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Chapter 8 )
Fundamentals of Artificial Intelligence Grest o
and Machine Learning

Jhon Quiiones

8.1 Preliminaries of Artificial Intelligence

Al refers to computational methodologies designed to replicate tasks typically asso-
ciated with human intelligence, such as reasoning, learning, perception, planning,
and decision-making [1]. Historically, Al research began with symbolic or rule-
based approaches, employing explicit logical representations of human knowledge.
Despite notable early successes, including expert systems and automated reason-
ing, these symbolic methods struggled with handling uncertainty, complexity, and
scalability, prompting researchers to explore alternative frameworks capable of over-
coming these limitations [2].

In response, a significant transition to data-driven approaches emerged, leading
to ML, a subset of Al that emphasizes algorithms capable of autonomously learning
from data without relying on explicitly programmed rules [3]. ML methodologies
identify and generalize patterns in empirical data, leveraging statistical techniques to
infer insights and make accurate predictions about previously unseen scenarios [4].
ML methods can be broadly classified into supervised learning, where models learn
from labeled datasets; unsupervised learning, which discovers structures in unlabeled
data; and reinforcement learning, where algorithms learn optimal decision strategies
through interactions with an environment guided by reward-based feedback [5].
In addition to extending ML’s capabilities, deep learning, a specialized form that
employs multilayered artificial neural networks, has improved AI’s ability to process
and interpret complex, high-dimensional data.

Given their powerful predictive and optimization capabilities, ML techniques
have become integral to renewable energy systems, significantly improving resource
forecasting, operational efficiency, and infrastructure planning and investment [6].
To effectively exploit the full potential of Al in renewable energy applications, it is
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crucial to understand the fundamental mathematical concepts, learning paradigms,
and algorithmic principles of ML. Thus, this chapter introduces the essential foun-
dations of machine learning, providing the conceptual tools necessary to leverage Al
within renewable energy developed in later chapters.

8.2 Foundations of Machine Learning

At its core, the ML methodology begins with the formal representation of data.
Consider a dataset X, formally defined as a set containing n samples, each described
by m distinct features:

X ={x1,x0,...,x,}, where x;, ¢R", i=1,...,n (8.1)

Thus, each vector x; represents an individual data instance in the m-dimensional
feature space. The quality of the selected features critically influences the perfor-
mance of the model. Therefore, feature extraction, feature selection, and dimension-
ality reduction procedures are required.

ML algorithms are formalized through the concept of learning a functional rela-
tionship f : R™ — R?, which maps the input vectors x to the output vectors y. The
model learning process involves identifying parameters 6 that minimize a prede-
fined cost function J(0), quantifying discrepancies between the predicted outputs
y = f(x; 0) and the true outputs y. In general form, this optimization problem is
expressed as:

argmin J(0) = argmin l Z Ly, f(xi;0)) (8.2)
0 6 N

i=1

Optimization of the cost function is commonly performed using gradient-based
methods, such as gradient descent. The iterative parameter update rule for gradient
descent is given by:

aJ(®)
a6

0 «—0—«

(8.3)

where « is the learning rate, a hyperparameter controlling the step size of updates in
each iteration [4]. Selecting a suitable learning rate is critical because an excessively
large learning rate can hinder convergence, whereas a small learning rate may prolong
the optimization process or trap the algorithm in local minima [7].

Moreover, robust model validation strategies, such as k-fold cross-validation or
bootstrapping, ensure the generalizability of ML models [8]. Formally, in k-fold
cross-validation, the dataset X is partitioned into k disjoint subsets X, X, ..., Xk.
For each iteration j, the model is trained on the combined data X \ X; and validated
on subset X ;. This method rigorously assesses the predictive accuracy of the model
and its ability to generalize to unseen data [9].
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ML methodologies can be classified according to their learning paradigms, reflect-
ing how algorithms process data and derive knowledge. In general, there are three
primary paradigms: supervised learning, unsupervised learning, and reinforcement
learning [8]. Each paradigm addresses different types of problems and employs
unique mathematical frameworks to formalize the learning process, thus facilitating
customized solutions across diverse application areas, including renewable energy
systems.

8.2.1 Supervised Learning

Supervised learning comprises algorithms designed to learn predictive mappings
from input variables to known outputs using labeled datasets. Formally, given a
dataset of n samples, each associated with an input vector and corresponding output
label, the dataset is expressed as:

D ={x,y)li-, x;€eR", yelY (8.4)

Here, x; denotes the input feature vector with dimensionality m, while y; represents
the corresponding output or label, drawn from a domain Y, which determines whether
the task is one of regression (continuous targets) or classification (categorical targets).

Common supervised learning techniques include linear and logistic regression,
support vector machines (SVMs), decision trees and their ensemble extensions such
as random forests (RF) and gradient-boosted trees, naive Bayes classifiers, and mul-
tilayer perceptrons (feed-forward neural networks). Figure 8.1 shows graphical rep-
resentation of classical supervised learning techniques. When these models tackle
continuous-valued outputs, the nomenclature typically switches to a regression form.
For example, support vector regression (SVR), decision tree regressor, or random
forest regressor, while for categorical outputs, their standard classification names are
retained [10].

