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a b s t r a c t

With the European Union (EU) introducing the Carbon Border Adjustment Mechanism (CBAM), accu-
rately forecasting EU carbon price is crucial for exporters to estimate export costs, plan low-carbon 
strategies, and mitigate trade risks. In the petroleum sector, carbon pricing directly influences up-
stream investment returns and carbon intensity targets, thereby closely linking emissions markets with 
fossil energy strategies. Existing models often fail to fully capture the nonlinear, non-stationary nature 
of carbon prices and their dependence on external factors. This study proposes a novel hybrid frame-
work that combines improved complete ensemble empirical mode decomposition with adaptive noise 
(ICEEMDAN) with gated recurrent unit-convolutional neural network-long short-term memory 
network-Bayesian optimization (GRU-CNN-LSTM-BO). Empirical results based on the EU emissions 
trading system (ETS) market demonstrate that the proposed model significantly improves forecasting 
accuracy. Among all experiments, the proposed GRU-CNN-LSTM-BO framework achieves the best per-
formance, yielding the lowest MAE (1.3872), RMSE (1.7038), MAPE (0.0166), and MSPE (0.0004), as well 
as the highest R 2 (0.9400). Compared to all benchmark models, the GRU-CNN-LSTM-BO model achieves 
reductions in MAE and RMSE ranging from 5.38% to 63.65% and 8.97% to 64.41%, respectively. To further 
validate the generalization ability and predictive performance of the proposed model, it is also applied 
to China's ETS. The results show that the GRU-CNN-LSTM-BO model also performs very well in China's 
ETS.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-

nd/4.0/).

1. Introduction

Climate change and global warming caused by greenhouse gas 
emissions pose significant threats to the human living environ-
ment (Bashmakov et al., 2022). In response to this climate crisis, 
many countries have taken measures to reduce carbon emissions 
through formulating climate policies and implementing techno-
logical solutions. Carbon markets, as an important policy tool, play 
a crucial role in global carbon emission reduction (Wu et al., 2023). 
In order to fulfill the emission reduction targets of the Kyoto

Protocol, the European Union (EU) established the world's first 
carbon emissions trading system (ETS) in 2005 (Ellerman et al., 
2016). Subsequently, the Paris Agreement drove the EU ETS into 
a new phase of reform aimed at strengthening its effectiveness and 
alignment with long-term climate goals (An et al., 2021). 
Currently, the EU ETS is the largest and most mature market in the 
world, and its trading scale and liquidity have a significant impact 
on the global market. The core element of the ETS is the carbon 
price (Hintermayer, 2020). Accurate prediction of carbon price in 
the EU ETS has become increasingly important. In carbon-
intensive sectors such as petroleum refining, gas-fired power 
generation, and petrochemical manufacturing, carbon price vola-
tility directly affects marginal production costs and operational 
planning (Dai et al., 2022; Wang and Kuusi, 2024). Accurate carbon 
price forecasts can thus support more informed investment de-
cisions, facilitate risk hedging strategies, and help design adaptive
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compliance mechanisms (Lei et al., 2022; Zhang et al., 2025). 
Notably, the Carbon Border Adjustment Mechanism (CBAM) has 
been introduced under the Paris Agreement framework as a 
measure to



prices, exchange rates, and weather conditions for providing 
a holistic 



2.2. Factors influencing carbon prices

Carbon prices are impacted by several factors. This study builds 
indicators of carbon price influencing factors from four aspects: 
macroeconomic indicators, energy prices, exchange rates and
weather conditions (Chen and Zhao, 2024; Feng et al., 2023; Wang 
et al., 2023; Zhang et al., 2024b).

Macroeconomic indicators: The macroeconomy plays a 
pivotal role in shaping the dynamics of the carbon market (Mao 
and Yu, 2024). For instance, high levels of the European stoxx
600 index, which reflects the economic trend of the EU and covers 
most of the enterprises from public utilities, energy, telecommu-
nication, food, chemicals and other industries in 18 countries of 
the EU, indicate a booming economy (Zhou and Li, 2019). This leads 
to higher demand for carbon allowances and, consequently, an 
upward trend in carbon prices. Similarly, the S&P 500 index, as a 
leading international market indicator, indirectly influences car-
bon prices through its impact on energy consumption and pro-
duction (Zhang et al., 2024b).

Energy prices: Energy consumption is one of the primary
sources of carbon emissions, making energy prices a critical factor 
in carbon price dynamics (Xie et al., 2022). Empirical studies have 
consistently identified crude oil, natural gas, and coal prices as key
indicators shaping carbon price trends (Chevallier et al., 2019; 
Zhao et al., 2018). Incorporating energy prices such as natural 
gas futures prices, Brent crude oil futures prices, and coal futures 
prices into forecasting models is essential for analyzing carbon 
price fluctuations (Tan and Wang, 2017).

