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Abstract

The increasing role of wind energy in modern power systems creates a growing
need for reliable turbine operation, accurate short-term power forecasting, and
computationally efficient data-driven methods. This dissertation addresses two
related problems: early fault detection in wind turbines using supervisory control
and data acquisition (SCADA) time-series data, and short-term wind farm power
forecasting using meteorological forecasts. The dissertation aims to develop and
investigate data-driven methods that improve the accuracy, efficiency, and practi-
cal applicability of short-term wind power forecasting and early wind turbine fault
detection using SCADA and meteorological forecast data.

The first part of the dissertation develops and investigates a virtual-sensor-
based method for condition monitoring and early fault detection in wind turbines
using SCADA time-series data, including the selection of the most informative
features and the evaluation of factors affecting prediction accuracy.

The second part of the dissertation analyzes and optimizes recurrent neural-
network structures for the virtual sensor by evaluating feature-sequence formation,
training schemes, and alternative activation functions to increase accuracy and re-
duce the computational cost relevant for practical deployment.

The third part of the dissertation develops and investigates a bidirectional long
short-term memory (BiLSTM) based method for short-term wind farm power fore-
casting using meteorological forecast data, and evaluates the impact of different
numerical weather prediction (NWP) sources and the suitability of an objective
function with a normalized Nord Pool price multiplier for day-ahead energy pro-
duction forecasts.

The dissertation contributes to the fields of wind energy and artificial in-
telligence by proposing and validating data-driven methods for virtual sensing,
residual-based early fault detection, recurrent-model optimization, computation-
ally efficient activation-function selection, and economically meaningful short-
term wind power forecasting. The research results have been published in three
peer-reviewed scientific journals and one conference proceeding, and were pre-
sented at seven conferences and seminars.



Reziume

Did¢jantis véjo energijos vaidmuo Siuolaikinése elektros energetikos sistemose
lemia augantj patikimo véjo jégainiy veikimo, tikslaus trumpalaikio galios prog-
nozavimo ir skai¢iavimo poZzitiriu efektyviy duomenimis gristy metody poreiki.
Sioje disertacijoje sprendziamos dvi tarpusavyje susijusios problemos: anksty-
vas gedimy aptikimas véjo jégainése, naudojant valdymo, priezidiros ir duomeny
surinkimo (SCADA) laike kintan¢iy rodmeny duomenis, ir trumpalaikis véjo jé-
gainiy parko generuojamos galios prognozavimas, naudojant meteorologines prog-
nozes. Tyrimo tikslas — sukurti ir iStirti duomenimis gristus metodus, kurie pager-
inty busenos stebésenos ir prognozavimo tiksluma, efektyvuma bei praktini pri-
taikomuma véjo energetikos sistemose.

Pirmojoje disertacijos dalyje kuriamas virtualiu jutikliu gristas metodas,
skirtas biisenai stebéti ir ankstyviems gedimams aptikti, kai neiprastas veiki-
mas nustatomas pagal skirtumo tarp iSmatuoty ir prognozuoty jutiklio reikSmiy
nuokrypi. Tyrime nagrinéjama, kaip ivesties duomeny pateikimas, mokymo
parametry parinkimas, rekurentinio modelio struktiira ir aktyvavimo funkcijos
veikia virtualaus jutiklio tiksluma ir praktini pritaikomuma.

Antrojoje disertacijos dalyje analizuojamos ir optimizuojamos virtualiajam ju-
tikliui taikomos rekurentiniy neuroniniy tinkly struktaros, vertinant jvesciy seky
sudaryma, mokymo parametry parinkima ir alternatyvias aktyvavimo funkcijas,
siekiant padidinti tiksluma ir sumaZinti praktiniam taikymui svarbias skai¢iavimo
sgnaudas.

Treciojoje disertacijos dalyje nagrinéjamas dvikrypciu ilgos trumpalaikés at-
minties modeliu (BiLSTM) pagristas trumpalaikio véjo jégainiy parko galios prog-
nozavimo metodas, naudojantis skaitiniy ory prognoziy (NWP) duomenis. Tyrime
analizuojama skirtingy meteorologiniy prognoziy Saltiniy itaka ir vertinamas tik-
slo funkcijos, papildytos normalizuotu ,,Nord Pool* kainos daugikliu, tinkamumas
paros i prieki energijos gamybos prognozéms.

Disertacija prisideda prie véjo energetikos ir dirbtinio intelekto sri¢iy, pasii-
lydama ir validuodama duomenimis gristus metodus virtualiam jutikliui sukurti,
prognozuojamos ir matuojamos reikSmeés skirtumu gristiems ankstyviems gedi-
mams aptikti, rekurentiniams modeliams optimizuoti, skai¢iavimo poZitriu efek-
tyvioms aktyvavimo funkcijoms parinkti ir trumpalaikei véjo generuojamai galiai
prognozuoti, vertinant ne tik pagal statisting paklaida, bet ir pagal rinkos rezul-
tata. Tyrimo rezultatai paskelbti trijuose recenzuojamuose mokslo Zurnaluose ir
viename konferencijos straipsniy rinkinyje, taip pat pristatyti septyniose konferen-
cijose ir seminaruose.
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Notations

Symbols

a; — binary anomaly indicator (liet. dvejetainis anomalijos indikatorius);

C' - imbalance cost functional (liet. disbalanso sqnaudy funkcionalas);

Cl1cell — total cost of the single-cell recurrent reference model (liet. vieno langelio
rekurentinio etaloninio modelio bendrosios sqnaudos);

C&E?, Cl(l?nhn — affine and nonlinear cost terms of recurrent layer £ (liet. rekuren-

tinio sluoksnio ¢ afininés ir netiesinés sqnaudy dedamosios);

Caff cell, Chonlin,cell — affine and nonlinear cost terms of a single recurrent cell
(liet. vieno rekurentinio langelio afininés ir netiesinés sqnaudy dedamo-
sios);

Cy, Cs — scalar weighted costs of the gate and state activation functions (liet. varty
ir biisenos aktyvavimo funkcijy svertinés skaliarinés sqnaudos);

Cgc, C3°° — accelerated scalar costs of the gate and state activation functions (liet.
pagreitintos varty ir biisenos aktyvavimo funkcijy skaliarinés sqnaudos);

CLst™, CBirsT™, CopiLsT™m — preliminary cost functions of the LSTM, Bil-
STM, and two-layer BiLSTM models (liet. LSTM, BiLSTM ir dviejy
sluoksniy BiLSTM modeliy preliminariosios sqnaudy funkcijos);
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7,5, ‘¢, — forward and backward cell states in BILSTM (liet. dvikrypcio LSTM
tiesiogine ir atgaliné langelio biisenos);

D, Dy — input dimension in the reference case and in layer ¢ (liet. jvesties dimen-
sija etaloniniu atveju ir sluoksnyje £);

d — dimension of the input vector (liet. jvesties vektoriaus dimensija);

Af;j(t) — first difference of feature j at sample ¢ (liet. poZymio j pirmasis skirtu-
mas imtyje t);

fo(+) — virtual sensing or predictive maintenance model (liet. virtualaus jutiklio
arba gedimy prognozés modelis);

fj(t), f; — value and sample mean of feature j (liet. poZymio j reikimé ir jo imties
vidurkis);

94(+) — wind power forecasting model (liet. véjo galios prognozavimo modelis);

gt, ¢t — cell candidate and cell state of the LSTM cell (liet. LSTM langelio kandi-
datas ir langelio biisena);

h — forecast horizon (liet. prognozés horizontas);

H; — number of hidden units in layer ¢ (liet. pasléptyjy vienety skaicius sluoksnyje
0);

ﬁt, %t — forward and backward hidden states in BILSTM (liet. dvikrypc¢io LSTM
tiesioginé ir atgaliné pasléptosios biisenos);

hP' — BiLSTM output at time ¢ (liet. BiLSTM isvestis laiko momentu t);

fzt, h; — candidate hidden state and hidden state in the GRU model (liet. kandidat-
iné pasleéptoji biisena ir pasléptoji biisena GRU modelyje);

it, ft, 0 — input, forget, and output gates of the LSTM cell (liet. LSTM langelio
[vesties, uZmirsimo ir isvesties vartai);

J, M — candidate-feature index and number of candidate features (liet. kandida-
tinio poZymio indeksas ir kandidatiniy poZymiy skaicius);

k — sensitivity coefficient used in thresholding (liet. jautrumo koeficientas
slenksciui apskaiciuoti);,

L — sequence length or input window length (liet. sekos arba jvesties lango ilgis);

L; — Laplacian score of feature j (liet. poZymio j Laplaso jvertis);

¢ — layer index in the recurrent architecture (liet. sluoksnio indeksas rekurentinéje
architektiiroje);

Mon( f;) — monotonicity criterion of feature j (liet. poZymio j monotoniskumo
kriterijus);
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1, 0 — mean and standard deviation used in the fixed Gaussian-type threshold (liet.
vidurkis ir standartinis nuokrypis, naudojami nustatant fiksuotq Gauso
tipo slenksty);

tr¢ — rolling mean of residuals (liet. slenkantis nuokrypiy vidurkis);

ww,ow — mean and standard deviation in window W (liet. vidurkis ir standarti-
nis nuokrypis lange W);

N — number of samples in a window or evaluation set (liet. imciy skaicius lange
arba vertinimo aibéje);

N4, N_ — numbers of positive and negative first differences (liet. feigiamy ir
neigiamy pirmyjy skirtumy skaiciai);

® — Hadamard product used in element-wise multiplications (liet. Hadamardo
sandauga, taikoma elementinése daugybose);

A~

P;, P; — measured and predicted power values in the evaluation set (liet. iSmatuo-
tos ir prognozuotos galios reiksmés vertinimo aibéje);

P, — measured generated power at time ¢ (liet. iSmatuota generuojama galia laiko
momentu t);

P — mean measured power (liet. vidutiné iSmatuota galia);

Pt+h — forecasted power at horizon h (liet. prognozuojama galia horizontui h);

¢ — trainable parameters of model g (liet. apmokomi modelio g parametrai);

7 — normalized market-price weight derived from the Nord Pool price of the fore-
casted hour (liet. normalizuotas rinkos kainos svoris, sudarytas is prog-
nozuojamos valandos ,,Nord Pool* kainos);

¥(+), ¢(-) — gate and state activation functions (liet. varty ir biisenos aktyvavimo
funkcijos);

R — set of real numbers (liet. realiyjy skaiciy aibé);

R? — coefficient of determination (liet. determinacijos koeficientas);

ry — residual between measured and predicted values; in the GRU equations, re-

set gate (liet. nuokrypis tarp iSmatuotos ir prognozuotos reiksmés;, GRU
lygtyse - nustatymo is naujo vartai);

s — SCADA signal sample (liet. SCADA signalo imtis);

Spq — similarity weight between samples p and ¢ (liet. panasumo svoris tarp imciy
pirq);

oyt — rolling standard deviation of residuals (liet. slenkantis nuokrypiy standarti-
nis nuokrypis);

SN gWAX _ minimum and maximum signal values in window W (liet. minimali
ir maksimali signalo reiksmé lange W);
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t — time index (liet. laiko indeksas);

T — sequence length in the computational-cost analysis (liet. sekos ilgis, taikomas
skaiciavimo sqnaudy analizéje);

7 — fixed anomaly threshold (liet. pastovus anomalijos slenkstis);

T¢ — adaptive anomaly threshold (liet. adaptyvus anomalijos slenkstis);

f — trainable parameters of model f (liet. apmokomi modelio f parametrai);

Var(f;) — variance criterion of feature j (liet. poZymio j dispersijos kriterijus);

Varp(fj) — degree-weighted variance of feature j (liet. pagal laipsni svertiné
poZymio j dispersija);