Support Vector Machine Decision Trees Linear Regression
X3 y

Fig. 8.1 Supervised machine learning models including support vector machines (SVM), decision
trees, linear regression
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8.2.1.1 Regression Tasks

Regression tasks involve predicting continuous numeric outcomes from input vari-
ables. The output domain is typically the set of real numbers, formally denoted as:

vieYCR, Vi (8.5)

The objective is to learn a continuous function f(x; 0) parameterized by 6 that
maps inputs to outputs, minimizing discrepancies between predicted values 3; and
actual targets y;. A common loss function for regression tasks is the Mean Squared
Error (MSE), mathematically defined as:

oL .
Luse(y, ) = — > (i — ) (8.6)
i=1

Alternatively, Mean Absolute Error (MAE), which is less sensitive to outliers, is
defined as:

1 n
JP) = — E e 8.7
Lyvae(y, ¥) . Hly il (8.7)

Common supervised regression algorithms include Linear Regression, Ridge
and Lasso Regression, random forests, SVM, and Neural Networks [10]. Linear
regression, for instance, assumes a linear relationship between inputs and outputs

expressed by: T
fX;0)=wx+b (8.8)

where w represents a vector of weights, and b is the bias term. These parameters
are typically estimated by minimizing the selected loss function using optimization
algorithms such as gradient descent.

Example: Photovoltaic power forecasting

Utility-scale solar farms introduce high-frequency variability into power systems: a
cloud can drop PV output by tens of megawatts within minutes. System operators
therefore request hour ahead forecasts to schedule fast acting reserves and avoid
imbalance penalties. In the following, we develop a step by step, reproducible Ridge
regression baseline that predicts the real power P of a S0MW PV plant 60 min in
advance. Each phase is defined so the reader can replicate the workflow in Python,
MATLAB, or even Excel.

Step 1: Problem formulation. Index 15 min intervals by ¢ and denote the measured
AC power by P, [kW]. We wish to approximate

"X Py,

where the four-step offset corresponds to a one-hour horizon.
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Step 2: Data acquisition and cleaning.

(a) Acquire two years of one-minute SCADA records; down-sample to 15min
means. Retrieve matching numerical weather prediction (NWP) fields: global
horizontal irradiance (GHI), direct normal irradiance (DNI), air temperature
(T?r), cloud-cover fraction (CC), and wind speed (v*"%).

(b) Clean by dropping nighttime rows (GHI~O0), clipping spikes beyond three
median absolute deviations, and linearly interpolating gaps shorter than three
consecutive points.

Step 3: Feature engineering. Each timestamp is mapped to

x, = [GHI,, DNI,, T*, CC,, v}™, sinw,, cosw,, P, |, (8.9)

weather diurnal persistence

where w, = 27 (hour(t) /24) provides a continuous encoding of the hour-
of-day.

Step 4: Temporal train-test split. The earliest 70% of samples form the training
set Dy; the most recent 30% constitute the test set Dy.. Shuffling is not
permitted so as to avoid information leakage across time.

Step 5: Model fitting (Ridge regression). Adopting the linear form (8.10), we solve

N 1 2 2
b= — 3 (- 0) + AW, 8.10
arg In;n N x,y)eD (y f(x )) ’ “ ||2 ( )

where the regularization strength A > 0 is selected via time-series cross-
validation. In closed form:

Ww=X"X+1D"'XTy, b=7-Ww'x

Step 6: Evaluation on unseen data. For each (x, y) € D, compute § = f(x; é)

and report
1
RMSE= |— Y (v-3) (8.11)
e (xveD.
NRMSE = RMSE / Pyas, (8.12)

with Pp,x = 50 MW. Always benchmark against the persistence forecast
ﬁfﬁr) = P;; a viable model must outperform this naive baseline.

Step 7: Interpretation of coefficients. A positive Wy confirms that stronger irra-
diance increases the output, while a negative wr. reflects losses in thermal
efficiency at elevated module temperatures. Such transparency builds oper-

ator confidence.
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Step 8: Deployment and drift monitoring. A quarter-hourly pipeline now fetches
the latest NWP slice and live P;, assembles X, via (8.9), computes 13,+4, and
publishes the forecast to the energy management API. A rolling dashboard
tracks nRMSE; when error drifts beyond a predefined guard band, the model
is automatically retrained on the expanding data set.

Remark Steps 1-4 (data engineering) and 6-8 (evaluation, interpretation, and
deployment) remain untouched if a practitioner switches Ridge regression for SVR,
gradient-boosted trees, or an artificial neural network at Step 5. Consequently, the
framework scales seamlessly from quick baseline to sophisticated production fore-
caster, all while maintaining a clear audit trail that operators and regulators can trust.

