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Abstract — Factors in the unit investment forecast of overhead line engineering are various and complex, it is very difficult to get 
the satisfied forecasting effect using traditional econometric models. In view of this characteristic, this thesis puts forward a kind of 
combination forecast model, using the ARIMA model and RBF neural network model to seek for linear and nonlinear change rule 
of historical data of overhead line engineering unit investment, and combine all the values. This thesis elaborates on the principles 
of combination prediction, and it demonstrates the superiority of combination prediction to single prediction model. 
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I. INTRODUCTION 

Along with the rapid development of social economy, In 
order to meet the growing demand for electricity and 
transmit more high-quality power, construction scale of 
power system need to be built higher. At the same time, the 
construction of harmonious society with conserved resource, 
friendly environment puts forward higher requirements on 
power transmission and transformation project construction. 
Influenced by the world financial crisis, market prices 
fluctuate frequently and external environment risks of power 
grid construction becomes more prominent, which have 
great influence on power transmission and transformation 
project [1]. 

As the overhead line project unit investment is the 
combined results of many randomness changing aspects, 
such as external environment and geographical condition 
along the line. Overhead line engineering unit investment 
generally depends on some linear and nonlinear factors. To 
forecast the overhead line cost, quantitative methods have 
been used. These methods can be classified into two major 
categories: fuzzy analogy and time series. Fuzzy analogy 
method uses the similar structural between proposed projects 
and existent projects to build the cost estimating model [2]. 
This method need a lot of engineering feature data, and the 
estimation index is relatively rough, which exhibited 
obvious lag characteristics. Time series forecasting method 
includes moving average method, exponential smoothing 
method and BP neural network model, these methods can be 
applied to forecast object presenting a trend of rising or 
falling over time, but can’t be applied to forecast unit 
affected by both linear and nonlinear factors [3]. 

To improve the effectiveness of evaluation, based on the 
construction characteristics of power transmission and 
transformation project, aimed at the historical data nonlinear 
characteristics of overhead line construction unit investment, 
several characteristic indexes affecting the overhead line 

engineering are selected, and autoregressive moving average 
(ARIMA) and Radial basis function (RBF) neural network 
model are combined to predict the overhead line engineering 
unit investment [4]. ARIMA is a model which widely used 
to deal with smooth sequence, while RBF is a model which 
widely used to deal with nonlinear complex degree. The 
ARIMA——RBF neural network model can be used to 
forecast the overhead line cost which is influenced by linear 
and nonlinear factors. 

II. COMBINED FORECASTING MODEL BASED ON 

ARIMA——RBF NEURAL NETWORK MODEL 

A. Basic principle of this model 

Overhead line engineering unit investment is the 
combined results of many randomness changing aspects 
such as external environment and geographical condition 
along the line [5]. Overhead line engineering unit investment 
generally depends on some linear and nonlinear factors. 
Linear factors include length of the line; nonlinear factors 
contain pole indicator and wire indicator. Thus a model 
combined the traditional regression model with linear 
characteristics and the neural network model of approaching 
nonlinear mapping is built. This paper combines 
autoregressive moving average (ARIMA) and RBF neural 
network model to predict the overhead line engineering unit 
investment, and appears in Fig. (1). 

B. ARIMA forecasting model  

Autoregressive integrated moving average model is a 
time series with tendency forecasting method brought forth 
in the early 70's of the 20th century, which is put forward by 
Jenkins and Box. Among them, the ARIMA (p, d, q) is 
called difference autoregressive moving average model, AR 
for regression, p for regression; MA as the moving average, 
q as the moving average number, d for the number of 
difference when time series is stationary. 
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Fig. 1 Combination prediction model of overhead line engineering 

Assumes that the random variable ty  is an observed 

value at time t , then a set of ty  series is called a random 
process. The general standard of ARIMA (p, d, q) model can 
be written as ty ~ARIMA(p,d,q). It is defined as: 

1 1 2 2 1 1 1

2 2

...

...

t t t p p t t t

t q t q

y y y y      

   
   

 

       

 
            (1) 

In the formula, p and q are respectively the orders of 
autoregressive model and orders of moving average [6].  

The fundamental idea of the model is some of the time 
series is a set of random variables depending on the time 
t.  A single value which constitutes the temporal sequence is 
uncertainty, while the change in the sequence was regular, 
which can be described with an accurate mathematical 
model. The essential characters of time series can be clearly 
recognized by model analysis. It predicts the future 
exchange rate only based on the historical data provided by 
the identified model, its expression is as follows: 

0( ) ( )  d
t tL D y L u                                                      (2) 

In the formula, ( ) L  and ( ) L  are respectively the p 

order custom operators and the q order moving average 
operator. 0  is a drift, and d

tD y  is for ty  d time difference. 

Stochastic process of drift amounts to a sequence of random 
variables known as a time series [7]. 

