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The carbon market volatility series exhibits strong nonlinearity, non-stationarity, and noise interference, 
which limits the accuracy of both traditional econometric models and standalone deep learning approaches. 
To address this, a hybrid prediction framework is developed. Firstly, an improved bald eagle search algo-
rithm is adopted to optimize the hyperparameters of variational mode decomposition (VMD). Through cha-
os mapping initialization, dynamic inertia weight adjustment, and Gaussian mutation mechanism, popula-
tion diversity and global search capability are enhanced, and the optimal number of VMD and penalty factor 
combination are obtained. Secondly, VMD is utilized to decompose the volatility series into several intrinsic 
modal components. Finally, bidirectional long short-term memory neural networks, convolutional neural 
networks, and attention mechanisms are introduced to achieve high-precision prediction of volatility series. 
The results using the EU Emissions Trading System as an empirical object show that traditional generalized 
autoregressive conditional heteroskedasticity (GARCH) models have limited performance in predicting car-
bon futures volatility. The optimal GARCH model has an R2 of 92.6779% and an average absolute percentage 
error of 9.8358%. The suggested model outperforms all traditional econometric models significantly in four 
evaluation indicators: The average absolute error is reduced by 71.19%, the root mean square error is reduced 
by 70.13%, the average absolute percentage error is reduced by 63.80%, and the R2 is enhanced by 6.11%. The 
designed framework provides a scalable technical path for predicting carbon market volatility and has prac-
tical application value for pricing carbon financial derivatives and market risk management.
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1. Background
As global climate governance accelerates, the car-
bon market – a core policy instrument for achieving 
emission reduction targets – has drawn growing at-
tention for its operational efficiency and price sta-
bility. The European union emissions trading sys-
tem (EU-ETS), as the world's largest carbon trading 
market, has a relatively mature mechanism for price 
discovery and risk transmission [2]. The volatility of 
the carbon market can be evaluated through volatil-
ity, an important indicator for measuring financial 
asset risk. This indicator can meet economic policy 
formulation and carbon market expectations, there-
fore, studying volatility can help deepen our under-
standing of carbon market volatility [7]. The existing 
research on carbon market volatility mainly follows 
two paths. One is the econometric method based on 
generalized autoregressive conditional heteroske-
dasticity (GARCH) models. Although it can cap-
ture the clustering characteristics of volatility, it is 
difficult to effectively handle the nonlinearity and 
non stationarity of sequences [6]. Second, machine 
learning and deep learning (DL) methods are intro-
duced to advance the prediction accuracy through 
the adaptive feature extraction ability of neural 
networks. However, the single model still has the 
problem of insufficient information extraction when 
dealing with multi-scale fluctuation patterns [18].
Existing research has systematically explored the 
prediction and trait mining of carbon market volatil-
ity from multiple dimensions, including model opti-
mization, data decomposition, and multi frequency 
fusion. For example, Zhu et al. [20] utilized wavelet 
analysis to denoise carbon prices and selected ge-
netic algorithm (GA) to optimize extreme gradient 
boosting (XGBoost) parameters for predicting car-
bon market volatility. The results implied that the 
overall prediction performance of this method was 
good [20]. Chai et al. [3] utilized VMD to analyze the 
characteristics of carbon pricing in China's carbon 
trading pilot program. They decomposed the origi-
nal carbon pricing sequence, reconstructed the sub-
sequence through sample entropy, and optimized 
the Extreme Learning Machine (ELM) using Parti-
cle Swarm Optimization (PSO) for prediction. The 
results implied that the model had good predictive 
performance [3]. Xiao and Liu [15] suggested a multi 

frequency data fusion carbon price prediction model 
(MFF-CPPM) to tackle the issues of data nonlineari-
ty and inconsistent trait factor frequencies in carbon 
trading price prediction. The results implied that the 
model had generalization and robustness [15]. Liu's 
team constructed an extended model based on the 
exponential GARCH (EGARCH) model by combin-
ing mixed frequency data sampling techniques and 
time-varying volatility persistence (TVP) to explore 
the structural changes and time-varying persistence 
characteristics of carbon market volatility. The re-
sults implied that the model's internal fitting and 
out of sample prediction capabilities were superior 
to traditional models [9].
DL technology has shown significant advantages in 
predicting carbon markets and related financial time 
series, becoming one of the core means to advance 
prediction accuracy. For example, Sha et al. aimed to 
advance the management and operational efficiency 
of the carbon price market by analyzing social media 
texts through natural language processing technol-
ogy and inputting the data into a CNN-BiLSTM-At-
tention model to generate initial predictions. Subse-
quently, the prediction bias was modeled in the error 
correction stage, and the results implied that this 
method has low trading risk and high trading return 
[11]. Fang et al. [5] utilized complete ensemble em-
pirical mode decomposition (CEEMDAN) and VMD 
quadratic decomposition to analyze high-frequency 
components to advance the accuracy of carbon price 
prediction. They also selected coati optimization 
algorithm (COA) to optimize the parameters of BiL-
STM. The results implied that the prediction error of 
the model in EU-ETS was only 0.173% [5]. Wang et 
al. [14] utilized adaptive symmetric geometric mode 
decomposition to solve the irregularity of carbon 
prices for carbon trading price prediction, and com-
pleted the prediction using BiLSTM optimized by 
Light Gradient Boosting Machine (LightGBM) and 
Bald Eagle Search (BES) algorithms. The results im-
plied that this technology was practical [14]. To cope 
with the increasing volatility and complexity of the 
carbon trading market, Wang and Li [13] proposed 
an Random Forest - Long Short-Term Memory (RF-
LSTM) hybrid prediction model based on CEEM-
DAN decomposition and multi-scale entropy recon-
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struction. The results showed that this method has 
superior performance in both prediction accuracy 
and stability [13]. In response to the shortcomings of 
existing models in processing multi-source hetero-

