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ABSTRACT
Wind energy is crucial for reducing fossil fuel dependence and promoting sustainability. Offshorewind farms (OWFs) benefit from
higher, stable wind speeds but pose challenges such as harmonic distortion and voltage fluctuations when integrated into power
grids. This study develops an advanced model for accurate harmonic forecasting in OWFs using permanent magnet synchronous
generators (PMSG). Real meteorological data from Zonguldak and Sinop in the Black Sea region of Turkey were used to simulate
power output, voltage, and current waveforms. Harmonic components, including total harmonic distortion for voltage (THDV)
and current (THDI), were extracted and predicted. Various machine learning (ML) and deep learning (DL) algorithms were
applied, including Linear Regression, Decision Tree, Random Forest, Gradient Boosting, XGBoost, KNeighbors, LSTM, GRU, and
CNN. Additionally, hybrid ML-DLmodels were explored to enhance forecasting accuracy. A comparative analysis of these models
demonstrated their effectiveness in improving harmonic prediction. Results indicate that hybrid models, particularly LSTM+GB
and GRU+GB, improve harmonic forecasting accuracy by reducing RMSE by approximately 15% compared to traditional ML
methods. This enhancement contributes to better power quality management and grid stability, making offshore wind farms
more viable for large-scale renewable energy integration. The findings of this research provide a fundamental basis for future
investigations into offshore wind harmonic forecasting.

1 Introduction

As the world strives for carbon neutrality, renewable energy is
becoming increasingly important. Offshore wind, known for its
abundance and reliability, is at the forefront of this transition.
Energy companies are investing heavily in renewables, and
policymakers are supporting the adoption of new technologies.
Offshore wind is growing rapidly because of its greater energy
potential and less intrusive appearance relative to onshore wind
farms [1, 3]. The rise of floating wind turbines is making previ-

ously inaccessible wind resources available, further fueling the
expansion of offshore wind. Both the number and size of offshore
wind farms (OWFs) continue to increase. Wind power plants
(WPPs) play a key role in delivering high-quality energy. Ensuring
stable voltage and frequency, minimal disturbances, and low
harmonics is essential for system reliability [4, 5]. However,
integrating WPPs into the main grid raises concerns about
harmonic distortion [6]. Type 4 wind turbine generators (WTGs)
use controlled back-to-back power electronic converters, which
introduce harmonics. These harmonics can cause transformer
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overheating, circuit breaker tripping, and protection device mal-
functions. They also reduce equipment lifespan. Minimizing
harmonics is crucial for power quality, following IEEE 519-2014
and IEC 61000 standards [7, 8]. Indices such as THDV and THDI
measure voltage and current harmonics.

Furthermore, forecasting plays a critical role in mitigating har-
monics during the integration of large-scale offshore wind farms.
It facilitates the design of harmonicmitigation solutions to ensure
compliance with IEEE-519 standards. The objective is to create
a novel forecasting model that provides precise and dependable
harmonic predictions for offshore wind farms. PMSG configura-
tions are used for this purpose. Real-world meteorological data
from Zonguldak and Sinop, two locations in Turkey’s Black Sea
region, serve as input [9]. Also, the Black Sea presents a high
potential for offshore wind energy development, with studies
estimating Turkey’s technical offshorewind capacity in the region
to be 90 GW [10]. Its uniquemeteorological conditions, including
stable wind speeds and minimal wave heights compared to
other seas, make it a strategic location for offshore wind farm
deployment [11]. Additionally, the World Bank has identified the
Black Sea as having 435 GW of total offshore wind potential,
emphasizing the need for investment in infrastructure and grid
integration [12]. Given these factors, this study focuses on the
Black Sea as a representative case study for offshore wind
harmonics forecasting and power quality assessment.

Furthermore, wind speed data is used to simulate output power
and generate current and voltage waveforms. Harmonics are
extracted from these waveforms for analysis, arrangement, and
future forecasting. Total harmonic distortion (THD) is specifically
predicted for current and voltage. Different artificial intelligence
models are applied for THD prediction. Machine learning mod-
els include Linear Regression, Decision Tree, Random Forest,
Gradient Boosting, AdaBoost, XGBoost, and KNeighbors Regres-
sor. Deep learning models such as long short-term memory,
gated recurrent unit, and convolutional neural network are
also utilized.

Additionally, to improve prediction performance, hybrid models
were introduced. These models integrate machine learning (ML)
techniques [13], using outputs from deep learning (DL) models
[14, 17] as inputs. This study compared the effects of different
artificial intelligence techniques on THDV and THDI estimation.
Weather records collected from two locations in Turkey’s Black
Sea region were utilized. The results highlight the impact of
various algorithms on the precision of the forecasts.

This study began with an introduction, discussing the global shift
toward carbon neutrality and the power quality challenges of
offshore wind farm integration. The literature overview summa-
rized the current state of knowledge. The motivation chapter
explained the study’s significance. The data preparation chapter
covered offshore wind farm simulation, data generation, and
harmonic analysis using meteorological data. Deep learning
and machine learning models were discussed in relation to
harmonic prediction. Experiments and results were presented,
including comparative analyses of these models. The conclusion
emphasized the potential of hybridmodels for accurate harmonic
forecasts. The study ended with a references section listing the
cited sources.

2 Literature Overview

In the literature, several studies are presented about harmonic
forecasting for power generation systems [18, 26]. In one of
the referenced studies [18], a methodology is introduced for
forecasting voltage THD using data obtained from a limited
number of smart meters. This approach enables the provision of
power quality indices to operators without requiring additional
infrastructure. Various forecasting algorithms, including artificial
neural networks, are applied and compared. The effectiveness
of the proposed method is validated using measurements from
household devices on a European low-voltage test feeder. Also,
in [19], the study presents six hybrid forecasting models combin-
ing artificial neural networks (ANN) and adaptive neuro-fuzzy
inference system (ANFIS) for precise harmonics prediction in
renewable energy systems (RES). Utilizing real-world data from
generators with double-fed induction generator (DFIG) and
PMSG, themodels aim to improve harmonics forecasting. Results
show that model-3 and model-6 are the most effective and
consistent in predicting harmonics.

Moreover, the study [20] develops a novel forecasting model
for harmonics in RES using wind turbines with DFIG and
PMSG combined with Solar PV. Real-world meteorological data
are used to simulate and analyze harmonics in voltage and
current waveforms. Results show that ANFIS is themost effective
for forecasting Total Harmonic Distortion and the 13th har-
monic, while 3LCRNNGL excels for the 11th harmonic in both
generator models.

Additionally, the study [21] develops a hybrid forecasting model
combining the ANFIS and long short-term memory (LSTM)
network for precise harmonics prediction in renewable energy
systems. Two methods are proposed: one with LSTM first and
ANFIS second, and the other with the reverse order. Using
harmonics data from DFIG and PMSG systems, the ANFIS-
LSTM model consistently outperforms other techniques with
lower RMSE values, demonstrating superior accuracy in harmon-
ics forecasting.

Also, another study [22] presents a probabilistic harmonic power
flowmethod that accounts for uncertainties in distributed energy
resources (DER) and electrical loads to forecast harmonic distor-
tion. Themethod uses time-varying stochastic characteristics and
a constant-weight point estimate approach based on the Nataf
transformation for efficient estimation. Validated with real-field
data, this approach effectively analyzes harmonic coupling and
provides accurate forecasts of harmonic distortion.

In addition, a study [23] introduces amodel for predicting voltage
harmonics in wind energy production using measurement data
obtained from the Jeffrey’s Bay Wind Energy Facility. It utilizes
LSTM networks, a type of recurrent neural network (RNN),
to analyze 8103 measured voltage harmonics and extract key
features. The model, with a single LSTM layer of 128 neurons,
effectively forecasts 3800 samplemean values with low rootmean
square error (RMSE), ensuring cleaner voltage integration into
the national grid.