The prediction of stabled time series often use ARMA 
model, but to the most of the unstable time series often use 
the analysis of certainty and randomness time series. 
ARIMA is adapted when difference method is used to 
smooth the sequence. 

C. RBF neural network  

RBF neural network is radial basis function neural 
network,RBF was first adopted in the design of artificial 
neural network by Broonhlead and Lowe in 1988. RBF 
neural network is mainly used to solve the problem of 
pattern classification and the function approximation [8]. 
The rationality of the structure of RBF neural network can 
be guaranteed by the cover theorem. For a model problem, 
classification problems which are hard to be solved in low 
dimensional space might be resolved in the high dimensional 
data space. The higher dimension is, the higher the 

approximation precision is. Dimensions in the hidden space 
directly linked to network performance, which results in 
higher nonlinear complex degree [9].  

The network model consists of three layers: the input 
layer, the hidden layer, and the output layer. The input layer 
is to link network with external circumstances. The role of 
hidden layer neurons of a RBF neural network can be 
interpreted as a function which maps input patterns from a 
nonlinear separable space to a linear separable space. The 
hidden layer usually has more dimensions. The output layer 
is linear, which provides activation signal. Activation 
function in the hidden layer is radial basis function as 
follows: 
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In the formula,  NX R  is the input vectors, I is the 
number of hidden layer node, i  is the weight coefficients, 

  is the selected nonlinear basis function, and the formula 

Gauss function. 1{ }  i N
i iC R  is radial basis function centers, 

|| ||  is the Euclidean distance,  i  is the i-th width of the 

Gaussian basis function [10]. 
Information processing of Neural network divides into 

two steps: transmission forward process and learning 
backward process. Network learning is the process which 
error from the output layer spreads backward to input layer. 
The purpose of learning is to make the actual output 
approximate the desired output [11]. 

RBF is a kind of complicated network with characters of 
highly non-linear, self-study, dynamic management, 
associational memory, and tolerance of error, etc. RBF 
neural network doesn't strictly limit the sample data, which 
has high approximation precision and good generalization 
capability to nonlinear function. It can effectively deal with 
non-linear questions and overcomes the limitation of 
traditional parametric statistical models. Based on specific 
features of the neural network, this paper is concerned with 
its application to prediction of nonlinear time sequence [12]. 

D. ARIMA—RBF combination forecasting model  

Both ARIMA and RBF are widely used to forecast the 
cost of overhead line, but these two models are often used 
alone and have limitations. ARIMA can’t be applied to 
fluctuate within a certain range. Overhead line engineering 
unit investment generally depends on some linear and 
nonlinear factors. Using ARIMA model only can’t eliminate 
the influence of randomness changing factors. Besides, RBF 
can’t explain their reasoning process and lost the 
information of basic data. To make up for the defect of these 
two models, a combination forecasting model is used.  

Complex and nonlinear unit investment time sequence of 
overhead line engineering Y can be represented as: 
 t tY L N                                                                          (4) 

In the formula, tL  expresses the evolution and 

development trends, which is linear part. tN  is random and 
nonlinear part. The precision steps of combination prediction 
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model based on  ARIMA — RBF of overhead line 
engineering unit investment are as follows: 

(1) The ARIMA model has been applied to evaluate and 

predict tL . Assuming that predicted results tL   is the 

predicted values, te  is the residual between original 
sequence and ARIMA prediction model. As shown below: 

 t t te Y L                                                                           (5) 

Sequence { }te  implicit the nonlinearity of the time 
series, as shown below 

1( , , , )   t t t t n te f e e e                                                  (6) 

In the formula,  t  is a random errors. 
(2) Using difference method to smooth the sequence, we 

determined the order and reconstructed the data set of neural 
network model. Finally, the reconstruction sequence is 
applied to predict the difference series for obtaining the 
prediction result. 

Two results are combined by using optimal combination 
algorithm as general modeling results. Predicted results as 
follows: 

 t t tY L e                                                                           (7) 

III. ANALYSIS OF COMBINED FORECASTING  

A. The selection of characteristic indexes 

Angle-steel tower indicators(t/km), steel poles 
indicators(t/km), strain tower indicators(base/km), wire 
indicators(t/km), ice cover and wind speed indicators(m/s), 
foundation pit indicators (m3/km), grounding earthwork 
indicators(m3/km), stepped foundation concrete 
indicators(m3/km), steel indicators(t/km), cement 
indicators(t/km), yellow sand indicators(t/km), stone 
indicators(t/km) are selected to input layer. The unit 
investment length is selected in output layer, which unit is 
ten thousand yuan/km. 

