12 Toad_ 1989 _n,
postmnmx (Mayl 12 Load 1990 n,

= postmnmx{(Mayl 12 Load 1991 n,

postmnmx (Mayl 12 Load 1892 n,
postmnmx (Mayl 12 Load 1993 n,
postmnmx (Mayl 12 Load 1994 n,
postmnmx{Mayl 12 Load 1995 n,
postmnmx (Mayl 12 Load 1996 n,
postmnmx (Mayl 12 Load 1997 n,
postmnmx {Mayl 12 Load 1998 n,
postmnmx (Mayl 12 Load 1999 n,

derived lecads must be un-normalised.

minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL} ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL} ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL} ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;

Mayl 12 Max Load 1980
Mayl 12 Max Load 1981
Mayl 12 Max Load 1982
Mayl_ 12 Max_ Load 1983
Mayl 12 Max Load_ 1984
Mayl 12 Max Load 1985
Mayl 12 Max Load 1986
Mayl 12 Max Load 1987
Mayl 12 Max Load_1988

Mayl 12 Max Load 1989

Mayl 12 Max Load 1990
Mayl 12 Max Load 1991
Mayl 12 Max Load 1992
Mayl 12 Max Load 1993
Mayl_ 12 Max Load 1994
Mayl 12 Max Load 1995
Mayl 12 Max Load 1996
Mayl_ 12 Max Load 1997
Mayl 12 Max Load 1998
Mayl 12 Max Load_1999

Now take the maximum

of the loads
max (Mayl 12 Load_ 1980} ;

= max{Mayl 12 Load 1981);

max (Mayl 12 Load 1982) ;
max {(Mayl 12 Load 1983} ;
max (Mayl 12 Load 1984);
max (Mayl 12 Load 1985);

= max{Mayl 12 Load 1986);

max{Mayl 12 Load 1987);

= max(Mayl 12 Load 1988);

max (Mayl 12 Load 1989);
max (Mayl 12 Load 1990} ;
max (Mayl_12- Load 1991);
max (Mayl 12 Load 1992);
max (Mayl 12 Load 1993);
max (Mayl 12 Load 1994);

for each row.

= max{Mayl.1l2 Load 1995);

%% Now take the mean of
%% This 1s displayed as

Mayl 12 Mean =
Mayl_12 Max Load 1982
Mayl 12 Max Load_ 1985
Mayl_ 12 Max Load 1988
Mayl 12 Max Load 1991
Mayl 12 Max Load 13994

+

+
+
4
+

max {Mayl 12 Load 1986} ;
max (Mayl_12 Load 1997} ;
max (Mayl 12 Load 1998) ;
max{Mayl 12 Load 1999);

the above.
output.

Mayl 12 Max Load 1983 +
Mayl 12 Max Load 1986
Mayl 12 Max Load 1989
Mayl 12 Max Load_ 1992
Mayl 12 Max Load_ 1995

+ o+ o+

Thig is the locad forecast.

(Mayl 12 Max Load 1980 + Mayl 12 Max Load 1981 +

Mayl 12 Max Load_1984
Mayl 12 Max Load_ 1987
Mayl 12 Max Load 1990
Mayl 12 Max Load 1993
Mayl 12 Max Load 1996

o+ o+

i1



Mayl 12 Max Load 1997 + Mayl_12 Max Load 1998 +
Mayl 12 Max Load 1999)/20;

Now forecast
Use 20 yesars
period 15-26
Mayl5_26 DT14pm _1980=[17.
Mayl5 26 DTl4pm_1981=[29.
Mayl5 26 _DTl4pm 1882=[19.
Mayl5 26 DTl4pm 1983=[11.
Mayl5_26 DT1l4pm_1984=[16.
Mayl5 26 DTl4pm 1985=[28
Mayl5 26 DTl4pm 1986=[17.
Mayl5_26_DTl4pm 1987=[16.
Mayl5 26 DTl4pm_1988=[23.
Mayl5 26 DTl4pm_1989=[18.
Mayl5 26 DTl4pm 1990=[29.
Mayl5 26 DT14pm 1991=[28.
Mayl5 26 DTl4pm 1992=[15
Mayl5 26 DTl4pm 1993=(18.
Mayl5_ 26 DTl4pm _1994=[18.
Mayl5 26 DTl4pm_1995=[28.
Mayl5 26 DTl4pm 1996=[19.
Mayl5 26 DTl4pm 1997=[20
Mayl5 26 DTl4pm 1998=[22
Mayl5 26 DTl4pm 1999=[22.

)
S

29

5% The above data must
Mayl5 26 DTl4pm 1980 n
maxDT1l4pm) ;
Mayl5 26 DTi4pm 1981 n
maxDT14pm) ;
Mayl5_26 DTl4pm 1982 n
maxDT1l4pm) ;
Mayl5 26 DTl4pm 1983 n
maxDT1l4apm) ;
. Mayl5_26_DTl4pm 1984 n
maxDT1l4pm) ; e
~Mayl5 26 DTl4pm 1985 n
maxDT1l4pm) ;
Mayl5 26 DTl4pm 1986 _n
maxDT14pm) ;
Mayl5_ 26 DTl4pm 1987 n
maxDT1l4pm) ;
Mayl5 26 DTl4pm 1988 n
maxDT1l4pm) ;
Mayl5 26 DTi4pm 1989 n
maxDT1l4pm) ;
Mayl5 26 _DTl4pm 1890 _n
maxDT1l4pm) ;
Mayl5_26_DTl4pm_1991 n
maxDT14pm) ;
Mayl5_ 26 DTl4pm 1992 _n
maxDTLl4pm) ;
Mayl5 26 DTl4pm_1993 n
maxDT14pm) ;

i

i

il

1l

]

it

il

i

.2 28

2 14,
16.
21.
15.
12.

.7

W B T

9 22.8
18 22.6
16.6 18.
17.3 16.
24.7 19.
30.8 21.
23.8 29.
15.1 17.3
4 19.5 19
1 192.5 21
5 19.1 24.
4 21.2 24.
21.5 20.¢9
.3 29.
.9 26

MWW P D U oY WO N

W W =7

9 26

tramnmx (Mayl5 26 DTl4pm_ 1981,
tramnmx (Mayl5 26 DTl4pm 1882,

tramnmx (Mayl5 26 DTl4pm 1983,

tramﬁmx(May15_26MDT14pm_1986,
trémnmx(Méy15_26_DTl4pm_1987,
tramnmx (Mayl5_ 26 DTl4pm 1988,
tramnmx {Mayl5 26 DTl4pm 1989,
tramnmx (Mayl5_26 DTl4pm 1990,
tramnmx (Mayl5 26 DTi4pm_ 1991,
tramnmx (Mayl5 26 DTl4pm_ 1992,

tramnmx (Mayl5_ 26 DTl4pm 1993,

21.6
20.2

7
&

5
1
2

18
17

17.
17.
26,

18.5
18.5
18.8

8
9

25.
19.

