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Abstract: China, taking the concept of sustainable development as the premise, puts forward 

Intended Nationally Determined Contributions (INDC) to reduce the greenhouse gas emissions in 

response to climate change. In this context, with the purpose of seeking solutions to a carbon 

financial market pricing mechanism to build China’s carbon finance market actively and thus 

achieving the goal of sustainable development, this paper, based on the autoregressive integrated 

moving average (ARIMA) model, established a carbon price prediction model for the carbon 

financial market, and studied the relationship between Certified Emission Reduction (CER) futures 

prices and spot prices, as well as the relationship between European Union allowances (EUA) 

futures prices and CER futures prices in an empirical manner. In this paper, EUA and CER futures 

prices of the European Climate Exchange (ECX) and EUA and CER spot prices of the BlueNext 

Environmental Exchange were selected as research objects. Granger causality test, co-integration 

test, and ECM were used to form a progressive econometric analysis framework. The results show 

that firstly, the ARIMA model can effectively predict carbon futures prices; secondly, CER futures 

prices cannot guide spot price, and the futures pricing function does not play a role in this market; 

thirdly, EUA futures price can, in the short term, effectively guide the trend of CER futures prices, 

with the futures pricing function between the two markets. In the long run, however, the future 

pricing function of the two markets is not obvious. Therefore, great differences among maturity of 

the two markets, degree of policy influence, and market share lead to the failure of long-run futures 

pricing functions. 
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1. Introduction 

To address the global climate change, achieve the sustainable development of harmonious 

coexistence of human beings and nature, and sustainable utilization of the ecological environment 

[1–3], three trading mechanisms were creatively proposed in the Kyoto Protocol to realize 

quantification, pricing, and trading of global carbon emissions, and artificially create a carbon market 

[4–7]. In the short eight years from the initial establishment of the carbon market from 2005 to 2012, 

trading volume of the carbon market increased nearly 22 times, surpassing the oil market for the first 

time to become the largest commodity trading market in the world [8]. The rapid rise of the carbon 

market is inseparable from countries’ attention to greenhouse gas emission reduction, in which 

financial derivatives have made important contributions [9–12]. According to 2012 Carbon Market 

Status and Trend Report of the World Bank [13], the trading volume of European Union Emission 

Trading System (EU ETS) reached 147.8 billion dollars, accounting for 84% of the total trading volume 
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of the global carbon market, continuing to play a role as an engine of the global carbon market. 

Besides, futures trading is still an important part of the carbon trading volume, accounting for 88% 

of the trading volume of European Union allowances (EUA) futures (launched in March 2005), 

playing a leading role in the international carbon market. With the vigorous development of EUA 

futures, the European Climate Exchange (ECX) launched another Certified Emission Reduction 

(CER) futures contract in March 2008 [14]. So far, both allowances—and project-based trading 

markets in the international carbon market—have launched corresponding futures derivatives. Price 

of the EUA futures has become an important reference for price of the global carbon market, as the 

EUA futures contract has absolute advantages in terms of launch time, market share, trading rules 

and regulations, and other aspects [15]. As the largest developing country, however, China can only 

participate in the international carbon market trading through clean development mechanism (CDM) 

projects in accordance with the rules of Kyoto Protocol at this stage. However, there is no unified 

carbon trading market and pricing mechanism of CER in China, which has led to China lacking 

discourse power when domestic enterprises negotiate with foreign buyers on CER price, and pricing 

power is completely in the hands of foreign buyers, which seriously damages interests of domestic 

project owners. 

Therefore, whether the establishment of pricing mechanisms is effective or not is the key factor 

to establishing a carbon financial market, and also an important cornerstone to ensure the smooth 

operation of the carbon financial market [16]. It can be predicted that the carbon financial market will 

have a far-reaching influence on China’s economic structure and enterprise development. Only under 

the background of effective operation of the carbon financial market can the Chinese government 

fulfill the carbon emission reduction commitment of national independent contributions, can Chinese 

enterprises complete technological upgrading and transformation, and can China’s economy realize 

the sustainable development goal of transforming into a low-carbon economy. In April 1987, the 

World Committee of Environment and Development (WCED) released the report “Our Common 

Future”, which first clearly put forward the connotation of sustainable development: “sustainable 

development is the development that meets the needs of contemporary people and does not endanger 

the future generations to meet their needs” [17]. Facing the concept of sustainable development, the 

establishment of a carbon financial market price mechanism can not only meet the needs of 

contemporary people through energy conservation and emission reduction, protection of the 

ecological environment, and helping them to achieve a better life, but it can also provide a good 

ecological foundation for future generations, continuously use natural resources, and realize the good 

wishes of harmonious coexistence between human and nature. 

Based on the above analysis, this paper introduces futures pricing into the carbon market price 

mechanism. The attribute of the carbon market price is time series. Among many time series analysis 

methods, the most widely used and most common models are the autoregressive integrated moving 

average (ARIMA) model, neural network model, soft computing model, and so on. Among many 

methods, the ARIMA model has been praised for its simplicity, feasibility, and flexibility, and has 

been tested in long-term practice. Some scholars have tried to add new elements to the traditional 

ARIMA model in order to improve the prediction accuracy of the model [18]. The neural network 

model is a common method of modern financial time series. It is based on neurons and is good at 

dealing with nonlinear time series. It can forecast the price fluctuation. According to the comparative 

study of the two models by scholars, it was found that the two models can achieve ideal prediction 

accuracy for price prediction. It can be considered that both models are good methods for price 

prediction [19]. Therefore, this paper selected the ARIMA model, which has been scientifically 

verified for a long time in practice to predict carbon price. This paper established a price prediction 

model of the carbon market with the autoregressive integrated moving average (ARIMA) model and 

conducted in-depth research on the relationship between CER futures prices and spot prices, and 

EUA futures prices and CER futures prices in the EU carbon market based on the price prediction 

model, so as to provide technical support and a reference basis for China’s carbon market to introduce 

a futures pricing mechanism, allow domestic CDM project owners to enjoy international carbon 
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market share, improve market profit space, realize financial innovation and development, and 

compete for pricing power of products. 

