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Abstract

Accurate exchange rate forecasting is crucial for investment decisions, multinational corpo-
rations, and national policies. The nonlinear nature and volatility of the foreign exchange
market hinder traditional forecasting methods in capturing exchange rate fluctuations.
Despite advancements in machine learning and signal decomposition, challenges remain
in high-dimensional data handling and parameter optimization. This study mitigates
these constraints by introducing an innovative enhanced prediction framework that inte-
grates the optimal complete ensemble empirical mode decomposition with adaptive noise
(OCEEMDAN) method and a strategically optimized combination weight prediction model.
The grey wolf optimizer (GWO) is employed to autonomously modify the noise parameters
of OCEEMDAN, while the zebra optimization algorithm (ZOA) dynamically fine-tunes
the weights of predictive models—Bi-LSTM, GRU, and FNN. The proposed methodology
exhibits enhanced prediction accuracy and robustness through simulation experiments
on exchange rate data (EUR/USD, GBP/USD, and USD/JPY). This research improves the
precision of exchange rate forecasts and introduces an innovative approach to enhancing
model efficacy in volatile financial markets.

Keywords: exchange rate forecasting; deep learning; optimal signal decomposition; zebra
optimization algorithm

1. Introduction

In recent years, the rise of global tariff barriers and frequent adjustments to trade
policies have had a noticeable impact on exchange rate markets. The United States, the
European Union, and several East Asian economies have increased import tariffs in key
industries, raising concerns about the outlook for international trade. This has caused
noticeable fluctuations in some currencies, especially in emerging Asian markets, reflecting
the sensitivity of exchange rates to trade costs. Increased volatility has added uncertainty
to foreign exchange markets and raised the risks of cross-border trade and investment.
As globalization continues, exchange rates remain a key link between national economies
(S. Liu et al., 2024). They reflect macroeconomic fundamentals and influence the stability of
capital flows and international transactions. Therefore, analyzing exchange rate dynamics
and forecasting trends is essential for investors and multinational firms to make informed
decisions and manage risks effectively (Alexandridis et al., 2024).

However, due to the complexity and dynamic nature of the foreign exchange market,
exchange rate data exhibit distinct characteristics, such as nonlinearity, nonstationarity,
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and high volatility, making accurate prediction of exchange rate fluctuations extremely
challenging (Semenov, 2024). Exchange rate fluctuations are influenced by domestic and
international economic conditions, global market sentiment, politics, and other external
factors. Factors such as market participants” psychological expectations, political conflicts,
and financial crises often have a significant impact on exchange rates, further complicating
the exchange rate data (P. Liu et al., 2023). Therefore, designing a forecasting method that
can effectively address the complexity of exchange rate fluctuations has become a critical
challenge in both academic research and financial practice. Exchange rates are not merely
time series data but also involve multidimensional factors such as international capital
flows and differences in monetary policies between countries. Extracting valuable signals
from these complex factors is key to improving the accuracy and stability of predictions.

To address the complexity of exchange rate fluctuations, this paper introduces an
innovative intelligent forecasting framework that combines optimal signal decomposition
with multiple deep learning models. The GWO is used to optimize noise parameters in
the decomposition process, enhancing accuracy and stability. Unlike traditional methods,
this study employs Bi-LSTM, GRU, and FNN to model the decomposed subsequences and
integrates their predictions using the ZOA. To adapt to market changes, this method dy-
namically adjusts combination weights, leveraging the complementary advantages of each
model. This adaptation to varying market conditions significantly improves forecasting
accuracy and robustness.

This study is structured as follows: Section 2 reviews key literature on exchange
rate forecasting. Section 3 outlines the methodology and core techniques of the model.
Section 4 describes the model’s structure and evaluation metrics. Section 5 conducts an
empirical analysis and compares forecasting performance. Section 6 concludes with the
main findings.

2. Literature Review

Forecasting exchange rates poses significant challenges due to their inherent nonlin-
earity and the impact of multiple external influences. The intricate behavior of currency
fluctuations has led to the development of various predictive strategies, generally grouped
into three types: traditional statistical techniques, artificial intelligence-based methods,
and integrated hybrid systems. Statistical approaches typically rely on linear frameworks,
whereas Al-driven models are more adaptable to capturing complex, nonlinear patterns.
Hybrid methodologies aim to leverage the advantages of both to enhance predictive preci-
sion. This section outlines these forecasting strategies, discussing their respective benefits
and constraints.

2.1. Exchange Rate Forecasting Based on Statistical Model

Statistical models forecast exchange rates by analyzing historical time series data and
identifying statistical relationships between variables. Classical statistical methods include
vector autoregression (VAR), generalized autoregressive conditional heteroskedasticity
(GARCH), autoregressive integrated moving average (ARIMA), and cointegration models.
These models are mostly based on linear assumptions and can effectively capture dynamic
relationships among variables. They offer solid theoretical foundations and relatively
high stability in forecasting (Engle, 2000; Luo & Gong, 2023; Ren et al., 2024, 2025; F. Wu
et al., 2020). However, traditional statistical models are usually built on the assumptions
of linearity and stationarity, and they often rely heavily on data preprocessing and are
sensitive to parameter settings. In contrast, exchange rate data are typically nonlinear,
nonstationary, and noisy, which makes it difficult for these models to capture the dynamic
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patterns accurately. As a result, their forecasting performance tends to decline under
complex market conditions.

2.2. Exchange Rate Forecasting Based on an Artificial Intelligence Model

Machine learning methods, including decision trees, neural networks, support vector
machines, and random forests, effectively identify nonlinear patterns, making them well-
suited for the complex foreign exchange market (Lu et al., 2020). Trained on advanced
algorithms and large datasets, these methods improve prediction accuracy and adaptability
in the volatile, nonlinear foreign exchange market, surpassing traditional statistical models’
limitations (Pfahler, 2021).

Machine learning has demonstrated notable success in exchange rate prediction. How-
ever, in high-dimensional and noisy financial time series, it still relies on manual feature
selection, limiting its ability to uncover latent patterns and fully utilize data. In contrast,
deep learning methods such as long short-term memory networks (LSTM), generative
adversarial networks (GAN), convolutional neural networks (CNN), and gated recurrent
units (GRU) can autonomously extract critical features and model nonlinear, nonstationary
relationships, demonstrating superior robustness and accuracy in complex time series
forecasting. Empirical studies consistently highlight the advantages of deep learning in
financial forecasting. For instance, Mroua and Lamine (2023) showed that LSTM outper-
formed traditional ARIMA models in predicting the S&P GSCI commodity index during
the COVID-19 pandemic. Similarly, Lee (2022) developed a GRU model integrating at-
tention mechanisms and technical indicators for stock price prediction, achieving both
higher accuracy and improved trading strategy returns. Additionally, Nanthakumaran
and Tilakaratne (2018) combined empirical mode decomposition (EMD) with feedforward
neural networks (FNN) for exchange rate forecasting, demonstrating superior performance
against benchmark models.

Recently, significant progress has been made in deep learning architectures specifically
designed for time series prediction. Models like Informer (H. Zhou et al., 2021) utilize
the ProbSparse self-focus mechanism to effectively handle very long input sequences.
FEDformer (T. Zhou et al., 2022) integrates frequency-domain transformations into the
Transformer architecture to enhance global modeling. And N-BEATS (Oreshkin et al,,
2020), an interpretable pure deep learning model that employs iterative residual overlay
and base expansion. For instance, Gong et al. (2022), based on the Informer framework,
integrated multiple features such as historical load, temperature, and humidity to achieve
high-precision load prediction in the heating system of Tianjin, China. X. Wang et al. (2022)
utilized the N-BEATS method to predict macroeconomic trends, clearly demonstrating
economic trends, seasonal variations, and policy impacts, providing actionable decision
support for central banks. These models have demonstrated extraordinary capabilities in
capturing complex temporal dependencies.

