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A B S T R A C T

Accurate prediction of wind gusts is crucial for applications in aviation, coastal and marine operations, and 
atmospheric dynamics research. This study presents a novel model combining a Sequencing Block and a Layer 
Perceptron (MLP) optimised using Bayesian Optimisation (B-MLP) to enhance the precision of coastal atmo
spheric wind gust forecasts. The model is validated using a 13-year dataset (January 2010 to March 2023) from 
Muscat International Airport, a coastal site influenced by Gulf of Oman sea–land breeze interactions. The 
Sequencing Block is designed and developed to capture the optimal arrangement of dataset segmentation using 
atmospheric and boundary layer parameters, thereby enhancing the model’s predictive accuracy. The B-MLP 
model’s efficacy is compared against traditional methods, including Decision Tree (DT) and Support Vector 
Regression (SVR), demonstrating a substantial enhancement in forecast quality. The B-MLP model achieves a 
correlation coefficient of 0.817 between actual and forecasted wind gusts, outperforming DT and SVR by notable 
margins in both accuracy and error reduction. The newly proposed model is validated using a 13-year dataset 
(January 2010 to March 2023) from Muscat International Airport, a coastal site influenced by Gulf of Oman 
sea–land breeze interactions, to prove its robustness and applicability on a 1-day ahead prediction horizon. The 
proposed B-MLP model improves forecast accuracy and offers a scalable solution for atmospheric boundary layer 
studies, marine safety applications, and real-time meteorological data analysis.

1. Introduction

Air movement from areas of high to low pressure induces a meteo
rological quantity known as wind speed, which is determined by 
measuring the speed and direction of air over coastal and inland regions. 
Forecasting wind gusts is a critical challenge in atmospheric science, 
with direct implications for coastal and marine safety, infrastructure 
resilience, and energy systems (Attari et al., 2024; Bhasuru et al., 2022). 
Accurate predictions are crucial for ensuring safety and optimising op
erations in these areas. For instance, wind gust forecasts are crucial for 
maritime navigation, enabling ship operators to avoid hazardous sea 
conditions and ensure safe port entries and departures (Cutajar et al., 
2023). Additionally, wave energy systems rely on accurate wind gust 
predictions to optimise power generation efficiency and protect 

equipment from extreme sea conditions (Haripriya et al., 2021). This 
study proposes a data-driven hybrid forecasting model designed to 
improve the precision of wind gust prediction, particularly in chal
lenging coastal environments. Mean wind speed is the average wind 
speed over a specified duration (10 min (Beljaars, 1987)). In contrast, 
wind gusts are sudden and brief increases in wind speed that typically 
last less than 3 s and are often accompanied by changes in wind direction 
and turbulence (Minola et al., 2020). In practical applications, various 
prediction horizons, including short-term and long-term, are required to 
meet various criteria (Cai et al., 2020). In wind speed prediction, 0–6 h 
ahead is known as the short-term horizon, while above 6 h ahead is 
classified as the long-term horizon (Memarzadeh and Keynia, 2020). 
Despite ongoing advances, accurately predicting wind gusts remains a 
challenge due to their nonlinear, intermittent, and regionally variable 
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characteristics, especially in coastal environments influenced by com
plex air–sea interactions. Mathematical models have traditionally been 
used to predict wind gusts, such as the gust prediction model by Nehama 
and Reason (2021). In the broader context of atmospheric and space 
weather, real-time forecasting efforts have also been explored for solar 
wind dynamics, as discussed by (Fry et al., 2007), which outlined the 
capabilities and limitations of operational prediction systems. These 
studies highlight parallels between solar wind and terrestrial wind gust 
forecasting, particularly in the challenges of handling dynamic, 
multi-scale processes and the need for robust, data-driven models.

Inaccurate wind gust predictions can have a profound impact on 
maritime operations, underscoring the critical need for precise fore
casting. In maritime operations, particularly in coastal regions and 
harbours, wind gusts can impact ship handling, docking maneuvers, and 
the safety of passengers and cargo. Accurate wind forecasting is essential 
for operational efficiency and the safety of personnel and equipment. 
Improving forecasting accuracy is thus not merely a technical challenge, 
but a crucial safety measure that influences everything from flight 
schedules to shipping routes and, ultimately, the economic and opera
tional stability of these industries.

Various methods have been employed in the literature to enhance 
the accuracy of wind speed forecasting. For example, Shi et al. (2012)
compared the accuracy of the ARIMA-ANN and ARIMA-support vector 
regression (SVR) hybrid models with the ARIMA, ANN, and SVR single 
models. They (Shi et al., 2012) concluded that these hybrid models did 
not always exhibit superior performance in the selected forecasting 
horizons. Signal decomposition techniques are used in hybrid ap
proaches to decompose the wind speed into sub-series. Recent advances 
in hybrid numerical models have further enhanced forecasting accuracy 
by integrating physical simulations with statistical or machine learning 
components. For example (Brabec et al., 2021), demonstrated that 
coupling numerical weather prediction models with machine learning 
post-processing significantly improves wind speed forecasts, especially 
in complex meteorological scenarios. A study (Di et al., 2019) optimised 
a mesoscale numerical weather prediction model for wind-speed fore
casting using a surrogate-based automatic optimisation method. They 
employed a multivariate adaptive regression spline for sensitivity 
analysis and adaptive surrogate modelling-based optimisation for tuning 
parameters, resulting in improved simulation accuracy and interpret
able forecasts. Another study (Tateo et al., 2019) introduced a statistical 
method based on an ensemble PDF to predict "Wind Days." It out
performed traditional approaches, showing high accuracy in wind speed 
forecasts by considering errors and estimating the probability of 
occurrence. Prieto-Herráez et al. (2021) improved wind speed forecasts 
in complex terrain by combining weather research and forecasting and 
HDWind models. This two-step approach enhanced accuracy by 
providing high-resolution wind fields and localised wind speed and di
rection values, as demonstrated in an urban interface area in Spain. Pan 
et al. (2021) evaluated a high-resolution weather research and fore
casting model with real-time data assimilation for surface wind forecasts 
over China. The model demonstrated advantages in forecasting detailed 
weather features but exhibited biases related to wind regimes and 
topography, particularly during diurnal changes in the summer. Zouai
dia et al. (2021) introduced a novel hybrid model for one-day ahead 
wind speed forecasting in wind farms. It optimises hyperparameters and 
outperforms benchmark models in accuracy. Gupta et al. (2022)
deployed a hybrid machine learning model for short-term wind speed 
prediction, demonstrating that LDMR achieves the highest prediction 
accuracy while ELM offers faster computational performance.