8.2.1.2 Classification Tasks

In classification tasks, the goal is to assign input instances into discrete classes or
categories. Formally, the output labels are drawn from a finite set:

Yi Ey = {C],Cz,...,ck}, Vi (813)

where k denotes the number of distinct classes. The predictive function in classifi-
cation, typically denoted as f(x; #), outputs a probability distribution over possi-
ble classes. For binary classification (k = 2), logistic regression is frequently used,
expressed mathematically as:

fx;0)=P(y=1|x;0) =c(W'x+b), where o(z) =

= G

Classification tasks commonly employ the cross-entropy loss function, which
measures the discrepancy between predicted probabilities and actual class labels.
For binary classification, cross-entropy loss is given by:

n

L] . .
Leu(y, ) === Y [yilog(F) + (1 — y) log(1 — $i)] (8.15)
n

i=1
In multiclass classification scenarios, the output predictions are represented as a

probability distribution over k classes using softmax activation:

T .
eV x+b;

Si:6) = POy =€ 6) = —rs

j=L2...k (8.16)

The associated multiclass cross-entropy loss function is defined by:

R R A
Lce(y, y) = - ZZH(%‘ = C;)log(¥i;) (8.17)

i=1 j=1I

where I(+) is the indicator function, equal to 1 if the condition is true and O otherwise.
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Prominent supervised classification methods include Logistic Regression, Sup-
port Vector Machines (SVM), Decision Trees, Random Forests, and Neural Net-
works. SVM, for example, classifies data by finding an optimal hyperplane that max-
imizes the margin between classes, defined formally by the optimization problem:

1
mi}? EHWHZ subjectto y;(W'x; +b) > 1, Vi (8.18)

In renewable energy applications, supervised learning, both regression and classi-
fication, is widely applied for resource forecasting, anomaly detection, and predictive
maintenance [11, 12].

Example: incipient gearbox-fault detection in wind turbines

Motivation. A single gearbox failure in a modern 3 MW turbine can cost hundreds
of thousands of dollars in parts, labor, and lost production. Catching incipient faults
early therefore turns unscheduled outages into planned maintenance. The workflow
below builds a SVM classifier that turns raw SCADA and vibration streams into a
real-time alarm, following the same eight-step structure used for the regression case.

Step 1: Problem formulation. Atevery 10s interval # we summarize sensor signals
into a feature vector x, € R?. Maintenance logs retrospectively assign a
binary label

_ )1, incipient gearbox fault within the next 24 h,
Yo = 0, normal operation.

We seek a decision function g* : X, —> y, that maximises early-warning
capability.
Step 2: Data acquisition & cleaning.

(a) Acquire rotor speed w;, generator torque T;, oil temperature T;’“, vibration RMS,
spectral side-band energy, and ambient conditions from the turbine SCADA
historian.

(b) Label by joining SCADA rows to the computerized maintenance management
system (CMMS); mark the 24h preceding each confirmed gearbox ticket as
“incipient fault.”

(c) Clean by removing gross outliers, resampling to a uniform 10s cadence, and
forward-filling gaps shorter than 30s.

Step 3: Feature engineering. Combine physics-guided and statistical cues:
X =[w. T, T, RMS,, 5, sin¢, cosy]',  (8.19)
where v, = 2w month(z)/12 encodes seasonality. Because fault samples are

scarce (< 2%), assign higher class weights to y = 1 oremploy SMOTE-style
oversampling.
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Step 4:

Step 5:

Step 6:

Step 7:

J. Quifiones

Temporal train-test split. To prevent leakage across physically distinct
machines, group by turbine ID: select 70% of turbines for D, and keep the
remaining 30% as the unseen test fleet De.

Model fitting (SVM with RBF kernel). Optimize

min 3|lw|* +C) &
Wbt : (8.20)
sty (wWiox) +b)>1-¢, & >0,

where ¢ (-) is the radial-basis-function (RBF) feature map k(x, x') = exp
(—y||x — x’||2). Choose (C, y) via grouped time-series cross-validation;
weight C more heavily for the minority class (fault).

Evaluation on unseen turbines. Apply the fitted classifier to D to obtain
fault probabilities p,. Select a threshold t in concert with operations engi-
neers (e.g., to guarantee minimum recall) and compute

.. TP
Precision = ——, (8.21)
TP 4 FP
TP
Recall = ——, (8.22)
TP 4+ FN

Precision x Recall
F=2 — , (8.23)
Precision + Recall

where TP, FP, and FN follow standard confusion matrix definitions. Plotting
the receiver operating characteristic (ROC) curve further illustrates the trade-
off between false alarms and missed faults.

Deployment and drift monitoring. An edge computer in each turbine now
streams live features every 10s, scores them through g(x;), and raises an
alarm when g(x;) > 7 in N successive windows. A scheduled retraining rou-
tine adds new technician-verified labels and re-optimizes (8.20) whenever
rolling F; degrades beyond a preset margin.

Remark By swappingthe SVM in Step S for a gradient-boosted tree, a convolutional
network in raw vibration spectra, or even a hybrid physics/data model, practitioners
can enhance accuracy without modifying the step-by-step process, ensuring that
predictive maintenance remains robust and explainable.

8.2.2

Unsupervised Learning

Unlike supervised learning, unsupervised learning algorithms analyze unlabeled
datasets, with the aim of identifying inherent structures, patterns, or groupings
without explicit guidance. This paradigm is particularly valuable in domains where
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Fig. 8.2 Unsupervised machine learning models including k-means and principal component anal-
ysis (PCA)

labeled data is scarce, expensive to obtain, or subjective, as is often the case in energy
consumption, sensor networks, and climate data analysis. Figure 8.2, illustrates com-
mon unsupervised learning techniques such as clustering algorithms (k-Means), and
dimensionality reduction (principal component analysis (PCA)).

