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ABSTRACT
OPTIMAL DECISION-MAKING FOR OPERATIONS OF
SMART GRIDS AND MICROGRIDS

Kiibra Nur SAHIN
Ph.D. in Industrial Engineering
Advisor: Assoc. Prof. Muhammed SUTCU
June 2025

The rising adoption of renewable energy sources and decentralized electricity production
has introduced new challenges in power system coordination, uncertainty management,
and reliability. This study presents a multi-stage framework combining probabilistic
modelling, centralized optimization, and adaptive control for smart energy communities.
First, a hybrid model integrating copula theory, deep learning, and decision trees is
developed for probabilistic wind energy assessment. Second, a Mixed-Integer Linear
Programming (MILP) model is formulated to optimize distributed energy resource
scheduling and peer-to-peer (P2P) energy trading across various household types. Finally,
a rule-based control environment is extended with a Deep Deterministic Policy Gradient
(DDPQ) reinforcement learning algorithm to enable real-time pricing and decentralized
decision-making. The proposed model adapts to dynamic conditions, optimizes energy
dispatch, and improves long-term system performance under uncertainty.

Collectively, this study introduces an integrated paradigm that combines resource
evaluation, system optimization, and adaptive control. The findings highlight the
potential for intelligent energy management to enhance grid flexibility, encourage
decentralized operation, and facilitate the transition towards sustainable and resilient

power systems.

Keywords: Smart Grid Energy Management, Reinforcement Learning, Peer-to-Peer
Trading, Renewable Energy Integration, Distributed Energy Resources



OZET
AKILLI SEBEKE VE MIKROSEBEKE
OPERASYONLARINDA OPTIMAL KARAR VERME

Kiibra Nur SAHIN
Endiistri Mithendisligi Anabilim Dali Doktora
Tez Danismani: Dog. Dr. Muhammed SUTCU
Haziran - 2025

Yenilenebilir enerji kaynaklarinin artan entegrasyonu ve elektrik iiretiminin
merkeziyetsizleserek dagitik hale gelmesi, giic sistemlerinde koordinasyon ve sistem
giivenilirligi agisindan 6nemli zorluklari beraberinde getirmistir. Bu ¢alisma, akilli enerji
topluluklart i¢in, olasiliksal modelleme, merkezi optimizasyon ve uyarlanabilir kontrol
yaklagimlarini bir araya getiren ¢cok katmanli bir metodolojik ¢er¢eve sunmaktadir. ilk
asamada, meteorolojik degiskenler arasindaki karmasik dogrusal olmayan iligkileri
modelleyebilen ve riizgar enerjisi potansiyelini belirsizlik altinda degerlendirebilen,
kopula teorisi, derin Ogrenme ve karar agaclarini birlestiren hibrit bir yontem
gelistirilmistir. Ikinci asamada, farkli hane yapilarmni igeren bir sebekede, dagitik enerji
kaynaklarmin zamanlamasi1 ve esler arasi1 (P2P) enerji ticaretinin optimizasyonu ig¢in
Karigik Tamsayili Dogrusal Programlama (MILP) tabanli model tasarlanmistir. Son
asamada ise, kural tabanli karar verme yapisi, Derin Deterministik Politika Gradyani
(DDPQ) algoritmasi ile gelistirilerek, gercek zamanl fiyatlandirma ve merkezsiz karar
alma yeteneklerine sahip bir operasyonel kontrol ortami olusturulmustur. Gelistirilen
model, degisken sistem kosullarina uyum saglamakta, enerji yonetimini optimize etmekte
ve belirsizlik altinda uzun vadeli sistem performansini artirmaktadir.
Bu calisma, enerji sistemlerinde kaynak degerlendirmesinden operasyonel kontrole
uzanan; deterministik planlamay1 ger¢ek zamanli, Ogrenen yapilarla biitlinlestiren
kapsamli bir karar destek mimarisi sunmaktadir. Elde edilen bulgular, dagitik
yenilenebilir kaynaklarin entegrasyonunu destekleyen, esnek, dayanikli ve siirdiiriilebilir

enerji sistemlerinin gelistirilmesine katki sunmaktadir.