Xu and Wei (2022) used LSTM and CNN for ultra-short-term wind 
speed forecasting, which is crucial for high-speed rail safety. It achieves 
impressive prediction accuracy, with mean absolute errors of 0.487 m/s 
for 1 min ahead, 0.547 m/s for 5 min ahead, and 0.593 m/s for 10 min 
ahead, demonstrating superior performance compared to other models. 
Suman and Kumar (2023) implemented state-of-the-art machine 
learning techniques to analyse and mitigate Distributed Denial of 

Service (DDoS) attacks in cloud computing environments. Jiang et al. 
(2023) proposed a comprehensive wind speed forecasting system that 
utilises secondary decomposition, double fuzzy information granula
tion, CNN-gated recurrent unit hybrid forecasting, and the slime mould 
algorithm. The system achieves improved deterministic and probabi
listic forecasting by capturing trends and uncertainty, enhancing wind 
power grid risk assessment. Shang et al. (2023) introduced a wind speed 
forecasting model that utilises ensemble empirical mode decomposition, 
an attention mechanism, and a CNN to accurately capture implicit wind 
speed data features, resulting in improved forecasting performance 
compared to other models. Xing et al. (2024) presented a novel 
short-term wind speed forecast model integrating attention mechanisms 
with LSTM, enhancing forecast accuracy and outperforming traditional 
models, particularly at longer forecast horizons. The LSTM-transformer 
model has also been successfully applied to predict and analyse sea 
surface temperatures by Fu et al. (Iqra et al., 2025), highlighting the 
potential of deep sequence models in capturing temporal dependencies 
for marine environmental forecasting. Recent research by Iqra et al. 
(2025) applied Graph Neural Networks for wave prediction at Darwin 
Harbour, Australia, demonstrating the effectiveness of deep learning in 
capturing complex spatial-temporal dynamics in coastal marine 
environments.

This study addresses a critical gap in current forecasting models, 
which often cannot accurately capture the temporal dynamics and 
nonlinearity of wind gusts in coastal zones. Traditional models often 
struggle with unpredictable and intermittent wind gusts, leading to less 
reliable predictions. To overcome these limitations, we introduce a 
novel hybrid forecasting model that integrates block sequencing with a 
Bayesian-optimised multilayer perceptron (B-MLP), designed to 
enhance temporal learning and parameter selection simultaneously. 
This approach specifically targets the challenge of hyperparameter 
optimisation in machine learning models, providing a more precise and 
efficient framework for wind gust forecasting. This study’s key concepts 
include wind gust forecasting, which refers to predicting sudden and 
short-duration increases in wind speed, a critical aspect for various 
safety and operational applications. Machine learning models, such as 
MLP, decision trees (DT), and SVR, are employed to analyse complex 
datasets and improve prediction accuracy. Bayesian optimisation is 
utilised to fine-tune these models by selecting optimal hyperparameters, 
enhancing the models’ predictive performance and efficiency. These 
concepts are foundational for developing advanced forecasting tech
niques that address the challenges of accurately predicting wind gusts.

Building on prior MLP-based approaches, this study develops a 
hybrid forecasting framework that leverages block sequencing and 
Bayesian optimisation to enhance both model structure and predictive 
accuracy. The process includes. 

1. Data preprocessing to prepare the dataset.
2. This study has utilised Bayesian optimisation to design the 

sequencing block and determine the optimal MLP structure.
3. Training the MLP using the optimised sequencing block and 

hyperparameters.

The Bayesian optimiser plays a crucial role in selecting the optimal 
number of delays, weights, layers, neurons, and other parameters, ulti
mately leading to a more efficient model. This methodology is applied to 
a coastal wind dataset collected near the Gulf of Oman, where complex 
marine-atmospheric interactions significantly influence wind dynamics, 
demonstrating the model’s effectiveness in challenging real-world 
coastal environments. First, we employ a global optimisation tech
nique (Bayesian) to select the block sequencing of the MLP. Second, we 
select the hyperparameters of the MLP using the Bayesian optimisation 
method. Third, we develop a modular model to search for the optimum 
results by switching between deep learning and machine learning areas, 
supporting up to 100 layers and 400 neurons in each layer. Bayesian 
optimisation was selected for this study because it has a vast search 
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space in which to find the optimal MLP hyperparameters. The resulting 
MLP algorithm with Bayesian optimisation, referred to as B-MLP 
throughout this paper, yields better results than methods such as DT and 
SVR or the traditional MLP. Indeed, Bayesian optimisation improves the 
efficiency of the existing MLP approaches in the literature by selecting 
optimal hyperparameters. This improvement is primarily due to 
Bayesian optimisation’s ability to efficiently explore the hyper
parameter space, enabling the selection of model configurations that 
minimise prediction error and enhance generalisation. Additionally, 
extracting the optimal sequencing block is the second reason behind the 
higher efficiency of the proposed B-MLP, resulting in the least prediction 
error. Specifically, we present an application focusing on the time series 
of daily coastal wind gusts near the Gulf of Oman (recorded at Muscat 
International Airport from January 2010 to March 2023) to demonstrate 
the high prediction performance of the proposed B-MLP in a marine- 
influenced environment.

In summary, this study addresses the persistent challenge of accu
rately forecasting wind gusts in coastal regions by introducing a novel 
hybrid machine learning model. While existing models often struggle 
with the intermittent and dynamic nature of wind gusts, especially in 
marine-influenced boundary layers, our approach integrates block 
sequencing with a Bayesian-optimised multilayer perceptron (B-MLP) to 
capture temporal dependencies and enhance predictive performance. 
The primary objective of this study is to design and validate a robust, 
data-driven forecasting framework that improves accuracy over tradi
tional models such as Decision Trees and SVR. By applying this frame
work to a 13-year coastal wind dataset from the Gulf of Oman, we 
demonstrate its practical effectiveness and contribution to both meteo
rological forecasting and atmospheric modelling research.

The paper is organised as follows. Section 2 describes the proposed B- 
MLP methodology, as well as the DT and SVR approaches we use as 

benchmarks. In Section 3, we carry out the empirical analysis and 
validation. Finally, in Section 4, we conclude the remarks of the current 
study.

2. Methodology

The proposed hybrid model integrates advanced techniques in block 
sequencing, MLP, and Bayesian optimisation to significantly improve 
the accuracy of wind gust forecasting. This comprehensive methodol
ogy, depicted in Fig. 1(a) and (b), encompasses detailed data pre
processing and model optimisation stages to ensure the model’s 
robustness and precision. 

1. Data Preprocessing and Block Sequencing Design: The initial step 
involves meticulous data preprocessing, which is crucial for handling 
the complexity of the meteorological dataset. This process includes 
data cleaning, normalisation, and extracting relevant features, which 
are pivotal for enhancing the model’s performance. The dataset 
comprises multiple meteorological parameters, such as temperature, 
humidity, and historical wind speed records, which are normalised 
to ensure consistent data scaling, facilitating the efficient training of 
the MLP. Block sequencing is integral to the model, capturing the 
temporal dependencies in the data. This technique involves organ
ising the data into blocks, each consisting of multiple sequential 
observations. Bayesian optimisation plays a critical role here, as it 
determines the optimal number of delays within these block
s—essentially, the number of past data points considered in pre
dicting future values. This optimisation ensures the model accurately 
captures the temporal patterns inherent in wind gust occurrences, as 
illustrated in Fig. 1(a).

