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Numerous studies show that it is reasonable and effective to apply decomposition technology to deal with the complex carbon price series. However, the existing research ignores the residual term containing complex information after applying single decomposition technique. Considering the demand for higher accuracy of the carbon price series prediction and following the existing research path, this paper proposes a new hybrid prediction model VMD-CEEMDAN-LSSVM-LSTM, which combines a new quadratic decomposition technique with the optimized long short term memory (LSTM). In the decomposition part of the hybrid model, the original carbon price series is processed by variational mode decomposition (VMD), and then the residual term obtained by decomposition is further decomposed by complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN). In the prediction part of the hybrid model, least squares support vector machine (LSSVM) is introduced, and LSSVM-LSTM model is constructed to predict the components obtained by decomposition. The empirical research of this paper selects two different case data from the European Union emissions trading system (EU ETS) as samples. Taking the results of Case Ⅰ in the 1-step ahead forecasting scenario as an example, the prediction evaluation indexes [image: image], [image: image] and [image: image] of the VMD-CEEMDAN-LSSVM-LSTM hybrid model constructed in this paper are 0.3087, 0.0921 and 0.9987 respectively, which are significantly better than other benchmark models. The empirical results confirm the superiority and robustness of the hybrid model proposed in this paper for carbon price forecasting.
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1 INTRODUCTION
As one of the common threats to human life and security, climate change is faced by all countries in the world. From a global perspective, greenhouse gases are the main inducing factors that lead to abnormal changes in global climate (Huang and He, 2020). Carbon dioxide is one of the main greenhouse gases in the world, and excessive carbon emissions will accelerate the global warming process and threaten the sustainable development of human society. Therefore, reducing carbon emissions through reasonable regulation is the key to mitigating climate change (Chen et al., 2021). Numerous existing studies have shown that the carbon emission trading system, which is guided by market demand and traded through the pricing of carbon emissions, can control carbon dioxide emissions more efficiently and reasonably (Cui et al., 2014; Song et al., 2019a; Bauer et al., 2020; Sun and Wang, 2020).
Among the carbon emission trading systems that have emerged in recent years, the EU ETS involved in this paper is to price carbon dioxide by selling and trading carbon emission quotas. Compared with other trading markets around the world, it has stronger liquidity and influence (Zhang and Wei, 2010). As a signal that transmits important information in the trading market, the change of carbon price reflects the important information in the marginal cost of emission reduction (Aatola et al., 2013). Fluctuations in carbon prices will affect the cost of carbon emissions, causing changes in the market supply and demand relationship formed in carbon allowance trading. However, excessive volatility of carbon prices will bring risks to the trading market and reduce the effectiveness of the trading system (Song et al., 2019b; Liu et al., 2020). Reasonable prediction of carbon price can not only help traders in the carbon market to manage the price risk, but also help all kinds of market participants to make more rational investment decisions. In addition, effective carbon price forecasting can also create a stable carbon pricing mechanism for the market and improve the management ability of carbon assets (Zhu et al., 2018; Zhu et al., 2019). Therefore, it is of great practical significance and necessity to conduct prediction research on carbon price.
However, the volatility of carbon prices is affected by various uncertain variables from the internal market mechanism and the external environment. For example, the periodicity of economic development, the prices of various other energy sources, and related energy policies (Koch et al., 2014; Duan et al., 2018; Yang et al., 2020; Duc et al., 2021). The change of carbon price shows the characteristics of high volatility, nonlinearity and complexity (Zhu et al., 2017; Fan, et al., 2019; Tian and Hao, 2020; Huang et al., 2021). Therefore, how to optimize the prediction method of carbon price and improve the accuracy and reliability of the prediction results is the difficulty of research work.
According to the different variables involved, the prediction research of carbon price can be divided into multivariate prediction research and univariate prediction research (Zhu et al., 2017). Multivariable forecasting research involves other exogenous variables except price factors, and to some extent, it faces the dilemma of error accumulation. Univariate variable forecasting research only contains historical price series, thus getting rid of the dependence on exogenous variables (Li et al., 2021). The research scope of this paper belongs to the single variable price forecasting research.
Existing single variable models for forecasting energy prices can be divided into the following three categories: the traditional econometric models, the artificial intelligence models and the hybrid models (Zhu et al., 2017). Among them, the traditional econometric models include autoregressive conditional heteroskedasticity (ARCH), autoregressive moving average (ARMA), autoregressive integrated moving average (ARIMA), etc. (Byun and Cho, 2013; Jiang et al., 2018). The artificial intelligence models include artificial neural networks (ANNs), LSTM, and support vector machines (SVRs), et al. (Feijoo et al., 2016; Keles et al., 2016; Gundu and Simon, 2021).