W — time window of samples (liet. laiko langas is imciy);

We, Re, be — input weights, recurrent weights, and bias terms of the recurrent
layer (liet. rekurentinio sluoksnio jvesties svoriai, rekurentiniai svoriai ir
poslinkio nariai);

wy.e+n — meteorological forecast feature sequence (liet. meteorologinés prognozés
poZymiy seka);

x — scalar pre-activation value (liet. skaliariné priesaktyvaciné reiksmé);

x; — SCADA input vector at time ¢ (liet. SCADA jvesties vektorius laiko momentu
t);

yr — monitored target variable (liet. stebimasis tikslinis kintamasis);

9 — model estimate of the target variable (liet. modelio {vertinta tikslinio kinta-
mojo reiksmé);

z¢ — update gate in the GRU equations; in the forecasting model, historical mea-

surement vector (liet. GRU lygtyse - atnaujinimo vartai; prognozavimo
modelyje - istoriniy matavimy vektorius);

Abbreviations

Acc. — Accuracy (liet. tikslumas);
API — Application Programming Interface (liet. taikomyjy programy sqsaja);

BiLSTM - Bidirectional Long Short-Term Memory (liet.  dvikryptis ilgos
trumpalaikés atminties modelis);

CNN - Convolutional Neural Network (liet. konvoliucinis neuroninis tinklas);
CPU - Central Processing Unit (liet. centrinis procesorius);

DT — Decision Tree (liet. sprendimy medis);



ECMWEF — European Centre for Medium-Range Weather Forecasts (liet. Europos
vidutinés trukmés ory prognoziy centras);

EDP — Energias de Portugal (liet. Energias de Portugal);

FLOPs — Floating-Point Operations (liet. slankiojo kablelio operacijos);

FN — False Negative (liet. klaidingai neigiamas rezultatas);

FP — False Positive (liet. klaidingai teigiamas rezultatas);

FP32 — 32-bit Floating-Point Format (liet. 32 bity slankiojo kablelio formatas);
GBT — Gradient Boosted Tree (liet. gradientinio stiprinimo medis);

GEM - Global Environmental Multiscale (liet. globalus aplinkos daugiamastis
modelis);

GFS — Global Forecast System (liet. globalioji prognozavimo sistema);

GRU - Gated Recurrent Unit (liet. sklendZiy rekurentiniy vienety modelis);

GWEC - Global Wind Energy Council (liet. Pasauliné véjo energetikos taryba);

ICON - Icosahedral Nonhydrostatic (liet. ikosaedrinis nehidrostatinis modelis);

IFS — Integrated Forecasting System (liet. integruotoji prognozavimo sistema);

LR — Linear Regression (liet. tiesiné regresija);

LSTM - Long Short-Term Memory (liet. ilgos trumpalaikés atminties modelis);

MAE - Mean Absolute Error (liet. vidutine absoliutiné paklaida);

MAPE — Mean Absolute Percentage Error (liet. vidutiné absoliutiné procentiné
paklaida);

MEPS — MetCoOp Ensemble Prediction System (liet. ,,MetCoOp*“ ansambliné
prognozavimo sistema);

MLP — Multilayer Perceptron (liet. daugiasluoksnis perceptronas);

MSE — Mean Squared Error (liet. vidutiné kvadratiné paklaida);

NMAE - Normalized Mean Absolute Error (liet. normuota vidutiné absoliutiné
paklaida);

NWP - Numerical Weather Prediction (liet. skaitmeninis ory prognozavimas);

Prec. — Precision (liet. preciziskumas);

RF — Random Forest (liet. atsitiktinis miskas);

RMSE - Root Mean Square Error (liet. vidutinés kvadratinés paklaidos Saknis);

RNN - Recurrent Neural Network (liet. rekurentinis neuroninis tinklas);

SCADA - Supervisory Control and Data Acquisition (liet. dispecerinio valdymo
ir duomeny, surinkimo sistema);

Sens. — Sensitivity (liet. jautris);
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Spec. — Specificity (liet. specifiskumas);

STD — Standard Deviation (liet. standartinis nuokrypis);

SVM — Support Vector Machine (liet. atraminiy vektoriy masina);

TN — True Negative (liet. feisingai neigiamas rezultatas);

TP — True Positive (liet. teisingai teigiamas rezultatas);

UTC — Coordinated Universal Time (liet. koordinuotasis pasaulinis laikas);
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Introduction

Problem Formulation

This dissertation addresses how to improve the accuracy, robustness, compu-
tational efficiency, and practical usefulness of data-driven methods for two
wind-energy applications: early fault detection in wind turbines and short-term
wind farm power forecasting. Modern wind energy systems generate large vol-
umes of Supervisory Control and Data Acquisition (SCADA) and meteorological
time-series data, but limited fault labels, wide operating variability, incomplete
observability of individual turbines, and uneven numerical weather prediction
input quality reduce the effectiveness of conventional threshold-based monitoring,
manual input selection, and standard error-minimization objectives. The core
problem investigated in this dissertation is therefore how to construct and optimize
sequence-based recurrent models that learn informative temporal representa-
tions from SCADA and weather data, support virtual sensing and residual-based
anomaly detection, identify suitable meteorological inputs for day-ahead fore-
casting, and reduce computational burden while improving practical economic
relevance.
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Relevance of the Dissertation

The rapid expansion of wind energy increases the need for reliable turbine op-
eration and accurate short-term power forecasting, because both directly affect
maintenance costs, grid stability, and participation in electricity markets. As wind
farms generate large volumes of SCADA and meteorological time-series data,
data-driven methods have become a natural choice for early fault detection and
power forecasting.

In Lithuania, related research has mainly addressed local wind resource as-
sessment and forecasting (Gecevicius et al. 2019; Jankeviciené 2024; Katinas et al.
2017). This dissertation extends that context by combining SCADA-based early
fault detection and short-term wind farm power forecasting, while also considering
recurrent-model efficiency, embedded deployment constraints relevant to electron-
ics engineering, and the economic impact of forecast errors. Therefore, improved
feature extraction, model optimization, and economically meaningful forecasting
strategies remain relevant for modern wind energy systems.

Object of Research

The object of this doctoral research is recurrent neural-network-based methods for
early fault detection and short-term power forecasting.

Aim of the Dissertation

The aim of the dissertation is to develop and investigate data-driven methods that
improve the accuracy, efficiency, and practical applicability of short-term wind
power forecasting and early wind turbine fault detection using SCADA and mete-
orological forecast data.

Tasks of the Dissertation

The following research tasks were defined to achieve the main aim of the disserta-
tion:

1. To develop and investigate a virtual-sensor-based method for condition
monitoring and early fault detection in wind turbines using SCADA time-
series data, including the selection of the most informative features and
the evaluation of factors affecting prediction accuracy.
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2. To analyze and optimize recurrent neural-network structures for the vir-
tual sensor by evaluating feature-sequence formation, training schemes,
and alternative activation functions to increase accuracy and reduce the
computational cost relevant for practical deployment.

3. To develop and investigate a BiILSTM-based method for short-term wind
farm power forecasting using meteorological forecast data, and to evalu-
ate the impact of different NWP sources and the suitability of an objective
function with a normalized Nord Pool price multiplier for day-ahead en-
ergy production forecasts.

Research Methodology

This dissertation applies data-driven time-series analysis, recurrent neural net-
works, and residual-based anomaly detection methods to wind energy applications.
The methodology includes SCADA and meteorological data preprocessing, fea-
ture selection, temporal aggregation, recurrent modeling with LSTM, GRU, and
BiLSTM architectures, and comparative experimental evaluation of virtual-sensor-
based early fault detection and short-term wind power forecasting. Models were
trained and evaluated using statistical metrics such as RMSE, MAE, RZ, and resid-
ual standard deviation, together with economically relevant criteria where needed,
while hyperparameter tuning and model comparison were performed experimen-
tally, including the analysis of numerical weather prediction sources and alternative
activation functions.

Scientific Novelty of the Dissertation

The scientific novelty of the dissertation is defined by the following main contri-
butions:

o A virtual-sensor-based method is developed for early wind turbine fault de-
tection from deviations between measured and predicted values, enabling
monitoring of dynamically varying signals with rare failures.

« An adaptively determined threshold for these deviations enables prediction
of sensor-monitored component failure 20-30 days in advance.

« Bounded non-exponential activation alternatives are proposed for recur-
rent neural networks, reducing computational burden without losing pre-
diction accuracy.



4 INTRODUCTION

« For a Lithuanian wind farm, an aggregated weather-forecast source yields
larger short-term forecasting error when used with a BiLSTM-based re-
current model.

« An alternative objective function incorporating the Nord Pool electricity
price is proposed for recurrent wind-energy forecasting models, reducing
financial losses caused by forecast-production mismatch.

Practical Value of the Research Findings

The virtual-sensor-based method supports earlier detection of abnormal SCADA
signal changes and timely maintenance planning, while the developed guidelines
for feature selection, temporal aggregation, and recurrent-model selection support
more accurate and computationally efficient models.

The short-term forecasting results improve the use of meteorological and op-
erational data for 24-hour forecasts and show that models should be evaluated not
only by statistical accuracy but also by the financial losses caused by forecast er-
1Or1S.

The dissertation results were used in the project “Industrial Internet meth-
ods for electrical energy conversion systems monitoring and diagnostics”, contract
No. S-BMT-21-5 (LT08-2-LMT-K-01-040).

Defended Statements

The following scientific statements are proposed for defense:

1. Using an adaptive threshold based on a moving median to evaluate the
deviation between the measured value and the virtual sensor prediction
makes it possible to extend the warning interval before a fault by about
50%.

2. The accuracy of recurrent time-series models depends strongly on input
representation and training configuration, and appropriate choices of tem-
poral aggregation, sequence length, and training history can reduce pre-
diction error by more than 20% compared with other investigated config-
urations.

3. The computational efficiency of recurrent models can be improved by re-
placing standard exponential-based activation functions with properly se-
lected bounded alternatives, reducing nonlinear computation cost by more
than 30% in small models and by more than 60% in the activation compo-
nent of larger models without degrading prediction accuracy.
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4. In short-term wind farm power forecasting, selecting the ICON meteoro-
logical forecast source instead of GFS Global or GEM Global makes it
possible to reduce forecasting error by more than 12%, while applying an
objective function with a normalized Nord Pool price multiplier makes it
possible to improve the economic outcome by more than 18%.

Approval of the Research Findings

The research results were published in three scientific articles in Clarivate Analyt-
ics Web of Science journals with an impact factor and one conference proceeding.
The author gave seven presentations at conferences and seminars:

« Faculty of Electronics Scientific Seminar. 2025. Vilnius, Lithuania.
« Modelling, Data Analytics and Al in Engineering. 2024. Porto, Portugal.
o UiA to the Renewable Energy Group Seminar. 2024. Grimstad, Norway.

o Data Analysis Methods for Software Systems. 2024. Druskininkai,
Lithuania.

o The 10th Jubilee IEEE Workshop on Advances in Information, Electronic,
and Electrical Engineering. 2023. Vilnius, Lithuania.

o Data Analysis Methods for Software Systems. 2022. Druskininkai,
Lithuania.

« Electronics and Electrical Engineering. 25th Lithuanian Conference of
Young Scientists. 2022. Vilnius, Lithuania.

Structure of the Dissertation

The dissertation consists of an introduction, three main chapters, general conclu-
sions, and a list of references.

The dissertation comprises 114 pages, including 12 figures, 67 equations, and
37 tables. A total of 102 bibliographic sources are cited in the text.

Acknowledgements

I thank Prof. Dr Artiiras Serackis for his supervision, the University of Agder, and
Prof. Dr Joao Leal for his collaboration, and my family for their support throughout
this dissertation.






