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ABSTRACT: In this paper, an improved TSK-Type fuzzy 
neural network (FNN) is proposed for short-term load 
forecasting. The FNN is based on ellipsoidal basis function 
neurons consisting of a center vector and a width vector, and 
has the following features: structure identification and 
parameters estimation are performed automatically and 
simultaneously without partitioning the input space and 
selecting initial parameters in advance; fuzzy rules can be 
recruited or deleted dynamically during the learning process, 
and can be generated quickly without resorting to iteration 
algorithms. This growing and pruning fuzzy neural network 
(GPFNN) is simple and effective. It can not only reduce the 
complexity of the network but also accelerate the learning 
speed. The GPFNN is tested on the actual electric load data 
from EUNITE competition data. Results show that it provides 
the superior accuracy when applying in the short-term load 
forecasting. 

KEY WORDS: dynamic fuzzy neural network; short-term 
load forecasting; ellipsoidal basis function; fuzzy rules; 
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摘要：将改进的 TSK 型模糊神经网络(fuzzy neural network，
FNN)应用于短期负荷预测。该 FNN 由椭圆基函数构成神经

元的中心和宽度参数，并且具有以下特征：网络结构和参数

可自动并同时进行调整，不需提前分割输入空间，也不需提

前选择网络初始参数；模糊规则在学习过程中可动态增删，

不需采用迭代算法即可快速生成。这种模糊规则可动态增删

的模糊神经网络(growing and pruning fuzzy neural network，
GPFNN)简单有效，可以降低网络的复杂性，加快网络的学

习速度。使用 EUNITE 竞赛数据作测试数据对上述 GPFNN
方法进行测试，结果表明采用该方法进行短期负荷预测时可

获得较高的准确率。 

关键词：动态模糊神经网络；短期负荷预测；椭圆基函数；

模糊规则；EUNITE 竞赛数据 

0  Introduction 
Short-term electric load forecasting has become 

increasingly important and plays a crucial role in 
power systems[1-7]. Accurate short-term load 
forecasting can remarkably increase the operational 
efficiency of different areas of power systems, such as 
unit commitment, annual hydro-thermal maintenance 
scheduling, hydro-thermal coordination, demand side 
management, interchange evaluation, security 
assessment and others. Therefore, improvements in 
the accuracy of short-term load forecasting can result 
in significant financial savings for utilities and 
co-generators. Various forecasting techniques have 
been proposed in the last few decades. In the past, 
most algorithms applied in the load forecast problem 
relied on the statistical analysis, such as 
auto-regression[8] and time-series methods[9-10]. 
However, they are basically linear methods, and the 
load series they try to explain are known to be 
distinctly nonlinear functions of the exogenous 
variables[11-12]. The auto-regression model is not 
efficient in modeling the loads of weekends, holidays, 
and seasonal change periods. The time-series model 
must assume that the load is a stationary time series 
and has normal distribution characteristics. When the 
historical load data does not support this condition, 
the accuracy of the forecast is decreased. And the 
model becomes more complicated if other factors that 
influence the load are considered. 
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Recently, the artificial intelligence techniques has 
been carried out to handle load forecast problems. 
Several research groups have studied the application 
of artificial neural networks (ANN) in load 
forecasting[12-13]. ANN has the ability to learn and 
construct a complex nonlinear mapping through a set 
of input/output examples. It estimates a function 
without requiring a mathematical description of how 
the output functionally depends on the input. Fuzzy 
inference system (FIS) is an artificial intelligence 
technique for load forecasting[14]. FIS can offer a very 
powerful framework for approximate reasoning, as it 
attempts to simulate the human reasoning process at a 
cognitive level. Therefore, the artificial intelligence 
techniques are extremely suitable for load forecasting 
due to their capabilities in responding nonlinearity and 
general approximating. However, they still have some 
shortcomings to be resolved, such as low training 
speed, weaker searching capability for the overall 
optimal solution and difficulty in selecting the 
parameters and structure of the system. 

An improved method was proposed to use the 
fuzzy neural network (FNN) to adjust the network 
structure and parameters. FNN has the advantages of 
both neural networks (such as learning abilities, 
optimization abilities, and connectionist structures) 
and FIS (such as human-like IF-THEN rules thinking 
and ease of incorporating expert knowledge)[15]. The 
fuzzy neural system produces appropriate 
improvement for load forecasting[12, 16-17]. In this paper, 
a growing and pruning Takago-Sugeno-Kang (TSK) 
type fuzzy neural network (GPFNN) for the 
short-term load forecasting is proposed. It is based on 
an ellipsoidal basis function (EBF) neural network, 
which is functionally equivalent to the TSK model 
based fuzzy system. When the forecasting model is 
developed with the actual electric load data, the 
proposed method provides the excellent forecasting 
accuracy. 