Also, in [24], the study reviews traditional and modern har-
monic estimation techniques for power systems affected by
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TABLE 1 Pros & cons of recent studies.

Recent Studies Pros Cons

P. Rodríguez-Pajarón et al.
(2022)

Utilizes existing infrastructure,
practical validation.

Limited to data from smart meters,
potentially less generalizable.

F. M. A. Hadi et al. (2023) Effective and consistent in predictions,
hybrid approach improves accuracy.

Complexity in model design and
implementation.

H. H. Aly et al. (2023) High accuracy for specific harmonics,
robust model.

May require significant computational
resources.

F. M. A. Hadi et al. (2024) Lower RMSE values, superior accuracy. Model complexity, potential for overfitting.
Yahui Li et al. (2022) Accounts for uncertainties, validated

with real-field data.
Complexity in implementation, reliance on

specific data characteristics.
E. M. Kuyunani et al. (2021) Low RMSE, effective for large datasets. Single LSTM layer might limit model

flexibility.
Thamer A. H. et al. (2023) High accuracy, low error rates. Simulation-based, potential discrepancies in

real-world applications.
Y. Chaoying et al. (2024) High accuracy, improves data coverage. Complexity in model integration, data

requirements.

non-linear devices that cause power quality issues such as
harmonics, flicker, and transient instabilities. Harmonics lead
to significant challenges like equipment overheating and fail-
ure, emphasizing the need for effective mitigation methods.
The study highlights the role of artificial intelligence (AI) in
improving harmonic estimation, which reduces the reliance on
traditional methods requiring complex system parameters and
monitors.

In another study [25], the paper proposes an ANN method for
estimating harmonic distortions from solar PV inverters in grid-
connected systems. The method, incorporating location-specific
data, is validated through simulations of a simple power system
and tested on the IEEE 34-bus feeder. It demonstrates high
accuracy, with individual harmonic component errors below 10%
and a median error of 5.4%. Lastly, the study [26] presents a
hybrid PCA-ELM-LSTMmodel for accurate harmonic prediction
in power grids, addressing the challenge of sparse harmonic
monitoring data. The model integrates principal component
analysis (PCA) for dimensionality reduction, LSTM networks for
historical information memory, and extreme learning machines
(ELM) for enhanced learning accuracy. Validation with actual
power grid data demonstrates that this approach provides
precise harmonic predictions, improving data coverage and
analysis.

Unlike previous studies in Table 1, which primarily focus on
onshore wind farms or generalized renewable energy systems,
this study specifically targets offshore wind farms utilizing
PMSGs with long submarine cables, a critical yet underexplored
aspect of offshore wind integration. Furthermore, while prior
research often employs traditional harmonic analysis techniques,
this study integrates hybrid algorithms to improve THD forecast-
ing accuracy. By leveraging real-world meteorological data from
the Black Sea region, our approach also expands offshore wind
forecasting research into a geographically underrepresented area,
contributing to a more robust understanding of power quality
management in offshore energy systems.

3 Motivation

The literature indicates a growing interest in harmonic fore-
casting for renewable energy systems, particularly in wind and
solar power applications. However, most existing studies have
concentrated on onshore wind farms or photovoltaic systems.
In contrast, the present study uniquely addresses harmonic
prediction for an offshore wind energy system utilizing a PMSG
and connected via a long-distance submarine cable. Two specific
coastal locations, Zonguldak and Sinop, located along the Black
Sea, were selected as representative sites for meteorological
data collection. Although offshore wind farms have not yet
been deployed in Turkey, several recent studies [27, 32] have
investigated the region’s offshore wind energy potential.To bet-
ter contextualize the challenges addressed in this study, it is
important to note that the primary difficulty lies in the accurate
forecasting of harmonic distortion in offshorewind farms, specifi-
cally using PMSGs. Unlike traditional onshore wind applications,
offshore wind farms with PMSG units and long-distance subma-
rine cable connections introduce complex harmonic patterns due
to high frequency switching harmonics from power electronic
converters. Additionally, real-world meteorological variability
poses challenges for precise harmonic prediction. With future
OWFdevelopment expected in the country, this study contributes
a valuable harmonic forecasting framework based on real-world
wind data, offering practical insights for planning and grid
integration of offshore systems.

3.1 Contributions to the Knowledge

This study makes several significant contributions to the field
of harmonic forecasting in OWFs, particularly in the context of
Turkey. The key contributions are summarized as follows:

∙ Focus on Offshore Systems: Unlike previous research, which
primarily addresses harmonic forecasting for onshore wind
and photovoltaic (PV) systems, this study targets offshore
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PMSG systems. By focusing on offshore wind farms with
long-distance submarine cables, it fills a gap in the literature
concerning harmonic analysis in these specific conditions.

∙ Application to Black Sea Region: The study uses Zonguldak
and Sinop as sample locations within the Black Sea region,
offering valuable insights into the harmonic characteristics
specific to this area. This is particularly relevant given the lack
of existing offshore wind turbine applications in Turkey.

∙ Integration of Realistic Meteorological Data: By incorporating
real-world meteorological wind speed observations provided
by the EU Science Hub, the study enhances the accuracy of
harmonic forecasting models. This approach ensures that the
harmonic predictions are based on realistic and representative
data, improving the reliability of the forecasts.

∙ Comparative Analysis of ML and DL Techniques: The study
compares a range of machine learning (ML) and deep learn-
ing (DL) techniques, including hybrid models, to determine
the most effective methods for harmonic forecasting. This
comprehensive analysis contributes to understanding which
techniques offer the best performance in predicting total
harmonic distortion (THDV and THDI) for offshore wind
farms.

∙ Future Implications for Offshore Wind in Turkey: As Turkey
explores the potential for offshore wind power in the Black
Sea, this study provides critical insights into harmonic esti-
mation models. The findings offer a foundation for future
research and practical applications in the development of
offshore wind farms in Turkey.

Overall, this research not only presents an innovative method for
harmonic prediction utilizing sophisticated data enhancement
and machine learning strategies but also addresses a significant
gap in the existing literature concerning the use of these tech-
niques in offshorewind farms in Turkey. The knowledge acquired
from this study is anticipated to influence and direct forthcoming
investigations in this field.

4 Data Preparation

This section introduces a model of the OWF designed to replicate
actualwind conditions. Figure 1 shows the schematic layout of the
analyzed system, which features Type 4 PMSG turbines within
the offshore wind farm. The setup includes an electrical grid
operating at 230 kV, a 230/60 kV transformer with wye-delta
connection rated at 50 MVA, a 60 kV/575 V transformer with
delta-wye configuration rated at 10 MVA, and a 36 kilometer long
underwater line within the offshore energy system.

In the simulationmodeled, an OWFwith five turbines, each with
a 2 MW capacity, totaling 10 MW, and is connected to a 60 kV
distribution network. The generated electricity is transmitted to a
230 kV grid via a 36 km-long submarine cable. Each wind turbine
employs a PMSG, which incorporates an induction generator, a
DC-DC boost converter, and an IGBT-based pulse width modula-
tion (PWM) converter. The stator winding is directly linked to the
60Hz grid, whereas the rotor receives a variable frequency supply
via the DC-DC boost converter. A detailed schematic of the wind
turbine under mask is presented in Figure 2.

The system includes two transformers. The first transformer has
a 230 kV to 60 kV wye/delta configuration with a power rating of
50 MVA. The per-unit values for its winding resistances, leakage
inductances, and magnetization inductance are 2.66 × 10−3, 0.08,
and 500 p.u., respectively. The following transformer, with a
delta/wye configuration, operates at 60 kV/575 V and has a power
rating of 10 MVA. The per-unit values for its winding resistances,
leakage inductances, and magnetization inductance are 2.666 ×
10−3, 0.008, and 500 p.u., respectively.

