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A B S T R A C T

This paper systematically investigates the impact of key factors on predicting significant wave height (SWH) 
using Ensemble Empirical Mode Decomposition (EEMD), specifically examining the number of decomposed 
Intrinsic Mode Functions (IMFs), the duration of continuous predictions, and the selection of data-driven models. 
Buoy data from Santa Monica Bay, California, is utilized. The findings reveal a significant improvement in 
prediction accuracy when EEMD is applied before using Support Vector Regression (SVR) and Artificial Neural 
Network (ANN) model, while improvements with Long Short-Term Memory (LSTM) networks are less pro
nounced. The study also determines the optimal number of intrinsic mode functions (IMFs) in EEMD decom
position necessary to balance predicting accuracy against computational cost, with RMSE values varying 
significantly based on the number of IMFs. Furthermore, the analysis indicates that increasing the length of 
continuous prediction steps leads to significant error accumulation, with the ANN model showing the slowest 
rate of error increase among the models tested. The results highlight the importance of optimizing model con
figurations to enhance predictive accuracy while managing computational demands.

1. Introduction

With the increase in global marine activities and their growing 
complexity, the accurate and rapid prediction of marine environmental 
parameters has become crucial for the success of marine engineering 
projects and safe navigation. The prediction and assessment of marine 
environmental parameters are becoming increasingly important for the 
implementation of marine engineering projects (Cornejo-Bueno et al., 
2018) and the safety of navigation (Richter et al., 2017). Significant 
wave height (SWH), which describes the movement of ocean waves, is a 
vital environment parameter for engineering design and planning of the 
activities such as offshore oil and gas extraction (Graham, 1982), 
offshore wind power construction (Taylor and Jeon, 2018). Conse
quently, the accurate and reliable prediction of SWH has garnered 
extensive research attention (Jain and Deo, 2006; Mahjoobi et al., 2008; 
Özger et al., 2004).

However, the prediction of SWH is challenging due to the diverse 
factors that influence wave dynamics at different locations (Haver, 
1986; Holthuijsen et al., 1989; Komen et al., 1984). Physical wave 
models like the third-generation WAM model (Group, 1988), the SWAN 
model for nearshore waves (Booij et al., 1999), and the WAVEWATCH III 
model (Tolman et al., 2002) are employed to simulate characteristics 
such as wave height, wavelength, and direction. These models consider 
numerous influences including wind speed and direction, seawater 
density, and seabed topography (Holthuijsen, 2010). However, they rely 
on extensive numerical simulations and substantial computational re
sources, which can delay processing times and fail to meet the need for 
prompt predictions (Wang et al., 2018).

Data-driven methods are some of the most effective for rapid and 
accurate predictions of wave heights (Deo and Jagdale, 2003; Makar
ynskyy, 2004). Advances in machine learning and artificial intelligence 
are continuously enhancing the reliability of predictive methods (Hanif 
et al., 2024a, 2024b). These methods leverage historical data to identify 
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complex patterns in significant wave height (SWH) changes, enabling 
swift and precise forecasts. Soares et al. (1996) predicted the SWH series 
at two locations along the coast of Portugal using the Autoregressive 
(AR) model, noting its speed and lower resource demands compared to 
traditional wave simulations. Similarly, Agrawal and Deo (Agrawal and 
Deo, 2002) successfully implemented SWH prediction in an offshore 
area of India using Autoregressive Integrated Moving Average (ARIMA) 
and Autoregressive Moving Average (ARMA) models. Further de
velopments have introduced more complex nonlinear machine learning 
models. Deo and Naidu (Deo and Naidu, 1998) demonstrated the 
effectiveness of ANNs for real-time predictions on India’s east coast, and 
found that ANNs outperformed AR models in accuracy and reduced 
observational lag. Mahjoobi and Mosabbeb (Mahjoobi and Mosabbeb, 
2009) found that Support Vector Machines (SVMs) with a Radial Basis 
Function kernel yielded better results than those with a Polynomial 
Function kernel, although they warned that underfitting could impair 
model performance. Additionally, Gaur and Deo (Gaur and Deo, 2008) 
explored Genetic Programming (GP) algorithm for long-term SWH 
prediction at two sites in the Gulf of Mexico, finding that GP-based 
models surpassed ANNs in accuracy. Malekmohamadi et al. (2011)
investigated the use of several machine learning models, including 
SVMs, Bayesian Networks (BNs), ANNs, and Adaptive Neuro-Fuzzy 
Inference Systems (ANFIS) for predicting SWH on the western side of 
Lake Superior. Their findings indicated that SVMs, ANNs, and ANFIS 
delivered comparably accurate results, whereas BNs exhibited higher 
error rates. Subsequently, Sadeghifar et al. (2017) verified the applica
tion of Recurrent Neural Networks (RNNs) for SWH prediction, noting 
that RNNs are prone to issues with gradient vanishing and explosion. 
Addressing these limitations, Fan et al. (2020) employed Long 
Short-Term Memory (LSTM) networks, designed to avoid gradient 
instability, and found that LSTMs outperformed other models including 
ANNs, Extreme Learning Machines, and Random Forests in accuracy. 
Despite these advances, accurately predicting SWH remains challenging 
due to the data’s multi-periodic and complex nonlinear characteristics 
(Janssen, 2008; Komen et al., 1996).

