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Abstract 
This paper takes the thermal coal at Qinhuangdao Port as the research object, collects 
the daily price time series data of the thermal coal, performs stationarity test and first-
order difference on the series, obtains the stable daily thermal coal price time series 
after the difference. Autocorrelation graph and partial autocorrelation graph are 
distinguished. By introducing the arithmetic average of AIC and BIC as the main basis for 
determining the model parameters, the ARMA(7,4) model is finally determined to fit the 
sequence. Secondly, in view of the "volatility aggregation" in the time series diagram, the 
LM test is used to determine that the residual square is not a white noise sequence, and 
it is concluded that the sequence has a GRACH effect. Finally, we revised the ARMA model 
based on the GRACH model, determined that GARCH(2,2)-ARMA(7,4) was the model with 
the highest degree of fit, and used this model to extrapolate the fitting results, and found 
that the price of thermal coal was After that, the volatility will gradually become smaller, 
prices will stabilize, and market supply and demand will gradually return to balance. 

Keywords 
Time Series; ARMA Model; GARCH Effect; AIC; BIC. 

1. Introduction 

As one of the three major fossil fuels, the price of coal has three main functions: ensuring long-
term coal supply, balancing supply and demand in the coal market, and stabilising coal prices. 
Therefore, it is important to determine the factors affecting the fluctuation of coal prices and 
predict the future trend of prices for national macroeconomic regulation and market supply 
and demand adjustment. This paper takes Qinhuangdao power coal prices as the object of study, 
and empirically analyses the theoretical and intrinsic causes of its price fluctuations to 
preliminarily argue for the current supply and demand status and future price trends in the 
power coal market [1]. 

2. Literature Overview 

Domestic scholars have carried out a lot of research work on issues related to coal prices, using 
very rich and mature fitting as well as forecasting models. For example, Shujing Zhao [2] used 
hierarchical analysis to consider the impact of contingencies on coal prices from both structural 
and importance aspects, and established a comprehensive forecasting model by calculating the 
weight matrix of each influencing factor. Jinbiao Xia [3] established a comprehensive 
forecasting model based on a BP neural network with non-linear co-integration, combined with 
multiple linear regression techniques. By calculating the correlation coefficients, seven 
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influencing factors were selected and their historical data were collected, and five main factors 
were identified through comparative analysis. 
At the same time, a few scholars have also conducted research using time-series data of past 
coal prices, combined with time-series correlation models. For example, Jihu Sun et al [4] first 
applied the time series analysis method based on the theory of probability theory and linear 
difference equation to China's coal market price prediction, and the prediction accuracy of coal 
market price was very impressive. The first combination of time series model (ARIMA) and 
support self-vector machine (SVM) was proposed by Jianli Guo et al [5], and the coal price 
forecasting method based on this model reduced the error of coal price forecasting to a large 
extent.ARIMA-SVM integrated the correlation of coal price series in different periods and 
various factors affecting coal prices, and used ARIMA and SVM were used to obtain the 
forecasting results of different models, and finally the two forecasting results were weighted 
equally to obtain the forecasting results with high accuracy and low error level. 
In summary, scholars have used different models for coal price forecasting mainly from a time 
series perspective and quantitative aspects mainly using BP neural networks, data 
envelopment algorithms and fitting, all of which have yielded fruitful results. 

3. Data Collection 

The data in this paper are mainly derived from(BP National Statistical Yearbook)and 
Qinhuangdao Coal Network. The daily price timing data of 345 time points in Qinhuangdao Port 
from May 10,2019 to May 1,2020 are selected. The data in this paper are multivariate time 
series data, which need to meet the stability of the data. For non-stationary data, the treatment 
of gradually expanding order is generally adopted. After each order of difference, the unit root 
test of the time series data after difference is needed. If the unit root test is passed, the sequence 
satisfies the stability and stops the difference. If the order difference does not pass the unit root 
test, it is necessary to expand the order to continue the difference until the data are stable. Here 
is the first-order difference formula represented by the delay operator: 

∇X = X − X = (1 − B)X                                                          (1) 

4. Coal Price Prediction Model Based on ARMA 

In this paper, the moving average autoregressive model (ARMA model) is selected. ARMA 
model is the most commonly used analysis model to describe the stationary time series because 
it has good fitting for a variety of time series. The volume of time series is very large. Since the 
value of a single sequence is uncertain, we should start from the perspective of the macro, that 
is, the whole sequence. Any sequence of time series is composed of the past value, the current 
value and the lag disturbance term of the sequence. Therefore, for the future prediction value 
of the sequence, the three should be the weighted average results. The autoregressive moving 
average model [6] combines the autoregressive process AR and the moving average process 
MA to fit the time sequence more fully and jointly simulate the random process corresponding 
to the sample data of time series. The general form of ARMA ( p, q ) model is : 

y = α + α y + ε + β ε                                                 (2) 

