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Abstract—Nowadays, the prediction accuracy of carbon 
emissions is required to be improved, a combination model 
for prediction is proposed. First, calculate the carbon 
emissions according to the carbon emission conversion 
formula of petrochemical energy consumption, then use the 
trend moving average method to pre-process the calculated 
carbon emissions, and finally combine the pre-processed 
data with the grey linear regression model to realize the 
prediction of future carbon emissions. The experimental 
results show that the prediction accuracy of using traditional 
linear regression model and GM (1,1) is low, while using the 
grey linear regression model is good, but it is still lower than 
using the combined model proposed.  

Keywords-linear regression model; GM (1,1); trend moving 
average method; combined model; carbon emissions  

 

I. INTRODUCTION 

For the prediction of carbon emissions, many scholars 
have proposed many better theoretical analysis and 
feasible verification methods for the calculation and 
prediction of carbon emissions. For example, classic 
carbon emission calculation models include LMDI[1] 
decomposition method, Kaya model [2], CGE model [3], 
production function theory [4], etc. But they still have 
problems such as insufficient theory and low prediction 
accuracy [4]. To this end, taking the historical data from 
2005 to 2018 published in China and the carbon emissions 
data for 2019 and 2020 predicted in the paper [12] as the 
object, on the basis of analyzing the historical data from 
2005 to 2018, a method for predicting carbon emissions by 
a combined model is proposed. Results show that the 
prediction accuracy of carbon emissions using the 
combined model exceeds three traditional models. 

II. DATA ANALYSIS 

In general, the energy consumption structure is 
mainly composed of coal, oil, natural gas and other non-
petrochemical energy sources. The combustion of 
petrochemical energy mainly causes CO2 emission, and 
the conversion formula of its carbon emissions [6]: 

                  Ci = Ei × Ki × 44
12

                                    1  

In the formula, iC  is the carbon emission of the ith 

energy; iK  is the CO2 emission coefficient of the ith 
energy, and its value can be based on the carbon emission 

coefficient recommended by the country. The CO2 
emission coefficients of coal, oil, natural gas and non-
petrochemical energy sources are taken as: 0.7476, 
0.5825, 0.4435 and 0 respectively. Because the emission 
coefficient of non-petrochemical energy is 0, i refers to 
three petrochemical energies respectively.. 

Therefore, from the data published in China, the 
energy consumption from 2005 to 2018 was selected, and 
the formula (1) was used to convert the calculation to 
obtain the CO2 emissions generated by each energy. It is 
shown in Table I.  

TABLE I Total energy consumption and total CO2 
emissions of Sinopec from 2005 to 2018 

 
The relevant abbreviations with the same unit in 

Table I are used for explanation. CC, OC and NGC 
represent each energy consumption / 100 million tons of 
standard coal for coal, oil and natural gas respectively. 
Then, CCE, OCE and NGCE represent CO2 emissions of 
each energy respectively with the same unit while TPEC 
and TCE stand for total petrochemical energy 
consumption and total carbon emissions. 

 

287

2020 19th International Symposium on Distributed Computing and Applications for Business Engineering and Science
(DCABES)

2473-3636/20/$31.00 ©2020 IEEE
DOI 10.1109/DCABES50732.2020.00081



Figure 1 Schematic diagram of  petrochemical energy 
consumption and total CO2 emissions from 2005 to 2018 

The bar in Figure 1 indicates the total petrochemical 
energy consumption and includes the proportion of 
various types of petrochemical energy consumption. The 
above data is the total consumption of petrochemical 
energy; the curve shows the CO2 emissions and total CO2 
emissions from various types of petrochemical energy 
consumption. From the distribution and changes of data in 
the above figure, it can be shown that China's total CO2 
emissions have increased significantly along with the 
growth of total petrochemical energy consumption, and 
the trend of change is linear and exponential. Therefore, 
using a linear regression model combined with GM(1,1) 
to predict carbon emissions can reflect the general law of 
its changes.  

III. COMBINED MODEL 

A. Grey linear regression model [7] [8] 

Supposing ))(~,),2(~),1(~(~ )0()0()0()0( nxxxX =  
is the original sequence as a basis and from 

that, )1(~X = ))(~,),2(~),1(~( )1()1()1( nxxx  is the 

generated sequence getted from the 1-AGO of  (in 

which 
=

=
i

i

ixix
1

)0()1( )(~)(~ . Then, it can be obtained 

from the GM (1,1) model: 

       a
bat

a
bxtx +−−=+ )exp())1(~()1(~̂ )0()1(    2  

The above formula obviously has the law of 

exponential growth, which can be recorded as  

           21
)1( )exp()1(~̂ CtCtx +=+ α                     3  

Therefore, the sum of bXaY += ~~
and 

is used to fit the cumulative generation 

sequence )(~ )1( tx . And then the following form of 
sequence can be getted: 