This paper is organized as follows. In Section 1, 
the learning algorithm of GPFNN is introduced. 
Section 2 describes the load which is used for training 
the GPFNN method and the task of short-term load 

forecasting. In addition, results and observation of 
different models are showed in Section 2. Finally, 
Section 3 presents the conclusion. 

1  Structure and algorithm of GPFNN 
1.1  Structure of GPFNN 

GPFNN is a multi-input multi-output system 
which has r inputs and s outputs. With the structure 
based on the EBF neural network, it is functionally 
equivalent to the TSK model based fuzzy system. The 
functions of various nodes in each of the four layers of 
GPFNN are depicted in Fig. 1. 
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图 1  GPFNN 的结构 

Fig. 1  Structure of the GPFNN 
Each node in Layer 1 represents an input 

linguistic variable. And each node in Layer 2 
represents a membership function, which is of the 
following form of a Gaussian function: 

2 2( ) exp[ ( ) /(2 )]ij i i ij ijx x cμ σ= − −       (1) 

where i=1~r, j=1~u; ijμ  is the j th membership 
function of the i th input variable ix ; cij is the center 
of the j th Gaussian membership function of ix ; ijσ  
is the width of the j th Gaussian membership function 
of ix . 

Each node in Layer 3 represents a possible 
IF-part for fuzzy rules. For the j th node, its output is 
given by 

2 2
1 2

1
( , , , ) exp[ ( ) /(2 )]

r

j r i ij ij
i

x x x x cφ σ
=

= − −∑ , 

 1 ~j u=                 (2) 
The firing strength of each rule in Equation (2) 

can be regarded as a function of regularized 
Mahalanobis distance (M-distance). It is given by 

2exp[ ( )]j m jφ = −             (3) 
where 
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T( ) ( ) ( )j jm j = − −X C A X C        (4) 

is the M-distance; T
1 2[ , , , ] r
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Each node in Layer 4 represents the output 
variable as a weighted summation of incoming signals 
and is given by 

1 2
1

( , , , )
u

r j j
j

y x x x φ
=

=∑ω           (6) 

where y is the value of an output variable and 
jω  is the THEN-part (consequent parameters) or  

connection weight of the j th rule. For the TSK model, 
the consequents are the polynomials in the input 
variables and are given by 

0 1 1 , 1 ~ij j j rj rx x j uω α α α= + + + =     (7) 

Suppose that n fuzzy rules are generated for u 
observations. Equation (6) can be rewritten as follows 
in a more compact form 

= φY W                 (8) 

1.2  Learning algorithm of GPFNN 
1.2.1  Adding a fuzzy rule 

The learning algorithm of GPFNN can 
automatically add and remove fuzzy rules. When no 
new fuzzy rules are generated, only parameters are 
adjusted. GPFNN begins with no fuzzy rules. Two 
criteria are used in order to generate a new rule, 
namely system errors and ε -Completeness. 

Output error of GPFNN with respective to the 
training data is an important factor in determining 
whether or not a new rule should be recruited. It can 
be described as follows: 

For each observation ( , ), 1 ~k k k n=X t  (where n 
is the number of total training sets; kX  is the input 
variable; kt  is the k th desired output), compute the 
overall GPFNN output ky  of the existing structure 
using Equations (6). Define the system error as      

k k k= −e t y              (9) 
If 

ek k>e                (10) 

a new rule should be considered. Here, ek  is a 
predefined threshold that decays during the learning 
process. 

The second criterion is ε-Completeness of fuzzy 
rules. When an observation ( , ), 1 ~k k k n=X t  enters 

the system, we calculate the M-distance between 
kX and the center ( 1 ~ )j j n=C  of the existing EBF 

neurons according to Equation (4) and (5). We find 

1
arg min( ( ))kj u

J m j
≤ ≤

=           (11) 

If 
,min d( )k km m j k= >           (12) 

where dk  is a prespecified threshold that decays 
during the learning process, this implies that the 
existing system does not satisfied ε -Completeness 
and a new rule should be considered. 
1.2.2  Parameter adjustment 

A new Gaussian membership function is 
allocated whose width and center are set as follows: 

( 1)
k

i u ic x+ =                (13) 

1 1max{ , }
, 1 ~

ln( 1 )
i i i i

i
c c c c

i mσ
ε

− +− −
= =    (14) 

where 1−ic  and 1ic +  are the two centers of  

neighboring membership functions of i th membership 
function. 

The width of Gaussian membership function is 
significant for its generalization. If the width is less 
than the distance between adjacent inputs, the 
membership function cannot cover the state space of 
inputs. If the width is too large, the output of system 
may severely deviate from the normal values. For the 
above reasons, the width must be carefully selected. 