In this research, harmonic analysis was performed utilizing the
typical meteorological year (TMY) dataset provided by Joint
Research Centre (JRC) of the European Commission [9]. This
set of data spans from July 2020 through March 2005, offering
around 15 years of hourly meteorological records. It contains
multiple variables, including wind speed and solar radiation. The
previously described model was employed to simulate voltage
and current signals, which served as input data for training
forecasting methods. Additionally, two pivot points, Zonguldak
and Sinop, were selected as sample data locations within the
Black Sea region. The coordinates of these points are 41.730◦
latitude and 31.721◦ longitude for the Zonguldak area, and 42.090◦
latitude and 335.241◦ longitude for the Sinop area. The coordinate
locations of the two pivot points are presented in Figures 3 and
4. These two pivot points were selected due to their wind speed
values being most suitable for offshore wind farm installation.

The electrical grid was represented as a standard distribution
network and simulated for a duration of 100 s. This simulation
reflects a scaled version of data collected between March 2005
and July 2020. 8,941 data points were linearly adjusted to fit
within the 100-s timeframe, with each point corresponding to
approximately 0.0112 s. To emulate actual wind behavior and
its effects on the system, the OWF model was implemented
to generate related voltage harmonics. Harmonic components
appeared in the voltage waveforms, with analysis primarily
focusing on the phase 1 voltage due to the system’s balanced
characteristics. Additionally, harmonic extractionwas carried out
using fast Fourier transform (FFT). The FFT window spanned
two cycles, continuously sampling voltage waveforms over the
entire simulation period, yielding 8,941 samples. THD values
for both voltage and current signals were calculated based
on the simulated results. After the simulation, the harmonic-
contaminated 575 V bus voltage and current waveforms for the
Sinop and Zonguldak regions, along with their harmonic spectra,
are shown in Figures 5–7 and 8. The associated THDV and THDI
metrics are also illustrated in Figures 9–11 and 12.

For the Sinop area, THDV and THDI values are 2.04% and 4.83%.
Also, THDV and THDI values are 2.05% and 5.04% for Zonguldak
area. Also, as can be seen fromFigure 10 and Figure 12, the system
has higher harmonic (2860 Hz and 3120 Hz) values because
of OWF’s insulated gate bipolar transistor (IGBT)-based PWM
converter switching frequency (3000 Hz).

Eventually, the outcomes presented here are derived from the
meteorological data sourced from the EU ScienceHUB, including
wind speed. Furthermore, these results are treated as ground
truth within the study and are used as a benchmark for com-
parison following the training of machine learning and deep
learning models.
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FIGURE 1 The Simulink model represents the analyzed system with Type 4 PMSG turbines in the offshore wind farm.

FIGURE 2 Illustration of the PMSG wind turbine block under the mask.

FIGURE 3 The pivot point of Zonguldak area.

Also, it should be noted, figures highlight the presence of
higher-order harmonics, specifically at 2860 Hz and 3120 Hz,
which are characteristic of switching harmonics generated by
power electronic converters in offshore wind farms. While these
harmonics contribute to overall THDV, their direct impact on
forecasting accuracy isminimized by themodeling approachused
in this work. The machine learning (ML) and deep learning (DL)
models are designed to predict THDV as an aggregate measure,
rather than isolating individual harmonic frequencies. Since
THDV inherently encapsulates contributions from all harmonic

FIGURE 4 The pivot point of Sinop area.

orders, the forecasting models implicitly account for their effect,
making a frequency-specific breakdown unnecessary. Moreover,
previous studies have shown that higher-order harmonics tend
to be less dominant in influencing system-wide power quality
compared to lower-order harmonics (e.g., 5th, 7th, 11th) [33].
While further investigation into frequency-specific forecasting
could be explored in future work, the current approach provides
a comprehensive and practical framework for offshore wind
harmonic prediction.
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FIGURE 5 Current waves at the 575 V bus for the Sinop.

FIGURE 6 Voltage waves at the 575 V bus for the Sinop.

FIGURE 7 Current waves at the 575 V bus for the Zonguldak.

6 of 25 IET Renewable Power Generation, 2025
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FIGURE 8 Voltage waves at the 575 V bus for the Zonguldak.

FIGURE 9 Total harmonic distortion for current at the 575 V bus for the Sinop.

FIGURE 10 Total harmonic distortion for voltage at the 575 V bus for the Sinop.
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FIGURE 11 Total harmonic distortion for current at the 575 V bus for the Zonguldak.

FIGURE 12 Total harmonic distortion for voltage at the 575 V bus for the Zonguldak.

5 Machine Learning Algorithms

As a subset of artificial intelligence (AI), machine learning spe-
cializes in developing models and algorithms that allow systems
to learn from data and enhance their performance over time
without direct programming. Its main objective is to buildmodels
capable ofmaking predictions or decisions by identifying patterns
within data. Machine learning for forecasting involves using
various algorithms and techniques from the field of computer
science to predict future values of a time series or sequence data.
In this study, several ML algorithms are employed.

5.1 Linear Regression

Linear regression is a fundamental quantitative algorithm used
to model the relationship between a dependent variable (target)

and several independent variables (features) [34]. The primary
premise underlying this method is that there exists a linear
interaction between predictor variables and the outcome variable,
which is generally represented in Equation (1).

𝑦 = 𝛽0 + 𝛽1𝑥 + 𝜖 (1)

The variable 𝑦 denotes the target or dependent element, while 𝑥
represents the predictor or independent variable. The parameter
𝛽0 corresponds to the intercept, indicating where the regression
line crosses the y-axis, and 𝛽1 is the slope coefficient that
defines the line’s inclination. 𝜖 captures the difference between
the observed and predicted values, serving as an indicator
of the model’s accuracy. These components collectively create
the basis for linear regression, allowing for the modeling and
understanding of the connections.

8 of 25 IET Renewable Power Generation, 2025
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FIGURE 13 Decision Tree model structure [36].

5.2 Decision Tree

In Figure 13, a decision tree can be understood as a hierarchical
structure that partitions data by evaluating feature values through
a series of binary decisions. Each node [35] in the tree signifies
a decision point, while the branches represent the possible
outcomes leading to either further questions or final classification
results. Building the tree requires choosing the most suitable
features and split thresholds to divide the dataset, aiming to
reduce impurity or enhance information gain at every split.
Multiple criteria [36] are applied to identify the optimal partition
points, including:

∙ Gini Impurity: This measure estimates the likelihood that a
randomly selected sample would be incorrectly classified if its
label were assigned based on the class distribution within the
node. TheGini impurity for a node is computed using the class
probabilities 𝑝𝑖 for each 𝑖 class, as expressed in Equation (2).

Gini(𝑆) = 1 −
𝑐∑
𝑖=1
𝑝2
𝑖

(2)

∙ Entropy: Entropy measures the degree of randomness or
uncertainty in the distribution of classes within a dataset. In
Equation (3), the𝐻(𝑆) entropy for a 𝑆 set is defined.

𝐻(𝑆) = −
𝑐∑
𝑖=1
𝑝𝑖 log2 𝑝𝑖 (3)

∙ Information Gain: It represents the decrease in entropy
or Gini impurity resulting from partitioning the data based
on a specific feature. Gain is computed as the gap between
the 𝐻(𝐷) parent node entropy and the mean entropy of the
children with assigned weights after the split, as expressed in
Equation (4).