However, these cutting-edge models show certain differences in data type adaptability.
Informer, with its ProbSparse attention mechanism, is more suitable for extremely long
historical sequences, while FEDformer is better at capturing strong periodic signals through
frequency-domain transformation. N-BEATS relies on explainable basis extensions to focus
on economic indicators with explicit separation of trend/seasonal components. When these
models are directly applied to high-noise and low signal-to-noise ratio foreign exchange
financial sequences, their advantages may translate into specific challenges, such as high
computational resource requirements, sensitivity to hyperparameter adjustments in volatile
markets, and the need for large-scale stable datasets, which fundamentally conflict with the
inherent nonstationarity, event-driven shocks, and structural breakpoint characteristics of
the foreign exchange market. Taking these factors into account, this study focuses on mature
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deep learning architectures that exhibit robust performance in the financial forecasting
environment. The hybrid method proposed below aims to leverage the advantages of
these established models while alleviating their individual limitations through intelligent
decomposition and combination.

2.3. Exchange Rate Forecasting Based on a Hybrid Model

Individual models in exchange rate forecasting encounter considerable difficulties
owing to the complexity and unpredictability of the data, hindering their ability to sustain
consistent performance in volatile markets. Recent research has increasingly adopted
decomposition-ensemble frameworks to tackle these difficulties. This approach decom-
poses nonlinear sequences into several smooth modal components using signal decomposi-
tion techniques and thereafter makes individual predictions on these components, which
are then combined to produce a final forecast. This approach efficiently captures multi-
scale information, enhancing both the precision and stability of the predictions. The IUS
framework by (Ding et al., 2024) fuses LLMs with deep learning to integrate multi-source
data, significantly enhancing exchange rate forecasting accuracy. Gui et al. (2023) utilized a
decomposition-ensemble framework, integrating VMD components and GARCH-extracted
volatility via a neural network to boost model performance. P. Wu et al. (2024) applied
CEEMDAN-VMD decomposition to the carbon price series and integrated predictions
using an optimized Bi-LSTM, confirming the framework’s effectiveness for enhancing
complex series accuracy.

Signal decomposition methods are extensively employed in exchange rate forecasting
to improve model efficacy. Common techniques include singular spectrum analysis (SSA),
wavelet transform (WT), empirical mode decomposition (EMD), ensemble empirical mode
decomposition (EEMD), complete ensemble empirical mode decomposition (CEEMD),
and complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN)
(Du et al., 2025; J]. Wang & Zhang, 2025; Y. Zhang et al., 2025). Rezaei et al. (2021) de-
composed stock price series into frequency components using CEEMD, enabling hybrid
CNN-LSTM models to better handle data nonlinearity and volatility. Ghosh and Dragan
(2023) applied EEMD to decompose financial stress indicators, thereby improving predic-
tion accuracy. Zinenko (2023) research showed that decomposing series into trend, periodic,
and noise components via SSA effectively addresses the nonstationarity and persistence of
financial data.

In recent studies, CEEMDAN has emerged as a commonly used signal decomposition
method in hybrid forecasting models, with widespread applications in modeling nonlinear
time series in areas such as finance and energy. Compared with traditional methods
like EMD, EEMD, and CEEMD, CEEMDAN introduces adaptive noise and gradually
decomposes the residuals (Yao et al., 2024). This helps address issues such as mode
mixing, boundary effects, and large reconstruction errors, significantly improving the
stability and accuracy of the decomposition. Yang and Li (2025) applied CEEMDAN to
decompose wind power time series into multiple stationary components and combined it
with a temporal convolutional network (TCN) and LightGBM for short-term wind power
forecasting. Their approach enhanced the model’s ability to capture fluctuation patterns. M.
Zhou (2024) integrated CEEMDAN with an LSTM model to forecast stock price movements,
demonstrating strong predictive performance under various market conditions. In addition,
Y. Zhou and Zhu (2025) proposed a forecasting framework based on ICEEMDAN-CNN-
LSTM for predicting the USD/RMB exchange rate. Their model effectively extracted
multi-frequency features and improved both the stability and robustness of the forecasts.
Although CEEMDAN shows strong performance in signal decomposition, its results are
sensitive to parameters like noise amplitude (Ny;) and the number of noise additions (NR).
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Manually tuning these parameters is time-consuming and inefficient, highlighting the need
for automatic optimization methods.

2.4. Research Gaps and Contributions

Although current research indicates that decomposition-integration frameworks
can significantly improve model prediction accuracy, certain limitations persist in
this methodology:

a.  Although CEEMDAN is an effective method for signal processing and analysis, its
practical application is limited by manual parameter adjustment. This manual adjust-
ment process not only increases the computational complexity but also introduces the
subjectivity of model implementation. Existing research has yet to solve the problem
of automatic optimization of CEEMDAN parameters, which leaves an important gap
in the application of financial time series prediction.

b.  Within the decomposition-integration framework, although individual prediction
models can effectively forecast exchange rate prices, the inherent nonlinearity and
complexity of exchange rates pose challenges in fully extracting the information
embedded in the original data. Therefore, it is essential to choose an appropriate
combination of prediction models that addresses the limitations of individual models.

This paper introduces an innovative prediction framework that integrates the OCEEM-
DAN algorithm and an intelligently optimized weighted prediction model to address the
shortcomings of current methodologies. This research presents the GWO to autonomously
adjust the noise parameters of OCEEMDAN, hence enhancing the accuracy and robustness
of signal decomposition by increasing the information entropy of Intrinsic Mode Functions
(IMFs). Thereafter, the ZOA is utilized to dynamically optimize the weights of three pre-
dictive models—Bi-LSTM, GRU, and FNN—thereby creating a highly adaptive ensemble
prediction model. This extensive framework enhances the precision and reliability of
predictions while offering innovative analytical tools and methodological assistance for
decision-making in intricate financial markets. The primary innovations and contributions
of this work are listed as follows:

a.  An innovative OCEEMDAN method has been introduced, applying GWO to the
automatic optimization of key parameters in CEEMDAN. Unlike previous studies
that relied on manual parameter adjustment, this method optimizes the accuracy
and elasticity of signal decomposition by optimizing the information entropy of
the intrinsic mode function (IMFs), thereby gaining a deeper understanding of the
intrinsic structure and complexity of the signal.

b. A dynamic integrated weight optimization framework based on ZOA was pro-
posed. Different from the fixed-weight integration method, this method adjusts the
weights of Bi-LSTM, GRU, and FNN according to the current market conditions.
ZOA simulates the foraging and defense behaviors of zebras, providing effective
optimization capabilities and rapid convergence, thereby enhancing the overall
prediction performance.

c. An advanced predictive model for the closing prices of the EUR/USD, GBP/USD,
and USD/JPY currency pairs is developed using enhanced signal decomposition
techniques and intelligent parameter optimization. The model exhibits substantial
prediction accuracy and robustness through simulation trials on historical data of
various currency pairs, providing great support for decision-making in the foreign
exchange market.
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3. Methodology and Proposed Model Framework

This section presents the methodology and the development process of the proposed
exchange rate forecasting model. The model adopts a multi-stage framework that encom-
passes data preprocessing, feature extraction, predictive modeling, and hyperparameter
optimization. Figure 1 illustrates the overall architecture of the forecasting model designed

in this study.
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Figure 1. The flowchart of the proposed model.
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3.1. The Proposed OCEEMDAN Method

The CEEMDAN is an advanced signal processing method that decomposes complex
signals into multiple IMFs by adding adaptive noise. Compared to the traditional CEEMD
(Yeh et al., 2010), CEEMDAN not only retains the advantage of reducing decomposition
errors through positive and negative white noise but also significantly improves com-
putational efficiency (Torres et al., 2011). This improvement makes CEEMDAN more
efficient and accurate when handling complex signals, enhancing its practical applicability
(X. Zhang, 2023).