To increase the accuracy of SWH forecasting, preprocessing tech
niques such as decomposing time series data can be applied 
(Altunkaynak et al., 2023; Rasp et al., 2020). This method effectively 
separates periodic elements from complex time series, allowing for more 
precise predictions. Empirical Mode Decomposition (EMD), proposed by 
Huang et al. (1998), is a prominent technique applied to analyze 
nonlinear and non-stationary data. Duan et al. (2016a) combined EMD 
with the AR model to form the EMD-AR model, which outperformed the 
standalone AR model in significant wave height prediction. Duan et al. 
(2016b). Further combined EMD with SVR to propose the EMD-SVR 

hybrid prediction model. Compared with the single SVR model and 
the wavelet decomposition-based SVR model (WD-SVR), the significant 
wave height prediction results of the EMD-SVR model are more accu
rate. Additionally, Hao et al. (2022) developed an EMD-LSTM prediction 
model and applied it to forecast the significant wave heights of 
non-standing waves at different geographical locations off the coast of 
China. The study demonstrated that the EMD algorithm, by smoothing 
the time series of non-stationary waves, effectively suppressed errors 
caused by phase shifts, thereby significantly enhancing the prediction 
accuracy of the LSTM model. However, the EMD process can lead to 
mode mixing, where different intrinsic mode functions overlap, poten
tially reducing predictive accuracy (Wu and Huang, 2005).

To address the issue of mode mixing inherent in EMD, the Ensemble 
Empirical Mode Decomposition (EEMD) was proposed (Wu and Huang, 
2009). This method enhances the decomposition process by adding 
Gaussian white noise to modifies the signal’s extreme points. Ding et al. 
(2023) combined Empirical Orthogonal Function (EOF) analysis, EEMD, 
and Sample Convolutional Interaction Network (SCINet) to predict SWH 
and Mean Wave Period (MWP) in a region of the South China Sea. Six 
decomposition techniques—EMD, EEMD, Complete EEMD (CEEMD), 
CEEMD with Adaptive Noise (CEEMDAN), Empirical Wavelet Transform 
(EWT), and Local Mean Decomposition (LMD) were assessed, and EEMD 
was found to obtain the most accurate predictions. Song et al. (2023)
developed an EEMD-LSTM model by combining EEMD with LSTM for 
SWH prediction in a region of the Indian Ocean, and found EEMD-LSTM 
outperformed Logistic Regression (LR), Random Forest (RF), LSTM, and 
Gated Recurrent Unit (GRU) models. Furthermore, Liu et al. (2017)
introduced a novel approach using EEMD and X-band marine radar 
images to predict SWH. Their method significantly reduced the root 
mean square error compared to traditional signal-to-noise ratio-based 
methods and improved shadow-based methods, increasing accuracy 
with respect to buoy benchmarks by margins of 0.42 m and 0.12 m, 
respectively. FAN et al. studied the combination of different signal 
decomposition methods with the LSTM model and established several 
hybrid prediction models for semi-submersible short-term motion, 
namely EMD-LSTM, EEMD-LSTM, CEEMDAN-LSTM, and EWT-LSTM 
models. The results showed that the EWT-LSTM model achieved the 
lowest overall error, while the EEMD-LSTM model outperformed the 
EMD-LSTM model (Fan et al., 2023).

The number of IMFs generated during the EEMD process is crucial as 
it determines the level of decomposition of the original signal (Wu and 
Huang, 2010). Additionally, the duration of the prediction in hybrid 
models plays a significant role in continuous forecasting. Despite their 
importance, there appears to be limited systematic research on how 
these factors affect prediction accuracy.

Abbreviations

AI Artificial Intelligence
ANN Artificial Neural Network
AR Autoregressive
ARIMA Autoregressive Integrated Moving Average
ARMA Autoregressive Moving Average
CEEMD Complete Ensemble Empirical Mode Decomposition
CEEMDAN Complete Ensemble Empirical Mode Decomposition 

with Adaptive Noise
EEMD Ensemble Empirical Mode Decomposition
EOF Empirical Orthogonal Function
EMD Empirical Mode Decomposition
EWT Empirical Wavelet Transform
GP Genetic Programming
GRU Gated Recurrent Unit
IMF Intrinsic Mode Function

LR Linear Regression
LMD Local Mean Decomposition
LSTM Long Short-Term Memory
MAE Mean Absolute Error
MSE Mean Squared Error
MWP Mean Wave Period
NDBC National Data Buoy Center
PACF Partial Autocorrelation Function
RF Random Forest
RMSE Root Mean Square Error
SVM Support Vector Machine
SVR Support Vector Regression
SWAN Simulating Waves Nearshore
SWH Significant Wave Height
WAM Wave Model
WD Wavelet Decomposition
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Therefore, the present work aims to address the above issue by 
investigating the effects of the number of IMFs and the length of the 
prediction window on SWH predictions using EEMD coupled with ma
chine learning models. More specifically, this investigation will utilize 
those well-established machine learning techniques such as SVR, ANN, 
and LSTM networks as the prediction models. And the number of IMFs 
within the EEMD process under consistent prediction window durations 
to assess their impact on forecast accuracy will be discussed in detail. 
Subsequently, the length of the continuous prediction window will be 
changed to explore the model’s effective prediction range.

