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ABSTRACT

UNIVARIATE TIME SERIES METHODOLOGY FOR WIND ENERGY
BASED ON HYBRID DEEP LEARNING MODELS

OZTEKIN, Anastasya
MS., Department of Industrial Engineering
Supervisor : Assoc. Prof. Dr. Kamil Demirberk UNLU

May 2024, 76 pages

Wind power is presently considered the most favorable renewable energy alternative,
gathering global concern. It contributes to the preservation of environmental resources
on a global scale. Reliable wind energy forecasting is crucial for efficiently employing
renewable energy sources, given their fluctuating patterns. In this study, statistical

models based on time series data have been widely used to address this concern.

This study aims to forecast the wind energy generated by the wind farms in Karaburun,
Izmir, Turkey by developing univariate hybrid models based on Sequence-to-
Sequence and Convolutional Neural Network approaches. The study's forecasting
range spans from short-term to long-term periods. Numerous hybrid models were
developed and trained using the data to identify the most accurate forecast.
Benchmarking results reveal that the hybrid model combining Convolution Neural
Network with Sequence-to-Sequence stacked with Long-Short Term Memory cells
yields the most accurate forecasts for both short and long terms. Based on actual data,
the hybrid model provides significant forecasting results for short-term. In long-range
forecasts, even though there is a decrease in the coefficient of variation compared to



short-range forecasts, determination metrics such as mean squared error, mean
absolute error, and mean absolute percentage error indicate that the model maintains

accuracy in the long-term forecasts.

Keywords: Time Series Methodology, Wind Energy, Seq2Seq, CNN, LSTM, Turkey
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RUZGAR ENERJISI iCIN HIBRIT DERIN OGRENME MODELLERINE
DAYALI TEK DEGISKENLI ZAMAN SERISI METODOLOJISI

OZTEKIN, Anastasya
Yiiksek Lisans, Endiistri Miithendisligi Bolimii
Tez Yéneticisi : Dog. Dr. Kamil Demirberk UNLU

Mayis 2024, 76 sayfa

Riizgar enerjisi gliniimiizde en ¢ok tercih edilen yenilenebilir enerji alternatifi olarak
kabul edilmekte ve kiiresel bir ilgi toplamaktadir. Ayrica, riizgar enerjisinin etkin
kullanimi1 kiiresel Olgekte cevresel kaynaklarin korunmasina biiyiik dlgiide katkida
bulunmaktadir. Riizgar enerjisinin degiskenligi g6z Oniinde bulunduruldugunda,
yenilenebilir enerji kaynaklarinin verimli bir sekilde kullanilmasi i¢in giivenilir bir

tahmin gelistirmek ¢ok onemlidir.

Literatiirde riizgar enerjisinin dogru tahmini i¢in birden fazla model gelistirilmistir. Bu
calismada bu sorunu gidermek i¢in zaman serisi verilerine dayali istatistiksel modeller
kullanilmistir. Bu ¢alisma, Diziden Diziye ve Evrisimli Sinir Ag1 yaklasimlarina
dayali tek degiskenli hibrit modeller gelistirerek Karaburun, izmir, Tiirkiye'deki riizgar
santralleri tarafindan iretilen riizgar enerjisini tahmin etmeyi amaglamaktadir.
Calismanin tahmin aralig1 kisa vadeden uzun vadeye kadar uzanmaktadir. En dogru
tahmini belirlemek adina ger¢ek veriler kullanilarak ¢ok sayida hibrit model
gelistirilmistir. Karsilagtirma sonuglari, Evrisimli Sinir Ag1’n1 Uzun Kisa Siireli Bellek

hiicresiyle istiflenmis Diziden Diziye ile birlestiren hibrit modelin hem kisa hem de



uzun vadede en dogru tahminleri sagladigini ortaya koymaktadir. Gelistirilen hibrit
model, kisa vadeli tahminler i¢in 6nemli bir degisim katsayist ortaya koyar. Uzun
vadeli tahminlerde, kisa vadeli tahminlere gore degisim katsayisinda bir azalma olsa
da ortalama hatalarin karesi, ortalama mutlak hata ve ortalama mutlak yiizde hata gibi
belirleme metrikleri, modelin uzun vadeli tahminlerde dogrulugunu korudugunu

gostermektedir.

Anahtar Kelimeler: Zaman Serisi Metodolojisi, Riizgar Enerjisi, Seq2Seq, CNN,
LSTM, Turkey
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CHAPTER 1

INTRODUCTION

Climate change stands out as one of the most urgent challenges in our contemporary
world, causing substantial and detrimental effects on the environment. In this context,
human activities play a significant role; in particular, energy use has been found to be
a key factor in the most recent shifts in climate patterns [1]. In the course of electricity
production using traditional resources, numerous harmful materials are discharged into
both water bodies and the atmosphere, and the environment is additionally
contaminated by airborne dust particles. Furthermore, traditional energy sources like
coal, natural gas, and oil are insufficient to fulfill the demands of the worldwide
economy [2]. To address forthcoming environmental transformations, it is crucial to
implement various measures, including a shift away from existing energy generation
technologies. Conventional methods like coal combustion have harmful consequences
for the environment. Therefore, nations worldwide are increasingly adopting eco-

friendly energy generation approaches, such as solar and wind power [3].

According to the Energy Information Administration (EIA), the utilization of
renewable energy sources has experienced the most rapid growth in recent times [4].
Advanced economies are actively advocating for renewable sources as a means to
enhance their energy supply security and manage their greenhouse gas emissions
(GHG) [5]. The promotion of renewable energy options contributes to national
objectives for sustainability and economic growth, in addition to assisting modernize
the energy industry [6]. The adoption and growth of renewable energy sources (RES)
within a nation provide assurance of access to local and sustainable resources.
Consequently, the country gains a greater pool of resources for energy generation.

This, in turn, leads to increased resilience during times of crisis, which may stem from

1



the exhaustion of conventional energy supplies and additionally from geopolitical and
economic disputes. Importantly, it reduces the country's dependence on foreign
resource imports [7]. Consequently, just like many other regions around the world,
Turkey has experienced a favorable trend marked by the growing contribution of

renewable energy sources to its overall energy mix.

Turkey is heavily reliant on the use of fossil fuels, which are classified as primary
energy and mostly comprise oil, coal, and natural gas. Primary energy consumption
has reached 75% foreign dependence, while electricity consumption has reached 60%
[8]. For this reason, there is a need for domestic, inexpensive, continuous, reliable, and
sustainable solutions in energy, as well as well-designed new energy policies,
strategies, and programs. Turkey, on the other hand, currently uses renewable energy
sources in terms of sustainability, economics, and the environment. Renewable energy
not only reduces the foreign dependency of countries but also creates new business
potential in the relevant country.

Approximately 20% of the market share in the wind power sector is held by the state-
owned Electricity Generation Company (EUAS), with numerous private companies
also operating in the sector. The record for the highest daily share of wind power,
reaching 25%, was achieved in 2022. Turkey currently boasts approximately 300
onshore wind farms, collectively housing roughly 4,000 wind turbines. By 2022, the
cumulative installed capacity had surpassed 11 gigawatts (GW), with an impressive
capacity factor averaging around 40%. Unlicensed installations are limited to 5 MW
for maximum power output. In 2021, investments in wind energy reached one billion
euros, resulting in the construction of 1.4 GW of capacity, with an average power
rating exceeding 5 GW, surpassing other European countries' onshore capacities.
Soma stands as the largest wind farm in Turkey as of 2021, followed by Karaburun.
The Energy Ministry's assessment suggests that the onshore wind potential in Turkey
stands at around 48 GW, specifically in areas where wind speeds exceed 7.5 m/s at a
height of 50 meters. This estimation is based on the assumption of utilizing 5 MW
capacity turbines. The north-western regions of Turkey are identified as the windiest,

with an average wind speed of approximately 7 m/s at the same altitude, and



consequently, these areas host the majority of wind farms. Additionally, the mountain
ranges in the western part of the country are oriented perpendicular to the coast,

facilitating the inland flow of wind [9].

Precise and effective forecasting is critical for increasing renewable energy
consumption rates, particularly for wind power-generating facilities. Day-ahead wind
energy predictions are essential for unit responsibility management and commodities
markets. An overestimation of the amount of power generated will result in the
provision of extra energy and unnecessary operating costs. Underestimating causes the
need to acquire necessary items at a greater cost and causes an unexpected deployment
of extra peak capacity. The importance of forecasting motivates research into
developing a more precise forecasting system, which will lower operation and
maintenance costs significantly and improve power supply and delivery system
dependability [10]. Utility businesses reduce risk by using accurate electricity
forecasts. The ability to make financially viable judgments about future investments
in generation and transmission is made possible by the company's ability to
strategically plan with the help of the long-term forecast for electricity production.
Forecasting the amount of electricity generated is essential for future planning, which
includes taking future production plant location, size, and type into account. Utilities
can create electricity near the load by identifying regions with high or growing

demand, which eliminates the need for large transmission and distribution facilities.

Numerous predictive studies have been conducted, focusing on forecasting ramping
occurrences, projecting uncertainties, and predicting wind velocity and energy across
various timeframes. These investigations aim to address these specific objectives and

contribute valuable insights to the field.

Over the years, the study of renewable power forecasting has employed a diverse set
of methodologies. The multifaceted nature of these methodologies reflects the

complexity of accurately forecasting renewable power generation.

Wind energy time-series systems can be categorized as short-term, mid-term and long-

term modeling approaches. Short-term forecasting involves the use of various



modeling techniques, such as time series models, convolutional neural networks, and
Kalman Filtering (KF) [11]. These methodologies contribute to accurate predictions
within shorter time horizons, offering valuable insights for immediate decision-

making in the context of wind energy generation.

Traditional statistical techniques, like Autoregressive Integrated Moving Average
(ARIMA) models, offer an infrastructure for modeling time series data by considering
elements such as trends, seasonality, and irregular components [12]. They work well
when dealing with stationary time series data. However, when faced with complex
temporal patterns, these methods encounter difficulties in capturing the relationships
between continuous independent variables and the intended series, which restricts their

effectiveness in forecasting complex time series [13].

In recent years, the availability of more extensive data and increased computing power
have elevated the importance of machine learning in the evolution of time-series
forecasting models. Models are developed using algorithms in machine learning
techniques that may identify patterns and correlations in data. The use of feature
engineering is usually needed for these models, which choose or develop appropriate
features from the actual data to support forecasting. Support Vector Machines (SVM),
gradient boosting machines, decision trees, Random Forests (RF), and linear
regression are examples of machine learning models that are frequently used for
forecasting [14]. Owing to their ability to match nonlinear patterns, these learning-
based approaches excel at identifying hidden feature representations in time series
data.

One of the branches of machine learning is deep learning, which incorporates the use
of multi-layered artificial neural networks to extract complex patterns and
interpretations from data. Deep learning models such as convolutional neural network
(CNN), long short-term memory network (LSTM), and recurrent neural network
(RNN) have demonstrated notable performance in a variety of forecasting models,
particularly when working with time-series data [15]. Because time-series problems

span diverse domains, a multitude of neural network design options have emerged. In



time-series forecasting, where time-dependent variables are essential, deep learning
models are more suited to handle complicated patterns and vast volumes of data than
traditional machine learning models, which may be more appropriate for simple
forecasting tasks with clearly defined variables. A notable recent trend in deep learning
involves the development of hybrid models designed to address the limitations of

traditional approaches.

Persistence
Method

— NWP Methods

— Physical Methods [

Spatial Correlation
Methods

AR, MA, ARMA,
ARIMA

—Statistical Methods|

L4 Kalman Filter

— ANN

— Fuzzy Logic

| | Machine Learning
Methods

Support Vector
Machine

Wind Power Forecasting
I

4 Random Forest

CNN
| | Deep Learning
Methods

LSTM

— Hybrid Methods

Figure 1.1 Wind Power Forecasting Techniques

The methods developed to forecast wind power are summarized in Figure 1.1. As
mentioned, there are multiple approaches for estimating wind energy. Wind power
forecasting (WPF) can be generally categorized into six main subsections, such as
persistence methods, physical methods, statistical methods, machine learning
methods, deep learning methods, and hybrid methods. For the physical methods,



numerical weather prediction (NWP) and spatial correlation methods can be used.
Among the statistical methods are Autoregressive (AR), Moving Average (MA),
Autoregressive Moving Average (ARMA) and ARIMA, and the KF. Artificial Neural
Network (ANN), Fuzzy Logic, SVM, and RF are examples of machine learning
methods [16]. The most frequently used deep learning methods are CNN and LSTM.
Finally, there are hybrid approaches that tend to yield the most precise forecasts.