geneous data fusion such as carbon market price data 
and policy texts, Zhang et al. [19] designed an AutoB-
ERT-MCTS model, in which autoencoders are used 
to extract market data features, Bidirectional Encod-
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er Representations from Transformers (BERT) is re-
sponsible for processing policy text information, and 
Monte Carlo Tree Search (MCTS) is used to optimize 
investment decisions in uncertain environments. 
The results indicate that the model has certain effec-
tiveness [19]. A comparison of existing time-series 
forecasting models for carbon markets with the pro-
posed method is provided in Table 1.
In summary, the prediction problems in the carbon 
market have all adopted optimized DL techniques 
and achieved significant results. However, existing 
studies have treated intelligent optimization algo-
rithms merely as general-purpose parameter tuning 
tools and have not yet designed targeted optimization 
strategies that incorporate the intrinsic characteris-
tics of carbon volatility, such as nonlinearity, multi-
scale behavior, and abrupt noise. This has resulted in 
a disconnect between the optimization mechanism 
and the temporal dynamics of the carbon market, 
lacking a theoretical explanation for their coupling. 
To address this gap, it is first necessary to clarify the 
typical theoretical characteristics of carbon mar-
ket volatility. Carbon market volatility is driven by 
a combination of policy shocks, energy linkages, cli-
mate risks, and heterogeneous investor expectations, 
and exhibits four typical statistical characteristics: 
volatility clustering, long memory, leverage effects, 
and multiple fractal properties. Traditional GARCH-
type models can only capture volatility clustering 
and struggle to account for both long memory and 
multiple fractal characteristics. Although stand-
alone DL methods possess nonlinear fitting capabil-
ities, they cannot explicitly distinguish multiscale 
volatility structures. The four typical characteristics 
mentioned above provide clear financial theoreti-
cal support for each module of this model: volatility 
clustering corresponds to CNNs extracting short-
term volatility patterns through local window con-
volution; the long-memory characteristic relies on 
BiLSTM for bidirectional time-series modeling to 
capture long-term lag effects; the asymmetric shocks 
embodied by the leverage effect can be fully identified 
through bidirectional information flow, which dis-
tinguishes the differential transmission of positive 
and negative information; and the multi-fractal char-
acteristics serve as the core driving force for intro-
ducing VMD multi-frequency decomposition, which 
breaks down the original sequence into intrinsic 
mode function (IMF) components of different scales 

with clear economic implications. Based on the 
above theoretical mapping, this study designs a triple 
improvement strategy to construct an improved BES 
(IBES) algorithm, and integrates VMD multi-scale 
decomposition with CNN-BiLSTM-Attention into a 
carbon futures volatility prediction framework. The 
core innovation and main contributions of this study 
are reflected in the following three aspects:
1	 At the algorithm level, the three improvements of 

IBES (chaos initialization, dynamic inertia weight, 
Gaussian mutation) are designed for the strong 
nonlinearity, multi-scale coupling, and abrupt 
jump characteristics of carbon volatility. They 
belong to customized improvements for carbon 
finance time series, rather than simple modifica-
tions to general algorithms.

2	 On the theoretical level, a one-to-one correspon-
dence between four typical facts of carbon volatili-
ty and each module has been established, providing 
clear economic explanations for the model and en-
hancing its interpretability.

3	 On the empirical level, cross market validation was 
conducted on three typical carbon markets, and 
envelope entropy was used as the optimization ob-
jective of VMD to fundamentally suppress mode 
mixing problems.

The above customized design distinguishes the 
framework of this article from the simple combi-
nation of existing technologies, reflecting the deep 
coupling between the model and the inherent char-
acteristics of carbon volatility.

2. Methodology
2.1. Hybrid Framework for Predicting Carbon 
Futures Volatility
The volatility series of carbon futures exhibits sig-
nificant nonlinear, non-stationary, and noise inter-
ference characteristics due to the comprehensive 
influence of multiple factors like macroeconomic 
policies, energy market price linkage, climate and en-
vironmental change, and investor expectations [4]. 
This kind of complex time series data contains fluc-
tuation components of different time scales, and it is 
difficult for a single model to capture high-frequency 
noise, intermediate frequency periodic fluctuations 
and low-frequency trend changes at the same time. 
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To tackle this issue, a predictive hybrid framework 
was developed. This framework consists of three 
stages, with the specifi c process shown in Figure 1. 
Stage one in Figure 1 is signal preprocessing. After 
inputting the original volatility, IBES is utilized to 
optimize the VMD parameters, followed by VMD to 
obtain multi-scale IMF components. Stage two is fea-
ture extraction and modeling. The IMF component 
standardization is processed, then the local traits 
are captured through CNN and implementing tem-
poral dependencies through BiLSTM, and attention 
for weight allocation is introduced. Stage three is the 
prediction output, which enhances the trait vectors 
to the fully connected (FC) layer and then uses slid-
ing window prediction to obtain the volatility pre-
diction result. These three stages form a progressive 
information processing chain: signal decomposition 
separates diff erent frequency components; CNN ex-
tracts local waveform patterns; BiLSTM captures 
bidirectional time dependencies; Attention dynam-
ically refi nes information features. This orthogonal 
and cascaded design ensures that each module can 
address diff erent aspects of carbon fl uctuation pre-
diction without functional redundancy.

2.2. Calculation of Volatility Series
After determining the prediction mixing framework, 
the study fi rst calculates the volatility series. Using 

the closing price of EU-ETS carbon futures as raw 
data, the study calculates the volatility series of car-
bon futures as input for subsequent modeling. Based 
on the daily closing price of carbon futures, this pa-
per constructs a 22-day rolling low-frequency real-
ized volatility series and converts the raw price data 
into volatility indicators. The expression for the vol-
atility Vi on day i is displayed in Equation (1) [10].

( )
= +

=

=

. (1)

In Equation (1), sq stands for the original logarith-
mic income sequence. s̅ is the logarithmic mean of 
returns for m days. Referring to the slidin g window 
setting standards for predicting European Union Al-
lowance (EUA) futures volatility in existing carbon 
market research, this study sets the rolling window 
length to m=22 [12]. The rolling low-frequency re-
alized volatility defined by Equation (1) is entirely 
calculated based on daily logarithmic returns and 
does not include intraday high-frequency trading 
data. This estimator differs fundamentally from 
the classical high-frequency realized volatility 
constructed using intraday minute or minute level 
return data in terms of data foundation and infor-
mation frequency. This study adopts this rolling 

( )
= +

=

=

Figure 1
Hybrid framework process for predicting carbon futures volatility.
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standard deviation estimator with the aim of using 
it as an effective proxy indicator for the low-fre-
quency volatility of EUA futures.

2.3. Design of IBES Optimization VMD Method
2.3.1. VMD Process
Carbon futures volatility data exhibits nonlinear, 
non-stationary characteristics and is subject to 
noise interference. As a signal decomposition meth-
od, VMD's decomposition effect highly depends on 
two key hyperparameters: The total number of de-
composition modes K and the penalty factor α. The 
core idea of VMD is to decompose the signal into sev-
eral IMF with sparse characteristics, each IMF ex-
hibiting a narrowband distribution around its center 
frequency. The calculation formula for the  k-th IMF 
qk(l) at time l is displayed in Equation (2) [17].( )
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In Equation (2), k stands for the modal number.  Ak (l) 
and Pk (l) represent the time-varying amplitude and 
phase of the k-th intrinsic mode. VMD solves all 
modes simultaneously through non recursive varia-
tional optimization, avoiding the error accumulation 
that may occur in recursive methods in carbon vola-
tility decomposition. To minimize the bandwidth of 
each modality while constraining the superposition 
of all modalities to be equal to the original signal, the 
expression of the variant constraint is constructed 
as detailed in Equation (3).
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In Equation (3), {qk} is the set of all mode functions 
to be optimized, and k =1,2,...,K. K stands for the to-
tal number of VMD modes. ω̅k stands for the set of 
center frequencies for all modes to be optimized. ∂l 
stands for the partial derivative of time. δ(l) is the 
Dirac function. d is the imaginary unit, d 2 = –1. e–dω̅kl 
stands for the complex exponential modulation 
term. The original input signal is the volatility series 
of carbon futures to be decomposed. ǁǁ22 is the square 