The precise procedures of CEEMDAN are outlined as follows:

Step 1: Overlay Gaussian white noise w;(t) onto the original signal x(f) to create a
new signal x;(f), where e denotes the noise ratio. Subsequently, compute the mean of the
initial intrinsic mode function component IMFi (t) derived via EMD decomposition to
establish the first IMF component IMF () obtained from CEEMDAN decomposition.

x(t) = ew;(t) +x(t),i =1,2,...k (1)

IMF,(t) = %ZlelMP{(t) )

Step 2: Deduct the initial IMF component from the original signal to derive the first
residual component 77 (t).

ri(t) = x(t) — IMFy(t) 3)
Step 3: Superimpose Gaussian noise on the p-th residual signal and then perform
EMD decomposition.
1k
IMFy(t) = £} 1 Ea(rp-1(t) — ep1Ep-1 (3i(1))) (4)

rp(t) = rp_1(t) — IMFy(t) )

Here, IMF(t) denotes the p-th IMF component derived from CEEMDAN decomposi-
tion, E, 1 represents the p-th IMF component obtained through EMD decomposition, ¢, 1
signifies the noise ratio imposed on the (p — 1)-th residual component, and r;(t) indicates
the residual component acquired in the i-th stage of decomposition.

Step 4: Continue Steps 1 to 3 until the residual component has two or fewer extreme
points or further decomposition is not possible. This decomposition segments the origi-
nal nonstationary and nonlinear signals into components at different frequency ranges,
revealing their time—frequency properties.

OCEEMDAN employs a residual monotonicity criterion to control decomposition
termination. After extracting each IMF, the algorithm calculates the number of local ex-
trema in the residual. If fewer than two extrema are detected or the residual becomes
strictly monotonic, decomposition stops immediately. This ensures the residual lacks oscil-
latory components, satisfying the physical definition of IMFs. In practice, this mechanism
yields 7-9 stable decomposition layers for exchange rate series, optimally balancing modal
completeness and noise control.

Although CEEMDAN is an effective signal decomposition method, it still faces limi-
tations when dealing with nonstationary signals and noise interference. To address this
issue, this study introduces the optimal adaptive noise complete ensemble empirical mode
decomposition algorithm (OCEEMDAN). By incorporating adaptive decomposition and
optimization mechanisms, OCEEMDAN overcomes the shortcomings of traditional meth-
ods, ensuring more accurate signal decomposition and providing a clearer insight into the
time-frequency characteristics of the signals.
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This paper evaluates multiple meta-heuristic algorithms, including particle swarm
optimization (PSO), genetic algorithm (GA), and grid search, and ultimately selects GWO to
optimize the noise parameters of OCEEMDAN. The reason lies in that its hierarchical social
structure can effectively capture the nonlinear relationship between the standard deviation
of noise and the number of eigenfunctions. Unlike PSO, which is prone to falling into
local optima, and GA, which is highly sensitive to parameter settings, GWO significantly
reduces the complexity of parameter tuning.

OCEEMDAN integrates the GWO to optimize key parameters of CEEMDAN, in-
cluding the noise standard deviation (nstd) and the number of intrinsic functions ().
The choice of GWO is based on its efficient global search capabilities, which simulate the
hunting behavior of grey wolves. By maximizing the information entropy (H) of each
IMF, GWO effectively evaluates the quality of signal decomposition. The definition of
information entropy is as follows:

H(X) = =Y"" p(x;) log(p(x;)) (6)

where p(x;) represents the probability distribution of the signal values. Information entropy
quantifies the uncertainty and complexity of the signal, reflecting its internal structural
characteristics and validating its use as an effective evaluation criterion.

During each iteration, GWO adjusts the parameter combinations of CEEMDAN to
maximize the total information entropy:

Hiotal = Y H(IMF)) )

Here, m denotes the total number of IMFs. This iterative optimization process signifi-
cantly enhances CEEMDAN'’s adaptability to various signal characteristics, consequently
enhancing the accuracy and robustness of signal decomposition. Ultimately, by reconstruct-
ing the optimized IMFs, OCEEMDAN ensures the preservation of key signal features and
enhances adaptability across different noise environments.

3.2. Deep Learning Prediction Models
(1) Bi-LSTM

Long short-term memory (LSTM) was introduced by Hochreiter and Schmidhuber
(1997). It is a recurrent neural network variant that captures long-term dependencies.
LSTM employs gating mechanisms to regulate information flow. This approach prevents
vanishing and exploding gradients in traditional RNNs and enables efficient modeling of
time series data.

Long short-term memory (LSTM) utilizes three essential gates—input, forget, and
output—to control the information flow within its cell state and hidden state. The forget
gate manages the removal of past information from the cell state. The input gate regulates
the incorporation of new information. The output gate calculates the hidden state for the
current time step, based on the filtered, tanh-activated cell state. This mechanism enables
LSTM to effectively preserve long-term memory and model long-range dependencies in
time series. The LSTM equations are presented in Equations (8)—(13):

fi=0o(fi) = O'(foxt + Wiphi—1 + bf) (8)
i = o(it) = o (Wyixe + Wiihy_1 + b;) ©)
gt = tanh(gy) = tanh<Wxgxt + Wighi—1 + bg) (10)

Ct = Cioafr + it (11)
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0 = (T(at) = (T(onxt + Whohtfl + bo) (12)
hy = os-tan h(Ct) (13)

Output Layer

Forward
Layer

Input Layer

In these equations, x; is the input at time ¢, while #;_; and C;_; are the previous hidden
and cell states. The sigmoid gates f; (forget), i; (input), and o; (output) control information
flow, yielding values between 0 and 1. The tanh function generates the candidate vector g;
(values between —1 and 1) representing new information. These components update the
cell state to C; and compute the current hidden state /1;. All W terms are weight matrices,
and b terms are bias vectors. The LSTM structure diagram is presented in Figure 2.

I A
|
| y
| A
| ;
| ile 1
hy_4 \ ]
T R e

Xt

Figure 2. The structure of LSTM.

LSTM networks process sequence data primarily relying on past information and
the current input for predictions at each time step. This unidirectional nature prevents
LSTM from utilizing future context when making predictions, which can limit its overall
understanding of the sequence. To overcome this limitation, bidirectional LSTM (Bi-LSTM)
was introduced. Bi-LSTM employs a bidirectional architecture, allowing the network to
process the entire time series data in both the forward and backward directions. This ap-
proach enables Bi-LSTM to capture sequence dependencies more effectively by integrating
information from both past and future contexts. The basic structure of Bi-LSTM is depicted
in Figure 3.

Figure 3. The structure of Bi-LSTM.

Bi-LSTM employs two separate LSTM layers sharing the input. The forward layer
computes h{ sequentially, while the backward layer computes h! reversely. Combining
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these states yields the output /i, integrating past and future information for enhanced data
representation compared to standard LSTM. The core computations are as follows:

W = LSTM(x;, b)) (14)
W = LSTM (xt,h?,l) (15)
yr = Wohy + bo (16)

Here, x; is the input at time ¢, h{ and hi’ are the forward and backward hidden states,
[hf ; h?] denotes their concatenation, Wy and b are the output layer’s weight matrix and
bias, and y; = Wy {h{ ; hY } + by yields the final prediction.

(20 GRU

The GRU, introduced by Chung et al. (2014), is an advanced recurrent neural network
used for time series forecasting. Unlike LSTM networks, GRU simplifies the architecture
with two gating mechanisms: the update gate and the reset gate. This reduces training pa-
rameters, lowers computational complexity, and improves training efficiency. Additionally,
GRU effectively addresses the vanishing gradient problem in traditional RNNs.

In GRU, the reset gate r; and the update gate z; are computed using the following
equations:

Ty = U(Wr-[ht,l,xt]) (17)

zt = 0 (Wz-[hy—1, x4]) (18)

The candidate hidden state h~t is calculated as follows:
hy = tanh (Wi [rt * hy_1, x4]) (19)

The final hidden state /; is updated using the formula:
he = zp x4 (1 —24) %y _q (20)

Here, x; denotes the present input, and h;_; signifies the hidden state from the preced-
ing time step. Through these computations, GRU adeptly captures temporal dependencies
in sequential data, rendering it appropriate for various time series analytic jobs. The
structure of the GRU is illustrated in Figure 4.

it e S S S St Bt ' Wt Bt S R Mt S St St et St hf
N
ht_1!/ an T >

I |

| a1

| Tt Zt hi I

| |_U_| a tan h I

| A A 7y I

I |

Xt l II
N 7

Figure 4. The structure of GRU.