The research of traditional econometric models shall be based on strict statistical theory. The premise of the research is that the carbon price data is normally distributed and linearly correlated. The premise of this linear assumption makes it difficult to capture the complex features hidden in the carbon price time series (Lin et al., 2011; Taylan, 2017). Aiming at overcoming this defect, the artificial intelligence model has established a series of mathematical models of nonlinear operations, and has made great progress in the innovation of algorithm development (Sun and Huang, 2020; Seyedan et al., 2022). However, most of the single artificial intelligence models have limited predictive validity and are prone to fall into the dilemma of local optimal solutions, long computation time and poor convergence speed.
In view of the timeliness and complexity of the fluctuation of carbon price series, it is difficult to capture the hidden features of its internal irregular series in the research using a single prediction model, not to speak of obtaining satisfactory prediction results (Sun and Xu, 2021). The third kind of hybrid model effectively integrates various technical advantages by combining different models, and has greater advantages in the research of price forecasting (Xu et al., 2020; Yang et al., 2020). The typical hybrid model is TEI@I complex system research methodology (Wang et al., 2005) which combines decomposition technology and prediction model. In the decomposition part, the main features of the time series are identified and extracted through decomposition technology, and a series of modal components of the complex price series are obtained, which reduces the complexity of the data series (da Silva et al., 2021; Gao et al., 2022). In the prediction part, the prediction model is used to predict the different components. This method combines the advantages of decomposition technology and prediction model to improve the prediction performance of complex price series by reducing the complexity of the series and optimizing the prediction method, and shows good performance in the prediction research of carbon price (Li et al., 2021; Sun and Xu, 2021).
In the existing research on decomposition techniques that constitute TEI@I complex system research methodology, empirical mode decomposition (EMD) algorithm is easy to fall into the dilemma of modal mixing, and does not have complete physical significance (Tian and Hao, 2020). Aiming at overcoming this defect, Wu and Huang (2004) proposed the ensemble optical mode decomposition (EEMD). However, due to its weak mathematical foundation, EEMD lacks the ability to separate components with similar frequencies, and to some extent, it still retains residual noise, which limits the decomposition effect. In order to overcome the shortcomings of the above decomposition algorithms, CEEMDAN borrowed the idea of adding Gaussian noise and canceling noise through multiple stacking and averaging in EEMD, which had better completeness of decomposition (Zhang et al., 2018; Cao et al., 2019). Furthermore, in a series of other developed decomposition algorithms developed, by adopting an adaptive decomposition mode for the effective components of each center frequency, VMD can capture the characteristics of data more effectively by adopting an adaptive decomposition mode for the effective components of each center frequency (da Silva et al., 2022). Its advantages have been confirmed in the existing research on carbon price prediction (Wang et al., 2019; Zhu et al., 2019; Sun and Huang, 2020).
Among the existing prediction models that constitute the TEI@I complex system research methodology, compared with the traditional econometric model, the artificial intelligence model can describe the nonlinear characteristics hidden in the carbon price series more effectively, and have better forecasting ability. Artificial neural network (ANN) is one of the representatives of machine learning methods, which describes the mapping relationship between data by adjusting the direct relationship between layers and the weights of nodes in each layer. However, it has problems such as vanishing gradients in the process of processing complex sequences (Zheng et al., 2022). Recurrent neural network (RNN) can maintain the memory of recently added information by establishing connection hidden units (Lin et al., 1998). Furthermore, as an improved model of RNN, LSTM can identify and extract more important historical data information in the process of data prediction by selectively filtering the input information (Li, 2020). Therefore, it has better ability in dealing with non-stationary and nonlinear sequences (Krishan et al., 2019; Liu and Shen, 2019).
However, there are still deficiencies in the existing research on carbon price prediction using the TEI@I complex system research methodology: First, although the superiority of VMD technology has been proved, the existing research on carbon price prediction using VMD technology does not have a further in-depth discussion on the residual term obtained after decomposition (Zhu et al., 2019; Chai et al., 2021; Huang et al., 2021), so the complex information contained in the residual term is ignored, which reduces the decomposition effect of the overall data. Second, although EEMD technology overcomes the defect that EMD technology is prone to modal aliasing to some extent, it does not completely eliminate the added white noise signal, resulting in some residual noise in the decomposition process. Thirdly, although a single LSTM model can fit the long-term historical path of the input sequence data to a certain extent, it is difficult to deeply characterize the effective information and relationships between discontinuous data (Stefenon et al., 2022).