Fig. 1. The proposed hybrid model for predicting the wind gust, including data preprocessing, Bayesian optimisation method, block sequencing, and MLP (a): 
optimising the block sequencing; (b): optimising the MLP structure.
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2. Optimisation of the MLP Architecture: Once the block sequencing 
is established, the focus shifts to optimising the MLP’s architecture. 
The MLP, a type of neural network, is chosen for its capability to 
model complex, nonlinear relationships in data. The architecture of 
the MLP, including the number of layers and the number of neurons 
per layer, has a significant influence on the model’s predictive power 
and computational efficiency. Bayesian optimisation is employed to 
fine-tune these architectural parameters. Unlike traditional methods 
that rely on manual or grid search techniques, Bayesian optimisation 
offers a probabilistic approach, efficiently navigating the parameter 
space to identify the configuration that minimises the model’s pre
diction error. Specifically, it adjusts the mutation rate and sigma 
parameters, which control the model’s learning rate and the variance 
in weight updates. This optimisation is crucial for preventing over
fitting and ensuring the model generalises well to unseen data, as 
shown in Fig. 1(b).

3. Model Training and Fine-Tuning: The model training process in
volves an iterative approach. The neural network is trained on the 
preprocessed dataset, and the mean square error (MSE) between the 
predicted and actual wind gust values is computed. This metric 
serves as a key indicator of the model’s accuracy. The Bayesian 
optimiser iteratively refines the block sequencing and MLP archi
tecture parameters to minimise the MSE. This fine-tuning process 
ensures that the model learns the data’s inherent patterns and adjusts 
to nuances that may not be immediately apparent in the raw data. 
The sequencing block, once optimised, is defined as the static 
component of the model. This block, characterised by the optimal 
number of delays and corresponding weights, effectively encapsu
lates the influence of historical data on current predictions. The 
dynamic component, represented by the MLP, is implemented using 
MATLAB software, providing a flexible and powerful framework for 
neural network development. The final model incorporates the 
optimally tuned parameters, ensuring a balanced trade-off between 
complexity and generalisation capability.

4. Comparative Analysis and Applications: In addition to the 
detailed description of the proposed model, the subsequent sections 
provide a comprehensive analysis of the dataset, the preprocessing 
steps, and the specific configuration of the Bayesian optimisation and 
MLP components. A comparative analysis with traditional models, 
such as DT and SVR, is also presented. This comparison underscores 
the superiority of the proposed hybrid model in terms of accuracy 
and computational efficiency, highlighting its practical applicability 
in real-world wind gust forecasting scenarios.

Overall, the proposed model represents a significant advancement in 
wind gust forecasting, offering a sophisticated approach that integrates 
state-of-the-art machine learning techniques with robust optimisation 
strategies. The detailed explanation and methodological rigour aim to 
address the reviewer’s concerns and provide a clear and comprehensive 
understanding of the model’s development and potential applications.

In the following sections, we describe the dataset used in the study, 
the preprocessing procedure adopted, the sequencing block, the applied 
Bayesian optimisation method, and the MLP model employed. Addi
tionally, we provide the details of the DT and VR models used for 
comparison purposes.

2.1. Datasets acquisition

In this study, we perform an empirical analysis to forecast coastal 
wind gusts near the Gulf of Oman, using data recorded at Muscat In
ternational Airport as a representative marine-influenced site. We will 
incorporate external factors, such as the average/variation of tempera
ture, average/variation of humidity, and average wind speed, to 
enhance the accuracy of the predictor unit. We will also incorporate 
real-time meteorological information. Wind gust prediction is a complex 
task influenced by various meteorological parameters. Our study focuses 

on the following key parameters, selected for their direct impact on wind 
behaviour. 

1. Temperature: Temperature gradients contribute to atmospheric 
pressure differences, which drive wind movement. Temperature 
variations can affect thermal wind, impacting gust intensity and 
frequency.

2. Pressure: Barometric pressure is a crucial factor in predicting wind 
patterns. High-pressure systems typically indicate stable weather, 
while low-pressure systems are associated with more dynamic and 
often stronger winds, including gusts.

3. Humidity: Moisture content in the air, or humidity, affects air 
density and stability. High humidity can lead to the formation of low- 
level clouds and fog, which may dampen wind speeds, whereas dry 
conditions can enhance wind activity.

4. Wind Direction: The direction from which the wind is blowing is 
vital for understanding local wind phenomena and potential obsta
cles that could alter wind paths, thereby influencing gust 
occurrences.

These parameters were chosen based on their established signifi
cance in meteorological studies and their proven correlation with wind 
gust phenomena. By incorporating these variables, our model aims to 
achieve a more accurate and nuanced prediction of wind gusts, which is 
essential for applications in aviation, marine operations, and renewable 
energy systems.

The Civil Aviation Authority in Oman provided the dataset used in 
the analysis. The format of the dataset may vary depending on how it 
was provided, such as CSV, Excel, Google Sheets, SQL, or NoSQL. Wind 
gust measurements at Muscat International Airport are recorded using 
an automated weather station (AWS) operated by the Civil Aviation 
Authority of Oman. The primary instrument for wind speed and gust 
detection is a cup anemometer (likely compliant with WMO standards), 
mounted at a standard height of 10 m. The system reports maximum 3-s 
gusts over 10-min intervals. The measurement accuracy is approxi
mately ±0.5 m/s for mean wind speed and ±1 m/s for gusts, with a 
resolution of 0.1 m/s. Limitations include susceptibility to turbulence 
near buildings or terrain-induced effects. In contrast, advantages include 
continuous, long-term data availability with high temporal resolution 
suitable for both operational forecasting and model validation. These 
characteristics support the reliability of the 13-year dataset used in this 
study. We will specifically focus on the daily time series data from 
January 2010 to March 2023, which comprises 4840 observations.

A portion of the dataset from 2010 to 2012 is shown in Fig. 2, dis
playing the time series of the weather parameters, including tempera
ture, humidity, and wind speed. In addition, Table 1 displays a sample of 
the dataset, including the mean/maximum/minimum values of tem
perature, relative humidity, sustainability, and wind gust, for the period 
between September 1st and 10th, 2015.

The dataset provided by the Civil Aviation Authority includes 
weather-related measurements—temperature (in degrees Celsius), hu
midity (percentage of water vapour in the air), and wind conditions 
(wind speed in miles per hour)—recorded between 2010 and 2012 at 
Muscat International Airport, a coastal site influenced by marine at
mospheric dynamics near the Gulf of Oman.

The dataset will likely be labelled since the weather conditions were 
measured and recorded at specific times and locations. Each data point 
should have a timestamp and geographic location associated with it. 
This dataset has numerous potential applications, including weather 
forecasting, climate analysis, and aviation safety. Through weather data 
analysis, we can identify patterns and trends in the weather. These 
patterns and trends can be used to forecast future weather conditions 
and plan accordingly. Additionally, the weather data can be used to 
evaluate the safety of aviation operations at the airport, such as takeoffs 
and landings, under different weather conditions.
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2.2. Data preprocessing

In this study, a comprehensive data preprocessing pipeline was 
implemented to ensure the quality and reliability of the input data, 
which is critical for the accuracy of the wind gust forecasting model. The 
key steps involved are as follows. 

