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Abstract: An expert system using fuzzy set theory
is presented for short-term load forecasting. Since
most statistical methods for short-term load fore-
casting rely heavily on weather variables and sta-
tistical models, errors may appear in the
forecasted hourly loads due to uncertainties in
weather variables and statistical models. Thus, to
have better accuracy, the operators in many util-
ities try to update the forecasted loads in real time
using the records of the past few hours and their
heuristic rules. In the paper, an expert system to
perform this updating function is developed.
Experienced operators’ heuristic rules are imbed-
ded in the knowledge base. The uncertainties in
weather variables and statistical models are dealt
with using the fuzzy-set theory. To demonstrate
the effectiveness of the proposed fuzzy expert
system, short-term load forecasting is performed
on the Taiwan power system. Test results indicate
that the fuzzy expert system is very effective in
improving the accuracy of the forecast hourly
loads.

1 Introduction

Short-term load forecasting is important in online sched-
uling of a utility [1]. Many statistical methods such as
exponential smoothing [2], multiple regression [3-5],
Box-Jenkins [6], and Kalman filter [7] have been pro-
posed for short-term load forecasting. To take the oper-
ators’ experience and heuristic rules into account,
applications of expert systems have also been reported
[8, 9].

In a recent book [10], an expert system was designed
by the authors for load forecasting at the Taiwan Power
Company (TPC). In the development of that expert
system, it was observed that the most important factors
that affect load-forecast accuracy are daily load patterns
and daily load peaks and troughs. To have precise load
patterns, as many as ten different day types have been
identified from operators’ experience and the load data in
the database of TPC. Weather-sensitive models have
been used for peak-load and trough-load forecasting.
Application of the expert system to load forecasting of
TPC gives a yearly mean absolute error (MAE) of 2.38%.
This is a rather promising result.

After the success in the first phase of the work, the
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operators in TPC suggest that the accuracy of the fore-
cast hourly loads can be further improved if the loads are
updated every one hour or few hours. The main reason
for the operators to carry out the updating is that the
forecast hourly loads depend on forecast peak and
trough loads which, in turn, rely heavily on weather vari-
ables (temperature, humidity etc.) and there always exist
a certain amount of errors in the forecasted weather vari-
ables. Thus, the uncertainties in the weather variables will
result in errors in the peak and trough loads and the final
hourly loads. To see how the peak and trough loads
affect the load forecast results, Table 1 compares the fore-
cast errors [MAE and root-mean-square error (RMSE)]
by using the actual peak and trough loads and by using
the forecast peak and trough loads. It is observed that
the yearly MAE can be reduced from 2.38% to 1.20% if
the actual peak and trough loads are employed for load
forecasting.

Table 1: Comparison of forecast results using actual and
forecast peak and trough loads

Using forecasted peak
and trough loads

2.38%
2.75%

Using actual peak
and trough loads

MAE  1.20%
RMSE 1.56%

In practice, it is impossible for the operators to have
the actual peak and trough loads in real-time applica-
tions. However, the operators can compare the actual
weather variables with the forecast weather variables for
the past few hours and use their experience to update the
forecast peak load and trough load to make them close
to actual values. Then the accuracy of the forecast hourly
loads can be improved.

In view of the need to update peak and trough loads
using uncertain weather variables, it is desirable to design
an expert system which is capable of dealing with uncer-
tain informations and heuristic rules. In the literature,
certainty factors [11], Dempster—Shafer theory of evid-
ence [12] and fuzzy-set theory [13-14] have been pro-
posed to manage uncertainty in expert systems. In this
paper, fuzzy set approach has been adopted for expert-
system design. To put together separate fuzzy informa-
tion to reach the desired change in peak load and trough
load, a minimum-maximum algorithm and an equal-area
algorithm are presented. To demonstrate the effectiveness
of the proposed fuzzy expert system, load forecasting has
been performed on Taiwan power system. It is found that
the MAE can be significantly reduced by the fuzzy expert
system.

In Section 2, fuzzy set theory is briefly described. This
is followed by the design of a fuzzy expert system for load
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forecasting. An example is then given to demonstrate the
effectiveness of the expert system.