2. Theoretical Hypothesis of Introducing Futures Pricing Method into Carbon Financial Market 

Since the birth of futures trading, an open, fair, efficient, and competitive futures market has 

been created [20]. A futures market not only has advantages of centralized supply and demand, 

strong liquidity, and high information quality, but also has characteristics of openness of price report, 

anticipation, and continuity of price. While a futures market overcomes the limitation of lacking 

market liquidity in spot trading, it also has a set of scientific analysis and prediction methods to make 

futures prices more truly reflect predictions of most people and make them more authoritative. Its 

price discovery function has gradually become an important economic function of futures markets 

[21]. 

China’s carbon financial market lags behind the development of the international carbon market, 

both in terms of its establishment time and trading scale. On the one hand, due to three mechanisms 

formulated in Kyoto Protocol under the international climate convention [22], developed countries are 

required to fulfill their carbon emission reduction obligations, which makes the rise of the 

international carbon market earlier than that of China’s carbon market; on the other hand, the 

emergence of a large number of financial derivatives in the international carbon trading market 

enhances liquidity of the market and greatly facilitates the development of the international carbon 

trading market, constituting the fundamental reason for the vigorous development of the 

international carbon market. Taking the European Climate Exchange, the largest international carbon 

market, as an example, the carbon products traded in this market are mainly carbon futures and 

carbon options products, accounting for more than 80% of the total international carbon trading 

volume every year. China has become the largest supplier of CDM projects in the world. As a result, 

it is urgent to establish their own carbon market, actively participate in pricing mechanism of the 

international carbon trading, and strengthen their power in the international carbon market [23–25]. 

Through the introduction of carbon futures, not only can a carbon financial market be quickly 

established to achieve sustainable development and accelerate the healthy development of the 

market, but also there are adequate conditions for the development of China’s financial market. 

Firstly, establishment of China’s carbon financial market needs to be guided by a complete and 

effective set of market rules. Since China’s existing futures market has provided a good 

demonstration effect, it is feasible to introduce the futures method into the carbon financial market 

in terms of methods. Secondly, China’s carbon financial market needs to shorten its development 

time and speed up its pace of development due to its late start, while introduction of a futures method 

can get twofold results with half the effort, which is equivalent to standing on the shoulders of giants 

and narrowing the gap with the international carbon market. Thirdly, for the current situation, 

whereby China’s CDM projects mainly focus on the primary market and the passive situation in 

which price of products is completely determined by buyers, establishment of the carbon futures 

market can directly trade CDM projects in a secondary market, greatly reducing the situation where 

a single foreign buyer dominates the market. The price discovery function of futures trading can 

effectively solve the pricing problem. 

3. Empirical Analysis of Carbon Financial Market Using the ARIMA Model 

3.1. Model Introduction and Data Preprocessing 

3.1.1. ARIMA Model Introduction 

In this paper, the ARIMA model was used to analyze dynamic data of time series. No influence 

of other economic variables was considered in the model. Nevertheless, change rules of variables 

themselves were depended upon and an extrapolation mechanism was used for prediction. The 

model was proposed by Box–Jenkins in the early 1970s [26]. The ARIMA model has been widely used 

in dynamic data analysis of time series since its birth, and has been fully tested in practice. In order 



Sustainability 2020, 12, 7317 4 of 20 

to improve the prediction accuracy of the ARIMA model, scholars have made new attempts and 

explorations on improving the prediction accuracy of the ARIMA model from multiple angles and 

levels, such as Qin, Q.D., He, H.D., Li, L., and He, L.Y. (2020). In A Novel Decomposition-Ensemble 

Based Carbon Price Forecasting Model Integrated with Local Polynomial Prediction, computational 

economics, a carbon price forecasting model based on decomposition and combination was 

proposed. The model combines integrated empirical mode decomposition (EEMD) with local 

polynomial prediction (LPP), and decomposes the carbon price time series into N Intrinsic Mode 

Function. Finally, the EEMD-LPP and EEMD-ARIMA-LPP models are both good methods for carbon 

price prediction. According to the long-term research and practice of the ARIMA model, it can be 

concluded that the ARIMA model can predict the price with high accuracy. Therefore, based on the 

research of many scholars, this paper believes that the ARIMA model has a certain theoretical basis 

for carbon price prediction. The ARIMA model of time series can be divided into four types: 

autoregressive (AR) model, moving average (MA) model, autoregressive moving average (ARMA) 

model, and autoregressive integrated moving average (ARIMA) model. 

The AR model stationary process yt can be expressed as: 

y� = φ�y��� + φ�y��� + ⋯ + φ�y��� + u�        (t = 1,2, ⋯ , n) (1) 

where, parameter φi (i = 1,2,···p) is the coefficient of autoregressive model, p is the order of 

autoregressive model, ut is white noise. Then, Formula (1) is called p-order autoregressive model, 

which is recorded as AR (p). 

The stationary process yt of MA model can be expressed as: 

y� = u� − θ�u��� − θ�u��� − ⋯ − θ�u���          (t = 1,2, ⋯ , n) (2) 

where, parameter θi (i = 1,2,···q) is the coefficient of the moving average model, q is the moving 

average order, ut is white noise. Then, Formula (2) is called the q-order moving average model, which 

is recorded as MA (q). 