The rest of this paper is organized as follows: Section 2 introduces the 
principles of the EEMD algorithm, SVR, ANN, and LSTM, along with 
model training and prediction methods, error metrics, and data sources; 
in Section 3, the prediction results are discussed and analyzed in some 
detail; finally, the concluding remarks are made in Section 4.

2. Models and mythologies

2.1. Ensemble Empirical Mode Decomposition (EEMD)

The Ensemble Empirical Mode Decomposition (EEMD) is an adaptive 
method for analyzing nonlinear and non-stationary signals (Huang et al., 
1998). In the EEMD process, IMFs are extracted sequentially by identi
fying the local characteristics of the signal such as extrema and zero 
crossings. This enables the separation of signal components across 
different frequency ranges into distinct IMFs. However, challenges such 
as overlapping frequency components can lead to mode mixing, which 
compromises the clarity of these IMFs and affects further analysis and 
processing (Rilling et al., 2007; Yeh et al., 2010). To overcome this issue, 
the EEMD (Torres et al., 2011) introduces a method to mitigate mode 
mixing by adding steps to the EEMD process, as illustrated in Fig. 1: 

(i) Introducing varying levels of Gaussian white noise to the original 
signal, creating multiple perturbed versions of the signal (e.g., 
n1(t), n2(t), etc.).

(ii) Independently performing EEMD on each perturbed signal, 
generating sets of IMFs (Xi,j) where ’i’ denotes the IMF number, 
and ’j’ refers to the sequence of extraction.

(iii) Averaging the IMFs from all perturbed signals to minimize the 
influence of the added noise, thereby refining the representation 
of the original signal’s characteristics.

In this study, the EEMD was implemented using the PyEMD package 
in Python, setting the noise amplitude to 0.05 and limiting the maximum 
number of IMFs through specific parameter adjustments.

2.2. Support Vector Regression (SVR)

Support Vector Regression (SVR) is a specialized form of Support 
Vector Machines (SVM) employed in machine learning to minimize 
prediction errors within a specified margin (Cortes and Vapnik, 1995; 
Drucker et al., 1996).

First, the regression function is defined. In SVR, the input features x 
are mapped to a high-dimensional space through a nonlinear trans
formation. In this space, the goal is to find a hyperplane such that the 
difference between the predicted and actual values is minimized. The 
regression function is expressed as follows: 

f(x)=wT∅(x) + b (1) 

where w is the weight vector of the regression hyperplane, ∅(x) is the 
feature mapping function that uses a kernel to map the data into a high- 
dimensional space, and b is the bias term. To allow for some errors in the 
regression process, SVR introduces the tolerance ε, which limits the 
allowed error range in the regression model. Additionally, the slack 
variables ζi and ζ*

i are introduced to handle samples whose errors exceed 
the tolerance ε: 

yi −
(
wTϕ(xi)+ b

)
≤ ε + ζi (2) 

(
wTϕ(xi)+ b

)
− yi ≤ ε + ζ*

i (3) 

Fig. 1. Process of the EEMD method.
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ζi, ζ*
i ≥0, i = 1,…,N (4) 

The subsequent step is the optimization objective. In regression 
tasks, SVR aims to find the optimal regression hyperplane by minimizing 
the following objective function. The objective is to maximize the 
smoothness of the regression hyperplane while balancing the trade-off 
between error minimization and model complexity: 

minw,b,ζ,ζ*
1
2
‖w‖

2
+ C

∑N

i=1

(
ζi + ζ*

i
)

(5) 

Where C is the regularization parameter, which controls the trade-off 
between training error and model complexity. The ‖w‖

2 term repre
sents the smoothness of the regression hyperplane; the smaller this 
value, the smoother the regression function.

Previous research by Mahjoobi and Mosabbeb (2009) demonstrated 
that SVR with an RBF kernel performs better in predicting SWH. This 
study was conducted using Python (version 3.9.18), implementing SVR 
from the Sklearn library with an RBF kernel. After tuning, the regula
rization parameter C was set to 1.0.

2.3. Artificial Neural Network (ANN)

ANN consists of numerous interconnected nodes, or neurons. In this 
study, a feedforward neural network architecture is employed. A feed
forward neural network includes an input layer, several hidden layers, 

and an output layer. Each neuron in one layer is fully connected to all 
neurons in the preceding and succeeding layers, as illustrated in Fig. 2
(a). Training data enter the neural network through the input layer and 
undergo a series of linear and nonlinear transformations, resulting in the 
predicted output from the output layer (LeCun et al., 1998).

In the structure of a fully connected feedforward neural network, as 
illustrated in Fig. 2(b), the neurons n in the I-th hidden layer perform the 
following two steps of computation (McCulloch and Pitts, 1943): 

(i) Summing the weighted inputs and introducing the bias term bI for 
neurons in the previous layer (I− 1 layer).

yI,n =
∑

j
wI,j,nzI− 1,j + bI (6) 

(ii) Applying a nonlinear transformation to yI,n to obtain the output 
of neuron n in the I-th layer.

zI,n = g
(

yI,n

)
(7) 

The training process of the ANN involves gradually adjusting the 
weights wI,j,n and biases bI of each neuron to minimize the error between 
the ANN output and the target values of the training dataset wI,j,n rep
resents the weight of neuron n in the I-th layer, and g(x) denotes the 
activation function.

