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Abstract: The short-term prediction of wind power generation is of great significance to the security and 
stability of grid-connected wind power system. the principle and calculation steps of iterative self-organizing 
data analysis (ISODATA) is presented, which is used for clustering numerical weather prediction data (NWP) in 
history, in order to gather weather prediction data with numerical similarity to a class. According to the 
numerical weather prediction data, a BP neural network model has been constructed, to train the BP neural 
network and to predict wind power, with both clustered and raw data. The predicted results show that, the 
predictive accuracy of the BP neural network model which employs the clustering algorithm of ISODATA is 
better than that of itself. Copyright © 2013 IFSA. 
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1. Introduction 

 

Energy is the material foundation to support the 
progress of human civilization, and is also an integral 
part for the development of modern society. In China, 
in the process of modernization and common 
prosperity, energy resources are an extremely strategic 
issue. In-depth developing renewable energy is key 
strategic measures to promote clean and multi-energy 
development and thus fostering emerging industries. It 
is also urgently required to protect our environment, to 
respond to climate change and to realize sustainable 
development. Through unswerving efforts in 
developing renewable energy sources, China makes 
great endeavor to increase non-fossil fuel shares in 
primary energy consumption to 11.4 % and installed 
generating capacity 30 %, respectively, by the end of 
the 12th Five-Year Plan [1]. 

Wind power as the most developing value of 
renewable energy in the world, has been widely 

developed and utilized. However, due to random 
characteristics of the wind speed, wind power has a 
lot of volatility and uncertainty, which exerts an 
impact on stable operations on power system, thus 
limiting wind power integration. According to the 
latest statistic report of the National Energy Bureau, 
installed capacity of wind power accounted for about 
30 % of the total energy in Inner Mongolia, the share 
of wind turbine capacity connected to power grid, 
however, is less than 2 % of that. In order to improve 
the development and utilization of wind power, there 
is a need to further improve the accuracy of wind 
power prediction. J. P. S. Catalão et al. have 
combined neural network, wavelet analysis and 
particle swarm optimization algorithm to build a 
wind power hybrid prediction model, of which the 
accuracy is higher than single prediction algorithm. 
But the amount of calculation and calculation time of 
hybrid prediction model are greater than the latter  
[2-5]. Hans Bludszuweit et al. employs various and 
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improving statistics method to predict wind power 
and to analysis and correct the prediction error. The 
prediction structure shows that the prediction method 
based on statistics has better prediction accuracy and 
is more practical-concerned [6-9]. Maria Grazia De 
Giorgi et al. have studied on wind power prediction 
error and its influence on economics of power 
system, and proposed corresponding solutions  
[10-12]. M. Jafarian et al. have improved fuzzy 
neural network and clustering analysis, and the 
improved algorithm has been used to carry on 
forecasting wind power. The prediction result of such 
improved algorithm is better than before [13-15]. 

Firstly, this paper presents the principle and 
calculation steps of ISODATA, which is used for 
clustering the historical NWP data and numerical 
similarity of NWP data are gathered for a class 
automatically. Secondly, a BP neural network model 
has been constructed according to the NWP data. 
Clustering data and original data are used, 
respectively to train the BP neural network and to 
predict the wind power. Compared and analyzed the 
prediction results between BP neural network with 
ISODATA clustering algorithm and single BP neural 
network, it is concluded that the prediction accuracy 
of BP neural network with ISODATA is higher than 
BP neural network used alone. 

 
 

2. Steps of ISODATA Clustering 
Algorithm 
 

Before introducing the ISODATA algorithm, the 
sample data of NWP are needed to be processed, and 
daily numerical weather prediction data were selected 
as a sample. The assumption that there is a sample set 
composed of N samples currently  
{y1, y2, …, yN}. The steps of ISODATA algorithm are 
as follows. 

Step 1: 
Set control parameters, K- the number of clusters 

expected; θN - the minimum number of samples in a 
cluster; θS - standard deviation parameters;  
θC - consolidation parameters; L - the maximum 
couple of clusters allowed to merge in each iteration; 
I - the allowed number of iterative. The initial 
number of classes C and the initial cluster  
center mi =1, 2, …, c are given. 