Formally, given a dataset without labels:

D ={x}_, xeR” (8.24)

the goal of unsupervised learning is to learn a transformation or representation g :
R” — R (with d < m) or a discrete mapping to clusters or latent variables that
captures underlying structure in the data.

8.2.2.1 Clustering Algorithms

Clustering remains one of the most fundamental tasks in unsupervised learning. It
involves grouping data points so that points within the same group (or cluster) are
more similar to each other than to those in other groups. A classic approach is the
K-Means algorithm, which partitions data into k clusters by minimizing the within-
cluster sum of squared Euclidean distances:

k
J=30 > Ixi =l (8.25)
j=1 X,‘ECj

Here, C; denotes the set of data points assigned to cluster j, and g is the centroid
of that cluster.

Clustering methods, such as DBSCAN (Density-Based Spatial Clustering of
Applications with Noise), avoid specifying the number of clusters in advance and
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instead rely on local density criteria [13]. Hierarchical clustering builds a tree-like
structure of nested clusters using bottom-up (agglomerative) or top-down (divisive)
approaches, offering interpretability in applications where multilevel grouping is
beneficial.

8.2.2.2 Dimensionality Reduction

Another major class of unsupervised learning is dimensionality reduction, which
aims to project high-dimensional data into a lower-dimensional subspace while
retaining essential information [ 14]. This is crucial for visualization, noise reduction,
and computational efficiency in large-scale datasets.

A foundational method is Principal Component Analysis (PCA), which finds
orthogonal directions (principal components) capturing the maximum variance in
the data. PCA solves the eigenvalue problem of the sample covariance matrix:

1
>w = Aw, where ¥ = —1XXT (8.26)
"

The eigenvectors w correspond to the principal directions, and the eigenvalues A
reflect the amount of variance captured.

Beyond PCA, non-linear dimensionality reduction methods have gained trac-
tion, particularly for data that lies on nonlinear manifolds. T-distributed Stochastic
Neighbor Embedding (t-SNE) [15] and Uniform Manifold Approximation and Pro-
jection (UMAP) [16] are powerful techniques that preserve local and global structures
respectively, and are widely used in exploratory data analysis.

In the renewable energy domain, unsupervised learning techniques play an essen-
tial role in tasks such as:

e Consumer segmentation: Clustering household or industrial consumption pro-
files to design dynamic pricing or demand response strategies [17].

e Sensor anomaly detection: Identifying faults or abnormal behaviors in wind tur-
bines, solar panels, or microgrid systems using reconstruction-based or clustering-
based models [18].

e Data compression and preprocessing: Extracting low-dimensional, informative
features from high-resolution weather or satellite data for forecasting tasks [19].

Example: clustering household load profiles for demand-response solutions

Motivation. Residential demand is notoriously heterogeneous: some homes peak at
breakfast, others spike after sunset, while a few barely vary at all. However, tariff
designers, aggregators, and distribution system operators need a concise catalog of
typical behaviours to target demand-response (DR) incentives effectively. Unsuper-
vised learning, specifically a PCA — k-means pipeline, offers a principled way to
distill thousands of smart meter traces into a handful of representative load shapes,
without a single labeled example.
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Step 1: Problem set-up. For each customer /2 and day d we resample the smart
meter data to 48 half hour points,

h.d U 48
x"D = [ Po:30, Por0o, -- - Paoo] € R*,

yielding an unlabeled collection D = {x"¥}, ; that now feeds the unsu-
pervised pipeline.
Step 2: Pre-processing & Normalization.

(a) Filtering: drop days with > 10 % missing intervals; fill shorter gaps by linear
interpolation.

(b) Scale separation: divide each profile by its daily mean, producing a shape vector
with unit energy. This prevents high-consumption households from dominating
similarity.

Step 3: Dimensionality reduction (PCA). Stack the centered vectors into X €
RV compute the covariance £ = + X' X, and diagonalize © = UAUT.
Retain the first d principal components such that Zidzlki / Z?ilki > 0.95,
and project every profile on to

(hd) _ /T (h,d) d
z = U[:,l:d]x e R4

Step 4: Clustering (k-means). Run k-means on the PCA scores {z""¥} for a sweep
k € {2, ..., 10}. Choose k* at the elbow of the within cluster sum of squares
curve or by maximizing average silhouette width.

Step 5: Cluster interpretation. Back-project the centroid of each cluster to the
original 48-point space and visualize:

e Cluster A: flat work from home demand all day;
e Cluster B: double breakfast and dinner peaks (classical 9-to-5);
e Cluster C: pronounced late evening spike (EV charging).

Overlaying temperature or calendar metadata can reveal latent drivers (e.g., Cluster
C grows on hot summer Fridays).

Step 6: Operational use. Assign each new daily profile to the nearest centroid in
R¢. Operators can now

(a) tailor DR tariffs: push time-of-use rates to Cluster B, EV-specific incentives to
Cluster C;

(b) forecast aggregate demand by weighting cluster archetypes with daily member-
ship counts;

(c) monitor drift-if the silhouette score slides, retrain PCA and clusters on the rolling
data window.
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Remark This unsupervised pipeline extracts an actionable structure from a sea
of smart-meter readings without any labeled ground truth. PCA compresses 48-
dimensional curves into a handful of orthogonal “load eigenshapes,” while k-means
groups households by genuine behavioural similarity. Because each step is modu-
lar, analysts can swap PCA for auto-encoders, replace k-means with density-based
clustering, or append anomaly-detection layers.