In this study, the PyTorch framework (version 2.1.0) was utilized to 
train the ANN model, with GPU acceleration to enhance training speed. 

Fig. 2. (a) Schematic diagram of ANN in the present study and (b) computational process of hidden layer neurons in ANN.
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The neural network architecture consists of two hidden layers, each 
containing 20 neurons, and employs the ReLU activation function to 
mitigate the vanishing gradient problem (McCulloch and Pitts, 1943). 
The input layer comprises 10 nodes, and the output layer has 1 node, as 
illustrated in Fig. 2(a). The MSE is used as the loss function to calculate 
the difference between the model’s output and the actual target values. 
The Adam algorithm (Kingma, 2014) is employed to train the model 
parameters, with a learning rate set at 0.001. Each model is trained for 
2000 epochs to ensure thorough training and convergence. These pa
rameters are selected by trail using the SWH data of buoy number 46221 
for the first year.

2.4. Long Short-Term Memory (LSTM)

LSTM is an improved version of RNN(Hochreiter and Schmidhuber, 
1997). It includes three integral components: the input gate, the forget 
gate, and the output gate (Hochreiter and Schmidhuber, 1997). Fig. 3
illustrates the internal structure of an LSTM unit. Here, f represents the 
forget gate, i represents the input gate, o represents the output gate, and 
h denotes the output. ht represents the current output, ht− 1 represents 
the previous output, and xt denotes the current input information. ct 
signifies the memory cell state. The activation function used throughout 
is the hyperbolic tangent (tanh). The gates f, i, and o are computed using 
the sigmoid function, producing values in the range [0, 1].

In an LSTM unit, the process begins with the forget gate determining 
which information from the previous time step should be discarded. 
Next, the input gate selects new information to be added and generates a 
new memory component. The unit state is then updated by combining 
the information from the forget gate and the input gate. Finally, the 
output gate decides the output for the current time step.

The related calculations for an LSTM unit are as follows: 

it = σi(Wi × [ht− 1, xt ] + bi) (8) 

ft = σ
(
Wf × [ht− 1, xt ] + bf

)
(9) 

zt = tan h(Wz × [ht− 1, xt ] + bz) (10) 

Ct = f × Ct− 1 + it × zt (11) 

Fig. 3. The long short-term memory network unit architecture.

Fig. 4. Partial autocorrelation analysis for Buoy Point 46,221.
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Ot = σ(W0 × [ht− 1, xt ] + b0) (12) 

ht =Ot*tan h(Ct) (13) 

The weight matrices Wi, Wf, Wz, and Wo and the corresponding bias 
vectors bi, bf, bz, and bo are distinct. In this study, the LSTM model is 
constructed using PyTorch (version 2.1.0). Since the input data is a one- 
dimensional time series, the number of units in the input layer is set to 1. 
The hidden layer consists of 50 units, and because the prediction in
volves a single value, the output layer has 1 unit. To prevent overfitting, 
a dropout rate of 0.1 is applied. The loss function used is MSE, and the 
Adam optimizer is selected with a learning rate of 0.001. The model is 
trained for 2000 epochs.

2.5. Model training and prediction methods

In this research, we adopt a sliding EEMD prediction for consecutive 
prediction, as shown in Fig. 5. The sliding EEMD is realized by the 
following steps:

Applying partial autocorrelation validation to determine the rela
tionship between the lag and residual components of each IMF and the 
current time series value (Ramsey, 1974). PACF analysis helps identify 
lag values in the time series that are directly correlated with the current 
value, determine the appropriate prediction step length, and reduce 
prediction errors.

Given the sliding nature of the EEMD method, the time series for 
each round of prediction varies. Therefore, the entire time series is 
subjected to partial autocorrelation analysis. For instance, at buoy point 
46,221, PACF analysis is performed for each IMF component and re
sidual item, as illustrated in Fig. 4. Based on the observations, a strategy 
is formulated to predict one step using every ten steps. Further analysis 

indicates that the accuracy of the prediction primarily relies on short- 
term data, and long-term data is not essential. Even when using only 
short-term data for training, reasonably accurate predictions can be 
obtained, while long-term data does not significantly improve the pre
diction performance.

The specific methodology is illustrated in Fig. 5: 

(i) Data Extraction and EEMD Decomposition: A segment of SWH 
data is extracted from the original dataset, corresponding to the 
six months preceding the current time point (4380 data points). 
This historical data is then subjected to EEMD, resulting in mul
tiple IMFs and a residual component.

(ii) Continuous Prediction Using Machine Learning Models: Various 
machine learning or artificial intelligence models, such as SVR, 
ANN, and LSTM, are applied to perform continuous prediction for 
each IMF and residual component. Predictions from the previous 
step are used as inputs for the subsequent step, and the results 
from all IMFs and residuals are summed to complete one sliding 
prediction cycle. Each time the window slides, retraining is 
required for each IMF.

(iii) Sliding Window Progression: The current time point is then 
moved backward by X steps (X = 12,24,48), and steps (i) and (ii) 
are repeated until the prediction process is complete

By employing the sliding EEMD strategy, the influence of future data 
on predictions is effectively minimized. Our experiments were con
ducted on a high-performance workstation equipped with an Intel® 
Core™ i9-14900K processor, featuring 24 cores and 32 threads, a base 
frequency of 3.2 GHz, 64 GB of RAM, and an NVIDIA GeForce RTX 3090 
GPU.