Data-Driven Maintenance and
Forecasting for Wind Energy Systems

This chapter presents a review of the literature on two data-driven problems in
wind energy systems. First, the literature on predictive maintenance in wind tur-
bines is reviewed, with an emphasis on observability, feature preparation, virtual
sensing, warning logic, and deployment constraints. Then, the literature on short-
term wind power forecasting is reviewed, with emphasis on the forecast horizon,
meteorological and NWP inputs, the model and training strategy, and an eco-
nomically meaningful evaluation. The review presented in this chapter is pub-
lished in scientific publications related to the dissertation (Jankauskas et al., 2023a;
Jankauskas et al., 2024; Jankauskas et al., 2026).

1.1. Predictive Maintenance

This section reviews the predictive maintenance literature through four recurring
decisions: what information can be observed in routinely available measurements,
how SCADA time series are turned into informative features, which decision logic
yields operationally meaningful warnings, and whether the final model can be de-
ployed under realistic computational constraints (Campoverde-Vilela et al. 2023;
de Azevedo et al. 2016; Gonzalez et al. 2016; Liu et al. 2021; Roelofs et al. 2021;
Tidriri et al. 2021; Turnbull et al. 2021). In data-driven maintenance workflows,
SCADA measurements are first prepared and transformed into features and then
passed to a decision model that produces a health indicator, a fault probability,
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or an early warning (Eriksson 2020; Garan et al. 2022; Tautz-Weinert, Watson
2017a). In the reviewed maintenance literature, four decisions recur throughout:
observability, feature preparation, warning logic, and deployment cost.

1.1.1. Observability and Failure Constraints in Supervisory
Control and Data Acquisition-Based Maintenance

The first question is whether the available measurements are informative enough
to support reliable early warning. Modern wind farms tend to be equipped with
SCADA systems that monitor operating parameters such as wind speed, rotor
speed, generator power, temperatures, pressures, and alarms. Although SCADA
was initially created for monitoring and control, it now serves as a useful data
source to monitor large-scale conditions and predict failures (Gonzalez et al. 2016;
Liu et al. 2021; Tautz-Weinert, Watson 2017a; Turnbull et al. 2021).

Condition monitoring reviews emphasize that no sensing approach is univer-
sally optimal. Instead, the preferred technique depends on the criticality of the
components, the available instrumentation, and the warning horizon required for
maintenance planning (Becker, Poste 2006; de Azevedo et al. 2016; Hameed et al.
2009; Stetco et al. 2019; Tautz-Weinert, Watson 2017b). Vibration analysis, in par-
ticular, remains a powerful diagnostic tool for mechanical problems such as gear
tooth damage, but its sampling rates and infrastructure requirements differ signifi-
cantly from SCADA-based systems (Iorgulescu, Beloiu 2008; Serrato et al. 2007).
This is one of the main reasons why SCADA-based maintenance remains appeal-
ing for fleet-level deployment.

Figure 1.1 provides a simplified overview of the internal structure of a wind
turbine and anchors the discussion to the main subsystems that recur throughout
the predictive maintenance literature. In published SCADA studies, the gearbox,
generator, bearings, transformer, pitch system, and hydraulic system are often
treated as critical because they contribute substantially to downtime and repair
costs (Liu et al. 2021; Tidriri et al. 2021; Turnbull et al. 2021).

These studies also show that SCADA-based maintenance observes failure pro-
cesses only indirectly. Maintenance modeling is therefore often linked to related
analytical tasks that provide operational context, including power curve monitor-
ing for underperformance detection and sensor consistency checks (Kusiak et al.
2009), as well as broader wind energy analysis tasks such as wind speed predic-
tion and power optimization (El-Fouly et al. 2008; Lin, Liu 2020a). Research on
healthy state behavior over time and feature selection strategies further indicates
that the usefulness of SCADA-based maintenance depends strongly on how data
are summarized and compared over time, rather than on fault labels alone (Jas-
trzebska et al. 2021; Marti-Puig et al. 2019). These connections matter because the
same data quality problems can bias both maintenance and forecasting models.
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Fig. 1.1. Inside of a wind turbine (source: U.S. Department of Energy, energy.gov (2022);
public domain according to the Office of Energy Efficiency and Renewable Energy
copyright policy)

From an experimental design perspective, predictive maintenance based on
SCADA data is constrained by a limited and imbalanced failure history, uncertainty
in failure timestamps caused by late reporting or maintenance delays, and nonsta-
tionarity caused by sensor drift, firmware updates, or seasonal effects (Eriksson
2020; Garan et al. 2022; Tidriri et al. 2021). These constraints determine which
feature extraction strategies remain feasible and which validation protocols can
be defended (Berscheid 2021; Garan et al. 2022; Ng 2021). The literature, there-
fore, frames SCADA-based maintenance as a partially observable decision prob-
lem with limited data rather than as a standard supervised classification task.

1.1.2. Feature Preparation, Virtual Sensing, and Data Quality

The next question is how raw SCADA sequences should be prepared so that early
signs of degradation are not masked by noise, operating regime changes, or label-
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ing artifacts. The reviewed literature groups maintenance features into four main
families:
o Manually engineered statistical features computed over time windows
(mean, variance, quantiles, slopes, and correlations) (Eriksson 2020;
Marti-Puig et al. 2019; Tidriri et al. 2021);

o Virtual sensing and residual features, where a model predicts a target (e.g.,
temperature), and the prediction deviation is used as an anomaly indicator
(Azzam et al. 2021; Qian et al. 2019; Yan et al. 2021);

o Multivariate health indicators constructed from multiple SCADA channels
(e.g., distance-based indices, reconstruction error) (Jastrzebska et al. 2021;
Miele et al. 2022; Wen et al. 2022; Zheng et al. 2023);

o Learned feature extraction using autoencoders and CNN-based encoders
to reduce the reliance on domain-specific feature design (Jalayer et al.
2021; Khan et al. 2023; Miele et al. 2022).

The literature does not treat preprocessing as a neutral step. Figure 1.2, recre-
ated from the same EDP challenge data used by Eriksson (2020), is kept here
because it directly shows why preprocessing becomes a design variable: different
scaling methods alter the distribution of the same ambient temperature series and
therefore change the learning conditions for downstream models. Standard scaling
and min-max scaling preserve the overall temporal shape while changing magni-
tudes, whereas power transforms, and can substantially reshape the distribution,
which may improve variance stabilization but can also distort physically meaning-
ful relationships depending on the variable (Eriksson 2020; Garan et al. 2022).
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Fig. 1.2. Ambient temperature over time (example variable used in model training;
source: recreated from the EDP Wind Turbine Failure Detection Challenge SCADA data
used by Eriksson (2020))
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These observations lead to two practical requirements that recur throughout
the maintenance literature: preprocessing must preserve physically meaningful re-
lationships such as thermal response to load, and the resulting set of features must
remain robust to outliers, missing values, and changes in operating regimes (Eriks-
son 2020; Garan et al. 2022; Marti-Puig et al. 2019). In practice, preprocessing
is therefore paired with explicit handling of anomalies and data artifacts because
SCADA streams contain both genuine signs of degradation and communication
dropouts or sensor glitches (Khan et al. 2023; Roelofs et al. 2021; Zhang et al.
2022; Zheng et al. 2023).

Recent studies have improved maintenance models in two main ways. Some
focus on model architecture and hyperparameter tuning, while others focus on im-
proving data by refining data quality, target definitions, and feature robustness
(Berscheid 2021; Garan et al. 2022; Ng 2021). This distinction matters here be-
cause later chapters treat temporal aggregation, training data composition, and tar-
get construction as experimental factors rather than fixed preprocessing details.

Garan et al. (2022) proposed a data-focused methodology for modeling wind
turbine maintenance in which performance was improved through iterative refine-
ment of the data set rather than repeated redesign of the model itself. Figure 1.3
illustrates one of the main reasons why data-centric treatment is necessary: failure
events can be recorded late or with ambiguous start times, directly affecting the
label construction and validation logic (Garan et al. 2022; Tidriri et al. 2021).

Figure 1.4 shows the workflow proposed by Garan et al. (2022), in which pre-
processing, feature selection, and model evaluation are refined iteratively rather
than fixed in advance. This is important here because it treats data preparation
and target construction as part of the modeling process, rather than as a separate
preliminary step.

Figure 1.5 places this workflow in a broader data-centric machine learning
perspective, in which data cleaning, label quality, and target definition are treated
as primary design decisions (Berscheid 2021; Garan et al. 2022; Ng 2021). Unlike
the more application-specific workflow in Figure 1.4, this broader view makes
explicit that improvements can come from revisiting the data and labels themselves
rather than only from redesigning the model.

Together, these figures show why target quality and data consistency should be
treated as major contributors to maintenance performance rather than as secondary
preprocessing details (Marti-Puig et al. 2019). Feature preparation, temporal ag-
gregation, and target construction are therefore treated here as explicit experimen-
tal factors. In practice, these choices affect both what the model can learn from
the data and how reliable the subsequent validation results are.
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Fig. 1.3. Example of late reporting of a failure event (source: recreated from the EDP
Wind Turbine Failure Detection Challenge SCADA signals, failure annotations, and event
logs used by Garan et al. (2022))
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Fig. 1.4. Pipeline of the proposed data-centric ML methodology (source: Garan et al.
(2022))
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Fig. 1.5. Example of a data-centric ML project (source: Berscheid (2021))

1.1.3. Decision Models, Early-Warning Logic, and Maintenance
Trade-offs

After the features and targets are defined, predictive maintenance still requires
a decision logic that turns the model output into a fault probability, component
condition, or early warning (Campoverde-Vilela et al. 2023; Tidriri et al. 2021).
The reviewed literature shows that choosing this decision model is not simply a
matter of selecting the highest reported score. Instead, the decision layer must
be interpreted together with the class imbalance, the cost of false alarm, and the
practical meaning of the warning delay (Campoverde-Vilela et al. 2023; Eriksson
2020; Liu et al. 2020; Tidriri et al. 2021).

Many studies benchmark classical machine learning models due to their in-
terpretability and lower computational cost (Eriksson 2020; Tidriri et al. 2021),
while deep sequence models such as LSTM and BiLSTM are increasingly being
used for the diagnosis of gearbox and bearings under changing operating condi-
tions (Bharatheedasan et al. 2023; Cao et al. 2019; Jalayer et al. 2021; Zheng et al.
2023). For example, Eriksson (2020) compared the following algorithms for the
prediction of failure based on SCADA data:

« Multilayer Perceptron (MLP),
o Linear Regression (LR),
« Random Forest (RF),
e Decision Tree (DT),
Support Vector Machine (SVM),

o Gradient Boosted Tree (GBT).
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Table 1.1. Classification results for different stacked models (Eriksson 2020)

Models P P ™| EN Prec. | Sens. | Spec.| Acc.| Time

% % % % s
MLP/MLP 8291 | 20119 | 130073 | 8950 | 29.18 | 48.09 | 86.60 |82.64 | 7272
MLP/RF 4866 | 14969 | 135223 | 12375 |24.53 | 28.22(90.03 | 83.67 | 6954
MLP/DT 5057 | 16670 | 133520 | 12184 | 23.28 (29.33 | 88.90 | 82.77 | 5470
MLP/LR 6985 | 19386 | 130806 | 10256 | 26.49 | 40.51 | 87.09 | 82.30 | 9456
RF/RF 4991 | 14919 | 135273 | 12250 | 25.07 [ 28.95 | 90.07 | 83.77 | 4358
RE/DT 4799 | 14375 | 135817 | 12442 25.03 | 27.83|90.43 | 83.98 | 3240
RF/LR 4579 | 14275 | 135917 | 12662 | 24.29 | 26.56 | 90.50 | 83.91 | 12081
DT/DT 5598 | 15413 | 143779 | 11643 | 26.64 | 32.47 |190.32 | 84.67| 860
DT/LR 583819352 | 130840 | 11403 | 23.18 | 33.86 | 87.12 | 81.63 | 16426

The same study also evaluated stacking strategies in which multiple base learn-
ers are combined. Table 1.1 shows that the choice of the model changes the entire
error structure, not only a single summary metric: some combinations improve ro-
bustness by increasing the number of correctly detected cases and reducing false
negatives, but the results remain strongly affected by the class imbalance and vali-
dation design (Eriksson 2020).

