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Abstract—Power consumption prediction is the basis of 

implementing planned power consumption and preparing 

production plan. It is one of the main projects in the design of 

industrial and mining enterprises. It is also an important link to 

ensure the balance between national economic needs and power 

supply. Due to the influence of distributed energy and the change of 

power demand and load characteristics of the user side compared 

with the past, the power consumption prediction starts to face small-

scale users and is more easily disturbed by various influencing 

factors, so the traditional prediction method is not fully suitable for 

today's power consumption prediction. Firstly, STL is used to 

decompose the power consumption sequence of corresponding 

month into trend component, season component and random 

component. Secondly, the BP neural network model is used to 

predict the seasonal component of the month when the seasonal 

mutation and major festivals are located. ARIMA model is used to 

predict the trend component. The average value is used to predict 

the random components. Then, the predicted values of the three 

components are reconstructed into the final predicted values. Finally, 

the algorithm is compiled by R language, and the validity of the 

proposed method is verified by the actual monthly electricity sales 

data of a University Park in the north. And further consider the 

prediction method of economic factors. 

Key Words: monthly electricity consumption forecasting; 

electricity consumption characteristics; personalized decomposition; 

time series; STL model 

I. INTRODUCTION

A. Literature Review

Monthly electricity consumption not only changes with time,

but also relates to economic, political, human activities and other 

influencing factors. Therefore, when considering the influence of 

influencing factors on electricity consumption comprehensively, 

not only the change rule of user's electricity consumption 

characteristics with time, but also the influence of external 

influencing factors on electricity consumption should be 

considered. 

 Due to the open competition of electricity market 

restructuring, the monthly electricity consumption forecasting 

begins to face small-scale users, and the impact of randomness on 

the forecasting results is greatly increased, so the traditional load 

forecasting cannot be fully applied to the electricity consumption 

forecasting.  

Extensive research on prediction methods has been carried out 

in the references. Literature [1-3] proposed a method of electricity 

forecasting considering the time lag of economic factors on load, 

which reflects the changes of economic situation on electricity 

forecasting. Literature [4] proposed a decomposition model using 

moving regression and smooth spline as smoothing method is 

proposed to decompose the time series of power demand, and two 

neural networks are trained to predict the decomposition results 

respectively. The results show that the sequence decomposition 

prediction is more accurate than the sequence direct prediction. 

Literature [5, 6], the time series is decomposed into trend 

component and season component by classical decomposition 

model, and each component is predicted by SARIMA (seasonal 

autoregressive integral moving average) and weighted method 

respectively. Literature [7, 8], the X12 multi-plication model is 

used to decompose the electric quantity series and establish 

different models to predict each component. The X12 model 

overcomes the disadvantage that the trend values of several 

samples at the beginning and end of the classical decomposition 

model are difficult to be estimated. Literature [9], ARIMA 

(autoregressive integral moving average) model, x12-arima 

model and polynomial regression are used to predict the monthly 

error number of software, which verify the superiority of x12-

arima model, but X12 model still has the limitations that it can 

only process quarterly or monthly data and cannot control the 

change rate of seasonal components. Literature [10], the influence 

of economic disturbance on power consumption is considered, 

and x12-arima model is used to predict the final power 

consumption by coupling economic factors and power 

consumption series. The prediction results of this method are 

more accurate, but the data requirements of economic factors are 

strict.   

B. Motivation

In the prediction of monthly electricity consumption, the

previous research method is to directly model and predict the time 

series of historical data. For example, according to the time series 

characteristics of electricity consumption, without considering 

the influence of many factors, ARIMA model is established 

according to the past change law of electricity consumption, and 

the conventional linear regression prediction is carried out for 

monthly electricity consumption, or only considering the 

influence of seasonal factors on monthly electricity consumption, 

through the seasonal difference The SARIMA model is 

established to predict the monthly electricity consumption. All 
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these methods ignore that the time series of monthly electricity 

consumption often contains components with different 

characteristics in the actual forecasting process.  

Based on this, this paper analyzes the internal variation of 

power consumption time series with time, and proposes a 

comprehensive monthly power consumption prediction method 

based on STL model. Firstly, the monthly electricity consumption 

is decomposed into trend component, seasonal component and 

random variable by STL. ARIMA model is used to predict trend 

component. For seasonal component of non-seasonal sudden 

change month, historical same period value is taken as prediction 

value directly. For seasonal sudden change month, BP neural 

network is used to predict. The random component is expressed 

by historical average value. Then, the prediction value is 

reconstructed. Finally， further considering the influence of 

economic factors, the trend component of economic data is 

extracted by X12 decomposition model, and the two trend 

components are fitted by VAR model, and the prediction methods 

of seasonal component and random component are unchanged. 