𝐼𝐺(𝐷, 𝐹) = 𝐻(𝐷) −
∑

𝑣∈Values(𝐹)

|𝐷𝑣||𝐷| 𝐻(𝐷𝑣) (4)

When estimating the target value of an unseen input, the model
follows a path starting at the root of the decision tree, moving
through internal nodes by evaluating the data point’s feature
values. The process continues until a terminal leaf node is
reached, which provides the final prediction for that input.

5.3 Random Forest

RandomForest creates a large number of decision trees during the
learning phase and combines their predictions. The predictions
are averaged for regression problems while the most frequent
prediction is chosen for classification problems [37]. The term
“random” comes from two main aspects. First, the training data
is randomly selected with replacement for each tree, known as
bootstrap sampling. Second, at each split in the tree, only a
randomly chosen subset of features is considered. The process
begins by generating diverse training subsets. Then, each tree is
trained on these subsets while evaluating only a limited set of
features at each node. Finally, the predictions from all trees are
combined to produce the final output.

From a mathematical perspective, predictions for new or unseen
samples 𝐱′ are obtained through averaging the outputs of each
tree as shown in Equation (5).

𝑓(𝐱′) = 1

𝐵

𝐵∑
𝑏=1
𝑓𝑏(𝐱

′) (5)

To estimate the uncertainty in predictions, the std of the pre-
dictions from every tree for an input 𝐱′ is computed as in
Equation (6).

𝜎̂(𝐱′) =

√√√√ 1

𝐵 − 1

𝐵∑
𝑏=1

(
𝑓𝑏(𝐱′) − 𝑓(𝐱′)

)2
(6)

𝐵 (number of trees) in the model is a tunable hyperparameter,
which depends on the complexity and size of the dataset. The
optimal value of 𝐵 can be assessed through error metrics or
cross-validation techniques.

5.4 Gradient Boosting

This algorithm is a powerful ensemble method commonly used
for regression problems [38]. It sequentially builds weak learners,
combining them to form a strong predictive model. At each
iteration, a new weak learner is trained to minimize the residual
errors made by the current ensemble by fitting to the negative
gradient calculated from the loss function.

Let the training set be represented as (𝑥𝑖, 𝑦𝑖). 𝑥𝑖 indicates the
inputs and 𝑦𝑖 the associated outputs. The aim is to identify a 𝐹(𝑥)
that reduces a chosen 𝐿 loss function. At the 𝑚-th iteration, a
ℎ𝑚(𝑥) weak learner is tuned to the negative gradient of the loss
function computed at the current model estimate 𝐹𝑚−1(𝑥), which
is given by:

𝑟𝑖𝑚 = −
[
𝜕𝐿(𝑦𝑖, 𝐹(𝑥𝑖))

𝜕𝐹(𝑥𝑖)

]
𝐹(𝑥)=𝐹𝑚−1(𝑥)

(7)

This ℎ𝑚(𝑥) weak learner is then trained to approximate the 𝑟𝑖𝑚
residuals, thereby aiming to reduce the loss. Themodel is updated
as:

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝛾𝑚ℎ𝑚(𝑥) (8)
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Shrinkage factor 𝛾𝑚 regulates the influence of the current weak
learner on the ensemble. Lower values of 𝛾𝑚 generally improve
generalization but necessitate more iterations𝑀. The final model
prediction after completing𝑀 iterations can be expressed as:

𝐹𝑀(𝑥) = 𝐹0(𝑥) +
𝑀∑
𝑚=1
𝛾𝑚ℎ𝑚(𝑥) (9)

5.5 XGBoost

XGBoost stands out as a robust and scalable machine learning
method that works by sequentially combining decision trees
and correcting errors made by previous models [39]. Through
Gradient Boosting, Extreme Gradient Boosting minimizes a
specified loss function to optimize model performance. XGBoost
integrates regularization techniques to prevent overfitting and
supports parallel computing for swift processing of large datasets.
By pruning trees and controlling their size, it mitigates overfitting
risks. Its versatility makes it popular across various tasks like
regression, classification, and ranking.

5.6 K-Nearest Neighbors (KNN)

K-nearest neighbors (KNN) is a straightforward yet robust
machine learning algorithm for classification and regression [40].
It predicts the target value of a new data point by considering the
k nearest neighbors in the training set based on a chosen distance
metric like the Euclidean, Manhattan, and Minkowski distances
given in Equations (10)–(12).

𝑑Euclidean(𝑥, 𝑦) =

√√√√ 𝑛∑
𝑖=1
(𝑥𝑖 − 𝑦𝑖)

2 (10)

𝑑Manhattan(𝑥, 𝑦) =
𝑛∑
𝑖=1

|𝑥𝑖 − 𝑦𝑖| (11)

𝑑Minkowski(𝑥, 𝑦) =

(
𝑛∑
𝑖=1

|𝑥𝑖 − 𝑦𝑖|𝑝
) 1

𝑝

(12)

where 𝑥𝑖 and 𝑦𝑖 are the 𝑖th dimensions of the two points. 𝑝 is a
parameter that determines the type of distance. KNN memorizes
the datasetwithout learning during training. The hyperparameter
𝑘 controls the neighbor count, affecting model flexibility. While
effective for smaller datasets, KNN is computationally intensive
and sensitive to 𝑘 and distance metric choices. Yet, with careful
tuning, it remains versatile across tasks.

5.7 AdaBoost

Adaptive Boosting (AdaBoost) is an ensemble learning method
that uses weak classifiers trained iteratively on weighted data to
focus onmisclassified examples,with final predictions aggregated
through weighted voting. The algorithm iteratively improves its
performance by adjusting weights (Equation 13) and selecting
classifiers (Equation 14) that performwell [41]. The final classifier
is a weighted combination (Equation 15) of all weak classifiers.

FIGURE 14 LSTM neural network architecture [42].

𝜖𝑡 =
∑𝑁

𝑖=1 𝑤
(𝑡)

𝑖
⋅ 𝐼(𝑦𝑖 ≠ ℎ𝑡(𝑥𝑖))∑𝑁

𝑖=1 𝑤
(𝑡)

𝑖

(13)

𝛼𝑡 =
1

2
ln

(
1 − 𝜖𝑡
𝜖𝑡

)
(14)

𝐻(𝑥) = sign

(
𝑇∑
𝑡=1
𝛼𝑡 ℎ𝑡(𝑥)

)
(15)

AdaBoost combines weak classifiers ℎ𝑡(𝑥) to form a strong one
by iteratively adjusting weights and classifier importance. Key
formulas include the weighted error of a weak classifier (𝜖𝑡),
its importance weight (𝛼𝑡), and the updating and normalization
of example weights. The final classifier 𝐻(𝑥) is a weighted
combination of weak classifiers. The sign function returns +1 for
positive values and −1 for negative values, effectively making a
binary classification.

6 Deep Learning Architectures

Deep learning architectures for time series data, such as LSTM
networks, gated recurrent units (GRUs), and convolutional neu-
ral networks (CNNs), excel at capturing temporal dependencies
within sequential data by processing inputs sequentially and
maintaining evolving hidden states. These architectures are
widely used in applications like forecasting, anomaly detection,
and pattern recognition across various domains due to their
ability to automatically learn complex temporal patterns from
data. Several DL architectures are used in this research.

6.1 Long Short-TermMemory (LSTM)

LSTM is an advanced variant of RNNs, developed to overcome
the vanishing gradient problem encountered in training deep
sequential models. This model can effectively capture long-
range relationships in sequential inputs. LSTMs are commonly
employed in a broad range of tasks, including natural language
processing, speech recognition, and time-series forecasting [42].
The schematic of an LSTM cell is illustrated in Figure 14.

The fundamental idea of LSTMs lies in preserving a cell state
that flows across time steps, allowing the network to control
which information to keep and which to forget selectively. This
regulation is performed by three main gates (forget, input, and
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output) implemented as small neural networks that control the
flow of information within the cell.