of the L2 norm. The bandwidth constraint in Equa-
tion (3) forces each mode to be compactly distrib-
uted around its center frequency, thereby achieving 
a clear separation between long-term trends and 
short-term noise. By using Lagrange multiplier λ 
and penalty factor α, the constrained variational 
problem is transformed into an iteratively solvable 
unconstrained minimization problem. The specific 
expression of the augmented Lagrangian function 
L(·) is displayed in Equation (4).
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In Equation (4),  is the sign of the inner product 
operation, corresponding to the product of the La-
grange multiplier and the constraint residual. VMD 
uses variational constraints to iteratively solve for 
the center frequencies of each narrowband mode 
and separates high- and low-frequency components 
with the goal of minimizing bandwidth, thereby 
mathematically suppressing modal aliasing in car-
bon price volatility. The modes obtained through 
this decomposition correspond to the long-term 
trend, medium-term cycle, and short-term noise in 
the carbon market, respectively, enabling the hierar-
chical separation of multiscale volatility signals.

2.3.2. IBES Algorithm Design
The volatility sequence of carbon futures has three 
characteristics: the coupling superposition of high 
and low frequencies makes K and α in VMD highly 
sensitive to parameter deviations; There are nu-
merous local optima in the envelope entropy ob-
jective function under extreme market conditions; 
Temporal continuity can easily lead to premature 
convergence of traditional algorithms. The inher-
ent defects of algorithms such as BES, PSO, GA, 
etc., such as the tendency of randomly initialized 
populations to aggregate in multimodal spaces, the 
weakening of fine tuning ability in the later stages 
of iteration due to fixed inertia weights, and the lack 
of disturbance mechanisms that make it difficult 
to escape from local optima, further exacerbate the 
above problems. To address this, the study adopts 
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IBES intelligent search for the optimal parameter 
combination [K,α]. IBES uses chaotic mapping ini-
tialization strategy, dynamic inertia weight adjust-
ment strategy, and Gaussian mutation mechanism 
to jointly advance global search ability, convergence 
accuracy, and the ability to escape local optima. Be-
low are specific introductions to these designs. The 
fitness function for carbon fluctuation time series 
is distributed extremely unevenly in the parame-
ter space. This study employs chaotic sequences 
that uniformly cover the two-dimensional solution 
space defined by K and α, thereby preventing the 
initial population from clustering in local minimum 
regions and avoiding, at the source, the problem 
of decomposition failure caused by the aliasing of 
high- and low-frequency components in the carbon 
market., this method has stronger chaotic stability 
and a more uniform sequence distribution, making 
it better suited for the application scenario of multi-
peak optimization in carbon finance time series [1]. 
The calculation process of the chaotic variable val-
ues for the u+1 th iteration of the mapping is dis-
played in Equation (5).+
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In Equation (5), p1 stands for the control parame-
ter of the piecewise linear chaotic mapping. Among 
them, p1∈(0,2) is set as p1= 0.5. The initial chaos val-
ue x(1) is generated by a random function to obtain 
x(1) = rand. During the VMD parameter optimization 
process, a broad global search is required in the early 
stages to traverse the range of modal numbers, fol-
lowed by a refined local search in the later stages to 
fine-tune the penalty factors [16]. Dynamic weights 
decay linearly with the number of iterations, effec-
tively balancing the need for early-stage global explo-
ration with the need for late-stage local fine-tuning, 
precisely aligning with the parameter optimization 
logic of “broad-range preliminary selection of K and 
narrow-range fine-tuning of α” in carbon volatility 
decomposition. Therefore, IBES adopts a dynam-
ic inertia weight adjustment strategy that balances 
global exploration and local development, and its 
calculation formula is displayed in Equation (6).
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In Equation (6), wmax and wmax are the max and min 
values of the inertia weight, respectively. wmax=0.95 
and wmin=0.1 are set as the current iteration count.   
Imax stands for the max number of iterations. After 
introducing the inertia weight w, the formula for 
updating the position of the j-th bald eagle during 
the prey positioning phase in wmin

 =  0.1 space is dis-
played in Equation (7).
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In Equation (7), Pj,new is the updated new position. 
Pmean is the average position of all individuals in the 
current population. Pj+1 is the current position of the  
j+1 th bald eagle. x(j) and y(j) represent a random co-
efficient, usually a random number in the range of 
[0,1], utilized to increase search randomness. Due 
to factors such as policy adjustments and energy 
price shocks, the carbon market is subject to sudden 
changes in volatility, resulting in a large number of 
local optima distributed within the corresponding 
envelope entropy function [21]. Applying Gaussian 
variation to the globally optimal individuals can con-
tinuously perturb the position of the optimal solu-
tion, thereby helping the algorithm escape the local 
optima traps caused by extreme market samples and 
ensuring that VMD decomposition effectively sep-
arates the three components of the carbon market: 
long-term trend fluctuations, medium-term cycli-
cal fluctuations, and short-term noise. The global 
optimal value obtained during the search phase is 
updated through mutation operation, as detailed in 
Equation (8).
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In Equation (8), PG,new,best stands for the updated po-
sition after Gaussian mutation. Pbest is the original 
iteration position. G(σ) stands for a random vector 
that follows a Gaussian distribution, and σ stands for 
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the standard deviation (SD) of the Gaussian distri-
bution. The mean of G(σ) is μ and the variance is  σ2. 
The mathematical expression of the Gaussian distri-
bution that G(σ) follows is displayed in Equation (9).
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In Equation (9), f (x) stands for the probability densi-
ty function of Gaussian distribution, describing the 
probability distribution of the value of the random 
variable x. exp(·) stands for the natural exponential 
function.

2.3.3. IBES Optimization of VMD Parameter Process
According to the designed IBES, the IBES-VMD 
workfl ow is displayed in Figure 2. In Figure 2, for the 
VMD stage, fi rst the parameters of IBES are initial-
ized, it set α∈ [500,2000], K∈ [1,10], Dim=2,  Imax =30, 
and the population size is set to 50.
After initializing the parameters, the study selects 
envelope entropy as the fi tness function. Envelope 
entropy is often utilized as a fi tness function within 
the realm of signal processing to evaluate the quality 
of signal decomposition. The smaller the envelope 
entropy, the purer the modal components obtained 
through VMD, the less noise interference it receives, 
and the better the decomposition eff ect [8]. The 
steps of calculating envelope entropy fi rst use Hil-
bert transform to extract the signal envelope, then 
standardize the envelope curve and calculate the en-
tropy value Vent of the envelope curve, which is calcu-
lated by Equation (10).

