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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. 
 

I.  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, Daraeepour, 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 

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 varied 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. This work was supported by the Institute of Nuclear Energy Research of 

Taiwan, R.O.C. through grant number 1002001INER065. 
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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 
 1 1 1 1 1 1, ( )i h i i i inet x y f net net= = =  (1) 
where 1

hx  represents the ith input to the node of layer 1. 
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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 
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where 
ijm  and 

ijσ  are, respectively, the mean and the 
standard deviation of the Gaussian function in the jth term 
of the ith input linguistic variable 2

ix  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 3 3 3 3, ( )k jk j k k k k

j

net w x y f net net= = =∏  (3) 

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

and 3
jkw  is assumed to be unity.  

Layer 4: output layer 
The single node o in this layer is labeled as Σ , which 

computes the overall output as the summation of all 
incoming signals.  
 4 4 4 4 4 4 4, ( )o ko k o o o o

k
net w x y f net net= = =  (4) 

where the link weight 4
kow  is the output action strength of 

the oth output associated with the kth rule; 4
kx  represents 

the kth input to the node of layer 4, and 4
oy  is the output 

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 E is defined as 
 2 2( ) / 2 / 2f lE x x e= − =  (5) 
where 

fx  and 
lx  represent the forecasting load and the 

actual load, and e denotes the output error between the 
forecasting load and the actual load. Then, the learning 
algorithm is described as follows. 

Layer 4:  
The error term to be propagated is given by  
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4 4 4

l
o

lo o o

xE E e E e
e e xy y y

∂∂ ∂ ∂ ∂ ∂δ
∂ ∂ ∂∂ ∂ ∂

= − = − = −  (6) 

and the weight is updated by the amount 
4 4

4 4 4
4 4 4 4

o o
ko w w w o k

ko o o ko

y netE Ew x
w y net w

∂ ∂∂ ∂η η η δ
∂ ∂ ∂ ∂

Δ = − = − =  (7) 

The weights of the output layer are updated according to 
the following equation: 
 4 4 4( 1) ( )ko ko kow N w N w+ = + Δ  (8) 
where the factor 

wη  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.  
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Layer 2:  
The multiplication operation is done in this layer. The 

error term is computed as follows: 
2
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Moreover, the variations of 
ijm  and 

ijσ  can be expressed 
as 
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where 
mη  and ση  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:  
 ( 1) ( )ij ij ijm N m N m+ = + Δ  (13) 
 ( 1) ( )ij ij ijN Nσ σ σ+ = + Δ  (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 

wη  be the learning-rate parameter of the 
FNN weights and let 

wmaxP  be defined as 

( )wmax N wP max P N≡ , where ( ) 4 4
w o koP N y w∂ ∂=  and 

⋅  is the Euclidean norm in nℜ . The convergence is 

guaranteed if 
wη  is chosen as 2/ ( )w wmax uP Rη λ λ= = , in 

which λ  is a positive constant gain, and 
uR  is the 

number of rules in the FNN. 
Proof: Since  
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Thus 
 ( )w uP N R<  (16) 
Then, a discrete-type Lyapunov function is selected as 
 2( ) ( ) / 2V N e N=  (17) 
The change in the Lyapunov function can be obtained by 
 2 2( ) ( 1) ( ) [ ( 1) ( )] / 2V N V N V N e N e NΔ = + − = + −  (18) 
The error difference can be represented by 

 4
4

( )( 1) ( ) ( ) ( )
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where 4
kowΔ  represents a weight change in the output layer. 

By using (6), (7) and (19), then 
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( 1) ( ) 1 ( ) ( )( )
To

w w we N e N P N P Ne N
δη+ ≤ −  (22) 

If 
wη  is chosen as 2/ ( )w wmax uP Rη λ λ= = , the term 

( )241 ( ) ( ) ( )T
w o w we N P N P Nη δ−  in (22) is less than 1. 

Therefore, the Lyapunov stability of 0V >  and 0VΔ <  
is guaranteed. The output error between the forecasting 
load and the actual load will converge to zero as t → ∞ . 
This completes the proof of Theorem 1.  

In order to prove Theorem 2, the following lemmas [18] 
will be used.  
Lemma 1 : Let 2( ) ( )p z z exp z= − . Then ( ) 1p z < , 

z∀ ∈ℜ . 
Lemma 2 : Let 2 2( ) ( )q z z exp z= − . Then ( ) 1q z < , 

z∀ ∈ℜ . 
 
Theorem 2: Let 

mη  and ση  be the learning-rate 
parameters of the mean and the standard deviation of the 
Gaussian function for the FNN; let 

mmaxP  be defined as 

( )m max N mP max P N≡ , where 4( )m o ijP N y m∂ ∂= ; let 

maxPσ  be defined as ( )max NP max P Nσ σ≡ , where 
4( ) o ijP N yσ ∂ ∂ σ= ; ⋅  is the Euclidean norm in nℜ . 

