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Abstract: It is exceedingly difficult to get accurate 

predictions for single traditional prediction models because 

of the volatility, non-linear increment and complexity of 

power loads. In order to improve the accuracy for long-term 

power load forecasting, the multivariate exponential 

weighting grey prediction model, residual grey prediction 

model, dynamic and equal-dimensional information grey 

prediction model and equal time sequence grey prediction 

model were constructed and weighted by correlation so that 

an improved combination grey prediction model could be 

built to make a prediction and for empirical analysis. The 

example shows that the volatility can be effectively reduced 

by the multivariate exponential weighting model and 

dynamic equal-dimensional information model. Similarly, the 

residual model and equal time sequence model are suitable 

for the power load forecasting with non-linear increasing 

trend. Considering all kinds of features of power loads, the 

constructed combination model can improve the accuracy of 

power load forecasting effectively and ensure the economic 

and safe operation for power system. 
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I. INTRODUCTION 
 

Power load forecasting is the premise of ensuring the 

safe and economic operation of electric system, as well as 

the basic of system scheduling and making-decisions [1]. 

Accurate load forecasting is exceedingly important to 

improve the economics of electric system and ensure the 

stability of operation. However, it is the volatility, non-

linear increment and multiple factors’ complexity [2] that 
makes the power loads present varied characteristics. 

Therefore, a predict tool is urgently needed to improve the 

accuracy of prediction effectively. 

Traditional forecasting methods [3-5] look for the 

relationships between relevant factors and power loads by 

establishing mathematical expressions, such as time series, 

linear regression, and trend extrapolation method and so 

on. Combined with computer technologies, emerging 

forecasting methods [6-8] analyze the relevant load data 

sequences and obtain the final predicted results by 

building models, such as grey prediction method, artificial 

neural networks, improved fuzzy clustering method and 

SVM method. Different forecasting methods can provide 

different and useful information. However, the power load 

which is influenced by social, economic, climate and other 

factors makes the traditional single forecasting method 

difficult to accurately describe the actual variation of 

power loads. Combining and utilizing all these available 

information, the combination forecasting method [9] can 

explore the advantages of each model and compensate for 

the lack of a single model in order to improve the 

prediction accuracy. 

Based on the above analysis, four improved grey 

prediction models, namely the multivariate exponential 

weighting grey prediction model [10], residual grey 

prediction model, dynamic and equal-dimensional 

information grey prediction model [11] as well as equal 

time sequence grey prediction model [12], were proposed. 

The multivariate exponential weighting method and 

dynamic equal-dimensional information method can 

effectively reduce the volatility, as well as the residual 

method and equal time sequence method can apply to 

power load forecasting of non-linear increasing trend. In 

order to maximize the advantages of each model, 

combined with grey correlation weighting method [13-14], 

a combined and improved grey model was constructed. It 

can both make the historical sample data of long-term 

power loads change over time, and significantly improve 

the prediction accuracy on the basis that the amount of 

sample and calculation does not be added. The example 

shows that owing higher precision and practicality than the 

traditional grey model and single improved grey model, 

the combined and improved grey prediction model can be 

used for long-term power load forecasting. 

 

II. THE GREY FORECASTING MODEL GM 

(1, 1) AND ITS IMPROVED MODELS 
 

A. The traditional grey forecasting model GM (1, 1) 
The traditional grey forecasting model consists of first-

order differential equations of only containing a single 

variable. It has several advantages, such as small sample 

size, high prediction accuracy, simple calculation and easy 

check and so forth. The specific modeling process is as 

follows:  

Assuming that the original data sequence is 
          ],,2,1[ 0000

nxxxx       1  
A first-order accumulated generating sequence is 

obtained with 1- AGO  
          ],,2,1[ 1111

nxxxx 
    2                   

Among them, 

       nkixkx
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Since the sequence 
  kx
1

 has the law of exponential 

growth and the solution of first-order differential equations 

is just the solution of exponential growth form, it can be 

considered that the sequence
 1

x  satisfies the following 

first-order linear differential equation: 
      utax
dt

tdx
 1

1

 
Among them, ua、 are unknown parameters, 

respectively representing the development coefficient and 

the degree of grey effect. 