8.2.3 Reinforcement Learning

Reinforcement learning (RL) involves sequential decision-making where an agent
learns to perform actions within an environment, aiming to maximize cumulative
rewards through iterative interactions [20], as shown in Fig. 8.3. Mathematically, RL
problems are modeled using Markov Decision Processes (MDP), represented by the
tuple (S, A, P, R, y), where:

e §is a set of possible states,

A is a set of possible actions,

P:Sx AxS§ — [0,1]denotes transition probabilities between states,

R : S x A — Ris areward function that assigns immediate feedback to actions,
and

y € [0, 1] is the discount factor, balancing immediate and future rewards.

The agent seeks a policy 7 (s) mapping states to actions that maximizes expected
discounted cumulative reward:

Action
A

Fig. 8.3 Reinforcement learning framework
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oo

G =) v Ripis (8.27)
k=0

Optimal action value functions, known as Q-functions, represent the expected
rewards of action state pairs under an optimal policy:

0%(s,a) = E[G,|S, = 5, A, = a, 7*] (8.28)

These functions guide policy improvements, typically through iterative algorithms
like Q-learning, defined as:

O(s,a) < O(s,a) + « |:r +y max Q(s', a’) — O, a)j| (8.29)

where « is the learning rate, controlling the magnitude of updates at each step.

In renewable energy systems, RL is particularly suitable for adaptive real-time
control of microgrids, energy storage systems, demand-side management, and active
wake control in wind farms [21] optimizing decisions dynamically under uncertainty
to achieve operational efficiency and reliability.

Example: Active wake control in wind farms with Q-learning
Wind turbines arranged in large wind farms often suffer from power losses due

to turbine wakes regions of slower, turbulent airflow downstream from individual
turbines (Fig.8.4). Active wake control, implemented by adjusting yaw angles of

v Wind Direction Default Yaws
aw Wind Speed
Q/ E—
_
| 1 —lp
| i —_—
! —p
i Nacelle
i _
w —
Blade D _

Optimal Yaws

‘ Tower
i /
Fig. 8.4 View of two wind turbines without (right top) and with (right bottom) wake control. Darker
areas have slower wind

[T
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upstream turbines, redirects wakes away from downstream turbines, thus increasing
total energy capture. Determining optimal yaw angles is challenging due to dynamic
wind conditions and complex wake interactions. Here, we illustrate how a tabular
Q-learning agent can autonomously learn optimal yaw adjustments to maximize
wind-farm energy production.

Step 1:

Step 2:

Step 3:

Step 4:

Step 5:

Step 6:

Define the environment. The agent interacts with a simulated wind farm
comprising multiple wind turbines. At discrete time steps indexed by ¢, the
environment provides current wind speed and direction, turbine yaw angles,
and turbine power outputs.

Construct the state space. Quantize continuous variables into discrete bins
to manage complexity:

s; = (wind direction bin, wind speed bin, yaw angle bins) € S.

For instance, wind direction could be divided into eight sectors, wind speed
into five ranges, and yaw angles into discrete increments (e.g., every 5°).
Specify the action set. Actions correspond to discrete yaw adjustments for
each controllable turbine:

a; € A = {yaw left by A6, hold, yaw right by A8},

typically with increments A8 =~ 5°. Actions exceeding mechanical yaw lim-
its are prohibited.
Design the reward function. The immediate reward balances total farm
power production with yaw adjustment penalties (reflecting mechanical
wear):

Nuwrbines Nurbines

re= Y Pia) —cuw Y |Ayaw,,|,
i=1 i=1

where P; ;(a;) is the power output from turbine i at time ¢, and cy,,, penalizes
frequent yaw adjustments.

Update rule (tabular Q-learning). Initialize the Q-table Qq(s, a) = 0 for
all (s, a). After performing action a, from state s,, receiving reward r;, and
transitioning to state s;, update the Q-values as:

Oi1(st,a) = (1 —a) Qi (s, a1) + |:rt +vy H}f}x O (841, a’):| )

where « is the learning rate and y the discount factor. Exploration is imple-
mented using an g-greedy strategy.

Training loop. Run extensive simulations across various wind scenarios
(varying speed and direction). Each simulation involves iteratively applying
the Q-update rule. Monitor Q-table convergence through measures such as
root mean square Q-value changes between iterations.
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Step 7: Policy extraction. Once training converges, extract the optimal policy by
selecting actions with highest Q-values:

*(s) = argmax Q(s, a).
acA

This policy serves as a practical lookup table for operational yaw-angle
decision making.

Step 8: Deployment and online refinement. Deploy the policy within the wind
farm’s real-time control system. Continuously gather operational data and
periodically refine the Q-table, enabling adaptation to evolving turbine con-
ditions, wind patterns, or maintenance constraints.