(3) FNN

The FNN (Fang et al., 2023) merges neural network and dynamic systems theory to
process time-series data. It uses feedback connections to feed outputs back as inputs or hid-
den states, providing memory and adaptability for sequential modeling (Nanthakumaran
& Tilakaratne, 2018).
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FNN consists of an input layer, one or more hidden layers, and an output layer.
Neurons in each layer are interconnected through weighted links. The input layer receives
raw data, the hidden layer processes it, and the output layer produces the final result.

The input to the hidden layer is expressed as:

h(t) = f(Win s x()) + Wy 5 y(t = 1) + by ) e3)
The output of the hidden layer is given by:

y(t) = §(Wio * h(t) +bo) (22)

where x(t) represents the input vector, y(t) denotes the output vector, h(t) signifies the
hidden layer output, while f and g are activation functions. W, and Wy, denote the weight
matrices for the input to the hidden layer and feedback connections, respectively, while Wy,
represents the weight matrix from the hidden layer to the output layer. b, and b, represent
the bias vectors.

4 ZOA

The zebra optimization algorithm is a new swarm intelligence optimization technique
that solves complex problems by simulating zebra social behavior and migration patterns
(Trojovska et al., 2022). Proposed in 2020, it is inspired by the cooperation and coordination
zebras exhibit when facing predators, offering valuable insights for optimization algorithm
design. The ZOA framework includes population initialization, fitness evaluation, position
updating, and iteration.

First, Step One involves initializing the population by randomly generating a set of
zebra positions represented as Z = {z1,2y, ...,z }, where n is the population size. Next,
Step Two entails evaluating the fitness of each zebra’s position through an objective function
f(z), calculating the fitness value as fitness(z;) = f(z;). Building upon this, Step Three
updates the position of each zebra based on their interactions and fitness, using the position
update formula:

new
1

old

Z =z; + ‘X'(Zbest - Zi) + ,B'(Zmndom - Zi) (23)

Here, zj,; represents the current best solution, z,4;,40, Signifies the location of a ran-
domly chosen zebra, and « and j3 are control parameters. This process iterates continuously
until a predefined termination criterion is satisfied, such as achieving the maximum itera-
tion count or when the change in fitness drops below a set threshold.

Through this methodology, ZOA effectively explores the solution space to identify
global optima. Future research can delve into optimizing algorithm parameters and ex-
panding its applicability across various domains to enhance efficiency and accuracy.

3.3. Proposed Model Framework

This section outlines the structure of the proposed model, which includes three main
components: (1) data decomposition and reconstruction, (2) a combination weight forecast-
ing model, and (3) model integration and evaluation metrics. The overall architecture is
illustrated in Figure 1.

Module 1: Data Decomposition and Reconstruction

In this study, historical exchange rate data for selected currency pairs were initially
collected. Considering the inherent nonlinearity and nonstationarity of exchange rate
series, the OCEEMDAN method was employed for multi-scale decomposition of the
original time series. By adaptively adding Gaussian white noise during decomposition,
OCEEMDAN effectively mitigates mode mixing and produces IMFs at various scales,
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along with a residual trend component, thereby facilitating clearer feature extraction for
subsequent analyses.

Nevertheless, not all IMFs generated from the decomposition process are beneficial
for forecasting, as some predominantly represent noise, potentially impairing prediction
accuracy. To address this issue, the study introduces an IMF selection and reconstruction
strategy based on sample entropy. Specifically, the sample entropy values of individual
IMFs are calculated and utilized to set a threshold. IMFs exhibiting higher entropy values—
indicating richer informational content—are retained, whereas those dominated by noise
with lower entropy are discarded. Finally, the selected IMFs are recombined to reconstruct
a denoised, informative signal, enhancing the reliability and predictive performance of the
forecasting model.

Module 2: Combination Weight Forecasting Model

In exchange rate prediction, individual forecasting models frequently exhibit limi-
tations in capturing complex data patterns due to their inherent structural constraints,
especially when processing nonlinear dependencies or noisy observations. To overcome
these challenges, this research develops an ensemble weighting framework that dynam-
ically optimizes sub-model contributions through adaptive weight adjustment, thereby
improving both robustness and predictive accuracy. Departing from conventional uniform
weighting approaches, this framework implements an intelligent optimization scheme to
accommodate data variability, effectively combining diverse model strengths to mitigate
prediction errors. The key innovation involves strategic weight distribution to amplify com-
plementary effects among constituent models, yielding enhanced performance in volatile
market conditions.

Firstly, this study selects the Bi-LSTM, GRU, and FNN models as the basic models,
which stems from their complementary advantages in modeling the multi-scale dynamic
characteristics of exchange rates: FNN, with its global nonlinear mapping ability, is good
at capturing low-frequency trend components, and its feedforward structure avoids the
gradient attenuation problem of recurrent networks in long-term dependent modeling. The
bidirectional gating mechanism of Bi-LSTM can effectively extract the nonlinear causal
relationship in the high-frequency fluctuation components by jointly encoding historical
and potential future information. The simplified gating design of GRU ensures efficiency
while enhancing noise robustness, making it perform exceptionally well in the modeling of
mid-frequency periodic components.

The combined prediction result is defined as:

Je = YA (24)

where m indicates the number of base models, Aj signifies the weight coefficient con-
strained by }_A; = 1and A; € [0,1], while A = (A1,A2,...,Am) "T constitutes the weight
vector. This representation advances beyond simple averaging by quantifying each model’s
relative significance.

The optimal weight determination involves minimizing an objective function ¥:

min¥ = ATBA (25)

subject to '"T A =1 and A > 0, where the composite prediction residual e; is defined as:
~ m m

er =Yr = Yo = Y Aj(ye — i) = L Ay (26)

Here, ¢jr = yr — yjr denotes individual model prediction errors, B represents the
residual covariance matrix, and I' = [1,1,...,1] " T is an identity vector. This optimiza-
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tion paradigm establishes quantitative associations between weighting parameters and
prediction fidelity through error decomposition analysis.

For improved dynamic adaptation, the ZOA is employed for weight calibration. The
enhanced optimization model becomes:

min ¥’ = A'TB A/ 27)

with constraints T"T A’ = 1and A’ > 0.

By comparing optimization methods such as ZOA, PSO, GA, and grid search, the
experiment found that the two-stage behavior of ZOA simulating zebra foraging and
defense strategies can dynamically adapt to market conditions, and it is mostly superior to
other algorithms in terms of convergence speed, computational efficiency and stability, and
is particularly suitable for this exchange rate prediction task. Therefore, ZOA is used to
optimize the integration weights.

The ZOA mimics the collective behavior of zebras to dynamically adjust model
weights, balancing contributions from different models. This iterative process enables
the ZOA to find the optimal weight combination within the search space, minimizing
prediction error. By optimizing the weight combination of Bi-LSTM, GRU, and FNN, the
model improves predictive performance, accuracy, and generalization across many datasets,
illustrating the efficacy and applicability of this method.

When integrating the Bi-LSTM, GRU, and FNN prediction models using the ZOA,
as the contributions of each model in prediction vary, the ZOA is employed to determine
their optimal weight combination. It can be analogized as in a weight allocation space,
where specific coordinate points denote the weights of subsequences, and the quantity of
subsequences aligns with the number of pertinent coordinate points.

The fitness function for determining the optimal weight of the system is as follows:

n

A 02
minf(y):MSE:M,i:l,z,...,n (28)

where y; is the initial value, ¥; is the subsequence prediction value generated by the three
models, and i is the subsequence serial number. This function can evaluate the prediction
errors under different weight combinations. Based on this, ZOA searches and optimizes in
the weight space to find the weight configuration that minimizes the mean square error.