The research objective of this paper is to make up for the deficiency of the existing research, and propose a new hybrid model VMD-CEEMDAN-LSTM model to improve the prediction accuracy of carbon price. The new proposed model incorporated a new quadratic decomposition technique combining VMD and CEEMDAN algorithm for the first time. Specifically, CEEMDAN is used to further decompose the residual term obtained after the application of VMD technology, which solves the technical gap in the application of VMD algorithm in the existing research on carbon price prediction. At the same time, the LSSVM-LSTM model combined with LSSVM (Suykens and Vandewalle, 1999) is used to predict each component obtained after decomposition. The error correction technique, can effectively extract valuable information from error values (Cai et al., 2016; Hao and Tian, 2019). Therefore, compared with the single artificial intelligence prediction model, the neural network hybrid model based on error correction technique fully considers the importance of error data and can improve the accuracy of the model more reasonably (Yu et al., 2015; Zhang et al., 2017). Among them, LSSVM is a kernel function learning machine that follows the principle of Structural Risk Minimization (SRM), which reduces the computational complexity and has excellent fitting ability for nonlinear data (Fang and Xie, 2011). Therefore, LSSVM is used to correct the error data predicted by LSTM to further improve the accuracy of carbon price prediction.
In addition, in order to verify the superiority of the proposed model over existing studies, this paper constructs other nine different benchmark models for comparison, namely LSTM, LSSVM-LSTM, EEMD-LSTM, EEMD-LSSVM-LSTM, CEEMDAN-LSTM, CEEMDAN-LSSVM-LSTM, VMD-LSTM, VMD-LSSVM-LSTM, VMD-EEMD-LSTM, VMD-EEMD-LSSVM-LSTM and VMD-CEEMDAN-LSTM.
The main innovation and contribution of this paper lies in constructing a new quadratic decomposition technique technology to process the carbon price data, and using a more advanced prediction model for research, and verifying the rationality and superiority of the proposed model based on real world transaction data. The details are as follows:
Firstly, a new quadratic decomposition technique combining VMD and CEEMDAN is proposed to decompose the carbon price, which makes up for the deficiency in the existing research of applying VMD technology to predict the carbon price. The empirical results show that, compared with the hybrid model which only adopts single decomposition algorithm (EEMD, CEEMDAN or VMD), the quadratic decomposition technique constructed in this paper fully combines the advantages of VMD and CEEMDAN, which can effectively reduce the complexity of data and better depict the essential characteristics implied in the carbon price sequence.
Secondly, the CEEMDAN is introduced into the carbon price forecasting research, which proves the superiority of the CEEMDAN compared to the EEMD. The results of the empirical study show that the CEEMDAN used in this paper can effectively reduce the reconstruction signal error caused by residual white noise and mine more hidden information.
Thirdly, the LSSVM-LSTM model is used to predict the carbon price for the first time. LSSVM model has been successfully applied in fault detection and MAGE classification (Calisir and Dogantekin, 2011; Long et al., 2014). This paper further adopts LSSVM-LSTM model as the prediction model in the hybrid model. The empirical results show that, compared with LSTM model, LSSVM-LSTM model has better performance in carbon price prediction, and can effectively improve the overall prediction ability of the hybrid model.
Furthermore, in order to verify the robustness of the VMD-CEEMDAN-LSSVM-LSTM model proposed in the study of carbon price prediction, this paper adopts [image: image], [image: image] and [image: image] to evaluate the prediction ability of each model, and applies all models to the prediction research of one-step, two-step, and four-step ahead forecasting. The empirical results based on the data of the EU ETS show that the VMD-CEEMDAN-LSSVM-LSTM model constructed in this paper exhibits the best prediction accuracy and robustness in all multi-step advance prediction scenarios involved, which confirms the rationality and superiority of the technical framework proposed in this paper.
The rest of this paper is organized as follows. Section 2 reviews the literature on carbon price prediction. Section 3 introduces a series of sub-models involved in this study and the construction steps of the VMD-CEEMDAN-LSSVM-LSTM hybrid model. Section 4 introduces the relevant evaluation criteria and the concrete results of empirical research. Finally, the paper concludes in Section 5.
2 LITERATURE REVIEW
As mentioned in the introduction, the prediction of carbon price can be divided into three different categories, namely, the first category of traditional econometric models, the second category of artificial intelligence models and the third category of hybrid models. Acoordingly, the literature review in this part will be divided into the above three parts.
In the research of applying traditional econometric model to predict carbon price, Benz and Trück (2009) applied Markov switching and AR-GARCH models to predict the spot price of carbon dioxide (CO2) emission allowances. Byun and Cho (2013) compared and analyzed the performance of GARCH-type models, an implied volatility from prices, and k-nearest neighbor models in predicting carbon option prices. Bulai et al. (2022) predicted the carbon price in the EU ETS through the proposed ARMA-GARCH model.