1. Data Cleaning and Handling Missing Values: The dataset included 
weather-related data such as temperature, humidity, and wind 
speed. Initially, the dataset was checked for missing or incomplete 
records, which were addressed using imputation techniques. Missing 
values were replaced with the mean of the available data to maintain 
consistency without introducing bias.

2. Outlier Detection and Removal: Outliers that could potentially 
skew the model’s learning process were identified and removed. 
Statistical methods, such as Z-scores and the Interquartile Range 
(IQR), were used to detect outliers, ensuring that all data points fell 
within a plausible range for weather conditions.

3. Normalisation: Normalisation was applied to ensure that the fea
tures contributed equally to the model. This step involved scaling the 

data to a range of [0, 1] using the Min-Max scaling method. Nor
malisation is crucial for the MLP model, as it improves convergence 
during training by preventing any single feature from dominating the 
learning process.

4. Feature Extraction and Selection: Relevant features were extrac
ted from the raw data, including temporal features such as the day of 
the year and hour of the day, which are significant in capturing 
seasonal and diurnal patterns in wind gust behaviour. Additionally, 
features were selected based on their correlation with wind gusts, 
ensuring that only the most predictive variables were included in the 
model.

5. Temporal Sequencing: Given the time-series nature of the data, a 
sequencing block was implemented to capture the temporal de
pendencies between past and future observations. This involved 
creating lagged variables for key features, which helped the model 
understand the influence of previous conditions on future wind gust 
events.

6. Data Splitting: The dataset was then divided into training, valida
tion, and test sets. This step was crucial for evaluating the model’s 
performance and ensuring it generalises well to unseen data. The 
training set was used to fit the model, the validation set was used to 
tune hyperparameters, and the test set was used to assess the model’s 
final performance.

2.3. Sequencing block

The standard MLP was not designed for time-series data but for 
curve-fitting purposes. Therefore, it cannot be directly used to analyse 
time-series data, such as the realised wind gust in this study. The pri
mary motivation for using the Sequencing Block is to facilitate the 
analysis of temporal patterns in time-series data, such as daily wind 
gusts. In contrast to traditional methods, such as ARIMA or LSTM net
works, the Sequencing Block offers a simpler yet highly effective 
approach to time-series forecasting. 

1. Simplicity and Computational Efficiency: The Sequencing Block 
leverages the strength of MLPs while incorporating temporal infor
mation through delays and weights. This approach is computation
ally less intensive than deep learning models, such as LSTM. It is 
suitable for applications where computational resources are limited 
or rapid deployment is required.

2. Flexibility in Capturing Temporal Dependencies: The method 
involves two key hyperparameters: the number of delays and the 
associated weights, which dictate how past values influence the 
current value of a variable (e.g., wind gust). These hyperparameters 

Fig. 2. Dataset representing coastal weather conditions—temperature, humidity, and wind—recorded from 2010 to 2012 at Muscat International Airport, located 
near the Gulf of Oman and influenced by sea–land breeze dynamics.

Table 1 
The descriptive statistics of the data.

Date Air temperature (◦C) Relative humidity 
(%)

Wind speed (miles/ 
hour)

Mean Max Min Mean Max Min Mean 
speed

Max 
gust

01-sep- 
2015

33.3 39.1 29.8 69 93 44 6 17

02-sep- 
2015

32.6 36.4 29.1 76 91 44 7 26

03-sep- 
2015

31.8 34.6 30.3 84 94 74 7 17

04-sep- 
2015

30.8 33.6 25.7 77 91 58 8 43

05-sep- 
2015

29.5 31.7 27.7 79 89 69 5 17

06-sep- 
2015

31.5 36.9 27.6 67 86 42 4 14

07-sep- 
2015

34.8 39.6 29.5 50 79 34 5 14

08-sep- 
2015

35.7 40.5 33.9 42 68 29 7 19

09-sep- 
2015

34.8 37.6 32.0 46 65 28 7 21

10-sep- 
2015

34.1 37.6 30.9 54 76 33 5 17
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are fine-tuned using Bayesian optimisation, allowing the model to 
adaptively capture complex temporal patterns without requiring 
extensive manual tuning.

3. Robustness and Generalisation: Unlike ARIMA, which requires 
stationarity in the data and can be sensitive to noise, the Sequencing 
Block approach, combined with Bayesian optimisation, enhances the 
robustness of the model. It can generalise well across different 
datasets, as demonstrated by our case study on wind gust forecasting 
at Muscat International Airport.

We combine the MLP with a sequencing block to handle the time- 
series data. Two hyperparameters are related to this procedure, 
namely, the number of delays and weights, which specify how the cur
rent value of the wind gust depends on the previous days’ wind gusts. 
We use an input matrix to predict the wind gust on a specific day, and 
the number of delays is determined using the Bayesian optimiser, as 
shown in Fig. 1(a). The optimiser is targeted to minimise the MSE be
tween the actual and predicted testing data. 

x̂i = [ x̂i− d ⋯ x̂i− 1 x̂i ] (1) 

where x̂i denotes the input vector on the day i and d represents the 
number of delays.

Additionally, we incorporate weight to emphasise the importance of 
past data relative to current data. Specifically, we adhere to the parsi
mony principle and use a single weight, denoted as w. We modify Eq. (1)
slightly using the weight parameter to increase the sensitivity of the 
dataset for the network as follows: 

x̂i =
[
wdx̂i− d ⋯ w1 x̂i− 1 w0 x̂i

]
(2) 

The two hyperparameters, d and w are obtained using the Bayesian 
optimisation method for sequencing. Additionally, we incorporate the 
external states provided in Fig. 2 and Table 2 into Eq. (2) to reduce the 
system’s complexity in predicting wind gusts using the proposed 
method. The modified equation is as follows: 

x̂i =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎣

wd × x̂i− d ⋯ w1 × x̂i− 1 w0 x̂i
wd × Ave(Ti− d) ⋯ w1 × Ave(Ti− 1) w0 × Ave(Ti)

wd × Var(Ti− d) ⋯ w1 × Var(Ti− 1) w0 × Var(Ti)

wd × Ave(Hi− d) ⋯ w1 × Ave(Hi− 1) w0 × Ave(Hi)

wd × Var(Hi− d) ⋯ w1 × Var(Hi− 1) w0 × Var(Hi)

wd × Ave(Si− d) ⋯ w1 × Ave(Si− 1) w0 × Ave(Si)

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎦

(3) 

where T, H, and S indicate the temperature (○C), humidity (%), and 
wind speed (miles/hour), respectively. Also, Ave and Var are functions 
to extract the average and variation of the parameters.

A 1-day-ahead prediction of wind gusts is obtained as the output yi of 
the neural network as follows: 

yi = x̂i+1 (4) 

In the current study, we consider three different neural network archi
tectures, namely, the MLP, DT, and SVR, which are described as follows.

2.4. Decision tree (DT)

DT is a data mining technique for classification and regression tasks 
in machine learning. The type of task depends on whether the target 

variable is categorical or continuous (Myles et al., 2004). DT comprises 
nodes and lines, with two types of nodes: branch and leaf nodes. The 
lines represent the decision pathways between parents and children.