The LSTM structure comprises three main gates that regulate the
information transfer across time steps. The forget gate decides
which portion of the previous cell state 𝐶𝑡−1 should be discarded
or retained. It takes the current input 𝑥𝑡 and the previous
hidden state ℎ𝑡−1 as inputs, producing a forget gate vector 𝑓𝑡
with elements ranging between 0 and 1. This vector performs
an component wise multiplication with the prior cell state,
effectively filtering out the information that is no longer needed.
The input gate manages how new data is added to the cell state
by generating an 𝑖𝑡 input gate vector and a 𝐶̃𝑡 candidate cell state,
also based on 𝑥𝑡 and ℎ𝑡−1. The candidate state is modulated by the
input gate vector before being incorporated into the current cell
state. Finally, the output gate determines the hidden state ℎ𝑡 of
the LSTM cell. It applies a tanh activation function to the updated
cell state 𝐶𝑡 and multiplies the result by the output gate vector 𝑜𝑡 ,
producing the output hidden state for the current time step.

These operations are mathematically described as follows:

𝑓𝑡 = 𝜎
(
𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓

)
𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)

𝐶̃𝑡 = tanh (𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐)

𝐶𝑡 = 𝑓𝑡 ⊙ 𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶̃𝑡

𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)

ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝐶𝑡)

(16)

Here, 𝑊𝑓,𝑊𝑖,𝑊𝑐,𝑊𝑜 are weight matrices, 𝑏𝑓, 𝑏𝑖, 𝑏𝑐, 𝑏𝑜 are bias
vectors, 𝜎 denotes the sigmoid activation function, and ⊙ repre-
sents element-wise multiplication. The vector [ℎ𝑡−1, 𝑥𝑡] indicates
the joining of the earlier hidden state and the recent data.

By leveraging these gating mechanisms, LSTMs effectively learn
long-range temporal dependencies and mitigate the vanishing
gradient problem, making them highly effective for sequential
data modeling.

6.2 Gated Recurrent Units (GRU)

GRUs operate primarily throughhidden states that act asmemory
cells, storing information from earlier steps in a sequence. A
key feature setting GRUs apart from other neural networks
is their gating structures, which control how information is
passed through the network. These mechanisms consist of two
main gates: the update gate (Equation 17) and the reset gate
(Equation 18).

The update gate 𝑧𝑡 controls how much of the previous hidden
state needs to be updated or preserved based on the current input.
This update gate helps the model decide which past information
is relevant for the current time step.

Conversely, the reset gate 𝑟𝑡 controls how much of the previous
hidden state is reset or discarded based on the current input:

FIGURE 15 Visual representation of CNN layers [44].

𝑧𝑡 = 𝜎(𝑊𝑧[ℎ𝑡−1, 𝑥𝑡]) (17)

𝑟𝑡 = 𝜎(𝑊𝑟[ℎ𝑡−1, 𝑥𝑡]) (18)

After computing the update and reset gates, the GRU generates
a candidate hidden state ℎ̃𝑡 by combining the reset-modified
previous hidden state with the current input (Equation 19). The
candidate state represents the model’s modified view of the
current sequence step within the context:

ℎ̃𝑡 = tanh (𝑊[𝑟𝑡 ⊙ ℎ𝑡−1, 𝑥𝑡]) (19)

Finally, the update gate 𝑧𝑡 blends the candidate hidden state and
the previous hidden state used to generate the updated state ℎ𝑡 for
the current time step (Equation 20). This weighted combination
allows the model to preserve essential information and eliminate
obsolete or irrelevant data, enabling it to adapt efficiently to
sequential inputs:

ℎ𝑡 = (1 − 𝑧𝑡) ⊙ ℎ𝑡−1 + 𝑧𝑡 ⊙ ℎ̃𝑡 (20)

The GRU model is mathematically defined using trainable
components like 𝑊 weight matrices and 𝜎 activation functions.
Through training, these values are optimized, enabling GRUs to
retain information across long sequences and capture sequential
patterns [43].

6.3 Convolutional Neural Networks (CNN)

CNNs are a cornerstone in the domain of deep learning, par-
ticularly renowned for their effectiveness in image-related tasks
[44]. Convolutional layers in Figure 15 use small filters sliding
across input data, extracting features via convolutions. Each
convolutional layer is typically followed by an activation function
for ReLU, which introduces non-linearity into the network and
enables it to model intricate relationships within the data. Equa-
tion (21) calculates the convolution by summing over all possible
translations of the kernel function,multiplying the corresponding
values of feature map and kernel, and then summing up these
products.

(𝑓 ∗ 𝑔)(𝑖, 𝑗) =
∑
𝑚

∑
𝑛

𝑓(𝑚, 𝑛) ⋅ 𝑔(𝑖 −𝑚, 𝑗 − 𝑛) (21)

𝑓 represents the input image or feature map, 𝑔 represents the
convolutional filter (also called kernel or weight), (𝑖, 𝑗) indicates
the position in the output featuremap, (𝑚, 𝑛) denotes the position
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FIGURE 16 Model stacking forecasting procedure diagram illustrating the integration of deep learning (DL) and machine learning (ML) models.

within the filter, and (𝑖 −𝑚, 𝑗 − 𝑛) corresponds to the related
position in the input image or feature map.

Pooling layers downsample feature maps, retaining key informa-
tion. Max pooling selects the maximum value from each patch,
compressing the feature maps. This controls complexity and
prevents overfitting. Fully connected layers integrate high-level
features for global predictions, connecting all neurons. CNNs
optimize with backpropagation and gradient-based algorithms,
minimizing loss. They excel at extracting features from raw data,
which is ideal for images. Their modular architecture enables
effective pattern abstraction.

7 Deep andMachine Learning Hybrid Models

Hybrid models combine deep learning and traditional machine
learning approaches to take advantage of the advantages of
each approach when handling challenging problems. These
models integrate features that are automatically extracted from
raw data through deep learning techniques with handcrafted
features developed through domain knowledge. This fusion
results in a more comprehensive and detailed representa-
tion of the underlying information. To achieve this, feature
fusion methods are employed to merge insights obtained
from both deep and machine learning, leading to better
understanding of the data and improved prediction accu-
racy.

The performance of these hybrid models is further enhanced by
using model stacking techniques. In this process, the outputs
generated by the machine learning models are used as input
features for the deep learning models, allowing the system to
benefit from the complementary strengths of both approaches. In
addition, hybrid models increase transparency by combining the
explainable features produced by machine learning algorithms
with the powerful forecasting abilities of deep learning models.
This synergy enables hybrid models to effectively solve a wide
variety of problemswhile optimizing both predictive performance
and model transparency.

The hybrid architecture based on model stacking for forecasting
purposes is illustrated in Figure 16. The process starts with
inputting meteorological data, which is then used to train deep
learning models to extract relevant features from the raw input.
The output features obtained from these deep learning models
serve as inputs to the machine learning models. These ML
models utilize the features to perform the final prediction of
harmonic distortion.

The selection of machine learning and deep learning algorithms
for hybrid models in this study is based on their effectiveness
in time-series forecasting and pattern recognition, which are
essential for accurate THDV prediction in offshore wind farms.
LSTM networks were chosen due to their ability to capture
long-term temporal dependencies in wind speed and harmonic
distortion trends, making them highly suitable for sequential
data modeling in power systems [45]. Similarly, GRU offer
comparable sequence-learning capabilities but with reduced
computational complexity, making them advantageous for large-
scale forecasting applications [46]. In addition to deep learning
approaches, Gradient Boosting (GB) and Random Forest (RF)
were selected for their strong performance in modeling non-
linear relationships and handling structuredmeteorological data,
as previously demonstrated in harmonic forecasting studies [47].
By integrating hybrid ML-DL models, the study aims to combine
the advantages of both methodologies, yielding more accurate
results in predicting harmonic distortions. This multi-model
approach ensures a robust and data-driven solution for power
quality assessment in offshore wind farms.