Wind energy is a clean and renewable energy source that is increasingly used in
Turkey. The Aegean and Marmara regions of Turkey have the greatest amount of wind
energy potential; 33.7% of the installed power is in Izmir, 25.5% in Balikesir, roughly
17.7% in Canakkale, 13.7% in Manisa, and 9.4% in Istanbul [17]. Based on the latest
data received in December 2022 and a report published by Tiirkiye Elektrik Uretim
A.S., it was demonstrated that Turkey completed the year 2022 with an installed power
of 103,809.3 MW and 11,427 power plants. The installed power of wind power plants
increased by 30.6 MW compared to the previous month and reached 11,396.2 MW
[18]. However, wind power generation fluctuates naturally due to the variability of

weather conditions.

This study aims to provide a new method for medium and long-term wind energy
production forecasting. This method is expected to provide more accurate results in
wind energy production forecasts than other methods and can therefore be used to
optimize activities in the wind energy sector. Additionally, this study may offer a new
perspective on research on the use of hybrid deep learning models in wind energy
production forecasting. Within the scope of the study, the electricity production of the
electricity production facility in Karaburun, Izmir, will be modeled using deep learning
methods, in order to forecast the production volume of renewable energy resources
efficiently and to contribute to the increase in employment to be provided with the data
obtained. In the modeling part, the first hybrid deep learning models will be proposed.
In the second phase of the study, the proposed models will be compared with the
methods in the literature by prediction metrics. When creating hybrid methods,
Sequence-to-Sequence (Seq2Seq) learning mechanisms with different structures will

first be taken into consideration. In the third step, the created method will be trained



for medium and long-term forecasting. When the existing literature is examined,
hybrid structure methods have generally been used for short-term forecasting [19]. The
main objective of this study is to train such models for medium and long-term
forecasting. It is thought that this method, with its univariate structure, will enable

successful prediction results to be achieved at stations in different regions.

The main question of the research can be summarized as follows: "Is it possible to
make medium and long-term wind energy production forecasts with high success using
a hybrid deep learning model?" Can this method provide more accurate results

compared to other methods?

The data obtained from [20] will be used in the study. The Karaburun Wind Power
Plant (WPP), which is situated in the Karaburun region of 1zmir, was selected as the
study's sample station. With a total installed power of 226.80 MWe, Karaburun WPP
Is the 79th largest power plant in Turkey and the fourth largest in Izmir [21]. The data
set, which is expressed in MWHh, represents the hourly wind energy production. It

contains a total of 83451 observations.



CHAPTER 2

LITERATURE REVIEW

In this section, the literature on wind power forecasting will be reviewed. Deep
learning algorithms, machine learning algorithms, and hybrid approaches can be used
to categorize the studies that have been done. These algorithms have proven to be
effective in various aspects of wind energy systems. Due to their superior accuracy,
studies employing hybrid approaches are highlighted more extensively in this section.

Currently, there is significant importance placed on techniques for forecasting wind
power. This is largely due to the rapid global expansion of wind power generation,
which serves purposes such as understanding wind behavior, assessing available
resources, and predicting power output. It is crucial to develop precise methods for
forecasting both wind patterns and power output to minimize inaccuracies resulting
from uncertain wind conditions and improvements in wind energy conversion
technology. [22, 23]

There are four distinct categories of wind power forecasting: very short-term, short-
term, mid-term, and long-term. These categories are based on different time frames: a
few seconds to thirty minutes, thirty minutes to six hours, six hours to twenty-four
hours, and one to seven days, respectively. These forecasting approaches have specific
applications. Short-term forecasting is utilized for forecasting wind speeds and
estimating power output from wind turbines, while long-term forecasting plays a

crucial role in planning wind turbine maintenance programs. [24]

Recent research has capitalized on the progress made in machine learning technology.
This has led to the development and widespread adoption of novel deep learning
algorithms, especially for the prediction of time series data. Notably, within this

8



spectrum of algorithms, LSTM, a type of RNN, has gained prominence. These LSTM
networks have proven particularly effective in achieving precise forecasts of wind
speeds [25].

A prediction model that is based on LSTM and offers short-term forecasts for wind
and power generation utilizing data gathered from the northwestern region of Turkey
is proposed by [26]. When comparing the prediction results with the MA and
multilayer perceptron (MLP) techniques, the proposed model demonstrates superior

performance with a lower coefficient of determination (R?) value of 0.9366.

ANN has emerged as a highly promising technology with applications spanning
various domains, including wind energy assessments. ANN's versatility encompasses
tasks like pattern recognition, approximation, and time-series prediction, making it a
valuable tool in the field of wind energy. A multitude of distinct ANN models have
been documented in the literature, showcasing their effectiveness in forecasting wind
speeds across a range of time frames, spanning from just a few seconds to as far as one
week ahead [24].

Short-term wind speed prediction in Mexico, utilizing ANN methodology, is applied
to hourly time series data collected from the site. The two-layer model with just two
input neurons and one output neuron was shown to be the most successful among the
tested models for forecasting short-term wind speeds. This model demonstrated
superior performance, achieving mean squared error (MSE) and mean absolute error
(MAE) values of 0.0016 and 0.0399, respectively [27]. An ANN model to forecast
short-term wind speeds across eleven different sites in western Himalaya is employed
by [28]. The resulting performance metrics showed a mean absolute percentage error
(MAPE) of 4.55% and a correlation coefficient of 98%.

Many hybrid approaches have been developed for short-term wind power forecasting.
The hourly wind speed data in Halifax is analyzed using LSTM and ARIMA models
to determine the most effective predictive model for the short term. Based on the
results, it is concluded that the LSTM model performs better with a root mean square
error (RMSE) value of 3.124 compared to the ARIMA model, which has an RMSE



value of 3.423 [29]. Using ANN, specifically the backpropagation neural network
(BPNN), radial basis function neural network (RBFNN), and adaptive neuro-fuzzy
inference system (ANFIS), short-term wind speed prediction was conducted across
both temporal and geographical dimensions. Three wind observation stations in Iran
were used for this inquiry. The average wind speed distribution error for the best model
from each group was about 2.6%, which is an encouraging level of performance [30].

For the purpose of time series forecasting, ARIMA models developed by Box and
Jenkins have been frequently employed. Two combinations of hybrid models,
specifically ARIMA-ANN and ARIMA-SVM, were employed for comparison
alongside individual ARIMA, ANN, and SVM forecasting models. The study focused
on short-term wind speed prediction and utilized a two-year hourly dataset obtained
from a wind observation location in Colorado, USA. The outcomes of the simulations
indicate that among these, the 1-step ARIMA-ANN hybrid model yielded the most
favorable results, with a MAE of 55.354269 [31]. The technique of univariate Box-
Jenkins time-series analysis of ARIMA is proposed by [32] to model and forecast
upcoming energy production and consumption in Asturias, Spain. The authors adhered
to a univariate methodology, and the outcomes demonstrated that the suggested
ARIMA model yielded a low approximation error compared to exponential smoothing

and regression models with a MAPE of 0,52.

The Genetic Algorithm-LSTM (GLSTM) methodology is introduced and focuses on
short-term wind power prediction to optimize LSTM parameters for the European
dataset from seven wind farms [33]. The simulation results indicate that the proposed
approach outweighs other alternatives, achieving a significantly lower MAE value of
0.07271. Specifically, compared to existing methods, GLSTM has shown
improvements ranging from 6% to as much as 30% in the accuracy of wind power
predictions. A methodology is introduced that incorporates linear regression models
as the baseline alongside advanced techniques such as RNN, LSTM networks, and
dynamic neural networks (DNN), specifically the Nonlinear Autoregressive
Exogenous (NARX) network [34]. The hybrid approach is utilized for the purpose of
conducting short-term wind speed forecasting in the Ecuadorian Andes. According to

10



the simulation results, the multivariable LSTM network produced superior forecasting
performance outcomes than the NARX network by at least 10%.

A novel approach is presented by [35] for short-term forecasting called RMR-HFS-
LSTM, which combines a deep learning technique, LSTM, with Relief Mutual
Information Recursive feature elimination Hybrid Feature Selection (RMR-HFS). This
methodology is applied to predict short-term outcomes. The data used for this study
consists of hourly recordings of electricity load and weather conditions from
Switzerland, a European country. The proposed RMR-HFS-LSTM model
demonstrated superior performance compared to earlier models, particularly when
compared to the MLP and RNN, achieving a MAPE result of 7.828. The nonlinear
combination forecasting approach, the deep belief networks based on particle swarm
optimization (PSO-DBN) model, is introduced by [36] for short-term forecasting
based on data taken from a wind farm in Shaanxi, Dingbian, China. The method
incorporates Variational Mode Decomposition (VMD) data preprocessing, PSO-DBN,
and LSTM deep learning prediction models. The simulation results indicate that the
nonlinear combination strategy based on PSO-DBN outperforms the linear

combination strategy, achieving a MAE of 35.37.

The Gated Recurrent Unit (GRU), which serves as a streamlined variant of the LSTM
architecture, functions as a gating mechanism within RNN [37]. It effectively
addresses the challenge of the vanishing gradient problem encountered in models with

extended temporal dependencies, similar to the LSTM model.

A hybrid deep learning technique is developed for ultra-short-term wind power
generation at the Boco Rock Wind Farm, located in Australia. The hybrid approach
involves incorporating GRU, LSTM, and a fully connected neural network, referred to
as LSTM-GRU-ANN. When the efficacy of the suggested model is compared to more
complex models, it is discovered that the forecasting model exhibits 38.77% greater
MAPE accuracy than an ANN [38]. A novel approach is introduced for short-term
forecasting in Xinjiang, China, by combining feature-weighted principal component

analysis (WPCA) with an improved GRU neural network model, and the
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hyperparameters are optimized using a particle swarm optimization (PSO) algorithm
by [39]. The proposed WPCA-PSO-GRU model achieves an impressive minimum
MAE result of 1.43 compared to a single-model alternative for this dataset. A hybrid
deep learning approach with the aim of enhancing the precision of very short-term
wind power forecasting at the Bodangora wind farm, Australia is proposed by [40].
This hybrid model encompasses convolutional layers, GRU layers, and a fully
connected neural network. In both data sets, it has been found that the hybrid deep
learning model performs better than previous forecasting models, numerically
increasing the accuracy of wind power forecasts for the Bodangora wind farm by up
to 8.13 percent in MAPE. A new hybrid deep learning approach is employed for short-
term wind power forecasting in a wind farm located in Jiang County, Shanxi, China
[41]. The hybrid model combines VMD, CNN, and GRU algorithms to efficiently
determine time-varying features that are hidden. Compared to other deep learning
models, the VMD-CNN-GRU model proves to be the most accurate for short-term

forecasting, achieving an impressive MAE value of 0.8161.