Remark Unlike supervised approaches, the Q-learning agent does not require
labeled examples of optimal yaw configurations; instead, it autonomously explores
and discovers strategies through trial and error. The reward structure explicitly bal-
ances energy maximization and mechanical stress minimization, resulting in prac-
tically meaningful policies. Furthermore, the transparency of a tabular approach
enables direct interpretation and straightforward operational audits, building trust
with operators who can examine and validate each learned decision.

8.2.4 Deep Learning

Deep learning (DL) is a branch of machine learning characterized by models com-
posed of multiple layers of interconnected artificial neurons to automatically learn
non-linear representations of data (Fig. 8.5). Unlike traditional ML methods, which
often depend heavily on carefully hand-engineered features, DL models are capa-
ble of directly processing raw input data, such as images, time series, or text, thus
significantly reducing the need for domain-specific feature extraction [4, 22]. This
capacity for representation learning has revolutionized tasks across numerous fields,
from computer vision and natural language processing to energy and climate sciences.

Mathematically, given a labeled dataset comprising n samples, each with an input
vector and corresponding label:

D ={(x,y)}i—;, xieR", yel, (8.30)

a DL model aims to approximate a mapping f(x; €) that accurately predicts the
output labels y;. This mapping is typically implemented as a multi-layer network:

f(x;0) = f(L) ° f(L*I) 0---0 f(l)(x), (8.31)

where each layer f® comprises linear transformations followed by nonlinear acti-
vation functions, effectively learning features of increasing complexity at each sub-
sequent layer.
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Fig. 8.5 a Depicts the network at the architectural level: inputs xy, .. ., x, (yellow) are connected

to a stack of fully-connected hidden layers (blue). Each neuron a'" in layer £ receives signals from

all neurons in layer £ — 1 and passes its activation forward until the final layer produces the outputs
Y1, .-, Yk (red). b zooms in on a single neuron to show its internal computation. Each input x;
is scaled by a weight w;, the weighted signals are summed, a bias b is added, and the result is
passed through a nonlinear activation f(-). Algebraically the neuron outputs f(b + 0 x wi).
The dense web of black connectors in (a) is therefore a collection of such operations, repeated layer
after layer to form a universal function approximator

The parameters of the model, collectively denoted as 6, include weights and biases
which are adjusted iteratively through training to minimize a loss function measuring
discrepancies between the model predictions and true labels. Optimization techniques
such as stochastic gradient descent (SGD), Adam, RMSProp, and their variants are
commonly employed. Training leverages the concept of backpropagation, where
gradients of the loss function are computed efficiently and propagated backward
through the network layers to adjust parameters [4].

DL models typically excel when large datasets are available, given their high
representational capacity and complexity. However, several strategies, such as trans-
fer learning, data augmentation, and regularization techniques such as dropout
and weight decay can enhance model performance and generalization even with
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moderate-sized datasets, making deep learning broadly applicable across various
domains.

Inrenewable energy applications, deep learning has made significant contributions
in addressing complex prediction and classification challenges previously difficult
to solve with traditional approaches. Tasks such as high-resolution solar irradiance
forecasting from sky imagery, wind-power prediction from complex meteorological
patterns, anomaly detection in grid infrastructure using sensor data, and the optimiza-
tion of energy storage management in uncertain market conditions have all benefited
considerably from advances in DL methodologies [18, 23, 24].

The remainder of this section explores several DL architectures, convolutional
neural networks (CNNs), recurrent neural networks (RNNs), transformers, and auto
encoders that have proven particularly effective in energy-related contexts.

8.2.4.1 Convolutional Neural Networks (CNNs)

CNN s excel in extracting meaningful local patterns from spatially structured data
such as images, sensor arrays, or geospatial maps. A CNN processes inputs through
layers consisting of convolutional filters, nonlinear activations (commonly Rectified
Linear Units, ReL.U), pooling operations, and fully connected layers at the output, as
illustrated in Fig. 8.6. The convolutional operation is mathematically described as:

®«x)[i, jl=Y_> tlm,nl-x[i —m, j —nl, (8.32)

where f is the convolutional filter (kernel), and x the input image or spatial data. Pool-
ing operations (e.g., max or average pooling) then aggregate feature maps spatially,
effectively reducing dimensions and computational complexity.

Fully
Connected
Convolution
Pooling
Input s
LI
\ J\ J
Y Y
Feature Extraction Classification

Fig. 8.6 Schematic structure of a convolutional neural network (CNN)
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Inrenewable energy, CNNs have been successfully applied to detect defects or hot
spots in photovoltaic modules using thermal imagery, to identify cloud formations
from sky cameras to improve solar irradiance forecasting, and to interpret spatial
wind patterns from radar or satellite imagery for wind resource assessment [25, 26].

8.2.4.2 Recurrent Neural Networks (RNNs)

RNNSs are used to manipulate sequential data. They maintain an internal hidden state
that captures temporal dependencies. Unlike feedforward neural networks, a standard
RNN architecture has recurrent connections, as shown in Fig. 8.7a. Mathematically,
given an input sequence {x,}’_,, the hidden state h, is updated recursively by:

h; = o (Wux; + Wish,_1 + by), (8.33)

where W,;, and Wy, represent input-to-hidden and hidden-to-hidden weight matrices,
respectively, by, is a bias vector, and o (-) is an activation function, typically hyperbolic
tangent or sigmoid.