The stationary process yt of ARMA model can be expressed as: 

y� = φ�y��� + φ�y��� + ⋯ + φ�y��� + 

u��� − θ�u��� − ⋯ − θ�u���          (t = 1,2, ⋯ , n) 
(3) 

where, parameter φi (i = 1,2,···p) And θi (i = 1,2,···q) are the parameters of autoregressive moving 

average model; p and q are the order of autoregressive and moving average models, respectively; 

and ut is white noise. Then, Formula (3) is called the autoregressive moving average model, which is 

recorded as ARMA (p, q). It can be seen that ARMA model is composed of AR model and MA model. 

All of the above three models are modeled under the stationary state of time series. However, 

most economic and financial data encountered in practice are nonstationary time series. For a 

nonstationary time series, some numerical characteristics of time series change with time. In the 

process of in-depth study of the ARIMA model, scholars put forward their own views on the 

characteristics of time series imbalance and formed some research results, such as J. Nazarko, A. 

Jurczuk and other scholars, regarding load modeling in ARIMA models with a clustering approach 

[27]. The randomness of nonstationary time series is different at each time point, so it is difficult to 

grasp the randomness of time series as a whole through known information of time series. If the 

random process yt can be transformed into a stationary and reversible ARIMA (p, q) after d-order 

difference, then yt is called a differential autoregressive moving average process of order (p, d, q), 

which is recorded as ARIMA (p, d, q). 

3.1.2. Data Preprocessing 

EU ETS is the largest carbon trading market in the world at present. EU ETS includes many 

carbon emission exchanges, among which the European Climate Exchange (ECX) is the leader of 

carbon trading market in Europe, and even the world, and is also the most active carbon emission 
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contract exchange in the world [28]. ECX mainly engages in greenhouse gas emission rights futures 

and options contracts, accounting for more than 80% of global trading volume, and has an important 

influence [29–31]. BlueNext environment exchange, a market of EU ETS, mainly deals with carbon 

emission credits on the spot. As the first carbon emission reduction credit platform under Kyoto 

Mechanism, BlueNext environment exchange is the largest carbon emission credit spot trading 

market in the world, accounting for more than 90% of the global carbon emission credit spot trading 

market share [32]. Therefore, this paper selected futures settlement price data of EUA and CER due 

in December 2012 from ECX, and spot settlement price data of EUA and CER from BlueNext 

environment exchange as research samples. EU ETS has been trading since 2005, and the system is 

now in its second stage. Therefore, the research data were sourced from 7 August 2009 to 28 

September 2012 and the data can be divided into simulation samples and prediction samples, 

respectively. The unit of the sample data was euro/ton carbon dioxide equivalent. 

Taking the time series data of CER futures prices as an example, the ARIMA model was 

established to verify whether the model has a good prediction function for CER futures prices. Before 

the model construction, a CER futures price time series chart was drawn to make a prejudgment. The 

number of samples was 798, and the trend graph is shown in Figure 1: 

 

Figure 1. Certified Emission Reduction (CER) futures price trend graph. 

According to Figure 1, the price of this series was in a stationary state before May 2011, but the 

price had a significant downward trend after June 2011. In general, the price showed a characteristic 

of volatility during the observation period, and it was initially judged that this series was 

nonstationary. 

Before the ARIMA model was built, unit root test was carried out first. The purpose of unit root 

test is to test the stationarity of time series variables and avoid a pseudo regression of the model. 

Therefore, unit root test is very important, and the stationarity of time series is an important problem 

that must be considered when establishing a time series model. The reason why a unit root test is 

widely used is that most economic time series have a unit root after pair transformation. Currently, 

there are six methods for a unit root test: ADF (DF) test, PP test, DFGLS test, KPSS test, ERS test, and 

NP test. The widely used ADF test method was adopted in this paper. 

If yt has a p-order sequence correlation, the p-order autoregressive process can be used to correct 

the yt. The model with trend term after it becomes stationary through difference is: 

  Δy� = ηy��� + a + δt + � β�Δy���

���

���

+ u�                  (t = 1,2, ⋯ , T) (4) 

where, a is a constant term; δt is a linear trend function; and if η < 0, then yt is stationary and if η = 0, 

then yt has at least one unit root. 

Using software Eviews 6.0 to carry out ADF test [33], the results are shown in Table 1: 

  



Sustainability 2020, 12, 7317 6 of 20 

Table 1. ADF test results of the CER futures prices. 

ADF Statistics 
T Statistics Probability Value p Value 

−0.120956 0.9452 

Significance level 

1% 

test threshold 

−3.438454 

 5% −2.865007 

10% −2.568671 

From the test results, under the three significance levels of 1%, 5%, and 10%, the MacKinnon 

critical values of the unit root test were −3.4385, −2.8650, and −2.5687, respectively, and the t-test 

statistics of −0.1210 was greater than the corresponding critical value, so H0 could not be rejected, 

indicating that the CER futures price series had a unit root and was a nonstationary sequence. The 

first-order difference was applied to the CER futures price series, and the difference sequence is 

shown in Figure 2. From the difference sequence figure, it can be seen that a price downward trend 

of the original sequence was eliminated after the first-order difference, and the difference sequence 

showed stationarity. 

 

Figure 2. CER futures price of a first-order differential sequence diagram. 

Then, the ADF test with intercept term was carried out for D (y), and the lag order (p = 4) was 

determined by SIC criterion. The test results are shown in Table 2: 

Table 2. CER futures first-order difference D (y) unit root test results. 

ADF Statistics 
t Statistics Probability Value p Value 

−28.91714 0.0000 

Significance level 

1% 

test threshold 

−3.438529 

 5% −2.865040 

10% −2.568689 

Table 2 shows that the t statistics value of D (y) was −28.9171, which was less than any value 

under the given significance level. Therefore, the original hypothesis was rejected and the difference 

sequence of CER futures price had no unit root and was a stationary sequence, that is, the Y sequence 

was integrated of order 1, Y~I(1). 