8 Data Preprocessing

The target variables of this study, THDV and THDI, were
calculated using voltage (V) and current (I) data obtained from
the TMYdataset with the Simulinkmodel. The simulation results
were exported as a comma-separated values (CSV) file. Multiple
preprocessing procedures were performed to ready the dataset for
use with algorithms. First, the dataset was loaded from the CSV
file, providing a foundation for further processing and analysis.
Next, the columns WS10m, THDV, and THDI were selected, as
these were considered important for training and prediction. The
columns that were not relevant were eliminated to keep only the
data crucial for the learning process.

Two additional columns were created to capture the THDV and
THDI values from the 2 preceding days. This step provided
important contextual data for time series forecasting. Rows con-
taining missing values due to the shifting process were excluded
to preserve data quality. Moreover, the target variable, whether
THDV or THDI, was relocated to the last column in the dataset
for easier handling duringmodel training. The division of training
and testing datasets is shown in Figure 17.

The arrays for data entry and produced outcome were organized
for training the model. For THDV prediction, the input features
comprised wind speed (‘WS10m’) along with THDV measure-
ments from the prior 2 days, while the output comprised solely
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FIGURE 17 Visualization of data allocation for training and testing.

of the response THDV variable. Similarly, for THDI, the input
data contained wind speed (‘WS10m’) and THDI values from
the previous 2 days, with the output comprising only the THDI
target variable. The dataset was divided into training and test
sets. Eighty percent of the data was used for training. The twenty
percent was reserved for testing the model. Splitting the data
into 80% for training and 20% for testing allows assessment of
how good the model performs on unfamiliar data and assists in
detecting potential problems.

9 Model Implementation

Initially, various traditional regression algorithms were imple-
mented. These models include Linear Regression, Decision Tree,
Random Forest, Gradient Boosting, AdaBoost, K-Nearest Neigh-
bors, and XGBoost. No changes or improvements were made to
the vanilla machine learning models during this process, as they
were already highly optimized. The implementation was carried
out using the Scikit-learn library of the Python programming
language [48].

Each model was trained using training data (Xtrain, ytrain), and
predictions were made on the testing data (Xtest, ytest). Perfor-
mance evaluationwas done using RMSE andmean absolute error
(MAE), which are commonmetrics for assessingmodel accuracy.
The percentage values of RMSE andMAE indicated howwell the
model’s predictions matched the test set. The results were used to
compare the overall performance of the models.

An LSTM-based model was implemented using Keras, a widely
used open-source deep learning library. With 100 and 50 units,
the model was built using the Sequential API with two LSTM
layers. After these layers, a Dense layer containing a neuron
is incorporated. The initial layer was constructed to return the
full sequence of outputs, allowing the second layer to process
the complete temporal information. The input dimensions were
adapted to match the structure of the training dataset. For
optimization, the Adam algorithm was employed along with
mean squared error (MSE) as the loss metric.

In parallel, a GRU network was developed, also utilizing the
Sequentialmodel structure. It featured two layers, each composed

TABLE 2 Proposed hybrid forecasting models.

Deep learning Machine learning

LSTM + Linear Regression
LSTM + Random Forest
LSTM + Gradient Boosting
LSTM + XGBoost
GRU + Linear Regression
GRU + Random Forest
GRU + Gradient Boosting
GRU + XGBoost

of 50 units. The network has a Dense output layer with one
neuron. The input dimensions were established according to
the time series characteristics of the dataset. Also, similar to
the LSTM model, the Adam optimizer and MSE loss function
is utilized.

Lastly, a convolutional neural network (Conv1D) model was
defined. In the first layer, a Conv1D layer with 64 filters and
a kernel size of 3x1 was added. ReLU is used as the activation
function [49]. The input shape settings of the model were
adapted to match the dimensions of the training data. Then,
the MaxPooling1D layer was added to reduce the size of the
feature map. Subsequently, the Flatten layer was used to obtain a
flattened feature map. After that, a hidden layer with 50 neurons
and an output layer were added. Themodel was configured using
the Adam optimizer and the mean squared error as the loss
function [50].

LSTM, GRU, and CNN models were trained using the training
data (Xtrain, ytrain) for 100 epochs with a 32 batch size, incorpo-
rating early stopping and validation data (Xtest, ytest). Following
training, each model generated predictions on the test dataset
(Xtest). The RMSE and MAE percentage values for LSTM, GRU,
and CNN models were calculated. These values indicated the
performance of each model’s predictions.

The proposed hybrid models aim to predict harmonic values
by integrating different algorithms. In this strategy, structured
datasets are initially evaluated by means of LSTM and GRU
architectures. The findings are subsequently utilized as inputs
for traditional machine learning algorithms. This integration is
intended to combine the advantages of both deep learning and
classical approaches, thereby improving prediction performance.
The forecasting framework incorporates combinations of LSTM
andGRUwithmodels such as Linear Regression, RandomForest,
Gradient Boosting, and XGBoost, as outlined in Table 2. These
specific algorithms were selected due to their reliable perfor-
mance in earlier evaluations. The primary aim is to enhance
forecast accuracy by merging deep learning-derived predictions
with the original input features employed in the training of the
machine learning models.

A pseudocode representation was developed to illustrate a hybrid
regression method that integrates deep learning with traditional
machine learning techniques. Initially, the DL and ML models
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ALGORITHM 1 Hybrid model for regression.

1: Input: Training data (𝑋𝑡𝑟𝑎𝑖𝑛), Test data (𝑋𝑡𝑒𝑠𝑡), Training
target values (𝑦𝑡𝑟𝑎𝑖𝑛), Test target values (𝑦𝑡𝑒𝑠𝑡)

2: Output: Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE)

3: BEGIN
4: Step 1: Initialize DL and ML models
5: Step 2: Train the DL model using 𝑋𝑡𝑟𝑎𝑖𝑛 and 𝑦𝑡𝑟𝑎𝑖𝑛
6: Step 3: Predict using the DL model on 𝑋𝑡𝑟𝑎𝑖𝑛
7: Step 4: Predict using the DL model on 𝑋𝑡𝑒𝑠𝑡
8: Step 5: Combine initial data with DL predictions
9: Concatenate 𝑋𝑡𝑟𝑎𝑖𝑛 with the DL training predictions
10: Concatenate 𝑋𝑡𝑒𝑠𝑡 with the DL test predictions
11: Step 6: Train the ML model using the combined

training data
12: Step 7: Predict using the ML regressor on the

combined test data
13: Step 8: Calculate RMSE and MAE percentage between

𝑦𝑡𝑒𝑠𝑡 and the predictions
14: END

were set up. The DL model was trained using the training data
and target values. Subsequently, predictions were made with
the DL model on both the training and test datasets. These DL
predictions were then combined with the original training and
test features. The ML model was trained using this augmented
training data, which included both the original features and the
DL predictions for THDV and THDI. The trained ML model
was then used to make predictions on the augmented test data.
Finally, the performance of the hybrid model was evaluated by
calculating the root mean squared error and mean absolute error
percentages by comparing the hybrid model’s predictions to the
actual test target values.

10 Experiments and Results

Initially, machine learning models were trained using data col-
lected from the Zonguldak and Sinop regions. The evaluation of
these models in predicting THDV and THDI for both areas deliv-
ers thorough analysis of their respective performance aspects. In
Table 3, the regression results of the models are summarized.