Make   ,,
T

uaA  the least-squares approximate 

solution for A is:  

  YBBBuaA
TT

T
1

,
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
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Plug 


ua,  into the original equation, make

     ,11 01
xx   and get the grey prediction model of 

historical data sequence
 0

x  after cumulative reduction: 
 
 
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 
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  㸦4㸧 

B.  The improvements of grey prediction model GM 

(1, 1)  
To improve the accuracy of power load forecasting, four 

types of improved grey prediction model are proposed: the 

multivariate exponential weighting grey prediction model, 

residual grey prediction model, dynamic and equal-

dimensional information grey prediction model and equal 

time sequence grey prediction model. 

1㸧 The multivariate exponential weighting grey 

prediction model 

The volatility of power loads and the presence of 

outliers will limit the prediction accuracy of traditional 

grey models. In order to weaken the impact of outliers and 

increase the trend of original sequences, the original data 

sequence of power loads has been preprocessed and a new 

index increasing sequence is generated. 

Assuming that the original data sequence of power load 

is: 

          ],,2,1[ 0000
nxxxx      㸦5㸧 

Among them, 
   0

x k is the actual value of the k  year 

and meets: 
   ),2,1(,00

nkkx 
 

Make
     11 00

xy  ,  

Therefore, the new index increasing sequence {
  ky
0

} 

is: 
         ),,2(1)1( 000

nkkykxky     㸦6㸧 

Make a prediction for {
  ky
0

},and then get the predict 

sequence{
 
 ky

0^

}. Finally, restore the predict sequence{

 
 ky

0^

} to the final results of power load forecasting{

 
 kx

0^

} by the following formula. 

 
        ),,2,1(/1)1( 00

0^

nkkykykx       (7)     

Among them, )1,0( . Generally,  is equal to 0.5. 

2㸧 The residual grey prediction model 

The data sequence of power load is dynamic and has the 

trend of nonlinear growth. In the modeling 

process, utilizing the known data many times can develop 

explicit and implicit information 

of original sequence, excavate the system rule in 

depth, grasp the growth trend of power load, and 

further improve the accuracy of the constructed model. For 

the above reasons, the original grey forecasting model is 

modified and the residual grey prediction model is 

constructed. 

Assuming that the residual between the original 

sequence and the predicted sequence is 
  ke
0

. 

    
 
 kxkxke

0

00


                                       (8)  

Among them, nk ,,2,1,0   

The sub-sequence of 
  ke
0

 is as follows: 

           ],,2,1[ '0'0'0'0
neeeke 

 

Build the grey prediction model )1,1(GM  for
  '0

ke  : 

 
        nkeaueeke

taa ,,2,1'/''1*11' ''0'
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 


  㸦9㸧 

Make 

 
 1'

0




ke  as the correction model of
  10 kx

, and a residual grey prediction model can be obtained as 

follows: 
 
            ''0'0

0
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Among them, 

    '),0),(1 nniikikorikik  ˄ . 

3㸧  The dynamic and equal-dimensional information 

grey prediction model 
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Generally, the actual value which is closer to the 

predicted value has a greater impact on the predicted 

value. Over time, long-term power load forecasting system 

will continue to be affected by some of disturbing factors 

in the future and has great volatility. The farther the future 

time is, the greater the grey interval of predictive value is. 

Thereby, the closest predictive data has the true meaning 

and a higher precision. 

Based on the principles above, an improved grey 

forecasting model was put forward, namely the dynamic 

and equal-dimensional information grey prediction model. 

Whose principle is as follows: there is less information 

available for long-term power load forecasting. Therefore, 

in order to improve the prediction accuracy, according to 

the existing data, build the grey prediction model to 

predict a value, and then add the predictive value to the 

original sequence and remove the oldest data, so that the 

new composed sequence and the original sequence have 

equal dimension. They are gradually forecast until the 

predictive year so far. 