The main point of Table 1.1 is that predictive maintenance models cannot be
judged only by headline accuracy: a configuration with similar aggregate perfor-
mance may still generate an unacceptable false positive burden or miss too many
rare failures. The table shows this directly. DT/DT reported the highest accuracy
(84.67%) and the shortest execution time (860 s), but MLP/MLP achieved much
higher sensitivity (48.09% versus 32.47%) at the cost of 20,119 false positives.
This is why several studies complement classification metrics with maintenance
cost analysis (Eriksson 2020; Tidriri et al. 2021).

In addition to statistical metrics, Eriksson (2020) also reported estimated eco-
nomic results for each component. Table 1.2 reveals that excessive maintenance,
prompted by high false positive rates, can actually result in financial losses. This
finding supports existing research on maintenance decisions that consider costs
(Eriksson 2020; Tidriri et al. 2021). In this table, positive values signify net
savings, while negative values indicate a net economic detriment stemming from
overly frequent interventions or undetected failures. A window filtering strategy
(Table 1.3) reduces false positives but can increase false negatives, illustrating the
operational trade-off between early warning aggressiveness and maintenance cost
(Eriksson 2020). The totals make this trade-off explicit: filtering reduces false pos-
itives from 112 to 20, but false negatives increase from 2 to 9, and the overall net
savings deteriorate from -295,128 EUR to -348,614 EUR. These results show that
maintenance models must be interpreted jointly in statistical and economic terms
because a technically plausible classifier may still be impractical if it triggers too
many unnecessary maintenance actions.
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Table 1.2. Net savings and classification metrics by component using unfiltered
predictions (Eriksson 2020)

Component Net savings (EUR) | TP FP FN
Gearbox -4157 |2 23 0
Generator -170000 | O 22 1
Generator Bearing -82778 | 2 23 0
Transformer -59535|1 20 1
Hydraulic Group 213426 24 0
Sum -295128 | 11 112 2

Table 1.3. Filtered net savings and classification metrics by component (Eriksson 2020)

Component Net savings (EUR) | TP FP FN
Gearbox -64712 | 1 6 1
Generator -85000 |0 5 1
Generator Bearing -10516 | 2 6 0
Transformer -103000 | 0 2 2
Hydraulic Group -85386 | 1 1 5
Sum -348614 | 4 20 9

Table 1.4. Comparison of the studies by Tidriri et al. (2021) and Eriksson (2020)
(Accuracy %; Cost kKEUR)

Failure Accuracy | Accuracy | Cost Cost
Gearbox 89.01 82.64 +115| -64.712
Gen. 98.71 80.79 |+10.75 -85
Gen. bearing 94.31 81.11 -35| -10.516
Transf. 93.43 88.21 +22.5 -103
Hydr. 79.95 70.65 -132| -85.386
Avg 91.08 80.68 | -18.75|-348.614

Reliability can also be improved by training separate models for specific fail-
ure types. In this approach, a separate model is trained for each component or
failure mode (Tidriri et al. 2021). Tidriri et al. (2021) followed this strategy by
training a dedicated model for each type of failure, as illustrated in Figure 1.6. The
figure makes an important methodological point: improvement is often achieved
not only by changing the algorithm, but by restructuring the maintenance task
around component-specific failure mechanisms.

Table 1.4 illustrates the same point numerically. Although the underlying stud-
ies are not fully comparable in data, labeling, and validation protocol, the compar-
ison remains useful as a qualitative overview because it shows that the reported
maintenance performance can change substantially when the prediction strategy
is aligned more closely with the type of failure and intervention logic. Even with
that comparability limit, one pattern remains clear: the strategy tailored to specific
failure types reported higher accuracy for all listed failure types, and its costs at
the component level are positive for gearbox, generator, and transformer, while the
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Fig. 1.6. Predictive models tailored to specific failure types in wind turbine components
(source: Tidriri et al. (2021))

corresponding values in Eriksson (2020) remain negative. The model structure and
evaluation protocol, therefore, have to be treated as experimental factors, because
they change what kind of maintenance decision is actually being tested.

Anomaly detection is frequently employed when labeled failure data is scarce,
extending beyond the realm of supervised fault classification (Campoverde-Vilela
et al. 2023; Khan et al. 2023; Liu et al. 2022; Roelofs et al. 2021; Wen et al. 2022;
Zhang et al. 2022; Zheng et al. 2023). In certain semi-supervised scenarios, models
are trained exclusively on healthy data, which mitigates the necessity of historical
failures and facilitates alerts well in advance of breakdowns, while maintaining
low false positive rates (Campoverde-Vilela et al. 2023). Furthermore, unsuper-
vised deep learning frameworks that integrate autoencoders and graph neural net-
works have been suggested to discern dependencies among SCADA channels, thus
increasing the lead time for early warnings (Miele et al. 2022). Together, these
studies show that useful early warning can be formulated even when labeled fail-
ures are sparse, and the decision model must operate close to the boundary between
anomaly detection and prognostics.

The threshold design then becomes part of the decision logic rather than a
separate processing detail. Comparative research indicates that the implementation
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of adaptive thresholds, as opposed to static limits, can improve the warning time in
regression-based monitoring systems (Liu et al. 2020). Likewise, sequence models
have been employed to address particular anomaly classes, including blade icing,
by leveraging the combined context of SCADA and environmental data (Wang
et al. 2022b). A further practical challenge is generalization under nonstationarity:
even models that perform well in controlled evaluation may degrade when sensor
drift, turbine retrofits, or firmware updates shift data distributions, leading to false
alarms or missed degradation (Garan et al. 2022; Gruhl et al. 2021).

Accordingly, the remaining maintenance analysis focuses on early warning
and assesses the warning stage through prediction quality together with threshold
behavior, warning stability, and robustness under distribution shift.

1.1.4. Virtual Sensing as the Retained Maintenance Strategy

Within the maintenance literature, virtual sensing is especially relevant because
it addresses the main observability gap of SCADA-based monitoring. Instead of
attempting to classify rare failures directly from heterogeneous operating signals,
a virtual sensor predicts an internal variable, typically a temperature or load, from
other SCADA channels and then monitors the deviation between the measured and
predicted value over time (Azzam et al. 2021; Qian et al. 2019; Yan et al. 2021).

This strategy appears in several complementary studies. Ensemble methods
have been used to predict wind turbine bearing temperatures, prediction errors
from Long Short-Term Memory (LSTM) models have been applied for condition
monitoring, and virtual gearbox load sensors have been developed using multibody
simulation and neural networks (Azzam et al. 2021; Qian et al. 2019; Yan et al.
2021). The common contribution of these studies is not only the use of regression,
but also the conversion of a difficult fault detection problem into a deviation mon-
itoring problem that remains compatible with routinely available SCADA data.

Under these constraints, virtual sensing becomes a coherent maintenance strat-
egy because it links feature preparation, threshold design, and early-warning eval-
uation within the same monitoring framework.

1.1.5. Lightweight Inference and Embedded Deployment

Practical predictive maintenance often requires processing close to real time and
deployment close to the asset, where computational resources and energy bud-
gets are limited (Rybalkin et al. 2020; Silfa et al. 2020). For practical deploy-
ment, maintenance models must be evaluated not only by predictive performance,
but also by inference cost, memory footprint, and energy consumption (Chong
et al. 2021; Timmons, Rice 2020). This deployment viewpoint already matters at
the literature-review stage because later chapters study simplified recurrent mod-
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els and alternative activation functions under these resource constraints, in line
with broader work on compact network design and efficient mobile deployment
(Howard et al. 2019).

In edge deployments, these constraints are often associated with microcon-
troller devices and local inference pipelines, motivating both software accelerators
and compact network designs (Banbury et al. 2021; Howard et al. 2019; Lane,
Bhattacharya 2016).

For recurrent neural networks, a large portion of the computational cost is
associated with gate nonlinearities (logistic sigmoid activation and hyperbolic tan-
gent activation) and sequential processing (Chong et al. 2021; Rybalkin et al.
2020). Work on efficient recurrent inference therefore examines hardware ac-
celerators and parallelism, numerical precision reduction, and approximation of
activation functions (Chong et al. 2021; Rybalkin et al. 2020; Silfa et al. 2020;
Timmons, Rice 2020). For example, optimized LSTM/BiLSTM accelerator archi-
tectures have been proposed to increase parallelism while still relying on standard
logistic sigmoid and hyperbolic tangent activations (Rybalkin et al. 2020). Dy-
namic precision selection can reduce running time and energy without harming
accuracy (Silfa et al. 2020). Efficient approximations of logistic sigmoid and hy-
perbolic tangent activations using piecewise polynomials or lookup tables reduce
power consumption in dedicated hardware (Chong et al. 2021), and evaluations on
CPUs also indicate that fast approximations can reduce training and inference time
(Timmons, Rice 2020).

Another area of research investigates different activation functions or their
configurations, with the goal of reducing computational costs while maintaining
accuracy (Ali et al. 2022; Dubey et al. 2022; Elsayed et al. 2019; Gomes et al.
2011; Seidel et al. 2021; Wuraola, Patel 2022). Seidel et al. (2021) discussed how
alternative activations can affect both accuracy and processing speed in neural
networks. Ali et al. (2022) evaluated LSTM classifiers with multiple activation
functions and compared their effects on datasets and training setups. Additional
research efforts propose new activation units or alternative nonlinearities aimed at
hardware efficiency (Joseph, Bindiya 2023; Parisi et al. 2021).

In embedded deployment contexts, the choice of activation function is increas-
ingly discussed alongside lightweight architectures and other efficiency-oriented
design measures. For example, efficient architectural modifications and activation
choices have been explored in energy-efficient DL models, and surveys of activa-
tion functions highlight the trade-off between smoothness, accuracy, and compu-
tational cost (Chandra 2020; Ding et al. 2023; Howard et al. 2019; Vallés-Pérez
et al. 2023; Wuraola, Patel 2022; Zhang et al. 2025). In this deployment literature,
computational efficiency is treated as a design constraint rather than as a post hoc
implementation issue. Recurrent cell structure and activation design, therefore,
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have to be considered together with predictive performance when deployment near
the asset is required.

Across the predictive maintenance studies reviewed in this section, five factors
recur: SCADA-based observability under uncertain failure timing, feature prepa-
ration and target construction, data-centric treatment of labels and preprocessing,
residual-based early warning logic with explicit threshold design, and computa-
tional efficiency for deployment. They are carried forward into the theoretical
analysis of the Second Chapter and the experimental evaluation of the Third Chap-
ter.