( )=

[ ]

[ ]

+

<

. (10)

In Equation (10), n stands for the index of the enve-
lope curve sample points, traversing all normalized 
envelope values. vn denotes the Nth normalized en-
velope value, i.e., the envelope amplitude after stan-
dardization, with a value range of [0,1]. The goal is 
to minimize the sum of envelope entropies for each 
IMF component obtained through VMD, serving as 
the criterion for evaluating decomposition quality. 
IBES updates the eagle's position based on a non-
linear dynamic inertia weight strategy, combining a 

Gaussian mutation mechanism to perturb the glob-
al optimal solution, preventing the algorithm from 
falling into local optima. Using the current candi-
date parameter [K,α], the signal is decomposed via 
VMD. Subsequently, the envelope entropy of each 
IMF component is calculated individually, and the 
sum of all entropy values is taken as the fi tness of 
the current parameter combination. Based on this 
fi tness, the eagle's position (i.e., the parameter com-
bination) in the algorithm is updated while retaining 
the global optimal solution. The above steps are re-
peated until the iteration stopping condition is met, 
ultimately outputting the optimal parameter combi-
nation [K,α]. Envelope entropy quantifi es the purity 
of a modal signal: when modal aliasing is severe, the 
entropy value is high; when the frequency compo-
nents are relatively simple, the entropy value is low. 
Minimizing envelope entropy means maximizing 
the proportion of useful information, thereby sup-
pressing cross-frequency noise interference at its 
source. Compared to sample entropy, which focuses 
on sequence complexity, and permutation entropy, 
which relies on amplitude ordering, envelope entro-
py is constructed based on time-domain envelopes 
and is more sensitive to local aliasing caused by car-
bon market policy shocks.

( )=

[ ]

[ ]

+

<

Figure 2
IBES-VMD workflow diagram.
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2.4. VMD data Decomposition
The VMD model with optimal parameters are uti-
lized, the nonlinear and non-stationary volatility se-
ries Vi is decomposed and I diff erent frequency IMF is 
outputted, each corresponding to a specifi c frequency 
or period of volatility characteristics. To make sure 
the clarity of IMF frequency separation and further 
obtain the spectrograms of each IMF, VMD decom-
poses nonlinear and non-stationary original volatil-
ity series into several IMFs with diff erent frequen-
cy characteristics. It eff ectively reducing sequence 
complexity. It standardizes and normalizes all IMF 
components and raw data to eliminate dimensional 
diff erences [8]. The sample partitioning in this study 
adopts a global static approach, dividing all origi-
nal samples into two parts in order: the training set 
and the reserved external samples. The fi rst 80% of 
the samples are used as the training set, and the last 
20% of the samples are reserved as external samples. 
All subsequent rolling evaluation experiments were 
conducted within the scope of this basic dataset.

2.5. Construction of Hybrid DL Models
A model is designed to extract temporal traits and 
perform predictive analysis. The three-level hybrid 
architecture of CNN, BiLSTM, and Attention is dis-

played in Figure 3. In Figure 3, each IMF component 
is input into a CNN layer, which extracts local spa-
tial traits and then mines temporal dependencies 
through a BiLSTM layer. The Attention layer is re-
sponsible for adaptively weighting key traits, and ul-
timately FC outputs the predicted results.
The CNN layer slides along the time axis through a 
one-dimensional convolution kernel and extracts 
local waveform features (spikes, abrupt changes, in-
fl ection points) of the volatility sequence in parallel. 
ReLU introduces nonlinearity while maintaining 
sparsity. The core size is 2, used to capture short-
term volatility patterns within one to two trading 
days. The BiLSTM layer received traits extracted by 
CNN and captured both forward and backward tem-
poral dependencies, comprehensively understand-
ing the long-term dynamic patterns of the sequence. 
The forward LSTM processing sequence outputted 
the hidden states y1,y2,y3,...,yn from the forward tim-
ing of x1→ xn. The backward LSTM processing se-
quence outputted the hidden state y1,y2,y3,...,yn from 
the reverse timing of xn→ x1. The BiLSTM layer se-
lectively preserves historical information through 
forget gates, input gates, and output gates to capture 
the long-term dependence of the carbon market on 
policy event responses (tens of trading days). Bidi-
rectional design can respectively depict the atten-
uation of historical shocks and the reverse shaping 
of future expectations, adapting to asymmetric in-
formation transmission under leverage eff ects. The 
Attention layer assigned higher weights to import-
ant information, allowing the model to focus on key 
details and further advance prediction accuracy and 
reliability. The global average pooling (GAP) of this 
layer fi rst performed GAP on the temporal traits 
outputted by BiLSTM, aggregated the overall trait 
information of the sequence, and simplifi ed the trait 
dimension. The fi rst FC performed a linear transfor-
mation on the pooled traits and mapped them to the 
attention weight dimension. Afterwards, under the 
action of Relu and Sigmoid activation functions, the 
generated attention weight coeffi  cients were multi-
plied bit by bit with the original output traits of BiL-
STM, and fi nally the attention enhanced trait vector 
was output. It utilized the sliding window prediction 
method to output a volatility prediction sequence, 
analyzes the overall prediction performance of the 
model by comparing the predicted values with the 
true values.

3. Results and Analysis

Figure 3
CNN-BiLSTM-Attention hybrid architecture.
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3. Results and Analysis
3.1. Experimental Setup
The experiment utilized Intel i7-12700 processor, 
16GB of RAM, Windows 10 operating system, and 
Python algorithm running environment. The model 
parameters set for the study are displayed in Table 2.
To evaluate the model’s robustness across different 
time intervals, this study employed an 80%/20% 
time-series partitioning approach combined with 
a sliding-window cross-validation scheme: On top 
of the basic dataset divided in Section 2.4, 5 sets of 
sliding window subsets were further constructed for 
rolling prediction evaluation, with a fixed training 
window of 600 days and a sliding step size set at 20 
days. Thus, five independent training-test subsets 
covering the period from 2020 to 2024. The training 
and test samples within each window were strictly 
partitioned in chronological order to prevent future 
information leakage. Across all windows, the SD of 
mean absolute error (MAE), root mean square er-

Model Parameter Set value

CNN

Number of filters (conv1) 64

Number of filters (conv2) 128

Convolution kernel size 2

BiLSTM

Time window size 14

Hidden units (layer 1) 32

Hidden units (layer 2) 64

Dropout rate 0.2

Attention Attention mechanism Softmax

CNN- 
BiLSTM- 
Attention

Optimization algorithm Adam

Batch size 32

Initial learning rate 0.0005

Number of training epochs 100

Objective function MAE

IBES-VMD Population size of IBES  
algorithm 50

Table 2 
Parameter settings of the model.

ror (RMSE), and mean absolute percentage error 
(MAPE) were all below 8% of the corresponding 
metric means. This not only indicated that the mod-
el’s predictive performance remained stable across 
different volatility cycles but also validated the ro-
bustness of the fixed deep learning hyperparameters 
in Table 2 across different time intervals. Regarding 
the cross-market generalizability of hyperparame-
ters, the K and α parameters in the VMD decompo-
sition were not arbitrarily fixed but were adaptive-
ly optimized by the IBES algorithm for each of the 
three carbon markets. The fixed hyperparameters 
for the neural network were derived from estab-
lished literature, and preliminary experiments have 
already confirmed their robustness across various 
carbon market scenarios.