2 Fuzzy set theory

In the past two decades, several interesting applications
of the fuzzy set theory have been reported in the areas of
expert systems, operational research, control engineering
and others. Before going into the details of fuzzy-expert-
system design, some basic definitions and mathematical
operations of fuzzy sets are described as follows [13].

2.1 Definition of a fuzzy set

Definition 1: Fuzzy set: Let X be a collection of objects
(X is the universal set); then a fuzzy set 4 in X is defined
to be a set of ordered pairs:

A= {[x, p ] x € X} (1)

where u ,(x) is called the membership function of x in A.

Note that the membership function u4(x) denotes the
degree that x belongs to A and is normally limited to
values between 0 and 1. A high value of p ,(x) implies that
it is very likely for x to be in 4. Elements with a zero
degree of membership are normally not listed. If we limit
the values of the membership function to be either O or 1,
then A becomes a crisp (nonfuzzy) set.

2.2 Fuzzy set operations
Some important operations with fuzzy sets which will be
used later are defined via their membership functions.

Definition 2: The union of two fuzzy sets: Let A and B be
two fuzzy sets with membership functions u,(x) and
ug(x), respectively. The membership function of the union
C = A U Bis point-wise defined by

pe(x) = max {uy(x), ug(x)}x € X (2

Definition 3: The intersection of two fuzzy sets: Let A and
B be two fuzzy sets with membership functions y 4(x) and
up(x), respectively. The membership function of the inter-
section D = A N B is defined by

up(x) = min {p,(x), pgx)} x € X ©)]

Definition 4: Let A and B be two fuzzy sets with member-
ship functions p,4(x) and pg(x), respectively. The member-
ship function of the sum § = 4 + B is defined by

us(z) = sup min {u(x), up(y)} (G

z=x+y
3 Design of the fuzzy expert system

3.1 Crisp expert system

Before the details of fuzzy-expert-system design are pre-
sented, the procedures for load forecasting in the crisp
expert system [10] are summarised.

Step 1: Read in the day to be forecast and the forecast
weather variables.

Step 2: ldentify day type and get the 24 normalised
hourly loads L,(i), i = 1, 2, ..., 24, for that particular day
type. These normalised hourly loads have been stored in
the database of the expert system to represent the load
pattern of each day type.

Step 3: Compute the forecast daily peak load and
trough load using the equations

L,=g,+*T,+h, (5)
Li=g*T, +h (6)
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where

L, = peak load of the day,

L, = trough load of the day,

T, = equivalent forecast high temperature of the
system on the day,

T, = equivalent forecast low temperature of the system
on the day, g, h,, g, and h, are coefficients deter-
mined by least-square-error technique using the
load and weather data in the database of TPC.

Step 4: Compute the forecast hourly loads L(i) as
follows:

L) = L)L, — L)+ L, i=12..,24 7

Details of these procedures are given in Reference 10.

3.2 Fuzzy expert system

It is observed from eqn. 7 that the forecast hourly loads
depend on both the load pattern L,(i) and the forecast
peak load L, and trough load L,. It has been mentioned
that our main purpose is to update the peak and trough
loads in order to achieve better results.

From eqns. 5 and 6, it is obvious that the peak load
and trough load are expressed as linear functions of the
forecast high temperatures and low temperatures, respec-
tively. Two kinds of uncertainties arise from this peak-
load- and trough-load forecasting process, i.e. the
uncertainty in the statistical model and the uncertainty in
forecast temperatures. The reason for the uncertainties
and the proposed methods to deal with the uncertainties
are described as follows.

3.2.1 Uncertainty in statistical model

The coefficients g,,, ,,, g, and h, for peak-load and tough-
load forecasting are determined by using the least-square-
error approach. Fig. 1 depicts the historical data of peak
loads and temperatures for ten weekdays in August 1987.
Also shown in the Figure is a linear-regression curve
obtained by the least-square-error method. It is observed
that the data points spread over the vicinity of the regres-
sion curve and there exists an error between each sample
point and the regression line. This is called the statistical
modeling error and will cause errors in the resulting peak
and trough loads even if the forecast temperature is
accurate.
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Fig. 1 Historical data of peak loads and temperatures

In view of the error in the statistical model, it is desir-
able to add an error term to the equations for peak-load
and trough-load forecasting. Thus, eqn. 5 and eqn. 6
become