18.6

7

16

23.3

be normalised.
tramnmx (Mayl5 26 DTl4pm 1980,

weather data,

18.8 17.6 22.7 24.3 13
20 19.5
19.4 18
19.2 24
13.1 14

19.7

.5 18.
.8 13.
.8 19.

20.8
20.4
19.4
16 .4

9 15.
g 21.

4 18
18.6
17.1
16.7
2 23
7 22
19 1
18 2

load for period 15-26 May 2000.
of historical
May as input.

DTl4pm, for the
.8 12
28.9
2 17.5 16.
7 16.4 17.
4 23.4 25.
18.3 18.6
17.8 19.3
18.9 30.1
15.4 18.3
4 20.9 21.6 18.4 17
2 13.6 17.1 16.7 17
17 17.8 13.4 17.4 18];

.9 14
17.8
8 15.
2 19,
5 14.
22.7
22.8
20.7
18.6

23.4 29.9
7 18.
2 16.
8§ 25.
18.6
19.3
25.7

18.7

171;

15.41;

2 16.2
1 15.1
2 16]1;
20.8];
32.71;
22.87;
18.17;
.3 16.4
.6 19.4

19.5 16.5 16.2 15.9 15.47;

16.4 17.7 16.5 13 14.6];
15 17.2 19.1 17.7 16.4];

.9 14.8 16.7 17.8 16.2 18.5
.9 18.5 16.5 20.8 21.7 24.9

9.1 18.7 17.1 20.3 15.9];
0.9 20.1 22.5 19 18.5];

21.4 14.9 15.9 18.7 22.6 16.8];

‘tramnmx (Mayl5 26 DT14pm 1984,

tramnmx (Mayl5 26 DTl4pm 1985,

minDT1l4pm,
minDT14pm,
minDT14pm,
minDT14pm, .
vminpflépﬁ;<
minDT1ldpm,
minDTl4p@,:
ﬁinDTlépm,
minDT14pmn,
minDT1l4pm,
minDT14pm,
minDT14pm,
minDT14pm,

minDT14pm,

112



Mayl5 26 _DTl4pm 1994 n

maxDT1l4pm) ;

Mayl5 26 DTl4pm 1995 n

maxDT1l4pm) ;

Mayl5 26 DTl4pm 1996 n

maxDT1l4pm} ;

Mayl5_26 DTl4pm 1997 n

maxDTl4pm) ;

Mayl5_26_DTl4pm_ 1998 n

maxDT1l4pm) ;

Mayl5_ 26 DTl4pm 1999 n

maxDT14pm} ;

%%
Mayl5 26 Load 1880 n
Mayl5 26 Load 1981 n

Mayl5 26 Load 1982 n =

Mayl5_ 26 Load 1983 n
May15_ 26 Load 1984 n

Mayl5 26 Load 1985 n =

Mayl5_26 Load 1986 n
Mayl5_26 Load 1987 n
Mayi5 26 Load 1988 n
Mayl5_ 26 Load 1889 n
Mayl5_26_Load_ 1890 _n
Mayl5_26 Load 1991 n
Mayl5 26 Load 1992 n
Mayl5 26 _Load_1953 n
Mayl5 26 Load 1994 n
Mayl5 26 Load 1995 n
Mayl5 26 Load 1996 n
Mayl5 26 Load 1997 n
Mayl5 26 Load 1998 n
Mayl5 26 Load 1999 n

$% The output: derived

Mayl5_26_Load 1580
Mayl5_ 26 Load 1981
‘Mayl5 26 Load_1982
‘Mayl5_26 Load 1983 .
Mayl5_26 Load_1984
Mayl5 26 Load_ 1985
Mayl5_26 Load 1986
Mayl5 26 Load 1987
Mayl5_26_ Load_1988 =
Mayl5_26_ Load 1989
Mayl5_26_ Load_ 1980
Mayl5_26 Load 19891
Mayl5_26_Load 13992
Mayl5 26 Load 1993
Mayl5s 26 Load 1994
Mayl5 26 Load 1995
Mayl5_26 Load 1996
Mayl5_26_ Load_1997
Mayls 26 Load 1998

i

i

il

it

i

i

It

i

i

i

i

i

i

]

]

i

Il

I

i

tramnmx (Mayl5 26 DTl4pm_ 1994,
tramnmx (Mayl5 26 DTl4pm 1995,
tramnmx (Mayl5 26 DTl4pm 1996,
tramnmx (Mayl5_ 26 DTl4pm 1997,
tramnmx (Mayl5_26_ DTl4pm_ 1598,

tramnmx (Mayl5 26 DTl4pm 1999,

minDT14pm,
minDT14pm,
minDT1l4pm,
minDT14pm,
minDT14pm,

minDT1l4pm,

Now for the simulation. The output is also normalised.
sim(net,Mayl5 26 DTl4pm 1980 n1);
sim(net,Mayl5 26 DTi4pm_1981 n);
sim{net,Mayls 26 DTl4pm 1982 n);
sim(net,Mayl5_26 DTl4pm 1983 _n);
sim(net,Mayl5 26 DTl4pm 1984 nj;
sim(net,Mayl5_26_DTl4pm_1985 n);
gim{net,Mayl5 26 DTl4pm 1986 _n);
sim(net,Mayl5 26 DTl4pm 1987 n);
sim(net,Mayl5 26 DT14pm 1988 n);
sim{net,Mayl5 26 DTI4pm 1989 n);
sim(net,May15_26 DTl4pm 1990 n);
sim(net,Mayl5 26 DTl4pm 1991 n);
sim(net,Mayl5 26 DTldpm 1992 nj;
sim(net,Mayl5 26 DTl4pm 1993 n);
sim{net,Mayl5 26 DTl4pm 1994 _n);

= gim{net,Mayl5_26_DTl4pm 1995 nj;

]

it

sim{net,Mayl5 26 DTl4pm 15996 n);
sim{net,Mayl5 26 DTl4pm 1997 n);
sim(net,Mayl5 26 DTi4pm 1998 n);

= sim(net,Mayl5 26 DTl4pm 1999 n);

postmnmx (Mayl5 26_ Load 1980_n,
postmnmx (Mayl5 26 Load 1981_n,
postmnmx (Maylb_ 26 Load 1982 n,
postmnmx (Mayls 26 Load 1983 n,
spostmnmx (Mayl5 26 Load 1984 n,
postmnmx (Mayl5 26 Load 1885 n,
postmnmx (Mayl5 26 Load 1986 n,
postmnmx {Mayl5_ 26 Load 1987 n,
postmnmx (Mayl5 26 Load 1988 n,
postmnmx (Mayl5 26 Load 1988 n,
postmnmx (Mayl5 26 Load _1990_n,
postmnmx (Mayls 26 Load 1991 11,
postmnmx (Mayl5_26 Load 1992 n,

= postmnmx (Mayl5_26_ Load 1993_n,

postmnmx (Mayl5_26_Load_19%4_n,
postmnmx (Mayl5 26 Load 1995 n,
postmnmx (Mayl5 26 Load 1996 n,
postmnmx (Mayl5_ 26 Load 1997 _n,
postmnmx (Mayl5 26 Load 1998 _n,

leoads must be un-normalised.