3.2. Analysis of IBES-VMD Results
3.2.1. Performance Analysis of IBES
To make sure the effectiveness of the IBES al-
gorithm, the fitness convergence curves of IBES 
and whale optimization algorithm (WOA), BES, 
GA, PSO intelligent optimization algorithms were 
compared under the same iteration times, popu-
lation size, and parameter search range. The test 
functions were Sphere, Ackley, and Branin Func-
tion, and the convergence curves obtained are 
displayed in Figure 4. In Figure 4(a), IBES had 
the fastest convergence speed on the Sphere uni-
modal function, with a final fitness close to 10-140, 
and its optimization effect was better than other 
algorithms. The fitness convergence curve of BES 
decreased slightly slower than IBES, but its con-
vergence performance was better than WOA, GA, 
and PSO. In Figure 4(b), IBES converged to 10-15 
on the Ackley multimodal function. The conver-
gence speed of WOA increased in the later stag-
es of iteration, but the accuracy was only 10-10.  
In Figure 4(c), the final convergence fitness val-
ue of IBES algorithm was about 0.398, which al-
most completely coincided with the theoretical 
min value of Branin function, and was the closest 
to the global optimal solution among all compared 
algorithms. Therefore, IBES had strong advantages 
in convergence speed, convergence accuracy, and 
global optimization ability.
To further make sure the statistical significance 
of the performance differences between IBES and 
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the significance of the differences. The statistical 
results of different algorithms on three test func-
tions are displayed in Table 3. In Table 3, IBES had 
the smallest SD for the optimal fitness of Sphere, 
Ackley, and Branin Function functions, and its op-
timization results were the most stable. The Wil-

(a) Sphere (b) Ackley (c) Branin function

Figure 4
Comparison of fitness convergence curves of test functions.

other intelligent optimization algorithms, the study 
independently ran these 5 algorithms 30 times and 
recorded the optimal envelope entropy obtained 
from each iteration. Meanwhile, the stability of the 
algorithm was described using mean and SD, and 
Wilcoxon rank sum test was utilized to make sure 

Test function Algorithm Optimal fitness mean Optimal fitness SD p value

Sphere

IBES 2.47×10-140 1.23×10-139 /

BES 3.51×10-128 2.87×10-97 < 0.01

WOA 7.82×10-82 4.56×10-81 < 0.01

PSO 5.33×10-46 3.21×10-45 < 0.01

GA 2.15×10-32 1.84×10-31 < 0.01

Ackley

IBES 8.93×10-16 3.27×10-15 /

BES 4.21×10-12 1.56×10-11 < 0.01

WOA 7.65×10-11 2.98×10-10 < 0.01

PSO 3.44×10-9 1.23×10-8 < 0.01

GA 2.18×10-7 8.95×10-7 < 0.01

Branin function

IBES 3.98×10-1 2.34×10-3 /

BES 4.23×10-1 5.67×10-3 4.68×10-7

WOA 5.17×10-1 8.92×10-3 < 0.01

PSO 5.89×10-1 7.34×10-2 1.05×10-8

GA 6.23×10-1 1.04×10-2 2.31×10-9

Table 3 
Statistical results of different algorithms on three test functions.
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coxon rank sum test p values for IBES and the other 
four algorithms on Sphere and Ackley functions all 
less than 0.01.. On the Branin Function, the p values 
of IBES and various algorithms ranged from 1.05 × 

10-8 to 4.68 × 10-7. All p<0.05 indicate statistically 
significant differences.

3.2.2. VMD Effect
The IBES experiment to optimize VMD hyperpa-
rameters was repeated independently 30 times. 
Figure 5 shows the envelope entropy curve and the 
optimization processes for K and α. The shaded area 
in Figure 5 represents the interquartile range (IQR) 
(25th–75th percentiles). In Figure 5(a), the envelope 
entropy of IBES rapidly decreased in the first four 
iterations and reaches the global min of 7.9210 at the 
ninth iteration. Subsequent iterations stabilized the 
curve, indicating convergence to the global optimal 
solution, where VMD achieved the best noise sup-
pression effect and the highest feature extraction 
efficiency. In Figure 5(b), the K parameter quickly 
converged in the initial iterations and stabilized at 
the optimal value of 4, making the optimal decom-
position mode number 4, which was reasonable for 
decomposing the original volatility series into four 
IMF components. In Figure 5(c), the optimization 
curve of α oscillated rapidly and stabilized, ulti-
mately converging to the optimal value of 942. This 
optimal value effectively balanced the precision 
and smoothness of signal decomposition. Overall, 
the IBES-optimized VMD optimal parameters were  
K = 4 and α = 942, achieving the min envelope entro-
py (7.9210). 

(a) Envelope entropy curve (b) K optimization process (c) α optimization process

Figure 5
The results of optimizing VMD hyperparameters using IBES.

Parameter 
combi-
nation 

number

K α
Average 

envelope 
entropy

Validation 
Set MAE

1 6 1500 8.9102 15.2345

2 6 2000 8.8234 14.5678

3 7 1000 8.7456 13.9876

4 3 300 8.6678 13.4567

5 7 1500 8.5901 12.8765

6 3 2000 8.5123 12.3456

7 6 500 8.4345 11.7654

8 7 500 8.3567 11.2345

9 3 800 8.2789 10.6543

10 4 300 8.2012 10.1234

11 5 1500 8.1567 9.6543

12 5 500 8.1123 9.2345

13 4 2000 8.0678 8.7654

14 5 2000 8.0234 8.3456

15 5 800 7.9789 7.8765

16 6 800 7.9567 7.6543

17 4 1500 7.9345 7.4321

18 4 800 7.9234 7.1234

19 4 942 7.921 6.8512

20 3 1500 7.9567 7.5432

Table 4 
Average envelope entropy and its corresponding validation 
set Mae under different parameter combinations.
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To further validate the theoretical logic of envelope 
entropy, this study recorded the average envelope 
entropy values and their corresponding validation 
set MAE for 20 sets of different parameter combi-
nations during the IBES-VMD optimization pro-
cess; the calculation results are presented in Table 
4. Furthermore, the calculated Pearson correlation 
coefficient between the two was r = 0.87 (p < 0.01), 
confirming a significant and strong positive correla-
tion between envelope entropy and prediction error 
– that is, the lower the envelope entropy value, the 
smaller the model’s prediction error. This empir-
ical result quantitatively validated the theoretical 
soundness and practical effectiveness of envelope 
entropy as a fitness function.
To make sure the signal separation capability and 
noise reduction effect of the optimized VMD, the 
time-domain and spectral characteristics of the IMF 
components were analyzed. The results of these two 
types of diagrams are displayed in Figure 6. Figure 
6(a) presents the time-domain plots of the carbon fu-
tures volatility series and the four IMF components. 
The original series exhibited pronounced nonlinear 
and non-stationary fluctuation characteristics, con-