1.2. Wind Power Generation Forecasting

In this section, the forecasting literature is narrowed to the studies most relevant
for later methodological choices. The review focuses on four questions: which
forecast horizon is operationally meaningful, how meteorological and NWP inputs
should be selected, which model and training choices remain justified under input
uncertainty, and why forecast quality must be interpreted not only statistically but
also economically (Choudhary et al. 2023; Gonzélez-Sopeifia et al. 2021b; Lagos
et al. 2022a,b; Tsai et al. 2023; Ye et al. 2022). Wind energy is increasingly impor-
tant in the transition to sustainable electricity generation. According to the Global
Wind Energy Council (GWEC) market statistics, the cumulative installed global
wind capacity reached approximately 906 GW by the end of 2022, and annual
new installations exceeded 100 GW around 2023 (Global Wind Energy Council
(GWEC) 2023). GWEC further estimates that annual new wind installations will
increase from approximately 162 GW in 2026 to approximately 207 GW by 2030,
resulting in approximately 1,060 GW of additional capacity deployed globally over
2025-2030, with cumulative capacity reaching approximately 2,196 GW by the
end of 2030. However, GWEC also notes that achieving a 1.5°C aligned trajectory
and the 2030 “tripling” ambition would require annual wind installations to ac-
celerate to at least 320 GW (i.e., >2.7 TW cumulative capacity by 2030) (Global
Wind Energy Council (GWEC) Market Intelligence 2025). Reliable wind power
operation depends strongly on the quality of meteorological forecasts. Under vari-
able wind conditions, forecast quality directly affects day-to-day plant scheduling,
grid balancing, and overall operating costs (Georgilakis 2008; Gonzalez-Sopefia
et al. 2021b; Lagos et al. 2022a). Accurate forecasting of wind power is essential
for grid integration, plant operation, and participation in deregulated electricity
markets (Gonzélez-Sopeiia et al. 2021b; Lagos et al. 2022a). Because wind en-
ergy is unpredictable and behaves in a nonlinear way, forecasting errors can lead
to imbalances and economically unfavorable dispatch decisions, particularly in the
context of energy trading (Gonzélez-Sopeiia et al. 2021b; Wang et al. 2021). Re-
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cent reviews also show that the forecasting field has expanded rapidly in terms of
deep learning models, uncertainty treatment, and evaluation strategies (Choudhary
et al. 2023; Lagos et al. 2022b; Tsai et al. 2023; Ye et al. 2022). Both application
domains rely on SCADA and meteorological/NWP data that change over time, and
in both cases, performance depends on data preparation and on whether the se-
lected models can be executed efficiently (Gonzalez et al. 2016; Lagos et al. 2022a;
Turnbull et al. 2021; Wang et al. 2021).

1.2.1. Forecast Setting, Observability, and Meteorological
Inputs

The forecasting problem must first be defined in terms of horizon and observabil-
ity. Forecasting models are commonly grouped by horizon: very short-term (sec-
onds to 4 h), short-term (4-24 h), medium-term (1-7 days), and long-term (weeks
to years) (Lagos et al. 2022a; Mundotiya et al. 2022a; Wang et al. 2021; Ye et al.
2022). Here, the key point is that the 6 h and 24 h horizons are not arbitrary re-
porting choices: they align with market trading and operational scheduling cycles,
so the usefulness of the forecast cannot be separated from the selected horizon
(Gonzalez-Sopeiia et al. 2021b; Lagos et al. 2022a; Tsai et al. 2023). For horizons
beyond several hours, numerical weather prediction (NWP) output and meteoro-
logical forecasts are typically necessary (Aggarwal, Kumar 2013; Bouallegue et al.
2023; Heinermann, Kramer 2016; Lagos et al. 2022a).

Input features for wind power forecasting commonly include wind speed, wind
direction, temperature, humidity, and pressure, often supplemented with lagged
power measurements and engineered temporal descriptors (Chen et al. 2021; De-
molli et al. 2019; Heinermann, Kramer 2016; Wang et al. 2021, 2023). Several
enhancement strategies are reported in the literature.

o Weather clustering, where models are trained using subsets of historical
days with conditions similar to the target day (Dimd et al. 2022);

e Outlier detection and filtering, such as Isolation Forest applied prior to
training deep models (Kisvari et al. 2021);

o Automated feature extraction using deep encoders such as autoencoders,
restricted Boltzmann machines, and CNN-based encoders, which can learn
representations directly from raw sequences but may require a higher train-
ing cost (Higashiyama et al. 2018; Wang et al. 2021; Ying et al. 2023).

Forecasting accuracy depends not only on model architecture, but also on the
quality, structure, and uncertainty of the meteorological input (Kisvari et al. 2021;
Lagos et al. 2022a; Liu et al. 2023a, 2024; Wang et al. 2021). Operational factors
such as power outages, operating constraints, and maintenance actions can distort
the relation between inputs and outputs in a wind farm. Periods affected by out-



1. DATA-DRIVEN MAINTENANCE AND FORECASTING FOR WIND ... 21

ages, operating constraints, or maintenance actions should therefore be identified
and either removed or handled separately in the training data, depending on the
forecasting objective, to obtain more robust forecasting models (Mundotiya et al.
2022b). This literature treats meteorological input preparation and NWP selec-
tion as design variables rather than as fixed external conditions, especially when
multiple NWP products or correction strategies are available (Aggarwal, Kumar
2013; Bouallegue et al. 2023; Liu et al. 2024). Accordingly, NWP sources and
input preparation choices are compared explicitly rather than treated as fixed back-
ground conditions.

1.2.2. Model and Training Choices under Input Uncertainty

Once the forecast horizon and input space are fixed, the next question is how to
choose the prediction model and the training strategy. A wide range of machine
learning models have been applied to forecast wind power generation. Classi-
cal approaches, such as regression and tree-based models, remain relevant because
they offer interpretability and relatively low computational overhead (Demolli et al.
2019; Heinermann, Kramer 2016; Wang et al. 2023). Support Vector Regression is
frequently reported as a strong baseline and has demonstrated robust generalization
between sites in multilocation settings (Demolli et al. 2019; Liu et al. 2018). En-
semble models and hybrid optimization-based strategies are also commonly used,
particularly when feature engineering is well designed (Demolli et al. 2019; Hein-
ermann, Kramer 2016; Pan et al. 2019; Rahaman et al. 2020; Wang et al. 2020).
The main recent improvements in short-term forecasting are associated with
deep learning models that capture temporal dependencies, including RNN, LSTM,
GRU, BiLSTM, and hybrid CNN-RNN architectures (Chai 2023; Chen et al. 2021;
Higashiyama et al. 2018; Kisvari et al. 2021; Lin, Liu 2020b; Liu et al. 2023b; Wang
et al. 2022a, 2021; Yin et al. 2019; Zhang et al. 2020). However, the literature does
not support the simplistic conclusion that deeper architectures are automatically su-
perior. For example, Kisvari et al. (2021) showed that the application of Isolation
Forest to filter input data improved deep learning performance, and GRU/LSTM
achieved high precision only after the input data had been cleaned. Other archi-
tectures tackle sequence modeling in different ways; for example, decomposition-
based BiLSTM models and attention-based BiLSTM models have both been pro-
posed for short-term wind power forecasting (Chai 2023; Liu et al. 2023b).
Another strand of the literature treats input uncertainty explicitly rather than
assuming that meteorological forecasts are equally reliable. Hybrid approaches
that account for meteorological input uncertainty have therefore been proposed
(Liu et al. 2023a; Mundotiya et al. 2022a; Sideratos, Hatziargyriou 2007). For
example, Sideratos, Hatziargyriou (2007) used self-organizing maps to categorize
predicted wind speed and estimate forecast quality, improving subsequent power
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predictions by incorporating input reliability. NWP correction and uncertainty-
aware forecasting frameworks further support this viewpoint (Liu et al. 2023a,
2024). Two implications matter here. First, the NWP source cannot be treated as
a neutral background choice when different products and correction strategies are
available. Second, once forecast quality is interpreted in operational terms, the
training objective also becomes part of the modeling decision. Within the broader
model, families surveyed here, recurrent sequence models remain a justified family
for the dissertation’s short-term forecasting experiments without implying univer-
sal superiority.

1.2.3. Economic Interpretation and Practical Forecasting
Constraints

The main practical question is what should count as a useful forecast. Despite
strong results in published studies, forecasting systems used in practice remain
sensitive to data quality and preprocessing choices, redundancy and collinearity
of input variables, site-specific effects that reduce generalization, and the compu-
tational cost and limited interpretability of complex deep models (Demolli et al.
2019; Gonzalez-Sopena et al. 2021a; Piotrowski et al. 2022; Wang et al. 2021).
This means that forecast quality cannot be defended only by reporting a low error
on a single data split.

In large-scale centralized forecasting systems, data privacy is an additional
constraint because pooling operational data from multiple wind farms can expose
sensitive information (Li et al. 2023; Yang et al. 2023). At the same time, from
an operational standpoint, the quality of the forecast must also be assessed in
economic terms. In deregulated electricity markets, forecast errors translate into
imbalance costs, and the same magnitude of error can have a different financial
impact depending on market conditions and penalty structures (Gonzalez-Sopefia
et al. 2021b). Reviews of wind power forecast metrics also show that the choice of
assessment strongly shapes the interpretation of model quality (Gonzalez-Sopena
et al. 2021a; Piotrowski et al. 2022). For horizons used in market participation,
the literature increasingly links prediction errors to economically meaningful
outcomes rather than to purely statistical scores alone (Gonzéalez-Sopefia et al.
2021a,b). Training objectives, therefore, cannot be chosen only as technical opti-
mization devices; they also determine how forecast errors are valued in practice.

In the reviewed forecast studies, four factors recur: operational horizon defi-
nition, meteorological input quality and NWP source selection, model and train-
ing strategy under input uncertainty, and economic interpretation of forecast error
(Choudhary et al. 2023; Gonzalez-Sopeiia et al. 2021b; Lagos et al. 2022b; Ng
2021; Tsai et al. 2023; Wang et al. 2021). Based on that, the forecasting analy-
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sis focuses on short-term prediction with BILSTM models, explicit comparison of
NWP sources, and an economically oriented training objective.

1.3. Conclusions of the First Chapter and
Formulation of the Dissertation Tasks

1. The reviewed literature shows that wind energy systems generate large-
scale SCADA and meteorological time-series data suitable for data-driven
predictive maintenance and wind power forecasting; however, both appli-
cation domains are constrained by incomplete observability, uncertain fail-
ure timing, and changing operating conditions.

2. In predictive maintenance, feature preparation, preprocessing, and target
construction are key design decisions: the literature shows that they di-
rectly determine which signs of degradation remain visible to the model
and which validation results are defensible.

3. For SCADA-based maintenance, virtual sensing combined with devia-
tion monitoring and threshold design provides a practical way to build
early-warning models when failure history is limited, because it sup-
ports healthy-state modeling and warning generation within the same
framework.

4. For practical deployment, computational efficiency is a primary design
factor. This makes recurrent model simplification, activation function se-
lection, and other measures that balance predictive performance with exe-
cution cost relevant research directions.

5. For short-term wind power forecasting, the literature points to four recur-
ring factors: operational horizon definition, meteorological input quality
and NWP source selection, model and training choices when input quality
varies, and the economic interpretation of forecast errors. For this rea-
son, forecast quality has to be treated not only as a statistical regression
problem, but also as a decision problem shaped by market conditions.

Based on this literature review and the identified research gap, the following

hypotheses are formulated for empirical verification in this dissertation:

1. An approach based on a virtual sensor and selected SCADA time series
features can provide accurate modeling of normal sensor behavior and en-
able early fault detection in wind turbines through residual analysis.

2. The prediction accuracy and practical suitability of the virtual sensor can
be improved by optimizing the structure of the recurrent neural network,
the representation of the temporal input, the training configuration, and
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the activation functions, while reducing the computational complexity for
deployment.

. The accuracy and practical usefulness of BiLSTM-based short-term wind

farm power forecasting depend on the selection of meteorological forecast
inputs and the training objective, and an economically oriented loss func-
tion can improve day-ahead forecasting performance under market condi-
tions.

The following dissertation tasks are defined to verify these hypotheses:
1. To develop and investigate a virtual-sensor-based method for condition

monitoring and early fault detection in wind turbines using SCADA time-
series data, including the selection of the most informative features and
the evaluation of factors affecting prediction accuracy.