Fig. 5. Schematic diagram of sliding EEMD prediction.
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2.6. Error metrics

To compare the prediction performance of different hybrid models, 
we selected Root Mean Squared Error (RMSE), Mean Squared Error 
(MSE), and Mean Absolute Error (MAE) as evaluation metrics. These 
metrics measure the differences between predicted and actual observed 
values to assess model accuracy: 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(xi − yi)

2

√

(14) 

MSE=
1
n
∑n

i=1
(xi − yi)

2 (15) 

MAE=
1
n
∑n

i=1
|xi − yi| (16) 

Here, n is the number of samples, xi is the actual value, and yi is the 
corresponding predicted value. The smaller the values of RMSE, MSE, 
and MAE, the better the predictive capability of the model.

2.7. Data sources

In this research, we utilized buoy data from Santa Monica Bay, 
California, sourced from the National Data Buoy Center (NDBC). We 
specifically analyzed data from two buoy stations, one nearshore 
(46,221) and one offshore (46,251), selected for their comprehensive 
records of significant wave height (SWH) over a long-term period. The 
locations of these buoy stations are illustrated in Fig. 6.

The dataset covers the period from January 2019 to December 2023, 
spanning five years. The model training is based on a six-month subset 
consisting of 4380 data entries, with a 60-min interval between data 
points. Table 1 provides detailed specifications of the two buoy stations. 
To address missing data, both datasets were subjected to linear inter
polation, resulting in a complete dataset of 43,820 entries for each buoy. 
Subsequent analysis revealed that the offshore buoy 46,251 displayed 
more outliers and higher variability in SWH compared to its nearshore 
counterpart, buoy 46,221. The Pearson correlation coefficient between 
the wave height measurements at these two stations is 0.7742, as 

Fig. 6. Locations of the two buoy stations in Santa Monica bay.

Table 1 
Detailed information for two buoy stations.

Buoy 
Station ID

Locations Water 
Depth 
(m)

SWH (m) Origin 
data

Complete 
data

NO.46221 33.860N 
118.641 W

387 0.31–4.29 42,910 43,820

NO.46251 33.769N 
119.565 W

1890 0.43–5.33 42,174 43,820

Fig. 7. Time Series of SWH at the Two buoy stations.

Table 2 
Prediction errors of single models and bybrid models with EEMD.

Station Model RMSE MAE MSE

46,221 SVR 0.3392 0.2469 0.1151
ANN 0.2521 0.1693 0.0636
LSTM 0.2590 0.1764 0.0671
EEMD + SVR 0.2431 0.1673 0.0591
EEMD + ANN 0.2149 0.1260 0.0462
EEMD + LSTM 0.2381 0.1494 0.0567

46,251 SVR 0.3559 0.2746 0.1267
ANN 0.3020 0.2111 0.0912
LSTM 0.3074 0.2173 0.0945
EEMD + SVR 0.2758 0.1942 0.0761
EEMD + ANN 0.2478 0.1563 0.0614
EEMD + LSTM 0.2604 0.1648 0.0678
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illustrated in Fig. 7.

3. Results and discussion

3.1. Verification of the improved SWH prediction accuracy using EEMD

The present work evaluates the prediction accuracy of SWH se
quences using various machine learning and artificial intelligence 
methods, including SVR, ANN, and LSTM models. These models were 
applied both with and without preprocessing by EEMD. A sliding win
dow of 12 steps (equivalent to 12 h) was selected for continuous pre
diction, and EEMD was configured to produce three IMF. The prediction 
results for two measurement locations are summarized in Table 2.

The results demonstrate a significant improvement in prediction 
accuracy when EEMD preprocessing is applied. For example, at buoy 

point 46,221, the RMSE for the SVR model decreased from 0.3392 to 
0.2431, representing a 28% reduction after applying EEMD. Addition
ally, the MAE and MSE decreased by 32% and 49%, respectively. For the 
ANN and LSTM models, preprocessing resulted in reductions in RMSE, 
MAE, and MSE by 15%, 26%, 27%, and 8%, 15%, 15%, respectively. 
Similar significant improvements were observed at buoy point 46,251, 
confirming that EEMD decomposition significantly enhances the pre
diction accuracy of various machine learning models for SWH se
quences. Moreover, it is noteworthy that for machine learning models, 
the lower the model complexity, the more substantial the improvement 
in prediction results when EEMD is used for preprocessing. Specifically, 
the prediction performance of the EEMD-SVR model outperforms those 
of the ANN and LSTM models, offering new insights into the develop
ment of fast and lightweight prediction models.