3.2. Model Identification and Order Determination 

The order of the model was estimated by autocorrelation and partial autocorrelation graphs. As 

shown in Figure 3, AC and PAC coefficients of D (y) correlation graphs were all tailing, and AC and 

PAC coefficients were obviously not 0 at the lag phases 18, 19, and 31, so p was set as 1, 2, 3, and q 
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was set as 1, 2, 3. After multiple tests and a comprehensive comparison of AIC and SC values of 

multiple models, ARIMA (3,1,3) was finally determined to be more appropriate. 

 

Figure 3. CER futures first-order differential correlation diagram. 

3.3. Parameter Estimation of the Model 

Software Eviews6.0 was used to estimate parameters of the CER futures price model, and the 

estimated results of the model were: 

Dy� = −0.0126 - 0.9309(Dy��� + 0.0126) + u� − 0.9560u��� 
= − 0.0243-0.9309Dy��� + u� − 0.9560u��� 

t = (−1.6592)  (−21.0617)   (26.9317) 

R� = 0.0061  F = 2.4204    D.W. = 2.0395 

(5) 

3.4. Diagnosis and Test of Model 

The model passed t-test, F-test, and D.W.-test. The reciprocal of the characteristic root was less 

than 1, indicating that the AR (1) and MA (1) models were reversible. The residual sequence 

correlation graph of the model is shown in Figure 4. It can be seen from Figure 4 that there was no 

autocorrelation of model residuals. When the lag phase K = 36, the Q statistics’ adjoint probability p 

= 0.114 > α = 0.05, indicating that the residual sequence of each order of the model was white noise. 

Therefore, Formula (5) was the best model. 

 

Figure 4. Residuals autocorrelation and partial autocorrelation diagram. 

3.5. Prediction of the Model 

This paper took the CER futures price due in December 2012 of the European Climate Exchange 

(ECX) as the research object. The research period was from 7 August 2009 to 25 September 2012, with 

818 samples in total [34]. A total of 798 samples from 7 August 2009 to 28 August 2012 were used for 

parameter estimation to predict trading prices in the next 20 trading days. Figure 5 shows the fitting 

of yt and Formula (5) dynamic prediction value ŷt. 
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Figure 5. Fit figure of actual and predicted values. 

As can be seen from the figure above, the predicted value of Formula (5) fit the actual value well, 

and it could be concluded that ARIMA, a single autoregressive integrated moving average model, 

had a good fitting and prediction effect on carbon emission trading prices, and had a certain practical 

guiding significance. 

4. An Empirical Analysis of CER Futures Pricing Function in Carbon Financial Market 

4.1. Correlation Analysis of Spot Price and Futures Price 

Firstly, the sample range of the CER spot price and futures price trend graph (Figure 6) analyzed 

in this paper was from 7 August 2009 to 28 August 2012, with 798 samples in total. 

 

Figure 6. Trend graph of CER spot and futures price. 

As can be seen from Figure 6, trend and fluctuation of the CER futures price was strongly 

consistent with that of spot price. Software Eviews6.0 was used to process price data of the CER spot 

and futures, in which X represents time series of the CER futures price and Y represents time series 

of the CER spot price. Besides, the OLS method was used to estimate linear regression model of the 

spot price and futures price: 

y� = −0.0939 + 1.0277x� 

t = (−3.032981)  (342.2911) 

R� = 0.9933  F = 117163.2    D.W. = 0.1003. 
(6) 

The coefficient of determination of the equation was high, and the regression coefficient was 

significant. For the model with 798 samples, using one explanatory variable and a 1% significance 

level, it can be seen from the D.W. statistical table that dL = 1.664, dU = 1.684, D.W. < DL in the model, 

obviously indicating that there was autocorrelation in the price model. This can also be seen from the 

residual diagram, as shown in Figures 3–7. 
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2.0 

2.5
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8/29/2012 9/3/2012 9/8/2012 9/13/2012 9/18/2012 9/23/2012 

Actual value yt Predictive value ŷt 
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Figure 7. Graph of residual items, the actual value, and the fitted values. 

According to Figure 7, the fitting degree of the actual value and the fitting value was relatively 

high; that is, the CER futures price and the CER spot price had the same change trend and a high 

correlation, so that spot price could be analyzed and predicted through the futures price, showing a 

function of price discovery. In spite of this, some time series data tend to have a same trend of change. 

Even if two variables are not actually related, they may show a more significant “correlation”, which 

may lead to a pseudo regression. Meanwhile, the change mode of the residual showed that the 

residual was continuously positive and continuously negative, indicating that there was a first-order 

positive autocorrelation in the residual term and conclusions of t statistics and F statistics in the model 

were not credible, so remedial measures need to be taken. 

4.2. Unit Root Test 

As can be seen from Figure 6, trend graph of the CER spot and futures prices is not in a stationary 

state, and the ADF test, under SIC criterion, was conducted for the y and x series with constant terms 

respectively, and the test results are shown in Table 3. 

Table 3. CER spot price (Y) and futures prices (X) unit root test results. 

Samples 
ADF Test 

Statistics 

1% Horizontal 

Critical Value 

5% Horizontal 

Critical Value 

10% Horizontal 

Critical Value 

Y −0.016579 −3.438454 −2.865007 −2.568671 

X −0.120956 −3.438454 −2.865007 −2.568671 

According to Table 3, ADF test statistics of the y and x series were greater than the horizontal 

critical value, indicating that there were unit roots in the y and x series, and the series were both 

nonstationary. The difference method was applied to adjust the y and x series to stationary series. 

After a first-order difference, the trend graphs of y and x difference sequences showed a stationary 

trend, as shown in Figure 8. 

 

Figure 8. Trends graph of x and y first-order differential. 
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Then, an ADF test, under SIC criterion, was conducted for the first-order difference sequence 

with constant terms, and the test results are shown in Table 4. It can be seen from Table 4 that the t 

statistics values of D (y) and D (x) were less than any given value under the significance level. 