In the research of applying artificial intelligence model to predict carbon price, Atsalakis (2016) constructed an adaptive neuro-fuzzy inference system based on ANN in the study of carbon price prediction. Xu et al. (2020) took the carbon price data of the EU ETS as the research object, combined the technology of data reconstruction with extreme learning machine algorithm, and constructed CPN-ELM model to predict the carbon price. Yun et al. (2020) introduced an LSTM model with multi-layer and multi-variable characteristics into the prediction research of carbon price.
In the application of TEI@I complex systems research methodology to predict carbon price research. Yang et al. (2020) took the trading prices of carbon exchanges in different regions of China as the research object, and constructed a mixed model combining the modified ensemble empirical mode decomposition (MEEMD) and the LSTM optimized by the improved whale optimization algorithm (IWOA). Sun and Li (2020) combined CEEMD and LSTM network to forecast price series from China carbon exchanges. Furthermore, Wang et al. (2021) introduced a series of models (including fully integrated EMD, sample entropy, LSTM and random forest) to build a new hybrid model in the prediction of price series from different carbon exchanges in China. Furthermore, in the research of applying quadratic decomposition technology, Sun and Huang (2020) constructed a quadratic decomposition technique consisting of EMD and VMD, and also introduced partial autocorrelation analysis (PACF) and back propagation (BP) neural network model optimized by genetic algorithm (GA) to construct a new hybrid prediction model. Li et al. (2021) constructed a quadratic decomposition technique based on CEEMD and VMD, and used BPNN optimized by improved sine cosine algorithm (ISCA) as a prediction model to predict the carbon price.
Reviewing the above studies, it can be concluded that traditional econometric models and artificial intelligence models cannot fully capture the nonlinear characteristics hidden in the carbon price in the prediction of carbon price. Compared with other existing types of forecasting models, the hybrid model combining decomposition techniques and forecasting models has more advantages. However, there are still some problems neglected in the existing research, the residual term generated by the application of VMD technology still contains a lot of irregular and complex information, and the prediction ability of the LSTM model without optimization also has certain deficiencies. Therefore, in order to improve the ability and accuracy of carbon price prediction methods and fill in the gaps of existing research, our study integrated VMD technology, CEEMDAN technology, LSSVM model and LSTM model to predict the carbon price of the EU ETS by building the VMD-CEEMDAN-LSSVM-LSTM hybrid model.
3 METHODOLOGY
This part expounds the relevant sub-models that constitute the hybrid model. Specifically, it includes decomposition algorithms, prediction models and the construction of VMD-CEEMDAN-LSSVM-LSTM model.
3.1 Decomposition algorithms
3.1.1 VMD
According to the preset number of modes, VMD decomposes the signal into finite bandwidths with different center frequencies (Dragomiretskiy and Zosso, 2014). The essence of VMD is to create and solve variational problems. The specific solution process is as follows:








Further, [image: image] , [image: image] , [image: image] are updated alternately using the alternate direction multiplier method, where the modal components of the solution are as follows:
[image: image]
The expression for center frequency update is:
[image: image]
3.1.2 CEEMDAN
As an improved algorithm of EEMD and EMD, CEEMDAN can have smaller modal aliasing and lower component reconstruction error at the same time. The specific decomposition process is as follows:








3.2 Prediction models
3.2.1 LSSVM
In the SVM model, for a sample [image: image] in the training set, its function interval is:
[image: image]
Where [image: image] is the input value of the [image: image] th sample; [image: image] is the output value corresponding to the [image: image] th input value, and [image: image] is the offset.