taining significant noise and multi-scale fluctuation 
components. Among them, the four IMF components 
obtained through VMD implied that IMF1 had the 
lowest frequency and the largest amplitude. IMF1 
reflects the long-term trend component of carbon 
market volatility. The IMF2 and IMF3 components 
fell within the low-to-medium frequency range and 
correspond to medium-term cyclical fluctuations 
in supply and demand. The IMF4 component had 
a higher frequency and smaller amplitude, and pri-
marily corresponds to short-term market noise and 
policy shocks. Figures 6(b)-6(e) display the spectral 
plots of IMF1-IMF4, respectively. The total spectral 
energy was calculated separately for each of the four 
IMF components obtained from the decomposition. 
The proportions of the total energy of the original 
carbon volatility series accounted for by each com-
ponent were as follows: IMF1 accounted for 62.7%, 
IMF2 for 21.3%, IMF3 for 11.5%, and IMF4 for 4.5%. 
The spectra of these four IMF components were 
independent and did not overlap. Therefore, the 
IBES-optimized VMD could avoid trait confusion 
across different time scales and ensure precise fre-
quency separation.

(a) Comparison of IMF components

(d) IMF3 (e) IMF4

(b) IMF1 (c) IMF2

Figure 6
Time domain and frequency spectrum of IMF components.
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Code name Model MAE RMSE MAPE/% R2/%

CM1 CNN-BiLSTM 38.08 ± 2.14 51.05 ± 2.87 17.44 ± 0.98 76.21 ± 1.24

CM2 CNN-BiLSTM-Attention 28.70 ± 1.56 37.81 ± 2.01 10.82 ± 0.76 86.01 ± 1.12

CM3 VMD-CNN-BiLSTM-Attention 13.66 ± 0.87 18.10 ± 1.23 5.58 ± 0.45 96.83 ± 0.67

CM4 IBES-VMD-CNN-BiLSTM 13.76 ± 0.92 18.98 ± 1.31 8.80 ± 0.62 93.97 ± 0.78

CM5 BES-VMD-CNN-BiLSTM-Attention 11.28 ± 0.71 15.34 ± 1.06 4.62 ± 0.38 97.54 ± 0.52

Suggested 
model IBES-VMD-CNN-BiLSTM-Attention 6.85 ± 0.54 10.50 ± 0.78 3.56 ± 0.31 98.79 ± 0.35

Table 5
Comparison of prediction results of different models.

(a) Changes in volatility of different models (b) Changes in volatility of proposed model

Figure 7
Changes in volatility of different models.

3.3. Ablation Experimental Results of the 
Model Frequency Separation

To make sure the effectiveness of the suggested mod-
el (IBES-VMD-CNN-BiLSTM-Attention), ablation 
experiments were conducted, and the parameter 
settings and experimental conditions of all models 
were kept consistent. The prediction results of Com-
parison Model 1-5 (CM1-5) and the suggested model 
are shown in Table 5. Each model was trained inde-
pendently for 30 times, using different random seeds 
to initialize the network parameters, and reporting 
the mean and SD of each performance index. In Ta-
ble 5, comparing the results of CM5 and the suggest-
ed model, it can be seen that the triple improvement 
of IBES, including chaos initialization, dynamic in-
ertia weight, and Gaussian mutation, reduced MAE 
by 4.43% and increased R² by 1.25%. Compared with 

CM2, the MAE of CM3 decreased by 15.04%. This 
verified that the multi-scale decomposition of VMD 
could effectively eliminate the mixed noise embed-
ded in the carbon volatilization sequence. CM4 re-
moved the attention module while retaining the 
IBES-VMD backbone network. Its MAPE (4.62%) 
was significantly higher than the suggested mod-
el (3.56%). This indicated that the attention layer 
could adaptively enhance key volatile time steps and 
bring independent prediction gains.
The prediction curves of CM1-4 trained were com-
pared, and the results are displayed in Figure 7. In 
Figure 7(a), the predicted volatility curves of CM1 
and CM2 differed significantly from the actual value 
curves. And the performance of CM3 and CM4 was 
better than the first two. This was because VMD en-
sured minimal noise interference, thereby improv-
ing prediction accuracy. However, there was still a 
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certain deviation between the curves of CM3 and 
CM4 and the true values in some intervals, which 
might be due to the impact of extreme volatility 
events like sudden market shocks and policy chang-
es. Figure 7(b) implies the volatility variation of the 
suggested model. In contrast, the suggested model 
had higher prediction accuracy. This was because 
the synergistic effect of optimizing VMD and atten-
tion mechanism through IBES had greatly contrib-
uted to the performance of the model.
To analyze the linear correlation and fitting degree 
between the predicted and actual volatility values of 
different models, a study was conducted to compare 
the predictive performance of five models on carbon 
futures volatility. The scatter plot of the correlation 
between different models is displayed in Figure 8. 
In Figure 8(a), the scatter distribution of CM1 was 
relatively scattered, significantly deviating from the 
diagonal and with many outliers (R2=76.21%). This 
indicated that the correlation between the predicted 
and actual values of volatility was weak, and the fit-
ting effect was poor. In Figure 8(b), the fitting effect 
of CM2 was poor (R2=86.01%), and there was still a 

significant error. In Figure 8(c), the coefficient of de-
termination for CM3 was 0.9683, and its scatter dis-
tribution values ranged below 3. The overall sample 
coverage was insufficient, and its ability to capture 
some extreme values was weak. In Figure 8(d), the 
fitting effect of CM4 was good (R2=93.97%), and the 
scatter distribution was relatively concentrated. In 
Figure 8(e), the linear correlation between the pre-
dicted and actual values of the suggested model was 
the strongest (R2=98.79%), and the scatter height 
was concentrated on the diagonal with no extreme 
outliers. Therefore, this model performed the best.
To further explore the source of prediction error, 
this study conducted a driving analysis around the 
three major events during the sample period. The 
experiment centered on each event date (± 15 days), 
set a 30 day observation window, and calculated the 
MAE of suggested model and CM1. See table 4 for 
comparison results. The results in Table 6 showed 
that within the three major event windows, the MAE 
increase of the suggested model (8.3% -12.5%) was 
significantly lower than that of CM1 (29.1% -42.3%). 
The suggested model isolated policy shocks in the 
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Scatter plot of correlation between different models.
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high-frequency channel of IMF4 through VMD, 
avoiding their contamination of long-term trends 
and medium-term cycle components, and verified 
the source of its predictive stability under extreme 
events, that is, achieving effective separation of 
short-term noise and persistent components in the 
decomposition stage. 
To improve the transparency of the model, this study 
analyzed the attention weight distribution of the 
suggested model on different IMF components. The 
attention heatmap is shown in Figure 9. According 
to Figure 9, the average attention weights assigned 
to IMF1, IMF2-IMF3, and IMF4 were 0.42, 0.38, 
and 0.20, respectively. This indicated that the model 
gave the highest attention weight to the low-frequen-
cy trend component, followed by the mid frequency 
periodic component, while giving the lowest weight 
to the high-frequency noise component. In addition, 
within 7 to 10 trading days before the prediction 