. To analyze and optimize recurrent neural-network structures for the vir-

tual sensor by evaluating feature-sequence formation, training schemes,
and alternative activation functions to increase accuracy and reduce the
computational cost relevant for practical deployment.

. To develop and investigate a BILSTM-based method for short-term wind

farm power forecasting using meteorological forecast data, and to evalu-
ate the impact of different NWP sources and the suitability of an objective
function with a normalized Nord Pool price multiplier for day-ahead en-
ergy production forecasts.



Theoretical Foundations of Virtual
Sensing and Wind Power Forecasting

This chapter establishes the theoretical foundation of the dissertation and intro-
duces the principal concepts used in the subsequent experimental investigation. It
considers two applied problems. The first is data-driven condition monitoring and
early fault detection based on a virtual sensor constructed from SCADA data. The
second is short-term wind farm power generation forecasting under limited observ-
ability of individual turbines. The chapter further presents the recurrent modeling
framework, the main factors influencing prediction accuracy, and the theoretical
considerations related to the reduction of computational cost for embedded de-
ployment. Part of the material presented in this chapter has been published in two
scientific publications (Jankauskas et al., 2023a; Jankauskas et al., 2026).

During the preparation of this dissertation, OpenAl Codex was used for sup-
porting technical functions, including LaTeX formatting, language editing support,
and consistency checks of tables, captions, references, and layout. The tool was not
used as a primary source of scientific information; all generated suggestions were
critically reviewed, verified, and edited by the author (OpenAl 2026).

25
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2.1. Data-Driven Condition Monitoring and Early
Fault Detection Using Supervisory Control and
Data Acquisition Data

This section defines the practical problem of data-driven condition monitoring and
early fault detection addressed in the dissertation and explains the motivation for
the proposed virtual sensing approach. The considered task is not formulated as
remaining useful life estimation, because the objective is not to predict the exact
amount of time left before component failure. Instead, the aim is to detect the on-
set of abnormal behavior at an early stage by comparing the measured value of a
physical sensor with the output of its virtual counterpart trained to represent nor-
mal operation. Under this logic, the monitored component is assumed to operate
normally as long as the residual between the real and predicted sensor values re-
mains within the expected range, whereas a systematic increase in this residual is
treated as an indication of anomalous behavior that may precede failure.

For experimental validation of the proposed data-driven condition monitoring
and early fault detection approach, this dissertation uses the public EDP wind tur-
bine dataset from the Wind Turbine Failure Detection Challenge (Portugal 2019).
The dataset contains two years of SCADA records collected from five wind tur-
bines with a temporal resolution of 10 minutes, together with a list of registered
component failures. Each SCADA record includes the turbine identifier, the mea-
surement timestamp, and a broad set of operational, thermal, electrical, and envi-
ronmental variables. The available measurements include generator speed statis-
tics, generator bearing temperatures, generator phase temperatures, slip ring cham-
ber temperature, hydraulic oil temperature, gearbox oil temperature, gearbox bear-
ing temperature, nacelle temperature and direction, rotor speed statistics, blade
pitch angle statistics, ambient and estimated wind speed, relative and absolute
wind direction, ambient temperature, active and reactive power by generator state,
transformer temperatures, inverter temperatures, controller temperatures, spinner
temperature, grid power variables, possible power variables, power factor, grid fre-
quency, grid voltage, grid current, and busbar temperature. In this dissertation, the
target signal is the single SCADA channel listed in the dataset as gearbox bearing
temperature. The fault annotations in the dataset cover gearbox, generator, gener-
ator bearing, transformer, and hydraulic group failures. Table 2.1 summarizes the
recorded failures across turbines and components.

Table 2.1 shows that failures are sparse and unevenly distributed across both
turbines and component types. This characteristic has direct methodological con-
sequences. Although the dataset is rich in terms of operating measurements, the
number of registered failures is limited, and the fault events are not uniformly rep-
resented across the monitored fleet. This makes straightforward supervised fault
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Table 2.1. Failure list based on Portugal (2019)

TO01 TO06 TO07 T09 T11

Component - - - - -
Train | Test Train | Test Train | Test Train | Test Train | Test

Gearbox 1 0 0 1 0 0 1 1 0 0
Generator 0 0 5 0 0 1 0 0 1 0
Generator Bearing 0 0 0 0 1 1 3 1 0 0
Transformer 0 1 0 0 2 0 0 0 0 0
Hydraulic Group 0 0 1 1 0 2 0 1 1 2

classification less reliable and motivates the use of normal-behavior modeling in-
stead, where the objective is to learn the expected sensor response under healthy
operating conditions and then detect abnormal deviations from that learned behav-
ior.

In this dissertation, the virtual sensor is constructed from a selected subset
of SCADA variables that describe the operating state of the turbine and the en-
vironmental excitation acting on it. The actual model inputs are generator RPM
represented by maximum, minimum, mean, and standard deviation values; rotor
RPM represented by maximum, minimum, and mean values; ambient wind speed
represented by maximum, minimum, mean, and standard deviation values; wind
direction represented by relative and absolute values; and ambient temperature rep-
resented by its mean value. These variables were selected because they provide a
compact but physically meaningful description of the loading and environmental
conditions that influence the thermal response of the monitored component.

The need for a virtual-sensor-based formulation is also supported by the be-
havior of the target thermal signal itself. The SCADA channel listed in the dataset
as gearbox bearing temperature varies over a wide operating range, even under
healthy conditions, which means that early fault development cannot be identified
reliably from the absolute sensor value alone. In the healthy state, the median tem-
perature is 52.61 °C, the interquartile range extends from 44.17 to 59.89 °C, and the
full observed range spans from 20.00 to 71.50 °C. By comparison, the pre-failure
temperature increase is relatively small: the median reaches 52.83 °C at 30-60
days before failure and 53.50 °C at 0-30 days before failure, which corresponds
to median shifts of only 0.22 °C and 0.89 °C, respectively. These values show that
the natural variability of the sensor signal is substantially larger than the early pre-
failure change. Impending failure, therefore, cannot be assessed robustly using a
fixed temperature threshold or direct inspection of temperature trajectories alone.
A more suitable approach is to evaluate the deviation of the measured signal from
its expected normal behavior under the given operating conditions.

The general idea of the proposed monitoring approach is therefore to model
the expected sensor behavior conditioned on the current operating context and then
analyze the deviation of the real measurement from this context-dependent esti-
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mate. If the virtual sensor reproduces healthy behavior with sufficient accuracy,
then an increasing residual can be interpreted as evidence that the physical rela-
tionship between the monitored sensor and the remaining SCADA variables is no
longer consistent with normal operation. In this sense, the virtual sensor serves
as a reference model of healthy behavior, while the residual serves as the anomaly
indicator. This formulation provides the theoretical basis for the recurrent mod-
eling approach developed later in the dissertation, where sequence-based neural
networks are used to capture the temporal dependencies between SCADA inputs
and the target sensor signal.

2.2. Virtual Sensor Concept and Training Principle

This section presents the theoretical basis of the virtual sensor used in the disser-
tation. In the proposed framework, the virtual sensor is defined as a data-driven
model that estimates the value of a physical sensor from other SCADA variables
available in the wind turbine monitoring system. Its main purpose is to reproduce
the expected behavior of the real sensor during healthy turbine operation as accu-
rately as possible. This requirement is important because the diagnostic value of
the residual depends directly on the prediction error achieved under normal condi-
tions. If the virtual sensor remains sufficiently accurate across different operating
regimes, then a systematic deviation between the measured and predicted sensor
values can later be interpreted as an indication of abnormal behavior rather than as
a modeling artifact.

Let z; € R? denote the SCADA input vector at time ¢ (e.g., wind speed, rotor
speed, generator speed, power, and ambient temperature), and let y; € R denote
the monitored target variable (e.g., the SCADA channel listed as gearbox bearing
temperature). Using a sequence length L, the forecasting model fy(-) estimates:

Ut = fo(Tt—ry1,.--52t) - 2.1
The residual signal is defined as:
Tt =Y — Yt (2.2)

An anomaly decision can be defined using a fixed threshold:

a; = {1’ Irel > 7, 23)

0, otherwise,
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or a threshold that varies over time, estimated from a rolling residual distribution:
Tt = Mrt + ]{10'7«715, 2.4)

where yi,-+ and o, are the rolling mean and standard deviation of the residuals,
and k controls the sensitivity.

In this expression, ¢; denotes the model prediction of the monitored target, ¢
is the residual between the measured and predicted values, and a; € {0, 1} is the
binary anomaly indicator. The thresholds 7 and 7 have the same physical unit as
the monitored variable y; (for example, °C when the target is bearing temperature),
whereas k is a dimensionless sensitivity coefficient.

2.2.1. Feature Extraction from Supervisory Control and Data
Acquisition Time Series

Feature extraction transforms raw SCADA signals into representations suitable for
learning. One common way to do this is to compute summary statistics over pre-
defined time windows. For a SCADA signal s sampled within a window W =

{s1,...,sn}, arange of statistical characteristics can be extracted:
1N
HW = N Z Siy
i=1
| N
. L 2
ow = | 37 25— mw)?, 25)
1=1
ST = min s,
(]
S = maxs;.
K3

In these expressions, W is a time window containing N samples of the
SCADA signal s, while iy, oy, s, and s2* denote the mean, standard de-
viation, minimum, and maximum over that window. All four statistics inherit the
physical unit of the original signal (e.g., wind speed in m/s, temperature in °C, or
power in kW/MW). Considering several window lengths, such as intervals span-
ning several hours, helps the model capture both short-term dynamics and slower
operational trends. Unlike manually constructed feature sets, automatic feature
extraction reduces the need for hand-crafted design and can improve reliability by
systematically generating informative statistics or learning representations directly
from sequences.
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The virtual sensor is trained using historical SCADA data under the assump-
tion that a subset of the available records corresponds to healthy component op-
eration. Under this assumption, the model learns the normal relationship between
the target sensor and the remaining operating variables. This training principle is
consistent with the purpose of the method, because the objective is not to classify
predefined fault categories directly, but to detect departures from normal behav-
ior by analyzing the residual between the physical and virtual sensor outputs. In
this sense, the virtual sensor acts as a reference model of expected healthy-state
operation and forms the basis for subsequent residual-based anomaly detection.

2.2.2. Candidate Recurrent Network Structures and Cell
Formulation

This dissertation considers four candidate recurrent neural network structures for
virtual sensor construction. They are ordered below from the simplest to the most
complex architecture:

« a single-layer GRU architecture;

« asingle-layer BiLSTM architecture;
« atwo-layer stacked LSTM-LSTM architecture;

« atwo-layer stacked LSTM—-BiLSTM architecture.

All candidate structures are used for sequence-based regression, where the tar-
get is to estimate the value of the monitored physical sensor from a multivariate
SCADA input sequence. The structures differ in the way temporal dependencies
are represented and in the resulting model complexity. Since the implementation
used in this dissertation is based on MATLAB recurrent layers, the mathemat-
ical notation below follows the MATLAB convention, where W, denotes input
weights, R, denotes recurrent weights, and b, denotes bias terms.

The simplest candidate is the gated recurrent unit (GRU) model. It is included
because it offers a compact recurrent formulation with fewer gating operations
than LSTM-based models. In MATLAB, the default GRU implementation uses
the reset gate after recurrent matrix multiplication. Its dynamics can therefore be
written as

re = (Wyray + Rehy—1 + by) ; (2.6)
2z =YWy + Rohy—1 + b)) ; 2.7)
he = ¢(Whae + 10 © (Rphe—1) + by) 3 2.8)
he =2 O hyy+ (1— 2) @ hy, (2.9)

where 7 is the reset gate, z; is the update gate, hy is the candidate hidden state, and
hy is the hidden state at time step ¢. The function () denotes the gate activation
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function and ¢(-) denotes the state activation function. In the default MATLAB
configuration, (-) is the sigmoid function and ¢(-) is the hyperbolic tangent func-
tion.