         321 )exp()(~̂ CtCtCtx ++= α                     4  

Obviously, in formula (4), if 1C =0, the generated 
sequence obtained by 1-AGO is a linear regression model; 
if 2C =0, the generated sequence is a GM(1,1) model. 
Therefore, the combined model can improve the 
deficiencies in the linear regression model and the 
GM(1,1) model. So the combined new model can improve 
the situation that the original linear regression model 
doesn’t contain exponential growth trends and the GM 
(1,1) model does not contain linear factors. Among them, 
the parameter α  is  

           
                                         5  

For different m , we can get different α . And their 
average value can be used as the estimated value of α̂ . 
If recording m(t) = exp(α̂t) formula (4) is as follows: 

            x̂(1) (t) = C1m(t)+ C2t + C3                       6  

If recording  

     [ ]TnxxxX )(~)2(~)1(~~ )1()1()1()1( =  

           [ ]TCCCC 321=  

                                        7  

Then the available parameters 321 ,, CCC  source from 
the least square method. 

)1(1 ~)( XAAAC TT −=                              8  

Then, yk (t) = z(t + k)− z(t) . 

B.  Trend moving average method 
This method is to predict the average value based on 

the gradual passage of time series and moving average 
over a certain period. It can eliminate the impact of 
periodic fluctuations and irregular changes in the time 
series on the prediction results, and can correct the lag 
deviation caused by only one moving average[9][10].The 
total CO2 emissions from petrochemical energy 
consumption are often affected by many factors, such as 
population, GDP, economic policies, industrial structure 
adjustments, economic crises and natural disasters, which 
will cause large fluctuations in energy consumption. The 
projections of the emissions are disturbing. Therefore, 
using historical data of total CO2 emissions with trend 
moving average to eliminate or weaken the impact of 
fluctuations can highlight the trend and periodic 
variability of carbon emissions and further improve the 
accuracy of model prediction. 

Suppose the time series }{ ty  starts to change in a 
straight-line trend from a certain moment, and then the 
trend moving average method is based on the starting 
point of a moving average of the latest actual value. Using 
the quadratic moving average to estimate the slope of the 
trend change, a prediction model [9] is established as: 

 kbay ttkt ×+=+                                         9  

In the formula (9), k  is the number of trend forecast 
periods and kty +  is the forecast value of the kt + . 
Among them: 

    )2()1(2 ttt mma −=  
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In the above formulas, ta  is the intercept of the predicted 

straight line, tb  is the slope of the predicted straight 
line, n  is the length of each moving average, t  is the 
number of periods, )1(

tm  is a moving average and )2(
tm  is 

a second moving average. 
 
C. prediction model validation 

Taking the total carbon emission data for 2005-2016 
published [5] as the object, after applying the formula (1) 
carbon emission conversion, three traditional models and 
the combined model in this paper are used to predict the 
total carbon emissions from 2017 to 2020. However, since 
the data in 2019 and 2020 have not be released, the 
calculation results in Table 7 of [12] are cited as the actual 
data for comparison. Among them, for the trend moving 
average method of carbon emission data preprocessing, 
the sliding window length is 5. The verification results are 
as follow. 

TABLE II Total carbon emissions predicted by different 
models 

Year 
 

Algorithm 

Result 2017 2018 2019 2020 

Actual 98 99.75 99.04 100.3 

LR Predict 108.02 111.5 115.0 118.5 
Error 10.02 11.77 15.99 18.19 

GM(1,1) Predict 108.67 112.9 117.2 121.6 
Error 10.67 13.08 18.13 21.31 

GLR Predict 96.72 97.06 97.31 97.50 
Error -1.27 -2.68 -1.73 -2.83 

CM Predict 99.06 99.71 100.2 100.7 
Error 1.06 -0.04 1.20 0.32 

It can be seen from the above table that the 
prediction accuracy of the improved grey linear regression 
model exceeds that of the traditional linear regression 
model, GM (1,1) model and grey linear regression model. 
At the same time, the aboved indicates that the prediction 
results for 2019 and 2020 are also close to the calculation 
results in [11], indicating that the combined model in this 
paper is effective and feasible for the prediction of carbon 
emissions. 

In addition, the visualization results of the total 
carbon emissions predicted for 2017-2020 under different 
models are shown in Figure 2. It can also be seen from 
Figure 2 that the combined models proposed are superior 
to the prediction accuracy of traditional linear regression 
models, GM (1,1) models, grey linear regression models, 
etc. 

 

 
Figure 2 Different models predicting the total carbon 

emissions from 2017 to 2020 

IV. CONCLUSION 
With the economic development of various countries, 

resulting in a substantial increase in carbon emissions, the 
greenhouse effect caused has become one of the hot issues 
of global concern. In order to achieve a low-carbon 
development transformation and reduce CO2 emissions, 
countries around the world are jointly formulating relevant 
emission reduction targets. Therefore, for improving the 
prediction accuracy of carbon emissions, a combined 
model method using trend moving average method to 
improve grey linear regression is established, which can 
assist countries to formulate relevant carbon emission 
legislation, adjust and optimize industry and energy 
structure, and master carbon emissions. The volume 
growth trend provides an effective theoretical analysis 
method. 
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