Anahtar kelimeler: Akilli Sebeke Enerji Yonetimi, Pekistirmeli Ogrenme, Esler Arasi
Ticaret, Yenilenebilir Enerji Entegrasyonu, Dagitik Enerji Kaynaklar
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Chapter 1

Introduction

Energy systems are the cornerstone of modern economic and social development.
Urbanization, industrialization, and digital transformation have all contributed to an
increase in energy demand, emphasizing the importance of sustainable and intelligent
energy solutions. At the same time, environmental concerns, fossil fuel depletion, and
international frameworks like the Paris Agreement and the UN 2030 Agenda [1,2] have
highlighted the importance of shifting to low-carbon, decentralized energy systems.
Smart grid technologies, which may incorporate renewable and distributed energy
resources (DERSs), are critical to this shift [3].

Implementing smart grids introduces complex challenges, especially in optimizing
energy flow, coordinating markets, and ensuring system reliability. The variability of
renewable energy sources (RESs) and the dynamic nature of prosumers require advanced,
data-driven management strategies [4]. This thesis addresses the challenges by
developing comprehensive control frameworks tailored to smart energy communities.

This study progresses from resource assessment and centralized scheduling to real-
time adaptive control, reflecting the evolution of energy management. It begins with the
probabilistic evaluation of renewable energy potential, continues with the optimization of
DERs scheduling and Peer-to-Peer (P2P) trading, and culminates in reinforcement
learning-based control mechanisms.

Chapter 2 presents a hybrid model for assessing wind energy potential, combining
copula theory, deep learning, and decision trees. This model effectively captures
nonlinear meteorological dependencies, supporting uncertainty-aware planning and
renewable integration.

Chapter 3 introduces a Mixed-Integer Linear Programming (MILP) framework for
managing residential power systems with diverse household types. It optimizes energy
scheduling and P2P trading across grid-dependent users, PV-only, and PV-BESS

prosumers, highlighting the impact of storage and user diversity on system efficiency.



Chapter 4 shifts to decentralized control by first modeling operational logic with
rule-based strategies. This environment is then enhanced with a Deep Deterministic
Policy Gradient (DDPGQG) algorithm that enables real-time pricing and adaptive prosumer
behavior in response to grid conditions and market dynamics.

This thesis offers an integrated structure that addresses three critical components of
smart energy systems: evaluation, planning, and control. The thesis provides a scalable,
intelligent framework for fostering the development of robust, adaptive, and sustainable

energy infrastructures.



Chapter 2

Probabilistic Assessment of Wind Power
Plant Energy Potential through a Copula-

Deep Learning Approach in Decision
Trees[5]

*This study has been published on Heliyon, and the content has been reprinted with

permission



Abstract

In the face of environmental degradation and diminished energy resources, there is
an urgent need for clean, affordable, and sustainable energy solutions, which highlights
the importance of wind energy. In the global transition to renewable energy sources, wind
power has emerged as a key player that is in line with the Paris Agreement, the Net Zero
Target by 2050, and the UN 2030 Goals, especially SDG-7. It is critical to consider the
variable and intermittent nature of wind to efficiently harness wind energy and evaluate
its potential. Nonetheless, since wind energy is inherently variable and intermittent, a
comprehensive assessment of a prospective site’s wind power generation potential is
required. This analysis is crucial for stakeholders and policymakers to make well-
informed decisions because it helps them assess financial risks and choose the best
locations for wind power plant installations. In this study, a Copula-Deep Learning based
framework is presented within the context of decision trees. The main objective is to
enhance the assessment of the wind power potential of a site by exploiting the intricate
and non-linear dependencies among meteorological variables through the fusion of
copulas and deep learning techniques. An empirical study was carried out using wind
power plant data from Turkey. This dataset includes hourly power output measurements
as well as comprehensive meteorological data for 2021. The results show that
acknowledging and addressing the non-independence of variables through innovative
frameworks like the Copula-LSTM based decision tree approach can significantly
improve the accuracy and reliability of wind power plant potential assessment and
analysis in other real-world data scenarios. The implications of this research extend
beyond wind energy to inform decision-making processes critical for a sustainable energy

future.