B. ARIMA Parameter identification 

First of all, historical data is used to fit the ARIMA 
model, and model parameters are identified heuristics from 
low to high order gradually. Unit investment optimal 
prediction model ARIMA(2,1,1) of overhead line 
engineering is established, whose average error is 1.31% and 
the fitting degree is 98.6%. One-step prediction is used in 
ARIMA (2,1,1) model to forecast test set as follows: In the 
prediction of overhead line in the ith unit investment, first i-
1 data are as learning samples to participate in the training, 
but subsequent data shall not participate in training data 
modeling or training. When predicting the i+1 sample, the i 
th sample will be joined in the training sample. The results 
are shown in Table 1. 

C. Establishment of RBF neural network prediction 
model 

RBF neural network is programed by Matlab. In Matlab 
7.0, the orders of the RBF neural network is designed as 
follows: 

 net = newrb P, T, goal, spread, MN, DF                       (8) 

Among them, P and T are the input sample matrix and 
output target matrix respectively. In this model, the input 
sample is 10 input variables of the model, and output target 
matrix corresponds to per unit length cost of each project. 
Goal represents the target error of neural network with 
relative error of 0.01% in this thesis. Spread represents 
spread constants, specified it to 1 in this case. MN represents 
the maximum number of neurons, specified here to 200. DF 
is the frequency of the training process, in this case for 1. 

In the process of learning, function newrb can increase 
hidden layer nodes of RBF neural network adaptively until 
reaching the demand of target error.  

RBF neural network was established based on the above 
command, and was simulated and predicted as the follows : 

 Y = sim net, X                                                                      (9) 

TABLE I ARIMA FITTING PREDICT RESULTS 

UNIT: TEN THOUSAND YUAN/KM 

Year 
The 

original 
value 

ARIMA 
Predictive 

value 

Absolute 
error 

Relative 
error /% 

2001 221.25 223.54 2.29 1.04 

2002 223.54 225.34 1.8 0.81 

2003 224.16 226.03 1.87 0.83 

2004 226.98 229.66 2.68 1.18 

2005 227.69 224.49 -3.2 -1.41 

2006 228.16 230.64 2.48 1.09 

2007 228.98 231.03 2.05 0.9 

2008 229.78 235.18 5.4 2.35 

2009 230.14 237.74 7.6 3.3 

2010 231.01 235.23 4.22 1.83 

2011 231.65 232.06 0.41 0.18 

2012 232.77 238.79 6.02 2.59 

2013 232.99 238.55 5.56 2.39 

 
Among them, net was the trained RBF neural. X 

represented the sample matrix to predict. Y represents the 
unit length cost to predict. 

According to the commands of the RBF neural network, 
spread = 1 is set to train RBF neural network, as shown in 
fig. (2). When the times of neural network training reaches 
29, the mean square error reaches 1.69579 x 10-6, which has 
reached the target error of the neural network. It is 
concluded that the output of RBF network fit the actual cost 
closely, as is shown in Fig. (3). 

D. Result analysis of combined forecasting 

Therefore, a better result of prediction can be obtained 
by combining the ARIMA(2,1,1) model and the RBF neural 
network prediction model, as is shown in Table 2. As shown 
in Table 2, summing the results of ARIMA(2,1,1) and the 
results of RBF neural network forecasting model improve 
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the prediction accuracy to 0.81%, which is higher than using 
two kinds of forecasting methods independently. 

 

 
Fig. 2 Training process of RBF neural network 

 

Fig. 3 The comparison between the neural network predictions and 
actual values. 

TABLE II  THE RESULTS OF COMBINED FORECASTING MODEL 

UNIT: TEN THOUSAND YUAN/KM 

Year 
The 

original 
value 

Predictive 
value 

Absolute 
error 

Relative 
error /% 

2001 221.25 222.54 1.29 0.58 

2002 223.54 224.34 0.8 0.36 

2003 224.16 226.03 1.87 0.83 

2004 226.98 227.66 0.68 0.3 

2005 227.69 228.49 0.8 0.35 

2006 228.16 230.64 2.48 1.09 

2007 228.98 231.03 2.05 0.9 

2008 229.78 233.18 3.4 1.48 

2009 230.14 235.74 5.6 2.43 

2010 231.01 232.23 1.22 0.53 

2011 231.65 233.06 1.41 0.61 

2012 232.77 234.79 2.02 0.87 

2013 232.99 233.55 0.56 0.24 

IV.  CONCLUSIONS   

As a result of the complexity of overhead line 
engineering, limited information resources and sensitivity to 
hypothesis, traditional individual forecasting models have 
some shortcomings. In order to describe the unit investment 
change rule of overhead line engineering comprehensively 
and accurately, a combination of ARIMA and RBF neural 
network forecasting model was established in this paper. 
The results of forecasting show that ARIMA——RBF 
model improve the forecasting accurate of unit cost 
remarkably. Therefore, the method can significantly improve 
the prediction accuracy, and has a strong practicality and 
promotional value in power transmission project. 
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