The convergence is guaranteed if 
mη  and ση  is chosen 

as 4 2[ (2 )]m w ko max ij minwση η η σ −= = , in which 
w uRη λ= ; 

λ  is a positive constant gain; 4 4
max [ ( )]ko N kow max w N= ; 

min [ ( )]ij N ijmax Nσ σ= ; ⋅  is the absolute value. 
Proof: According to lemma 1, 

22 2[( ) ] { ( ) } 1i ij ij i ij ijx m exp x mσ σ− − − < . Since 
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Thus, 
 4( ) (2 )m u ko max ij minP N R w σ<  (24) 

The error difference can also be represented by 

 ( )( 1) ( ) ( ) ( )
T

ij
ij

e Ne N e N e N e N m
m

∂
∂

+ = + Δ = + Δ  (25) 

where 
ijmΔ  represents a change of the mean of the 

Gaussian function in the membership layer. By using (6), 
(11) and (25), then 

 
4 4

4

( ) ( ) ( )
( )

o o
m

ij ijo

ye N e N P N
m m e Ny

∂ δ∂ ∂
∂ ∂∂

= = −  (26) 

 
4

4( 1) ( ) ( ) ( )
( )

T

o
m m o me N e N P N P N

e N
δ η δ+ = −  (27) 

Then 

 
24

( 1) ( ) 1 ( ) ( )( )
To

m m me N e N P N P Ne N
δη+ ≤ −  (28) 

2428



If 
mη  is chosen as 24

min[ (2 )]m u ko max ijR wη λ σ
−

= =  

4 2
min[ (2 )]w ko max ijwη σ − , ( )241 ( ) ( ) ( )T

m o m me N P N P Nη δ−  

in (28) is less than 1. Therefore, the Lyapunov stability of 
0V >  and 0VΔ <  by (17) and (18) is guaranteed. The 

output error between the forecasting load and the actual 
load will converge to zero as t → ∞ .  

According to lemma 2, 
2 2 2 2[( ) ] { [( ) ] } 1i ij ij i ij ijx m exp x mσ σ− − − < . Since  

 

24
4

4 4

( )
( )

2 2

jo
ko

ij ij

ko ko
ij ij min

yy NP N w

w max w

σ

∂∂
∂ σ ∂ σ

σ σ

= =

< =

 (29) 

Thus, 
 4( ) (2 )u ko max ij minP N R wσ σ<  (30) 
The error difference can also be represented by  

 ( )( 1) ( ) ( ) ( )
T

ij
ij

e Ne N e N e N e N ∂ σ
∂ σ

+ = + Δ = + Δ  (31) 

where 
ijσΔ  represents a standard deviation change of the 

Gaussian function in membership layer. By using (6), (12) 
and (31), then 
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If ση  is chosen as 4 2
min[ (2 )]u ko max ijR wση λ σ −= =  

4 2
min[ (2 )]w ko max ijwη σ − , 4 21 ( ( )) ( ) ( )T

o e N P N P Nσ σ ση δ−  
in (34) is less than 1. Therefore, the Lyapunov stability of 

0V >  and 0VΔ <  by (17) and (18) is guaranteed. The 
output error between the forecasting load and the actual 
load will converge to zero as t → ∞ . This completes the 
proof of Theorem 2. 
 

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 

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.  

 
Fig. 2.  Flowchart of neural-network-based short-term load forecasting 
(STLF). 
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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.  
 1

1 [ ( 24) ( 25)] / ( 25)l l lx x t x t x t= − − − −  (35) 
 1

2 [ ( 168) ( 169)] / ( 169)l l lx x t x t x t= − − − −  (36) 

 1
3 [ ( 336) ( 337)] / ( 337)l l lx x t x t x t= − − − −  (37) 

where t is the present hour. Because the main target in the 
proposed STLF model is to forecast the change rate 
between ( 1)lx t −  and ( )lx t , the forecasting load ( )fx t  
at the next hour can be represented as 
 4

1( ) (1 ) ( 1)f lx t y x t= + −   (38) 

The output error between ( )fx t  and ( )lx t  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. 
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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 

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 performance:  

   
1

( ) ( )1 [ ] 100%
( )

M
f l

t l

x t x t
MAPE

M x t=

−
= ×  (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. 

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; 
(c) Week forecasting performance; (d) Week 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 

rate is 13.2%. In the future, the proposed STLF model could 
be modified and extended to midterm and long-term load 
forecasting. 

 
REFERENCES 

[1] N. Amjady and F. Keynia, “Short-term load forecasting of power 
systems by combination of wavelet transform and 
neuro-evolutionary algorithm,” Energy, vol. 34, no. 1, pp. 46–57, 
Jan. 2009.  

[2] B. Billah, M. L. King, R. D. Snyder, and A. B. Koehler, 
“Exponential smoothing model selection for forecasting,” Int. J. 
Forecast., vol. 22, no. 2, pp. 239–247, June 2006. 