4㸧 The equal time sequence grey prediction model 

The long-term power load has a nonlinear growth trend 

and it may have a tipping point. In view of this, the equal 

time sequence grey prediction model was proposed. 

Namely, the original sequence is divided into several 

sequence segments owing an equal length to make a grey 

prediction for each estimated parameter, and then making 

a further power load forecasting according to the estimated 

parameters predicted. This method gives the parameters 

dynamic, so that they can change over time. Therefore, the 

impact on the prediction accuracy is not great when a 

tipping point of the system occurs. The specific steps are 

as follows: 

First, divide the original sequence into n  sub-sequences 

owing an equal length, build models for the sub-sequences 

with  1,1GM one by one and get 


uanda  of each sub-

sequence, namely
),2,1( aaa n




 and

),2,1( uuu n




 .Moreover, 

establish  1,1GM for sequence{
an


} and sequence{

un


} 

respectively, and obtain the m  year’ predictive results of

am


 and 

um


.Finally, predict the corresponding

xm


 on the 

basis of
am


 and

um


  ,and it is the load forecasting value of 

the m  year. 

 

III. THE COMBINED AND IMPROVED GREY 

FORECASTING MODEL BASED ON GREY 

CORRELATION WEIGHTING 
 

The multivariate exponential weighting method and 

dynamic equal-dimensional information method can 

effectively reduce the fluctuation, as well as the residual 

method and equal time sequence method can apply to 

power load forecasting with non-linear increasing trend. In 

order to utilize the advantages of each model and 

compensate for the lack of the single improved model, 

considering the various features of power loads, the 

combined and improved grey forecasting model based on 

grey correlation weighting was proposed, looking forward 

to improve the prediction accuracy of load forecasting 

effectively. 

A. Grey correlation weighting 
Grey correlation is an analysis method of grey system 

theory. It measures the degree of association between 

factors according to the similarity degree of their 

development trends. So the basic idea of grey correlation 

degree is to determine the degree of association on the 

basis of the similarity degree between curves. This method 

can be used to compare the fitting degree between the 

predictive curve and the actual curve. The larger the 

correlation, the more superior the prediction model, the 

smaller the fitting error. The paper determines the weights 

of each improved grey prediction model based on the size 

of correlation degree. 

Assuming that the reference sequence (or the actual load 

sequence) is 0x , and the compared sequence (or the 

predicted sequence) is ix . 

Among them,  

              minxxxxnxxxx iiii ,,2,1,,2,1,,2,1 0000  
 (11)

 

So is the correlation coefficient between curve 0x and 

curve ix on the point of k . 

The resolution coefficient   must be between 0 and 1. 

Generally, it is equal to 0.5. Combined with the correlation 

coefficient for each point, we can get that the correlation 

degree between the predicted load sequence ix and the 

actual load sequence 0x is as follows: 

  nkr
n

k

ii /
1




                 㸦12㸧 

Make each correlation degree become dimensionless by 

the following formula: 

 



m

i

ii i
r r

1

2

)1(/)1(1
         㸦13㸧 

Thereby, the weights of each improved grey prediction 

model can be obtained as follows: 





m

i

iii

1

/                                             㸦14㸧 

B. The combined and improved grey prediction 

model 
Assuming that the actual value of power load 

forecasting is  ntxt ,,2,1  . There are m kinds of 

prediction methods and the predictive value obtained by 

the method i  is  mif it ,,2,1  . From the above, we 

know that the weights of each improved grey prediction 

 
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model are  TmW  ,,, 21  , and meet that the 

sum of them is 1. Namely, 1
1




m

i

i .So the combined and 

improved grey forecasting model based on grey 

correlation weighting can be expressed as: 

 ntfx
m

i

itit ,,2,1
1






         㸦15㸧 

 

IV. APPLICATION OF THE COMBINED AND 

IMPROVED GREY PREDICTION MODEL 
 

Firstly, this paper through modeling made a prediction 

for the total electricity consumption of 2004-2009 years in 

Nanjing region. Secondly, the predictive ability and 

precision of the various forecasting models above were 

measured according to the comparison between the actual 

total electricity consumption and the predicted in 2010 – 

2012 years. Finally, chose the combined and improved 

grey model to predict the total electricity consumption of 

2013-2015 years in Nanjing region. 