VméXDPL};

minDPL,

minbPL, maxDPL);
minDPL, maxDPL);
minDPL, maxDPL} ;
minDPL, maxDPL) ;
minDPL, maxDPL});
minDPL, maxDPL);
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL);
minDPIL, maxDPL);
minDPL, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL);
minDPL, maxDPL) ;
minDPL:, maxDPL) ;
minDPL, maxDPL) ;
minDPL, maxDPL) ;
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Mayl5 26 Load 1999 = postmnmx (Mayl5 26 Load 19%9 n, minDPL, maxDPL);

%% Now take the maximum of the loads for each row.
Mayl5 26 _Max Load 1980 = max{Mayl5 26 Load 1980);
Mayl5 26 Max Load 1981 = max(Mayl5 26 Load 1981);
MaylS5 26 Max Load 1982 = max{Mayl5 26 Load_1982};
Mayl5_ 26 Max Load 1983 = max{Mayl5 26 Load_1983};
Mayl5 26 Max Load 1984 = max{(Mayl5 26 Load 1984} ;
Mayl5 26 Max Load_ 1985 = max(Mayl5_ 26 Load 1985);
Mayl5 26 Max Load 1986 = max(Mayl5_26 Load 1986} ;
Mayl5 26 Max Load 1987 = max(Mayl5 26 Load_ _1987) ;
Mayl5_ 26 Max Load 1988 = max(Mayl5_ 26 Load 1988} ;
Mayl5 26 Max_Load 1989 = max(Mayl5_26_Load_1989);
Mayl5 26 Max Load 1990 = max(Mayl5 26 Locad 1990} ;
Mayl5 26 Max Load 1991 = max(Maylb_26_Load 1991);
Mayl5_26_Max Load 1992 = max(Mayl5_26_ Load 1992);
Mayl5 26 Max Load 1993 = max{Mayl5_ 26 Load_1993);
Mayl5 26 Max Load 1994 = max(Mayl5_26_ Load 198%4);
Mayl5 26 Max Load 1995 = max(MaylS_26_Load 1995) ;
Mayl5 26 Max Load_ 1996 = max(Mayl5 26 Load 1936);
Mayl5 26 Max Load 19%7 = max(Mayl5_26_ Load_1997);
Mayl5 26 Max Load 1998 = max{Mayl5_ 26 Load 1998} ;
Mayl5 26 Max Load 1999 = max(Mayl5 26 Load 1999);

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

%% This is displayed as output.

Mayl5 26 Mean = (Mayl5 26 Max Load 1980 + Mayl5 26 Max Load 1981 +
Mayl5 26 Max Load 1982 + Mayl5 26 Max Load 1983 +

Mayl5 26 Max Load 1984 Mayl5 26 Max Load 1985
Mayl5 26 Max Load 1986 Mayl5_ 26 Max Load 1987
Mayl5_ 26 Max Load 1988 Mayl5 26 Max Load 1989
Mayl5_ 26 Max Load 1990 Maylb 26 Max Load 1991
Mayl5 26 Max Load 1992 Mayl5 26 Max Load 1993
Mayl5_ 26 Max Load 1994 Mayl5 26 Max_ Load 1985
Mayl5 26 Max Load 1996 Mayl5 26 Max_Load 1597
Mayl5 26 Max Load 1998 Mayl5 26 Max Load_1999) /20;

ook o+ o+ o+
B T T

%% Now forecast 1oad for perlod 29 May- 9Jupe 2000

%% Use 20 vears of historival weather data, DT14pm, for the

%% pericd 29 May-9%June ag input. ~ :

May29 9June DTl4pm 1980=[17.4 21.3 20 4°18.1 22.2 21.5 21.7 17. 4 18;
183 H

May29_ 9June_ DTl4pm 1981={17.8 19 19.3 23.3 14.7 17.8 15.8 15.3 18.8

17.91;

May29 SJune DTl4pm 1982={17.1 18.4 22.8 19.9 17.7 14.3 15.1 17.9 20

17.71;

May29_9June DTl4pm 1983=[15.4 17 16.7 18.6 15.3 12.9 15.3 17 16 15.4];

May29_9June_DT14pm_1984=[21 24.6 27 23.8 17.6 17.8 18.4 22.6 18.4
17.87;

May29_ SJune DTl4pm 1985=[19.3 18.7 22 26.6 26.3 17.7 18.1 18 18.6
17.27;

May29 9June DTl4pm _1986=[17.6 19.8 19 16.2 15.9 17.5 18.4 1B.6 25.7
19.7];

May29_9June_DT14pm_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 DTl4pm_ 1988=
15.71;

May29 9June DTl4pm 1989=[20.

18.4];

[15.

May29 9June DT1l4pm 1990=[18

16.971;

May29 9June DTl4pm 1991=[18.

17.5];

May29 9June DTl4pm 1992=[17

26.3]1;

May29 9June DTl4pm 1993=[16.

17.11;
May29 9June DTl4pm_1994=
17.3];

May29 9June DT14pm 1995=[22.

171 ;

May29 9June DTl4pm 1996=[2

17.11;

May29 9June DTl4pm 1997=[1

13.71;

May29 9June DT1l4pm 1998=[19.

19.9];

May29 9June DTl4pm 1999=[18.

27.31;

%% The above data must be
May29 9June_DTl4pm_1980_n
maxDT14pm) ;

May29_ 9June DTl4pm 1981 _n
maxDT14pm) ;

May29 9June DT1l4pm_1982 n
maxDT14pm) ;

May29 9June DTl4pm_1983 n
maxDT14pm) ;

May29 9June DTl4pm_ 1984 n
maxDT14pm) ; .

May29 9June DT14pm 1985 n
maxDT14pm) ; )

May29 9June DT14pm 1986 n
maxDT14pm) ; '

May29_ 9June_DTl4pm_ 1987 n
maxDT1l4pm) ;

May29 9June DTl4pm _ 1988 n
maxDT14pm) ;

May29_ 9June_DTl4pm_1989 n
maxDT14pm) ;

May29 S9June DT14pm_1990 n
maxDT1l4pm) ;

May29_ 9Jdune_ DTl4pm_1991 n
maxDT14pm) ;

May29_ 9June DTl4pm_1992 n
maxDT14pm) ;

May29 9June DT14pm_1993 n
maxDT14pm) ;

May29_ S9June DTl4pm 1994 n
maxDT14pm) ;

15.

1

8

3 13

17.1

.3 21.

.5 15

16.1

7 22.

normalised.

|

1

Il

tramnmx (May29 9June DTl4pm 1980,
tramnmx (May29_ S9June_ DTl4pm 1981,
tramnmx (May29 9June DTl4pm_1982,
tramnmx (May29 $%June_DTl4pm_1983,
tramnmx (May29_ 9June_ DTl4pm 1984,
tramnmx(Méy29_9June_DT14pm_1§é5,

tramnmx(May29_9June_DTl4pm_i986,

tramnmi(May29_9June_DT14pm_19é8,
tramnmx (May29 S9June_ DT14pm 1989,
tramnmx (May29 9June DTl4pm_ 1990,
tramnmx (May29 9June DTl4pm 1991,
tramnmx (May29_ 9June DTl4pm 1992,
tramnmx (May29 9June DT1l4pm 1993,

tramnmx (May29_9June DT1l4pm_1994,

.1 014.