L,=g,*T,+h,+¢, ®
L,=g,*T,+h,+£, (C))
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where the uncertain-error terms ¢, and ¢, are treated as
fuzzy numbers. Fig. 2 depicts the membership function of
e, for a certain day type. It is observed that the value of
the membership function is 1 for ¢, = 0 and decreases to
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Fig. 2  Membership function for the change in peak load due to

statistical-model uncertainty

0 at ¢, = 20, where ¢ is root-mean-square error between
the sample points and the linear-regression curve and is
computed from the historical data as follows:

o=

where n is the number of sample points in the database
for that particular day type and L, and T, are the peak
load and high temperature for the ith sample points,
respectively. The membership function of g can be
derived in the same way using the historical data of
trough loads and low temperatures.

Thus, the membership function for the change in peak
(trough) load due to statisical-model uncertainty can be
written as

INgEl

172
(Lpi —gp* Tpi — h,,)z/n} (10)

1

=1-—0.5x%abs(AL,/o) for|AL,| <20
=0 elsewhere (11)
Note that AL, in eqn. 11 could be either ¢, or ¢,, depend-

ing on whether peak load or trough load is to be
updated.

F 1(AL1){

3.2.2 Uncertainty in forecast temperatures
Since there always exist errors in the forecast tem-
peratures, the operators must trace temperature readings
either from the Central Weather Bureau or from the
utility-substation meters to see if the actual temperatures
deviate too much from the forecast values. If so, certain
action must be taken to update the forecast temperatures
and hence the forecast peak and trough loads. It is the
experience of TPC operators that the temperature error
is less than 4°C in most cases. Therefore, in the proposed
fuzzy expert system, the users are asked to select one
among the following options:

(i) The temperature is much lower (ML) than the fore-
cast value.

(i) The temperature is lower (L) than the forecast
value.

(iii) The temperature is close (C) to the forecast value.

(iv) The temperature is higher (H) than the forecast
value.

(v) The temperature is much higher (MH) than the
forecast value.

The membership functions for these options can be
expressed as

F (@) =1—05xabs(z—d) forabs(z—d)<2
=0 elsewhere 12)

where z = error in the forecast (high or low) temperature,
F,(z) = the membership function for a temperature error
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z, and d = —4 for option 1 (ML), —2 for option 2 (L),
=0 for option 3 (C), =2 for option 4 (H) or =4 for
option 5 (MH).

It is observed from eqns. 8 and 9 that an error in tem-
perature will result in a proportional error in peak (or
trough) load. The membership function for the change in
peak (trough) load due to the error in forecast tem-
peratures can therefore be described by

=1-0.5 % abs (AL, — gd)
for abs (AL, — gd) < 2g
=0 elsewhere (13)

Fy(AL,)

where AL, = change in peak (trough) load, and g =g,
for peak-load forecasting and g, for trough-load fore-
casting.

These membership functions are depicted in Fig. 3.
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Fig. 3  Membership functions for the change in peak (trough) load due

to error in forecast temperatures

3.2.3 Combination of statistical-model uncertainty
and forecast-temperature uncertainty

Taking both the uncertainty in the statistical model and

that in forecasted temperatures into account, the peak

(trough) load should be updated by an amount

AL, = AL, + AL, (14)

The membership function for AL, can be found by using
eqns. 4, 11, and 13.

F3(ALy) = sup

AL3=AL1+AL;

min [F,(AL,), F5(AL;)]  (15)

3.2.4 Operators’ heuristic rules

In addition to the two fuzzy models described so far, a
third model based on operators’ experience will be
derived for peak-(trough-) load updating. Since the oper-
ators can use their experience to update the forecast
loads in real-time applications, it is crucial for the expert
system to use experienced operators’ heuristic rules to
modify the peak (trough) load. Our approach begins with
asking the operator how much he would like to modify
the peak (trough) load and his degree of confidence in the
suggested load change. Previous operating experience
suggested that the amount of load change should be
within the range from + 1500 MW. It was also recom-
mended that three confidence levels be used for load
updating. The operators can be quite confident, con-
fident, or not confident with the suggested amount of
load change. Thus the membership function for the oper-
ators’ suggested load change can be written as

=1—abs (AL, —x)/y
forabs (AL, —x) <y
=0 elsewhere (16)

Fy(ALy)

where F, = the membership function for a load change
AL,, x = the operator’s recommended amount of load
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change, y = 250 = 0.8 if the operator is ‘quite confident’
about the recommended load change, 250 if the operator
is ‘confident’ about the recommended load change or
250/0.8, if the operator is ‘not confident’ about the
recommended load change.