Suppose that u fuzzy rules are generated 
according to the two criteria stated above for n 
observation with r number of input variables. 
According to Equation (6), the following equation can 
be obtained: 

=W Yφ               (15) 

where ( 1)u r+∈RW ; ( 1)u r n+ ×∈Rφ ; n∈RY . 
Assume that the desired output is 1 2[ , , ,t t=T  

] n
nt ∈R . The problem of determining the optimal 

parameters ∗W can be formulated as a linear problem 
of minimizing 2−W Tφ , and ∗W is determined by 
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the pseudo-inverse technique as follows 
T 1 T( )∗ −=W T φ φ φ            (16) 

1.2.3  Pruning a fuzzy rule 
Hassibi and Storck developed the OBS method[18] 

in 1993, which can simultaneously cut connections 
between neurons and adjust weights according to the 
gradient of the error function. The OBS method 
identifies and deletes the weight that has the smallest 
effect on the neural network performance, and unlike 
other pruning methods, OBS also adjusts the 
remaining weights during the process of deleting a 
weight. In this paper, a modified OBS pruning method 
is utilized by correlating Hessian matrix with each 
hidden unit but not each weight. It relies on the 
sensitivity analysis of the weight parameter. The main 
idea is that the weight is critical, the slight change of 
the weight corresponds to a large change of the cost 
function. 

Suppose that u fuzzy rules are generated 
according to the two criteria stated above for n 
observation with r number of input variables. 
According to Equation (6), the outputs of N nodes of 
the system can be given by 

1
( ) ( ) ( ) ( )u

i ii
d k k k kε

=
= +∑ h θ      (17) 

The cost function of the system using a Taylor series 
is as follows 

( ) ( )Δ = + Δ − =B B w w B w   
T

3T1 ( )
2

O∂⎛ ⎞ Δ + Δ Δ + Δ⎜ ⎟∂⎝ ⎠
B w w H w w
w

   (18) 

where Δw  is the increase of weight; H is the Hessian 
matrix, its equation is as follows  

2

2
∂

≡
∂
BH
w

               (19) 

In the learning process, when the network reaches a 
local minimum, the following equation can be 
obtained 

T

0∂⎛ ⎞ Δ =⎜ ⎟∂⎝ ⎠
B w
w

             (20) 

and all higher order terms can be ignored. Then 
Equation (18) can be simply approximated as 

T1
2

Δ ≈ Δ ΔB w H w             (21) 

From Equation (17), the cost function is defined 

as the squared error as follows 

T 2

1

1( ) [ ( ) ( ) ]
2

n

i
k i i

=

= −∑B d p θ         (22) 

where T( ) ii =p h ; = wθ .  The Hessian matrix 
can be written in the following form 

2
T

2
1

( ) ( )
n
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=

∂
= =
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w

         (23) 

Because the dimension of Hessian matrix are 
equal to the number of hidden units in the network, 
the following equation exists 

1
m

ijj
i

w
w

m
==

∑
            (24) 

where m is the number of weights which connect with 
the i th hidden unit. Reference [19] demonstrates that 
the higher this sum is, the more important that unit is 
to the network. The saliency of the i th unit is as 
follows 

2

1
,2[ ]

i
i

i i

wS −=
H

            (25) 

We can see from Equation (25) that the smaller 
the value of the saliency is, the less important the 
neuron is. And if 

expiS S<             (26) 
the i th neuron should be deleted. Here, expS  is a 

predefined threshold. 
The flowchart of the learning algorithm is 

illustrated in Fig. 2. 
 Arrive observation (Xk, tk), k=1~n

Generate a new rule 

Satisfy the criteria of 
rule generation? 

Determine the parameters of the newly generated

Calculate Hessian matrix and the saliencies of
existing fuzzy rules 

Find the minimum saliency Si
If Si<Sexp 

Delete the i th rule 

Adjust the weight 
parameters 

END 

No

Yes 

Yes 

No

 
图 2  GPFNN 算法的学习流程 

Fig. 2  Learning flowchart of GPFNN 
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2  Short-term load forecasting 
2.1  Data and task description 

To search for the proper parameters, we need to 
assess the performance of models. To do this, we 
usually divide the training data into two sets. One is 
used to train a model, while the other, called the 
validation set, is used for evaluating the model. 
According to the performance of models on the 
validation set, we try to infer the proper values of 
system parameters. 

In this study, to evaluate the performance of the 
proposed load forecasting scheme, the GPFNN 
method was tested with data obtained from the 
well-known EUNITE competition data, to predict the 
maximum daily values of electric loads. The load data 
includes electric load demand recorded every half 
hour from January 1998 to January 1999. The training 
data used in this study covers the load data from 
January 1998 to December 1998. The task is to supply 
the prediction of maximum daily values of electric 
loads for each day of January 1999. 