Linear Regression, which demonstrates reasonable accuracy for
THDV of the Zonguldak data (RMSE: 1.711%, MAE: 1.317%),
faces challenges in accurately modeling the complexity of the
Sinop data (RMSE: 1.838%, MAE: 1.416%). Despite its simplicity,
Decision Tree Regressor shows larger error values for THDI,
particularly indicating overfitting in the Sinop region (RMSE:
18.067%, MAE: 14.105%). Conversely, Random Forest, Gradient
Boosting, and XGB regressors exhibit strong performance by
effectively capturing complex patterns within the data in both
regions.While AdaBoost Regressor is competent, it shows slightly
higher error rates compared to the top-performing algorithms.
Importantly, the KNeighbors Regressor displays the least favor-

TABLE 3 Results of regression analysis for machine learning algo-
rithms. RMSE and MAE values are given in percentage.

THDV THDI

Algorithms RMSE MAE RMSE MAE

Zonguldak
Linear Regression 1.711 1.317 17.317 13.781
Decision Tree Regressor 2.355 1.797 19.880 15.239
Random Forest Regressor 1.751 1.335 14.510 11.172
Gradient Boosting Regressor 1.708 1.305 14.295 11.120
AdaBoost Regressor 1.815 1.425 16.238 13.048
KNeighbors Regressor 2.981 2.296 28.040 21.439
XGB Regressor 1.716 1.315 14.885 11.466
Sinop
Linear Regression 1.838 1.416 15.279 11.831
Decision Tree Regressor 2.540 1.931 18.067 14.105
Random Forest Regressor 1.886 1.433 13.118 10.329
Gradient Boosting Regressor 1.821 1.393 13.133 10.346
AdaBoost Regressor 1.980 1.600 14.880 12.169
KNeighbors Regressor 3.196 2.523 25.153 20.087
XGB Regressor 1.829 1.402 13.234 10.368

FIGURE 18 Zonguldak dataset RMSE vs. MAE for THDV with ML
algorithms.

able performance due to its limited ability to capture fundamental
relationships in the dataset.

The findings in Figures 18–21 underscore the importance of
algorithm selection tailored to the characteristics of the dataset;
Random Forest, Gradient Boosting, and XGB Regressors emerge
as preferred options for accurate prediction of THDV and THDI
in both regions. Figures 22–25 display the graphs of daily observed
and forecasted values covering 1 month in July 2020 from the
Zonguldak and Sinop datasets are presented. The results show
that the predicted data align closely with the real measurements.

Subsequently, the regression performances of deep learning
algorithms were tested. All deep learning models were set to
run for 100 epochs. To prevent overfitting and optimize train-
ing efficiency, “EarlyStopping” was implemented during model
training [51]. The stopping criterion was based on monitoring
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FIGURE 19 Zonguldak dataset RMSE vs. MAE for THDI with ML
algorithms.

FIGURE 20 Sinop dataset RMSE vs. MAE for THDV with ML
algorithms.

FIGURE 21 Sinop dataset RMSE vs. MAE for THDI with ML
algorithms.

the validation loss, and training was halted if no improvement
was observed for 10 consecutive epochs (patience = 10). This
threshold was determined through empirical tuning, where
different patience values (e.g., 5, 10, 15 epochs) were tested, and 10
epochs provided the best balance between training stability and
generalization performance. The early stoppingmechanismhelps
avoid excessive training while ensuring that the models achieve
optimal performance without overfitting to the training data.

Also, Table 4 shows the prediction results of deep learning
models. In this table, lower values for both RMSE andMAE show
higher performance. From Table 4, the LSTM and GRU models

TABLE 4 Deep learning models regression analysis findings.

THDV THDI

Models RMSE (%) MAE (%) RMSE (%) MAE (%)

Zonguldak
LSTM 1.716 1.315 14.885 11.466
GRU 2.865 2.189 17.550 13.765
CNN 3.332 2.506 17.500 13.722
Sinop
LSTM 1.829 1.402 13.234 10.368
GRU 3.084 2.418 16.260 12.836
CNN 3.642 2.728 16.059 12.624

have relatively low RMSE (1.716%, 2.865%) and MAE (1.315%,
2.189%) values, indicating that they provide better predictions
compared to the CNN model (3.332% RMSE, 2.506% MAE) for
THDV. The LSTMmodel has the lowest RMSE (1.716%) andMAE
(1.315%) values among the three models, indicating its superior
performance in predicting the data from theZonguldak and Sinop
locations. TheGRUmodel also performswell, with slightly higher
values compared to the LSTM model. The CNN model obtains
significantly higher RMSE (17.5%) and MAE (13.722%) values
compared to the other models, suggesting that it might not be the
best choice for this dataset or may require further optimization.
GRU and LSTM gave successful results, but CNN did not succeed
in the regression task. One possible reason for this difference
in performance could be that CNNs are more adept at handling
image data than tabular data. Overall, from Figures 26–28 and 29,
it can be said that, the LSTM model appears to be the optimal
choice for predicting the harmonics, followed closely by the GRU
model. To further clarify the theoretical basis behind the hybrid
model’s performance improvement, it should be emphasized that
our approach leverages the strengths of both model types. Deep
learning models (LSTM, GRU) are capable of learning temporal
dependencies and nonlinear sequence dynamics, producing out-
puts that capture the underlying trends in harmonic distortion.
When these outputs are used as additional features for machine
learning models (e.g., Gradient Boosting), the ML component
effectively performs residual learning, capturing relationships
and correcting patterns not fully modeled by the DL component
alone. This architecture is not a simple stacking but a theoreti-
cally grounded fusion that enhances overall prediction accuracy
through complementary capabilities.

Finally, the prediction accuracies of the recommended hybrid
models have been tested. Hybrid models are formed by combin-
ing LSTM or GRU with traditional regression algorithms (LR:
Linear Regression, RF: Random Forest, GB: Gradient Boosting,
XB: XGBoost). The hybrid models consistently achieve lower
RMSE and mean absolute error (MAE) values compared to the
standalone LSTM and GRU models, indicating good predictive
performance. Among the hybrid models which is given in
Table 5, GRU combined with Gradient Boosting (GRU+GB) and
LSTM combined with Gradient Boosting (LSTM+GB) have the
lowest RMSE (1.702%, 1.704% for THDV; 14.117%, 14.136% for
THDI) and MAE (1.302%, 1.3% for THDV; 10.953%, 10.985% for
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FIGURE 22 Observed vs. forecasted THDV graph for ML algorithms (Zonguldak).

FIGURE 23 Observed vs. forecasted THDI graph for ML algorithms (Zonguldak).
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FIGURE 24 Observed vs. forecasted THDV graph for ML algorithms (Sinop).

FIGURE 25 Observed vs. forecasted THDI graph for ML algorithms (Sinop).
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FIGURE 26 Observed vs. forecasted THDV graph for DL architectures (Zonguldak).

FIGURE 27 Observed vs. forecasted THDV graph for DL architectures (Sinop).
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FIGURE 28 Observed vs. forecasted THDI graph for DL architectures (Zonguldak).

FIGURE 29 Observed vs. forecasted THDI graph for DL architectures (Sinop).
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TABLE 5 Harmonic prediction outcomes from hybrid models
(Zonguldak dataset).

THDV THDI

Models RMSE (%) MAE (%) RMSE (%) MAE (%)

LSTM+LR 1.710 1.317 16.000 12.543
LSTM+RF 1.737 1.325 14.361 11.143
LSTM+GB 1.704 1.300 14.136 10.985
LSTM+XB 1.718 1.318 14.815 11.360
GRU+LR 1.710 1.317 15.868 12.484
GRU+RF 1.741 1.328 14.375 11.145
GRU+GB 1.702 1.302 14.117 10.953
GRU+XB 1.716 1.315 14.654 11.274

FIGURE 30 Zonguldak dataset RMSE vs. MAE for THDV with
hybrid models.