Fig. 8 visually illustrates the reduction in absolute error for the SVR 

Fig. 8. Absolute error line charts for SVR at (a) buoy 46,221 and (b) buoy 46,251, and EEMD-SVR at (c) buoy 46,221 and (d) buoy 46,251, along with absolute error 
box plots for six prediction methods at (e) buoy 46,221 and (f) buoy 46,251.
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model, both with and without EEMD preprocessing, using line charts 
and box plots. The predictions from the hybrid EEMD-SVR model are 
more closely aligned with the measured data and exhibit fewer outliers 
compared to the standard SVR model. Similar improvements are also 
observed in the ANN models and the LSTM models, as shown in Fig. 8(e) 
and (f). These enhancements suggest that EEMD effectively captures the 
varying patterns of the signal, thereby improving overall prediction 
accuracy. Although the single LSTM model demonstrates higher pre
diction accuracy than the single ANN model, the improvement after 
EEMD preprocessing is less pronounced in the LSTM model compared to 
the EEMD-ANN model. This could be due to the white noise introduced 
during the EEMD decomposition of the SWH data, which results in 
significant errors during the reconstruction of the signal post- 
decomposition. Given the robust learning capabilities of LSTM models, 
they are particularly sensitive to such random errors, which may explain 
the marginal improvement in prediction accuracy. Additionally, LSTM 
training typically requires a larger dataset, and using smaller input sizes 
may lead to underfitting. This suggests that when applying EEMD, 
careful consideration should be given to the complexity of the predictive 
model to avoid potential underfitting issues.

To further examine the impact of preprocessing, Fig. 9 compares the 
original SWH signal with its reconstruction post-EEMD decomposition. 
During decomposition, the EEMD algorithm decomposes the time series 
into three IMFs and one residual. Although the reconstructed signal 
closely matches the original signal’s trend, the SWH reconstruction 
yields an RMSE of 0.0833, an MAE of 0.0604, and an MSE of 0.0069 
(white noise is introduced with an amplitude of 0.05). These errors are 
considerable compared to the prediction errors in Table 2. This com
parison suggests that while the addition of white noise in EEMD can help 
avoid mode mixing—a common issue in traditional EMD—it also 

introduces new errors. Therefore, optimizing the EEMD algorithm in
volves balancing the reduction of mode mixing against minimizing the 
impact on prediction accuracy.

The study also evaluates the prediction accuracy of various machine 
learning models across different months, using RMSE as the error metric. 
Fig. 10 displays radar charts that illustrate the monthly prediction errors 
for different models that underwent EEMD during the period from 2019 
to 2023 at two observational points. At buoy point 46,221, the three 
methods of prediction reveal increased errors from June to November. 
Similarly, at buoy point 46,251, the errors remain relatively consistent 
from January through May but escalate in June and July. Referring to 
Fig. 7 for these locations, these months with elevated prediction errors 
coincide with periods of significant wave height fluctuations and the 
presence of more outliers. These conditions complicate the prediction 
process. Conversely, months yielding more precise predictions display 
more consistent wave height data. For months where prediction proves 
more challenging, exploring various model types and adjusting param
eter settings may improve forecast accuracy.

3.2. Impact of decomposing different numbers of IMFs on accuracy of 
SWH prediction

The number of IMFs decomposed by EEMD is a crucial parameter, 
with each IMF representing features of the original signal at different 
scales and frequencies. Fig. 11 illustrates the influence of using different 
numbers of IMFs—3, 5, and 9—on the decomposition of training data 
through EEMD. The results highlight that altering the number of IMFs 
does not significantly impact the initial signal features, confirming the 
stability and robustness of the EEMD method. As the number of IMFs 
increases, the residual sequence stabilizes, displaying clear periodic 
patterns. If clear periodic or oscillatory features remain in the decom
posed residuals, this indicates the potential to extract additional signals 
into more IMFs(Huang et al., 1998). However, the analysis reveals that 
when the number of IMFs reaches five, the residuals exhibit strong pe
riodic characteristics that are often predictable by machine learning 
models, suggesting that additional decomposition may be unnecessary. 
This pattern underscores that increasing the number of IMFs does not 
necessarily improve machine learning training or prediction accuracy, 
emphasizing the importance of optimizing the balance between 
decomposition detail and computational efficiency.

Table 3 presents a comparison of prediction errors between the 
forecasted and actual SWH data, analyzing the impact of different 
numbers of decomposed IMFs on prediction accuracy. This analysis uses 
a sliding window approach with a continuous prediction step length of 
12 time steps, equivalent to 12 h. The results indicate that an increase in 

Fig. 9. Comparison between the signal reconstructed by summing the decom
posed IMFs and the original signal.

Fig. 10. Radar charts of RMSE for three prediction methods in different months at (a) buoy 46,221 and (b) buoy 46,251.
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the number of IMFs does not uniformly decrease prediction error. For 
instance, at buoy point 46,221, the RMSE values for the EEMD-SVR 
model with 3, 5, 7, and 9 IMFs are 0.2431, 0.2970, 0.3148, and 
0.3414, respectively, with MAE and MSE exhibiting similar trends. 
Similar results are observed for combinations of EEMD with EEMD-ANN 
and EEMD-LSTM. When too many IMFs are decomposed, excessive noise 
is introduced, negatively affecting the final prediction accuracy. This 
results in relatively larger differences in RMSE values across different 
numbers of IMFs.