 
Table1: The historical data of total electricity consumption of 2004–2012 

years in Nanjing 

Unit: 100 million KWh 

Years 
Total electricity  

consumptions 
Years 

Total electricity  

consumptions 

2004 207.30 2009 337.05 

2005 246.67 2010 373.66 

2006 270.57 2011 399.74 

2007 299.13 2012 424.96 

2008 310.79 
  

According to the data of 2004 – 2009 years in Table 1, 

respectively establish the traditional grey prediction 

model, the multivariate exponential weighting grey 

prediction model, residual grey prediction model, dynamic 

and equal-dimensional information grey prediction model 

and equal time sequence grey prediction model. Predict 

the total electricity consumption of 2010-2012 years by 

the above models and compare with the actual data to test 

the accuracy of each model. The specific processes are as 

follows by MATLAB: 

(1) The traditional grey forecasting model: set up the 

relations between time and total electricity consumption 

represented by  1,1GM  , and obtain the coefficient 

vector: 

 
The mathematical model is as follows: 

 
     

0

-0.0750 0.07501 1 * 207.30 225.6961/ -0.0750 k
x k e e


   

(2) The multivariate exponential weighting grey prediction 

model㸦A㸧: First, process the original data according to 

the formula (6), and get the new data shown in Table 2. 

Table 2: Data preprocessing in multivariate exponential weighting 

method 

Unit: 100 million KWh 

Years 
Total electricity  

consumptions 
Years 

Total electricity  

consumptions 

2004 207.30  2009 314.71  

2005 226.98  2010 344.19  

2006 248.78  2011 371.97  

2007 273.95  2012 398.46  

2008 292.37      

Second, use the new data to make a grey prediction and 

get the coefficient vector: �̂ = [ −0.0ͺ0Ͷʹ0͵.6ͻ͵Ͷ]� 

The mathematical model is as follows: 
 
     

0

-0.0804 0.08041 1 * 207.30 203.6934 / -0.0804 k
x k e e


   

    Finally, restore the data and obtain the final prediction 

results according to the formula (7). 

(3) The residual grey prediction model㸦B㸧: revise the 

original grey prediction by the new method and get the 

mathematical model: 
 
     
     k

k

eek

eekx

0.00910.0091

0.07500.0750-

0

0.0091)/(0.134600.01

)-0.0750/(225.696130.072*11







 

  1k
 

(4) The dynamic and equal-dimensional information 

grey prediction model㸦C㸧: establish the grey prediction 

model according to the total electricity consumption of 

2004-2007 years in Nanjing region and predict the total 

electricity consumption for next year. And then add the 

predictive value to the original sequence. Similarly, 

remove the oldest data. They are gradually predicted until 

the 2012 year so far. 

(5) The equal time sequence grey prediction 

model㸦D㸧: divide the total electricity consumption in 

Nanjing into three sub-sequences, including 2004 – 

2007years, 2005 - 2008 years, 2006 - 2009 years. Make 

grey predictions respectively and obtain the values of


uanda :(-0.0966, -0.0678, -0.0605), (214.3622, 247.8062, 

271.3968). Then get the


uanda of 2010 - 2012 years, put 

them into the formula (4) and obtain the final prediction 

results. 

The prediction results by the above five methods are 

shown in Table 3 and Table 4. 