.8 14

.8 14.

20.5

.6 19.

.2 22.

.2 15.

7 15.

20.8

15.7

16.2

16.2

tramnmx (May29_ 9June_ DTl4pm_ 1987,

4 13.3

13.4

15.2 15.3

23.2 23.1
18.2 14.9
14.2 15.5

20.3 13.4

13.9 15.6

20.7 19.5
minDT1l4pm,
minDT14pm,
minDT14pm,
minDT14pm,
minDT14pm,
minDT14pm,
'mir'lpTMpm,_
minDTl4pm, 
ﬁiﬁDTl4pm,
minDT14pm,
minDT14pm,
minDT14pm,
minDT14pm,
minDT14pm,

minDT14pm,
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May29_9June_ DTl4pm 1995 n = tramnmx(May29 9June DTl4pm 1995, minDTl4pm,
maxDT14pm) ;

May29_9Jdune DTl4pm 1996 _n tramnmx (May29 9June DTl4pm 1996, minDTl4pm,

maxDT14pm) ;
May29 9June DTl4pm 1997 n = tramnmx(May2¢ SJune DTl4pm 1997, minDTl4pm,
maxDT1i4pm) ;
May29 9Jdune DTl4pm 1998 n = tramnmx(May2$ 9June DTl4pm_1998, minDTl4pm,
maxDT1l4pm) ;

May29 9June DTl4pm 1999 n = tramnmx{May29 %June DTl4pm 19389, minDT1l4pm,
maxDT1l4pm) ;

%% Now for the simulation. The output is also normalised.

May29_ 9June Load 1980 _n sim{net,May2% 9June DTl4pm 1980 n);
May29 9June Load 1981 n = sim(net,May29 9June DT14pm 1981 n);
May2% 9June Load 1982 n sim(net,May29_ 9June DTl4pm 1982 n);
May29 SJune_ Load_1983 n sim{net,May29 SJune DTl4pm 1983 n);
May29 SJune_Load 1984 n sim{net,May29_9June DTl4pm 1984 n);
May29_9June Load 1885 n sim(net,May29 9June DTl4pm 1985 n};
May29 9June Load 1986 _n sim(net,May29 9June DTl4pm 1986 n);
May292 9June Load_ 1987 n = sim(net,May29 9June DT1l4pm 1987 n);
May29 9June Load 1988 n sim{net,May29 %June DTidpm 1988 n);
May29 9June Load 1989 n sim{net,May29 SJune DTl4pm 1989 n);
May29_ SJune_ Load 1990 n sim{net,May29 SJune DTl4pm 1990 n);
May29 9June Load 1891 n sim{net,May29 SJune DTl4pm 1991 n};
May29 SJune Load 1992 n = sim{net,May29_9June DTl4pm 1992 n};
May29 9June Load 1993 n sim(net,May29 9June DTl4pm 1993 n);
May29 9June Load 19%4 n sim(net,May29 9June DTl4pm 1994 n};
May29_9June Load 19295 n = sim(net,May28_9June DTl4pm 1995 n);
May29 9June Load 1996 n sim(net,May29_ 9June DTl4pm_ 1996 n);
May29 9June Load_ 1997 n sim(net,May29 9June DTl4pm 1997 n};
May29 9June Load 1998 n gim(net,May29 9June DTl4pm 1998 n);
May29 9June Load_1999 n = sim(net,May2S_ %June DTl4pm 1999 _n);

H

il

i

i

1

1t

i

]

i

]

%% The output: derived loads must be un-normalised.

May29 9June_Load_ 1980=postmnmx (May29_ 9June Load 1980 n,minDPL,maxDPL);
May29 9June Load 198l=postmnmx(May29_2%June Load 1981 _n,minDPL,maxDPL}; |
May29_ 9June Load 1982=postmnmx(May29 9June Load 1982 n,minDPL,maxDPL) ;
May29 9June Load, 1983=postmnmx(May29 9June Load 1983 _n,minDPL,maxDPL); ;-
‘May29_9June_Load_1984=postmnmx (May29_9June_Load 1984 _n,minDPI,maxDPL); .
~May29_9June_Load 1985=postmnmx (May29_9%June_Load_ 1985 n,minDPL,maxDPRL) ;@ =
May29_9June Load 1986=postmnmx{May29 9June Load 1986 n,minDPL,maxDPL) ;-
May29 SJune_ Load 1987=postmnmx (May29_.9June Load_ 1987 n;minDPL,maxDPL) ;
May29 9June Load_1988=postmnmx (May29 9June Load 1988 n,minDPL,maxDPL) ;
May29 9June Load_1989=postmnmx (May29 9June_Load 1989 n,minDPL,maxDPL) ;
May29_ 9June_Load 1990=postmnmx {May29 9June Load 19390 n,minDPL,maxDPL) ;
May29 9June_Load_ 1991=postmnmx (May29 9June Load 1991 n,minDPL,maxDPL]) ;
May29_ 9June Load 19%2=postmnmx{May29 9June Load 1992 n,minDPL,maxDPLj ;
May29_SJune Load 1993=postmnmx(May29 SJune Load 1993 n,minDPL,maxDPL) ;
May29_ 9June_Load_19%94=postmnmx (May22 9June_Load 1994 n,minDPL,maxDPL) ;
May29_9June Load_1995=postmnmx (May29 9June_Load 1995 n,minDPL,maxDPL) ;
May29_ 9June Load_l1996=postmnmx (May29_ 9June Load_1996 n,minDPL,maxDPL) ;
May29 9June_Load 1997=postmnmx (May2? S9June_Load 1997 n,minDPL,maxDPL) ;
May29 9June_Load 1998=postmnmx (May29 S9June Load 1998 n,minDPL,maxDPL} ;
May29 SJune Load 1599=postmnmx (May29_ 9June Load 1999 n,minDPL,maxDPL) ;

%% Now take the maximum of the loads for each row.
May29% 9June Max Load 1980 = max{May29 9June Load 1980);
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May29 SJune Max Load 1981
May29 9June Max Load_ 1982
May29 9June Max Load 1983
May29 9June Max Load 1984
May29 SJune Max Load 1985
May29 SJune Max Load_1986
May29 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
May29 9June Max Load 1999

%%

Now
%%
May29_ 9June Mean
May29_ SJune Max Load_ 1981
May29 9June Max Load 1983
May29 9June Max Load 1985
May29 9June Max Load 1987
May29 9June Max Load 1989
May28 9June Max Load 1991
May28 9June Max Load_ 1993
May29 9June_ Max | Load 1995
May29_ 9June Max Load 1997

= max(May29 9June Load 1981);

= max{May29_S%June_Load 1983} ;

max {May29 9June Load 1982}

max (May29 S9June Load 1984}

i
7

i

max (May29 9June Load 1985);

max {May29 2June Load 1986} ;

max (May29_ 9June_Load_1987)
max {May29 9June Load_1988)
max (May29_ SJune Load 1989}
max (May29 9June Load 1990}
max {May29 9June Load 1991}

max {May29_9June Load 1992} ;

7
’
H
¢
7
B

I3

= max(May28 9June Load 1593);

= max{May29_9June Load 1998) ;

cake the mean of the
This is displayed as output.
(May29_ 9June Max Load 1980 +

+

ok o+ o+ o+ o+ o+

+

max (May29 SJune Load 1994

)
max (May29 9June Load 1995);
)

max (May29_ 9June Load 19%6

I
i

B

max (May29 9June Load 19987} ;

max {May29 S9June Load 1999)

above.

