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Abstract—Due to the lack of natural resources, the majority of
energy in many countries must depend on import, and the
corresponding cost is expensive and affected by international
market fluctuation and control. In recent years, an intelligent
micro- grid system composed of renewable energy sources is
becoming one of the interesting research topics. The
forecasting of short-term loads enables the intelligent
micro-grid system to manipulate an optimized loading and
unloading control by measuring the electrical supply each
hour for achieving the best economical and power efficiency.
Therefore, this study investigates a fuzzy neural network (FNN)
with varied learning rates for the short-term load forecasting
(STLF), and compares its better forecasting performance
with a conventional neural network (NN) by numerical
simulations of a real case in Taiwan campus.

Keywords—Fuzzy neural network, varied learning rates,
short-term load forecasting.

[. INTRODUCTION

Nowadays, the research topic of short-term load
forecasting (STLF) becomes an important issue for power
system operations. In general, the objective of
high-precision STLF is difficult to reach due to complex
effects on load by a variety of factors. In the past researches,
various STLF methods have been investigated [1],
including exponential smoothing [2], regression [3],
Box-Jenkins models [4], Kalman filter [5], state space
model [6], and time series techniques [6]. These
frameworks were developed based on statistical methods
and proven to work well under normal conditions. However,
these methods show some deficiency in the presence of an
abrupt change in environment or sociological variables,
which are believed to affect load patterns. Besides, the
employed techniques for these models in [1]-[6] use a large
number of complex relationships and require a long
computational time, so that the desired forecasting accuracy
can not be achieved.

In recent years, artificial intelligent methods have
attracted more attention in application to load forecasting,
such as pattern recognition [7], expert system techniques
[8]-[10], neural network (NN) [11]-[14] and fuzzy logic
system [15], [16]. Amjady, Daracepour, and Keynia [11]
comprised a modified version of a relief algorithm for the
feature selection and a hybrid neural network to forecast the

day-ahead electricity price. Bashir and El-Hawary [12]
proposed adaptive artificial neural networks with particle
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swarm optimization to forecast the hourly load. In the
previous literatures [15], [16], fuzzy logic was designed for
short-term and midterm load forecasting. Unfortunately, the
detailed action behavior in the NN is difficult to handle
clearly, and how to build appropriate rules in the fuzzy
system is the major problem to be solved. Therefore, the
concept of incorporating fuzzy logic into a neural network
has grown into a popular research topic [17]. The integrated
fuzzy-neural-network (FNN) system possesses the merits of
both fuzzy systems (e.g., humanlike IF-THEN rules
thinking and ease of incorporating expert knowledge) and
neural networks (e.g., learning and optimization abilities,
and connectionist structures). By this way, one can bring the
low-level learning and computational power of neural
networks into fuzzy systems and also high-level, humanlike
IF-THEN rule thinking and reasoning of fuzzy systems into
neural networks [18]-[20].

This study investigates a FNN forecaster with varied
learning rates for the STLF model, and compares its better
forecasting performance with a conventional NN forecaster.
The back-propagation algorithm is used to train the FNN
on line. Moreover, to guarantee the convergence of
forecasting error, analytical methods based on a
discrete-type Lyapunov function are proposed to determine
the wvaried learning rates of the FNN. This study is
organized into five sections. Following the introduction, the
network structure of a four-layer FNN is described, and the
on-line training algorithm for the FNN with varied learning
rates is derived in Section II. Moreover, the proposed STLF
model via the FNN forecaster is illustrated in Section III. In
Section IV, numerical simulations are given to verify the
effectiveness of the proposed strategy in terms of mean
average percentage error (MAPE). Finally, some
conclusions are drawn in Section V.