The function interval of the training set is equal to the minimum value of the function interval of all sample points:
[image: image]
Where [image: image] is the functional interval of the training set. However, the function interval can only represent the correctness of the classification prediction, not the exact distance of the sample to the separating hyperplane. For a sample [image: image] in the training set, its geometric interval is:
[image: image]
Where [image: image] is the geometric interval. The geometric interval of the training set is equal to the minimum value of the geometric interval of all sample points:
[image: image]
The geometric interval can not only represent the correctness of the classification prediction, but also accurately represent the distance from the sample to the separating hyperplane. The optimization problem of SVM is transformed into maximizing the geometric distance of training samples:
[image: image]
[image: image]
The value of the function interval will not affect the solution of the optimal problem. If the function interval of the training sample is set to 1, the above problem will be transformed into:
[image: image]
[image: image]
It can be seen that the optimization problem of SVM is a QP (Quandratic Programming) problem with partition constraints. The specific form is as follows:
[image: image]
[image: image]
Where [image: image] is the error variable. In order to solve the problem of partial outliers, the [image: image] is introduced into each sample, and the L2 regular term of the error variable is added to the original function, so that the optimization problem of LSSVM is transformed into:
[image: image]
[image: image]
Where [image: image] is a regularization parameter, and [image: image] represents mapping [image: image] into a higher dimensional space. The Lagrange function of the above optimization problem is listed as follows:
[image: image]
Where [image: image] represents the lagrange multiplier corresponding to [image: image]. The lagrange function solves each variable and makes the derivative zero:
[image: image]
[image: image]
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Further, solve [image: image] and [image: image] by the following equations:
[image: image]
Where [image: image], [image: image] is the identity matrix, [image: image] is the radial basis kernel function. [image: image], Where [image: image] is the standardized parameter, [image: image] is the norm of the vector [image: image]. For the new sample [image: image], the output form of LSSVM model is:
[image: image]
3.2.2 LSTM
LSTM is a neural network model with memory, and its core unit include the input gate, forgetting gate and output gate. The basic network structure of LSTM is shown in Figure 1.
[image: Figure 1]FIGURE 1 | The basic network structure of LSTM.
The function of the gate is to control which information is put into the state value of the cell. The specific mathematical model is as follows:
[image: image]
[image: image]
Where [image: image] and [image: image] are the weight matrix and bias term of the input gate, [image: image] represents the state of the input gate, and [image: image] represents the current input unit state. Before output, the updated information and discarded information will be determined, namely:
[image: image]
Where [image: image] represents the forgetting gate. The forgetting gate decides what information to discard from the state, and uses the sigmoid function to refer to the previous result and the current content. The specific mathematical model is:
[image: image]
Where [image: image] represents the result of the last output, [image: image] represents the current input information, [image: image] is the probability of outputting 0 to 1, [image: image] and [image: image] are the weight matrix and bias term of the forgetting gate, and [image: image] represents sigmoid function. The output gate determines which part of the cell state will be output, and its mathematical model is as follows:
[image: image]
[image: image]
where [image: image] is the output of the output gate, and [image: image] is the activation function.
Construction of the hybrid model VMD-CEEMDAN-LSSVM-LSTM
In this section, by combining VMD, CEEMDAN and LSSVM-LSTM, the hybrid VMD-CEEMDAN-LSSVM-LSTM model is developed to predict the carbon price series. The main structure of the model is shown in Figure 2. Firstly, VMD is used to decompose the original carbon price series, in which the residual term obtained by decomposition is further decomposed by CEEMDAN, and then LSSVM-LSTM model is applied to predict each component obtained after decomposing. The detailed steps are as follows:
[image: Figure 2]FIGURE 2 | The main structure of the proposed model.








4 EMPIRICAL STUDY
4.1 Source of data
The empirical research of this paper is based on the trading data of EU ETS, and the specific daily futures price data comes from Wind database. As the largest emission trading system market in the world, the necessity and urgency of forecasting the price fluctuation of ETS has been confirmed by the literature (Zhu et al., 2017; Huang et al., 2021. The samples selected in this paper cover two different cases. The effectiveness and robustness of different models for carbon price prediction can be better tested through price data in different time intervals. Specifically, the time range of the two case samples is 2018.04.02-2020.03.01 and 2020.04.02-2022.03.01 respectively.
4.2 Data description and data processing
Due to the learning mechanism of the neural network, the data of each sample need to be divided into the training set and the testing set before prediction. The model is trained by the training set to capture the characteristics of data, and the performance of the model is verified by the testing set. Thus, all samples are divided into the training set and the testing set in this study. Table 1 shows the specific information of data set division of two case samples.
TABLE 1 | The size and date range of the sample.
[image: Table 1]Table 2 shows the results of statistical analysis of sample data from different cases, showing the specific characteristics of the data. It can be inferred from the numerical results of the corresponding indicators that the data of the two case samples do not conform to the normal distribution and have obvious peak values.
TABLE 2 | The statistical analysis of the sample.
[image: Table 2]In addition, in order to ensure the training effect of the hybrid prediction model, it is necessary to normalize the subsequence data of each modal component obtained by applying the decomposition technique. In the research of this paper, the Min-Max deviation standardization method is adopted to process the data linearly, and the specific expression is:
[image: image]
Where [image: image] is the normalized sequence data. [image: image] is the original value, and [image: image] and [image: image] represent the maximum and minimum values respectively.