May29_ 9June Max Load 1982
May29_ 9June Max Load 1984
May29_ S9June Max Load 1986
May29 9June Max Load 1988
May29 SJune Max Load 1980
May29_9June Max Load 1992
May29 9June Max Load 1954
May29 SJune Max Load 1996
May29 9June Max Load 1998

May29_9June_Max_Load_1999}/20;

19.1]1;

Junel2 23 DTl4pm 1982=[14.5 14.
17.

Junel2 23 DTi4pm 1983={17
14.7];
Junel2 23 DTl4pm 1984=[12
Junel2 23 DT1l4pm 1985={[15
Junel2 23 DTl4pm 1986=[16
21.4];

Junel2 23 DTl4pm 1987=[20.
Junel2 23 _DTl4pm 1988=[15.
Junel2 23 DTl4pm 1989=[18.

15.71;

Junel2 23 DTl4pm 1990=[18.

14.8];

Junel2 23 DT14pm 1991=[17.
Junel2 23 DTl4pm 1992=[15.

16.91;

.7
.5
15.

~1

. Now forecast load for period. 12-23June 2000.

Use 20 years of historical weather data, DTl%pm,
period 12-23June as input.
;Junel2 .23 DTl4pm_1980=[27.6 17
Junel2 23 DTl4pm 1981=[19.2 18.

4 14.9 14.5 15.3 21 24
4 23.5 17.7 16.7 21.4 19.
14.5 17.1 19 21.3 11.7 20.
17 18 14.6 16.8 17.3
5 18.3 23.5 17.3 17.2 14
17

17

18.8
15.
21.

18.4
13.4
16.7

16
16
25

17.3
17.7
.2 26.

13.4

S

22.3 19.9 15.
14.9

18.8

17.7
22.

20
17.8

’

v
’

This is the load forscast.

+ o+ o+ o+ o+ o+ o+ o+

for the

16 16.4.16.3 19.6 14 14.1 13.8 16, 5]1
6 16.5.15.8 16.8 18.8 13,7 13.6 15.8

15 15 16.1];
1 16.6 12.4

4 20.2 16.8 26];

18 23.3 23.4 22.2}1;

14.3 17 17.51;

4 15.8 20.8 16.4 15.4

.3 19.2 13.3 13.3 14.4

18.9 17.1 15.2 14.61;
.7 15.7 16.4

16 19.4 17.8 13.4 12.5];
.1 23.3 16.3 15 13.6
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Junel2 23 DTi4pm _1993=[12.

16.61;

Junel2 23 DTl4pm 1994=[22.

12.9]} ;

Junel2 23 DTl4pm 1995=[17.

12.5];
Junel2 23 DTl4pm_1996=[15
Junel2 23 DTl4pm 1997=[18
14.17;
Junel2 23 DTl4pm 1998=[17
18.5];

Junelz 23 DTl4pm 1999={25.

15.7);
%% The above data must be
Junel2 23 DTl4pm 1980 n =
maxDT1l4pm) ;
Junel2 23 DTl4pm 1981 n
maxDT14pm) ;
Junel2 23 DTl4pm 1982 n
maxDT1l4pm) ;
Junel2 23 DT1l4pm 1983 n =
maxDT1l4pm) ;
Junel2 23 DTl4pm 1984 n
maxDT14pm) ;
Junel2 23 DTl4pm 1985 n
maxDT1l4pm) ;
Junel2 23 DTl4pm 1986 _n
maxDT1l4pm) ;
Junel2 23 DTl4pm_ 1987 n
maxDT14pm) ;
Junel2 23 DTl4pm 1988 n =
maxDT1l4pmnm) ; )
Junel2 23 DTl4pm_ 1989 n
maxDT14pm) ;
Junel2 23 DT14pm.1990 n
maxDT1l4pm) 7 , o
Junel2 23 DTl4pm 1991 n .
maxDT1l4pm) ;.. . .
Junel2 23 DT14pm.1992. n
maxDTl4pm) ;
Junel2 23 DTl4pm 19393 n
maxDT1l4pm) ;
Junel2 23 DTl4pm 1994 n =
maxDT14pm) ;
Junel2 23 DTl4pm_1995 n
maxDT1l4pm) ;
Junel2 23 DTl4pm 1996 n
maxDTl4pm) ;
Junel2 23 DTl4pm 1997 n
maxDT14pm} ;
Junel2 23 DTl4pm 1998 n =
maxDT14pm) ;
Junel2 23 DTl4pm 199% n
maxDTl4pm) ;

i

It

]

il

H

it

1]

H

il

[

n

%% Now for the simulation.

9 21.5 15.2 17.2 18.9 16.6 19.8 15.8 17.6

normalised.
tramnmx (Junel2 23 DTi4pm 1980,

tramnmx (Junel2_ 23 _DTl4pm_1981,
tramnmx (Junel2 23 DTl4pm 1982,
tramnmx (Junel2 23 DT14pm 1983,
tramnmx (Junel2 23 DTl4pm_ 1984,
tramnmx (Junel2 23 DTl4pm_ 1985,
tramnmx (Junel2 23 DTl4pm_ 1986,
tramnmx (Junel2 23 DTl4pm 1987,
tramnmx (Junel2 23 DT1l4pm 1988,
tramnmx {Junel2 23 DT14pm_ 1989,
traﬁnmx(June12_23_DTlépmml990;

tramnmx (Junel2 23 _DT1l4pm, 1991,

‘tramamx (Junel2 23 DT14pm 1992,

tramnmk(Juﬁei2m23;DTl4pm_1993,
tramnmx (Junel2 23 DTl4pm 1994,
tramnmx (Junel2 23 DTl4pm 1995,
tramnmx (Junel2 23 DTl4pm 1996,
tramnmx (Junel2 23 DTl4pm 1997,
tramnmx (Junel2 23 DTl4pm 1998,

tramnmx (Junel2 23 DTl4pm_1999,

The output ig also normalised.