II. PROBLEM DESCRIPTION 

With the access of distributed energy, the power demand and 

load characteristics of the user side will change accordingly; the 

reorganization of the open competition power market makes the 

monthly power consumption forecast start to face the small-scale 

users, and the randomness will greatly increase the impact on the 

forecast results; the performance appraisal system of the 

electricity sales market puts forward higher requirements for the 

accuracy of the monthly power consumption forecast. 

A. Classical Prediction Method 

An ordered sequence that records variable values over a fixed 

time interval creates a time series. Time series prediction is to 

predict the future value of a variable based on the previously 

observed value. Time series models are usually classified as top-

down models and represent the relationship between variables 

and time. A typical example of a time series is the power 

consumption recorded at a fixed time interval to predict the power 

consumption in the next period. 

Regression analysis determines the prediction function by 

calculating the dependent variable value of one or more 

independent variables. Regression analysis method can be 

divided into nonlinear regression model and linear regression 

model according to the structure of function about unknown 

coefficient. 

Many of the above electricity forecasts have their own 

applicable conditions and limitations, power consumption 

forecasting itself is a complex non-linear problem, which is not 

only affected by season, user behavior and economic 

development, but also has the internal change rule of historical 

data.  

B. The Improvement of Prediction Method 

Using cluster analysis to analyze the load big data, combined 

with cluster technology to analyze the typical user's power 

consumption characteristics and its influencing factors, and then 

from the perspective of autocorrelation analysis and cross-

correlation analysis, provide ideas for monthly power 

consumption prediction. In view of the limitations of traditional 

time series model for direct prediction of monthly power 

consumption, this paper proposes a comprehensive prediction 

method based on time series decomposition and regression 

analysis, considering the different characteristics of power 

consumption series in different months. On the basis of 

considering the influence of season mutation and major holidays 

on monthly electricity consumption, the paper further considers 

the improvement measures of economic factors on monthly 

electricity consumption from the perspective of cross-correlation 

analysis, and puts forward the method of monthly electricity 

consumption prediction based on X12 and STL decomposition 

model. 

III. MODELS OF RELATED THEORIES 

A. ARIMA Model 

Firstly, the nonstationary part of the time series is smoothed by 

the difference operation, and then the dependent variable, the lag 

value of the random error term and the present value of the 

random error term are regressed. In ARIMA (p, d, q) model, there 

are three parameters, p, d and q, where p represents the number 

of observations and q represents the number of residuals. In order 

to make the whole sequence become a stable sequence, the 

difference number d is proposed. Each observation in the 

sequence is represented by a linear system of historical 

observations and residuals. 

{
Yt-k=(1-B)dωt

Yt=μ+β
1
Yt-1+β

2
Yt-2+…+β

p
Yt-p-θ1εt-1-θ2εt-2…-θqεt-q+εt

     (1) 

where,  ωt  is the trend component of monthly electricity 

consumption; B is the lag operator, Bk×ωt=Yt-k; the selection of 

difference times d is related to the actual sequence, which should 

not be too large, generally no more than 2;  Yt is the trend 

component sequence of stabilization; εt is the residual of 

prediction; μ is the mean value of the sequence; θ1，θ2，…，θq is 

the moving average coefficient;  β
1

, β
2

, …, β
p

 is the 

autoregressive coefficient. 

B. SARIMA Model 

When the series presents the seasonal variation law with the 

period of quarter / month, the time series can be further 

transformed into the（p，d，q）×（P，D，Q）order SARIMA 

model with the change period as the order after the D-th seasonal 

difference. 