Module 3: Model Integration and Evaluation Metrics

After completion of ZOA optimization, the derived optimal weights are integrated
with the forecast outcomes of each model to provide the final carbon price prediction result:

Forecasting result = 23

e Wn X result, = wyresult| + woresulty 4+ wsresults (29)

where w; represents ZOA-optimized weights, and result; corresponds to outputs from Bi-
LSTM, GRU, and FNN. This adaptive weighting strategy synergizes Bi-LSTM’s long-term
memory, GRU’s gated feature extraction, and FNN’s nonlinear approximation capabilities.
In the evaluation phase, the trained model is utilized on the test set to produce
predictions. Four principal measures are employed to evaluate the model’s predictive
performance: mean absolute percentage error (MAPE), mean absolute error (MAE), coeffi-
cient of determination (R?), and mean square error (MSE). These metrics offer a thorough
assessment of the model’s accuracy and error attributes from multiple viewpoints.

1w

_ Yi — Ui s
MAPE = =} ) |7 | % 100% (30)

Yi
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MAE = % . lyi = il (31)
n A2
RZ2 =1 - &=l (yl - yl) (32)
(i =)
1 N2
MSE = -3 3 (vi — 1) (33)

In these equations, n the total quantity of data points inside the test set. y; represents
the actual value for the, while ¥; is the anticipated value. ¥; represents the average of the
actual values in the test set. These variables are utilized to calculate the essential metrics
that evaluate the model’s performance, including error magnitude and explained variance.

Furthermore, the improvement of the model is quantified by calculating the percent-
age change in performance for each evaluation metric. The percentage improvement is
determined for the MAPE, mean MAE, MSE, and R2. The formula used to calculate the
percentage improvement for each of these metrics is given by:

(Ebaseline - Eimproved)

Pmetric(%) = E
baseline

x 100% (34)

where Epqe1ine refers to the error metric (such as MAPE, MAE, MSE, or R? of the baseline
model, and E;;propeq refers to the error metric of the improved model. This method allows
for a clear visualization of the percentage improvement in each evaluation metric, providing
a transparent and quantitative basis for assessing the optimization of model performance.

4. Empirical Analysis

This section begins by introducing the data source. The exchange rate series is then
analyzed, decomposed using the OCEEMDAN method, and reconstructed to extract mean-
ingful features. The proposed forecasting model is applied to the reconstructed data, and
its performance is evaluated through comparisons with traditional models, alternative
decomposition methods, and fixed-weight ensembles. Finally, SHAP analysis is conducted
to identify key technical indicators influencing exchange rate fluctuations, enhancing the
interpretability and practical relevance of the model.

4.1. Experimental Dataset
4.1.1. Data Source

In recent years, the importance of exchange rate prediction has grown, given its
critical impact on financial markets and economic policymaking. Accurate forecasting
assists investors in making well-informed decisions, helps authorities shape effective
monetary strategies, and strengthens risk control mechanisms. This study conducts a
case analysis using daily closing prices of three representative currency pairs—EUR/USD,
GBP/USD, and USD/JPY—sourced from the Wind database (https://www.wind.com
.cn/), accessed on 1 October 2024. The closing prices of these currency pairs function
as the prediction objectives. The EUR/USD currency pair data range from 1 January
2013 to 25 September 2024, comprising 2909 entries. The data for the GBP/USD and
USD/]JPY currency pairs encompass the identical timeframe. No exogenous macroeconomic
indicators were incorporated, as the focus was on modeling intrinsic patterns of historical
exchange rates. The dataset is partitioned into training, validation, and test sets in a 6:2:2
ratio, as illustrated in Figure 5. Table 1 delineates the sample sizes for the complete dataset,
training set, validation set, and test set pertaining to the three currency pairs. Relevant
statistical indicators are presented in Table 2.


https://www.wind.com.cn/
https://www.wind.com.cn/
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Figure 5. Exchange rate data and dataset splits.
Table 1. Data partition for currency pair prediction models.
Currency Pair Sample Size Training Set Validation Set Test Set
EUR/USD 2909 1745 582 582
USD/]JPY 2909 1745 582 582
GBP/USD 2909 1745 582 582
Table 2. Descriptive statistics for exchange rate data.
Currency Pair Max Min Mean Standard Deviation Skewness Kurtosis
EUR/USD 1.3953 0.9565 1.1560 0.0934 0.9258 0.1019
USD/JPY 161.6400 87.4500 116.2198 15.4047 1.1137 0.3684
GBP/USD 1.7161 1.4883 1.3703 0.1404 0.7550 —0.5028

As shown in Table 2, the standard deviations of the exchange rates are substantial, indi-
cating considerable volatility across the currency pairs. For instance, USD/JPY displays the
highest standard deviation of 15.4047, reflecting its greater variability relative to EUR/USD
and GBP/USD. The substantial differences between the maximum and minimum values
further emphasize this variability, with GBP/USD having a mean of 1.3703, suggesting
it is generally stronger than EUR/USD’s average of 1.1560. The non-normal distribution
traits of these exchange rates are evident in their kurtosis and skewness values, which
demonstrate a rightward skew for all pairs. Overall, these statistics underscore the distinct
characteristics and volatility of each currency pair.

Table 3 presents the ADF test results, showing that for all currency pairs, the test
statistics exceed the 10% critical threshold, indicating that the null hypothesis of a unit root
cannot be rejected. Additionally, all p-values are greater than 0.05, further confirming the
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presence of unit roots. These findings suggest that the exchange rate series are nonstationary
at the 1%, 5%, and 10% significance levels.

Table 3. Results of ADF tests for exchange rates.

Currency Pair T-Statistic Prob.
EUR/USD —1.96 0.30
USD/JPY -1.30 0.63
GBP/USD —1.95 0.31

Table 4 reports the BDS test results, which assess the nonlinear properties of the
EUR/USD, GBP/USD, and USD/JPY exchange rates. As the embedding dimension in-
creases from 2 to 5, the BDS statistics consistently rise. Moreover, with all p-values equal
to zero within the 95% confidence interval, strong evidence of nonlinear dependence
is observed across all dimensions. This indicates that the dynamics of these currency
pairs are influenced by complex, non-random factors, challenging the assumption of
market efficiency.

Table 4. BDS tests.

Currency Pair Statistic Z-Statistic p-Value
BDS (2) 5.50 0.00
BDS (3) 9.27 0.00
EUR/USD BDS (4) 15.11 0.00
BDS (5) 21.00 0.00
BDS (2) 6.20 0.00
BDS (3) 11.54 0.00
GBP/USD BDS (4) 1831 0.00
BDS (5) 24.40 0.00
BDS (2) 8.59 0.00
BDS (3) 7.33 0.00
USD/JPY BDS (4) 15.82 0.00
BDS (5) 19.48 0.00

4.1.2. Normalized Processing

To ensure the comparability of input indicators with different dimensions, this study
uses the minimum-maximum normalization method to perform linear transformation on
the raw data. This process maps each feature to a unified numerical range, eliminating
the interference of scale differences on model training while retaining the distribution
characteristics of the raw data. The normalization equation is as follows.

;X —minX

Xy = (35)

maxX — minX
where, x; is a specific value in the original sequence, x;’ is the normalized exchange rate
value; minX represents the minimum value in the sequence, and maxX represents the
maximum value.

4.2. Decomposition and Reconstruction of Exchange Rate Series

Based on the statistical analysis and tests conducted earlier, the exchange rate se-
ries exhibit both nonstationarity and nonlinearity. This section introduces an adaptive
parameter-based OCEEMDAN designed for the decomposition of exchange rate time series
data. As shown in Figure 6, the EUR/USD series is divided into eight subsequences, with
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each decomposition mode labeled as IMFi (i=1, 2, ..., 7) accompanied by a residual. Like-
wise, the initial USD/JPY and GBP/USD series are each partitioned into nine subsequences,
and the decomposition structures are illustrated in Figure 7 and Figure 8, respectively.

In addition, to verify robustness, we conducted 10 OCEEMDAN trials on EUR/USD,
GBP/USD, and USD/]JPY. All series consistently produced 7 to 9 IMFs, confirming the
stability of the stop standard in the financial time series.