Events Event 
date

Suggested model / CM1 
baseline MAE (mean 30 

days before the event)

Suggested model / 
CM1 event window 

MAE (± 15 days)

Suggested model 
/ CM1 MAE in-

crease/%

EU-ETS Phase 4 reform announcement Feb-21 6.52 / 37.21 7.34 / 52.98 +12.5 / +42.3

Russia-Ukraine energy crisis Mar-22 6.78 / 38.45 7.51 / 53.34 +10.8 / +38.7

EU Parliament's ratification of the Carbon 
Border Adjustment Mechanism Apr-23 6.61 / 37.89 7.16 / 48.92 +8.3 / +29.1

Table 6
Comparison of MAE between the suggested model and CM1 within the three major event windows.

Figure 9
Suggested model attention heatmap on different IMF 
components.

point, the attention weight was relatively high, which 
corresponded to the weekly auction cycle of EU-ETS, 
indicating that the model could effectively capture 
the regularity features in the market microstructure.

3.4. Evaluation and Analysis of the 
Effectiveness of the Suggested Model

To further validate the superiority of the suggested 
model, it was compared with classical financial time 
series models. The compared models were GARCH, 
EGARCH, threshold GARCH (TGARCH), and asym-
metric power GARCH (APGARCH). In addition, the 
suggested model would be compared and analyzed 
with the predictive models in references [5, 11, 13, 
14]. To ensure that the experimental results were 
not affected by randomness, each model was inde-
pendently trained for 30 times. Each time, the net-
work parameters were initialized with different ran-
dom seeds, and the mean and SD of each evaluation 
index were calculated. This study reproduced all the 
comparative models mentioned in references [5, 11, 
13, 14] and evaluated them under completely consis-
tent experimental conditions, including using the 
same dataset, the same 80%/20% time series parti-
tioning method, the same prediction window length, 
and the same evaluation index system. The predic-
tion accuracy of the suggested model and different 
types of models is displayed in Figure 10. In Figure 
10(a), APGARCH performed the best in traditional 
financial models, with an MAE of 23.78%, RMSE of 
35.16%, and MAPE of 9.84%. The suggested model 
had an MAE of 6.85%, RMSE of 10.50%, and MAPE 
of 3.56%, all of which were significantly better than 
traditional financial models. This proved that the 
strategy combining data-driven and DL had supe-
rior generalization ability and prediction accuracy 
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in processing complex nonlinear fi nancial data. In 
Figure 10(b), the suggested model outperformed the 
comparative models from references [5, 11, 13, 14] in 
terms of MAE, RMSE, and MAPE evaluation met-
rics. This result validated the superiority of IBES 
optimized VMD hyperparameters and CNN-BiL-
STM-Attention hybrid framework in predicting 
carbon futures volatility tasks. A paired t-test was 
used to compare the model in this paper with each 
of the alternative models on a pair-wise basis. The 
results showed that all p-values were less than 0.01, 
indicating that the performance improvement of the 
suggested model was statistically signifi cant.
The R2 results of different types of models were 
compared in the study, and the results are displayed 
in Table 7. In Table 7, the suggested model had an R2

of 98.79%, ranking first among all compared models. 
The R2 of traditional financial models ranged from 
83.12% to 92.68%, all lower than the suggested mod-
el. Compared with the optimal traditional econo-
metric model APGARCH (92.68%), the suggested 
model advanced by 6.11%. A paired t-test of the R2

values between the suggested model and APGARCH 
yielded a p-value of < 0.01, indicating that the sug-
gested model was significantly superior to the tra-
ditional econometric model. Overall, the IBES op-
timized VMD and CNN-BiLSTM-Attention hybrid 
framework could more fully explain the variability 
of carbon futures volatility, with stronger fitting 
ability and prediction accuracy. 

(a) Comparison with traditional 
financial models

(b) Comparison with advanced 
prediction models

Figure 10
The prediction accuracy of the suggested model and different types of models.

3.5. Application Analysis of Domestic Carbon 
Market

To make sure the adaptability and generalization 
ability of the suggested model in different carbon 
market environments, cross market validation ex-
periments were conducted. The study selected 
China carbon emission trade exchange (CCETE) 
and Beijing emission allowances (BEA) as supple-
mentary empirical objects. Among them, the com-
parison of CCETE prediction results between dif-
ferent models is displayed in Figure 11. Figure 11(a) 
implies the results of MAE and RMSE for different 
models. The suggested model had the lowest error 
(MAE=6.99%, RMSE=10.77%), and its predictive 
error control ability was significantly better than all 
compared models. The overall errors of tradition-
al financial models GARCH, EGARCH, TGARCH, 
and APGARCH were relatively high. The error 
level of CNN-BiLSTM was the highest among all 
models (MAE=39.21%, RMSE=52.35%). After add-
ing attention mechanism, the error of CNN-BiL-
STM-Attention decreased slightly (MAE=29.43%, 
RMSE=38.77%). In Figure 11(b), the traditional 
financial model had limited performance in the 
CCETE market, with an optimal APGARCH R2

of only 87.65%. The suggested model advanced by 
about 11%, verifying that the DL hybrid framework 
still had significant advantages in the less mature 
carbon market. The suggested model optimized 
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Model R2/% Model R2/%

GARCH 83.12 ± 1.56 Reference [11] 86.01 ± 1.12

EGARCH 86.70 ± 1.34 Reference [5] 95.72 ± 0.58

TGARCH 88.18 ± 1.21 Reference [14] 93.97 ± 0.78

APGARCH 92.68 ± 0.89 Reference [13] 88.35 ± 1.08

Suggested model 98.79 ± 0.35 / /

Table 7
R2 results of different types of models.