II. Fuzzy NEURAL NETWORK
A. Description of Network Structure

A general four-layer fuzzy neural network (FNN) as
shown in Fig. 1, which is composed of the input (the i
layer), membership (the j layer), rule (the k& layer) and
output layers (the o layer), is adopted to implement the
proposed FNN forecaster. Nodes in the input layer
represent the input linguistic variables. Nodes in the
membership layer act as the membership functions.
Moreover, all the nodes in the rule layer form a fuzzy rule
base. The signal propagation and the basic function of each
layer are introduced as follows.
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Layer 1: input layer
For every node i in this layer, the net input and the net

output can be represented as
net! =x,, y = f'(net)=net| (D)

where x, represents the ith input to the node of layer 1.

Output
Layer

Rule
Layer

=

Membership
Layer

Fig. 1.

Structure of four-layer fuzzy neural network (FNN).

Layer 2: membership layer

In this layer, each node performs a membership
function. The Gaussian function is adopted as the
membership function. For the jth node

2 2
Giom)y @

(0,

where m; and o, are, respectively, the mean and the

2 2 2/, 2 2
net; =— , Yy = [ (net;)=exp(net;)

standard deviation of the Gaussian function in the jth term
of the ith input linguistic variable x’ to the node of layer
2.

Layer 3: rule layer

Each node k in this layer is denoted by [, which
multiplies the incoming signal and outputs the result of
product. For the kth rule node

3 _ 3.3 33 3\ 3
net; = I IWkaj’ v, = f{ (net)) = net;
j

where xj_ represents the jth input to the node of layer 3,

3

and Wj’k is assumed to be unity.

Layer 4: output layer

The single node o in this layer is labeled as ¥, which
computes the overall output as the summation of all
incoming signals.
yj = fo4 (net:) = nel: 4)

where the link weight ! is the output action strength of

4 _ 4 4
net, = %w,mxk ,

the oth output associated with the kth rule; x,f represents

the kth input to the node of layer 4, and * is the output
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of the FNN forecaster.

B.  On-Line Learning Algorithm

The central part of the learning algorithm for an FNN
concerns how to recursively obtain a gradient vector in
which each element in the learning algorithm is defined as
the derivative of an energy function with respect to a
parameter of the network. This is done by means of the
chain rule, and the method is generally referred to as the
back-propagation learning rule, because the gradient vector
is calculated in the direction opposite to the flow of the
output of each node [17]. To describe the on-line learning
algorithm of the FNN using the supervised gradient decent
method, first the energy function £ is defined as

Ez(x‘/—x,)2/2=ez/2
where x 5
actual load, and e denotes the output error between the
forecasting load and the actual load. Then, the learning
algorithm is described as follows.

6))

and x, represent the forecasting load and the

Layer 4:
The error term to be propagated is given by
sio_OE _|_JE de | | OF de 0%, ©)
° o ay! de dy! de dx, dy!
and the weight is updated by the amount
JE JE |[ &' et
Aw! =— =ln —|| =" =00 (7)
Wka nw a\/V:o |: nw ayj:|[anet;1 8\4/:0 nw axk

The weights of the output layer are updated according to
the following equation:

wi (N+1)=w (N)+Aw,, (8
where the factor 7 =~ is the learning-rate parameter of the
weight, and N denotes the number of iteration.

Layer 3:

Since the weights in this layer are unity, only the error
term needs to be calculated and propagated.

OE { aE}[ ' onet' o

“onett | ' | ohet” ») onet’
Layer 2:

The multiplication operation is done in this layer. The
error term is computed as follows:

JE
6'2 :_07net?
[ oner;
L b onert ) ohet? || P oner?

JE o' Onet! o,
Moreover, the variations of m; and o, can be expressed

5 - ot ©

(10)

}%ﬁyi

as
2(x% —m.
Ay =, 2 52 20 (i
o, - (gy)
2(x> —m.)?
AO';,- __ﬂg&_E: - 12(1—311) (12)
' do, ' (o)



where 7 ~and 7 are the learning-rate parameters of the

mean and the standard deviation of the Gaussian function.
The mean and standard deviation of the membership layer
are updated as follows:

my (N +1)=m,(N)+Am, (13)
o, (N+1)=0,(N)+Ac, (14)

C. Convergence Analyses

Selection of the values for the learning-rate parameters
has a significant effect on the network performance. In
order to train the FNN effectively, three varied learning
rates, which guarantee convergence of the output error
based on the analyses of a discrete-type Lyapunov function,
are derived in this section. The convergence analyses in this
study are to derive specific learning-rate parameters for
specific types of network parameters to assure convergence
of the output error.