FIGURE 31 Zonguldak dataset RMSE vs. MAE for THDI with
hybrid models.

THDI) values, suggesting that these combinations provide the
best predictive accuracy for the dataset. Results indicated that
LSTM-based models generally exhibited marginally lower RMSE
and MAE compared to their GRU counterparts (Figures 30 and
31), showcasing the superior sequential learning capabilities of
LSTM networks. Notably, ensemble methods such as Gradient
Boosting consistently demonstrated strong predictive accuracy
(1.702% RMSE, 1.3% MSE) across both LSTM and GRU archi-
tectures. Among the secondary algorithms, Linear Regression
emerged as a competitive choice for THDV, demonstrating com-

TABLE 6 Harmonic prediction outcomes from hybrid models
(Sinop dataset).

THDV THDI

Models RMSE (%) MAE (%) RMSE (%) MAE (%)

LSTM+LR 1.837 1.415 14.418 11.284
LSTM+RF 1.870 1.421 13.169 10.260
LSTM+GB 1.811 1.386 13.140 10.299
LSTM+XB 1.867 1.434 13.332 10.364
GRU+LR 1.835 1.413 14.252 11.196
GRU+RF 1.865 1.419 13.091 10.236
GRU+GB 1.813 1.384 13.121 10.288
GRU+XB 1.864 1.430 13.314 10.435

parable performance (1.710% RMSE, 1.317% MAE) to GB. Con-
versely, models incorporating Random Forest exhibited slightly
higher THDI error rates, such as 14.361%RMSE and 11.143%MAE,
indicating potential limitations in capturing complex nonlinear
relationships. The hybrid models offer a promising approach
by leveraging the strengths of both DL models (LSTM, GRU)
and traditional regression algorithms, resulting in improved
predictive accuracy for the dataset. Figure 32 demonstrates a
close alignment between real and predicted THDV outputs in the
hybridmodels graph for Zonguldak.Also, Figure 33 reveals a close
match between actual and predicted THDI values, affirming the
models’ effectiveness in harmonic forecasting.

Table 6 provides the harmonic forecast results of hybrid models
for the Sinop dataset. From this table, the forecast performance
of each hybrid model is evaluated using RMSE and MAE
metrics, represented as percentages. Among the hybrid meth-
ods, combinations such as GRU+RF and GRU+GB exhibit the
minimum RMSE (13.091%) and MAE (1.384%) scores (Figures 34
and 35), suggesting superior predictive accuracy. LSTM+GB also
shows competitive performance with 1.811% and 13.14% RMSE
values. The hybrid models demonstrate low 13.091% RMSE and
10.236% MAE values for THDI, indicating effective forecasting
performance for the Sinop dataset. They have yielded better
results for THDV in the Zonguldak dataset. These results further
emphasize the potential of hybrid models for achieving accurate
harmonic forecasts by integrating deep learning with machine
learning techniques. Figures 36 and 37 show a strong alignment
between actual and predicted THDV and THDI values for Sinop,
respectively, highlighting the robustness of the hybrid approach
in ensuring consistent predictions.

The superior performance of the LSTM+GB model can be
attributed to its ability to capture complex temporal depen-
dencies and non-linear relationships inherent in harmonic dis-
tortion data. LSTM networks are adept at modeling long-term
temporal dependencies, making them particularly effective in
scenarios where harmonic variations are influenced by wind
speed fluctuations and other time-dependent factors. Gradient
Boosting (GB)complements this by efficiently handling non-
linear interactions within the data, allowing for a more nuanced
understanding of how variables such as converter switching
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FIGURE 32 Observed vs. forecasted THDV graph for hybrid models (Zonguldak).

FIGURE 33 Observed vs. forecasted THDI graph for hybrid models (Zonguldak).
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FIGURE 34 Sinop dataset RMSE vs. MAE for THDV with hybrid
models.

FIGURE 35 Sinop dataset RMSE vs. MAE for THDI with hybrid
models.

operations and submarine cable characteristics impact THD.
Linear regression (LR)models, with their inherent assumption of
linearity, may fail to capture these complex relationships, leading
to less accurate predictions. The interaction between wind speed
variability and converter switching can introduce high-frequency
harmonics, which are better captured by models capable of
learning non-linear patterns. Additionally, the distributed capac-
itance and inductance of submarine cables can cause harmonic
resonance and amplification, phenomena that non-linear models
like LSTM+GB are better equipped to predict. Therefore, the
integration of LSTM and GB provides a robust framework for
modeling the intricate dynamics affecting THD in offshore wind
farms [52, 54].

10.1 Limitations And Delimitations

The study has several limitations and delimitations that affect
its applicability and scope. Limitations include the reliance on
specific meteorological data from 2005 to 2020, which may not be
representative of other regions or datasets, potentially affecting
the generalizability of the findings. Additionally, the focus on
PMSG systems means that other wind energy technologies are
not considered, which could limit the applicability of the results
to different turbine types. Moreover, the geographic focus on
the Black Sea region, specifically Zonguldak and Sinop, may
restrict the relevance of the findings to different environmental
and meteorological conditions.

Also, delimitations of the study involve a deliberate confinement
to offshore wind farms using PMSG technology, excluding other
types of wind turbines and power production methods. The
choice of the Black Sea region was intentional to address region-
specific issues, with an acknowledgment that the results may not
be applicable elsewhere. Furthermore, the use of TMY data from
March 2005 to July 2020 ensures analytical consistency but may
not account for more recent weather changes.

11 Conclusion

This study focuses on forecasting harmonic values for a Type
4 offshore wind farm located at two key points, Zonguldak
and Sinop, in the Black Sea region of Turkey. It provides a
comparison of different machine learning and deep learning
methods, individually and combined, to find the best-performing
strategy for harmonic forecasting in this setting.

A Matlab/SIMULINK model of an electric power system incor-
porating offshore wind farms equipped with PMSG turbines was
developed. Real wind speed measurements from the EU Science
Hub for the Zonguldak and Sinop regions were employed.

Experimental data were generated from the offshore wind farm
model to obtain parameters required for training machine and
deep learning models. Several traditional learning techniques
were applied for forecasting. Also, deep learning techniques such
as GRUs and LSTM were used. Furthermore, hybrid approaches
integrating machine learning algorithms with predictions gener-
ated by deep learning architectures were introduced to enhance
forecasting accuracy. The capabilities of machine learning, deep
learning, and hybrid methods was assessed for the offshore wind
farm application. The key findings from the analyses are outlined
below:

∙ For THDV forecasting, LSTMwith GB and GRUwith GB con-
sistently yield the lowest RMSE (1.702%) and MAE (1.302%)
values.

∙ THDI predictions benefit most from LSTM with GB and
GRU with GB, showing the lowest RMSE (14.117%) and MAE
(10.953%) values.

∙ LR and RF hybrid models perform competitively across both
THDV and THDI forecasts, with RMSE ranging from 1.710%
to 1.837% and MAE from 1.302% to 1.415%.

∙ The GB ensemble method exhibits strong predictive accuracy
across all hybrid architectures.

∙ On average, GRU tends to perform slightly ( 0.01% to 0.1%)
better than LSTM for both THDV and THDI in terms of RMSE
and MAE.

∙ Overall, hybridmodels, especially those incorporating ensem-
ble methods, prove effective in achieving accurate harmonic
forecasts for both locations.

Future studies may explore different types of hybrid models and
investigate methods for their efficient integration into renewable
energy systems to achieve more consistent forecasting.
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FIGURE 36 Observed vs. forecasted THDV graph for hybrid models (Sinop).

FIGURE 37 Observed vs. forecasted THDI graph for hybrid models (Sinop).
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