2.1 Introduction

Under the pressure of environmental degradation and the depletion of energy
resources, achieving clean, cheap, and sustainable energy has become an important issue
that needs to be tackled. At the forefront of this imperative is the energy sector, the largest
contributor to global greenhouse gas emissions, accounting for approximately 73.2%. (see

Figure 2.1[6])



Given the central role of the energy sector, it is clear that transformative action is
essential to reduce its negative impact on the environment. Strategies aimed at reducing
emissions, switching to renewable energy sources, and improving energy efficiency are
of paramount importance. In addition, encouraging innovation and implementing sound

policies can further advance the energy sector towards a more sustainable future.
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Figure 2.1 Global greenhouse gas emissions by sector

The importance of wind energy as a clean and sustainable energy source has
increased due to the urgent need to reduce emissions in the energy sector and switch to
renewable energy sources. Wind energy plays a crucial role in achieving the ambitious
goals in agreements such as the Paris Agreement, the Net Zero Target by 2050, and the
United Nations 2030 goals, in particular SDG-7 (Affordable and Clean Energy). This
growing recognition underlines the central role of wind energy in mitigating climate
change and advancing the global agenda for a sustainable and low-carbon future.
Consequently, the expansion of wind power plants is essential to meet the growing
demand for clean energy and to fulfill global sustainability goals.

However, when establishing wind power plants, the assessment of wind energy
potential is crucial in the construction of wind turbines, as it determines the success and
efficiency of the project. While current assessment tools are valuable, they are often not
practical or comprehensive enough. Furthermore, existing tools may lack the precision

required to identify and mitigate the risks associated with specific sites, potentially



exposing projects to unforeseen challenges. Given these limitations, there is an urgent
need for more comprehensive and practical tools to assess the potential of wind power
plants. These tools should go beyond the current limitations and provide a more nuanced
understanding of wind patterns, speeds, and variability at potential sites. In this way, they
can facilitate optimal site selection and ensure not only maximum energy yield but also
the long-term sustainability and resilience of wind power plants. Additionally, enhanced
assessment tools would contribute to more accurate financial evaluations, enabling
decision-makers to take well-informed decisions regarding the technical feasibility,
viability, and profitability of wind energy projects [7]. Therefore, investing in developing
advanced, practical, and comprehensive assessment tools is essential to guide the wind
energy sector towards a more efficient, sustainable, and resilient future [8].

With these tools analyzing the output characteristics of wind power emerges as a
strategic and effective response to the inherent uncertainties associated with wind energy.
These tools involve a thorough examination of the patterns and behaviors in power
generation, empowering stakeholders to devise resilient strategies for risk mitigation and
enhanced optimization of energy production [9-12]. Wind power output B, is the most
accurate way to assess the technical potential of wind power plants to decide whether the
site is financially feasible [13]. Understanding the output characteristics of wind power is
imperative, given the noteworthy power fluctuations and the intricate influence of
challenging site locations [11,14]. Furthermore, recognizing that the fluctuation in wind
power output is attributed to changes in wind speed, precise determination of the
distribution and fluctuation characteristics of wind speed within the wind power plant
becomes instrumental for a comprehensive understanding of its overall output [15-17].

The most common techniques when assessing wind energy potential are statistical
time series models, distribution fitting such as Weibull distribution methods and
estimation models [18-22]. Due to the unpredictable nature of factors that affect wind
energy production, multivariate analysis is required. By using multivariate analysis,
which takes into consideration the interactions between several varied factors, it is
possible to attain a more thorough understanding of wind patterns and their behavior [23].
In the literature, when wind power plant energy potential is analyzed, wind-related
meteorological uncertainties are generally assumed to be completely independent
variables, and the joint probability distributions of these uncertainties were constructed
by approaches such as isotropic Gaussian distribution [24], anisotropic Gaussian

distribution [25], and anisotropic logarithmic Gaussian distribution [26], etc. As expected,



these approaches fall short at some points because the meteorological uncertainties are
not independent by their nature. Although the techniques used in the literature offered
helpful insights, they may sometimes fail to capture the complex dependencies and non-
linear interactions that are inherently present in wind data, which results in limited
accuracy and reliability. Among the multivariate techniques, copulas have gained
substantial attention in recent studies due to their potential to reflect complex dependence
structures and wide application areas such as finance, risk management, rainfall analysis,
drought analysis, insurance, etc. [27-30].