Theorem 1: Let 7 be the learning-rate parameter of the
FNN weights and let P be

P(N)| - where P (N)=dy;/ow,, and
is the Euclidean norm in R". The convergence is
*)=A/R,,in
which 4 1is a positive constant gain, and R, is the

defined as

P, . =max,

wmax

guaranteed if n, is chosen as n,=A/(P

wmax

number of rules in the FNN.
Proof: Since

4
PW(N)=§$§O =x (15)
Thus
|2V <R, (16)
Then, a discrete-type Lyapunov function is selected as
V(N)=¢e*(N)/2 a7

The change in the Lyapunov function can be obtained by
AV(N)=V(N+1)=V(N)=[e*(N+1)—e*(N)]/2 (18)

The error difference can be represented by

de(N)

4
Wlm

T
e(N+1)=e(N)+Ae(N) =e(N) +[ } Aw!  (19)
where Aw; represents a weight change in the output layer.
By using (6), (7) and (19), then

de(N) de(N)dy. &)

= =——2_P (N (20)
aow, ady! Idw e(N) »(N)

e(N+1)=e(N)—L(5]”;) PW(N)} n,d! P,(N) 2D

-1, %wy ) PEOOR)

2):1/Ru , the term

Then

le(N +D)|| < [le(V) 22)

If 5, is chosen as n,=A/(P

wmax
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Hl_m’(&;‘/e(]v))z PI(N)P,(N)| in (22) is less than 1.

Therefore, the Lyapunov stability of >0 and AV <0
is guaranteed. The output error between the forecasting
load and the actual load will converge to zero as ¢ — oo .
This completes the proof of Theorem 1.

In order to prove Theorem 2, the following lemmas [18]
will be used.

Lemma 1 : Let p(z)=zexp(-z’) . Then |p(z)|<1,
Vze R.
Lemma 2 : Let ¢(z)=z’exp(-z?) - Then |q(z)|<1,
Vze R.

Theorem 2: Let 7 and 7 be the learning-rate
parameters of the mean and the standard deviation of the

Gaussian function for the FNN; let p ~ be defined as
P, =maxy|P,(N)| » where P (N)=0y:[dm, ; let

mmax

P, be defined as P =max, || P.( N)" , where
Pg(N):&y;‘/&o-y_; |-|| is the Euclidean norm in %".

The convergence is guaranteed if 77 and 7 is chosen

as nm = 770‘ = 77w[ W/jamax (z/o-l'jmin )]72 ’ in Wthh nw = ﬂ'/Ru >
A 1s a positive constant gain; W:omax = maxN[W:o M)
O,in = maxy [0, (N)] 5 | . | is the absolute value.

Proof: According to lemma 1,

[ =m)) [0, Jexpi=[ (7 =m))/o, ]2 }‘ <1.Since

Iy N) _ . 9V

B,(N)=

am S am,
(23)
< {max[i]} =l { 2 ]
o, o
ij ij min
Thus,
"Pm (N)" < \/R7u leomax (2/O-g'fmin) (24)
The error difference can also be represented by
T
e(N+1) = e(N) + Ae(N) = e(N) + {@} Am, (25)
i

where Amij represents a change of the mean of the

Gaussian function in the membership layer. By using (6),
(11) and (25), then
Jde(N) de(N)dy, o

= =——2° P(N 26
dmy dy, dm, e(N) n (V) (20

4

e(N+1)=e(N)—{%]’;])Pm(N)} n, 6. P,(N) 27

1% % (N)P'"(N)H e8)

Then

e+ < e




If n is chosen as 77”1:/1/ RN[|W:UW (2/o-ijmm)]72:

n,l (2/ O min = ‘

in (28) is less than 1. Therefore, the Lyapunov stability of
V>0 and AV <0 by (17) and (18) is guaranteed. The
output error between the forecasting load and the actual
load will converge to zero as ¢ — o .