.4 21.9 17.6 15.9 16.3 16.6 17.7 17.9

.3 19.3 22.6 18.7 13.4 14.8 14.5 15.4

.2 12.8 14.9 16 24.3 21.2 15.6 16.8

.6 18.8 18.6 17.7 18.4 15.7 15.5 16.4 16.2

minDT14pmnm,
minDT14pm,
minDT1l4pm,
minDT14pm,
minDT14pm,
minDT14pm,
minDT1l4pm,
minDT14pm,

minDT1l4pm,

minDT14pm,
minDTl4pm,
mihﬁT14pm,;ﬂ
miﬁﬁflépﬁ}li

minDT1l4pm,

minDT1l4pm,
minDT14pm,
minDT1l4pm,
minDT1l4pm,
minDT14pm,

minDT1l4pmn,

15 16.8 16.7 20.9 19.7 25.5 24.5 16.9];
.3 17.9 17.7 16.5 13.9 15.3 19.1 15.7 14
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Junel2 23 Load 1980 _n
Junel2 23 Load 1981 n
Junel2 23 Load 1982 n
Junel2 23 Load 1983 n
Junel2 23 Load 1984_n
Junel2_ 23 Load 1985 n
Junel2 23 _Load_1986_n
Junel2 23 Load 1987 n
Junel2 23 Load 1988 n
Junel2 23 Load 1989 n
Junel2 23 Load 1990 n
Junel2 23 Load 1991 n
Junel2 23 Leoad 1992 n
Junel2 23 Load 1993 _n
Junel2 23 Load 1994 n
Junel2 23 Load 1995 n
JunelZ 23 Load 1996_n
Junel2 23 Load 1997 _n
Junel2 23 Load 1998 n
Junel2 23 Load 1999 n

%% The ocutput:
Junel2 23 Load 1980 =
Junel2_ 23 Load 1981 =
Junel2 23 Load 1982 =
Junel2 23 Load 1983 =
Junel2 23 Load 1984 =
Junel2 23 Lead 1985 =
Junel2 23 Load 1986
Junel2 23 Load_ 1987 =
Junel2 23 Load 1988 =
Junel2 23 Load 1989 =
Junel2 23 Load 1990 =
Junel2 23 Load 1991 =
Junel2 23 Load 1982 =

Junel2 23 Load 1993 =.
= postmnmx {Junel2 23 Load 1994 n,

Junel2 23 Load 1994
Junel2. 23 _Load 1995 =
- Junel2. 23 Load 1996 =
Junel2 23 Load 1997 =
Junel2_ 23 _Load 1998 =
Junel2 23 Load 1999 =

%% Now take the maximum of

It

il

i

i

il

i

i

I

it

It

it

1

il

i

i

i

]

[

]

sim{net,Junel2 23 DTl4pm_1980_n);
sim{net,Junel2 23 DTl4pm 1981 nj;
sim{net,Junel2 23 DTl4pm 1982 nj;
gim(net,Junel2 23 DTld4pm 1983 n);
sim(net,Junel2 23 DT14pm 1984 n);
gim{net,Junel2 23 DT14pm 1985 n);
sim{net,Junel2 23 DTl4pm 1986 n);
sim(net,Junel2_23_ DTl4pm_1987 _n);
sim(net,Junel2_ 23 DTl4pm_1988 n);
sim(net,Junel2 23 DTl4pm_1989 n);
sim(net,Junel2 23 DTl4pm_1990_n);
sim(net,Juneli2 23 DTl4pm_ 1991 n);
sim{net,Junel2 23 _DT14pm_1992 n);
sim(net,Junel2 23 DTl4pm_1993 n);
sim(net,Junel2_ 23 DTl4pm_1994_n);
sim{net,Junel2 23 DTIl4pm 1995 n);
sim{net,Junel2 23 DTl4pm 1996 nj;
sim{net,Junel2_ 23 _DTl4pm_ 1997 _n);
sim{net,Junel2 23 DTl4pm 1998 _n);

= gim{net,Junel2 23 DTi4pm 1999 n};

derived loads mugt be un-normalised.

postmnmx (Junel2 23 Load 1980 n,
postmnmx (Junel2 23 Load 1981 n,
postmnmx (Junel2_ 23_Load 1982 1,
postmnmx (Junel2 23 Load_1983 mn,
postmnmx (Junel2 23 Load 1984 n,
postmnmx (Junel2 23 Load 1985 n,

= postmnmx {(Junel2 23 Load 1986 n,

postmnmx (Junel2_ 23 Load 1987 n,
postmmx (Junel2 23 Load 1988 n,
postmnmx (Junel2 23 Load 1989 n,
postmnmx (Junel2 23 Load 1990 n,
postmnmx (Junel2 23 Load 1991 n,
postmnmx (Junel2 23 Load 1992 n,
postmnmx (Junel2 23 Load 1993 n,

postmnmx (Junel2 23 Load 1995 n,

Ppostmnmx (Junel2 23 Load 1926 n,
postmnmx (Junel2 23 Load 1997 n,

postmnmx (Junel2 23 Load 1998 n,
postmnmx (Junel2 23 Leoad 1999 n,

the loads for each row.

Junel2 23 Max Load 1980
Junel2 23 Max Load 1981
Junel2 23 Max Load 1982
Junel2 23 Max Load_ 1983
Junel2 23 Max Load 1984
Junel2 23 Max Load 1985
Junel2 23 Max Load_1986
Junel2 23 Max Load_ 1987
Junel2 23 Max Load 1988
Junel2 23 Max Load 1989
Junel2 23 Max Load 1990
Junel2 23 Max Load_ 1991
Junel2 23 Max Load 1992

= max(Junel2 23 Load 1980);
= max(Junel2 23 Load 1981);
= max (Junel2 23 Load 1982};
= max(Junel2 23 Load 1983});
= max(Junel2 23 Load_1984);
= max {Junel2 23 Load 1985);
= max{Junel2 23 Load 1986);
= max (Junel2 23 Load 1987);
= max(Junel2 23 Load 1988);
= max (Junel2_ 23 Load 1989} ;
= max(Junel2 23 Load 1990);
= max (Junel2 23 Load 1991);
= max(Junel2 23 Load 1992);

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

minDPL,
minDPL, .
minDPL,
'minDPL,
minDPL, .

minDPL,
minDPL,

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

‘maxDPL) ;
maxbPL) ; - -
maxDPL) ; . . .

maxDPL) ; -
maxDPL) ;
maxDPLj ¥
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Junel2 23 Max Load 1993
Junel2 23 Max Load 1594
Junel2 23 Max Load 1995
Junel2 23 Max Load 1996
Junel2 23 Max Load 1997
Junel2_ 23 Max_Load 1998
Junel2 23 Max Load_ 1998

%% Now take the mean of

the above.

max (Junel2 23 Load 1993);
max {Junel2 23_Load_1994);
max (Junel2 23 Load 1995);
max (Junel2 23 Load 1996);

b

’

I

¥

max (Junel2 23 Load 1997);

{
max (Junel2 23 Load_1998);
{

max (Junel2 23 Load 1999)

%% This is displayed as output.