Note that the values of y have been chosen based on
the observation that a load-forecasting error of 200-
300 MW can be achieved be experienced operators via
real-time updating.

Example 1: Fuzzy sets for operators’ update of forecast
load: To demonstrate the use of fuzzy models in the oper-
ators’ recommended load change, consider the case where
the operator responds to the expert system with a load
change of —250 MW. If the level of confidence is ‘quite
confident’, then the fuzzy set describing the amount of
load change is given by

{[AL,, F,(ALY)Y}
= {(—400, 0.25), (— 350, 0.5), (— 300, 0.75),
(=250, 1), (—200, 0.75), (~ 150, 0.5),
(—100,025)} (17)

Note that only those values of load change which are
multiples of 50 are explicitly shown in eqn. 17. The actual
membership function can be represented by two line seg-
ments as shown in Fig. 4.

5 '° A 1

E A Y ]

% 05 /// §§\

% // / WA

£ 7 / / \\\

EOO 1 1/V/| RSN W IO S S W E ST S 11
-1000 -500 o] 500 1000

Fig. 4  Membership function of example 1
———— quite confident

confident

—+—--— not confident

If the operator is ‘confident’, then the fuzzy set is given
by

{(—450, 0.2), (— 400, 0.4), (— 350, 0.6),
( —300, 0.8), (—250, 1), (—200, 0.8),
(—150, 0.6), (— 100, 0.4), (—50,0.2)} (18)

If the operator is ‘not confident’, then the fuzzy set is
given by

{(— 550, 0.04), (— 500, 0.2), (—450, 0.36),
( —400, 0.52), (— 350, 0.68), (— 300, 0.84),
(=250, 1), (—200, 0.84), (— 150, 0.68),
(—100, 0.52), ( — 50, 0.36), (0, 0.2), (50, 0.04)} (19)

It is obvious from Fig. 4 that the more confident is the
operator with his recommendation, the steeper will be the
line segments of the membership function. In other
words, all possible values of load change will be very
close to the value suggested by the operator if he is ‘quite
confident’ with the answer.

3.2.5 Update the peak (trough) load
We now have two separate pieces of information on the
amount that the peak (trough) load should be changed:
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the load change AL, derived from statistical model and
the load change AL, recommended by the operators. Qur
purpose is to determine the most desirable load change
AL,pgpeq from the membership functions F3(AL,;) and
F,(AL,) and update the peak (trough) load using the
equations

Lp updated = Lp forecast + ALp desired (20)
Lr updated — Lr JSorecast + ALt desired (21)
where

L, forecast » Lt forecass = fOTECast peak (trough) load
L, updated> Lt updarea = updated peak (t;ough) load
AL : desirea = desired change in peak (trough)
load

p desired >

Among the various approaches for determining the
desired change in peak (trough) load, the minimum-
maximum algorithm and the equal-area algorithm are
most commonly used and will be briefly described as
follows.

Minimum-maximum  algorithm: In the minimum—
maximum approach, the desirable load change in peak
(trough) load is given by

AL,.gireq = the value of AL which gives maximum
value of F(AL) (22)

where AL,,,;,.. and AL can be either peak-load change or
trough-load change and F(AL) is expressed as

F(AL) = min {F4(AL), F,(AL)} 23)

Example 2: Consider the case described in example 1.
The membership function F,(AL,) for the case where the
operator is ‘not confident’ with the recommended load
change is repeated in Fig. 5. Also shown in Fig. 5 is a
typical membership function for F,(AL). Using the two
membership functions, F(AL) and AL,,;.4 can be found.
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desired
AL MW
Fig. 5  Minimum-maximum algorithm

Equal-area algorithm: The equal-area method is best
explained by an example.

Example 3: Consider again the membership functions
F4(AL) and F,(AL) in Fig. 5. The equal-area algorithm
proceeds as follows.