Among them, parameters α0, αi, βi, εt constant, autoregressive model coefficient, moving 
average model coefficient, and random error term satisfying independent and identical 
distribution. When, the model becomes the centralized ARMA ( p, q ) model ; when, the above 
equation becomes the p-order autoregressive model, denoted as AR ( p ) ; when, the above 
equation is called the q-order moving average model, denoted as MA ( q ). 
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4.1. Stability Test  
When modeling and analyzing the time series, the direct non-stationary time series modeling 
will make the prediction accuracy of the model decrease. Therefore, the stability of the time 
series should be tested first. We draw the time series diagram of the daily price data, and find 
that it shows a significant downward trend. It is judged that the sequence is non-stationary time 
series. After the first-order difference of the sequence, the sequence after difference is as 
follows: 
 

  
Figure 1. Time series diagram before and after difference 

 
According to Figure 1, the difference sequence fluctuates around the zero mean, showing a 
steady trend. The ADF unit root test of the difference time series data is carried out, and the P 
value is 0.00 < 0.05, then the data stability is satisfied, and the model can be fitted. 

4.2. Determine the Model Parameters 
After the difference processing of the time series, the ACF and PACF diagrams of the difference 
sequence are drawn by STATA, and the ARMA model parameters are determined according to 
the truncation in the diagram. 
 

 
Figure 2. ACF and PCF diagram 

 
As shown in the figure, ACF ends in phase 4 and phase 7 within the 10 lag phase, PACF also has 
a similar pattern and delays after phase 7. According to the above analysis, we establish p, q = 
4 or 7 to establish four models, namely ARMA (4,4), ARMA (7,7), ARMA (4,7), and ARMA (7,4) 
[7]. 
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4.3.  Model Selection Indicators  
In order to find the best balance between the model ' s complex pair and the model ' s 
interpretation ability, the red pool information criterion ( AIC ) and Bayesian information 
criterion ( BIC ) are used as the basis for model selection. The smaller the above value is, the 
more effective the model selection is. On this basis, AIC and BIC are averaged as indicators for 
model selection: the specific methods are as follows: 

K = (AIC + BIC)/2                                                                        (3) 

4.4.  Model Solving  
After analyzing the autocorrelation diagram and partial autocorrelation diagram of the 
difference coal daily price time series, the above four models are fitted, and the AIC, BIC and K 
values of each model are obtained as follows: 
 

Table 1. ARMA model selection 

ARMA Model AIC BIC K 
Model1: ARMA(4,4) 1986.301 2025.050 2025.6755 
Model2: ARMA(7,7) 1945.514 2007.513 1976.5135 
Model3: ARMA(4,7) 1969.093 2019.467 1994.2800 
Model4: ARMA(7,4) 1950.577 2000.952 1975.7645 

 
According to the above table, ARMA ( 7, 4 ), the group with the smallest K value, is finally 
selected to fit the sequence. The distribution of the residual sequence after fitting is as follows: 
 

 
Figure 3. Residual sequence distribution histogram 

 
The Ljung-BoxQ test is used to test the residual sequence. The P value of the test value with 12 
lags is greater than 0.05, and the original hypothesis cannot be rejected at the 5 % significance 
level. Therefore, it can be considered that there is no obvious correlation between the residuals 
obtained by regression through the white noise test, so the model is effective. 

5. Correction of GARCH Model 

5.1. Introduction of GARCH Model 
When ARMA model is used to fit the past sequence, it is an important premise that the residuals 
after sequence fitting have variance uniformity. In this study, due to the daily data of coal prices, 
the conditional variance of the disturbance term is not independent, and its value will be subject 
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to a certain volatility clustering phenomenon due to the dependence on the variation before the 
time series, which is called heteroscedasticity. Finally, the price of Qinhuangdao power coal in 
a peak or valley after a period of time, continuous high or low value, thereby affecting the 
correct regression equation and statistical inference. So we use Autoregressive Conditional 
Heteroscedasticity Modle ( ARCH ) to modify ARMA model. 
Since the nature of additive conditional heteroscedasticity is not easy to explore, the 
multiplicative conditional heteroscedasticity model is used to define the white noise sequence: 

ε = v d + d ε + ⋯ + d ε  ; d > 0(i = 1,2, ⋯ , q)                            (4) 

The variance of the current period is determined by three factors: constant term, ARCH term 
and GARCH term. That is, the GARCH model is essentially the same as the ARCH model. The only 
difference is that the GARCH model considers the m-order autocorrelation of the 
heteroscedastic function. It can effectively fit the heteroscedastic function with long-term 
memory. 