A novel hybrid approach, known as Bayesian model averaging and ensemble learning
(BMA-EL), is introduced by [42] for short-term wind power forecasting by using data
from a wind farm situated in China. Through a comparison with simulation results and
existing literature approaches, the proposed BMA-EL method achieves a MAPE result
of 6.0140, demonstrating accurate and reliable forecasting of wind power outputs.
Another hybrid model for short-term WPF applies real historical wind power data
gathered from the Pennsylvania-New Jersey-Maryland Interconnection (PJM) to an
ARFTCAN (Adaptive Recurrent Fuzzy Time-Series CANFIS) model. The suggested
model significantly outperforms traditional SSA-based deep learning models in a low
power output scenario, reducing MAPE by more than 13% [43]. A hybrid model that
combines an AR model with Gaussian process regression (GPR) is presented for the
purpose of stochastic short-term wind speed forecasting [44]. The study employs data
from three wind farms located in China. The persistence model, ANN, and SVM were
employed by the authors as the foundational techniques for forecasting wind speed at
a certain site. The outcomes indicate that the proposed approach outperformed the
ANN model with a RMSE value of 1.05, highlighting its enhanced accuracy.
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A novel method is introduced that integrates the RNN model with Multivariate Time
Series (MTS) information to enhance the accuracy of short-term load forecasting by
using data from a wind farm located in Poland. With a MAPE value for forecasting
short-term loads of 0.66, the results demonstrate that the proposed model outperforms
previous forecasting methods [45]. The performance of hybrid SVR models integrated
with a wavelet-based decomposition method is assessed for short-term wind power
forecasting. The evaluation is conducted using data from two wind farm locations, one
in the USA and the other in India. Among the various regression models studied, the
hybrid approach using Time Series SVR (TSVR) demonstrates superior short-term
forecasting capabilities, yielding a RMSE value of 0.0100 [46]. The Fuzzy C-means
(FCM) Clustering Algorithm is employed for day-ahead wind power forecasting,
analyzing historical data from two distinct wind farms in the north-eastern region of
China. The results show that the power curve based on this approach outperforms other
available alternatives for day-ahead wind power prediction, yielding an RMSE value
of 4.12 [47]. A new hybrid modeling approach designed for short-term wind speed
forecasting is introduced by using the Kalman filter approach. The method involves
the fusion of a non-linear vector support regression-based phase-space model with an
unscented Kalman filter-based dynamic state prediction. The study makes use of
information acquired from three different Massachusetts-based sites. The simulation
results demonstrated that the 1-step AR-Kalman technique produced better outcomes
in terms of RMSE values, in particular obtaining an RMSE of 0.2849 [48]. Another
hybrid model was created by integrating Recurrent Kalman Filter (RKF), Neuro-
Wavelet (WNN), and Adaptive Neuro-Fuzzy Inference System (ANFIS) in [49]. The
outcomes of the study demonstrate that while all the suggested hybrid models exhibit
strong performance, the sequence of ANFIS followed by RKF and then WNN (ANFIS
+ RKF + WNN) emerges as the most proficient among them with a 2.0343 MAPE

result.

Various models for successful short-term wind speed forecasting using correlation
analysis (CA) and improved complete ensemble empirical mode decomposition with
additive noise (ICEEMDAN), the Harris Hawks optimization algorithm (HHO), and
Seq2Seq based spatial and temporal attention (STAt-S2S) are established by [50]. The
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study region examined is a site located in Gwadar, Pakistan. In comparison to existing
independent and hybrid forecasting models, the CA-ICEEMDAN-HHO-STAt-S2S
and CA-ICEEMDAN-STALt-S2S models show improved prediction results. The CA-
ICEEMDAN-STAt-S2S data shows RMSE, MAE, and MAPE values of 0.639 m/s,
0.474 m/s, and 15.710 m/s with the Nash-Sutcliffe efficiency (NSE) of 0.922. The
research was conducted at the Sotavento wind farm, located in Spain and introduced a
wind power output forecasting model using a combination of a deep learning network
and a multivariate time series clustering algorithm [51]. The comparison of predicted
outcomes with alternative models highlights the superior performance and proficient
capability of Seg2Seq models in extracting deep features. This underscores the

potential of intricate deep learning techniques for enhancing wind power forecasting.

The hybrid model, which merges dynamic and fuzzy time series methodologies for
mid-term forecasting, is evaluated using real load data from the Seoul metropolitan
area [52]. Compared to the Koyck and ARIMA models, the proposed hybrid model
yields superior forecasts. It achieves a MAPE of less than 3% for the total load forecast.
A short- to mid-term univariate model is used by [53] to employ Seq2Seq learning
method to forecast the amount of power generated by wind farms in Manisa, Turkey.
For hidden states and cell states, the study used LSTM layers with 150 dimensions,
and for the Seq2Seq model, it used LSTM and GRU layers with 150 internal
dimensions. The LSTM-based Seq2Seq model with 100 lags beat competing models,
reaching an exceptionally low MSE value of 0.0216 for forecasting the average
electricity generation, according to the performance evaluation. A method is suggested
for forecasting wind power for a wind turbine in Poland within short and medium
timeframes by [54]. This approach utilizes a data-centric machine learning technique,
specifically focusing on three distinct implementations of gradient boosting (GB)
regressors. The model was trained using three different GB implementations to predict
the output power of wind turbines. These implementations include CatBoost,
LightBoost, and XGBoost. Out of the various models, the CatBoost model stands out
as it exhibits the most impressive performance. This is evident from its lowest RMSE
of 76.18 and MAE value of 54.87.

14



As wind patterns are inherently random, it is essential to depict the wind resource by
utilizing long-term averages that outline the potential power at the intended location
[55]. A novel CGRU (Convolutional Gated Recurrent Unit) multistep wind speed
forecasting model is presented for long-term forecasting using historical wind speed
data from a wind farm in Shandong Province, China. The model is based on secondary
decomposition (SD) and the multi-label-specific XGBoost feature selection method.
The results show that the 1-step prediction curves of the SD-MLXGBoost-GA-CGRU
model have the closest fit to the actual wind speed curve, achieving a MAE value of
0.2423 [56]. In order to forecast the long-term (10-year) wind resource, linear measure
correlate predict (MCP) algorithms were applied at the same locations and surrounding
meteorological stations. MCP methods are being used at 37 sites around the United
Kingdom. The long-term forecasted mean wind speed and power density using the
linear regression MCP method over a 12-month period had average percentage errors
of 3.0% and 7.6%, respectively [57]. Machine learning models for time series analysis
were formulated to predict the long-term power output of the Adama Il wind farm in
Ethiopia [58]. The research involved the evaluation of six different supervised learning
algorithms. The outcomes of the study reveal that a hybrid model combining Prophet
and XGBoost demonstrates strong fitting performance and offers precise insights into

power generation, achieving a MAPE value of 6.9%.

A set of online learning algorithms designed for training local RNN is proposed by
[59]. These algorithms encompass the global recurrent prediction error (RPE) and
three local variations. The purpose of these algorithms is to facilitate long-term power
data forecasting, utilizing data obtained from Eastern Crete, Greece. The experimental
findings indicate that the recurrent forecasting models deliver superior multi-step
predictions in comparison to the persistent method, atmospheric models, and time-
series models. Cascade-forward neural networks, support vector machines, and
random forest algorithms were developed to forecast long-term wind energy
production on Palestinian farms. Among these approaches, the cascade-forward neural
network algorithm outperformed the others, achieving a RMSE value of 41.1659 kWh,
indicating its superior predictive accuracy [60]. A forecasting approach that merges a

quaternion convolutional neural network with a bi-directional long-short-term
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memory recurrent network was developed by [61]. The designed forecasting model is
built using data gathered from Lesvos and Samothraki Greek islands in the North
Aegean Sea, and the forecasting scope extends to one day ahead, representing a long-
term prediction. Compared to the bi-directional LSTM (BLSTM) model, the suggested
model's accuracy increased significantly in these case studies by 13% and 20%,
respectively. A Multiplicative Compositional Policies (MCP) approach, built on the
modeling of the underlying probability distribution using the Box-Cox transformation,
was applied for long-term forecasting [62]. This was carried out using data collected
from 22 pairs of sites in the UK. The Box-Cox approach demonstrated better
performance compared to regression methods across all measurement periods,

achieving a MAE value of 0.11.

Table 2.1 Literature Review Table

Reference Model Data Source Term Performance Metric
[26] LSTM Turkey Short-term RZ 0.9366
MAE: 0.022
MSE: 0.0012
[27] ANN Mexico Short-term MSE: 0.0016
MAE: 0.0399
[28] ANN Himalaya Short-term MAPE: 4.55%
[29] ARIMA Halifax Short- term RMSE MAE
LSTM ARIMA:; 3.423 2.772
LSTM: 3.124  2.457
[31] ARIMA-ANN USA Short-term MAE: 55.35
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Table 2.1 (continued)

[32] Box-Jenkins Time | Austria Short-term MAPE: 0.52
Series - ARIMA
[33] Hybrid approach Europe Short- term MSE: 0.00924
GLSTM
MAE: 0.07271
RMSE: 0.09615
[34] LSTM vs NARX Ecuadorian Short-term MSE R?
Andes
LSTM: 0.09 0.99
NARX: 0.33 0.98
[35] RMR-HFS-LSTM | Switzerland Short-term MAPE: 7.828
[38] LSTM-GRU-NN Australia Very short- MAPE: 38.77%
term
[41] VMD-CNN-GRU | China Short-term RMSE: 1.5651
MAE: 0.8161
MAPE: 11.62%
[42] Hybrid model China Short- term MAPE: 6.0140
based on BMA-EL
[43] Hybrid model USA Short- term RMSE: 0.0053
based on SSA-
ARFTCAN
[45] MTS based RNN Poland Short-term MAPE: 0.66
[46] Time Series SVR USA Short-term RMSE: 0.0100
[48] AR-Kalman USA Short-term RMSE: 0.2849
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Table 2.1 (continued)

[50] CA-ICEEMDAN- | Pakistan Short- term RMSE: 0.639
HHO-STAt-S2S
MAE: 0.474
MAPE: 15.710
[52] Hybrid dynamic South Korea Mid-term MAPE: 2.6%
and fuzzy time
[53] GRU Turkey Short to MSE  MAE
midterm
LSTM LSTM: 0.0216 0.1115
GRU: 0.0217 0.1126
[54] CatBoost Poland Short and RMSE: 76.18
medium term
MAE: 54.87
[56] SD-MLXGboost- China Long- term RMSE: 0.3192
GA-CGRU
MAE: 0.2423
[57] Linear MCP UK Long- term MAE: 0.15
algorithms
[58] Prophet-XGBoost Ethiopia Long-term MAPE: 6.9%
[62] Box- Cox (MCP) UK Long-term MAE: 0.11

Table 2.1 presents a summary of wind speed forecasting, categorizing articles based
on the forecasting term. Notably, a preference for short-term forecasting methods
emerges among researchers, driven by the challenges posed by unpredictable factors
like nature, economy, seasonality, or insufficient historical data. This preference for
short-term approaches is further underscored due to the demand for increased

reliability in long-term forecasting. Various deep learning, machine learning, and
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hybrid approaches have been developed to enhance the accuracy and dependability of
forecasts. The findings indicate that hybrid methods exhibit superior performance in
terms of error metrics. These hybrid models have demonstrated improved performance
compared to pure statistical or machine learning models in various applications.
Hybrid methods integrate well-established quantitative time-series models with deep
learning techniques, employing deep neural networks to generate model parameters at
each time step. It's essential to highlight that certain articles feature multiple test sets
and forecast results for numerous scenarios. Therefore, Table 2.1 only highlights the

performance metrics of the best-case scenarios.
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CHAPTER 3

METHODOLOGY

In this chapter of the thesis, the methodology used for wind power forecasting is
covered in detail. The methodology employs time series methodology, machine
learning, and deep learning approaches, particularly GRU, LSTM, and Seq2Seq
models, for wind power forecasting. The activation functions used in models and
performance metrics are explained. Data collection and model training are outlined.
Hybrid methods are proposed during the chapter since they improve forecast accuracy

by reducing the biases inherent in individual models.
3.1. Time Series

One significant area of forecasting is time series forecasting, which builds a model
describing the underlying relationship by gathering and analyzing historical
observations of the same variable. Time series forecasting is a comprehensive
quantitative method that involves gathering and examining past data in order to create
a suitable model. Characteristic evaluation, modeling, forecasting are the three main
processes involved in the theoretical analysis of time series [34]. Whereas forecasting
determines the system's short-term evolution, modeling determines the system's long-
term behavioral characteristics. Characteristic evaluation includes identifying basic
features such as the degrees of freedom or the randomness measurement [63]. Using
this analysis, predictive models with the fewest errors possible can be developed. Time
series modeling is especially advantageous when there is a lack of adequate
explanatory models that connect the forecasting variable to other explanatory variables
or when insufficient information is known about the underlying process for producing
data.
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The Box-Jenkins Model, a mathematical framework, is utilized to forecast data ranges
based on inputs from time series data. It's versatile in analyzing various types of time

series data for predictive purposes.