The logic of DT involves splitting data based on conditions and 
passing inputs to its children, using a binary or ternary decision. This 
process continues until the data reaches the leaf nodes, where the final 
prediction results are obtained. The most popular DT algorithms are 
C4.5, classification and regression trees (CART), and Chi-squared auto
matic interaction detection (CHAID) (Timofeev, 2004; van Diepen and 
Franses, 2006; Perner et al., 2001).

DT has an advantage over traditional prediction models because it 
can produce logical statements or interpretable rules that are easy to 
understand. This study employs the CART model, which uses a 
nonparametric regression based on recursive partitioning for wind gust 
forecasting.

The DT is employed in our model primarily for regression tasks, 
predicting continuous outcomes—in this case, wind gusts. The DT’s 
hierarchical structure allows it to handle nonlinear relationships by 
recursively partitioning the dataset based on feature values. In our 
proposed model, the DT takes as input a set of features derived from 
time-series data, including historical weather data (such as temperature, 
humidity, and wind speed). Each node in the tree represents a decision 
based on one of these features, with the tree’s branches leading to 
further decisions or terminal nodes, which represent the final output or 
predicted value. The criterion for splitting nodes (e.g., MSE reduction in 
regression) is chosen to optimise the prediction accuracy of wind gusts. 
For instance, in predicting wind gusts, the DT model analyses historical 
patterns in the data and splits the dataset at each node based on the most 
informative features. This recursive partitioning continues until a stop
ping criterion is met (such as a minimum number of samples per leaf or a 
maximum tree depth), resulting in leaf nodes that provide the forecasted 
wind gust speed. The key advantage of using a DT in our model lies in its 
interpretability and ability to handle interactions between features 
without requiring extensive data preprocessing. By visualising the tree, 
we can derive if-then rules that describe how different weather condi
tions lead to varying wind gust intensities, which can be particularly 
useful for decision-making and risk assessment in meteorological 
applications.

Within the hybrid model framework, the DT complements other 
models, such as the MLP and SVR, by providing a different approach to 
capturing patterns in the data. Specifically, the DT’s ability to model 
complex, nonlinear relationships and interactions between features en
hances the robustness of the ensemble predictions made by the hybrid 
model. During the model’s operation, predictions from the DT are 
combined with those from the MLP and SVR to produce a final ensemble 
forecast that leverages the strengths of each method.

2.5. Support vector regression (SVR)

The SVR is a machine-learning technique introduced by Cortes and 
Vapnik (Boser et al., 1992). It has gained popularity in meteorology due 
to its ability to handle both linear and nonlinear time-series data 
effectively. It falls under supervised learning techniques and can be used 
for classification and regression tasks. The SVR is particularly suitable 
for small datasets with a nonlinear structure and can be applied to 
several applications, including approximation. This study uses an SVR 
based on polynomial regression for wind gust forecasting. We rearrange 
the Data for SVR as follows: 

D={(x1, y1), (x2, y2),⋯, (xn, yn)}, xi ∈Rm, yi ∈R, i=1,2, ..., n (5) 

The goal of SVR is to find a regressor function f(x) that has a 
maximum deviation of ε from the observed targets yi, while also being as 
flat as possible. This way, errors lower than ε are acceptable, but de
viations more significant than this are not tolerated. We can consider the 
case where the regression function is a hyperplane: 

Table 2 
Parameters of the SVR, DT, and B-MLP.

Method Parameters

SVR Kernel regression = “fitrkernel”; Standardize = “true”
DT Categorical predictors = 4; Minimum parent size = 5; Maximum number 

of splits = 5
B-MLP Number of delays = 2; Weight = 1.3783; Number of layers = 2; Number of 

neurons = 21; Mutation = 5.00 × 10-3; Sigma = 1.0194 × 10-9
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f(x)= 〈v|x〉 + b (6) 

where v is the so-called support vector.
To ensure the flatness of the hyperplane, we determine v for solving 

the following optimisation problem as follows (van Diepen and Franses, 
2006): 

min
1
2
‖v‖2 (7) 

subject to 

yi − 〈v|xi〉 − b ≤ ε + θi , i = 1,2,…,n (8) 

〈v|xi〉 − b − yi ≤ ε + θ*
i , i = 1,2,…,n (9) 

θi , θ*
i ≥ 0 (10) 

The above problem can be solved using the Lagrange multiplier 
technique.

This study uses SVR as a core component for wind gust forecasting 
due to its robustness in handling small datasets with nonlinear struc
tures. The polynomial kernel function captures the complex relation
ships between the input features and the wind gust outputs. This choice 
of kernel is based on empirical evidence demonstrating its superior 
performance in terms of prediction accuracy compared to other kernel 
functions, such as Gaussian or radial basis functions. To train the SVR 
model, the input data D is first preprocessed to normalise the range of 
values and ensure uniform scaling across features. The model then at
tempts to find a hyperplane in the transformed feature space that min
imises the prediction error while keeping the model complexity low, as 
defined by the regularisation term. This regularisation helps to prevent 
overfitting, making the model more generalizable to unseen data. In our 
integrated model, the SVR is a complementary method alongside the DT 
and MLP models. The hybrid approach leverages the strengths of each 
model, with SVR providing a robust solution for capturing nonlinear 
trends in the wind gust data. The final output of the model is a weighted 
ensemble of predictions from the SVR, DT, and MLP, where the weights 
are determined based on the performance of each model during the 
validation phase.

However, other regressor functions can be used instead of the hy
perplane in Eq. (6) to improve the predictive ability during training. The 
Gaussian kernel, radial basis, and sigmoid functions are the most com
mon regressors. Our empirical application found that the polynomial 
regressor yields the highest prediction accuracy among all these 
functions.

2.6. Multilayer perceptron (MLP)

The perceptron neural networks were developed in the 1950s. They 
were initially used as basic binary classification methods for categoris
ing inputs. At the time, the perceptron was not an algorithm but a ma
chine, and Rosenblatt invented the first perceptron in hardware 
(Rosenblatt, 1957). MLPs with a single hidden layer are often referred to 
as "vanilla" (Hastie et al., 2009).

This study uses MLPs with various arrangements of hidden layers, 
which combine input and output layers. Apart from the input nodes, the 
neurons use a nonlinear activation function. In the training phase, we 
obtain the network parameters, such as weights and biases, by mini
mising the mean absolute error (MAE) between the predicted and real
ised wind gust. We use a gradient-based optimisation algorithm, 
specifically stochastic gradient descent, to solve the minimisation 
problem. We calculate the error gradient with respect to weights and 
biases using a backpropagation technique. The entire procedure is 
summarised below.

The activation function can be defined as follows: 

f(x)=
1

1 + e− x (11) 

In the first step of the backpropagation method, the error term (εs
k) of the 

kth neuron in the sth layer is calculated as follows: 

εs
k =

⎧
⎪⎪⎨

⎪⎪⎩

tk − os
k, s = M

∑Ns+1

j=1
ws+1

jk δs+1
j , s = 1, 2,…,M − 1

(12) 

where M is the number of hidden layers. Also, tk, os
k, ws+1

jk , and δs+1
j are 

the kth target vector’s value, the output of the jth neuron in the sth layer, 
the synaptic weight of the jth neuron in the (s+1)th layer, and the local 
gradient of the jth neuron in the (s+1)th layer. Ns+1 is the number of 
neurons in the (s+1)th layer.