Concurrently, in multivariate modeling and analysis, a “dependence tree” approach
is applied to assess dependence measures in a hierarchical manner [31]. Despite this,
integrating multivariate dependencies in a decision tree is computationally expensive in
general since the generation of conditional distributions for each branch of the tree is a
challenging task [32]. If the marginal distributions of the variates belong to different
distribution families, generating the conditional distributions becomes even more
challenging. In this context, it is practical to specify the variable marginal distributions
and use copulas to compute joint distributions to describe the hierarchical structure of
multivariate dependence. There has been limited study on the application of copulas to
discrete probability trees in decision analysis [32].

Furthermore, in the literature, the application of Multi-Criteria Decision-Making
(MCDM) models, notably Analytical Hierarchy Process (AHP), TOPSIS (Technique for
Order of Preference by Similarity to Ideal Solution), PROMETHEE (Preference Ranking
Organization Method for Enrichment Evaluation), ELECTRE (Elimination Et. Choice
Translating Reality), and Fuzzy has been widespread for assessment of wind energy site.
Studies by Emeksiz and Demirci et al.[33] in Turkey, Sahin et al. [34] in the Netherlands,
Solangi et al. [35] in Pakistan, and Islam et al. [36] in Bangladesh exemplify the utilization
of these methods to assess various criteria for identifying optimal locations for wind
power plants. However, alongside overseeing interdependencies among critical factors,
the literature underscores challenges in MCDM models assuming linear relationships
between variables. This assumption has the potential to lead to suboptimal site
assessment, emphasizing the need for advanced methodologies that can capture the non-
linear dynamics inherent in wind energy production. Addressing these limitations is
imperative to ensure accurate and robust decision-making processes in selecting wind

energy sites.



The copula-based dependent tree approach can be an effective and practical
approach to statistically representing the multivariate dependence structure of wind data.
Meanwhile, in order to estimate the wind power potential of a site, there is a need to
develop a model to generate wind farm power outputs for each branch of the dependent
tree. Therefore, in that study, a Long Short-Term Memory (LSTM) architecture was
adopted for this purpose.

Using multivariate analysis, it is possible to gain a better understanding of the
relationships among meteorological variables. Despite the complexity of the interactions
between these variables, the determination of the joint distributions of the variables and
their conditional distributions and the estimation of the power output values are crucial
for evaluating the potential of wind power plants. However, the earlier methods have
some limitations in terms of their effectiveness and computational complexity. To
overcome this limitation, a copula-deep learning based multivariate modelling framework
has been developed. The main goal of this study is, therefore, to provide a comprehensive
and robust framework for evaluating the potential of a wind power plant while capturing
the complex dependencies and patterns in the data and leveraging the capabilities of deep
learning. Through the use of this framework, energy stakeholders will be able to make
more informed decisions about the planning, development, and operation of wind power
plants.

The main contributions of the study can be summarized as follows: (1) dependence
between the meteorological variables is often disregarded, and the independence
assumption has been generally applied since defining a multivariate joint distribution is
challenging and computationally expensive. A copula-based dependence structure is
adopted, and complex and nonlinear dependencies and tendencies that are limited in other
studies are incorporated; (2) a comprehensive Copula-Deep Learning fusion in decision
trees approach has been employed for the first time to evaluate wind power plant energy
potential assessment at a certain location taking into consideration the meteorological
uncertainties; and (3) the findings from this study will provide insights into the techno-
economic feasibility of wind power projects and a decision support mechanism for
policymakers and stakeholders of wind power plants thereby realizing effective
utilization of this abundant resource.