There are some assumptions of error term for time series. The error term is assumed
to have equal variance (homoscedastic), there is no connection between its variability
and the dependent variable for time series. If there's a relationship between the
dependent variable and the variance of the error term, the data is deemed

heteroskedastic.

Time series can be classified as stationary and non-stationary, where non-stationary
data are unstable and, due to their complexity, cannot be modeled to generate an
accurate forecast [64]. In stationary data, the long-term mean and long-term variance
are constant and independent of time, while the mean and variance of nonstationary
data are variable and lack long-term stability. In order to obtain consistent and reliable
results with accurate modeling, non-stationary data needs to be converted to stationary
data. Univariate and multivariate time series are another type of time series
classification. Only one variable is assessed in a univariate series over a predetermined
length of time. Multiple variables that change over time are taken into consideration
in multivariate time series. For the general approach to modeling time series, data
should be examined based on their unique characteristics. If the data is non-stationary,
stationary residuals should be obtained by removing seasonal and trend factors. A few
sample statistics should be employed to determine a suitable model to fit the residuals.
Eventually, to forecast the actual series, the residuals have to be predicted and the

stationary transformation should reverse.
3.1.1. Autoregressive Integrated Moving Average

ARIMA, is among the most fundamental and preferred time series models. The
latencies of the stationarized series are referred to as AR factors in the forecasting
equation, whereas the delays of the forecast errors are termed MA. Additionally, a time
series that requires differencing to achieve stationary is described as an "integrated”

version of a stationary series. The ARIMA model's widespread use can be attributed
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to both its statistical characteristics and the widely recognized Box-Jenkins
methodology [65] employed in constructing the model. Considering their outstanding
performance and efficacy, the various types of ARIMA models are widely employed
when modeling the forecast of linear and stationary time series [66]. ARIMA models
are particularly flexible since they can support a wide range of time series. However,
their primary weakness is the model's assumed linear form. The ARIMA model lacks
the ability to detect any nonlinear features since the time series values are considered

to have a linear correlation pattern. The ARIMA model can be shown as

Vo= o+ @1Ye1 + @Y+t @pYep + &1 — 018 q — Oz — - —Oge—q (1)

Where Y, is the actual value, ¢; and 6; are the coefficients and &, is the random error.

66 9

p” is an integer that indicates autoregressivity and denotes the quantity of lag
variables that will be employed as predictors whereas, “q” refers to the moving average

and the number of forecast errors that are lag-related in the ARIMA model.

Using linear models to solve complicated real-life problems occasionally fails to yield
successful results. Therefore, artificial neural networks which have the ability to model
nonlinearly in a flexible way have been proposed as a time series forecasting

alternative in recent times.
3.2. Artificial Neural Networks

Neural networks, also known as ANN, are a type of machine learning and are essential
for deep learning techniques. Drawing inspiration from the human brain, both in name
and structure, they replicate the communication pattern of biological neurons. ANN
has found extensive application in modeling time series across diverse fields [67].
Given the intricacy of time series observations and encounters, it is suggested that
ANN be used, as it has demonstrated great performance in modeling complex
nonlinear relationships without requiring prior knowledge about the nature of the
relationships [68]. For example, ANN was able to effectively model and forecast

chaotic time series by controlling nonlinearity, demonstrating forecasting skills that
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are superior to those of conventional techniques [69]. Typically, forecasting the future
state of a noncovariate time series relies on awareness of current measurements and

potentially recent historical data.

ANN consists of numerous nodes functioning in parallel and communicating through
interconnected synapses [70]. ANN can effectively represent complex nonlinear
relationships without the need for pre-established assumptions about the nature of
these relationships. ANN is constructed with node layers, and neurons are organized
into layers, with each layer's neurons transmitting information to the subsequent layer
while also receiving input from that same layer. Networks of this type do not permit
connections to neurons in the same or preceding layers. The intermediary layers
between the input and output layers are termed hidden layers, and the final set of
neurons forms the output layer. The input layer is composed of special input neurons,
through which only externally applied input is conveyed via their outputs. The basic
illustration of the ANN structure can be seen in the Figure 3.1.

INPUT LAYER HIDDEN LAYER OUTPUT LAYER

Figure 3.1 ANN Structure

There are weights and thresholds that associate each node in the network. Whenever a
node's output exceeds the specified threshold activation starts by leading data
transmission to the next layer. However, data cannot proceed to the network's next

layer if the output is less than the specified threshold.
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Each node is considered a separate linear regression model consisting of input, output,
weights, and a bias. The formula, therefore, can be written as;

n

Y, = Z x;w; + bias (2)
i=1
n
1if inwi + bias = 0 (3)
| 0i Zx-w-+bias<0
k f L [ A ] (4)

After the identification of the input layer, weights are assigned. Larger weights have
considerably more effects on the output than smaller ones, assisting in determining the
relative importance of each variable. Subsequently, every input is multiplied by its
corresponding weight and added together. An activation function is then applied to the
output, thereby determining the output. To activate a node, its output should surpass a
predetermined threshold, forwarding data to the network's subsequent layer [71].
Consequently, the output of one node becomes the input of the subsequent node.
During this neural network architecture, data is transferred from one layer to the next;
therefore, it is referred to as a feed-forward network.

3.2.1. Backpropagation

The majority of deep neural networks operate in a feedforward manner, moving
unidirectionally from input to output. Nevertheless, backpropagation, which requires
moving from output to input in a reverse direction, can be employed for training the
model. The most popular and effective learning algorithm among the several neural
network topologies that have been proposed is back-propagation. It serves as a crucial
mathematical instrument for enhancing prediction accuracy in data mining and
machine learning. In essence, backpropagation is an algorithm employed to swiftly
compute derivatives in a neural network, capturing the alterations in output resulting
from tuning and adjustments [72]. ANN and deep neural network utilize

backpropagation as a learning algorithm to calculate a gradient descent, a form of
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optimization algorithm that directs the user towards the maximum or minimum of a
function [73]. The gradient descent method aids the system in minimizing the
difference between expected and actual system outputs in the context of machine
learning. By modifying the weight values for different inputs to reduce the disparity
between outputs, the algorithm fine-tunes the system. It is also referred to as the error
between the two. More precisely, a gradient descent algorithm employs a step-by-step
procedure to give information about the parameters of a network that must be changed
in order to lessen the difference between the intended and actual outputs. This
procedure is directed by a cost function, which is an assessment metric. This error is
quantified mathematically by the cost function. Finding the necessary parameter
adjustments to lower the cost function and raise overall accuracy is the aim of the
algorithm [74].

One advantage of backpropagation is its ability to hold patterns that are larger than
their fundamental vector dimension. It has a multilayered, feedforward architecture
and uses supervised learning. In this method, the network is trained to associate
specific responses with each input it receives. The weights in the network are
determined by comparing the actual response with the expected response, aiming to
minimize the sum-squared error (SSE), which is calculated by

SSE= ) (= o) (5)
i=0

Where y; represents the actual value and 7, represents the forecasted value.
3.2.2. Activation Functions

Activation functions serve a vital role in deep neural network architectures,
determining whether information should be passed on to the next neuron [75]. The
evolution of activation functions in deep learning algorithms considers aspects like
facilitating a healthy learning process, preventing overfitting, enhancing accuracy and
performance, and reducing computational costs. However, without careful selection of

activation functions, deep learning models may not achieve the desired success and
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might end up behaving akin to linear regression, limiting their learning capacity.
Hence, non-linear activation functions are favored in deep neural network
architectures to introduce the necessary complexity. These non-linear activation
functions can be categorized into fixed and trainable types [76]. Deep learning
algorithms employ the backpropagation algorithm to update parameters, culminating
in the return of derivative values for the functions. Consequently, the activation
functions integrated into deep learning architectures must possess the capability to
receive derivatives continuously. The adoption of specific activation functions has
garnered user attention, contributing to the growing interest in deep learning
architectures.

In the literature, the training of deep neural networks began incorporating activation
functions, leading to successful outcomes [77]. Activation functions within deep
learning architectures are anticipated to possess key features, including being
derivative, non-linear, and capable of reaching the global optimum without getting
trapped in local optima. Non-linear fixed parameter activation functions play an active
role in deep learning architectures without requiring external parameters. The fixed
parameter activation functions highlighted in the literature include sigmoid, hyperbolic
tangent, Rectified Linear Unit (ReLU), and the Gaussian Error Linear Unit (GELU)
[78].

Sigmoid Activation Function:

In deep learning architectures, the preference for the backpropagation algorithm is
evident as it facilitates the learning process between neurons. The sigmoid activation
algorithm updates parameters by computing derivatives within the architectures.
Consequently, activation functions must be differentiable to enable this updating
process. Linear activation functions, yielding a constant value during derivative
calculation, impede the learning process in deep architectures when assisted by the
backpropagation algorithm [79]. To address this issue, a proposed solution involves

the use of a non-linear sigmoid activation function, as shown in the following figure.
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Sigmoid Function
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Figure 3.2 Sigmoid Activation Function Graphic

The function, which involves an input value represented by x and the mathematical
constant e, transforms any input to a value ranging from 0 to 1. Its benefit for tasks
involving values included in this range, such as logistic regression and binary
classification. Notably, the function's domain spans from negative to positive infinity,
while its range is limited to (0,1). A notable feature of the sigmoid function is its
distinctive "S" shape. With rising input values, the output initially rises slowly,

followed by a rapid acceleration towards 1, and eventually stays at the level of 1.
Hyperbolic Tangent Activation Function:

The hyperbolic tangent activation function, a non-linear activation function, is capable
of performing the derivative operation. Structurally, it resembles the sigmoid
activation function. The graph of the function at its formula can be seen in the figure

below.
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Figure 3.3 Hyperbolic Tangent Activation Function Graphic

Examining the figure, the hyperbolic tangent activation function exhibits a sigmoidal
curve and an S-shaped curve. It can be computed basically with a tangent function.
Unlike the sigmoid activation function, which generates output between [0,1], the
hyperbolic tangent activation function produces values between [-1,1]. The learning
process is observed to extend to negative values due to the wider value range of the
hyperbolic tangent activation function. However, it encounters the vanishing gradient
problem as the derivative values approach zero after reaching values in the range of [-
1,11 [79].

Rectified Linear Unit (ReLU) Activation Function:

The vanishing gradient problem, prevalent in sigmoid and hyperbolic tangent
activation functions due to their inability to be differentiated beyond a certain
threshold, led to the development of the ReLU activation function as a solution. ReLU
is a non-linear activation function capable of performing the derivative operation. The

graph of the function is shown in Figure 3.4.
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RELU Activation Function
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Figure 3.4 ReLU Activation Function Graphic

where x indicates the input value and the output value of the ReLU activation function
is denoted by f (x). The function yields the input x if x is equal to or greater than 0;
otherwise, it outputs 0. Mathematically, it is expressed as selecting the larger value
between 0 and the input x [80].

ReLU has gained widespread popularity for its effectiveness in overcoming the
vanishing gradient problem. However, it does introduce a challenge known as the
"dead neurons" problem in its negative region, where negative values are set to zero,
impeding the calculation of derivatives and slowing down the learning process [81].
Despite this drawback, the ReLU activation function has a number of important
benefits, one of which is that it requires less computing power than other functions,

which makes it a good choice for multi-layered designs.
The Gaussian Error Linear Unit (GELU) Activation Function:

The rectifier function can be approximated smoothly and differently with the GELU
activation function. GELU activation has become an increasingly popular option for

many deep learning applications quite quickly since its desirable properties, which
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include smoothness, differentiability, and approximation of the popular ReLU
function. The adaptability and effectiveness of the GELU activation function have
been demonstrated by its successful integration into a number of neural network
architectures [82]. The GELU activation function that uses ®(x), which represents the
cumulative distribution function of the standard normal distribution, frequently
denoted as N(0,1) can be defined as

GELU Activation Function
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Figure 3.5 GELU Activation Function Graphic

Additionally, the approximate function can be stated as follows:

1 2 (10)
fx) = Zx 1 + tanh (\/; (x+ 0,0447153)>

This formulation gives an approximation to the GELU function through the utilization
of the hyperbolic tangent (tanh) function, which is an employed method for

incorporating the GELU function within computational frameworks.