Step 1: Ask the operator about the weighting factors
he would place on AL, (operator’s recommendation) and
on AL, (statistical model). Let the ratio of the two
weighting factors be W.

Step 2: As shown in Fig. 6, the maximum value of
F,(AL) is changed from 1 [the maximum value of F(AL)

in Fig. 5] to a new value F} . such that
As _ (24)
A3
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where A, = the area under the updated F,(AL) curve and
A, = the area under the F4(AL) curve.

Note that the F4(AL) curve in Fig. 6 is the same as
that in Fig. 5. It is also observed that AL, ,,;, and AL, .
in Fig. 6 are the same as those in Fig. 5.
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Fig. 6  Equal-area algorithm

Step 3: Define

AAL) = J

AL3 min

AL
{F3(x) + Fi(x)} dx
for AL > AL, .., (25)

Then the sum of the areas under the membership-
function curves F5 and F), is given by

Alatal =4 (ALB max) (26)

The equal-area method states that the desired load
change AL,,g;,., can be reached by solving the equation

A(ALdesired) = %Amml (27)

Fig. 7 shows the curve A(AL) and the resultant AL;.g,cq
for the membership functions F5 and F, in Fig. 6.
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Fig. 7  Curve A (AL) for the membership functions Fy and F,

4 Results

To demonstrate the effectiveness of the proposed expert
system, load forecasting is performed on Taiwan power
system using both the crisp expert system and the fuzzy
expert system. Table 2 gives the forecast results for a
typical day (13 August, 1987) using the crisp expert
system proposed in Reference 10. It is observed that the
MAE is 1.89% and the errors in peak load and trough
load are 265.87 MW (2.45%) and 97.99 MW (0.90%),
respectively.
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Table 2: Forecast hourly loads using the crisp expert system

Hour Actual Forecast Error (MW)  Error (%)
loads (MW) loads (MW)
1 7589.0 7652.17 -63.17 -5.82E-03
2 7277.00 7346.42 -69.42 -6.40E-03
3 7101.00 7131.07 -30.08 -2.77e-03
4 6892.00 6968.88 -76.88 —7.09E-03
5 6763.00 6837.35 -74.35 -6.85E-03
6 6681.00 6781.33 —100.33 —9.25E-03
7 6670.00 6767.99 -97.99 -9.03E-03
8 7242.00 7387.45 -145.45 -1.34E-02
9 9333.00 9471.06 -138.06 -1.27E-02
10 10068.0 10178.52 -110.52 -1.02E-02
1" 10383.00 10673.40 —280.40 —2.58E-02
12 10483.00 10801.93 -318.93 —2.94E-02
13 9384.00 9581.79 -197.79 -1.82E-02
14 10710.00 10921.98 -211.98 -1.956-02
15 10848.00 11113.87 —-265.87 —-2.456-02
16 10658.00 10961.24 -303.24 —2.80E-02
17 10421.00 10787.47 -366.47 -3.38e-02
18 9587.00 9939.75 -3562.75 -3.25E-02
19 9576.00 9832.97 -256.97 -2.37E-02
20 9822.00 10121.74 -299.74 -2.76E-02
21 9538.00 9878.16 —340.16 -3.14E-02
22 9037.00 9364.90 -327.90 -3.02E-02
23 8696.00 8979.09 —283.09 -2.61E-02
24 8221.00 8432.23 -211.23 -1.95E-02
MAE =1.89%, RMSE=2.13%, forecast peak=11113.87 MW,

actual peak = 10848 MW, error = ~265.87 MW (-2.45%), forecast
trough = 6767.99 MW, actual trough = 6670 MW, error =
—97.99 MW( - 0.90%)

To reduce the error in peak-load forecasting and
improve the accuracy in forecast hourly loads, the pro-
posed fuzzy expert system is also tested. As shown in Fig.
8, the expert system begins with asking the user how
much he wants to change the peak load and how much
he thinks the actual high temperature is away from the
forecast value.