Exchange rates: Exchange rates are widely regarded as a crit-
ical factor influencing carbon prices (Sun and Wang, 2020). The
exchange rate between the United States dollar and the euro (USD/ 
EUR) serves as a key indicator of international trade competitive-
ness and cross-border investment flows. For example, a stronger 
euro relative to the USD reduces the competitiveness of EU ex-
ports, potentially dampening industrial activity, energy con-
sumption, and, consequently, the demand for carbon credits, 
which affects carbon prices (Yu and Mallory, 2014).

Weather conditions: Global warming is becoming increasingly 
severe with greenhouse gas emissions and CO 2 is identified as the 
primary contributors to this issue (Dimitriadis et al., 2021). Recent
studies highlight that climate change alters energy consumption 
patterns, influencing fluctuations in carbon prices (
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2.4.2. CNN model
Convolutional neural network (CNN), though originally devel-

oped for image recognition, has been successfully adapted to time 
series forecasting. As demonstrated by Borovykh et al. (2017), CNN 
can apply 1D convolutions along the temporal axis to extract 
localized patterns and short-term dependencies. In this study, a 1D 
convolution layer is applied to extract spatial features across 
feature channels over time. The output of the i-th feature map in 
the (n+1)-th layer at time step τ is defined as:

y(n+1) i (τ) = δ 

⎛

⎝xni + 
∑F 

n

f =1

Kn
fi × ynf (τ)

⎞

⎠ (2)

where y(n+1) i (τ) denotes the feature map i in the n+1 layer. δ rep-
resents the number of feature maps in n layers. K nfi denotes the

kernel in layer n that operates on the feature map f to create
feature map i in layer n+1 : x ni denotes the deviation vector.

2.4.3. LSTM model
Long short-term memory (LSTM) was introduced by Hochreiter 

and Schmidhuber (1997) to overcome the vanishing gradient 
problem in recurrent neural networks. By using a memory cell 
along with input, output, and forget gates, LSTM can retain long-
term dependencies, making it widely used in sequential learning 
tasks. It is especially applicable to long, noisy time series with 
delayed effects, such as policy-driven market behavior. The inter-
nal structure of LSTM unit is shown in Fig. 2. The internal memory 
cell c t and hidden state h t are updated as:

c t = f t × c t− 1 + i t × ~ c t (3)

h t = o t × tanh(c t ) (4)

where the f t , i t , ~ c t , and o t denote the forget gate, the input gate, the 
candidate memory cell, and the output gate respectively.

2.5. Hyperparameter optimization

Bayesian optimization (BO) is a black-box optimization method 
based on Bayesian probabilistic inference and is commonly used 
for hyperparameter tuning in machine learning models. Wang

et al. (2024) demonstrated the effectiveness of BO in optimizing 
the hyperparameters of complex models.

The theoretical framework of the BO algorithm basically con-
sists of three steps:

Step 1 Selecting the next most “promising” evaluation point x 
based on the maximization of the acquisition function.
Step 2 Evaluating the objective function value y = f (x) + ∈ i 
based on the selected evaluation point x.

Fig. 2. The internal structure of long short-term memory unit.
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Fig. 3. Workflow of the proposed hybrid forecasting framework.
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Step 3 Pairing the newly obtained input observation pairs
{x i ; y i } into the historical observation set D i− 1 , and updating the 
probabilistic agent model for the next iteration.

2.6. Hybrid framework

The overall structure of the proposed hybrid forecasting 
framework is illustrated in Fig. 3. The workflow and interactions 
among the components are as follows.

ICEEMDAN decomposition: The process begins by applying 
ICEEMDAN to the original carbon price time series to extract 
decomposed IMFs and a residual. Rather than modeling each IMF 
independently, ICEEMDAN is employed as a data preprocessing 
method to capture the multi-frequency characteristics of the 
signal while reducing noise. The resulting components are then 
transformed into lagged features and combined with external 
variables to construct a comprehensive feature matrix for unified 
model training.

Hybrid deep learning module: The GRU, CNN, and LSTM layers 
are connected sequentially to enable hierarchical learning of 
spatial-temporal representations. The GRU layer captures short-
term dependencies with fewer parameters, enhancing training 
efficiency (Wang et al., 2021). The CNN layer extracts local spatial 
patterns and fluctuations within the input sequence (Huang et al., 
2022). The LSTM layer models long-term sequence trends and 
contextual memory, allowing the network to capture both short-
term variations and
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enhancing both predictive accuracy and interpretability. For the 
benchmark models, the GRU model was configured with 128 units, 
the CNN model utilized 128 convolutional filters with a kernel size 
of 3, and the LSTM model comprised 64 units. Model training was 
performed with a batch size of 32 and an initial learning rate of 
0.001. To mitigate overfitting, dropout rates of 0.2, 0.3, and 0.4 
were applied to different layers depending on the model archi-
tecture. Furthermore, BO was employed to fine-tune key hyper-
parameters. The optimization was conducted within the 
parameter bounds {'lr': (1e− 4, 1e− 2), 'units': (64, 256)}, targeting 
the learning rate and the number of units in recurrent layers.