4.3 Evaluation indicators
In order to evaluate the performance of different models involved in the research on carbon price prediction, this paper selects three common different evaluation indicators. Specifically, it includes, [image: image], [image: image] and [image: image]. The specific derived formulas for different evaluation indicators are as follows:
[image: image]
Where [image: image] and [image: image] are the true value and the predicted value of the price series respectively, [image: image] is the average value of all [image: image], [image: image] is the scale of the test sample, and [image: image] is the serial number of the test sample. Specifically, the smaller the value of the evaluation indicators [image: image] and [image: image], the bigger the value of the evaluation indicator [image: image], the better the prediction performance of the model.
4.4 Benchmark model
In order to verify the superiority of the VMD-CEEMDAN-LSSVM-LSTM hybrid model proposed in this paper over the existing research, a series of benchmark models are constructed in this paper, including two prediction models without decomposition technique (LSTM and LSSVM-LSTM), six hybrid models with single decomposition technique (EEMD-LSTM, EEMD-LSSVM-LSTM, CEEMDAN-LSTM, CEEMDAN-LSSVM-LSTM, VMD-LSTM and VMD-LSSVM-LSTM) and three other hybrid models with quadratic decomposition technique (VMD-EEMD-LSTM, VMD-EEMD-LSSVM-LSTM and VMD-CEEMDAN-LSTM).
Table 3 shows the characteristics of different models. Specifically, LSTM is the basic prediction model, and LSSVM-LSTM is the prediction model combined with LSSVM. Among the benchmark models that apply the single decomposition technique, EEMD-LSTM, CEEMDAN-LSTM and VMD-LSTM respectively applies the EEMD, CEEMDAN and VMD technologies to the carbon price series, discard the residual items, and then use LSTM model to predict a series of decomposed components. Correspondingly, EEMD-LSSVM-LSTM, CEEMDAN-LSSVM-LSTM and VMD-LSSVM-LSTM replace the prediction model from the LSTM model with the LSSVM-LSTM model.
TABLE 3 | Characteristics of different models.
[image: Table 3]In the benchmark model applying the quadratic decomposition technique, VMD-EEMD-LSTM retains the residual term obtained after applying the VMD technique to the carbon price sequence, decomposes the residual term with the EEMD technique, and uses the LSTM model to predict the decomposed components and the residual term. Correspondingly, the VMD-EEMD-LSSVM-LSTM uses the LSSVM-LSTM model to predict each component. The VMD-CEEMDAN-LSTM further uses CEEMDAN technology to decompose the residual term obtained by applying VMD technology. The VMD-CEEMDAN-LSSVM-LSTM is a hybrid model that combines the VMD-CEEMDAN quadratic decomposition technique and the LSSVM-LSTM model proposed in this paper.
4.4 Analysis of empirical results
This section shows the empirical results of the above two cases. The empirical research of all models is completed by the software matlab 2019a.In order to evaluate the effectiveness and robustness of the forecasting models more comprehensively, a rolling forecasting strategy was applied, and all the models have been studied with 1-step, 2-step and 4-step ahead forecasting. Compared with the static forecasting method, the rolling forecasting method continuously updates the data of the training samples by inputting the time series into the forecasting model in the form of a rolling window, and dynamically controls the data that is far away from the current moment through the weight, thus avoiding the cumulative iteration of prediction errors and improve the predictive ability of the model.
Figure 3 is the comparison charts of the results of 1-step, 2-step and 4-step ahead forecasting of Case Ⅰ by different models. Correspondingly, Figure 4 is the prediction results of Case Ⅱ. Table 4 shows the results of Dunnett test on different benchmark models. It can be seen from the numerical results that among the series of benchmark models constructed in this paper, the hybrid model incorporating the decomposition technique is significantly different from the single prediction model. Tables 5–10 show the concrete numerical results of multi-step ahead forecasting completed by different models for Case Ⅰ and Case Ⅱ. Specifically, among the empirical results of Case Ⅰ, Table 5 and Table 8 show the prediction results of the model without decomposition technique, Table 6 and Table 9 show the prediction results of the model with single decomposition technique, and Table 7 and Table 10 show the prediction results of the model with quadratic decomposition technique. In the prediction of carbon price series, the results based on different evaluation indexes ([image: image], [image: image] and [image: image]) show that the VMD-CEEMDAN-LSSVM-LSTM hybrid model constructed in this paper has the minimum prediction error in two different cases, which indicates the effectiveness and superiority of this hybrid model in the multi-step ahead forecasting for carbon price.
[image: Figure 3]FIGURE 3 | A comparison chart of the results of multi-step ahead forecasting of the Case I.
[image: Figure 4]FIGURE 4 | A comparison chart of the results of multi-step ahead forecasting of the Case II.
TABLE 4 | Dunnett test results for the benchmark model.
[image: Table 4]TABLE 5 | Prediction results of models without decomposition technique (Case I).