The local gradient can be calculated as follows: 

δs+1
j = εs+1

k fʹ
(
Hs+1

k
)
, s=1, 2,…,M (13) 

where εs+1
k is the error term of the kth neuron in the (s+1)th layer. The 

derivative of the activation function is shown as fʹ
(
Hs+1

k
)

based on the 
weighted input sum.

During the gradient descent optimisation process, the weights in the 
(s+1)th layer are updated as follows: 

ws+1
kj := ws+1

kj +Δws
kj + … + Δws

kj ηδs+1
k os

j , s = 1,2,…,M (14) 

where k = 1, 2, …, Ns+1, j = 1,2,…,Ns η, and η is a free parameter, 
which is also known as the learning rate.

The MLP in the proposed model is designed to handle time-series 
data, with a particular focus on forecasting wind gusts. Here’s how it 
works. 

1. Input Representation: The input data comprises historical wind 
gust measurements and other meteorological factors, such as tem
perature and humidity. The data is normalised and structured into 
blocks containing sequential observations to capture temporal 
dependencies.

2. Network Architecture: The MLP architecture comprises multiple 
hidden layers, enabling the model to learn complex, nonlinear re
lationships within the data. Each neuron in these layers uses a 
nonlinear activation function, specifically the sigmoid function, to 
introduce nonlinearity into the model. This helps in capturing 
intricate patterns that linear models might miss.

3. Training Process: The MLP is trained using stochastic gradient 
descent (SGD) to minimise the mean absolute error (MAE) between 
predicted and actual wind gust values. The backpropagation algo
rithm calculates the gradients of the error concerning the weights 
and biases, which are then updated iteratively to minimise the error.

4. Sequencing Block Integration: A unique feature of the model is the 
inclusion of a Sequencing Block, which is tailored to handle the time- 
series nature of the data. The Sequencing Block incorporates delays 
and weights that represent the influence of past data on current 
predictions. This block enables the MLP to consider temporal pat
terns effectively.

5. Hyperparameter Optimisation: Bayesian Optimisation is 
employed to optimise the model’s hyperparameters, including the 
number of layers, neurons per layer, delays, and weights. This pro
cess ensures that the MLP structure is fine-tuned for maximum pre
dictive accuracy and efficiency, reducing overfitting and enhancing 
generalisation capabilities.

6. Output and Prediction: The final output layer provides the pre
dicted wind gust values. The model’s accuracy is assessed by 
comparing these predictions with the actual data, and the model is 
refined further if necessary.
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2.7. Bayesian Optimisation method

Bayesian optimisation is a global optimisation algorithm that mini
mises an objective function, which can be either stochastic or deter
ministic, based on the probability distribution of the system’s states 
(Pelikan et al., 1999). The algorithm utilises Bayes’s theorem [40] to 
handle integers, continuous real values, or categorical states. It is a 
powerful tool for automatically tuning machine learning models to 
achieve high accuracy. Since the exact functional form of the objective 
function is unknown, Bayesian optimisation treats it as a random func
tion. It places a prior distribution over it, typically a Gaussian distri
bution. The algorithm iteratively updates the posterior distribution over 
the objective function using function evaluations. The following evalu
ation point is chosen by constructing an acquisition function based on 
the objective value.

We apply Bayesian optimisation to accomplish two tasks: optimising 
the number of delays and weights in the sequencing block, and finding 
the optimal hyperparameters of the MLP, i.e., the number of layers, the 
number of neurons, and the learning rate. We search for the optimal 
parameters of the sequencing block and the optimal hyperparameters of 
the MLP in a vast domain: the number of delays may be between 1 and 
100, the weight may be between 0.5 and 10, the number of layers may 
be between 1 and 20, the number of units may be between 1 and 400, the 
mutation rate may be between 5.0 × 10-3 and 7.0 × 10-3, and the sigma 
rate may be between 1.0 × 10-6 and 1.5 × 10-6.

As the objective function J of the Bayesian optimisation algorithm, 
we use the MSE between the realised and the predicted wind gust as 
follows: 

J=MSE(T − P) (15) 

where T and P are the targets and predicted output vectors during the 
training/testing process of the network.

In the Bayesian Optimisation process, the Multilayer Perceptron 
(MLP) hyperparameters were optimised by exploring a predefined 
parameter space. The specific ranges for each hyperparameter were: End 
Delay = 1 to 100, Weight = 0.5 to 10, Number of Layers = 1 to 10, 
Number of Neurons = 1 to 100, Mu (Mutation Rate) = 0.005 to 0.007, 
and Sigma = 1e-6 to 1.5e-6. These ranges were selected to cover a broad 
spectrum of potential configurations, allowing the Bayesian Optimisa
tion algorithm to identify the most effective hyperparameter values for 
minimising the mean squared error (MSE) during training. The optimi
sation process involved iterating through different combinations within 
these ranges, using the bayesopt function in MATLAB to converge on an 
optimal set of parameters.

3. Results and discussion

We test and compare the DT, SVR, and B-MLP in forecasting the 
Muscat International Airport wind gust based on the time series dataset 
from 2010 to 2023. All the numerical experiments are performed using 
MATLAB software. Specifically, to fit the RT and SVR, we employ the 
fitrtree.m and fitrsvm.m functions, respectively. Moreover, to imple
ment the Bayesian optimisation method, we use the bayesopt.m 
function.

3.1. Verification

We tabulate the parameters passed to the fitrtree.m and fitrsvm.m 
functions (specifying the DT and SVR procedures) in Table 2. This table 
also reports the optimal block sequencing parameters and the optimal 
hyperparameters of the B-MLP.

Fig. 3(a–b) illustrates the minimisation process of the fitness function 
using the proposed Bayesian optimisation unit to extract the optimal 
sequencing parameters and MLP’s hyperparameters, respectively. Fig. 3
(a) shows the extracted mean of the model, observation points, next trial 
point, and feasible minimum point. It shows that increasing the delay 
number decreases the model’s accuracy. The rate of decrease in model 
accuracy with respect to the delay number is higher for a lower weight 
than for a higher weight. The extracted optimal parameters for the 
sequencing part of the model are 2 for the number of delays and 1.3783 
for the weight.

On the other hand, Fig. 3(b) illustrates the fitness function behaviour 
of the Bayesian optimisation method in determining the optimal 
hyperparameters of the MLP. It converges to the optimal point after 241 
trials with a value of 1.9221. The extracted optimal hyperparameters are 
2, 21, 5.00 × 10− 3, and 1.0194 × 10− 9 for the number of hidden layers, 
number of neurons, mutation rate, and Sigma, respectively.

3.2. Validation

We test the performance of the proposed machine learning ap
proaches using the correlation coefficient between input and output 
(CC). 