1-1, (8 [e(N))" PL (NP, (N)

4
ko max

According to lemma 2,
(G =my)/0,T expi-{(x] —m,) [0, T}| <1 Since
4 N 0’) 2
P.(N)= 2y,( )=W:0 Y
do; do,
(29)
<wt dmax| 2 L=t | 2
O-ij O-ijmin
Thus,
"Pa (N)" < \/R7u leomax (z/o-ifmin) (30)
The error difference can also be represented by
T
e(N+1) = e(N)+Ae(N) = e(N) +{&;(N } Ag, (1)
o; ‘

where Ao-ij represents a standard deviation change of the

Gaussian function in membership layer. By using (6), (12)
and (31), then

076(N)=076(N) ay! __ N PV (32)
Jdo, dy, do, eN)°
5 !
= B 4 33
e(N+D)=e(N) L(N)PG(N)} 1,0, F,(N) (33)

Then

e+ D < e

RALZE: (N)PU(N)H (34)

(2/C )]

7.l (20,17 > [1-7,(8; [e(N)) B (NP, (V)|
in (34) is less than 1. Therefore, the Lyapunov stability of
V>0 and AV <0 by (17) and (18) is guaranteed. The
output error between the forecasting load and the actual
load will converge to zero as ¢ — . This completes the
proof of Theorem 2.

If , is chosen as 75, =A/R, [|W;‘0max

4
Wlm max

III. SHORT-TERM LOAD FORECASTING MODEL

In general, the historical load data are usually used as
the input for the short-term load forecasting (STLF) model.
However, how to properly select characteristic data is a key
question. To forecast the load at the next hour, the common
practice is to use the most recently available load data, i.e.,
the yesterday load on the same hour. In the past research,
the load data at the closed hour was selected to be the input
for the STLF model. But, this selection method is not
enough to completely appear the features for the forecasting
hour. In order to improve the forecasting performance, a
similar hour method is used to select the input variable for
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the STLF model.

The load patterns for weekdays are almost similar while
those for weekends are different from weekdays due to
social activities. Therefore, load information data for an
entire week are considered. Moreover, all hours for a day
will be considered because the daytime and night have
different load features. In addition, a sudden load variation
has a large influence for the forecasting performance. In
order to prevent decreasing the forecasting accuracy from
the sudden load variation, the data at the closed hours have

to be considered.

Selection of input variables from
database

A

Pretreatment

A

of input data

Y

Network structure

Y

Output forecasting result

A

Calculate forecasting error

Y

Update network weight

A

Update mean and standard deviation

Y

Update learning rate

No

Yes

Fig. 2. Flowchart of neural-network-based short-term load forecasting
(STLF).



According to the aforementioned consideration, a
similar hour-based fuzzy neural network (FNN) forecaster
as shown in Fig. 1 is designed to forecast the next hour’s
load. The flowchart of the proposed STLF model is
depicted in Fig. 2. Three major factors including the load
data at the same hour with the forecasting hour for
yesterday, the load data at the same hour with the
forecasting hour for the last week, and the load data at the
closed hour with the forecasting hour are considered for the
FNN forecaster. It will be helpful for simplifying the FNN
structure and reducing the computation burden. In the
proposed STLF model, the pretreatment of input data is to
use the corresponding change rate in place of real data for
normalizing input signals.

In this study, there are three input signals including the
load data at the same hour with the forecasting hour for
yesterday, and the load data at the same hour with the
forecasting hour for the last two week, and one output
signal for the FNN forecaster.

x =[x, (t=24)— x,(t - 25)]/ x,(t — 25) (35)
x) =[x, (t—168) - x,(t —169)]/ x,(t —169) (36)
x) =[x, (¢=336) = x,(t =337)]/ x,(t = 337) (37)

where ¢ is the present hour. Because the main target in the
proposed STLF model is to forecast the change rate
between X,(#—1) and x,(¢), the forecasting load x,(7)
at the next hour can be represented as
xf(t)z(l+yl4)x,(t—l) (38)
between X,(f) and x(f) is
continuously calculated to update the weights, the means,
the standard deviations and the learning rates of the FNN
forecaster until this program is finished. The effectiveness

of the proposed STLF model is verified by the following
numerical simulations.