Therefore, the original hypothesis was rejected. The first-order difference sequences of the CER spot 

and futures prices did not have unit roots, which were stationary series, that is, both y and x 

sequences were integrated of order 1, Y~I(1). 

Table 4. First-order differential sequence DY and DX unit root test results. 

Samples 
ADF Test 

Statistics 

1% Horizontal 

Critical Value 

5% Horizontal 

Critical Value 

10% Horizontal 

Critical Value 

DY −27.84365 −3.438529 −2.865040 −2.568689 

DX −28.91714 −3.438529 −2.865040 −2.568689 

After the first-order difference, the price series of the CER spot and future showed stationarity, 

and according to Figure 6, there was a long-term and consistent trend of change between the two 

series, showing a long-term stationary equilibrium relationship between them. Granger pointed out 

that if there is a co-integration relationship between two time series, then there is Granger causality 

between x and y in at least one direction. 

4.3. Granger Causality Test 

There are some variables that are significantly correlated within economic variables, but they 

are not necessarily all meaningful. It is a common problem in econometrics to determine whether a 

change in one variable is the cause of a change in another. Granger proposed a test to judge causality, 

which is called Granger causality test [35]. Granger solved the problem of whether x causes Y, mainly 

depending on the extent to which the current y can be explained by the past x, and on whether adding 

the lag value of x can improve the interpretation. If x is helpful in predicting y, or if the correlation 

coefficient between x and y is statistically significant, then it can be said that “y is caused by x 

Granger”. 

The regression test formula of the Granger causality between x� and y� is expressed as follows: 

y� = � α�y���

�

���

+ � β�x���

�

���

+ u��  

x� = ∑ α�x���
�
��� + ∑ β�y���

�
��� + u��. 

(7) 

The original hypothesis to test that there is no Granger causality between xt−1 and yt is 

H0: β1 = β2 =…βk = 0.  

If the estimated values of regression parameters of lag variables of x�  in Formula (7) are all not 

significant, then the above hypothesis cannot be rejected. In other words, if the estimated value of 

regression parameters of any lagged variable of xt is significant (not equal to 0), the conclusion should 

be that there is Granger causality between xt−1 and yt. The above tests can be done with F statistics. 

F =
(RSS� − RSS�)/k

RSS�/(T − 2k)
 (8) 

where, RSSr is sum of squares of the model residuals after a constraint is applied, and RSSu represents 

sum of squares of the model residuals without constraints; k represents the maximum lag of xt in the 

model, 2k represents the number of estimated parameters in the unconstrained model, and T is the 

sample size. 

Under the condition that the null hypothesis is true, F statistics asymptotically follow the Fα (k, 

T − 2k) distribution. If F ≤ Fα (k, T − 2k), calculated with the samples, then accept the null hypothesis, 
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that is, there is no Granger causality between xt−1 and yt. If F > Fα (k, T − 2k), calculated with the 

samples, then reject the null hypothesis, that is, there is Granger causality between xt−1 and yt. Since 

the null hypothesis of the hypothesis test has no causality, F statistics, under this hypothesis, follows 

F distribution, so strictly speaking, this test should be called Granger causality test. 

The two groups of series were formed into an array for the Granger causality test as there is a 

co-integration relationship between the CER spot price series and the CER futures price series. Due 

to the daily price data used, the frequency of change was high, and it took a certain time to affect the 

transmission, so a more comprehensive Granger causality could be found by adjusting the lag period. 

The test results are shown in Table 5. 

Table 5. CER spot and futures prices Granger causality test results. 

Lag 

Divisor 

Y Does not Granger Cause X X Does not Granger Cause Y 

F 

Value 

p 

Value 
Conclusion 

F 

Value 

p 

Value 
Conclusion 

1 7.8242 0.0053 
Reject the null 

hypothesis 
0.62984 0.4277 

Accept the null 

hypothesis 

2 6.6728 0.0013 
Reject the null 

hypothesis 
1.9079 0.1377 

Accept the null 

hypothesis 

3 1.3936 0.2435 
Accept the null 

hypothesis 
2.2037 0.0863 

Accept the null 

hypothesis 

4 1.1347 0.3389 
Accept the null 

hypothesis 
2.3302 0.0546 

Accept the null 

hypothesis 

5 1.3479 0.2421 
Accept the null 

hypothesis 
2.2024 0.0523 

Accept the null 

hypothesis 

10 1.0705 0.3826 
Accept the null 

hypothesis 
1.4347 0.1604 

Accept the null 

hypothesis 

As can be seen from Table 5, the CER spot price, under the condition that the lag period was 1 

or 2, was the Granger cause of the CER futures price, while the CER futures price was not the Granger 

cause of the CER spot price. There was no Granger causality between CER spot price and CER futures 

price after the third lag phase, showing that the CER market is not mature, and the CER future price 

cannot reflect the price discovery function. On the contrary, it is the spot price that guides the future 

price. The main reason is that the carbon trading market is greatly influenced by the policies of 

various countries, and there are many uncertain factors in the carbon trading itself. As the end time 

of the first commitment period of the Kyoto Protocol in 2012 approaches, there is no agreement on the 

future trading policy, which leads to the inability of investors to accurately predict the future 

investment, which greatly affects the carbon market under the condition of perfect competition and 

hinders the sound development of the carbon market. 

4.4. Co-Integration Test and Correcting the Model with ECM Error 

In this paper, the Engle–Granger (EG) test method proposed by Engle and Granger in 1987 was 

adopted [36]. The Granger theorem links ECM, that is, there must be an ECM expression for a first-

order integral variable with a co-integration relationship. 

According to the requirements of co-integration theory, CER spot prices and CER futures prices 

are both sequences of first-order integration, with the same single-order integration number. 