The objective of developing the GELU activation function was to provide a smooth
and differentiable substitute for the popular ReLU activation function while
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maintaining the latter's inherent advantages. The ReLU function introduces
nonlinearities into the network, which can lead to challenges throughout gradient-
based optimization, including dead neurons or unpredictable training characteristics.
To address these problems, the GELU activation function is designed as an
approximation to the ReLU function, maintaining differentiability at all points while
retaining the necessary nonlinear characteristics for deep learning architectures. The
Gaussian cumulative distribution function (GDF), which is distinguished by its
fundamental smoothness and differentiability properties, serves as the model for the
GELU function [83].

3.3. Recurrent Neural Network

RNN is a category of artificial neural network designed for processing sequential or
time series data. RNN is commonly applied to problems involving order or temporal
relationships. Similar to feedforward and CNN, RNN receives information from data
collected during training but stand out due to their "memory" feature. This aspect of
memory involves integrating data from previous inputs to impact both the current input
and output. RNN outputs are impacted by previous parts in the sequence, unlike
traditional deep neural networks, which presume input-output independence. RNN
provides recurrent connections so that data can be transmitted from one step to the next
continuously. However, it's worth noting that unidirectional recurrent neural networks
are limited in predicting future events that could influence the output of a given

sequence [84]. The RNN structure is demonstrated in the figure.

Figure 3.6 RNN Architecture

31



Another unique feature of recurrent networks is their parameter sharing across each
layer. RNN employs a single weight parameter for all nodes in a layer, in contrast to
feedforward networks, which provide different weights to each node. To support the
network'’s reinforcement learning, these common weights are nevertheless capable of

modification through the gradient descent and backpropagation processes.

RNN employs the backpropagation through time (BPTT) algorithm for gradient
computation, specifically designed for sequential data. While BPTT shares similarities
with traditional backpropagation in terms of error calculation and parameter
adjustment from output to input layers for training, it differs in that it sums errors at
each time step. This is unlike feedforward networks, which lack shared parameters

across layers and thus do not require error summation [85].

RNN faces two common challenges during operation: exploding gradients and
vanishing gradients. These issues are distinguished by the magnitude of the gradient,
which indicates the slope of the loss function along the error curve. Vanishing
gradients occur when the gradient is excessively small, leading to weight parameter
changes that are not sufficient to promote significant learning, hence stopping the
training process. Secondly, very large gradients cause exploding gradients, which
create an unstable model with too many weights. The number of hidden layers in the
neural network should be reduced to eliminate the complexity caused by these
problems [86].

Feedforward networks take a single input and produce a corresponding output.
Although recurrent neural networks are often depicted similarly, they don't adhere to
this limitation. Unlike feedforward networks, RNN can handle inputs and outputs of

varying lengths. Various types of RNN are applied in diverse scenarios.

There are four frequently used variations of RNN which are one-to-one configuration,

one-to-many, many-to-one and many-to-many, as shown in the figure.
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Figure 3.7 RNN Configurations

The most basic form of RNN, the One-to-One configuration, processes input to
produce a singular output. With fixed input and output dimensions, it functions akin
to a conventional neural network. One-to-Many is a category of RNN that yields
multiple outputs when provided with a solitary input. Operating with a consistent input
size, it generates a sequence of data outputs. Many-to-One is applied when a solitary
output is needed from numerous input units or a sequence thereof. It processes a series
of inputs to produce a stable output. Many-to-Many is employed to produce output
data based on a sequence of input units. This RNN type is subdivided into the
following two subtypes: In equal unit size, both the input and output units share
identical quantities. This is frequently applied to tasks such as name-entity recognition.
In contrast, unequal unit size configuration involves varying numbers of units for

inputs and outputs. It is commonly used in applications like machine translation [87].
3.3.1. Long-Short Term Memory

An LSTM is a subtype of RNN designed to grasp long-term relationships within
sequential data. In contrast to traditional RNN, LSTM-based machine learning
approaches aim to address and mitigate issues related to long-term dependencies in the

data. The training of an LSTM involves backpropagation through time, effectively
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overcoming the vanishing gradient problem. Including nonlinear, data-dependent
processes in the RNN cell was a key finding in the LSTM design [88]. This makes it
possible to train these mechanisms by ensuring that, during training via gradient
descent, the gradient of the objective function with respect to the state signal does not
vanish. This gradient is a number that is directly related to changes in parameters.
Different from traditional artificial neural networks, LSTM networks consist of
interconnected memory blocks arranged in layers that are sequential [89]. The
fundamental components of an LSTM include an input layer, an LSTM layer, a fully
connected layer, and a regression output layer. The Figure 3.8 illustrates the structure
of an LSTM cell. The configuration of the network operates by initially processing
input through the input layers, followed by the LSTM layer. Sequential or time-series

data is introduced into the network architecture through a sequence of input layers.
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Figure 3.8 LSTM Architecture

The LSTM layer is designed to understand extended relationships among time steps in
sequential data [90]. Consequently, there are three gates, which are the input gate,
forget gate, and output gate, demonstrated by i;, f; and o, respectively. For these gates

formulations are given as
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iy = o(Vihy_y + Uix; + by), (11)
ft = O-(tht—l + fot + bf), (12)

0r = 0(Vphe—q + Upxe + by). (13)

The rest of the updating equations are

dt = tanh(tht_l + det + bd)' (14)
Ce = fr * ceq +ip xdy, (15)
h: = o, * tanh(c;), (16)

1
1+e™@

which is a sigmoid function. The input gate determines which information is to be

In equations, * demonstrates component- wise multiplication and o(a) =

incorporated into the cell, while the forget gate determines which selected information
should be discarded. The output gate is responsible for choosing the information to be

passed as input to the cell for the next step.

The initial forget gate gathers information at time t based on the input x, and the
previous hidden layer h,_,. If the value within the forget gate is near 1, the previous
memory cell c,_; will be preserved; otherwise, it will be deleted. In the latter case, the
new information obtained is merged with the old data to form the input gate, ultimately

generating a new memory cell ¢, [53].
3.3.2. GRU

GRU is a type of RNN architecture and has a structure similar to LSTM. GRU is

intended to simulate sequential data, similar to LSTM, by enabling certain information
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to be deliberately retained or forgotten over time. GRU and LSTM differ primarily in
how they manage the state of the memory cell [91]. The input gate, output gate, and
forget gate are the three gates that are used in LSTM to update the memory cell state,
which is kept distinct from the hidden state. However, a candidate activation vector,
which is updated via the reset and update gates, takes the place of the memory cell
state in GRU [92].

GRU mitigates the vanishing gradient problem that is encountered by vanilla recurrent
neural networks, which involves the diminishing values used for updating network
weights. Therefore, GRU is a well-liked substitute for LSTM in the modeling of
sequential data, particularly when limited computational resources or a more
straightforward architecture are required. The computation time of a GRU model is
significantly faster than that of an LSTM model since the GRU only has two types of
control gates [93].
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Figure 3.9 GRU Architecture

In addition to the LSTM structure, GRU introduces two additional gates: the update
gate and the reset gate. Sequential data, including time series, is transmitted to the
GRU by the input layer. The recurrent computation takes place in the hidden layer.
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According to the previous hidden state and the current input, the hidden state is
updated at each time step. The network's memory of the prior inputs is represented by
a vector of numbers called the hidden state. The reset gate plays a crucial role in
deciding the extent to which the prior hidden state should be forgotten. The amount to
which the previous hidden state is reset at the current time step is determined by this
vector. The amount of the candidate activation vector that is incorporated into the new
hidden state is decided by the update gate. Similarly, to the reset gate, it generates a
vector of numbers between 0 and 1 that controls the extent to which the candidate
activation vector is integrated into the next hidden state, given the inputs of the prior
hidden state and the present input [94]. A candidate activation vector is calculated by
the GRU at each time step by integrating data from the input and preceding hidden
state. The hidden state is then updated for the subsequent time step using this candidate

vector.

The equations for the new gates are;

hy = (1 =z )hi_q + zhy, @17
h, = tanh(U,r.he_q * xp), (18)
e = 0(Urhe—q * xp), (19)
z, = 0(U,he_q * ;). (20)

Two gates, the reset gate and the update gate, are applied to calculate the candidate
activation vector. The amount of information from earlier hidden states that is carried
over into the current state is managed by the update gate, as mentioned. Greater
information from earlier states is retained when the update gate's value is higher. A
similar mechanism governs the amount of information from earlier states that is

disregarded; the lower the reset gate's value, the more information is disregarded. As
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a result, reset gates are often activated frequently to capture short-term dependencies,
whereas update gates are activated in response to long-term dependencies. The
network’s output is generated by the output layer using the last hidden state as input.
The implementation of the reset and update gates in GRU enhances its performance.

These gates contribute to time efficiency and improve the model's performance [95].
3.4. CNN

CNN operates as a type of feedforward neural network that uses convolutional
structures to obtain features from data. Its purpose is to identify features within datasets
and classify complex data sets with high dimensions. Drawing inspiration from visual
perception, CNN architecture acts like biological neurons, with artificial neurons
corresponding to their biological counterparts [96]. By using this analogy, CNN
kernels are multiple receptors that can detect different features, and activation
functions are the biological mechanism that transmits neural electric signals to the next
neurons when they exceed a threshold. Compared to other extraction techniques, CNN
has the advantage of not requiring the elimination of features manually. Loss functions
and optimizers serve as tools devised to guide the CNN system in learning our desired
outcomes [97]. CNN uses local connections that reduce parameters and simplify
integration by connecting neurons with only a small subset of neurons from the
previous layer instead of all of them. To reduce parameters, by the weight sharing, the
connection with the same weight can be grouped. CNNs down sample images by
taking advantage of the local correlation principle, which lowers the amount of data
while maintaining important information. Furthermore, this procedure helps to reduce

the number of parameters by removing features that are not important [98].

Pooling or downsampling is introduced to mitigate redundancy since convolution
feature maps containing numerous features can lead to overfitting issues. In the
pooling operation, the information contained in the receptive field is subjected to an
aggregation function by the kernel, which fills the output array [100].

The structure of CNN with feature extraction and classification is given in the

following figure.
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Figure 3.10 CNN Architecture

In order to extract features and create feature maps, convolution is a key component.
Data loss at the borders may occur when defining a convolution kernel of a particular
size. In order to expand the input with zero values and thus indirectly adjust the size,
padding is implemented. The distance, or number of pixels, that the kernel travels
across the input matrix is indicated by its stride. A larger stride yields a smaller output.
Furthermore, the stride is employed to control the convolutional density. In the case of
filters that differ from the input image, zero-padding is commonly used to create an
output that is equal to or larger in size by setting elements outside the input matrix to
zero. Optimizing these parameters prior to training ensures that the CNN performs at
its best [99].

3.5.SEQ2SEQ

Seq2Seq models have gained increasing popularity in the field of deep learning,
particularly for handling sequential or temporal data. Seq2Seq is a type of RNN
architecture, and its initial applications were predominantly in the field of natural
language processing, including activities such as machine translation and text
production. These are particular types of models that simply receive a sequence as
input and produce a sequence as output. However, the underlying architecture of these

models can be diverse, encompassing recurrent structures to convolutional designs and

39



even incorporating transformers, specifically encoder- decoder transformers or hybrid
combinations of these components. Therefore, it isa general framework or
methodology for processing temporal data [53]. The encoder-decoder architecture is
the architecture that is most frequently employed for developing Seq2Seq models.
Seq2Seq models comprise an encoder responsible for condensing the input sequence
into a hidden context vector and a decoder that comprehends this context vector to

generate an appropriate output sequence in response, as shown in the figure.