To objectively validate component significance, Figure 9 illustrates the spectral distri-
bution of IMFs for EUR/USD. IMF1-IMEF3 exhibit broadband characteristics with distinct
peaks, capturing high-frequency market microstructure noise. IMF4-IMF7 demonstrate
progressively narrowing bandwidths, isolating economically meaningful cyclical compo-
nents. IME8 shows near-zero-frequency dominance, confirming its role as the trend residual.
Critically, the entire decomposition process achieves stepwise separation: seven effective
modes progressively extract noise, capture cycles, and isolate trends, each component
bearing interpretable financial time-series features.
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Figure 6. Decomposition and reconstruction of the daily EUR/USD exchange rate.
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Figure 8. Decomposition and reconstruction of the daily USD/JPY exchange rate.
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Figure 9. IMF spectral distribution of EUR/USD.

Sample entropy is employed to measure the complexity of various sequences. In
this study, the sample entropy of decomposed subsequences is calculated to identify and
merge those exhibiting similar complexity, thereby improving reconstruction accuracy and
enhancing the understanding of the sequence’s nonlinear characteristics. Taking EUR/USD

as an example:

(1) IMF1 and IMF2 are combined to form the high-frequency component (HF-IMEF),
which captures random fluctuations in exchange rates and currency pair prices driven

by complex trading activities, short-term macroeconomic data releases, and unex-
pected international financial events (Engle, 2000). Although these high-frequency
components contribute to short-term volatility, they typically do not influence

long-term trends.
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(2) IMF3 and IMF4 are combined to form the mid-frequency component (MF-IMEF),
reflecting periodic fluctuations in exchange rates and currency pair prices caused by
macroeconomic cycles, monetary policy changes, or international trade dynamics
(Borio & Lowe, 2002; Taylor, 1993).

(3) IMF5, IMF6, IMF7, and the residual are combined to form the low-frequency com-
ponent (LF-IMF), which is more stable and effectively represents long-term trends
in exchange rates and currency pair prices, influenced by global economic structural
changes and long-term demographic shifts (Lucas, 2004; Reinhart & Rogoff, 2009).

4.3. Results of the Proposed Model

This study uses the OCEEMDAN methodology to decompose the exchange rate series
into several intrinsic mode functions and residual components. Utilizing the attributes of
these components, we reconstruct the IMFs, facilitating a more precise depiction of the
underlying patterns in the data. We subsequently employ three sophisticated predictive
models—Bi-LSTM, GRU, and FNN—to predict the rebuilt sequences. To improve forecast
accuracy and stability, we present a new ensemble prediction model, optimized by the
ZOA, which identifies the ideal weights for integrating the Bi-LSTM, GRU, and FNN
models. This ensemble method facilitates a more dependable and accurate prediction. The
hyperparameter configurations of different neural network models are shown in the table
in Appendix A.

Figure 10 illustrates the forecasting performance of the proposed model by contrasting
predicted values with actual exchange rate data. In the figure, red lines denote the model’s
outputs, while blue lines represent observed values. The results show that the model
successfully captures the underlying trends in exchange rate movements, performing
well in both long-term forecasting and short-term fluctuation tracking. This highlights
its effectiveness in modeling the dynamic exchange rate behavior across time horizons.
Additionally, the bar chart confirms the model’s superior accuracy and consistency across
all datasets.

Table 5 summarizes the performance metrics of the model across the EUR/USD,
GBP/USD, and USD/JPY datasets. The results clearly show the exceptional efficacy of
the suggested model: regarding the EUR/USD exchange rate, the MAPE, MAE, and MSE
are 3.3581%, 2.6501, and 2.1076, respectively, with an R? value of 0.9551; for GBP/USD,
the MAPE, MAE, and MSE are 3.1683%, 2.5432, and 1.9874, with an R? of 0.9231; and for
USD/]JPY, the MAPE, MAE, and MSE are 2.0945%, 1.8745, and 1.6543, with an R? of 0.9180.
The results underline the model’s capacity to accurately capture the complex variations of
various currency pairs, markedly decreasing prediction errors and exhibiting a high degree
of robustness and generalizability across diverse datasets.

Table 5. The evaluation results of the proposed model.

Exchange Rate Pairs MAPE (%) MAE MSE R?

Daily EUR/USD exchange rate  3.3581 2.6501 2.1076 0.9551
Daily GBP/USD exchange rate  3.1683 1.5493 1.6174 0.9231
Daily USD/JPY exchange rate ~ 2.0945 1.1659 1.0945 0.9180

In addition, to ensure the statistical reliability of the model performance, we conducted
10 independent experiments for each currency pair, initializing them with different random
seeds. The results show that the model has high stability. These statistical results are
presented in Appendix B and are consistent with the single-point results in Table 5, further
verifying the reliability of the model.
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In summary, the ZOA-based weight optimization model exhibits outstanding per-
formance regarding accuracy, stability, and application. It accurately captures long-term
patterns and effectively anticipates short-term variations, providing essential decision-
making assistance for financial market participants. The model’s strong performance across
diverse currency pairs highlights its potential for extensive use in the global financial sector.
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Figure 10. The prediction results and evaluation of the dataset.

5. Further Analysis and Discussion

This section provides further analysis and discussion of the proposed model. It aims to
evaluate the model’s overall performance by comparing it with other benchmark models.

5.1. Ablation Study of Key Components

To assess the effectiveness of the proposed model and examine the influence of the
OCEEMDAN algorithm on exchange rate forecasting, four sets of ablation experiments are
conducted: (1) comparison with traditional single models, (2) comparison with various
decomposition methods, (3) comparison with fixed combination weight models, and
(4) comparison experiments after removing the sample entropy threshold. Table 6 outlines
the assessment metrics for the efficacy of each model in predicting exchange rate series.
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Table 7 demonstrates the improvement level of each comparative model across different
error evaluation metrics. The experimental results indicate the superior performance of the
proposed model and provide empirical confirmation for the practical applicability of the
OCEEMDAN algorithm in exchange rate forecasting.

Furthermore, Table 8 presents the statistical significance test results of the proposed
model compared with three single models. Through two statistical tests, the Diebold—
Mariano and Wilcoxon tests, we confirmed that the performance improvement of the
proposed model is statistically significant in most cases compared to a single model. At the
same time, we also observed that under specific conditions, the advantages of the model
may not be statistically significant, which reflects the complexity of the financial market
and the dependence of the model’s performance on specific conditions.

Table 6. Comparative analysis of predictive performance across several models.

Exchange Rate Pairs Model MAPE (%) MAE MSE R?
Bi-LSTM 7.6894 4.1572 4.4891 0.8751
GRU 7.8392 6.5027 5.1743 0.9401
FNN 8.4738 5.3265 3.9524 0.9804
SSA-ACWM 5.9872 4.0143 4.5638 0.8946
. VMD-ACWM 5.0814 3.4729 3.1095 0.7457
gilrll};fg[ig ESD EEMD-ACWM 4.2034 3.7582 3.6291 0.8947
CEEMDAN-ACWM 4.8173 3.0392 3.0845 0.9104
CEEMDAN-CEEMDAN-ACWM  3.6019 3.4821 2.8467 0.8142
OCEEMDAN-FCWM 5.2751 3.7594 2.2305 0.9238
OCEEMDAN-ACWM(NT) 3.9183 2.6022 4.0549 0.8628
Proposed model 3.3581 2.6501 2.1076 0.9551
Bi-LSTM 5.9145 5.6187 3.9854 0.8942
GRU 7.1254 5.6147 4.9076 0.7193
FNN 9.2890 6.7309 5.1348 0.9728
SSA-ACWM 5.1571 2.4823 3.1958 0.9074
. VMD-ACWM 4.5619 3.8246 2.4397 0.8728
g{*‘cl}ll};%iz ESD EEMD-ACWM 6.8124 3.1943 3.5389 0.8067
CEEMDAN-ACWM 3.9735 2.2518 2.3081 0.9426
CEEMDAN-CEEMDAN-ACWM  3.1979 2.5083 1.8945 0.9698
OCEEMDAN-FCWM 5.3926 3.6214 22173 0.8047
OCEEMDAN-ACWM(NT) 4.1854 3.8624 2.9839 0.8841
Proposed model 3.1683 1.5493 1.6174 0.9231
Bi-LSTM 41053 4.4025 3.1269 0.9027
GRU 5.7931 7.8412 4.6783 0.9115
FNN 8.5627 5.9576 45194 0.8461
SSA-ACWM 4.6853 3.8471 3.1934 0.8428
. VMD-ACWM 2.3842 2.6298 2.4105 0.9057
gﬁéiﬁg EY EEMD-ACWM 3.2063 4.7349 3.4812 0.7257
CEEMDAN-ACWM 2.6308 2.7841 1.5739 0.9149
CEEMDAN-CEEMDAN-ACWM  3.0859 2.0735 1.5382 0.8561
OCEEMDAN-FCWM 5.8812 3.1496 2.3948 0.7939
OCEEMDAN-ACWM(NT) 3.1158 2.0904 1.5827 0.8267