Therefore, firstly, linear regression models of the two were estimated by OLS regression method: 

y� = −0.0939 + 1.0277x� + e� 

t = (−3.032981)  (342.2911) 

R� = 0.9933  F = 117163.2     D.W. = 0.1003. 

(9) 

Secondly, the unit root test was carried out for residuals of the above formula with no intercept 

term and time trend term. The test results of the lag order determined by SIC criterion are shown in 

Table 6 below: 
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Table 6. Residual series unit root test results. 

ADF Statistics 
t Statistics Probability Value p Value 

−4.514333 0.0002 

Significance level 

1% 

test threshold 

−3.438529 

 5% −2.865040 

10% −2.568689 

Test results show that the sequence rejected the null hypothesis at 1% significance level, so et so 

could be determined as a stationary sequence, i.e., et
 
~ I (0). The above results show that there was a 

long-term co-integration relationship between the CER spot price and the CER futures price from 7 

August 2009 to 28 August 2012, which was CI (1,1), and the co-integration vector was (1, −1.0277). 

However, in the short term, there may be imbalances. In order to enhance accuracy of the model, the 

error term et in the above co-integration regression could be regarded as an equilibrium error. By 

establishing ECM, the short-term behavior of spot price can be linked with a long-term change. 

According to the two-step method of ECM EG, the first step calculating the co-integration 

regression model has been completed, and then the second step takes the residual sequence as an 

error correction term to establish ECM, and the regression model is as follow: 

Δy� = α + γ�Δx� + δ�e��� + u�.  

Estimated regression model: 

�y� = −0.0017 + 0.8775Δx� − 0.0414e��� 

t= (−0.5289)  (56.9150)  (−3.8827) 

R� = 0.8057  F = 1621.257     D.W. = 2.426. 

(10) 

The above estimating results show that the change of CER spot price depends not only on the 

change of CER futures price, but also on the deviation of previous CER spot price to the equilibrium 

level. The difference term reflects the influence of short-term fluctuations. Short-term fluctuations of 

CER spot price can be divided into two parts: one is the impact of short-term CER futures price 

fluctuations and the other is the effect of CER spot price deviating from long-term equilibrium. The 

estimating coefficient (−0.0414) of the error term et−1 reflects a correction of the deviation. When the 

short-term fluctuation deviates from the long-term equilibrium, it will pull the unbalanced state back 

to an equilibrium state with the adjustment force of (−0.01414). 

5. An Empirical Analysis of the EUA Futures Prices and CER Futures Prices in the Carbon Financial 

Market 

In the carbon trading market, in addition to the price discovery function in the CER market, 

there is also a dynamic linkage relationship between EUA market and CER market. This paper, taking 

the EUA futures contract price data and CER futures contract price data, due in December 2012, as 

samples [37], analyzed the linkage relationship between futures prices of the two markets from 7 

August 2009 to 28 August 2012. 

5.1. Correlation Analysis of EUA Futures Price and CER Futures Price 

Firstly, the sample range of the EUA futures price and CER futures price trend graph (Figure 9) 

analyzed in this paper was from 7 August 2009 to 28 August 2012, with 798 samples in total. 
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Figure 9. European Union allowances (EUA) futures and CER futures price trend graph. 

As can be seen from the figure above, trend and fluctuation of the EUA futures price was 

strongly consistent with that of the CER futures price. Using software Eviews6.0 to process price data 

of the CER spot and futures, where X represents time series of the CER futures price, Y represents 

time series of the CER spot price, and OLS method was used to estimate linear regression model of 

the spot price and futures price: 

y� = −3.2734+0.9764x� 

t = (−33.9998)  (139.1935) 

R� = 0.9608   F = 19374.84     D.W. = 0.0379 

(11) 

Coefficient of determination of the equation was high, and the regression coefficient was 

significant. For the model with 798 samples, with one explanatory variable and 1% significance level, 

it can be seen from the D.W. statistical table that dL = 1.664, dU = 1.684, D.W. < dL in the model, 

obviously indicating that there was autocorrelation in the price model. This can also be seen from the 

residual diagram, as shown in Figure 10. 

 

Figure 10. Graph of residual items, the actual value, the fitted values. 

As can be seen from Figure 10, fitting degree of the actual value and the fitting value was 

relatively high, that is, the CER futures price and the EUA futures price had the same change trend 

and a high correlation, so that CER futures price can be analyzed and predicted through EUA futures 

price, showing a function of price discovery. In spite of this, some time series data tend to have the 

same trend of change. Even if two variables are not actually related, they may show a more significant 

“correlation”, which may lead to a pseudo regression. Meanwhile, change mode of the residual 

showed that the residual was continuously positive and continuously negative, indicating that there 

was a first-order positive autocorrelation in the residual term, and conclusions of t statistics and F 

statistics in the model were not credible, so remedial measures need to be taken. 
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5.2. Unit Root Test 

As can be seen from Figure 10, the trend graph of the CER futures price and the EUA futures 

price were not in a stationary state, and ADF test, under SIC criterion with lag phase of 4 (p = 4), 

needed to be conducted for the y and x series with constant terms respectively, and the test results 

are shown in Table 7. 

Table 7. CER futures(Y) and EUA futures (X) prices unit root test results. 

Sample 
ADF Test 

Statistics 

1% Horizontal 

Critical Value 

5% Horizontal 

Critical Value 

10% Horizontal 

Critical Value 

Y −0.221769 −3.438739 −2.865132 −2.568738 

X −0.998438 −3.438739 −2.865132 −2.568738 

According to Table 7, ADF test statistics of the y and x series were greater than the horizontal 

critical value, indicating that there were unit roots in the y and x series, and the series were all 

nonstationary. The difference method was applied to adjust y and x series to stationary series. After 

a first-order difference, the trend graphs of y and x difference sequences showed a stationary trend, 

as shown in Figure 11. 