[image: Table 5]TABLE 6 | Prediction results of the model combined with single decomposition technique (Case I).
[image: Table 6]TABLE 7 | Prediction results of the model combined with quadratic decomposition technique (Case I).
[image: Table 7]TABLE 8 | Prediction results of models without decomposition technique (Case II). 
[image: Table 8]TABLE 9 | Prediction results of the model combined with single decomposition technique (Case II).
[image: Table 9]TABLE 10 | Prediction results of the model combined with quadratic decomposition technique (Case II).
[image: Table 10]The remaining analysis content in this section will focus on the prediction results, The concrete analysis includes the prediction model and decomposition techniques which constitute the hybrid model.
4.4.1 Analysis of prediction model
In the series of models involved in this paper, two prediction models, LSTM and LSSVM-LSTM, are used respectively. The results of empirical studies based on different cases show that the LSSVM-LSTM model is more suitable for the prediction of carbon price series than the LSTM model. The specific analysis are as follows:
(1) By comparing the prediction results of LSTM and LSSVM-LSTM, it can be seen that the latter outperforms the former in both cases. Taking the results of case in the 1-step ahead forecasting scenario as an example, the results of the evaluation indicators [image: image], [image: image] and [image: image] of the LSTM and LSSVM-LSTM are (2.2273, 0.6975, 0.9290) and (2.1896, 0.6946, 0.9296), and the improvement degree of the corresponding indicators was 1.69%. 0.41 and 0.064% respectively. It can be concluded that in the study of the single prediction model without decomposition technique, compared with LSTM, LSSVM-LSTM combined with LSSVM can better reduce the calculation difficulty of carbon price prediction and improve the prediction accuracy of the model.
(2) In the hybrid model applying the single decomposition technique, by comparing the prediction results of the hybrid model with LSSVM-LSTM model and the hybrid model with LSTM model, it can be seen that the prediction results of the hybrid model with LSSVM-LSTM in two different cases are better than those of the hybrid model with LSTM model. Taking the numerical results of case I combined with the VMD technology in the 1-step 1-step ahead forecasting scenario as an example, the results of the evaluation indicators [image: image], [image: image] and [image: image] predicted by the VMD-LSTM and VMD-LSSVM-LSTM are (0.8494, 0.2576, 0.9903) and (0.7087, 0.2113, 0.9934), and the improvement degree of the corresponding indicators was 16.56, 17.97 and 3.13% respectively. This result indicates that the superiority of LSSVM-LSTM in performance is also suitable for the prediction research with single decomposition technique.
(3) In the hybrid model using quadratic decomposition technique, VMD-EEMD-LSSVM-LSTM and VMD-CEEMDAN-LSSVM-LSTM combined with LSSVM-LSTM have better prediction results than VMD-EEMD-LSTM and VMD-CEEMDAN-LSTM combined with LSTM. This result shows that LSSVM-LSTM is more superior than LSTM for carbon price prediction, and it is not only applicable to the hybrid model combined with the single decomposition technology, but also applicable to the hybrid model combined with the quadratic decomposition technique.
The above conclusions are consistent in the research of different case samples. As a special commodity, the price of carbon allowances is bound to be affected by historical prices. It is difficult for a single LSTM model to fully describe the characteristics of carbon price data. Compared with LSTM, LSSVM-LSTM can better capture the long-term correlation between price data, mine valuable information in historical time series, and adapt to the complex change form of carbon price series, so it has better prediction performance.
4.4.2 Analysis of decomposition techniques
The hybrid models combined with decomposition techniques in this paper can be divided into two different types: the hybrid model using single decomposition technique and the hybrid model using quadratic decomposition technique. Based on the empirical research results of carbon price forecasting, it shows that VMD technology can effectively improve the prediction performance of the hybrid model with single decomposition technique. The quadratic decomposition technique VMD-CEEMDAN proposed in this paper has better performance than all single decomposition techniques and other different types of quadratic decomposition techniques, which confirms the effectiveness of the decomposition strategy constructed in this paper. The specific analysis is as follows:
(1) Decomposition technology can effectively improve the prediction accuracy. Comparing the prediction results of the single model without the decomposition technique and the hybrid model with the decomposition technique, it can be seen that the hybrid model with the decomposition technique outperforms the single model in all multi-step ahead forecasting scenarios. This result demonstrates the validity of the TEI@I complex system research methodology for carbon price forecasting. By applying the decomposition technology to carbon prices, the complexity of the price series can be effectively reduced, and the prediction ability of the overall model can be improved.