Fig. 12 compares the prediction errors and computation times for 
SWH predictions using EEMD. The graph reveals that RMSE tends to 
increase as the number of IMFs rises. The reason for this phenomenon is 
that the IMF and residual sequences obtained after EEMD decomposition 
exhibit certain stability and periodicity, and their changing 

characteristics can be better captured by machine learning models. 
However, excessive IMF decomposition does not improve the predict
ability of the IMFs, as the higher order time series in Fig. 11 still show 
uncertainties, and decomposition of white-noise-involved time series 
may cause additional error. Notably, the order of performance from 
most to least accurate is: EEMD-ANN, EEMD-LSTM, and EEMD-SVR, 
which aligns with the observations made in Section 3.1. This indicates 
that for time series prediction with a limited training sample size, LSTM 
models may underperform due to underfitting—a finding that has not 
been previously reported. Additionally, the computational runtime for 
predicting SWH using varying numbers of IMFs across different machine 
learning models is charted on the right axis of Fig. 12. As the number of 
decomposed IMFs and model complexity increases, the running time 
also increases. Therefore, it is crucial to select an optimal number of 

Fig. 11. Decomposed signals with the number of IMFs set to (a) 3, (b) 5, and (c) 9.
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Table 3 
Errors of different prediction methods with various numbers of decomposed IMFs and different continuous prediction step lengths.

Station Number of IMFs Steps EEMD-SVR EEMD-ANN EEMD-LSTM

RMSE MAE MSE RMSE MAE MSE RMSE MAE MSE

46,221 3 12 0.2431 0.1673 0.0591 0.2149 0.1260 0.0462 0.2381 0.1494 0.0567
24 0.3727 0.2497 0.1389 0.2659 0.1661 0.0707 0.3053 0.1999 0.0932
48 0.5629 0.3720 0.3168 0.3250 0.2032 0.1056 0.3411 0.2121 0.1164

5 12 0.2970 0.2101 0.0882 0.2269 0.1342 0.0515 0.2547 0.1618 0.0649
7 12 0.3148 0.2403 0.0991 0.2361 0.1482 0.0558 0.2567 0.1654 0.0659
9 12 0.3414 0.2694 0.1166 0.2505 0.1625 0.0627 0.2849 0.2030 0.0811

46,251 3 12 0.2758 0.1942 0.0761 0.2478 0.1563 0.0614 0.2604 0.1648 0.0678
24 0.3935 0.2796 0.1549 0.3061 0.2081 0.0937 0.3416 0.2408 0.1167
48 0.5528 0.3915 0.3056 0.3672 0.2472 0.1348 0.3921 0.2585 0.1537

5 12 0.3225 0.2326 0.1040 0.2641 0.1677 0.0697 0.3002 0.1915 0.0901
7 12 0.3350 0.2545 0.1122 0.2797 0.1867 0.0782 0.3053 0.2075 0.0932
9 12 0.4079 0.3296 0.1664 0.3002 0.2035 0.0901 0.3444 0.2503 0.1186

Fig. 12. At buoy 46,221, bar charts of prediction RMSE and line charts of consumed time for different numbers of decomposed IMFs using (a)EEMD-SVR, (b)EEMD- 
ANN, and (c)EEMD-LSTM; at buoy 46,251, bar charts of prediction RMSE and line charts of consumed time for different numbers of decomposed IMFs using (d) 
EEMD-SVR, (e)EEMD-ANN, and (f) EEMD-LSTM.
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IMFs to effectively balance prediction accuracy and computational 
efficiency.

Therefore, the selection of IMFs in the EEMD model significantly 
influences both prediction errors and computation time in forecasting 
SWH. This highlights the importance of thoroughly evaluating the 
optimal number of IMFs for practical applications, a discussion that has 
not been extensively covered in previous research.

3.3. Impact of different continuous prediction step lengths on accuracy of 
SWH prediction

The ability of a model to predict SWH continuously over extended 
periods is crucial. Table 3 details the prediction errors for different 

models—EEMD-SVR, EEMD-ANN, and EEMD-LSTM—across continuous 
prediction lengths of 12 steps (12 h), 24 steps (24 h), and 48 steps (48 h), 
with each using 3 decomposed IMFs. The data reveal that error rates for 
all the methods increase with longer prediction intervals. For instance, 
at buoy point 46,221, the RMSE for a 12-step forecast using EEMD-SVR 
is 0.2431, but this escalates to 0.3727 and 0.5629, i.e., an increase of 
53% and 132%, respectively, for 24-step and 48-step forecasts. Simi
larly, MAE and MSE show comparable increasing trends, with MAE 
increasing by 49% and 122%, and MSE increasing by 135% and 436%, 
respectively. This pattern of increasing errors with longer forecast in
tervals is consistent across different prediction models and also observed 
at buoy point 46,251, hence suggesting a general trend of accuracy 
degradation with extended prediction lengths. In other words, excessive 

Fig. 13. Scatter plots of (a) 12-step, (b) 24-step, and (c) 48-step continuous predictions using EEMD-SVR at buoy 46,221; scatter plots of (d) 12-step, (e) 24-step, and 
(f) 48-step continuous predictions using EEMD-ANN; scatter plots of (g) 12-step, (h) 24-step, and (i) 48-step continuous predictions using EEMD-LSTM.
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continuous prediction step lengths lead to a rapid decline in the accu
racy of hybrid prediction methods due to the cumulative effect of pre
diction errors.

To illustrate the above, Fig. 13 provides a visual comparison of 
scatter plots for the hybrid prediction methods at buoy point 46,221, 
considering different continuous prediction step lengths. The results 
show that as the prediction step length increases, the prediction errors of 
the three hybrid models grow significantly, and the predictions deviate 
more noticeably from the measured data.