 

Figure 11. x and y first-order differential trends graph. 

Then, an ADF test under SIC criterion was conducted for the first-order difference sequence with 

constant terms, and the test results are shown in Table 8. It can be seen from Table 8 that the t statistics 

values of D (y) and D (x) were less than any given value under the significance level. Therefore, the 

original hypothesis was rejected. The first-order difference sequences of the EUA futures prices and 

CER futures prices did not have unit roots, which were stationary series, that is, both y and x 

sequences were integrated of order 1, Y~I(1). 

Table 8. The first-order differential sequence DY and DX unit root test results. 

Samples 
ADF Test 

Statistics 

1% Horizontal 

Critical Value 

5% Horizontal 

Critical Value 

10% Horizontal 

Critical Value 

DY −12.11232 −3.438796 −2.865158 −2.568752 

DX −12.53168 −3.438796 −2.865158 −2.568752 

It can be seen from Table 2 that the t statistics value of D (y) was −28.9171, which was less than 

any value under the given significance level. Therefore, the original hypothesis was rejected, and the 

difference sequence of CER futures price had no unit root and was a stationary sequence, that is, the 

Y sequence was integrated of order 1, Y~I(1). 

After a first-order difference, the EUA futures price and CER futures price series showed the 

stationarity, and according to Figure 11, there was a long-term and consistent trend of change 

between the two series, showing a long-term stationary equilibrium relationship between them. 

Granger pointed out that if there is a co-integration relationship between two time series, then there 

is Granger causality x and y in at least one direction. 
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5.3. Granger Causality Test 

The two groups of series were formed into an array for the Granger causality test as there was a 

co-integration relationship between the EUA futures price series and the CER futures price series. 

Due to the daily price data used, the frequency of change was high, and it took a certain time to affect 

the transmission, so a more comprehensive Granger causality (see Table 9) could be found by 

adjusting the lag period. 

As can be seen from Table 9, the EUA futures price, under the condition that the lag period was 

3–5, was the Granger cause of the CER futures price, but the CER futures price was not the Granger 

cause of the EUA futures price. There was no Granger causality between EUA futures price and CER 

futures price after the fifth lag phase, showing that there was not a long-term Granger causality 

between the EUA futures market and the CER futures market, the EUA futures price could, in the 

short term, reflect the price discovery function on the CER futures price, but with the extension of the 

lag order, the influence of the EUA futures price on the CER futures price was gradually weakened. 

The reason is that, on the whole, the operation and scale of the EUA market are much larger than that 

of the CER market, which has a wide influence and plays a leading role in achieving global carbon 

emission reduction. Therefore, the carbon price in the EUA market can better reflect the price 

discovery function than the carbon price in the CER market. However, the EUA market price cannot, 

in the long run, guide the CER market price as they are not highly interdependent, though the two 

markets have differentiation between what is primary and what is secondary. It is also related to their 

different policy orientations and the determination of the future development direction. The EUA 

market policy is relatively clear, but many factors, such as the CER market policy arrangement after 

2012, are not clear, so the effect of using the price mechanism to reflect the real market situation is not 

obvious. With the continuous improvement of the policy, the two market prices will be able to better 

reflect the real information of financial products. 

Table 9. CER spot and future prices Granger causality test results. 

Lag 

Order 

Y Does Not Granger Cause X X Does Not Granger Cause Y 

F 

Value 

p 

Value 
Conclusion 

F 

Value 

p 

Value 
Conclusion 

1 1.5564 0.2126 
Accept the null 

hypothesis 
0.0177 0.8942 

Accept the null 

hypothesis 

2 0.8719 0.4186 
Accept the null 

hypothesis 
0.1454 0.8647 

Accept the null 

hypothesis 

3 2.1881 0.0881 
Accept the null 

hypothesis 
3.3056 0.0198 Reject the null 

4 1.8905 0.1102 
Accept the null 

hypothesis 
2.7779 0.0261 Reject the null 

5 2.1690 0.0557 
Accept the null 

hypothesis 
2.8298 0.0153 Reject the null 

10 1.3329 0.2085 
Accept the null 

hypothesis 
1.5317 0.1236 

Accept the null 

hypothesis 

15 1.1667 0.2930 
Accept the null 

hypothesis 
1.2856 0.2050 

Accept the null 

hypothesis 

5.4. Co-Integration Test and ECM 

According to the requirements of co-integration theory, EUA futures prices and CER futures 

prices are both sequences of first-order integration, with the same single-order integration number. 

Therefore, firstly, linear regression models of the two were estimated by OLS regression method: 

y� = −3.2734+0.9764x� + e� 

t = (−33.9998)  (139.1935) 

R� = 0.9608   F = 19374.84     D.W. = 0.0379. 

(12) 



Sustainability 2020, 12, 7317 16 of 20 

Secondly, the unit root test was carried out for residuals of the above formula with no intercept 

term and time trend term. The test results of the lag order determined by SIC criterion are shown in 

Table 10 below: 

Table 10. Residual series units root test results. 

ADF Statistics 
t Statistics Probability Value p Value 

−2.321855 0.0196 

Significance level 

1% 

Test threshold 

−2.567911 

 5% −1.941227 

10% −1.616428 

Test results show that the sequence rejected the null hypothesis at 5% significance level, so it 

was determined et to be a stationary sequence, i.e., et ~ I (0). The above results show that there was a 

long-term co-integration relationship between the EUA futures price and the CER futures price from 

7 August 2009 to 28 August 2012, which was CI (1,1), and the co-integration vector was (1, −0.9764). 

However, there may have been imbalances in the short term. In order to enhance accuracy of the 

model, the error term et in the above co-integration regression could be regarded as an equilibrium 

error. Through the establishment of ECM, the short-term behavior of spot price can be linked with a 

long-term change. 