Due to the vanishing gradient problem, variants such as Long Short-Term Mem-
ory (LSTM) and Gated Recurrent Units (GRU) are often employed. For instance,

he
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Fig. 8.7 a Standard recurrent neural network (RNN) architecture b Long short term memory
(LSTM) ¢ Gated recurrent unit
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Fig. 8.7b depicts a LSTM cell unit. The LSTM introduces gating mechanisms (input,
forget, and output gates) to selectively retain or discard temporal information as
follows:

i = o (Wux; + Wiih, 1 + b;), (8.34)
f, = O‘(WXth + thh,,1 + bf), (8.35)
0o, = o (Wyox; + Whohtfl + bo)s (836)
¢ = tanh(WxCXt + Wich, 1 + b,), (8.37)
¢ =f0c 1 +i;0C, (8.38)

h, = o, ® tanh(c,), (8.39)

where iy, f;, and o, denotes the input, forget, and output gates, respectively. ¢, is the
new candidate memory state. h,_; and h, are the hidden states of the previous and
current status. ¢,_; and ¢, are the memory blocks or cell states of the previous and
current status [27].

Although LSTMs remain popular, GRUs offer a leaner alternative that addresses
the problem of vanishing gradients with fewer gates and parameters (Fig.8.7c). A
GRU merges the cell and hidden states and removes the separate output gate, relying
instead on an update gate z, to control long-term information flow and a reset gate r,
to modulate the short-term context:

z, = o(WeX + Wyhe—y +b.), (8.40)
r, = U(erxt + Wihio + br)a (8.41)
h, = tanh(W,;,x, + 1, © (Wiyh,_1) + by), (8.42)
h,=(—-2)0h_;+2z Oh,. (8.43)

Because the update gate directly blends the previous hidden state with the new can-
didate state h,, a GRU achieves long-range retention comparable to an LSTM but with
fewer parameters, an advantage in memory-constrained or real-time applications.

RNNSs and their variants are widely used for wind and solar power forecasting,
capturing complex temporal dependencies inherent in renewable resource variability.
They are also effective in predicting short-term electricity consumption and detecting
anomalies in operational time series data from the energy infrastructure.

8.2.4.3 Transformers

Transformers have changed sequence modeling by replacing recurrence entirely with
self-attention mechanisms [28]. A transformer architecture comprises multiple lay-
ers, each including multi-head self-attention and position wise feed-forward net-
works. Self-attention computes a weighted representation of each input vector x; as:
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Attention(Q, K, V) = soft <QKT> % (8.44)
ention(Q, K, V) = softmax , :
v dk

where O, K, and V represent queries, keys, and values (projections of input), and d is
the dimensionality of these projections. Multi-head attention concatenates attention
results computed in parallel, enhancing representational power.

Transformers have proven effective in forecasting renewable energy generation
over multiple horizons, modeling complex interdependencies in large-scale electric-
ity grids, and predicting energy consumption at high temporal resolution, capturing
intricate seasonal patterns [29, 30].

8.2.4.4 Autoencoders (AEs)
Autoencoders (AE) are unsupervised neural networks designed to compress input
data into a lower-dimensional latent representation and reconstruct it back [31]. As

shown in Fig. 8.8 an AE consists of an encoder f.,.(-) mapping inputs to latent space
and a decoder fy..(-) reconstructing inputs from latent vectors:

Z = fenc(X; Oenc), X= Jdee(Z; Ogec), (8.45)

where training minimizes reconstruction error (e.g., mean squared error):

1 o .
- T 8.46
Lap =~ ;Zl Ix; — Xl (8.46)

encoder

Fig. 8.8 Autoencoder architecture
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Variational Autoencoders (VAEs) introduce probabilistic latent representations
by enforcing the latent variables to follow a prior distribution (typically Gaussian),
optimizing the evidence lower bound (ELBO) [32]:

Lvae =By, @ [10g po,. (X|2)] — DkL(ge,, (2IX)]| p(2)). (8.47)

Autoencoders have used for anomaly detection in renewable-energy infrastruc-
ture, such as detecting faulty sensors in wind turbines, solar inverters, or battery
storage systems [33]. They also aid in compressing operational data streams for
efficient storage and analysis [34].

8.2.5 Training Considerations

Deep networks are data-hungry and computationally intensive. Training commonly
relies on GPU or TPU accelerators, mini-batch processing, and careful hyper-
parameter tuning (learning rate schedules, depth, width, activation choice). When
labelled data are scarce, as is typical for renewable energy in developing countries,
transfer learning (initialising from networks pre-trained on related tasks) and data
augmentation (adding noise, time warps, or synthetic images) often close the gap [35].

8.2.6 Interpretability and Trust

Although deep models are sometimes denominated as “black boxes,” a growing
tool set, feature map visualisation, saliency heat-maps, SHAP values, and counter-
factual explanations, helps practitioners to verify that the network’s decisions stem
from physically meaningful hints (e.g., soiling patterns on panels or turbine wake
effects) [36-38].