Step 2: 
According to the Equation (1) to classify the 

sample set. 
 

   1,2, , ,     j i jif y m y m i c i j then y       (1) 
 

In Equation (1), Γj is the j-th class, the  
centre is mj. If the number of samples of any one Γj 
has θj< θN, deletes Γj, and makes c=c-1.  

Step 3: 
To update the entire mean vector according to the 

Equation (2), in Equation (2) Nj is the number of 
samples of the j-th class. 
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The average distance of each sample in Γj from 

the center mj is calculated according to the  
Equation (3). 
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According to the Equation (4), the average 

distance of all samples away from its corresponding 
cluster center can be calculated. 
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Step 4: 
If this is the last iteration (determined by iteration 

parameters I), then make θC=0, turn to Step 8. 
If c ≤ K/2, then turn to Step 5. 
If it is an even iteration, or if it is c ≥ K/2, then 

turn to Step 8. 
Otherwise, continue down. 
Step 5: 
For each one cluster j, using Equation (5) to 

calculate the standard deviation σj= [σj1, σj2, …, σjd]T
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In the Equation (5), yki is the i-th component of 

the sample of the k-th, yk belongs to Γj, mji is the i-th 
component of the j-th cluster center; σji is the i-th 
component of the j-th standard deviation, d is the 
dimension of the sample. 

Step 6: 
Each cluster has a maximum standard deviation 

of the component σjmax, j=1, 2, …, c. 
Step 7: 
If anyone σjmax, j=1, 2, …, c, there is σjmax > θS, 

and j  , 2( 1)j NN   , or c ≤ K/2,  

Γj is split into two classes, its center correspondingly 

becomes jm  and jm , then delete the original jm , 

and make c=c+1. jm  and jm  are calculated  

as follows. 
1) Given a value of k, make 0<k≤1; 
2) Make γj=kσj , or γj=k[0,0, …, σjmax, …,0]T; 
3) jm = mj + γj, jm  = mj - γj. 

The value of k should be chosen such that the 

distance of each sample to jm  and jm   is different, 

but all the samples of Γj should remain in those two 
new collections. 

 



Sensors & Transducers, Vol. 161, Issue 12, December 2013, pp. 241-246 

 243

Step 8: 
For the entire cluster center, calculate the distance 

between every two classes. 
 

 ,  1,2, , 1,  =i+1,i+2, ,  i j i jij m m m c m c       (6) 

 
Comparing δij and θC, if the δij is less than θC, then 

sorted in a order of increasing distances 
δi1j1<δi2j2<…<δiljl, where l is given in Step 1, it is the 
maximum couples of cluster allowed to merge in 
each iteration. 

Step 9: 
Starting from the smallest δi1j1, for each δiljl, 

corresponding to two class centers for mil and mjl. If 
in the same iteration, mil and mjl don't be merged into 
one, then merges mil and mjl as Equation (7). 
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After the merge processing is carried out 
according to Equation (7), the number of classes is 
c=c-1. Since each iteration, a class center only can be 
combined once, and so the actual merging couple is 
always less than or equal to j. 

Step 10: 
If this is the last iteration, the program is 

terminated. Alternatively, when initial parameters 
need to be changed, the algorithm returns to Step 1 
and continues; otherwise, the execution of the 
algorithm turns to Step 2. The iteration counter 
increases 1. 

 
 

3. Classification Calculation 
 
The NWP data obtained from the meteorological 

department, including wind speed, wind direction, 
temperature, humidity and air pressure, etc. Wind 
turbines could be automatically against the wind, 
thus, the information of wind direction for wind 
power prediction system is taken out of 
consideration. In NWP data, because wind speed and 
pressure data are different in the order of magnitude, 
before the distance calculated, they should  
be normalized. 