Фp(L)Ap(Ls)(∆d∆s
Dy

t
)=θq(L)BQ(Ls)vt           (2) 

where Фp(L)  is a non seasonal autoregressive 

operator, Фp(L)=1-Ф1(L)-Ф2(L2)-…-Фp(Lp); Ap(Ls) is a 

seasonal autoregressive operator, Ap(Ls)=1-α1Ls-α2L2s-…-

αpLps ;  θq(L) is a non seasonal moving average operator, 

and θq(L)=1+θ1L+θ2L2+…+θqLq  ; BQ(Ls) is a seasonal 

moving average operator, and L is a lagging 

operator; BQ(Ls)=1+β
1
L+β

2
L2s+…+β

Q
LQs ; D is the number 

of seasonal differences; P is the lag order of seasonal 

autoregression and Q is the lag order of seasonal moving average 

operator; Фp, θq  are the coefficients of p-order autoregression 

Authorized licensed use limited to: Danmarks Tekniske Informationscenter. Downloaded on December 08,2020 at 09:37:23 UTC from IEEE Xplore.  Restrictions apply. 



model and q-order moving average model respectively; vt is the 

white noise process. 

C. X12 Model 

The multiplication model assumes that the influence of each 

component on the development of the phenomenon is interrelated, 

based on the absolute quantity of the trend component, and the 

other components are expressed in the form of proportion. The 

monthly electricity consumption series is represented by the 

product of three components representing its trend factor, 

seasonal factor and random factor. 

Y=Ytrend×Yseasonal×Yrandom=Yt×Ys×Yr            (3) 

where, t is the number of samples; X is the response variable; Y is 

the prediction variable; U is the regression error. 

D. Neural Network Method 

At present, one of the most widely used neural network models 

is BP network, which is a multilayer feedforward network trained 

by error back propagation algorithm. The net input value of the j-

th neuron can be expressed as 

Sj= ∑ wji
N
i=1 ∙xi+bj=WjX+bj                      (4) 

where bj is the threshold value, xi  is 1, 2……n , 

X=[x1x2…xn]T ; Wj represents the link strength between the i 

and j neurons Wj=[wj1wj2…wjn] . If  x0 = 1 , "wj0 =bj , then 

X=[x0, x1, x2,…xn]T, Wj= [wj0,w
j1

,w
j2

,…wjn]. So the net input 

of node j can be expressed as 

Sj= ∑ wji
N
i=1 ∙xi=WjX.                          (5) 

E. Algorithm Process 

(1) STL decomposition model flowchart 
Begin

The object Yd of time series is obtained by 
logarithmic transformation of monthly 

electricity sales series Y, which is 
decomposed into Yt, Ys and Yr by STL 

model

Determine the optimal difference 
times d of Yt and make d-order 

difference

Judge whether Yt is a 
stationary sequence

Determine the order p and q of 
ARIMA model, and establish 
ARIMA (p, d, q) model for Yt

Yes

Whether the residual of 
the model satisfies the 
independent normal 

distribution

No

No

Using ARIMA model to 
forecast Yt of current 

monthly electricity sales

Yes

Forecast Ys and yr of 
current monthly electricity 

sales

Reconstruction of monthly 
electricity sales forecast

End
 

Fig.1. Monthly electricity consumption forecast model based on STL 

model 

(2) Basic steps of DIANA model 

Step1: Divide the given load data into a group, and find the 

cluster with the largest diameter from this group.                                   

Step2: Select the average dissimilarity between this group and 

other load data points, that is, the largest load data point, and 

divide this point into the newly divided cluster, and put the rest 

into the original group.                

Step3: Operate circularly. In the original cluster, find the closest 

point to the midpoint of the newly split group, which is not greater 

than the closest point of the midpoint of the original cluster, and 

add the point to the newly split group.             

Step4: Until no new points of the original cluster are assigned 

to the newly split group, and the newly split cluster and the 

original group are the selected cluster, which is split into two 

groups, and then combined with other groups to form a new 

group set, until all the clusters are processed, the program is 

terminated. 

(3) Basic steps of DBSCAN model 

Step1: Select an unprocessed sample from the database.             

Step2: If the data points extracted from the given data set are 

the key objects, then all the data points that can be reached from 

the point will be found, and then they will form a group.            

Step3: If the extracted data point is not the key object, then it 

will not continue to work, and we will continue to process the 

points that have not been accessed.             

Step4: If all the given data points are processed, the program 

will be ended. 

IV. OPERATION RESULTS AND ANALYSIS 

A. Classification of Loads 

Vertical BIC is Bayesian information. DIANA model needs to 

specify the optimal number of clusters in advance. The "mclust" 

package in R language can be used to complete the prediction of 

data information clustering data and the determination of the 

optimal amount, so that hierarchical clustering can be used for 

data mining and load imprinting extraction of a variety of data 

information. The pre-processing function can determine the 

optimal number of clusters of data, and the result is shown in 

Figure 2. 