The next candidate is a single-layer bidirectional LSTM (BiLSTM) model.
This structure is more expressive because it processes the sequence in both tempo-
ral directions and combines information from past and future samples within the
analyzed input window. In MATLAB, the bilstmLayer is most naturally rep-
resented as two standard LSTM recurrences, one in the forward direction and one
in the backward direction. The underlying LSTM cell is therefore written as

it = Y(Wize + Rihy—1 + bi) ; (2.10)
fe =v(Wyzy + Rrhi—1 + by); (2.11)
gt = ¢(Wexy + Ryhy—1 + by) ; (2.12)
o = Y (Woxy + Rohy—1 + o) ; (2.13)
= ft ©ci—1+ 10 © gg; (2.14)

he = 01 © ¢(cy), (2.15)

where i, f:, and o, are the input, forget, and output gates, g; is the cell candidate, ¢;
is the cell state, and h; is the hidden state. In the default MATLAB configuration,
the gate activation is sigmoid, and the state activation is hyperbolic tangent. For
the bidirectional layer, the two directional states are

@t, ?t) — LSTM; (xt, T ?H) : (2.16)

<<Et, <Et) = LSTM, (wt, %t—i-l, <€t+1> ; (2.17)
TR

bi _ [%] . (2.18)

The BiLSTM output at each time step is the concatenation of the forward and
backward hidden states.

A more complex candidate is the stacked LSTM—-LSTM architecture. In this
architecture, the first LSTM layer processes the input sequence, and the second
processes the hidden-state sequence produced by the first. The first layer is defined
as

(hgl), c§”> — L.ST™M® (ast, hgl_)l,cgljl) , (2.19)
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and the second layer is defined as
(n?, ) = LsTM® (B, B2 ) ). (2.20)

In this case, both recurrent layers follow the same LSTM cell formulation, but
the second layer operates on the hidden representation produced by the first rather
than on the raw input sequence. This allows the model to learn a more hierarchical
temporal representation.

The most complex candidate considered in this stage of the dissertation is the
stacked LSTM-BiLSTM architecture. In this model, the first recurrent layer is
a unidirectional LSTM, and the second recurrent layer is bidirectional. The first
layer is written as

(hﬁ”, c§1)> — L.sTM® (:ct, hY, cﬁ)l) : 2.21)

while the second layer is written as

— -
(7, 2) =Lsma (nf", B2, 22 ) (2.22)
(B @) = s (m. 0 ) (2.23)
7@
i h
P — [%52)] . (2.24)
t

This arrangement first transforms the original SCADA sequence into a latent tem-
poral representation and then refines that representation using bidirectional con-
text. For this reason, it is treated as the most expressive and computationally de-
manding candidate among the initially considered structures.

In all equations above, z; denotes the input vector at time step ¢, © denotes
the Hadamard product, and the states are dimensionless neural-network variables
after preprocessing rather than direct physical measurements. The gate activation
function is denoted by () and the state activation function by ¢(-) so that the
same mathematical form can later be reused when alternative activation functions
are investigated in the dissertation.
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2.3. Factors Affecting Virtual Sensor Prediction
Accuracy

This section discusses the main factors that may influence the accuracy of the
virtual sensor and, therefore, the reliability of residual-based anomaly detection.
The prediction error depends not only on the type of model selected, but also
on the quality of the input features, the temporal representation of the data, the
composition of the training data, and the chosen hyperparameters. For this reason,
several aspects are identified in this dissertation as theoretically relevant and are
later examined in the experimental part.

2.3.1. Input Feature Preparation and Selection

The predictive accuracy of the virtual sensor depends on the amount of useful
information contained in the input sequence. The SCADA data set includes a
wide range of operational, electrical, thermal, and environmental measurements,
but not all available variables are equally useful for predicting the target sensor.
Some variables describe the turbine operating regime and loading conditions in a
physically meaningful way, while others are redundant, only weakly informative,
or too closely tied to the target response itself. For this reason, the input space was
treated as a design variable, and a separate feature-selection stage was performed
before the main comparative modeling experiments.

In the feature-selection stage, 82 SCADA candidate features were ranked using
three complementary criteria: monotonicity, Laplacian score, and variance. The
purpose of this ranking was to identify variables that are dynamically informative,
sufficiently variable, and potentially useful for describing changes in turbine op-
erating behavior. Let f;(¢) denote the value of the candidate characteristic j in
sample ¢, where j = 1,..., M and M = 82. For a time series of length NV, the
variance of feature j is defined as

N
Var(f) = ﬁ S (0 -F)" (2.25)
t=1

where fj is the sample mean of the feature. This criterion reflects the degree of
amplitude variation present in the signal and helps exclude nearly constant vari-
ables with limited descriptive value.
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The monotonicity criterion was used to evaluate whether a feature exhibits a
consistent directional tendency over time. In general form, monotonicity can be
written as
Ny —N_

N -1

where N is the number of positive first differences Af;(t) = f;(t) — f;(t — 1)
and IV_ is the number of negative first differences. A larger value indicates a more
directionally consistent change pattern. The Laplacian-score-based criterion was
used to evaluate the locality-preserving discriminative ability of each feature, and
can be expressed as

Mon(f;) = , (2.26)

;} (fi(p) — fj(Q))2 Spq
L; Varo(F)) , (2.27)
where S, is the similarity weight between samples p and ¢, and Varp( f;) denotes
the degree-weighted variance of the feature. Since the ranking in this dissertation
follows the implementation used in the design worksheet, the numerical interpre-
tation is tied to that specific implementation.

The ranking results (Table 2.2) show that the highest-ranked variables accord-
ing to the selected criteria were dominated by power-related and possible-power-
related signals. According to the monotonicity-based ranking, the strongest candi-
dates were the minimum possible capacitive reactive power (0.1211), the average
gearbox oil temperature (0.1057), the average possible capacitive reactive power
(0.1012), the average possible inductive reactive power (0.1005), and the maximum
possible inductive reactive power (0.1002). According to the Laplacian-score-
based ranking used in the worksheet, the leading features were the average grid
active power (0.9956), the minimum possible inductive reactive power (0.9730),
the standard deviation of grid reactive power (0.8492), the minimum possible ca-
pacitive reactive power (0.7843), and the minimum blade pitch angle (0.7838).
According to the variance criterion, the highest-ranked features were the mini-
mum possible inductive reactive power (0.2014), the maximum possible capacitive
reactive power (0.1943), the average possible inductive reactive power (0.1218), the
average possible capacitive reactive power (0.1171), and the maximum possible ac-
tive power (0.0920). These results indicate that a considerable part of the SCADA
feature space is strongly related to turbine operating load and power-conversion
behavior.

However, the final input subset used for virtual sensor modeling was not ob-
tained by simply selecting the numerically highest-ranked variables. Instead, the
ranking results were combined with engineering judgment and with the model-
ing objective of reconstructing the expected target-sensor behavior from compact,
physically interpretable, and broadly available operating descriptors. In particular,




2. THEORETICAL FOUNDATIONS OF VIRTUAL SENSING AND WIND ... 35

Table 2.2. Top-ranked SCADA features according to the three selection criteria

Rank Monotonicity Laplacian score Variance
Feature Score Feature Score Feature Score

1 Minimum possible 0.1211 Average grid active 0.9956 Minimum possible 0.2014
capacitive reactive power inductive reactive
power power

2 Average gearbox oil 0.1057 Minimum possible 0.9730 Maximum possible 0.1943
temperature inductive reactive capacitive reactive

power power

3 Average possible 0.1012 Standard deviation of | 0.8492 Average possible 0.1218
capacitive reactive grid reactive power inductive reactive
power power

4 Average possible 0.1005 Minimum possible 0.7843 Average possible 0.1171
inductive reactive capacitive reactive capacitive reactive
power power power

5 Maximum possible 0.1002 Minimum blade pitch | 0.7838 Maximum possible 0.0920
inductive reactive angle active power
power

the final input set was chosen to represent the mechanical operating regime, aero-
dynamic excitation, inflow direction, and ambient thermal boundary conditions,
while avoiding excessive dependence on variables that are too close to the target
temperature response itself or that mainly reflect downstream power-conversion
effects.

Based on this selection, the final neural-network input consists of 14 features:
maximum, minimum, mean, and standard deviation of generator rotational speed;
maximum, minimum, and mean of rotor rotational speed; maximum, minimum,
mean, and standard deviation of ambient wind speed; relative and absolute wind
direction; and mean ambient temperature. The final feature set is smaller than the
original ranked feature pool, but it remains physically interpretable and suitable for
sequence-based virtual sensing. Generator and rotor speed variables characterize
the mechanical operating regime of the turbine, wind-speed variables describe the
excitation level acting on the system, wind-direction variables provide contextual
information related to aerodynamic alignment, and ambient temperature represents
the external thermal condition. This combination was considered theoretically ap-
propriate for estimating the expected target-sensor value under normal operating
conditions, while keeping the input representation compact enough for systematic
experimental comparison in the later chapters.

2.3.2. Selection of Temporal Aggregation Range

SCADA records in the analyzed dataset are available as 10-minute measurements,
which already represent short-term summaries of turbine operation. However, even
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after this first level of aggregation, the input signals may still contain short-duration
fluctuations caused by transient operating conditions, local disturbances, and rapid
changes in turbine loading. Since the target of the virtual sensor is a thermal signal,
whose dynamics are typically slower than those of many electrical or mechanical
variables, the temporal representation of the input data may have a direct effect
on prediction accuracy. For this reason, temporal aggregation is treated in this
dissertation not only as a preprocessing step, but also as an explicit design factor.

Additional aggregation over longer time windows may affect virtual sensor
performance in two opposite ways. On the one hand, aggregation may reduce
short-term variability, suppress high-frequency noise, and better align the input
representation with the slower physical dynamics of the monitored temperature
signal. In such a case, the recurrent model may learn a more stable mapping be-
tween turbine operating conditions and the expected sensor value. On the other
hand, excessive aggregation may remove informative temporal variation and com-
press changes in the operating regime that are still relevant for predicting the target
signal. The effect of aggregation, therefore, cannot be assumed in advance and has
to be verified experimentally.

The aggregation setup is defined as follows. The basic input representation
is formed from 10-minute SCADA records. In addition to this original temporal
resolution, several longer aggregation intervals are considered to examine whether
a second level of temporal summarization improves the suitability of the input data
for virtual sensing. The investigated aggregation windows are selected to represent
short, medium, and longer-term summaries of turbine operation. In the planned
experimental investigation, the considered aggregation intervals are 3 h, 6 h, and
24 h. These intervals are sufficiently different to reveal whether the virtual sensor
benefits more from preserving relatively local operating information or from using
a more strongly smoothed operational context.

To avoid drawing conclusions from a single network configuration, the
planned aggregation investigation is defined using several reference recurrent neu-
ral network structures. The investigated model set includes a single-layer LSTM
architecture, a single-layer BiLSTM architecture, a single-layer GRU architecture,
and a stacked LSTM-LSTM architecture. The purpose of this design is to evaluate
the effect of temporal aggregation across models with different recurrent mecha-
nisms and different temporal representation capacity. In this way, the analysis is
intended to separate the influence of the aggregation interval from the influence
of the model structure itself.

The experimental investigation planned for this factor is, therefore, organized
as a controlled comparison in which the same selected SCADA input features are
represented using different temporal aggregation intervals and evaluated with the
same set of reference recurrent models (Table 2.3). The main objective of this
experiment is to determine whether additional aggregation improves the predic-
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Table 2.3. Planned experimental design for the investigation of temporal aggregation

Experimental factor Tested values Purpose of the comparison

Base SCADA input resolution 10-minute records To define the original temporal representation
used as the starting point for further aggregation.