The normalized data were classified and 
calculated using ISODATA method, the initial 
parameter settings: K - the number of classes is 20; 
θN - the minimum number of samples in a class is 15; 
θN - standard deviation parameters is 0.08;  
θN - consolidation parameters is 0.02; L - each 
iteration allowed to merge the maximum couple of 
clusters is 2; I - the allowed iterative number is 500. 
Algorithm converges after 32 iterations; the final 
samples were divided into 11 classes. The center 
coordinates of the classes are shown in Table 1, and 
each row represents as a class of center coordinates. 

Fig. 1 is the clustering result of samples; no 
crossover phenomenon can be seen from the figure, 

between various samples, indicating that the sample 
has been correctly assigned to various classes. 

Table 1. ISODATA automatically clustering results. 
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Fig. 1. Samples clustering results. 
 
 

4. The BP Neural Network Design 
 
The BP network is also called error back 

propagation algorithm. A typical BP network is 
composed of input layer, hidden layer and output 
layer, and a whole link between each layer. The 
learning process of BP network is composed of mode 
forward propagation, error back propagation, 
memory training and learning convergence. 

 
 

4.1. Mode Forward Propagation 
 
Mode forward propagation begins with the input 

layer of the network, and each unit of input layer 
corresponding to the individual elements of the input 
pattern vector. Make input pattern vector  
Xz=(x1, x2, …, xn) and (z=1, 2…, m), where z is the 
pairs of learning mode, n is the number of input layer 
unit. Corresponding to the input pattern, a desired 
output vector is Yz= (y1, y2 …, yq), where q is the 
number of output layer unit. According to the 

Classes C1 C2 C3 C4 
Class 1 0.4878 0.9899 0.6340 0.6434 
Class 2 0.3748 0.9910 0.7011 0.5077 
Class 3 0.5788 0.9897 0.4868 0.9043 
Class 4 0.2580 0.9883 0.8140 0.3324 
Class 5 0.4446 0.9890 0.7314 0.2864 
Class 6 0.2761 0.9902 0.5385 0.5749 
Class 7 0.3439 0.9914 0.5044 0.7294 
Class 8 0.4806 0.9915 0.5740 0.4244 
Class 9 0.3608 0.9892 0.4099 0.9014 
Class 10 0.2146 0.9905 0.6362 0.3376 
Class 11 0.5515 0.9940 0.4497 0.5934 
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calculation principle of BP network, the input of 
hidden layer can be expressed as follow: 
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In the Equation (8), Sj is the input value of hidden 
layer; θj is the threshold of hidden layer,  
j=1, 2, …, p; p is the number of hidden layer unit;  
wij is the connection weight between input layer and 
hidden layer; ai is the i-th neuron of the input layer,  
i=1, 2, …, n. 

In order to simulate the nonlinear characteristics 
of biological neurons, calculate the output of the 
hidden layer unit with selecting that Sj is the 
independent variable of S function. The mathematical 
expression of S function is  
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In the Equation (9), bj is the output value of j-th 
neural unit in hidden layer. 

The threshold value θj of unit output has been set 
for simulating the threshold potential of biological 
neural, it is constantly being modified. The inputs of 
each unit in output layer follow as. 
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In the Equation (10), (11), vjt is the connection 

weight between the neural j in hidden layer and the 
neural t in output layer; γt is the threshold value of the 
output layer neuron, t is number of output layer 
neurons, t=1, 2, …, q; f is the S function; Lt is the 
input value of the output layer neuron. 

 
 

4.2. Error Back Propagation 
 
The first step of the error back propagation is to 

calculate the error. The process of error back 
propagation is the process of passing the error dj of 
output layer to the error ej of hidden layer. The 
calibration error of output layer can be expressed  
as follow. 
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In the Equation (12), )( k
t

k
t cy   is the absolute 

error between expected output and actual output of 
the network, k=1, 2, …, m; )('

tLf  is the amount of 

deviation adjustment based on the actual response of 
each unit. 

To complete the error passed to the hidden layer, 
the calibration error of each unit in hidden layer 

needs to calculate. The calibration error of hidden 
layer can be expressed as: 
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Physical meaning of the formula (13) and (12) are 
similar. But the calibration error of each intermediate 
unit in the hidden layer comes from the 
transformation of q units’ calibration error in  
output layer. 