 
Table 3: the prediction results for total electricity consumption of 2004-

2012 years by the traditional grey model 
Unit: 100 million KWh 

Years 
The actual  

values 

The predicted  

values 
Errors(%) 

2004 207.30  207.30  0.00  

2005 246.67  250.5227 1.56  

2006 270.57  270.036 -0.20  

2007 299.13  291.0693 -2.69  

T

A 











225.6961

0.0750-
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2008 310.79  313.7408 0.95  

2009 337.05  338.1782 0.33  

2010 373.66  364.519 -2.45  

2011 399.74  392.9115 -1.71  

2012 424.96  423.5156 -0.34  

 
Table 4: the prediction results for total electricity consumption of 2010-

2012 years by each improved grey model 

Unit: 100 million KWh 

years A errors˄%˅ B errors˄%˅ 

2010 369.43 -1.13 364.66 -2.41 

2011 400.34 0.15 393.05 -1.67 

2012 433.85 2.09 423.66 -0.3 

years C errors˄%˅ D errors˄%˅ 

2010 368.26 -1.45 382.58 2.39 

2011 398.18 -0.39 396.7 -0.76 

2012 424.21 -0.18 424.42 -0.13 

 

According to the formula (11) and formula (12), the 

correlation degree between the original sequence and the 

prediction results by the multivariate exponential 

weighting grey prediction model is: 6471.01 r ; the 

correlation degree between the original sequence and the 

prediction results by the residual grey prediction model is: 

5644.02 r ; the correlation degree between the original 

sequence and the prediction results by the dynamic and 

equal-dimensional information grey prediction mode is: 

7670.03 r ; the correlation degree between the original 

sequence and the prediction results by the equal time 

sequence grey prediction model is: 6813.04 r . 

According to the formulas (13) - (14), get the 

corresponding weights of each single model in the 

combined model. The specific results are as follows: 

2617.0,3227.0,1783.0,2373.0 4321  
  

Use the formula (15) to obtain the predictive value of the 

combined and improved grey prediction model on the 

basis of the above weights and the predictive value of each 

single improved grey prediction model in Table 4. Then 

compare the predictive value with the actual value and 

determine the error. The specific data is shown in Table 5. 

 
Table 5: the prediction results for total electricity consumption of 2010-

2012 years by combined and improved grey model 

Unit: 100 million KWh 

Years 
The actual  

values 
The predicted values Errors(%) 

2010 373.66  371.6413  -0.54  

2011 399.74  397.3928  -0.59  

2012 424.96  426.4522  0.35  

 

The correlation degree between the actual value and the 

predictive value by the combined and improved grey 

prediction model is: 7830.0r .Compare all the correlat 

 ion degrees and get the following results: 

5644.06471.0

6813.07670.07830.0

21

43




rr

rrr
   

So the actual value and the predictive value for the 

combined and improved grey prediction model have a 

better correlation. 

The results show that: In the error, the errors of the total 

electricity consumption predicted by the combined of 

improved grey prediction model are less than 1%, 

significantly better than the traditional grey prediction 

model and each improved grey prediction model; In grey 

correlation, the combined and improved grey prediction 

model has a better correlation, as well as a higher 

prediction accuracy.  

Therefore, the combined and improved grey forecasting 

model based on grey correlation weighting can effectively 

improve the prediction results. So with this method to 

make a prediction for the total electricity consumption of 

2013 – 2015 years in Nanjing, the detailed data is in Table 

6. 

 
Table 6: the prediction results for total electricity consumption of 2013-

2015 years in Nanjing 

Unit: 100 million KWh 

years The predicted values 

2013 457.4132 

2014 490.8472  

2015 526.7250  

 

V.  CONCLUSION 
 

Combined with grey correlation degree and the four 

improved grey prediction model proposed in above, the 

combined and improved grey forecasting model was 

constructed. Considering the various features of power 

load growth, the model can utilize the advantages of each 

single model and make up for their shortcomings. The 

empirical test showed that: On one hand, the method has 

higher prediction accuracy, a less error and a greater grey 

correlation degree than each of the single prediction 

model. Overall, the prediction result is better than those in 

single prediction model. On the other hand, the combined 

and improved grey forecasting model expands the scope of 

application of the basic grey prediction model. It is 

suitable for long-term power load forecasting which has 

the features of volatility or non-linear growth. So the 

practicability of this method is stronger. 
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