8.2.7 Extended and Emerging Learning Paradigms

While supervised, unsupervised, and reinforcement learning constitute the founda-
tional paradigms of machine learning, current challenges in data availability, pri-
vacy, scalability, and real-time adaptation have motivated the development of several
extended or hybrid paradigms. These paradigms adapt core machine learning princi-
ples to better align with constraints encountered in practice, particularly in domains
such as renewable energy, smart infrastructure, and climate science. This section
introduces some emerging paradigms, each addressing critical limitations of con-
ventional learning frameworks.
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8.2.7.1 Self-Supervised Learning (SSL)

Self-supervised learning (SSL) bridges supervised and unsupervised learning by
generating supervision signals automatically from unlabeled data [39]. SSL methods
define auxiliary or pretext tasks that enable a model to learn useful representations
without requiring manually annotated labels. Once trained, the learned features can
be fine-tuned on downstream tasks.

Formally, let D = {x;}/_, be an unlabeled dataset. SSL defines a function T :
R™ — R™ representing a transformation (e.g., rotation, masking), and trains a model
fo to solve a task involving both original and transformed instances:

i = fo(T(x;)), with pseudo-label y; derived from x;. (8.48)

A prominent SSL method is contrastive learning, where the objective is to bring
together representations of similar inputs (positive pairs) while pushing apart repre-
sentations of dissimilar inputs (negative pairs) [40]. This is achieved by minimizing
the contrastive loss:

exp(sim(z;, z;)/7)
o Wiz exp(sim(zi, z1)/7)

(8.49)

Lcontrast = - log

where z; and z; are embeddings of positive pairs, sim(-) denotes cosine similarity,
and 7 is a temperature parameter.

SSL has achieved state-of-the-art performance in domains like computer vision
(e.g., SimCLR, MoCo), natural language processing (e.g., BERT), and is increas-
ingly utilized in geospatial and renewable energy analytics, where large amounts of
unlabeled sensor data are available [40].

8.2.7.2 Semi-Supervised Learning

Semi-supervised learning leverages both labeled and unlabeled data to improve gen-
eralization when annotated data is limited [41]. Let D; = {(x;, yi)}:,”= | be a small
labeled set and D, = {x; };f”: , be alarge unlabeled set. The goal is to train a function
fo that benefits from both datasets:

Lo = Lsup(Dl) + )\Lunsup (D) (8.50)

where Lynsup might involve consistency regularization or entropy minimization, and
A balances their contributions.

Semi-supervised methods are widely applied in fields like remote sensing, wind
turbine monitoring, and grid anomaly detection, where expert labeled data is expen-
sive, but raw data is plentiful [42].



8 Fundamentals of Artificial Intelligence and Machine Learning 103
8.2.7.3 Online and Continual Learning

Online learning refers to algorithms that learn incrementally from data streams,
updating model parameters in real time [43]. Given a sequence of data points
{(x/, y1)}2,, the model fy, is updated at each time step using:

Or41 =0, — Olzv-ﬁ(fe, (X;), y1) (8.51)

Continual learning, a related concept, focuses on preserving knowledge over time
and avoiding catastrophic forgetting when new tasks are learned sequentially. Meth-
ods such as Elastic Weight Consolidation (EWC) introduce regularization terms to
retain previously learned parameters [44].

These paradigms are essential for dynamic environments such as smart grids
or autonomous renewable systems that must adapt to evolving conditions without
retraining from scratch [45].

8.2.7.4 Active Learning

Active learning is a strategy to optimize labeling efforts by allowing the model to
select the most informative data points for annotation [46]. Let U be the unlabeled
pool. The model selects a subset Q C U using an acquisition function (e.g., entropy,

margin sampling) and requests labels from an oracle (e.g., human expert):

Q = arg IIlEB( Uncertainty( fy (x)) (8.52)
Xe

Active learning is beneficial in high-cost domains like structural integrity anal-
ysis, where simulations or field experiments are expensive. By querying the most
ambiguous cases, fewer labels are needed to achieve high performance [46, 47].

8.2.7.5 Federated Learning
Federated learning enables multiple decentralized devices or clients to collabora-
tively on a shared model without transmitting raw data. Each client k trains a local

model on its private data O and sends only the updated parameters 6; to a central
server. The server aggregates them via weighted averaging:

K
n
o=>" fek (8.53)
k=1

where ny, is the number of data samples on client k, andn = ) i Nk-
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This paradigm is gaining traction in energy systems, where data privacy and reg-
ulatory compliance are critical, for example, in energy usage profiling in distributed
smart meters or microgrids [48].

8.3 Conclusion

In this chapter, we explore the fundamental concepts and methodologies of Artifi-
cial Intelligence (AI) and Machine Learning (ML), emphasizing their role within
renewable energy systems. Beginning with preliminaries of Al, we established a
clear understanding of foundational principles that underpin intelligent computa-
tional methods. Subsequently, we delved into the core foundations of ML, examining
supervised, unsupervised, and reinforcement learning paradigms, each demonstrat-
ing distinct approaches to extracting meaningful insights from data. Deep learning
techniques were highlighted.

In addition, we discussed vital considerations in the training of machine learning
models, including best practices to achieve reliable, robust, and efficient systems.
The significance of interpretability and trust was underscored, acknowledging the
growing need for transparent and understandable Al solutions in critical infrastruc-
ture such as energy systems. Finally, we introduced extended and emerging learning
paradigms, pointing towards future advancements and innovative methodologies.
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