According to the two-step method of ECMEG, the first step calculating the co-integration 

regression model was completed, and then the second step took the residual sequence as an error 

correction term to establish ECM, and the regression model was obtained by estimating: 

Δy� = −0.0060 + 0.6467Δx� − 0.0103e��� 

t = (−1.6202)  (49.6887)  (−1.9975) 

R� = 0.7595  F = 1234.506     D.W. =2 .0679. 

(13) 

The above estimation results show that the change of CER futures price depends not only on the 

change of EUA futures price, but also on the deviation of previous CER futures price to the 

equilibrium level. The difference term reflects the influence of short-term fluctuations. Short-term 

fluctuations of CER futures prices can be divided into two parts: one is the impact of short-term EUA 

futures price fluctuations and the other is the effect of CER futures and EUA futures deviating from 

long-term equilibrium. The estimating coefficient (−0.0103) of the error term et−1 reflects a correction 

of the deviation. When the short-term fluctuation deviates from the long-term equilibrium, it will 

pull the unbalanced state back to an equilibrium state with the adjustment force of (−0.0103). 

6. Conclusions 

In the Guide to Chinese Climate Policy 2019, Chinese leaders declared that the impact of climate 

change “poses a great challenge to human survival and development” and that China is “one of the 

countries most vulnerable to the adverse effects of climate change”. China is one of the countries 

hardest hit by climate change, so its active response to climate change is an intrinsic requirement for 

China to achieve sustainable development and they have a responsibility to promote the common 

development of all humankind [38–40]. Therefore, China is actively establishing a carbon financial 

market, with spot trading as the main mode of carbon trading, while the carbon futures market is 

only at the stage of preliminary ideas [41–43]. Given that China’s carbon trading market is at the end 

of the international carbon trading market, and the market trading lacks power of discourse and 

pricing, this paper, in order to change the current situation and improve the international status of 

China’s carbon trading, introduced the future pricing mechanism into the carbon trading process, 

hoping to play a positive role in the establishment of pricing mechanism of carbon financial market 

in China [44,45]. This paper took futures price data of the European Climate Exchange and spot price 

data of the BlueNext environment exchange as samples, and made an empirical analysis on the 

change relationship between current EUA futures price and CER futures price, the change 
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relationship between CER futures price and CER spot price, as well as the influencing factors of price 

fluctuation [46]. The following conclusions have been drawn from the introduction of the futures 

pricing mechanism: 

(1) The price discovery function in the futures pricing mechanism should have not been formed 

in the CDM market. On the one hand, this confirms the fact that the trading volume of the clean 

development mechanism (CDM) project market accounts for less than 20% of the global carbon 

market. The immaturity of market development and the imperfection of the system, rules, and system 

are the fundamental reasons for this result. On the other hand, it also reflects that the market is greatly 

influenced by the government’s macro policies, which greatly influences the formation of the price 

mechanism under the condition of perfect competition in the carbon market and hinders the benign 

development of the carbon market. 

(2) After the relationship between futures price changes between the EU allowances market and 

the clean development mechanism (CDM) project market in the short term was analyzed, it was 

found that the price discovery function of the futures pricing mechanism has been preliminarily 

formed. EUA futures prices can influence the trend of CER prices in the CDM market. In the long 

run, the EUA futures price in the EU allowances market has less and less influence on the CER futures 

price in the CDM market. The price discovery function of futures pricing is not obvious or is virtually 

nonexistent. On the one hand, it proves that the operation and scale of the EU allowances market are 

much larger than that of the CDM market, which has a wide influence and plays a leading role in 

realizing global carbon emission reduction. In addition, it also reflects that the futures prices in the 

EU allowances market cannot guide the futures prices in the CER market in the long run as they are 

not highly interdependent, though the two markets have differentiation between what is primary 

and what is secondary. It is also related to the different policy orientations of the two markets and 

the determination of the future development direction. The EUA market policy is relatively clear, but 

many factors, such as the CER market policy arrangement after 2012, are not clear. As a consequence, 

the effect of using the price mechanism to reflect the real market situation is insignificant. With the 

continuous improvement of policies, however, the two market prices will be able to better reflect real 

information of financial products. 

7. Limitations and Influence of Research 

In the process of studying the futures pricing mechanism of China’s carbon financial market, 

there are some limitations that arose in the research scope and research methods, which may have a 

certain influence on the establishment of China’s carbon financial market pricing mechanism. Firstly, 

in terms of research scope, this paper used the ARIMA model to select the settlement price data of 

EUA and CER futures due in December 2012 from ECX, and selected the spot settlement price data 

of EUA and CER from BlueNext environment exchange as research samples. The reason why the 

2012 data were selected as the sample was that the establishment of carbon financial market in China 

was in the initial stage, and the data of ECX and BlueNext environment exchange should be used as 

reference. However, since the international carbon financial market is greatly influenced by policies 

in the initial stage, the data are strongly interfered with by human factors and the market lacks 

activity. So it is likely to lead to a decline in the guidance of the research conclusions on the 

establishment of China’s carbon price mechanism. Secondly, in terms of research methods, the 

ARIMA model was selected to analyze carbon price. Due to its simplicity, feasibility, and flexibility, 

the ARIMA model is widely used in financial time series, and it can achieve reasonable prediction of 

carbon prices. However, when dealing with the fluctuation of carbon price, which is influenced by 

complex and diversified factors, many objects and methods of prediction are used. It is difficult to 

describe the case with an accurate mathematical model, and the ARIMA model cannot meet the 

requirements of prediction accuracy. Therefore, in the process of carbon price research, we can 

consider the introduction of artificial neural network technology to build a prediction model to 

improve the prediction accuracy in the future. 
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