Proposed model 2.0945 1.1659 1.0945 0.9180




Int. ]. Financial Stud. 2025, 13, 151 23 of 29
Table 7. The enhancement degree across several mistake assessment measures.
Exchange Rate Pairs Model Pprape (%) Prrag (%) Ppise (%) Ppe
Bi-LSTM 128.06% 57.08% 112.67% —8.37%
GRU 133.60% 146.56% 145.93% —1.57%
FNN 152.72% 101.34% 87.56% 2.66%
SSA-ACWM 78.19% 51.42% 116.50% —6.34%
Daily EUR/USD VMD-ACWM 51.12% 31.11% 47.55% —21.97%
exchange rate EEMD-ACWM 25.13% 41.84% 72.15% —6.33%
CEEMDAN-ACWM 43.41% 14.72% 46.37% —4.69%
CEEMDAN-CEEMDAN-ACWM  7.25% 31.42% 35.03% —14.74%
OCEEMDAN-ACWM(NT) 25.72% 30.78% —81.79% —6.60%
OCEEMDAN-FCWM 56.94% 41.88% 5.82% —3.29%
Bi-LSTM 86.91% 262.44% 146.50% —8.13%
GRU 125.07% 262.42% 203.48% —26.07%
FNN 192.82% 334.84% 217.72% —0.03%
SSA-ACWM 62.83% 60.24% 97.65% —6.77%
Daily GBP/USD VMD-ACWM 44.04% 147.49% 50.87% —10.28%
exchange rate EEMD-ACWM 114.91% 106.82% 118.94% —17.13%
CEEMDAN-ACWM 25.41% 45.44% 42.77% —3.13%
CEEMDAN-CEEMDAN-ACWM  0.94% 62.04% 17.15% —0.34%
OCEEMDAN-ACWM(NT) 38.56% 37.59% 49.08% 1.73%
OCEEMDAN-FCWM 70.18% 133.63% 37.13% —17.28%
Bi-LSTM 96.02% 278.99% 185.57% —1.66%
GRU 177.57% 573.74% 327.27% —0.71%
FNN 309.77% 411.83% 313.78% —7.82%
SSA-ACWM 123.71% 230.78% 192.02% —8.18%
Daily USD/JPY VMD-ACWM 13.84% 125.34% 120.61% —1.34%
exchange rate EEMD-ACWM 53.24% 305.62% 218.96% —21.00%
CEEMDAN-ACWM 25.58% 138.00% 44.02% —0.33%
CEEMDAN-CEEMDAN-ACWM  47.43% 78.01% 40.67% —6.74%
OCEEMDAN-ACWM(NT) 64.35% 62.98% 54.30% 15.63%
OCEEMDAN-FCWM 180.53% 170.72% 118.73% —13.54%
Table 8. Statistical significance test results.
Comparison Currency Pair DM Statistic DM p-Value  Wilcoxon Statistic =~ Wilcoxon p-Value
Ensemble Model vs. Bi-LSTM  EUR/USD 3.842 0.0001 26,342 0.0002
GBP/USD 1.634 0.1022 14,327 0.1128
UsD/JPY 2.768 0.0057 21,894 0.0048
Ensemble Model vs. GRU EUR/USD 2.357 0.0183 18,561 0.0165
GBP/USD 4.105 <0.0001 27,178 <0.0001
uUsD/JPY 1.215 0.2243 11,245 0.2468
Ensemble Model vs. FNN EUR/USD 4.721 <0.0001 29,875 <0.0001
GBP/USD 4.102 <0.0001 27,436 <0.0001
UsSD/JPY 3.956 <0.0001 28,145 <0.0001

5.1.1. Ablation Study on Baseline Model Selection

This section compares the proposed model against three individual models (Bi-LSTM,

GRU, and FNN) that predict exchange rate data directly without using decomposition
techniques. For the EUR/USD exchange rate, the single models yielded MAPE values
of 7.69% (Bi-LSTM), 7.84% (GRU), and 8.47% (FNN). In contrast, the proposed model
achieved a significantly lower MAPE of 3.36%. This represents improvements of 4.33%,
4.48%, and 5.12% over Bi-LSTM, GRU, and FNN, respectively. Similar performance gains
were observed for the GBP/USD and USD/]JPY pairs. The proposed model consistently
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outperformed the single models across all evaluation metrics (MAPE, MAE, MSE, and RZ).
For GBP/USD, its MAPE was 3.17%, substantially lower than those of Bi-LSTM (5.91%),
GRU (7.13%), and FNN (9.29%). Likewise, for USD/JPY, the proposed model reduced
the MAPE to 2.09%, well below the values for Bi-LSTM (4.11%), GRU (5.79%), and FNN
(8.56%). The findings confirm the model’s strength in handling complex nonlinear data
via decomposition, outperforming single models. This demonstrates its robustness, wide
applicability, and consistent accuracy across various exchange rates.

5.1.2. Ablation Study on Decomposition Methods

To further validate the superiority of the proposed IOCEEMDAN-ACWM model, its
performance was compared against models based on various single decomposition algo-
rithms, including SSA-ACWM, VMD-ACWM, EEMD-ACWM, and CEEMDAN-ACWM.
Using the GBP/USD exchange rate as an example, the proposed model reduced the mean
absolute percentage error (MAPE) by 1.99%, 1.39%, 3.64%, and 0.81% compared to SSA-
ACWM (5.16%), VMD-ACWM (4.56%), EEMD-ACWM (6.81%), and CEEMDAN-ACWM
(3.97%), respectively. This demonstrates a consistent performance advantage.

For additional evaluation, the proposed model was also benchmarked against the
secondary decomposition method, CEEMDAN-CEEMDAN-ACWM. Secondary decom-
position aims for finer extraction of frequency components through two decomposition
rounds to improve accuracy. Indeed, its MAPE for GBP/USD (3.20%) surpassed some
single decomposition strategies. However, despite this theoretical advantage in feature
extraction, the overall predictive performance of the secondary decomposition method
did not exceed that of the proposed model. The proposed model achieved a slightly lower
MAPE (3.17%) and also performed better on MAE and MSE metrics. These results sug-
gest that the practical gains from secondary decomposition’s theoretical feature extraction
benefits might be limited by its increased computational complexity and challenges in
parameter optimization.

Comparative analysis confirms that the proposed model, leveraging OCEEMDAN
for superior feature extraction and pattern recognition, comprehensively outperforms
benchmark decomposition models. By circumventing the computational and parameter
tuning complexities associated with secondary decomposition, the model effectively bal-
ances efficiency and accuracy. These findings underscore its theoretical novelty, predictive
robustness, and strong practical applicability, positioning it as an efficient and reliable new
approach for exchange rate forecasting.