The rest of the chapter is structured as follows: Section 2.2 introduces the Copula-

LSTM-based decision tree framework. The implementation of the proposed framework



and the performance analysis are provided in Section 2.3. Finally, Section 2.4 concludes

Chapter 2.

2.2 Methodology

The main steps of the proposed methodology are data analysis, feature selection,
identifying the most suitable marginal probability distributions, modeling multivariate
distributions with copulas, parameter estimation for the underlying copula, copula-based

transient tree structure, inverse marginal transformation, and LSTM neural networks.
2.2.1 Data Analysis

The correlations between meteorological conditions are investigated to gain a
comprehensive understanding of their interactions. Tests of Spearman, Kendall [37], and
Pearson [38] are applied to measure the dependencies between the variables; temperature,
humidity, pressure, wind speed, wind gust, and wind bearing.

Significant relationships emerged from the analysis. Notably, a negative correlation
was observed between temperature and humidity (Spearman's p = -0.620, p < 0.05),
indicating their interconnectedness. Similarly, a negative correlation was found between
temperature and pressure (Kendall's t = -0.454, p < 0.05), highlighting the interplay
between these meteorological factors.

Additionally, a positive monotonic relationship surfaced between wind speed and
wind gust (Pearson's r = 0.907, p < 0.05), suggesting a consistent variation in wind speed
corresponding to changes in wind gust.

To deepen the interpretation of these correlations, effect size measures were
calculated. For example, Cohen's d for the negative correlation between temperature and
humidity yielded d = -0.612, indicating a moderate effect size. Likewise, for the
correlation between temperature and pressure, Kendall's effect size 1-b was calculated as
1-b = -0.616, signifying a moderate effect.

These effect size measures enhance the understanding of the correlations, providing
valuable insights into the magnitude and practical significance of the observed
meteorological dependencies. The findings contribute to the robustness and applicability
of the research, offering nuanced insights into the relationships among meteorological
variables. However, for a more comprehensive exploration of complex dependence

structures, copulas provide a versatile framework. They excel in modeling multivariate



dependencies beyond linear correlations, capturing intricate patterns such as tail
dependencies, asymmetric relations, and non-monotonic behaviors. Incorporating
copulas into the analysis further refines the understanding of meteorological
dependencies, acknowledging the nuanced nature of these relationships and contributing

to the depth and applicability of the research findings.

Data Analysis

Apply Spearman, Kendall, and Pearson tests

Feature Selection

Utilize the feature selection methods and
integrate results through majority voting

Determine the best-fitting marginal distribution

Modelling multivariate distributions with copulas

Parameter estimation for the underlying copula

Copula Based Trasient Tree Structure - - . - P
Discrete approximation to contional probability

distributions

Construct copula based transient tree structure

Apply inverse marginal transformation

LSTM

Develop LSTM Neural Networks with
Hyperparameter Optimization

Figure 2.2 The flowchart of proposed methodology
2.2.2 Feature Selection and Identifying the Most Suitable Marginal
Probability Distributions

In the context of the dependent decision tree approach, feature selection is essential
to identify the most relevant variables that significantly contribute, since it helps to reduce

the complexity of the model and enhance its performance. When the number of variables
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increases, the depth of the decision tree grows linearly, but the number of branches grows
exponentially with the number of features.

Forward selection, backward elimination, lasso regularization, decision tree
importance, recursive feature elimination, and mutual info techniques are used in this
study to reduce the computational complexity of the model and determine the most
informative set of features. Feature selection through various techniques followed by a
voting approach is used as a tool to improve model performance. The voting approach
aggregates the selection of the individual feature selection techniques. The ensemble of
various feature selection techniques with majority voting helps in making robust
predictions, reducing overfitting, and improving the model's generalization performance.
With this approach, the set of selected features that is likely to capture relevant
information while minimizing computational burden is determined.

In addition, to accurately capture the inherent characteristics of a variable, deriving
the best-fitted marginal probability distribution is crucial. The evaluation metrics mainly
used to measure the fitting performance of the theoretical distribution are the Root Mean
Squared Error (RMSE), Mean Squared Error (MSE), Kolmogorov-Smirnov and Chi-
square tests. In that study, MSE is used to evaluate the fitting performance of the

distribution.