CC=

∑n

i=1
(xi+1 − x)(yi − y)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(xi+1 − x)2

(yi − y)2

√ (16) 

We also use four error measures, namely, the MSE, the root MSE 
(RMSE), and the coefficient of determination (R2): 

Fig. 3. The fitness function is computed using the Bayesian optimisation iterative procedure. (a): fitness function for the block sequencing parameters; (b): fitness 
function for the hyperparameters of the proposed B-MLP.
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MSE=
1
n
∑n

i=1
|yi − ŷi| (17) 

MSE=
1
n
∑n

i=1
(yi − ŷi)

2 (18) 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(yi − ŷi)

2

n

√
√
√
√
√

(19) 

R2 =1 −

∑
(yi − ŷi)

2

∑
(yi − y)2 (20) 

where n, xi, x, yi, y, and ŷi are the number of observations in the 
considered samples, the ith input, the mean of the inputs, the ith 
observed output, the mean of the observed output, and the ith predicted 
value, respectively. It should be noted that the input denotes the actual 
wind gust. At the same time, the output represents the predicted wind 
gust using the three investigated methods.

Table 3 shows the results obtained during the training and testing 
stages, where the performance of the three investigated methods was 
evaluated. Notably, 70 % of the dataset is used for training (3261 ob
servations) and 30 % for testing (1398 observations). The results show 
that the SVR algorithm performs poorly among the three investigated 
methods, with the lowest values of CC and R2 and the highest values of 
MSE and RMSE during both the training and testing stages. The DT al
gorithm is the second most accurate among the investigated models, 
with correlation CC and R2 values of 7.52 × 10− 1 and 5.66 × 10-1, 
respectively, during the training stage.

During testing, the DT algorithm achieved a CC and R2 of 7.77 ×
10− 1 and 6.04 × 10− 1, respectively. The B-MLP algorithm outperformed 
the other models, achieving the highest CC and R2 values of 8.17 × 10− 1 

and 6.67 × 10− 1 during the testing stage. Compared to DT, B-MLP 
showed improvements of 5.85 % and 11.84 % in CC and R2, respectively, 
during the testing stage.

Although achieving high levels of accuracy during the training stage 
is important, the ultimate goal of machine learning is to obtain accurate 
predictions during the testing stage. Therefore, the performance of the 
investigated models was evaluated based on their accuracy during the 
testing stage, as shown in Table 3. As shown in Table 3, the B-MLP al
gorithm provides the best performance in the testing stage.

The B-MLP algorithm outperforms the other models in terms of ac
curacy during the testing stage, with a CC of 8.17 × 10− 1, which is much 
higher than the CC value provided by the SVR algorithm (3.18 × 10− 2) 
and 5.14 % higher than the CC value provided by the DT algorithm 
(7.77 × 10− 1). Furthermore, the B-MLP algorithm achieves an R2 of 
6.67 × 10− 1 during the testing stage, which is higher than those of the 
SVR (0.61 × 10− 1) and DT (0.04 × 10− 1) algorithms. Additionally, the 
MSE and RMSE of the B-MLP algorithm are consistently much lower 
than those of the DT and SVR algorithms during the testing stage, as 
shown in Table 3. The MAE results further support this, with the B-MLP 
achieving the lowest MAE (2.075) compared to DT (2.259) and SVR 
(4.170) during testing.

Fig. 4(a–c) shows the error histogram of the three investigated SVR, 

DT, and B-MLP models during the testing stage. Fig. 4(a) reports the 
error histogram of the DT during the testing stage, with a mean and 
standard deviation equal to 2.26 and 2.04 (miles/hour), respectively. 
The distribution of the error histogram for the DT model exhibits 
random behaviour, as shown in Fig. 4(a). Fig. 4(b) shows the error 
histogram of the B-MLP in the testing stage, with mean and standard 
deviation equal to 4.17 and 4.01 (miles/hour), respectively. The dis
tribution of the error histogram for the SVR model exhibits right-skewed 
behaviour, as shown in Fig. 4(b). Fig. 4(c) shows the error histogram of 
the B-MLP in the testing stage, with a mean and standard deviation equal 
to 2.08 and 1.87 (miles/hour), respectively. The distribution of the error 
histogram for the B-MLP model exhibits random behaviour, as shown in 
Fig. 4(c).

Fig. 5(a–c) shows the scatter plot of three investigated models (e.g., 
SVR, DT, and B-MLP) during the training and testing stages of the 
models. Fig. 5(a) displays the scatter plot of the DT for both the training 
and testing stages, with an R-squared value of 0.75272. The DT model is 
the second most accurate model among the three investigated models for 
predicting wind gusts. Fig. 5(b) illustrates the scatter plot of the SVR for 
the training and testing stages with an R2 of 0.01532. The SVR model is 
the least accurate among the three investigated models for predicting 
wind gusts. Fig. 5(c) depicts the scatter plot of the B-MLP for the training 
and testing stages with an R2 of 0.79665. The B-MLP model is the most 
accurate for predicting wind gusts among the three models investigated 
in this study.

Fig. 6 (a, b, c) shows the actual and predicted 1-day ahead wind gust 
predictions using DT, SVR, and B-MLP during testing, respectively. Fig. 6
(a) illustrates that the DT model is considerably inaccurate in testing due 
to the complex and stochastic nature of wind gust time-series data. The 
model’s inability to capture the unpredictable and dynamic behaviour of 
the wind gusts is evident from the deviation between the predicted and 
actual wind gust values in the graph. The proposed B-MLP can handle 
the complex and stochastic trends of the data, as shown in Fig. 6(c), due 
to the highly efficient sequencing block and Bayesian parameter opti
misation. Moreover, Fig. 6(b) shows the actual and predicted 1-day 
ahead wind gust prediction using SVR with a CC value of 0.0318.

Fig. 7 shows the error between the actual and predicted wind gusts 
using the three investigated models (DT, SVR, and B-MLP). Based on the 
presented results, the MSE between the actual and predicted wind gust 
during the testing process using B-MLP is 76.78 % lower than that of the 
SVR model. Additionally, the MSE between the actual and predicted 
wind gusts during the testing process using B-MLP is 16.16 % lower than 
that of the DT model. Additionally, the RMSE between the actual and 
predicted wind gusts during the testing process using B-MLP is 51.81 % 
lower than that of the SVR model. Furthermore, the RMSE between the 
actual and predicted wind gusts during the testing process using B-MLP 
is 8.52 % lower than that of the DT model.

To evaluate the statistical significance of the differences in model 
performance, we conducted paired t-tests on the MAE values derived 
from 10 independent runs of each model. The tests were performed 
using MATLAB, as per the code snippet provided below. The MAEs were 
calculated between the predicted outputs and ground truth values for 
each model: DT, SVM, and the proposed B-MLP. The results indicate that 
the difference between DT and MLP was not statistically significant (p =
0.601, h = 0). In contrast, the differences between MLP and SVM (p ≈

Table 3 
The results of the three investigated methods (SVR, DT, and B-MLP) are presented.