To further explore this trend, Fig. 14 presents error accumulation 
curves across various prediction steps. Fig. 14(a) and (b) track the ab
solute errors at each prediction step and their cumulative totals over a 
48-step forecast, while Fig. 14(c) and (d) displays the total accumulated 
errors at each step within the same forecast period. The first ten pre
diction steps show a relatively steady increase in errors, but beyond this 
point, the error growth curves steepen noticeably. This pattern high
lights a significant decline in prediction accuracy as the forecast period 
extends, demonstrating the cumulative impact of prediction errors over 
time. As the number of prediction steps increases, the rapid escalation of 
errors suggests that the model may have inherent limitations. This 
phenomenon emphasizes the challenges of maintaining accuracy in 
long-term SWH forecasting and underscores the need for models that are 
better calibrated for longer-term predictions.

Additionally, the prediction accuracy of different hybrid prediction 
methods varies with different continuous prediction step lengths. Fig. 15
(a–f) show the violin plots of absolute errors for the three different 
hybrid prediction methods. Notably, the error accumulation in the 
EEMD-ANN method increases at a slower rate compared to EEMD-SVR 
and EEMD-LSTM, a trend also observable in Fig. 14(a–d). This discrep
ancy may stem from the differing capabilities of the models to process 
noisy data. Specifically, the LSTM model, despite its robust learning 
capabilities, might be more prone to interference from white noise, 
leading to misinterpretations of the wave height variation process. 
Conversely, the SVR model, with its less potent learning capacity, may 
not effectively capture the true trends in wave height variations. 

Meanwhile, the ANN model demonstrates a relatively superior ability to 
accurately track these variations. As the number of continuous predic
tion steps increases, the prediction error rises rapidly. The ability of 
existing methods to handle continuous predictions needs improvement, 
and new models are required to address the challenges of long-term 
predictions.

Fig. 15(g) presents a comparison of the time efficiency of these 
hybrid models at varying prediction lengths. It reveals that the time 
required for predictions decreases as the prediction interval extends. 
Additionally, the LSTM model consumes more time than the ANN, which 
in turn requires more time than the SVR model. This pattern is attributed 
to the need for repeating the EEMD, model training, and prediction 
processes after each prediction cycle. As the length of continuous pre
diction steps increases, fewer cycles of EEMD and model training are 
necessary, thereby speeding up the overall prediction process. Further
more, the complexity of the LSTM model necessitates longer training 
periods compared to the simpler ANN and SVR models, contributing to 
its longer time consumption.

4. Conclusion

Accurate prediction of Significant Wave Height (SWH) is vital for 
marine engineering and safe navigation. This study integrates Ensemble 
Empirical Mode Decomposition (EEMD) with three distinct predictive 
models—Support Vector Regression (SVR), Artificial Neural Networks 
(ANN), and Long Short-Term Memory Networks (LSTM). The compari
son of model performance across different key factors such as the 
number of decomposed Intrinsic Mode Functions (IMFs) and various 
forecasting durations are presented in detailed. The main conclusions 
from this comprehensive analysis are below: 

(1) The prediction accuracy is notably enhanced by employing 
EEMD. For instance, at buoy point 46,221, the RMSE reduces 
25% for SVR, 15% for ANN, and 8% for LSTM. When using EEMD, 
the complexity of the predictive model should be considered, as 

Fig. 14. The cumulative error plot of 48-step continuous predictions for buoy (a) 46,221 and buoy (b) 46,251, and the single-step absolute error plot of 48-step 
continuous predictions for buoy (c) 46,221 and buoy (d) 46,251.
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the reduction in information content after EEMD decomposition 
can lead to underfitting issues, RMSE for EEMD-ANN model is 
smaller than EEMD-LSTM, Moreover, the accuracy fluctuates 
seasonally, with higher errors during periods of significant SWH 
variation. More stable conditions yield better accuracy.

(2) The quantity of IMFs decomposed by EEMD is a critical parameter 
influencing the prediction accuracy. However, increasing the 
number of IMFs does not consistently decrease the prediction 
error. For example, at buoy point 46,221, using EEMD-ANN for 
continuous 12-step prediction, the RMSE is 0.2149 when the 
number of IMFs decompositions is 3; when the number of IMFs 
decompositions is increased to 9, the RMSE increases to 0.2505. 

Excessive decomposition is found to reduced accuracy and 
increased prediction time.

(3) Increasing the continuous prediction step length results in higher 
prediction errors due to cumulative error effects, leading to 
diminished accuracy over time. Moreover, the prediction error 
increases linearly for continuous prediction. Among the tested 
models, the ANN displayed the slowest error accumulation. The 
results demonstrate a potential to for proposing a new model for 
long-term continuous prediction.

In all, these findings underscore the importance of optimizing EEMD 
parameters and selecting appropriate machine learning models to 
effectively predict SWH. In the future, these findings are expected to 

Fig. 15. Box plots of cumulative absolute errors for different continuous prediction steps at Buoy 46,221 using EEMD-SVR (a), EEMD-ANN (b), and EEMD-LSTM (c), 
and at Buoy 46,251 using EEMD-SVR (d), EEMD-ANN (e), and EEMD-LSTM (f), as well as (g) the comparison of time consumption for different prediction methods at 
different continuous prediction steps.

Y. Guo et al.                                                                                                                                                                                                                                     



Ocean Engineering 324 (2025) 120755

15

enhance the reliability and efficiency of wave prediction systems, 
thereby playing an important role in maritime safety and ocean engi
neering management.
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