2.2.3 Modelling Multivariate Distributions with Copulas

In recent years, there has been growing interest in copula models to examine the
structure of interdependence between variables in a variety of research fields such as
energy, medical science, banking, and economics. Copulas are powerful statistical tools
to develop a dependent structure of multivariate random variables where the marginal
distributions of random variables are independently determined. The term “Copula” was
first introduced by Sklar, in 1959 [39]. The proposed idea is that a joint distribution can
be expressed as a function of the marginal distributions [39]. Variations in the correlation
of the variables in different parts of marginal distributions can be explained by copula
models [40]. Mathematically, it can be expressed as

C( Fl (Xl)' FZ (XZ)l L Fn(xn)) = F(XI'XZ' 'Xn) (21)
and,
F(Xl) = Uli F(XZ) = U2: R F(Xn) = Un (2'2)

Thus,
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C(u) = C(uy,uy,...,uy) =PU; <uy, U, Suy,..,U, <UY) 2.3)

where X = (X4,X3,..,X,) € R"and U = (U,, U,,.., U, is a n-dimensional random vector
with U;~ Unif(0,1), Vi = 1,2, ..., n. This is well-known Sklar’s Theorem (1) enables us
to express any multivariate distribution in terms of its marginal distributions and a copula
that captures dependencies between the variables. If X is a continuous random vector,
then the copula C is unique [39].

With the cumulative distribution function of a joint distribution, the joint probability
distribution function (PDF) can be derived as follows:

0"F(Xq,X3, ) Xp) 2.4)
0% 0%, ... 0%y
— anC( Fl(Xl); FZ (Xz), ey Fn(Xn)) aFl (Xl) an (Xz) aFn(Xn)
= aFl(X1) oF, (Xz) . aFn(Xn) 0%, 9%, .,
= c(F1(x1), F3(x3), .., Fnxo ) TTiL, fi(x1)

f(xq, X3, e, Xp) =

where f;(x;) denotes the marginal PDF of X; and c( F;(X1), F5(x2),..,Fh(x,)) denotes
the copula density that is obtained from the partial derivative of the copula. Thus, any
joint probability density function can be written as the product of its marginal probability
density functions. Detailed information about copulas in general can be found in the
books by Nelsen [41].

In the literature, numerous families of copulas emphasizing various distributional
properties have been proposed, i.e., the Archimedean, Elliptical, Plackett, etc. These
copula families include a wide range of patterns of tail dependences and various types of
asymmetries. The well-known elliptical copulas are the Gaussian and Student’s t copula.
The elliptical copulas represent symmetrical tail dependencies. In addition to elliptical
copulas, the most known Archimedean copulas are Frank, Gumbel, and Clayton. These
types of copulas capture various types of tail dependence. The Frank is symmetric with
no tail dependence [42]. While the Gumbel copula has upper-tail dependence [43], the
Clayton copula has lower-tail dependence [44]. Table 2.1 illustrates mathematical
descriptions of the copula families used in this study.

The characteristics of copula theory allow for the construction of decision tree
structures that incorporate the dependence structure obtained by copulas and marginal
densities. A transient probability tree can be created based on copulas, which can capture

the various types of multivariate dependencies. After the determination of the marginal
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distributions of the variables, the conditional distributions of each branch of the dependent
decision tree can be obtained.

The generation of random uniform variables from multivariate copulas is performed
to build a transient probability tree. This process can be called sampling. One approach
for sampling a uniform random variable (uq,u,, ...,u,) from n-dimensional normal
copula is to use Cholesky decomposition for the generation of the uniform variables [45].
After the Cholesky factorization process is applied to the correlation matrix X,,; i.e., X, =
AA', we can generate n independent z = (24, Zy, ..., Z,) and x = (x4, X3, ..., X,) Which is
Az [46]. N-dimensional t-copula can be obtained similarly with parameters X,, and d. For
Archimedean copulas, as a first step to