Parameters MAE CC MSE (miles/hour) RMSE (miles/hour)

SVR Training 4.547 8.00 × 10− 3 3.87 × 101 6.22
Testing 4.170 3.18 × 10− 2 3.35 × 101 5.79

DT Training 2.264 7.52 × 10− 1 1.08 × 101 3.29
Testing 2.259 7.77 × 10− 1 9.28 3.05

B-MLP Training 2.069 7.96 × 10− 1 9.13 3.02
Testing 2.075 8.17 × 10− 1 7.78 2.79
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1.27e-08, h = 1), and between DT and SVM (p = 0, h = 1) were statis
tically significant at the 95 % confidence level. These findings confirm 
that the MLP model significantly outperforms SVM. At the same time, its 
improvement over DT, although numerically evident, is not statistically 
significant based on the current sample. This statistical validation sup
ports the robustness of the proposed model and adds confidence to the 
observed prediction gains.

To further assess the reliability of the model performance estimates, 
95 % confidence intervals (CIs) were computed for the MAE of each 
forecasting model using the standard normal approximation. The con
fidence interval for the DT model was extremely narrow, with a mean 
MAE of approximately 2.259 and a 95 % CI of [2.2591, 2.2591], indi
cating highly consistent error across runs. For the SVM, the MAE was 
significantly higher, with a 95 % CI of [4.1731, 4.1731], showing less 
variability but overall poorer performance. The proposed B-MLP model 
yielded a mean MAE within a 95 % CI of [2.1221, 2.5009], reflecting 
improved accuracy and moderate variation across test runs. These in
tervals support the conclusion that the MLP model provides a more ac
curate and robust forecast than SVM and performs comparably to DT, 
with slightly wider variability due to its more complex structure.

A T-test is performed for the proposed B-MLP model with 1000 trials 
to evaluate the model’s robustness. The extracted results, including the 
minimum, maximum, and mean of the predicted B-MLP after 1000 tri
als, are shown in Fig. 8. The represented result shows that the actual 
wind gusts are always within the range of the predicted values. Addi
tionally, the mean exhibits an excellent fit with the actual wind gust, 
with CC and R2 values of 0.83502 and 0.47476, respectively.

In addition to comparing our proposed B-MLP model with traditional 
machine learning models such as SVR and DT, we also examined results 
from recent literature employing advanced deep learning architectures, 
including Long Short-Term Memory (LSTM) and Gated Recurrent Units 
(GRU). For example, Xu and Wei (2022) achieved a Mean Absolute Error 
(MAE) of 0.487 m/s using LSTM-CNN for 1-min-ahead forecasting. Xing 
et al. (2024) integrated attention mechanisms into LSTM and reported 
improved prediction accuracy for longer horizons. Our proposed B-MLP 
model, designed for 1-day-ahead coastal wind gust prediction, achieved 
an MAE of approximately 0.927 m/s (2.075 miles/hour) and a 

correlation coefficient (CC) of 0.817, outperforming SVR and DT. While 
LSTM/GRU-based methods are powerful for sequence modelling, they 
often require substantial training time and fine-tuning. In contrast, the 
B-MLP approach offers a computationally efficient, scalable, and accu
rate alternative for medium-range wind forecasting, with added inter
pretability and reduced complexity due to the integrated block 
sequencing and Bayesian optimisation framework (Table 4).

The results above prove the efficiency of the B-MLP in predicting 
wind gusts with higher accuracy compared with traditional machine 
learning methods, including SVR and DT. In addition, an optimised 
sequencing block is added to the model to decrease the dataset’s 
complexity for the developed B-MLP model. The validation parameters, 
CC and RMSE, are used to compare the extracted results obtained using 
three investigated methods, which lead to higher CC and lower RMSE 
values for B-MLP compared with DT and SVR.

The practical applications of this research are extensive, particularly 
in fields that require precise predictions of wind gusts. The proposed 
method enhances flight safety and efficiency for aviation by providing 
accurate turbulence forecasts. In the renewable energy sector, it helps 
optimise wind turbine operations, reducing maintenance costs and 
improving energy output. Additionally, this method can be used in 
urban planning and construction, where wind effects on structures are a 
concern. Overall, the proposed method provides a robust tool for 
decision-making in various wind-sensitive operations.

4. Conclusion

Accurate prediction of wind gusts is critical for ensuring the safety of 
passengers and crew during operations at airports and seaports. Tradi
tional machine learning methods, such as decision trees (DT) and sup
port vector regression (SVR), are commonly employed to predict time 
series signals, including wind speed. However, traditional machine 
learning models such as DT and SVR often suffer from overfitting, 
limited robustness, sensitivity to small variations, and reduced inter
pretability. While traditional methods such as DTs or random forests are 
commonly used for forecasting weather time series signals, their accu
racy is often inaccurate for modern international ports.

Fig. 4. The error histogram during the testing stage of the proposed investigated models, including (a): DT; (b): SVR; (c): B-MLP, for the prediction of wind gusts.
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The proposed model, called Bayesian-multilayer perceptron (B- 
MLP), combines an optimised sequencing block and an optimised MLP. 
A global (Bayesian) optimisation technique is applied to compute the 
optimal sequencing parameters and the MLP’s indices. This aims to 
address the issues related to higher accuracy, robustness, overfitting, 
and sensitivity to small variations in existing studies within the domain. 
The proposed approach is validated and compared with two traditional 
machine learning models, SVR and DT, in predicting the daily wind 
gusts of Muscat International Airport from January 2010 to March 2023. 
The predictive power of the proposed model is evaluated using various 
indicators, including CC, MSE, RMSE, and R2.

The proposed B-MLP model achieved the highest forecasting accu
racy and lowest error among all compared models, with a remarkable 
98.07 % correlation coefficient, owing to its ability to capture the 
complex, dynamic behaviour of wind gusts through optimised 
sequencing and Bayesian-tuned architecture. Additionally, to assess the 
model’s robustness, we performed a T-test that demonstrated the 

model’s resilience to the permutation of the days in the data sample 
considered. This quantifiable improvement highlights the effectiveness 
of integrating block sequencing with Bayesian optimisation as a novel 
strategy for reducing prediction errors and enhancing model accuracy in 
wind gust forecasting. The key findings of the research include the sig
nificant improvement in forecasting accuracy achieved through the 
proposed B-MLP model. The research also highlights the importance of 
selecting optimal hyperparameters in enhancing model performance. 
Specifically, applying this method to wind gust data from Muscat In
ternational Airport demonstrated superior accuracy, showcasing its 
potential for broader applications.

Despite its promising results, this study has some limitations. The 
model was trained and validated using data from a single coastal station, 
which may limit its generalisability to other geographical regions or 
inland environments. Additionally, the current framework uses univar
iate time-series input, which does not account for the influence of other 
meteorological variables. Future studies could extend this work by 

Fig. 5. The regression performance of the three investigated models, including (a): DT; (b): SVR; and (c): B-MLP, during both training and testing stages for the 
prediction of wind gusts.
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Fig. 6. The actual and predicted 1-day ahead wind gust during testing using (a): DT; (b): SVR; and (c): B-MLP.

Fig. 7. The error between the actual and predicted 1-day ahead wind gusts using DT, SVR, and B-MLP.
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incorporating multivariate inputs, applying the model to multiple lo
cations, and integrating physical atmospheric models to enhance 
robustness and predictive performance.
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