(3

Junel2 23 Mean = (Junel2 23 Max Load 1980 + Junel2 23 Max Load 1981 +

Junel2 23 Max Load_ 1982
Junel2 23 Max Load_1984
Junel2 23 Max Load_1986
Junel2 23 Max Load 1988
Junelz 23 Max Load_ 1990
Junel2 23 Max Load_ 1992
Junel2 23 Max _ Load 1994
June12~23_Max_Load_1996
Junel2 23 Max Load 1998

¥% This is the actual fortnight peak load for the periods above.
Actual_ Fortnight_ Peak Load

Mayl_ 12 Mean
Mayl5 26_Mean
May29 SJune Mean
Junel?2 23 Mean

Mayl 12 Error Percentage

S A N I

Junel2_23_Max_Load_l983
Junel2 23 Max Load 1985
Junel2 23 Max Load_ 1987
Junel2 23 Max Load 1989
Junel2 23 Max Load 1991
June12_23_Max_Load_l993
Junel2 23 Max Load 1995
Junel2 23 Max Load 1997

Junel2 23 Max_Load 1999)/20;

= [3528 3510 3474 3618]

abs{{{{Mayl 12 Mean-

13

Thig is the load forecast.

I I

4+

i

Actual_Fortnight Peak Load(1l,1)}/Actual Fortnight Peak Load(1,1))*100))

Mayl5 26 Error Percentage
Actual Fortnight Peak Load(1,2))/Actual Fortnight_ Peak_Load(1,2)})*100))

May29 9June_ Error Percentage = abs((({May29_9June Mean-.

= abs {(((Mayl5_26_ Mean-

Actual Fortnlght Peak Load(l 3}}/Actual Fortnlght Peak Load(1l, 3))#10@2}“

Junel2 23 _Exrror. Percentage = abs((((Junelz 23 Mean-‘,,:

Actual Fortnlght Peak Load(l,4)) /Actual Fortnlght Peak Load(l 4))*100})‘

Mean_Absolute_Percentage_Error = (Mayl 12 Error Percentage +
'May15_26_Error_Pércentage + May29 SJune Error Percentage +

Junel2 23 Error Percentage) /4

echo off
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Appendix 11
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

14 B 60 A NN A S B Y Y N R Y R A R Py SR 0 g e O e A A B A £ Y A SN AN ¥ RIS S AN R S S p s app et | ares s s e A n g

12 ........................................................................................................................................................................................

Linkage Distance

5.CRAMMI  10HOECHS 14.CI1OLL 9.DOLPHI 12.KOHLE 8.DENEL
4.COROBR  3.CONTIN 11JJ8 6.D&H IN 2.CMMILN 1.AECIPF

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

" Table 8.11: Clﬁét_ér formation/Customer identification for max kW, ave kVA, max kVA

L 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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Tree Diagram for 12 Cases
Single Linkage
Euclidean distances
4. max kW, ave kVA, max kvar

Linkage Distance

5.CRAMMI  10HOECHS 14.CIOLL 9.DOLPHI 12.KOHLE 8.DENEL
4 COROBR  3.CONTIN 1M1JJB 6.D&H IN 2.CMMILN 1.AECIPF

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

Table 8.12: Cluster formation/Customer identification for max kW, ave kVA, max kVAr -

| '7 Cluster | C 2
Customers | 5,4,10,3,14,11,9,6 ' 8,1
in Cluster 12,2 V

Customers | Much Asphalt Denel Edms Bkp-Fir
identified
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Tree Diagram for 12 Cases

Single Linkage

Euclidean distances

5. max kW, ave kVA, ave PF

Linkage Distance

5.CRAMMI

10HOECHS

3.CONTIN

4.COROBR

6.D&H IN

1JJ8B
14.CIOLL

12.KOHLE
9.DOLPH!

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

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

2.CMMILN

8.DENEL

1.AECIPF

Cluster: N 7 2 3. 4
" Customers 5 103,4,6,14,11,9,12| 8 1
“in Cluster | » ' ‘,2 P
Customers - Much Asphalt - -
identified '
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Tree Diagram for 12 Cases

6. max kW, ave kVA, LF

Single Linkage
Euclidean distances

0.8 [- .............

Linkage Distance

3.CONTIN
14.CIOLL

Figure 8.6: Max kW, Ave kVA and LF

1

1.JJ8

12.KOHLE

9.DOLPHI

10HOECHS
6.0&H IN

5.CRAMMI

4.COROBR

2.CMMILN

8.DENEL

1.AECIPF

Table 8.14: Cluster:formation/Customer identification for max kW, ave kKVA, LF... -~ ...

~Cluster [ 1| 2 [ 3 [4]| 5 [ 6 ] 7 8 9 10 | 11 |12
Customers | 3 [ 14 | 11 [9 [ 12| 6 |10 54 2 8 | 7 1-
in Cluster
Customers | - - - - - - - - - - - -
identified

|
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Tree Diagram for 12 Cases
Single Linkage
Euclidean distances
7. max kW, ave kW, ave kvar

Linkage Distance

5.CRAMMI  10HOECHS  9.DOLPH!
4.COROBR  3.CONTIN 14.CIOLL 6.D&H IN 2.CMMILN

1.JJB 12.KOHLE 8.DENEL

Figure 8.7: Tree of Max kW, Ave kW and Ave kVAr

- Table 8.15: Cluster formation/Customer identification for max kW, ave kW, ave kVAr .. -

-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

1.AECIPF
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Tree Diagram for 12 Cases

Si

ngle Linkage

Euclidean distances
8. max kW, ave kW, max kVA

1.4
4.2 bessmasmmsimmrsossisosonis L ..................... BSOSO OO PS PSSO STOUROUSRRY OSSOSO OO
] |
ST 0 [ T R SR, IR SIS—.] S—
3
§ 11 S N O T P! SRR P ——
B
[a]
® 0.6” .......................................................................................................................................
o
£
._El .4 ey R T Y AT P S SO B | LRSI SRS
0.0 posssssmsmsevsmsionssss) vmosseisees norees spseisvisvass s sssiissiossscosssecasnsspes sl (ummsessempsans i [lissssises s sy
00 | T 1
10HOECHS  5.CRAMMI 14.CIOLL 9.DOLPHI 12.KOHLE 8.DENEL
3.CONTIN 4.COROBR 11.JJB 6.D&H IN 2.CMMILN 1.AECIPF

Figure 8.8: Max kW, Ave kW and Max kVA

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

“Cluster IE 2 - 3 4. 5
Customers | 10,3 5,4 14,11,9,6,12,2 g [ 1
in Cluster
Customers - - Much Asphalt - -
identified
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Tree Diagram for 12 Cases

Single Linkage

Euclidean distances
9. max kW, ave kW, max kvar

Linkage Distance

5.CRAMMI  10HOECHS 14.CIOLL 9.DOLPHI

Figure 8.9: Tree of Max kW, Ave kW and Max kVAr

4.COROBR  3.CONTIN 1JJ8B

6.D&H IN

12.KOHLE

2.CMMILN

8.DENEL

1.AECIPF

“Table 8.17: Cluster formation/Customer identification for max kW, ave kW, max kVAr