(2) The decomposition effect of VMD technology is better than EEMD technology and CEEMDAN technology. In the hybrid model applying single decomposition technique, by comparing the prediction results of the hybrid model combining EEMD technology (EEMD-LSTM and EEMD-LSSVM-LSTM), CEEMDAN technology (CEEMDAN-LSTM and CEEMDAN-LSSVM-LSTM) and VMD technology (VMD-LSTM and VMD-LSSVM-LSTM), it can be seen that CEEMDAN technology has achieved better prediction performance than EEMD technology, while VMD technology has achieved better performance than EEMD technology and CEEMDAN technology in any prediction situation of different cases. This result shows that CEEMDAN technology selected in this paper is more effective than EEMD technology in the prediction of carbon price, while VMD technology can transform complex information contained in carbon price into more stable and regular modal information compared with other decomposition technologies.
(3) The effect of quadratic decomposition technique is significantly better than that of single decomposition technology. By comparing the results of the hybrid model using the single decomposition technique (EEMD-LSTM, EEMD-LSSVM-LSTM, CEEMDAN-LSTM, CEEMDAN-LSSVM-LSTM, VMD-LSTM and VMD-LSSVM-LSTM) and the hybrid model using the quadratic decomposition technique (VMD-EEMD-LSTM 、VMD-EEMD-LSSVM-LSTM 、VMD-CEEMDAN-LSTM and VMD-CEEMDAN-LSSVM-LSTM), it can be seen that the hybrid model combined with the quadratic decomposition technique has better decomposition effect than the single decomposition technique, which effectively reduces the value of evaluation indicators, and shows the effectiveness of the quadratic decomposition technique in the research of carbon price prediction.
(4) VMD-CEEMDAN technology has the best ability to decompose data. In the hybrid model applying the quadratic decomposition technique, by comparing the prediction results of the models applying the VMD-EEMD technology (VMD-EEMD-LSTM and VMD-EEMD-LSSVM-LSTM) and the VMD-CEEMDAN technology (VMD-CEEMDAN-LSTM and VMD-CEEMDAN-LSSVM-LSTM), it can be seen that VMD-CEEMDAN technology can deal with the residual term after VMD technology is applied more effectively than VMD-EEMD technology.
(5) The VMD-CEEMDAN-LSSVM-LSTM hybrid model has the best prediction performance. In the 1-step, 2-step and 4-step ahead forecasting scenarios, with the increase of the prediction step size, the values of the error indicators of each model show an upward trend due to the existence of error accumulation. The VMD-CEEMDAN-LSSVM-LSTM model proposed in this paper can maintain the smallest error value in all forward multi-step forecasting studies, indicating the robustness of this hybrid model in the research of carbon price forecasting.
To sum up, the data of carbon price is highly nonlinear and complex, which leads to the unsatisfactory prediction effect of traditional single prediction model on carbon price. The empirical results of different sample cases show that the single decomposition technology can reduce noise and improve the prediction accuracy of carbon price to a certain extent. Further, compared with the single decomposition technology, the quadratic decomposition technique can more accurately process data with high nonlinearity and irregularity, effectively break through the limitations of the model, and achieve higher-precision predictions.
5 CONCLUSION
The effective prediction of carbon price is of great significance to all parties involved in carbon market transactions and relevant policy makers. Aiming at overcoming deficiencies of the existing research on carbon price prediction using decomposition technology, this paper combines VMD, CEEMDAN and LSSVM-LSTM technology to construct a new hybrid model VMD-CEEMDAN-LSSVM-LSTM.
In this hybrid model, a new quadratic decomposition technique, VMD-CEEMDAN, is introduced for the first time. The complex information contained in the residual term of the original carbon price series obtained by VMD technology is considered, and the prediction research is carried out based on LSSVM-LSTM model. The empirical research results based on the carbon price of the EU ETS show that, compared with a series of other benchmark models, the hybrid model VMD-CEEMDAN-LSSVM-LSTM proposed in this paper can maintain the best performance in all multi-step ahead forecasting scenarios. The excellent performance shows that the hybrid model constructed in this paper can effectively describe the complex fluctuation information in the carbon price series, which significantly improves the overall prediction performance of the model.
It is worth mentioning that the carbon price prediction model proposed in this paper only takes the price data as the input of the model. Although this method of prediction based on historical price data can have excellent prediction results to a certain extent, the carbon trading market is jointly influenced by internal market mechanism and external environmental heterogeneity, such as supply and demand, climate change, government intervention and many other different factors. The impact mechanism of different factors on carbon price volatility is complex. Therefore, in the future research, the model proposed in this paper can be combined with other influencing factors, and a multi-factor model can be constructed to explore the influence of different factors on carbon price fluctuation, so as to further improve the rationality and effectiveness of carbon price prediction.
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