The assessment of the prediction performance 
of different models was performed by quantifying 
the prediction obtained from an independent data set. 
The mean percentage error (MPE), mean absolute 
percentage error (MAPE) and maximal error (ME) 
are used to evaluate the performance of the 
forecasting model. MPE, MAPE and ME are defined 
as follows 

actual, predicted,
MPE,

actual,

100i i
i

i

L L
L

σ
−

= ×        (27) 

actual, predicted,
MAPE,

1 actual,

1 100
N

i i
i

i i

L L
N L

σ
=

−
= ×∑    (28) 

ME, actual, predicted,maxi i iL Lσ = −         (29) 
where actual,iL  and predicted,iL  are the real and the  

forecast data of maximum daily electric load on the 
i th day of the year 1999 respectively. N is the number 
of days in January 1999. 
2.2  Simulation result 

In this study, to forecast the peak load iL of the 

i th day, the training input data include seven input 
v a r i a b l e s :  1iL − , 2iL − , 3iL − , 4iL − , 5iL − , 6iL − , 7iL − .  

Therefore, the proposed GPFNN forecasting model 
consists of the seven-dimensional input and 
one-dimensional output. Before training the GPFNN 
model, there are some parameters, which influence the 
performance of the model, need to be chosen. In this 
paper, the following training parameters are chosen:  

e 0.995 9k = ; d 1.024 9k = ; exp 0.000 003S = . 

Tab. 1 shows the comparison between actual load 
and forecasting load of each day in January 1999. 
Fig. 3 shows the GPFNN forecasting result. From 
Tab. 1, we can see that GPFNN has good performance 
in peak load forecasting.  

Fig. 4 shows the comparison of the actual load, 
GPFNN forecasting load and radial basis function 
(RBF) forecasting load. The RBF neural network used 
in this paper is based on gradient descent learning 

表 1  GPFNN 模型的预测值与实际值的比较 
Tab. 1  Comparison between GPFNN forecasting load 

and actual load 

Day 
Actual 

Load/MW 
Forecasting 
Load/MW 

σMPE/% 

1999-01-01 751 725.35 3.42 
1999-01-02 703 727.98 −3.56 
1999-01-03 677 702.38 −3.75 
1999-01-04 718 723.47 -0.76 
1999-01-05 738 732.83 0.70 
1999-01-06 709 728.54 −2.76 
1999-01-07 745 710.42 4.64 
1999-01-08 749 752.90 −0.52 
1999-01-09 734 728.14 0.79 
1999-01-10 679 697.19 −2.68 
1999-01-11 748 733.95 1.88 
1999-01-12 739 751.28 −1.66 
1999-01-13 756 726.82 3.86 
1999-01-14 763 762.58 0.06 
1999-01-15 752 765.16 −1.75 
1999-01-16 738 739.04 −0.14 
1999-01-17 699 697.82 0.17 
1999-01-18 782 769.66 1.58 
1999-01-19 782 773.63 1.070 
1999-01-20 792 789.47 0.32 
1999-01-21 801 789.39 1.45 
1999-01-22 781 784.84 −0.49 
1999-01-23 731 748.39 −2.38 
1999-01-24 708 701.70 0.89 
1999-01-25 789 790.33 −0.17 
1999-01-26 798 786.03 1.50 
1999-01-27 791 801.86 −1.37 
1999-01-28 776 788.41 −1.60 
1999-01-29 792 774.81 2.17 
1999-01-30 763 757.83 0.68 
1999-01-31 743 738.20 0.65 
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图 3  GPFNN 模型的预测曲线与实际曲线的比较 

Fig. 3  Comparison between GPFNN forecasting curve 
and actual curve 
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图 4  各种方法的预测值与实际值的比较 

Fig. 4  Comparison of different forecasting loads 
and actual load 

method. The number of hidden neurons is chosen as 
10 in advance. The same training set and validation 
set are utilized for the RBF neural network. In Tab. 2, 
the ME and MAPE comparison are made between the 
RBF method and the GPFNN method. From Tab. 2, 
we can see that the GPFNN method has better 
performance in load forecasting. 

表 2  GPFNN 模型与 RBF 模型预测结果的比较 
Tab. 2  Result comparison between GPFNN model 

and RBF model 
Model σME/MW σMPE/% 

RBF 82.6641 4.09 

GPFNN 34.5820 1.59 

3  Conclusion 

In the proposed GPFNN method, the 
determination of the fuzzy rules and the adjustment of 
the premise and consequent parameters in fuzzy rules 
can be achieved simultaneously. In determination of 
the fuzzy rules, the rules can be added and removed 
automatically without predefining. In this paper, the 
GPFNN method is applied in the load forecasting, and 
is tested on the actual electric load data from EUNITE 

competition data. Results show the GPFNN method 
has better performance in short-term load forecasting. 
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