5.2. Choice of GARCH ( P, Q ) Model 
The white noise test on the residual sequence is carried out above, and it is found that the 
residual sequence passes the white noise test. Next, the LM test is carried out on the square of 
the residual. If the sum of squares of residuals is white noise sequence, accept the original 
assumption that the sequence has no GARCH effect, otherwise there is GARCH effect. The test 
results are shown in table 2: 
 

Table 2. LM test of residual square 

inspection object LM statistic value P value significance level 

Residual squareε  57.44925 0.0225 5% 

 
As shown in Table 2, the P value of LM test is 0.0225 < 0.05, so the null hypothesis is rejected 
to prove that the sequence has GARCH effect. The distribution of disturbance items is very 
complicated. According to the research results of scholars on the regularity of time series data, 
generally speaking, the distribution of disturbance items only obeys t distribution in financial 
data, and other places can be assumed to obey normal distribution. Therefore, this paper 
assumes that the disturbance items obey normal distribution, and establishes GARCH ( 1,1 ) 
and GARCH ( 2.2 ) models respectively. The AIC, BIC and K values of each model are as follows: 
 

Table 3. GRACH model selection 

GARCH model AIC BIC K 
Model1: GARCH(1,1) 2696.817 2707.912 2702.3645 
Model2: GARCH(2,2) 2688.734 2699.765 2694.2495 

 
According to the results of the above table, GARCH ( 2, 2 ) model corresponding to the K value 
of 2694.2495,the value is the smallest, so choose this model to fit the most effective. 
To sum up, the selected daily price data of Qinhuangdao port from May 10,2019 to the present 
are modeled and analyzed. By comparing AIC and BIC, ARMA (3,3 ) model with GARCH ( 2,2 ) 
and disturbance term obeying normal distribution is selected to fit the daily price series, and 
the time series after first-order difference is extrapolated and reasonably predicted. The fitting 
and prediction results are as follows: 
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Figure 4. Power coal price forecast chart 

6. Conclusion 

According to the above modeling results, the model basically fits the fluctuation of the original 
time series, and the GARCH model also avoids the fluctuation of this series. The following 
conclusions can be drawn: 
(1) Before February, the power coal market remained relatively stable, prices fluctuated in a 
small range, and the market supply and demand relationship was relatively reasonable. 
(2) According to the sequence information, during February – May, due to the outbreak of a 
wide range of new coronal epidemics in China, the economy shrank, resulting in a great impact 
on the coal market, a substantial reduction in demand, and a wide range of stagflation in coal 
enterprises. The price fluctuation was intense and showed a gradual downward trend. 
(3) Since May, the epidemic situation in China has been effectively curbed, and began to 
unsealing. In addition, due to the reasons of re-production, the power coal production 
enterprises began to operate, the demand for power coal began to increase, and the supply and 
demand gradually returned to balance. In the future, the fluctuation range of power coal prices 
will be greatly reduced, and it is nearly stable, which is also consistent with the model 
prediction results. 

Acknowledgments 

This article research mentality originates from the national university student innovation and 
entrepreneurship training project (number : 202110378230). 

References 

[1] T.G.Zhang, D.Z.Zhao: Study on the Influencing Factors of Coal Price’Fluctuation in China[J].Energy 
of China , 2018,40(03):16-21. 

[2]  S.J.Zhao: Research on Coal Price Prediction Based on Fitting Curve[J].Hebei Enterprise, 2020(08): 
53-54. 

[3] J.B.Xia: Coal Price Prediction Model Based on BP Neural Network[J].Digital Space,2020(08):192-
193. 

[4] J.h.Sun,J.P.Peng:Application of Temporal Sequence Analysis Technique in Coal Price Prediction[J]. 
Contemporary Economic Management,2000(03):33-40. 

[5] J.L.Guo,L.Cheng,B.C.Sun,R.Yan:Study on Prediction and Verification of Coal Prices Based on ARIMA-
SVM[J].Coal Economic Research,2016,36(02):6-10. 



Volume 2 Issue 12, 2021 

DOI: 10.6981/FEM.202112_2(12).0016 

134 

Frontiers in Economics and Management 

ISSN: 2692-7608 

[6] T.M.Gao:Econometric Analysis Method and Modeling [ M ]. Beijing:Tsinghua University Press, 2009 : 
126. 

[7] S.Y.Xu,X.Y.Liang:Research on Stock Price Prediction Based on ARIMA-GARCH Model[J],Journal of 
Henan Institute of Education(Natural Science Edition),2019. 

[8] X.T.Zhang: Econometrics Software Eviews User Guide [ M ].Tianjin : Nankai University Press, 2003 : 
212. 

[9] L.Yang:Supply and Demand Sides in a Stalemate, Power Coal Market Showing Weak Balance 
[N].China Coal Newspaper,2020-08-22(007). 

[10] J.Y.Feng:Application of Comprehensive Budget Management in Financial Management of Coal Mine 
Enterprises[J].Times Finance,2020(24):160-161. 

 