Outputs

Context Vector
ENCODER _— DECODER

Inputs

Figure 3.11 Encoder Decoder Architecture

Both the encoder and the decoder are frequently implemented as LSTM models, while
they are occasionally implemented as GRU models. The encoder's function is to
receive the input sequence and summarize the data into internal state vectors, also
referred to as hidden state and cell state vectors, used in LSTM architecture [101].
Only the internal states are retained, while the encoder's outputs are discarded. This
context vector is intended to gather data from each input element to help the decoder

generate accurate forecasts.

The basic structure of the Seq2Seq architecture with the LSTM layer is shown in the

figure.
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Figure 3.12 Seq2Seq Architecture with LSTM Cells

The LSTM, or GRU, executes each sequence one step at a time while processing the
data sequentially. The LSTM examines the input sequence in ’t’ time steps if'its length
is ’t’. x, denotes the input sequence at each step in time t. The hidden state (‘'h") and
the cell state ('c’) are the two states that the LSTM retains at each time step. The internal
condition of the LSTM at the first step was created through the integration of these

states. ¥, is the output sequence at step t [102].

The beginning states of the decoder, an LSTM, are configured to correspond with the
encoder LSTM's final states. The context vector is fed into the decoder network's first
cell as input from the final encoder cell. With these initial states, the decoder initiates
the output sequence generation while also incorporating these outputs for subsequent
predictions [103].

The initial predicted value $,which was achieved by reducing the dimension of the
LSTM cell output through a dense layer, along with the cell state and hidden state, are
directly inputted into the subsequent LSTM cell, resulting in 9,,,. The weights of the
entire model are learned through back-propagation. Dense layer takes the decoder

outputs y,y

Vi1 Vepor =1 Y,y @nd inputs them into a dense layer with only one output

and no activation function. The information contained in the encoder only transmits
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via the hidden states in the GRU Seq2Seq model, in which GRU cells take on the role
of LSTM cells [53].

3.6. Proposed Models

During the study, two hybrid models of Seq2Seq and CNN was employed, and since
LSTM and GRU achieved superior performance in the literature, they were employed
as cell states within these hybrid models.

Similar to the basic Seq2Seq architecture, these hybrid models have an encoder and
decoder architecture. The encoder receives the input sequence as a hidden context
vector, and the decoder uses this vector to generate an output [104]. For the CNN-
Seq2Seq LSTM model, in the encoder part, a convolution layer is added between the
dense layers and LSTM cells. Accordingly, for the CNN-Seg2Seq GRU model, a
convolution layer is added between dense and GRU cells. The illustrations of the

proposed hybrid Seq2Seq and CNN models are shown in the figures.
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Figure 3.13 Seg2Seq CNN Architecture with LSTM Cells
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Figure 3.14 Seg2Seq CNN Architecture with GRU Cells

CNN is employed for extracting coupling characteristics, whereas LSTM cells focus
on capturing time-series features. In addition, LSTM reduces data and determines the
encoder layer's hidden state. Tasks involving load forecasting are performed using

LSTM in accordance with the weight matrix and input data.

For the GRU hybrid model, instead of LSTM cells, GRU cells transmit input sequence
from encoder part to decoder part only using hidden states. GRU cells may be preferred

over LSTM since it is a simplified version of LSTM with fewer gates.

Batch normalization is integrated between the encoder and decoder stages of both
Seq2Seq-CNN architectures. The incorporation of batch normalization is crucial since
it has been demonstrated to improve precision, encourage generalization, and
accelerate the training process. Batch normalization is highly favored in deep learning
due to its effectiveness, particularly in more intricate models like Seq2Seq, surpassing

the simplicity of basic models [105].

43



3.7. Performance Metrics

Performance or determination metrics generally examine the accuracy and error size
of expected data compared to actual observations, evaluating the degree and precision
of variances between anticipated values and the real data [53]. In order to assess the
effectiveness of the proposed hybrid models, four distinct performance metrics are
utilized. These include R?, MSE, MAE and MAPE.

For linear regression models, R? is a measure of goodness-of-fit that demonstrates a
percentage of the variance in the dependent variable that can be interpreted by the
independent variables. This statistic, which is usually shown on a scale from 0% to
100%, measures the effectiveness of the correlation between the dependent variable
and the model. When a model's forecasted value fits the observed data, it is expected
to have an R? value close to 1. This indicated that the independent variables in the
model effectively interpret a significant amount of the variability in the dependent

variable.

It is computed using the formula:

RZ =1- SSreS (21)
SStot’
Where SS,.s = Y. (y; — f)? = Y1, e;? shows the residual of the sum of squares

and SS;o: = Y1, (y; — ¥)? demonstrates the total sum of squares. Given that ¥ is the

mean of the observed data, y; is the i observation and £; is the forecasted value of the

i™ observation.

MSE computes the average of the squared differences between the forecasted values
and the actual observations. A lower MSE suggests better performance, whereas a
higher MSE suggests poorer model accuracy.
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MSE is calculated by

. (22)

n
1 AN2 1
s = 236 1y’ = 1
i=

i=1

In the context of the MSE calculation, f; represents the forecasted value of the i "

observation, and y; represents the i ™" observation or actual value.

One statistic used to assess the average magnitude of the differences between
forecasted values and actual observations is MAE. Similar to MSE, a lower MAE
suggests a better-performing model, and a higher MAE shows a less accurate model.
There's an inverse relationship between prediction accuracy and the MAE metric.

MAE can be calculated by

- (23)

MAE = 1zn:| | = 12| |
—nllyl fit = p lel.
1=

i=1

MAPE is another determination metric that indicates the average difference between
the forecasted and actual values in percentages, regardless of whether the deviation
was positive or negative. A forecast's accuracy is demonstrated by its reduced MAPE;
the forecast's outcome and its actual result correspond precisely when the MAPE is
0%. Conversely, a higher MAPE signifies a lower level of accuracy in the prediction.

MAPE can be calculated by

n N
1 _ f (24)
mapg = 1002y
=
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3.8. Data

The dataset comprises hourly electricity generation data from a wind farm situated in
Karaburun, izmir, Turkey, spanning from June 2013 to January 2023 and consisting
of 83452 recorded observations obtained by [20]. Karaburun is a district of the Izmir

province of Turkey.

Karaburun is located 106 kilometers away from the city center of Izmir. It spans a
surface area of 421 square kilometers. To its south lies the Urla district, while it is

bordered by the Aegean Sea to the west, north, and east [9].

Karaburun WPP ranks as Turkey's 79th largest power plant and the 4th largest in Izmir,
boasting an installed capacity of 226.80 megawatts (MWe). It stands as Turkey's 2nd
largest wind power plant, utilizing 83 Enercon wind turbines in its RES. With an
average electricity production of 477,512,455 kilowatt-hours, the Karaburun Wind
Power Plant has the capacity to fulfill the electrical energy requirements of 131,474
individuals in their daily activities, encompassing housing, industry, metro
transportation, government offices, and environmental lighting. When considering
solely residential electricity consumption, the plant's output can cater to the energy
needs of 159,864 households [18].

Table 3.2 Karaburun Wind Power Plant Annual Electricity Production

Year Electricity Production Proportion relative Proportion relative to
(kWh) to I1zmir's Turkey's consumption

consumption

2013 196.768.270 %1,2 %0,08

2014 306.793.540 %1,8 %0,12
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Table 3.2 (continued)

2015 320.313.500 %1,8 %0,12
2016 384.763.440 %2,1 %0,14
2017 345.962.000 %1,8 %0,12
2018 337.419.000 %1,6 %0,11
2019 443.780.000 %2,2 %0,15
2020 768.267.000 %3,7 %0,25
2021 840.629.800 %4,0 %0,26
2022 830.428.000 %4,0 %0,25

The table above demonstrates the annual electricity production in kwh of Karaburun
WPP from 2013 to 2022. It also presents the production as a proportion relative to the
consumption of Izmir and Turkey. Over the years, electricity production has accounted

for 4% of Izmir's consumption and 0.25% of Turkey's consumption.

3.9. Data Standardization

Standardizing the input sequences is essential since there are various units of variables
and a wide range of numerical ranges that are important for forecasting. Using data
sets with cleaned data may lead to some errors in predicted values or decrease the
efficiency of the process. Therefore, standardization ensures the data's accuracy,
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efficiency, and dependability. Additionally, data normalization should be applied to
allow concurrent comparison and weighing of data across sequences. Data
normalization is the process of scaling and mapping data to the [0,1] interval. All
variables are normalized and then transformed into values without dimensions. After
normalization, all “0” variables can remain, which makes it suitable for loading data
that contains "0" values. Normalization can enhance the efficacy of network training

by preventing gradient explosions during the training phase [105].

Normalization can be computed by the formula,

yr = X Xmin (25)
Xmax - Xmin
Where X' is the normalized data, X is the actual data, X,,,, and X,,,;, demonstrates the

maximum and minimum value in the sequence.
3.10. Forecasting

This section examines the analysis and forecasting of electricity demand generated by
wind speed. In order to evaluate the performance of the proposed models, different
models were tested and the results were compared. These models are CNN, LSTM,
GRU, CNN-GRU, CNN-LSTM, CNN-Seq2Seq GRU, and CNN - Seq2Seq LSTM.
All the models presented are trained using Tensorflow. TensorFlow is an open-source
machine learning architecture that simplifies the development of machine learning
models, notably for deep learning tasks including neural networks. Initially, pre-
processing was done on the data, which involved interpolating missing values.
Subsequently, the original data were normalized in order to prepare the suggested
models for training, validation, and testing. In order to minimize the mean squared
error, the training was performed using the Adam optimizer and the stochastic gradient
descent backpropagation method [99]. The Keras library and the Adam optimizer are
employed with a batch size of 48 and a learning rate set to 0.00001. To mitigate

overfitting, a dropout layer with a dropout rate of 0.1 is inserted before each dense
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layer, in addition to the implementation of an early stopping mechanism. The dataset
is divided into lags and actual values with sliding windows. This divided data is then
separated into two parts, which are the training set and the test set. The model is trained
on 80% of the data, and 20% is retained for testing. The train set is used to train the
model via backpropagation, whereas the test set evaluates the model's performance on
previously unknown data. In the convolutional and output layers, the ReLU activation
function was employed with a filter size of 256, a kernel size of 8, and a stride of 2.
Different cell sizes were trained, and LSTM cells were implemented with both hidden
states and cell states set to a dimension of 196 in the first phase of the empirical
analysis. Furthermore, LSTM and GRU cells with an internal size of 196 are used in
the Seq2Seq model. A number of statistical measures, including R?, MAE, MSE, and

MAPE, were employed to evaluate the suggested model's accuracy.