4.1. ICEEMDAN decomposition of carbon prices

The number of IMFs extracted by ICEEMDAN was determined 
through a sensitivity analysis. Detailed results are presented in

Appendix B. The parameter max_imfs was varied from 5 to 8 to 
assess the decomposition quality and model performance. 
Extracting more than 7 components yielded IMFs with low 

amplitude and limited interpretability, while the residual became 
negligible and close to zero. This indicates potential over-
decomposition and redundancy. Conversely,
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market. It shows the combined effects of short-term fluctuations 
and long-term trends driven by a complex interplay of economic, 
policy, and environmental factors.

4.2. Model prediction and evaluation

Fig. 7(a) presents the forecasting results of each model. Intui-
tively, among the single models, LSTM performs better than GRU, 
and GRU outperforms CNN, indicating that recurrent neural net-
works capture temporal patterns more effectively than pure con-
volutional structures. For all models, the hybrid GRU-CNN-LSTM 

model predictions align more closely with the actual carbon price

trends, whereas the benchmark models demonstrate certain lim-
itations in predictive accuracy, particularly during periods of 
intense fluctuations. Fig. 7(b) provides a quantitative comparison 
of forecasting performance. The GRU-CNN-LSTM model consis-
tently demonstrates superior predictive performance compared to 
the benchmark models. Notably, the GRU-CNN-LSTM model ach-
ieves the best performance across all evaluation metrics, with the 
lowest MAE (1.4660), RMSE (1.8716), MAPE (0.0175), and MSPE 
(0.0005), along with the highest R 2 (0.9276). Compared to all 
benchmark models, the GRU-CNN-LSTM model achieves re-
ductions in MAE and RMSE ranging from 27.32% to 61.58% and 
27.84% to 60.90%, respectively. These results clearly indicate that

Fig. 7. (a) Comparison of carbon price forecasting performance across different models; (b) comparison of evaluation metrics.
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the hybrid framework enables the model to more effectively cap-
ture critical features and relationships within the data, thereby 
significantly enhancing predictive accuracy and model fitting.

4.3. GRU-CNN-LSTM model based on BO

To further improve the predictive accuracy of the GRU-CNN-
LSTM model, BO is applied to fine-tune critical hyperparameters 
(Hao and Tian, 2020). As shown in Fig. 8(a), although the unopti-
mized GRU-CNN-LSTM model is capable of capturing the overall 
carbon price trends, it exhibits noticeable deviations at critical 
peak and trough regions, such as within the 50–150 time step in-
terval. The optimized model shows a much closer alignment with 
the actual values. Fig. 8(b) and (c) further validate these findings 
through scatter plot comparisons. The GRU-CNN-LSTM-BO model 
exhibits a tighter clustering of predicted values around the 45-

degree reference line, reflecting higher consistency with actual 
prices and reduced dispersion compared to the unoptimized 
model.

Fig. 9 provides a comprehensive comparison of forecasting 
performance between GRU-CNN-LSTM and GRU-CNN-LSTM-BO. 
The evaluation metrics consistently indicate that incorporating 
BO enhances the predictive accuracy and robustness. The GRU-
CNN-LSTM-BO model outperforms the GRU-CNN-LSTM in all the 
indexes, achieving lower MAE (1.3872), RMSE (1.7038), MAPE 
(0.0166), and MSPE (0.0004), with reductions of 5.38%, 8.97%, 
5.14%, and 20%, respectively. At the same time, the R 2 increases by 
1.34%, from 0.9276 to 0.9400, indicating improved model fit. These 
results demonstrate that BO significantly enhances the GRU-CNN-
LSTM model's ability to capture the complex and dynamic char-
acteristics of carbon price movements, while preserving the 
strengths of its original architecture. Compared to all benchmark
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Fig. 8. Comparison of carbon price forecasting before and after Bayesian optimization.
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models, the GRU-CNN-LSTM-BO model achieves reductions in 
MAE and RMSE ranging from 5.38% to 63.65% and 8.97%–64.41%, 
respectively. This improved predictive performance provides more 
accurate and timely decision support for carbon market partici-
pants, enabling them to better navigate market volatility and 
implement effective trading or policy strategies.

4.4. Discussion

Carbon price fluctuations directly affect the economic viability 
of low-carbon technology projects. As China advances toward its 
carbon neutrality goals, carbon prices are expected to rise steadily 
(Ma et al., 2025). This makes accurate forecasting of China's carbon 
market prices essential for policy formulation, investment de-
cisions, and project operations. To further validate the applicability 
of the proposed framework for forecasting carbon prices influ-
enced by external factors, the China's national ETS prices are 
selected as an additional dataset for simulation. The carbon price 
data (closing price) of China's national ETS are obtained from the 
official carbon trading platform of China (http://wwwtanjiao 
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China's carbon market. Moreover, when comparing the perfor-
mance improvements of the hybrid framework over benchmark 
models, it becomes evident that China's carbon market benefits 
more significantly from the introduction of the hybrid framework. 
In the EU ETS, the GRU-CNN-LSTM-BO model reduces MAE and 
RMSE
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