After the calibration error k
td and k

je obtained, 

adjust the connection weights between output layer 
and hidden layer, hidden layer and input layer, and 
the output threshold value of each unit in reverse 
direction. The adjustment formula can be  
expressed as: 
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In the formula (14) to (17), , β are the learning 
rate, 0< <1, 0<β<1. 

According to the principle of BP neural network 
above, combined with the numerical weather forecast 
data and power data of a wind farm, a BP neural 
network model has been built. The neural network 
model is constituted by 3-layer, namely an input 
layer, a hidden layer and output layer. The input data 
of the input layer is mainly numerical weather 
prediction data, which includes wind speed, wind 
direction, temperature, humidity and pressure, so the 
neuron number of input layer in neural network is 4. 
According to the construction experience of neural 
network, the number of neurons in the hidden layer is 
approximately twice as much as that in the input 
layer. In this article, the number of neuron in the 
hidden layer is 9. The output in the output layer is 
mainly wind power, so the number of neurons in the 
output layer is 1. Fig. 2 illustrates a neural network 
structure designed in accordance with the paper 
required.  

 
 

 

…
…

…
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Input Layer      Output Layer  Hidden Layer     
 

Fig. 2. Neural network structure. 
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5. Conclusion Network Training and 
Data Analysis 
 
The content of the principle of ISODATA 

clustering algorithm and BP neural network model is 
introduced previously. This section employs 
numerical weather prediction data to complete the 
model training of BP neural network and to 
implement it to wind power prediction. 

Fig. 3 is the training processes of BP neural 
network, where the solid line represents training 
processes with the help of clustering sample. The dot 
line indicates training processes of the original 
sample. Known from the figure, the overall error 
produced by the neural network which is clustered, is 
smaller than that derived from original samples. 

Fig. 4 is a comparison between predictive and real 
power of samples. It can be seen that, in some local 
area, compared to the real power, prediction error of 
samples is larger. Fig. 5 compares the prediction 
power results of the clustering samples and the real 
power. Seen from the figure, the predictive value can 
accurately reflect the actual variation of wind power, 

and there appears to be no larger deviation area 
between predicted and real wind power. 

Through the contrast analysis among Fig. 4 and 
Fig. 5, the predictive results of neural network model 
trained by clustering samples, are better than that by 
original data.  

In Table 2, CBP represents the clustered BP, BP 
represents normal BP. From Table 2, it is can be 
known that the CBP MAE and RMSE are almost 
equal BP’s when prediction time is 12 h, the CBP 
MAE and RMSE are smaller than BP’s, so the 
conclusion can be got that the prediction result of 
CBP is better than normal BP when prediction time is 
24 h, 48 h, 72 h. 

 
 

Table 2. The error of the prediction result comparison. 
 

Prediction
Time

CBP 
MAE (%) 

CBP 
RMSE (%) 

BP 
MAE (%) 

BP 
RMSE (%)

12 h 6.34 7.91 6.33 8.02 
24 h 7.16 8.26 8.81 12.07 
48 h 10.54 13.57 13.67 16.93 
72 h 9.98 13.32 13.03 16.33 
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Fig. 3. The training process of the neural network. 
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Fig. 4. Original sample forecast results. 
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Fig. 5. The number of samples. 
 

 
6. Conclusions 

 
A wind power prediction technology which 

combined the ISODATA clustering algorithm and 
the BP neural network was proposed. The specific 
work is as follows. 

1) The steps of ISODATA clustering algorithm 
are given, which have been used to cluster the NWP 
data, gathering those data with similar value  
to a class; 

2) The BP neural network model has been built 
based on the numerical weather prediction data, and 
then training such with the original data, and finally 
the trained network was carried out to predict wind 
power; 

3) The BP neural network has been trained by 
applying clustering data and then using the trained 
network to forecast wind power. Compared with the 
single BP neural network, the results of BP neural 
network with clustering algorithm predicts better. 
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