A variety of models with different lag lengths were evaluated in order to identify the
optimal lag duration. Only lag data are used in order to estimate observations for time
steps t,t+1,t+2,...,t+9 hours. The objective is to compute J; Vei1, Ve42s s Vero IN A
sequence without explicitly providing the method with observed values. Therefore,
lagged values were used as inputs to estimate electricity production for the subsequent

10 hours without relying on current observations.
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CHAPTER 4

ANALYZES

The hybrid models were evaluated across ten different lag lengths, ranging from 24 to
240, with their effectiveness and reliability assessed over 10-hour intervals by
comparing some performance metrics as R?>, MAE, MSE and MAPE. In the table

below, the results of all lag lengths are given for the Seq2Seq-CNN model with LSTM

cells.
Table 4.1 Results of Seq2Seq-CNN LSTM Model
LAG LENGHT | FORECASTED | R? MAE MSE MAPE
VALUES

Y, 0.9421 0.0505 0.0060 23.5129
Y1 0.8602 0.0793 0.0145 38.7022
Y2 0.7829 0.1038 0.0226 55.3835
Yii3 0.7131 0.1220 0.0298 71.1661

24 Yeia 0.6490 0.1377 0.0365 85.0548
Yiss 0.5911 0.1503 0.0426 97.6369
Yive 0.5390 0.1612 0.0480 109.4668
% 0.4938 0.1708 0.0527 117.5955
YVivs 0.4506 0.1788 0.0572 125.7503
Yiro 0.4115 0.1861 0.0613 135.2372
Y, 0.9426 0.0498 0.0060 22.9626
Y1 0.8605 0.0823 0.0145 41.0798
Y2 0.7825 0.1061 0.0227 56.6167
Yiis 0.7147 0.1228 0.0297 67.5110

48 Yeia 0.6559 0.1369 0.0359 82.0796
Yivs 0.6024 0.1487 0.0414 95.7768
Yive 0.5526 0.1597 0.0466 108.5671
\% 0.5068 0.1701 0.0514 116.9263
YVivg 0.4650 0.1798 | 0.0558 122.7472
Yiro 0.4283 0.1879 0.0596 133.4675
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Table 4.1 (continued)

Y, 0.9404 0.0534 | 0.0062 29.8172
Y1 0.8620 0.0826 0.0144 | 46.1444
A 0.7867 0.1053 0.0222 65.1088
72 Yeis 0.7203 0.1237 0.0291 78.7280
YVera 0.6598 0.1380 | 0.0355 90.0950
YVigs 0.6069 0.1508 0.0410 102.4376
Yeve 0.5577 0.1619 0.0461 112.8566
Yeer 0.5132 0.1723 0.0507 122.1518
YVivg 0.4709 0.1815 0.0551 129.2062
Yiro 0.4357 0.1893 0.0588 141.9678
Y, 0.9357 0.0558 0.0062 24.6381
Yiiq 0.8560 0.0848 0.0144 | 41.0631
A 0.7830 0.1065 0.0222 59.7932
Yirs 0.7146 0.1237 0.0291 71.6522
96 YVera 0.6473 0.1409 0.0355 80.6154
Yiss 0.5992 0.1516 0.0410 92.9286
Yere 0.5519 0.1626 0.0461 104.2321
Vi 0.5093 0.1724 0.0507 116.3311
YVivg 0.4657 0.1816 0.0551 122.5276
Yiro 0.4268 0.1902 0.0588 130.9123
Y, 0.9395 0.0536 0.0063 29.8764
Y1 0.8606 0.0809 0.0145 42.7920
Yeiz 0.7849 0.1011 0.0224 56.0702
Yies 0.7215 0.1191 0.0290 67.2411
120 YVera 0.6608 0.1349 0.0353 78.7597
YVigs 0.6102 0.1458 0.0406 93.9020
Yere 0.5633 0.1575 0.0455 109.0814
Ve 0.5184 0.1677 0.0502 119.7913
YVivs 0.4768 0.1784 0.0545 134.6155
Yiro 0.4392 0.1874 | 0.0584 144.0346
Y, 0.9396 0.0524 | 0.0063 24.0613
Yer 0.8604 0.0818 0.0145 40.2487
Yisz 0.7884 0.1021 0.0220 54.8574
Yeis 0.7235 0.1193 0.0288 70.4657
144 YVera 0.6628 0.1333 0.0351 84.4820
Yigs 0.6085 0.1458 0.0408 97.8359
Yire 0.5648 0.1570 | 0.0453 109.6830
Ve 0.5203 0.1671 0.0500 121.0397
Yivs 0.4806 0.1769 0.0541 130.4769
Yero 0.4452 0.1849 0.0578 136.8836
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Table 4.1 (continued)

Y, 0.9386 0.0532 0.0064 27.7677
Yiq 0.8587 0.0832 0.0147 47.1897
Yi1n 0.7878 0.1045 0.0221 61.5830
Yiis 0.7219 0.1205 0.0290 74.6339
Yita 0.6600 0.1355 0.0354 91.1877
168 Yiis 0.6109 0.1480 0.0405 100.9242
Yite 0.5676 0.1588 0.0451 112.0836
Yivr 0.5241 0.1682 0.0496 122.6280
Yiie 0.4844 0.1765 0.0537 131.2944
Yiro 0.4473 0.1846 0.0576 141.1595
Y, 0.9396 0.0526 0.0063 26.2387
Y11 0.8607 0.0827 0.0145 40.8873
Yiin 0.7889 0.1032 0.0220 52.9448
Yiis 0.7258 0.1181 0.0286 66.7107
Yita 0.6678 0.1337 0.0346 80.2469
192 Yits 0.6162 0.1458 0.0400 91.6787
Yite 0.5700 0.1567 0.0448 101.7883
Vi 0.5275 0.1662 0.0492 110.4318
Yiig 0.4820 0.1768 0.0540 116.4623
Yiro 0.4473 0.1847 0.0576 125.7115
Y, 0.9352 0.0568 0.0068 24.017
Yiq 0.8582 0.0831 0.0148 42.225
Yiio 0.7841 0.1053 0.0225 55.895
Yits 0.7196 0.1221 0.0292 70.466
Yita 0.6610 0.1363 0.0353 77.507
216 Yiis 0.6143 0.1468 0.0402 91.253
Yite 0.5703 0.1573 0.0448 103.70
Yivr 0.5278 0.1675 0.0492 114.89
YViig 0.4876 0.1766 0.0534 123.67
Yero 0.4547 0.1839 0.0568 138.387
Y, 0.9394 0.0529 0.0063 26.2215
Vi1 0.8593 0.0829 0.0146 45.2755
Yit2 0.7882 0.1033 0.0220 57.4312
Yiis 0.7229 0.1213 0.0288 72.6087
240 Yiia 0.6608 0.1364 0.0353 82.3078
Yits 0.6104 0.1482 0.0405 96.1723
Yite 0.5622 0.1598 0.0456 108.3588
Yivr 0.5178 0.1690 0.0502 118.1017
Yiig 0.4754 0.1789 0.0546 129.1235
Yero 0.4395 0.1877 0.0584 136.5407
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Based on the table, the optimal performance for short-term forecasting within the first
hour occurs when the lag length is set to 48. The highest achieved R? value is 0.94,
while the lowest is 0.42 for this lag length. Despite the decrease in the R? value for the
next few hours, both MAE and MSE results indicate that the model's performance
remains within an acceptable range. Consequently, the model demonstrates impressive
results with an MAE of 0.04 for the first hour and 0.18 for the final hour, which can
be regarded as a good result compared to other models mentioned in the literature.
Nevertheless, in the context of long-term forecasting for the 10th hour, the model
yields superior results when the lag length is set to 216, achieving an R? value of 0.45.
Furthermore, the obtained MAE, MSE, and MAPE results are notably low, suggesting
that the model can effectively be utilized for long-term forecasting with a lag length
of 216.

The graphs indicating the forecasted values and observed values are demonstrated in
figures for the 1%, 4" 7" and 10™ hours.
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Figure 4.1 Forecasted Values and Observations of 1% hour for LSTM cells
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Observations and forecasted values
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Figure 4.2 Forecasted Values and Observations of 4" hour for LSTM cells
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Figure 4.3 Forecasted Values and Observations of 7" hour for LSTM cells
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Observations and forecasted values
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Figure 4.4 Forecasted Values and Observations of 10" hour for LSTM cells

The graphs illustrate hourly outcomes based on the optimal lag length and parameters,
which are 216 for the LSTM cells. The x-axis represents time points in hours, while
the y-axis indicates wind energy production measured in MW/h. The red lines
represent observed data, while the blue points indicate the forecasted values. The aim
of the graph is to compare observed values with forecasted values, to assess the
accuracy and performance of the forecasting model. When the blue points align closely
with the red lines, it indicates that the forecasted values closely match the actual data,
suggesting that the model provides accurate solutions. This close alignment can be
observed in the initial graph, which represents the first hour of forecasting.
Furthermore, the table analysis confirms this observation, revealing an R? value of
0.93 for the first hour of forecasting. When examining the graphs for other time
intervals, it becomes evident that the accuracy of the model decreases gradually as the
observed and forecasted values deviate from a perfect fit. Although, the model does
not show perfect fits for the last hours, it demonstrates sufficiently satisfactory results
in long term forecasting.
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Additionally, GRU cells were implemented into the hybrid Seq2Seq-CNN model. The
table below indicates the forecasted result of ten consecutive hours with ten different

lag lengths.
Table 4.2 Results of Seq2Seq-CNN GRU Model
LAG LENGHT | FORECASTED | R? MAE MSE MAPE
VALUES

Y, 0.9409 0.0510 0.0061 21.5303
Y1 0.8576 0.0811 0.0148 37.8802
Yein 0.7758 0.1043 0.0233 53.8530
Yeis 0.7017 0.1231 0.0310 67.9595
Yita 0.6344 0.1394 0.0381 80.5461

24 Yivs 0.5951 0.1526 0.0442 92.0608
Yive 0.5411 0.1644 0.0499 102.2006
% 0.4808 0.1745 0.0551 109.9538
Yirg 0.4359 0.1839 0.0598 117.6838
Yero 0.3944 0.1922 0.0641 124.7830
Y, 0.9406 0.0518 0.0062 22.679
Yisr 0.8537 0.0846 0.0153 42.199
e 0.7718 0.1081 0.0238 58.600
Yeis 0.6975 0.1261 0.0315 71.344
Yita 0.6302 0.1417 0.0386 84.976

48 Yiss 0.5889 0.1548 0.0449 94.674
Yive 0.5347 0.1670 0.0506 103.741
YVisr 0.4932 0.1772 0.0559 111.586
Yitg 0.4372 0.1864 0.0607 118.195
Yiro 0.3865 0.1947 0.0650 124.709
Y, 0.9387 0.0534 0.0064 26.8411
Y1 0.8530 0.0832 0.0153 44.1738
Yei2 0.7700 0.1061 0.0240 60.5370
Yeis 0.6924 0.1250 0.0321 73.9844
Yeva 0.6348 0.1414 0.0391 86.0431

72 Yiss 0.5835 0.1544 0.0455 96.4111
Yive 0.5268 0.1666 0.0514 104.4145
% 0.4656 0.1774 0.0567 112.7798
YViig 0.4207 0.1868 0.0614 120.2895
Yiro 0.3995 0.1950 0.0657 125.9636
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Table 4.2 (continued)

Y, 0.9377 0.0548 | 0.0065 25.2562
Yeuq 0.8526 0.0851 | 0.0154 | 41.6705
Yo 0.7698 0.1085 0.0240 | 58.2835
Yiis 0.6917 0.1278 | 0.0321 71.5968
Yeia 0.6247 0.1435 0.0391 84.8406
96 Yeis 0.5639 0.1563 0.0454 | 95.3220
Yeve 0.5189 0.1680 | 0.0512 105.0133
Yevs 0.4652 0.1785 0.0568 113.1897
Viig 0.4202 0.1875 0.0615 121.4522
Yito 0.3907 0.1956 | 0.0656 128.2192
Y, 0.9396 0.0527 | 0.0063 24.733
Yyiq 0.8512 0.0861 | 0.0155 | 43.732
120 Yy 0.7692 0.1080 | 0.0241 58.108
Yiis 0.7117 0.1278 0.0321 73.983
Yeia 0.6737 0.1435 0.0392 86.072
Yeis 0.6123 0.1564 | 0.0456 | 94.959
Yere 0.5667 0.1678 | 0.0514 103.95
Yeis 0.5052 0.1779 | 0.0568 112.60
Yivs 0.4400 0.1883 0.0615 119.512
Yito 0.3996 0.1958 | 0.0657 126.989
Y, 0.9388 0.0525 0.0064 | 25.0925
Youq 0.8525 0.0851 | 0.0154 | 48.3416
Yein 0.7996 0.1082 | 0.0240 | 63.4497
Yeis 0.7126 0.1266 | 0.0320 | 75.9627
Yera 0.6647 0.1432 | 0.0391 89.7827
144 Yeis 0.6048 0.1563 0.0453 100.6140
Yere 0.5497 0.1677 | 0.0511 110.0718
0.4996 0.1778 | 0.0563 117.7987
Yesy 0.4447 0.1870 | 0.0610 125.3573
Viig 0.3964 0.1949 | 0.0650 132.2962
Yt+9
Y, 0.9390 0.0528 | 0.0064 | 24.3158
Yi1 0.8516 0.0849 | 0.0155 | 42.4260
Yein 0.7689 0.1075 0.0241 56.2441
Yeis 0.7311 0.1279 | 0.0322 73.5060
Yeia 0.6943 0.1434 | 0.0392 84.8665
168 Yesis 0.6441 0.1564 | 0.0454 | 95.8690
Yere 0.5890 0.1680 | 0.0512 105.1963
Yery 0.5274 0.1785 0.0565 113.5537
YVivs 0.4622 0.1875 0.0613 119.9522
Yito 0.4021 0.1956 | 0.0654 126.2146
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Table 4.2 (continued)