Please answer the following questions:
(A) How much do you want to change the peak load
(—1500 MW to 15600 MW): —250
(B) Are you
1. Quite confident
2. Confident
3. Not confident
with the suggested load change?
Choose: 3
(C) The actual high temperature will be
1. Much lower that the forecast value
2. Lower than the forecast value
3. Close to the forecast value
4. Higher than the forecast value
5. Much higher than the forecast value

Choose: 2
The suggested peak load is: 10813.87 MW

Fig. 8  Query from the fuzzy expert system

After the user responds to the questions, the expert
system calculates the membership functions F,(AL),
F,(AL) and F,(AL) for peak-load updating using eqns.
11, 13 and 15. The results are depicted in Fig. 9. The
membership function F,(AL) has been given in Fig. 4.
For convenience, these four membership functions are
also tabulated in Table 3 using an increment of 50 MW.
Since the membership functions F;(AL;) and F(AL,) in
Fig. 5 are indeed the functions for the present case, it can
be observed from Fig. 5 that the desired change in peak
load AL, ju5ireq is —296 MW if the maximum-maximum
algorithm is employed. On the other hand, as evidenced
by Fig. 6 and Fig. 7, a value of —298 MW will be

475



reached for AL, s, if the equal-area algorithm is used.
Note that both approaches will yield the same value of
AL, josirea (—300 MW) if a discrete-fuzzy-set representa-
tion with an increment of 50 MW as shown in Table 3 is
employed. But this is a pure coincidence. In general, the
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Fig. 9  Membership functions F,, F, and F, for peak-load updating

Table 3: Fuzzy sets for peak-load updating (W = 2.45)

Load F1 F2 F3 F4
change
(MW)

-1500
-1450
-1400
-1350
-1300
-1250
-1200
-1150
-1100
-1050
-1000
-950
-900
-850
-800
-750
-700
-650
-600
—-550
—-500
—450
-400
-350
-300
-250
—-200
-150 0.651
-100 0.768
-50 0.884

0 1.000

50 0.884
100 0.768
150 0.651
200 0.535
260 0419
300 0.303
350 0.187
400 0.07
450 0.000
500 0.000

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.071
0.187
0.303
0.419
0.535

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.099
0.218
0.337
0.455
0.574
0.693
0.812
0.931
0.951
0.832
0.713
0.5694
0.475
0.356
0.238
0.119
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

0.000
0.000
0.000
0.000
0.000
0.000
0.07

0.099
0.187
0.218
0.303
0.337
0.419
0.455
0.535
0.574
0.651

0.693
0.768
0.812
0.884
0.931

0.951

0.884
0.832
0.768
0.713
0.651

0.594
0.535
0.475
0.419
0.356
0.303
0.238
0.187
0.119
0.071

0.000
0.000
0.000

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.040
0.200
0.360
0.520
0.680
0.840
1.000
0.840
0.680
0.5620
0.360
0.200
0.040
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

two approaches will yield different values of AL, ;.5eq- In
this paper, the equal-area algorithm is adopted since dif-
ferent weighting factors W can be put on the operator’s
recommendation, making the method more flexible than
the minimum-maximum method.

Using the updated peak load (—300MW
+ 11113.87 MW = 10813.87 MW), the forecast hourly
loads as shown in Table 4 can be reached. By comparing
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the results in Table 2 and Table 4, it can be seen that the
error in peak load has been reduced from 2.45% to
0.32%. In addition the MAE is reduced from 1.89% to
0.63% by using the fuzzy expert system for peak-load
updating.

Table 4: Forecast hourly loads from the fuzzy expert system
using updated peak load