VMD parameters through IBES, resulting in a near-
ly 38% reduction in MAPE compared to the fixed pa-
rameter VMD model. This indicated that adaptive 
optimization of VMD parameters played a crucial 
role in improving prediction accuracy. The DL mod-
el without signal decomposition performed poorly 
in the CCETE market, with an R2 of only 75.12% for 
CNN-BiLSTM. After adding attention mechanism, 
it advanced to 85.43%, but there was still a signif-
icant gap from the suggested model's 98.65%. This 
result indicated that signal decomposition and pa-
rameter optimization were necessary steps to en-
sure prediction accuracy in the CCETE market with 
severe fluctuations and strong noise interference.

(a) Result of MAE and RMSE (b) Result of MAPE and R2

4. Discussion and Interpretation

Figure 11
Different models predict CCETE results.

The comparison of diff erent models in BEA predic-
tion results is displayed in Table 8. In Table 8, the 
suggested model performed slightly better in the BEA 
market than in the CCETE market. The BEA market 
had a longer operating time, relatively stable trading 
activity, and stronger data regularity. The CCETE 
market was in its early stages of development, with 
frequent policy changes and a more complex volatil-
ity series. All traditional models performed better in 
the BEA market than in the CCETE market, verifying 
the stronger regularity of BEA market volatility. The 
suggested model achieved R2 above 98.6% and MAPE 
below 3.7% in all three markets. BEA performed the 
best in the market (R2=98.88%, MAPE=3.49%).
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4. Discussion and Interpretation
The study first utilized IBES to optimize VMD, 
decomposing the volatility of the carbon market 
into multiple different frequency components. Af-
terwards, components were input into CNN-BiL-
STM-Attention to complete deep feature extraction 
and ultimately implemented prediction. The study 
adopted IBES to automatically find the optimal K 
and α in the parameter space through intelligent 
search, thereby improving the decomposition qual-
ity. IBES introduced chaos initialization on the basis 
of the original BES to enhance population diversity, 
dynamic inertia weight balance for global explora-
tion and local development, and Gaussian mutation 
enhancement for escaping local optima. In the stan-
dard test function, the convergence accuracy and 
speed were better than BES, WOA, PSO, and GA. To 
evaluate the adaptability of the model in different 
market states, this study divided the market into 
three categories for analysis: during the stationary 
period, GARCH models performed stably, but the 
deviation gradually widened under small sustained 
fluctuations; During the policy shock period, the 
GARCH model struggled to capture asymmetric 
pulse shocks, resulting in a sharp increase in error; 
The IBES-VMD framework in this study significant-
ly outperformed prediction stability by removing 
high-frequency noise and bidirectional conduction 
recognition. During the high volatility period at 

Model MAE RMSE MAPE/% R2/%

GARCH 29.88 ± 2.45 44.54 ± 3.56 14.32 ± 1.23 79.43 ± 1.56

EGARCH 26.75 ± 2.12 40.43 ± 3.21 10.65 ± 0.98 82.77 ± 1.34

TGARCH 26.23 ± 1.98 38.77 ± 2.98 10.54 ± 0.87 84.12 ± 1.21

APGARCH 22.12 ± 1.67 32.88 ± 2.56 9.23 ± 0.76 88.54 ± 0.89

CNN-BiLSTM 37.54 ± 2.89 50.43 ± 3.45 17.12 ± 1.23 76.43 ± 1.56

CNN-BiLSTM-Attention 28.12 ± 1.78 37.12 ± 2.34 10.77 ± 0.89 86.32 ± 1.12

VMD-CNN-BiLSTM-Attention 13.32 ± 0.92 17.99 ± 1.28 5.43 ± 0.48 96.77 ± 0.67

suggested model 6.72 ± 0.56 10.32 ± 0.82 3.49 ± 0.34 98.88 ± 0.38

Table 8
Different models predict BEA results.

the end of the performance period, the multifractal 
characteristics of carbon prices became more prom-
inent. IBES adaptive optimization could effectively 
split long and short-term fluctuations, which was 
superior to ordinary deep learning methods with-
out optimized VMD. Compared with existing ad-
vanced prediction models, the suggested model had 
better performance. Reference [13] adopts a rolling 
decomposition prediction framework combining 
CEEMDAN decomposition and multi-scale entro-
py reconstruction. Although this method can effec-
tively address the non-stationary characteristics 
of carbon price sequences, it does not adaptively 
optimize the decomposition parameters. Although 
its RF-LSTM architecture can capture high-fre-
quency and low-frequency components, it relies on 
a fixed decomposition setting, which may not be ap-
plicable to all market conditions. Compared with it, 
the IBES-VMD framework proposed in this paper 
adaptively determines the optimal decomposition 
parameters (i.e. K and α) through intelligent search, 
thereby achieving better performance in decompo-
sition quality and prediction accuracy. The R2 val-
ues of the models in references [11] and [13] were 
both below 90%, indicating that DL models without 
optimization mechanisms or models with poor de-
composition quality had limited explanatory power. 
The model in reference [5] adopted CEEMDAN and 
VMD quadratic decomposition, but the VMD pa-
rameters had not been optimized. The model in ref-
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erence [14] adopted adaptive symmetric geometric 
mode decomposition, and the decomposition quality 
was greatly affected by the signal morphology. The 
model in reference [19] utilized POA to optimize 
VMD, but POA's global search capability was weaker 
than IBES. The introduction of IBES algorithm for 
optimizing VMD hyperparameters mainly solved 
the problems of difficult parameter selection, unsta-
ble decomposition quality, and susceptibility to local 
optima in the VMD process. Thereby, it advanced 
the data preprocessing quality, prediction accuracy, 
and model robustness of the carbon futures volatili-
ty prediction model.
In summary, this study provides fluctuation moni-
toring technology reference for the construction of 
domestic carbon markets, and provides quantitative 
basis for risk management in the transition from pi-
lot markets in different regions to national markets.

5. Summary and Future Work
To enhance the adaptability and robustness of 
carbon market prediction methods, a CNN-BiL-
STM-Attention framework was developed for pre-
dicting carbon futures volatility. This study solves 
the accuracy bottleneck of traditional econometric 
models and single DL models in volatility prediction, 

and provides a reliable technical path for volatility 
monitoring and risk management in the domestic 
carbon market. There are three main limitations to 
this study. At the input level, the current model only 
relies on historical volatility data and has not yet 
incorporated external information such as policy 
sentiment and energy prices. In the future, the study 
plans to integrate multimodal data and expects to re-
duce the prediction error during the policy window 
period by 10%-15%. In terms of model efficiency, the 
IBES-VMD optimization process took about 12 min-
utes. In the future, it is planned to introduce an early 
stop mechanism (expected to reduce the number of 
iterations by 30%-40%) and knowledge distillation 
techniques (expected to reduce inference time by 
50%). At the interpretability level, the current atten-
tion mechanism can only provide explanations at the 
time step level. In the future, we plan to introduce 
SHAP values to quantify the contributions of each 
feature and enhance the transparency of the model.
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