[3] E. E. Elattar, J. Y. Goulermas, and Q. H. Wu, “Electric load 
forecasting based on locally weighted support vector regression,” 
IEEE Trans. Syst., Man, Cybern., vol. 40, no. 4, pp. 438–447, Jul. 
2010. 

[4] Y. Lu and S. M. AbouRizk, “Automated Box Jenkins forecasting 
modelling,” Automation in Construction, vol. 18, no. 5, pp. 547–558, 
Aug. 2009. 

[5] S. C. Huang, “Online option price forecasting by using unscented 
Kalman filters and support vector machines,” Expert Systems with 
Applications, vol. 34, no. 4, pp. 2819–2825, May 2008. 

[6]  M. Shahidehpour, H. Yamin, and Z. Li, Market Operations in 
Electric Power Systems. New York: John Wiley & Sons, 2002. 

[7] A. S. Dehdashti, J. R. Tudor, and M. C. Smith, “Forecasting of 
hourly load by pattern recognition-a deterministic approach,” IEEE 
Trans Power Syst., vol. 101, no. 9, pp. 3290–3294, Sept. 1982. 

[8] S. Rahman and R. Bhatnagar, “An expert system based algorithm for 
short term load forecast,” IEEE Trans Power Syst., vol. 3, no. 2, pp. 
392–399, May 1988. 

[9] S. Rahman and O. Hazim, “Generalized knowledge-based short-term 
load forecasting technique,” IEEE Trans Power Syst., vol. 8, no. 2, 
pp. 508–514, May 1993. 

[10] K. L. Ho, Y. Y. Hsu, C. F. Chen, T. E. Lee, C. C. Liang, T. S. Lai, 
and K. K. Chen, “Short term load forecasting of Taiwan power 
system using a knowledge-based expert system,” IEEE Trans Power 
Syst., vol. 5, no. 4, pp. 1214–1221, Nov. 1990. 

[11] N. Amjady, A. Daraeepour, and F. Keynia, “Day-ahead electricity 
price forecasting by modified relief algorithm and hybrid neural 
network,” IET Gener. Transm. Distrib., vol. 4, no. 3, pp. 432–444, 
July 2010. 

[12] Z. A. Bashir and M. E. El-Hawary, “Applying wavelets to short-term 
load forecasting using PSO-based neural networks,” IEEE Trans 
Power Syst., vol. 24, no. 1, pp. 20–27, Feb. 2009. 

[13] E. González-Romera, M. A. Jaramillo-Morán, and D. 
Carmona-Fernández, “Monthly electric energy demand forecasting 
based on trend extraction,” IEEE Trans. Power Syst., vol. 21, no. 4, 
pp.1946–1953, Nov. 2006. 

[14] P. C. Chang, C. Y. Fan, and C. H. Liu, “Integrating a piecewise 
linear representation method and a neural network model for stock 
trading points prediction,” IEEE Trans. Syst., Man, and Cybern., vol. 
39, no. 1, pp. 80–92, Jan. 2009. 

[15] V. H. Hinojosa and A. Hoese, “Short-term load forecasting using 
fuzzy inductive reasoning and evolutionary algorithms,” IEEE Trans. 
Power Syst., vol. 25, no. 1, pp. 565–574, Feb. 2010.  

[16] N. E. Charalambos and D. H. Nikos, ‘‘An annual midterm energy 
forecasting model using fuzzy logic,” IEEE Trans. Power Syst., vol. 
24, no. 1, pp. 469–478, Feb. 2009. 

[17] C. T. Lin and C. S. George Lee, Neural Fuzzy Systems. New Jersey: 
Prentice-Hall, 1996. 

[18] F. J. Lin, R. J. Wai, and C. C. Lee, “Fuzzy neural network position 
controller for ultrasonic motor drive using push-pull DC-DC 
converter,” IEE Proc. Control Theory Appl., vol. 146, no. 1, pp. 
99–107, Jan. 1999. 

[19] R. J. Wai, H. H. Lin, and F. J. Lin, “Hybrid controller using fuzzy 
neural networks for identification and control of induction servo 
motor drive,” Neurocomputing, vol. 35, no. 4, pp. 91–112, Nov. 
2000. 

[20] F. J. Lin and R. J. Wai , “Adaptive fuzzy-neural-network control for 
induction spindle motor drive,” IEEE Trans. Energy Conversion, vol. 
17, no. 4, pp. 507–513, Dec. 2002.  

 

2431



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks true
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName (Japan Color 2001 Coated)
      /DestinationProfileSelector /WorkingCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 400
        /LineArtTextResolution 1200
        /PresetName <FEFF005B9AD889E367905EA6005D>
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 0
      /MarksWeight 0.283460
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /JapaneseWithCircle
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed true
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