5.1.3. Ablation Study on Sample Entropy Thresholding

To validate the importance of sample entropy thresholding in the framework, we
conducted an ablation study by removing this component, resulting in a model named
OCEEMDAN-ACWM (No Threshold). This experiment aimed to assess whether the sample
entropy-based IMF selection strategy has a substantial contribution to the overall prediction
performance. The results presented in Table 6 show that removing the sample entropy
thresholding component led to a decline in model performance across all three currency
pairs. For example, for EUR/USD, MAPE increased by 16.68% and MSE increased by
92.39%, indicating a deterioration in prediction quality. Similar trends were observed
for GBP/USD and USD/]PY, indicating that sample entropy thresholding substantially
contributes to prediction performance across all currency pairs. The reason for this lies
in the ability of sample entropy thresholding to select information-rich IMFs based on
their complexity and combine IMFs with similar complexity into high-frequency, mid-
frequency, and low-frequency components, thereby more accurately capturing the intrinsic
characteristics of exchange rate data.
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5.1.4. Ablation Study on Dynamic Weight Optimization

To further validate the effectiveness of the dynamic weight optimization strategy, this
study compares the proposed model against the benchmark fixed combination weight
model (OCEEMDAN-FCWM). FCWM is an ensemble prediction method that integrates
outputs from multiple sub-models using preset, fixed weights. Comparative analysis
reveals that the proposed model, with its dynamic weight adjustment capability, exhibits
significant advantages across all tested exchange rates (EUR/USD, GBP/USD, USD/]JPY)
and evaluation metrics. Taking the USD/JPY prediction as an example, the proposed
model reduced the MAPE significantly to 2.09% from OCEEMDAN-FCWM'’s 5.88%, a
decrease of 3.79 percentage points. Similarly, MAE improved from 3.15 to 1.17 (a reduction
of 1.98), and MSE improved from 2.39 to 1.09 (a reduction of 1.30). These quantitative
results confirm that the dynamic weight strategy, by adapting to data dynamics, better
captures nonlinear and complex patterns compared to FCWM'’s fixed-weight design, thus
significantly enhancing prediction accuracy.

The comparative study confirms the superiority of the proposed model’s dynamic
weight strategy over static weighting. By dynamically adjusting weights, the proposed
model more accurately captures evolving data features and patterns, overcoming adapt-
ability limitations and enhancing the efficiency of feature extraction and pattern recog-
nition. These findings highlight the critical role and theoretical /practical significance of
dynamic weight adjustment, indicating valuable directions for future research in exchange
rate forecasting.

5.2. Risk-Management Applications and Value

The exchange rate forecasting framework developed in this study contributes to risk
management in three interconnected ways.

(a) High-frequency volatility signals extracted from the model’s components, combined
with a zero-order allocation (ZOA) weighting scheme, enable real-time adjustment
of hedge ratios. When the model anticipates short-term turbulence, derivative expo-
sures can be increased automatically, shielding portfolios from market swings and
enhancing risk-adjusted performance.

(b) Low-frequency trend components extracted via OCEEMDAN, in conjunction with a
historical extreme events database, are used to construct a complex systems-based
early warning model. This approach facilitates the early detection of nonlinear risk
signals, such as exchange rate overshooting or abrupt policy changes, providing
valuable data for regulators and firms to initiate stress tests and contingency plans in
advance.

(c) By integrating multiple models and optimizing with information entropy, the predic-
tive framework significantly reduces parameter sensitivity inherent in single models.
By quantifying forecast confidence intervals, financial institutions can more accurately
assess the uncertainty boundaries of exchange rate predictions, preventing decision-
making biases caused by model overfitting and enhancing the scientific rigor and
adaptability of risk management practices.

6. Conclusions

This study addresses the key limitations in traditional exchange rate prediction meth-
ods by introducing an innovative framework. The framework integrates the OCEEM-
DAN algorithm and an intelligently optimized combined weight prediction model. By
using the GWO to optimize OCEEMDAN's noise parameters, the accuracy and robust-
ness of signal decomposition are enhanced, revealing deeper insights into exchange rate
data. Additionally, the ZOA is employed to dynamically adjust the weights of Bi-LSTM,
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GRU, and FNN models, forming an adaptive ensemble model that significantly improves
prediction performance.

To evaluate the effectiveness of this model, it was compared with ten alternative
methods, including the traditional single predictor and the advanced model combined
with data decomposition. Through extensive empirical analysis on EUR/USD, GBP/USD,
and USD/]JPY exchange rates, it has been verified that the proposed framework shows
significant improvements in prediction accuracy and robustness compared with existing
methods. This study’s principal contributions are as follows:

a.  We proposed applying the GWO to the automatic optimization of key parameters of
CEEMDAN for financial time series prediction.

b. A framework for exchange rate prediction using the zebra optimization algorithm for
dynamic integrated weight optimization was proposed. ZOA’s two-stage behavior
of simulating zebra foraging and defense strategies makes it particularly suitable for
balancing exploration and development in a weighted space.

C. The developed exchange rate prediction model, verified through historical simula-
tions, has demonstrated its stability and reliability under various market conditions.

Several potential avenues for future research can be explored to enhance the practical
applicability of our framework. First, we will optimize the model for real-time trading
through quantization and pruning and extend it to multi-output scenarios via multi-task
learning. Second, parallel computing and GPU acceleration will be investigated to improve
computational efficiency. Third, the framework’s performance on volatile and low-liquidity
currency pairs will be evaluated by adjusting the IMF selection criteria. Finally, we plan
to extend the framework to high-frequency forecasting and cross-market applications,
including stock indices and commodity prices, to develop a unified forecasting framework
for diverse financial time series.
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Abbreviations

ADF Augmented dickey-fuller

ALSTM Attention-based long short-term memory

APSO Accelerated particle swarm optimization

ARIMA Autoregressive integrated moving average

CEEMD Complete ensemble empirical mode decomposition

CEEMDAN  Complete ensemble empirical mode decomposition with adaptive noise
CNN Convolutional neural network

DE Differential evolution

EEMD Ensemble empirical mode decomposition

EMD Empirical mode decomposition
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GAN Generative adversarial network

GARCH Generalized autoregressive conditional heteroskedasticity
GRU Gated recurrent unit neural network

GWO Grey wolf optimizer

1IE Information entropy

IMF Intrinsic mode function

IWOA Improved whale optimization algorithm

LSTM Long short-term memory

MAE Mean absolute error

MAPE Mean absolute percentage error
OCEEMDAN  Optimal complete ensemble empirical mode decomposition with adaptive noise
PSO Particle swarm optimization
RMSE Root-mean-square error

RNN Recurrent neural networks

R? Coefficient of determination

SE Sample entropy

SSA Singular spectrum analysis
VAR Vector autoregression

WT Wavelet transform

ZOA Zebra optimization algorithm

Appendix A. Neural Network Model Hyperparameter Configurations for

Three Exchange Rates
Model Parameter EUR/USD GBP/USD USD/JPY
Hidden layers 2 3 2
Units per layer 100 128 256
Dropout rate 0.15 0.3 0.25
Bi-LSTM Learning rate 0.001 0.0005 0.0015
Batch size 64 32 48
Gradient clipping 1 2 1.5
L2 regularization 0.0001 0.0003 0.0002
Hidden layers 2 2 3
Units per layer 128 100 200
Dropout rate 0.2 0.25 0.3
GRU Learning rate 0.0008 0.0007 0.0005
Batch size 32 48 24
Gradient clipping 1.2 1 1.8
L2 regularization 0.00015 0.0002 0.00025
Hidden layers 3 4 3
Neurons per layer [256,128,64]  [300,150,75,38] [400,200,100]
Dropout rate 0.3 0.4 0.35
FNN Hidden layer ReLU LeakyReLU ReLU
activation
Output activation Linear Linear Linear
Learning rate 0.001 0.0006 0.0012
Batch size 64 32 48
L2 regularization 0.0001 0.00025 0.00015
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Appendix B. Statistical Analysis of the Proposed Model

MAPE (%) MAE MSE R?
FUR/UsD 33581401245 26501+ 0.0937 21076 +0.0745  0.9551 + 0.0042
(3.2336-3.4826)  (2.5564-2.7438)  (2.0331-2.1821)  (0.9509-0.9593)
GBp/Usp 1683 +£0.1032 15493 £00508 16174 +0.0530 09231 +0.0040
(3.0651-3.2715)  (1.4985-1.5999) (1.5644-1.6704) (0.9191-0.9271)
2.0945 £ 0.0723  1.1659 + 0.0403 1.0945 = 0.0379  0.9180 + 0.0035
USD/JPY

(2.0222-2.1668)

(1.1256-1.2062)

(1.0566-1.1324)

(0.9145-0.9215)
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