The output error
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Fig. 3. Numerical simulations of STLF model with FNN forecaster in
March: (a) Month forecasting performance; (b) Month forecasting error; (c)
Week forecasting performance; (d) Week Forecasting error.

IV. NUMERICAL SIMULATIONS

Numerical simulations of the proposed short-term load
forecasting (STLF) model are implemented via the
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MATLAB software based on the schemes as shown in Figs.
1 and 2. In this study, the following mean absolute
percentage error (MAPE) is adopted to measure the
forecasting performanoe

=x(0)
MAPE = [

1x100% 39
where M is the number of forecasting loads. In the
numerical simulations, real data came from the energy
management system in Yuan Ze University, Taiwan is used
for examining the forecasting performance. In the fuzzy
neural network (FNN) forecaster, there are three inputs in
the input layer, nine neurons in the membership layer,
twenty-seven neurons in the rule layer, one output in the
output layer, and the learning rates are tuned according to
Theorems 1 and 2 in Section II-C. For exhibiting the
superiority of the proposed FNN forecaster with varied
learning rates, a conventional neural network (NN) with the
back-propagation learning algorithm is also examined here.
In the NN forecaster, there are three inputs in the input layer,
nine neurons in the hidden layer, one output in the output
layer, and the learning rates are fixed at 0.5. The input and
output signals of the NN forecaster are the same as the FNN
forecaster as shown in (35)—(38).
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Fig. 4. Numerical simulations of STLF model with FNN forecaster in
May: (a) Month forecasting performance; (b) Month forecasting error; (c)

Week forecasting performance; (d) Week Forecasting error.
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According to season factor and campus environment,
the load data at four months (March, May, October and
November in 2010) are selected. Numerical illustrations of
the STLF model with the proposed FNN forecaster are
depicted in Figs. 3—6. For all illustrations given in Figs. 3-6,
the sub-figure (a) is the forecasting performance for a
month; the sub-figure (b) is the forecasting error for a
month; the sub-figure (c) is the forecasting performance for
a week; the sub-figure (d) is the forecasting error for a week.
The corresponding MAPE records of the STLF model with
the conventional NN forecaster and the proposed FNN
forecaster for different months are summarized in Table I.
From these records, the MAPE value of the proposed STLF
model with the FNN forecaster at different testing months is
lower than 4.1%, and the average improvement rate in
comparison with the conventional NN forecaster is 13.2%.
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Fig. 5. Numerical simulations of STLF model with FNN forecaster in
October: (a) Month forecasting performance; (b) Month forecasting error;
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Fig. 6. Numerical simulations of STLF model with FNN forecaster in
November: (a) Month forecasting performance; (b) Month forecasting
error; (c) Week forecasting performance; (d) Week Forecasting error.

TABLE I. MAPE OF FORECASTING RECORDS FOR DIFFERENT MONTHS
Network structure March May | October | November
Fuzzy neural network | 3.97% | 4.04% | 3.69% 3.98%
Neural network 4.8% 4.38% 4.41% 4.48%

V. CONCLUSIONS

This study has successfully developed a short-term load
forecasting (STLF) model with a fuzzy neural network
(FNN), and applied well to a real case in Taiwan campus.
Due to the selection of similar hour data, the network
structure can be simplified, and the computation time can
be shortened. In order to guarantee the convergence of
forecasting error, analytical methods based on a
discrete-type Lyapunov function are proposed to determine
varied learning rates for the on-line learning algorithm of
the FNN forecaster. According to simulated results, the
proposed STLF model with the FNN forecaster indeed
yields better performance than the one with the
conventional NN forecaster, and the average improvement
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rate is 13.2%. In the future, the proposed STLF model could
be modified and extended to midterm and long-term load
forecasting.
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