Hour Actual Forecast Error (MW)  Error (%)
loads (MW) loads (MW)
1 7589.00 7589.39 -0.39 -3.61E-05
2 7277.00 7304.60 -27.60 -2.54E-03
3 7101.00 7104.00 -3.01 -2.77E-04
4 6892.00 6952.93 -60.93 -5.62E-03
5 6763.00 6830.42 -67.42 -6.21E-03
6 6681.00 6778.23 -97.23 -8.96E-03
7 6670.00 6767.99 -97.99 —9.03E-03
8 7242.00 7342.82 -100.82 -9.29-03
9 9333.00 9283.64 49.36 4.55E-03
10 10068.00 994262 125.38 1.16E-02
1 10393.00 10403.58 -10.58 —9.75E-04
12 10483.00 10523.30 -40.30 -3.72E-03
13 9384.00 9386.78 -2.78 -2.56E-04
14 10710.00 10635.13 74.87 6.90E-03
15 10848.00 10813.87 3413 3.15E-03
16 10658.00 10671.70 -13.70 -1.26E-03
17 10421.00 10509.84 —88.84 -8.19E-03
18 9587.00 9720.21 -133.21 -1.23E-02
19 9576.00 9620.75 —-44.75 -412E-03
20 9822.00 9889.73 -67.73 -6.24E-03
21 9538.00 9662.84 -124.84 -1.15E-02
22 9037.00 9184.76 -147.76 -1.36E-02
23 8696.00 8825.38 -129.38 -1.19E-02
24 8221.00 8316.00 -95.00 -8.76E-03
MAE =0.63%, RMSE=0.75%, forecast peak=10813.87 MW,

actual peak =10848 MW, error= —34.13 MW (0.32%), forecast
trough =6767.99 MW, actual trough = 6670 MW, error =
—97.99 MW ( - 0.90%)

To improve the accuracy of the forecast hourly loads
further, the trough load can also be updated by using the
fuzzy expert system in exactly the same way as that for
peak-load updating except that low temperature T,
should be used instead of high temperature T,. The

Table 5: Forecast hourly loads from the fuzzy expert system
using updated peak load and trough loads

Hour Actual Forecast Error (MW)  Error (%)
loads (MW) loads (MW)
1 7589.00 7510.32 78.68 7.256-03
2 7277.00 7218.54 58.46 5.39E-03
3 7101.00 7013.03 87.97 8.11E-03
4 6892.00 6858.25 33.75 3.11E-03
5 6763.00 6732.73 30.27 2.79E-03
6 6681.00 6679.26 1.74 1.60E-04
7 6670.00 6668.77 1.23 1.14E-04
8 7242.00 7257.70 -15.70 -1.45E-03
9 9333.00 9246.11 86.89 8.01E-03
10 10068.00 9921.26 146.74 1.35E-02
11 10393.00 10393.52 ~-0.52 —4.79E-05
12 10483.00 10516.18 -33.18 -3.06E-03
13 9384.00 9351.78 32.22 2.97E-03
14 10710.00 10630.75 79.25 7.31E-03
15 10848.00 10813.87 34.13 3.15E-03
16 10658.00 10668.21 -10.21 -941£-04
17 10421.00 10502.38 -81.38 ~7.50E-03
18 9587.00 9693.39 -106.39 -9.81E-03
19 9576.00 9591.49 -15.49 -1.43E-03
20 9822.00 9867.06 -45.06 -415E-03
21 9538.00 9634.62 —-96.62 -8.91E-03
22 9037.00 9144.81 -107.81 -9.94E-03
23 8696.00 8776.62 -80.62 —7.43E-03
24 8221.00 8254.75 -33.75 -3.11E-03
MAE =0.50%, RMSE=0.62%, forecast peak =10813.87 MW,

actual peak = 10848 MW, error=34.13 MW (0.32%), forecast
trough = 6668.77 MW, actual trough = 6670 MW, error =1.23 MW
(0.01%)
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detailed procedures and membership functions for
trough-load update are not presented owing to limits on
space. The final forecast loads are listed in Table 5. By
comparing the results in Table 4 and Table 5, it is found
that the error in trough load has been reduced from 0.9%
to 0.01% while the MAE is reduced from 0.63% to 0.5%.
It is concluded that through the updating of peak load
and trough load, the accuracy of the forecast hourly
loads can be significantly improved by the proposed
fuzzy expert system.

5 Conclusions

A fuzzy expert system has been designed for short-term
load forecasting. The uncertainties in weather variables
and statistical model are taken into account by using the
fuzzy set theory. The operator’s heuristic rules are also
incorporated into the system. Two approaches based on
the minimum-maximum algorithm and the equal-area
algorithm are proposed to determine the most desirable
change in peak (trough) load from separate sources of
fuzzy information. The accuracy of the forecast hourly
loads can be significantly improved after the peak load
and trough load are updated by the fuzzy expert system.
The designed fuzzy expert system has been successfully
applied to forecast the hourly loads of the Taiwan Power
Company.
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