 
Fig.2. The result of cluster number determination of optimal fitting 

degree 
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After the number of clusters is determined, the "hclust" 

package is used to cluster the mixed data. In this paper, the 

average distance between clusters is used as the principle to 

measure the mounting distance, which is expressed by "average". 

Combined with R, the typical load curve is extracted from the 

complex chaotic data, and Results of DIANA clustering of load data 

of Liaoning province in 2017 is shown in Figure 3. 

 
Fig.3. Results of DIANA clustering 

Compared with the Diana method, DBSCAN is not sensitive 

to the order of samples in the database and can find clusters of 

any shape, which has the function of identifying noise points. 

First of all, the optimal scanning radius should be determined. By 

drawing the k-distance curve, the inflection point should be found, 

that is, the obvious inflection point position is the corresponding 

better parameter, and the appropriate scanning radius value 

should be found. This step is implemented by using the 

knndistplot function, and the optimal scan radius value selected is 

shown in Figure 4 based on the k-distance curve. 

 

Fig.4. The optimal scan radius value selected 

Knndistplot calculates the distance of the nearest neighbor in 

the point matrix, and then sorts the distance from small to large, 

and displays it in a graph. The x-axis is the sequence number of 

the distance, and the y-axis is the value of the distance. Find out 

the obvious inflection point on the k-distance curve through 

human eye recognition, draw a dotted line parallel to the x-axis 

with y=0.00003, and highlight the mark. Therefore, the final 

confirmed scanning radius EPS is 0.00003. Next, the DBSCAN 

function is called to cluster the data set, and DBSCAN clustering 

results of load data of Liaoning province in 2017 are shown in Figure 

5. 

 

Fig.5. DBSCAN clustering results 

B. Power Consumption and Economic Relationship 

Taking the monthly electricity consumption of a University 

Park in North China in 2017 as an example, this paper analyzes 

the impact of months on electricity consumption from two 

aspects: the relationship between electricity consumption and 

holidays, and the relationship between electricity consumption 

and seasons. The monthly electricity consumption curve of a 

University Park in North China is shown in Figure 6. 

 
Fig.6. Monthly electricity consumption curve of a university park in 

Shenyang from 2010 to 2017 

𝑌𝑑 is the time series object obtained by logarithmic 

transformation,  𝑌𝑡  is the trend component,  𝑌𝑠  is the seasonal 

component, 𝑌𝑟  is the random component. Taking March and 

April as examples, the stl function in R language is used to draw 

the change curve of time series object 𝑌𝑑, and it is decomposed 

into corresponding𝑌𝑡  , 𝑌𝑠 and 𝑌𝑟 . the change trend of each 

component is shown in Figure 7. 
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Fig.7. March (left) and April (right) trends of original sequence with its components 

C. Eviews Simulation 

It can be seen that the seasonal component 𝑌𝑠  of the 

month with seasonal mutation changes gradually with time, 

but the seasonal component 𝑌𝑠  of the month without 

inflection point changes periodically, u has a stable growth 

trend, 𝑌𝑟  has no development rule. 

LNGDP is Liaoning GDP. In order to ensure that the 

sample size of economic factors is consistent with the 

monthly electricity consumption, the GDP of each quarter is 

divided into months, and the approximate monthly GDO data 

is obtained. Read in the monthly GDP data of a city in the 

north, decompose it with X12 model, and click Proc / 

Seasonal Adjustment / X12 to get the trend component data 

of GDP. In order to ensure the stability of the data, we can 

take the natural logarithm of the trend component, process the 

data, and then build the VAR model. The trend component of 

GDP is shown in Figure 8. 

 

Fig.8. GDP trend component curve 

Open the trend components of GDP and electricity 

consumption in var package, click Lag Length criteria, and 

the confidence interval of lag order will pop up as shown in 

TableⅠ. 