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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Tree Diagram for 12 Cases
Single Linkage
Euclidean distances
10. max kW, ave kW, ave PF

Linkage Distance

______________ -

5.CRAMMI

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

" Table 8.18: Cluster formation/Customer identification for max kW, ave kW, ave PF

8.DENEL

3.CONTIN 6.D&H IN 11JJ8

10HOECHS 4.COROBR 14.CIOLL 9.DOLPH! 2.CMMILN

12.KOHLE 1.AECIPF

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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Tree Diagram for 12 Cases
Single Linkage
Euclidean distances
11. max kW, ave kW, LF

1.4

Linkage Distance

14.CIOLL 10HOECHS  9.DOLPH! 5.CRAMMI 2.CMMILN 8.DENEL
1.JJ8 12.KOHLE 6.D&H IN 4.COROBR  3.CONTIN 1.AECIPF

Figure 8.11: Max kW, Ave kW and LF

e Table 8.19: Cluster formation/Customer identification for max kW, ave kW, LF

Cluster 1 2] 3] 4] 5] 6 7 | 8 | 910/ 11] 12

Customers | 14 | 11 | 10 [ 12 | 9 | 6 5,4 2 |38 |71
in Cluster L
Customers | - - - - - = - - - - - -
identified L
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Tree Diagram for 12 Cases
Single Linkage
Euclidean distances
12. max kW, ave kvar, max kVA

Linkage Distance

5.CRAMMI  10HOECHS 6.D&H IN 11.JJ8B 9.DOLPHI 8.DENEL
4. COROBR  3.CONTIN 14.CIOLL 12.KOHLE 2.CMMILN 1.AECIPF

Figure 8.12: Max kW, Ave kVAr and Max kVA

. Table 8.20: Cluster formation/Customer identification for max kW, ave kVAr, max kVA: - .

Cluster 1 2
Customers‘ 5,4,10,3,6,14,11,12,9,2 : 81
in Cluster
Customers Much Asphalt Denel Edms Bkp-Fir
identified
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Tree Diagram for 12 Cases

Single Linkage

Euclidean distances

13. max kW, ave kvar, max kvar

Linkage Distance

|

5.CRAMMI  10HOECHS 6.D&H IN 1.JJ8

4 COROBR  3.CONTIN 14.CIOLL

9.DOLPHI

12.KOHLE

2.CMMILN

Figure 8.13: Tree of Max kW, Ave kVAr and Max kVAr

8.DENEL

1.AECIPF

: Cluster formation/Customer identification for max kW, ave kVAr, max kVAr

Table 8.21

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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Tree Diagram for 12 Cases
Single Linkage
Euclidean distances

14. max kW, ave kvar, ave PF

Linkage Distance

5.CRAMMI

10HOECHS
8.DENEL

4.COROBR 14.CIOLL
3.CONTIN 6.D&H IN 11.JJ8B

Figure 8.14: Max kW, Ave kVAr and Ave PF

Table 8.22: Cluster formation/Customer identification for max kW, ave kVAr, ave PF

9.DOLPHI
12.KOHLE

Cluster I | 2 3 -+
Customers 5 -8 10,3,6,4,14,11,9,12,2 1
in Cluster
Customers | - - Much Asphalt -
identified
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Tree Diagram for 12 Cases
Single Linkage
Euclidean distances
15. max kW, ave kvar, LF

2.0

1.8 S

14 | S e

1.2

Linkage Distance

0.8

0.6 Frovees

0.4

3.CONTIN

5.CRAMMI

14.CIOLL 9.DOLPHI 6.D&H IN 4.COROBR

1JJB 12.KOHLE 10HOECHS

Figure 8.15: Tree of Max kW, Ave kVAr and LF

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

2.CMMILN

8.DENEL

1.AECIPF

Cluster | 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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Tree Diagram for 12 Cases

16. max kW, max kVA, max kvar

Single Linkage

Euclidean distances

Linkage Distance

5.CRAMMI
4.COROBR

10HOECHS
3.CONTIN

6.D&H IN 1M1.JJ

14.CIOLL

B 12.KOHLE

8.DOLPHI

2.CMMILN

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

8.DENEL

1.AECIPF

Table 8.24: Cluster formation/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 Asphalt - -
identified
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Tree Diagram for 12 Cases
Single Linkage
Euclidean distances

17. max kW, max kVA, ave PF

Linkage Distance

5.CRAMMI
10HOECHS

Figure 8.17: Tree of Max kW, Max kVA and Ave PF

3.CONTIN 6.D&H IN 11.JJB
4.COROBR 14.CIOLL 9.DOLPHI

12.KOHLE
2.CMMILN

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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Tree Diagram for 12 Cases
Single Linkage
Euclidean distances

18. max kW, max kVA, LF

08 T

06 b

Linkage Distance

02 RO

14.CIOLL

1JJ8B

9.DOLPHI

12.KOHLE

6.D&H IN
10HOECHS

5.CRAMMI

4.COROBR

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

2.CMMILN

3.CONTIN

8.DENEL

1.AECIPF

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

Cluster 1123 4]s5]6 7 8| 9 |10 11]12]
Customers | 14 ['11 [ 9 [ 12 ] 6 [ 10 5,4 203871
in Cluster

Customers | - - - - - - - - - - -
identified
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Tree Diagram for 12 Cases
Single Linkage
Euclidean distances
19. max kW, max kvar, ave PF

Linkage Distance

5.CRAMMI

Figure 8.19: Tree of Max kW, Max kVAr and Ave PF

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

8.DENEL

10HOECHS

4.COROBR 1JJ8B 9.00LPHI
3.CONTIN 6.D&H IN 14.CIOLL

12.KOHLE

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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Tree Diagram for 12 Cases
Single Linkage
Euclidean distances
20. max kW, max kvar, LF

Linkage Distance

3.CONTIN 11JJ8B 12.KOHLE 10HOECHS 4.COROBR 8.DENEL
14.CIOLL 9.DOLPHI 6.0&H IN 5.CRAMMI 2.CMMILN 1.AECIPF

Figure 8.20: Tree of Max kW, Max kVAr and LF

~ Table 8.28: Cluster formation/Customer identification for max kW, max kVAr, LF

Cluster 1 2 3 4
Customers 3 14,11,9,12,6,10,5,4,2 8 1
in Cluster
Customers | - Much Asphalt - -
identified
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Tree Diagram for 12 Cases
Single Linkage
Euclidean distances
21. max kW, ave PF, LF

Linkage Distance

5.CRAMMI 1JJ8B 10HOECHS  12.KOHLE 2.CMMILN 3.CONTIN
14.CIOLL 9.D0LPHI 6.D&H IN 4.COROBR 8.DENEL 1.AECIPF

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

Table 8.29: Cluster formation/Customer identification for max kW, ave PF, LF

_Cluster 1 2
Customers 5 14,11,9,6,10,12,4,2,8,3,1
in Cluster .
Cusfomérs - Denel Edms Bkp-Fir and
identified Much Asphalt
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