Y, 0.9382 0.0543 0.0064 29.4804
Y41 0.8517 0.0852 0.0155 45.6349
Yein 0.7716 0.1075 0.0238 60.0041
Yiss 0.7032 0.1277 0.0320 72.5612
Yisa 0.6546 0.1439 0.0391 84.5084
192 Yiss 0.5989 0.1566 0.0453 95.9538
Yive 0.5389 0.1682 0.0512 104.8605
| 0.4987 0.1787 0.0564 113.3148
Yire 0.4541 0.1877 0.0611 121.2718
Yero 0.4030 0.1955 0.0654 127.8713
Y, 0.9411 0.0509 0.0061 22.491
Yeiq 0.8553 0.0828 0.0151 37.968
Yein 0.7947 0.1061 0.0235 55.563
Yies 0.7299 0.1257 0.0313 70.532
Yita 0.6732 0.1419 0.0382 85.656
216 Yiss 0.6245 0.1549 0.0443 97.501
Yive 0.5509 0.1663 0.0499 107.29
Yisr 0.4501 0.1765 0.0551 114.61
Yivs 0.4461 0.1857 0.0598 121.88
Yero 0.4020 0.1936 0.0640 128.653
Y, 0.9396 0.0531 0.0063 21.6182
Y11 0.8580 0.0831 0.0148 41.2530
Yiso 0.7811 0.1050 0.0228 56.7752
240 Yivs 0.7097 0.1243 0.0303 73.0032
Yeva 0.6482 0.1391 0.0367 84.7700
Yiis 0.5931 0.1520 0.0424 97.1951
Yive 0.5446 0.1629 0.0475 107.7716
Yiis 0.4982 0.1726 0.0523 116.8472
Vivg 0.4546 0.1815 0.0568 124.6525
Yero 0.4121 0.1900 0.0613 131.7567

The same model was trained using GRU cells instead of LSTM cells. As demonstrated
in the table, the optimal performance for short-term forecasting within the first hour

was achieved with a lag length of 24, yielding an R? value of 0.94, which is similar to

the performance of the LSTM cell. This metric then declines to 0.39 for a forecast
horizon of ten hours. The MAE results for this lag length also indicate favorable
outcomes, starting at 0.05 and increasing to 0.1922 by the 10th hour. It's important to

highlight that MAE values approaching zero indicate a high level of accuracy and
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satisfactory performance by the model. When examining long-term forecasting, it's
evident that the model achieves superior performance when the lag length is set to 240.
Comparing the R? and MAE values for this lag length at the 10th hour, it's apparent
that this length yields more favorable outcomes compared to other lengths. The highest
R? value obtained is 0.41, accompanied by an MAE value of 0.1900. Consequently,
the model demonstrates its suitability for long-term forecasting tasks when the lag
length is set to 240.

Accordingly, the graphs illustrating the forecasted values and observed values for the
hybrid model with GRU cells are presented in the figures for the 1%, 41,71 and 10™
hours.
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Figure 4.5 Forecasted Values and Observations of 1% hour for GRU cells
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Observations and forecasted values
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Figure 4.6 Forecasted Values and Observations of 4™ hour for GRU cells
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Figure 4.7 Forecasted Values and Observations of 7" hour for GRU cells
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Observations and forecasted values
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Figure 4.8 Forecasted Values and Observations of 10" hour for GRU cells

Hourly results based on the optimal lag length of 240 and parameters for the GRU cells
are represented in the graphs. The initial graph, representing the prediction for the 1st
hour, displays a strong correlation between observed and forecasted values. This
suggests that the hybrid Seq2Seq-CNN GRU model performs exceptionally well in
short-term forecasting, as evidenced by the R? and MAE results presented previously
in the table. Upon examination, it's observed that the correlation between observed and
forecasted values diminishes at the 4th, 7th, and 10th hours. Despite this decline, the
model still exhibits acceptable performance in mid and long-term forecasting

scenarios.

Two different hybrid models, Seq2Seg-CNN LSTM and Seq2Seg-CNN GRU, were
evaluated over 10-hour periods with various lag lengths. Forecasted values according
to the performance metrics and correlation graphs of the observed value and predicted
value were analyzed. While both models yield comparable outcomes, the hybrid model

employing LSTM cells outperforms the model with GRU cells, considering all ten lag
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lengths. This superiority is evident in performance metrics including R?, MAE, MSE,
and MAPE, observed in both short-term and long-term evaluation.

In order to demonstrate the accuracy of the proposed models, data was forecasted using
various models in the literature such as CNN, LSTM, GRU, CNN-GRU Hybrid, CNN-
LSTM Hybrid and the outcomes were compared. Table 4.3 demonstrates the
forecasting results of each model.

Table 4.3 Forecasting Results of the Models

Method Resolution | R2 MAE MSE MAPE
CNN + Seq2Seq | 1-h 0.9411 0.0508 0.0061 22,4905
(GRU) 5-h 0.6732 0.1419 0.0382 85.6555
10-h 0.4020 0.1936 0.0639 128.6531
CNN GRU 1-h 0.9396 0.0526 0.0062 23.2136
5-h 0.6470 0.1408 0.0367 86.6890
10-h 0.4151 0.1917 0.0609 137.8977
CNN LSTM 1-h 0.9380 0.0535 0.0064 26.9151
5-h 0.6388 0.1428 0.0376 87.0787
10-h 0.3952 0.1965 0.0630 140.2151
LSTM 1-h 0.9337 0.0540 0.0069 24,9199
5-h 0.6180 0.1420 0.0398 79.9261
10-h 0.3722 0.1940 0.0654 125.3772
GRU 1-h 0.9393 0.0524 0.0063 22,1651
5-h 0.6195 0.1404 0.0396 78.6668
10-h 0.3665 0.1957 0.066 124.6236
CNN 1-h 0.9376 0.0542 0.0065 29.2529
5-h 0.6572 0.1382 0.0357 90.7340
10-h 0.4217 0.1907 0.0602 137.7135
CNN + Seq2Seq | 1-h 0.9351 0.0567 0.0067 24,0179
(LSTM) 5-h 0.6610 0.1362 0.0353 77.5070
10-h 0.4546 0.1839 0.0568 138.3877

The evaluation in the given table involved analyzing forecasts for 1st, 5th and 10th
hours for all models using performance metrics like R?, MAE, MSE, and MAPE. This
ten hours’ interval can be considered short, mid and long term forecast solution. Lag
lengths starting from 24 to 240 were trained and results were examined. The accuracy
of the results did not exhibit a direct or inverse correlation with increasing lag length.
Consequently, the values presented in the table were chosen by selecting random lag

lengths, indicating no systematic relationship between lag length and accuracy.
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Likewise, various dropout values were experimented with on the dataset, revealing no

noticeable relationship with the outcomes.

Notably, the initial hour for each model showed significantly better results compared
to the 5™ and 10" hours. Despite a gradual decrease in performance leading up to the
10" hour, the models exhibited commendable performance compared to existing
forecasting models in the literature. Regarding comparison between models, while
most models showed similar performance in the 1% hour, the Seq2Seq-CNN GRU
model was the most accurate, at 94%. It indicates that this hybrid model can be
effectively used for short-term forecasts. Furthermore, the table reveals that the
Seq2Seq-CNN LSTM model achieves 45% accuracy at the 10th hour, representing the
highest performance among all other models. This suggests that, for long-term
forecasts, the hybrid Seq2Seq CNN model with LSTM layers demonstrates significant

efficiency and effectiveness.
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CHAPTER 5

CONCLUSION

The demand for energy has been increasing recently around the world. Nuclear energy
and fossil fuels have been the main sources of supply for this need until now. But since
they have an adverse effect on the environment and are limited in supply, people
started looking for alternative natural energy sources. Renewable energy, derived from
natural sources like sunlight, wind, water, and geothermal heat, ensures sustainability
without polluting the environment. These sources provide numerous environmental
and economic advantages compared to conventional energy sources. Renewable
energy is sourced from resources that are essentially inexhaustible and emit fewer
pollutants. This fundamental distinction from fossil fuels has led many nations,
including Turkey, to advocate for its widespread adoption and utilization. Wind energy
is considered the cleanest and least damaging natural energy source. Wind energy does
not face transportation challenges and does not demand high-end technology for
utilization. The technology for converting wind energy into mechanical and electrical

energy is more cost-effective compared to other energy conversion systems.

Wind power currently accounts for approximately 10% of Turkey's electricity
generation, primarily concentrated in the western regions, including the Aegean and
Marmara areas. It is steadily increasing its contribution to the overall renewable energy
portfolio of the nation. As of 2023, Turkey has a total installed capacity of 11 GW

from wind turbines.

Accurate wind power estimations are essential for power generation planning and
power grid management. Therefore, suitable and accurate forecasting models are

required for the planning and operation of electrical power systems. Research into
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developing a more accurate forecasting system is driven by the significance of
forecasting, which would greatly reduce operating and maintenance costs and increase
the reliability of the power supply and distribution system. A wide range of approaches
have been used in the research on renewable power forecasting. Forecasting wind
energy and velocity over a range of timescales, estimating uncertainty, and predicting
ramping events have all been the subject of several forecasting studies. Mainly, time

series and statistical techniques such as ARIMA models were used for the forecasting.

The aim of this study is to model and forecast the hourly electricity production of one
of the biggest wind farms in Turkey, which is located in Karaburun, Izmir. Throughout
this study, short-term, mid-term, and long-term forecasts are essential. To enhance
forecasting accuracy beyond traditional models, machine learning, deep learning, and
hybrid models have been devised and evaluated using the available data. Specifically,
the Seg2Seq-CNN hybrid model has been developed, integrating LSTM cells and
GRU cells independently to improve forecasting performance. Seq2Seq models have
demonstrated effectiveness across various sequential data tasks, particularly those
characterized by complex relationships and variable lengths between input and output.
In the context of time series forecasting, Seq2Seq models were enhanced by
integrating CNN to capitalize on historical data for predicting future data points. These
hybrid models utilize LSTM and GRU cells, which have shown superior performance

in existing literature.

The performance of these hybrid models was assessed by comparing them with CNN,
LSTM, GRU, CNN-GRU, and CNN-LSTM models using various performance
metrics to investigate the error margin of the forecasts, which are R?, MAE, MSE, and
MAPE. Each model was optimized using the most suitable parameters, with 10 lag
lengths ranging between 24 and 240. For each lag length, the models were executed,
and a graph illustrating 10 hours of observed and forecasted values was generated,
starting from the time y; to y,,4. Upon examining the results, it was noted that the
models yielded comparable outcomes. It was observed that while short-term
predictions were highly accurate, prediction accuracy diminished over the long term.

The objective of this study was to ensure a reasonable level of accuracy in predicting
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wind energy over the long term. Despite the decline in results, the analysis of
performance metrics revealed that the 10th-hour prediction rates remained within an

acceptable range and outperformed examples found in the literature.

While the Seq2Seq-CNN GRU model achieves the highest R? value of 0.94 for the 1st
hour, the Seq2Seq-CNN LSTM model surpasses in long-term forecasting with an R?
value of 0.45 for the 10th hour. It can be concluded that the Seq2Seq-CNN GRU model
is well-suited for short-term forecasting, while the Seq2Seq-CNN LSTM model is
preferable for long-term forecasting. Examining the graphs of two hybrid models
revealed an almost perfect correlation between the actual data and the forecasted data,
indicating that the forecasted values closely aligned with the observed values.
Therefore, for this study and the data obtained from Izmir Karaburun, the algorithms

were found to be reliable and efficient for forecasting wind power.
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