TABLE I.  The confidence interval for the lag order of VAR model 

Lag LogL LR FPE AIC SC HQ 

0 -919.8341 NA 4.53e+08 25.60650 25.66974 25.63168 

1 -519.9274 766.4878 7581.285 14.60910 14.79882 14.68462 

2 -392.8206 236.5599 248.1805 11.18946 11.50567 11.31534 

3 -322.0301 127.8163 38.84761 9.334168 9.776853 9.510403 

4 -304.8392 30.08404 26.96743 8.967755 9.536922 9.194342 

5 -295.4543 15.90214 23.27183 8.818175 9.513823 9.095115 

6 -293.7491 2.794622 24.88266 8.881920 9.704049 9.209212 

7 -277.5902 25.58493 17.82851 8.544173 9.492784* 8.921818* 

8 -273.6755 5.980746 17.97444 8.546543 9.621635 8.974540 

9 -273.2689 0.598628 20.00905 8.646359 9.847933 9.124709 

10 -266.7881 9.181128 18.85117 8.577448 9.905503 9.106151 

11 -257.7192 12.34380* 16.56391* 8.436645* 9.891182 9.015701 

12 -255.9084 2.364098 17.84887 8.497456 10.07847 9.126864 

LR: sequential modified LR test statistic. FPE: Final 

prediction error. AIC: Akaike information criterion. SC: 

Schwarz information criterion. HQ: Hannan-Quinn 

information criterion. The order of hysteresis is represented 

by p (1 ≪ P ≪ n, n is the sample size). Because the delay of 

monetary policy is generally 6-12 months, this section sets 

the upper limit of the lag order as 12. 

As can be seen from TableⅠ, when p=11, the evaluation 
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index is the best, so the lag order is determined as 11. 

VAR model is effective to predict the interconnected time 

series variable system. If there is no correlation between 

variables, it is not suitable to build VAR model. In order to 

determine whether GDP changes play a major role in 

electricity consumption, this section conducts exogenous 

tests on two variables. Click View / lag structure / Granger 

causality to pop up the exogeneity test results as shown in 

Table Ⅱ and Table Ⅲ.             

TABLE II.   Dependent variable: LN GDP  

Excluded Chi-sq df Prob 

GDP_HP 30.56972 11 0.0013 

All 30.56972 11 0.0013 

TABLE III. Dependent variable: GDP_HP 

Excluded Chi-sq df Prob 

GDP_HP 23.12329 11 0.0170 

All 23.12329 11 0.0170 

From the table, it can be seen that the Prob value is less 

than 0.05, that is, there is no exogeneity, indicating that GDP 

has a significant impact on electricity consumption, that is, it 

has the ability to predict, and it is meaningful to establish 

VAR model. 

First, the model parameters are estimated. Open the VAR 

setting box of GDP and electricity consumption data, click 

OK, and the estimated result window will pop up as shown in 

Table Ⅳ. 

TABLE IV. VAR parameter estimation results 

 LNGDP POWER_T 

GDP_HP(-1) 

0.892644 

（0.11730） 

[7.61004] 

-0.318902 

(0.30656) 
[-1.04026] 

GDP_HP(-2) 

-0.025358 
(0.12315) 

[-0.20592] 

0.608604 
(0.32184) 

[1.89100] 

POWER_HP(-1) 

-0.020718 
(0.04430) 

[-0.46773] 

-0.160956 
(0.11577) 

[-1.39035] 

POWER_HP(-2) 

0.005056 

(0.04195) 
[0.12052] 

0.036296 

(0.10965) 
[0.33102] 

c 

-0.001664 
(0.00618) 

[0.26925] 

-0.006855 
(0.01615) 

[0.42438] 

V. CONCLUSION 

Based on the autocorrelation of monthly electricity 

consumption time series, the influence of season mutation 

and major holidays on electricity consumption prediction is 

considered from the perspective of time. A comprehensive 

forecasting method of monthly electricity consumption based 

on STL decomposition model is proposed, which makes full 

use of the decomposition characteristics of STL 

decomposition model. According to the change rate of 

seasonal components of electricity consumption in different 

months, periodic decomposition and non-periodic 

decomposition are adopted respectively, and then appropriate 

models are selected to predict each component respectively, 

which provides an effective forecasting idea for monthly 

electricity consumption prediction. On the basis of 

considering the influence of seasonal sudden change and 

major holidays on monthly electricity consumption, this 

paper proposes improvement measures for the prediction 

method of monthly electricity consumption based on the 

correlation between electricity consumption and economic 

development. Firstly, STL model and X12 model are used to 

decompose the power consumption sequence and GDP 

sequence respectively, and the trend component of GDP is 

taken as the influencing factor of monthly power 

consumption trend component into VAR model to forecast 

the power consumption trend; then BP neural network is used 

to forecast the seasonal component and average method is 

used to forecast the random component. Using the actual data 

of a University Park in the north of China to simulate and 

analyze the monthly electricity consumption forecasting 

method considering the influence of economic factors, it is 

proved that the method is accurate and effective. 
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