Additional aggregation interval 3h,6h,24h To determine whether further temporal
summarization improves the suitability of
SCADA inputs for thermal virtual sensing.

Reference model structures GRU, BiLSTM, stacked To evaluate the aggregation effect across several
LSTM-LSTM and recurrent architectures rather than under a single
LSTM-BiLSTM model configuration.

Evaluation objective Prediction error of the virtual To identify the aggregation interval that provides
sensor the most suitable balance between information

preservation and suppression of irrelevant

short-term fluctuations.

Role in later dissertation stages Selection of one preferred To propagate the selected aggregation setting to
aggregation interval the later experimental investigation of sequence
length, model structure, and training

configuration.

tion accuracy of the virtual sensor and, if so, which aggregation interval provides
the most suitable balance between information preservation and suppression of ir-
relevant short-term fluctuations. The comparison is carried out using the same
train—test logic and the same prediction error criteria as in the later model com-
parison experiments, so that the selected aggregation interval can be consistently
propagated to the subsequent stages of the dissertation.

In the theoretical framework of the dissertation, temporal aggregation is
treated as an experimentally testable hypothesis. The working assumption is that
the original 10-minute SCADA records may still contain variability that is not fully
beneficial for thermal virtual sensing, but it remains an open question whether
moderate or stronger additional aggregation leads to a more informative and robust
input representation. The detailed numerical results of this comparison and the
final choice of the aggregation interval are presented later in the experimental
investigation chapter.

2.3.3. Training Data Composition

The behavior learned by the virtual sensor depends strongly on the composition
of the training dataset. Even when the same network structure and the same input
features are used, the prediction accuracy may change depending on which turbines
are included in the training set, how much historical healthy-state data are used, and
how far in time the trained model is applied without retraining. For this reason,
the composition of the training data is treated in this dissertation as a separate
experimental factor rather than as a fixed implementation detail.
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Different training-data compositions may influence virtual sensor perfor-
mance in different ways. If the model is trained on data from only one turbine,
it may learn relationships that are specific to that machine. This can lead to high
accuracy when the model is evaluated on the same turbine, but the transfer to
other turbines may be weaker if their operating characteristics, sensor calibration,
or local behavior differ. Training on healthy data collected from several turbines
may help the model learn a broader picture of normal operation. This can improve
robustness, although it may also make the model less sensitive to the behavior of
an individual turbine. The effect of turbine composition in the training set has to
be verified experimentally.

Another important aspect is the duration of historical healthy-state data used
for training. A short historical period may not cover a sufficiently broad range
of operating conditions, seasonal variations, and loading regimes. As a result,
the trained virtual sensor may reproduce only a limited part of normal behavior
and may become inaccurate when applied to later data. A longer training period
may provide a more complete representation of healthy operation, but it may also
include a greater diversity of operating states and increase the complexity of the
learned mapping. The required amount of historical healthy-state data should also
be treated as an experimentally testable factor.

In addition to the composition of the training set itself, the temporal distance
between the training period and the later test period may influence prediction qual-
ity. Even if the model is trained on healthy historical data, its accuracy may gradu-
ally deteriorate when applied far beyond the training interval, for example, because
of seasonal shifts, slow system drift, or changes in turbine operating patterns. For
this reason, the present dissertation also defines an experimental comparison in
which the virtual sensor is trained on different lengths of historical data and then
evaluated on later unseen periods located at different distances from the training
interval.

The planned experimental investigation of training data composition is orga-
nized into three complementary parts. First, a turbine-specific generalization ex-
periment is planned, in which the virtual sensor is trained on healthy historical data
from one turbine and then evaluated on several turbines. Second, a multi-turbine
training experiment is planned, in which the virtual sensor is trained on a com-
bined healthy dataset formed from several turbines and then evaluated separately
on each turbine using data not included in training. Third, a training-history-length
experiment is planned, in which the model is trained using different durations of
healthy historical data and later evaluated on temporally separated unseen data.

In the current experimental design (Table 2.4), the training-history-length
experiment is planned using 1-month, 3-month, and 6-month healthy historical
records for model training. The trained virtual sensor is then planned to be evalu-
ated on unseen data located 3 months and 5 months after the training period. This
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Table 2.4. Planned experimental design for the investigation of training data composition

Experimental factor

Tested values

Purpose of the comparison

Training-set turbine composition:

single-turbine training

Healthy data from one turbine; testing
on several turbines

To determine whether the learned virtual-sensor
mapping is turbine-specific or transferable

across turbines of the same type.

Training-set turbine composition:
multi-turbine training

Healthy data combined from several
turbines; testing on each turbine
separately using unseen data

To determine whether broader training diversity
improves robustness and cross-turbine

generalization.

Length of healthy historical data

1 month, 3 months, 6 months

To determine how much historical healthy-state

used for training data are needed to build a stable and

representative virtual sensor.

Temporal distance between training | Testing on unseen data after 3 months | To determine how long a trained virtual sensor

and testing and 5 months remains accurate when applied later in time

without retraining.

Evaluation objective Prediction error of the virtual sensor | To compare the influence of training-data

on unseen data composition on generalization, robustness, and

temporal durability.

Role in later dissertation stages Selection of a preferred training-data | To define how the final virtual-sensor models

composition strategy should be trained in the later experimental

investigation.

design makes it possible to examine not only whether longer training histories im-
prove immediate prediction accuracy, but also whether they improve the temporal
durability of the virtual sensor when the model is applied later in time.

In the theoretical framework of the dissertation, training data composition is
treated as a structured experimental problem involving turbine diversity, histori-
cal coverage, and temporal transferability. The working assumption is that virtual
sensor performance depends not only on the network architecture, but also on how
representative the healthy training set is with respect to turbine-to-turbine variabil-
ity and later operating conditions. The detailed numerical results of these compar-
isons and the final conclusions regarding the preferred training-data composition
are presented later in the experimental investigation chapter.

2.3.4. Selection of Input Sequence Length and Number of
Training Epochs

The predictive capacity of recurrent neural networks depends not only on the se-
lected input variables and model structure, but also on how much temporal context
is provided to the model and how thoroughly the model is optimized during train-
ing. In the virtual sensing problem considered in this dissertation, the target signal
is a temperature-related variable whose behavior is influenced not only by the cur-
rent turbine operating state, but also by its recent history. For this reason, the
sequence length and the number of training epochs are treated as separate experi-
mental factors in the experimental design.
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Sequence length determines how many consecutive aggregated input vectors
are made available to the recurrent model before predicting the target sensor value.
A short input sequence provides only local temporal context and may be insuffi-
cient for representing slower thermal dynamics, delayed responses, or cumulative
effects of previous operating regimes. A longer sequence can provide a broader
view of recent turbine behavior and may allow the recurrent model to learn more
informative temporal dependencies. However, increasing the sequence length also
increases the dimensionality of the effective input representation, the memory re-
quirements of the model, and the computational burden of training. In addition,
excessively long sequences may include redundant information and may make op-
timization more difficult without providing a proportional gain in prediction ac-
curacy. Sequence length should, therefore, be treated as a controllable trade-off
between temporal coverage and model efficiency.

In the present dissertation, the sequence-length problem is defined after se-
lecting the preferred temporal aggregation setting in the earlier stage of the disser-
tation. Once the aggregation interval is fixed, each element of the input sequence
corresponds to one aggregated vector of selected SCADA features. The planned
experimental investigation then evaluates several alternative sequence lengths to
determine how much historical context is needed for accurate virtual sensing. In
the current experimental design, the investigated sequence lengths are 1, 3, 6, 12,
and 24 time steps. This set covers both minimal contextual input and substantially
extended temporal context, making it possible to evaluate whether the prediction
task benefits more from local or longer-horizon historical information.

The influence of the number of training epochs is considered together with the
sequence-length investigation because both factors affect the final performance of
the recurrent model, but in different ways. While the sequence length determines
the amount of temporal information available at the input, the number of epochs
determines how far the model parameters are adapted to the training data. Too few
training epochs may lead to underfitting, meaning that the network does not learn
the relevant relationship between the aggregated SCADA inputs and the target sen-
sor. On the other hand, too many epochs may provide only marginal additional
improvement, may increase training time unnecessarily, and may eventually re-
duce generalization if the model begins to fit details specific to the training set
rather than the general pattern of healthy behavior. For this reason, the appropriate
training duration cannot be fixed in advance and has to be examined experimen-
tally.

For this experiment, the training duration is varied over a wide range. The
tested values run from 100 to 2000 epochs, with increments of 100. Such a range
is intended to reveal whether the model performance reaches a stable plateau af-
ter a limited number of optimization iterations or whether further training over
substantially longer durations continues to produce meaningful gains. Since the
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purpose of the dissertation is not only to improve prediction accuracy but also to
consider the practical cost of model training and later embedded deployment, iden-
tifying a sufficiently effective rather than unnecessarily prolonged training regime
is methodologically relevant.

The planned investigation of these two factors is organized as a controlled ex-
periment in which one selected recurrent architecture is used while varying the
sequence length and the number of training epochs. This design makes it possible
to analyze the effect of temporal context and training duration without simulta-
neously changing the model type. The main objective of this experiment is to
determine which sequence length provides the most informative historical context
for virtual sensing and whether the selected training duration is sufficient for sta-
ble model convergence. In this way, the experiment serves to define a justified
input-history configuration and a justified training schedule for the later stages of
the dissertation.

In summary, input sequence length and number of training epochs are treated
as experimentally testable design parameters. The working assumption is that an
appropriate amount of historical context is necessary to represent the thermal dy-
namics of the monitored component, while an appropriate training duration is nec-
essary to learn this relationship reliably without excessive optimization effort. The
detailed numerical results of this comparison and the final choice of the sequence
length and training duration are presented later in the experimental investigation
chapter.

2.3.5. Selection of Alternative Model Structures for
Investigation

The prediction accuracy of a virtual sensor depends not only on the selected in-
put representation and training procedure, but also on the internal structure of the
recurrent neural network itself. In sequence-to-one regression problems, the archi-
tecture determines how temporal dependencies are represented, how much latent
information can be stored and transformed, and how complex the nonlinear map-
ping between the SCADA input sequence and the target sensor value can become.
For this reason, model structure is treated in this dissertation as a separate experi-
mental factor rather than as a fixed implementation choice.

Several structural properties of a recurrent network may influence its perfor-
mance. One of the most important factors is the number of recurrent layers. A
shallow architecture may be sufficient when the relationship between the input se-
quence and the target signal is relatively direct, but a deeper architecture may be
more suitable when the model has to represent multiple levels of temporal abstrac-
tion. In a stacked recurrent network, lower layers may capture more local temporal
patterns, whereas higher layers may encode more abstract or longer-range depen-
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dencies. However, increasing the number of layers also increases the number of
trainable parameters, makes optimization more difficult, and may increase the risk
of overfitting. The influence of model depth therefore cannot be assumed in ad-
vance and has to be examined experimentally.

Another important structural factor is the number of recurrent cells in each
layer. This choice sets the size of the hidden representation and, in practice, how
much temporal structure the network can capture. With more cells, the model may
be able to represent subtler nonlinear relationships between the selected SCADA
features and the target thermal signal. The price of that added capacity is higher
computational cost, greater memory use, and a higher chance that the network
becomes larger than the task really requires. If too few cells are used, the model
may miss relevant dynamics. If too many are used, the gain in prediction accuracy
may be small compared with the added complexity. For this reason, the number
of recurrent cells is treated as a controlled design variable in the experimental
investigation.

The third structural factor is dropout. Although dropout is often treated as a
training hyperparameter, it is closely related to the effective model structure be-
cause it modifies how the latent representation is regularized during learning. In
recurrent sequence modeling, dropout may help reduce overfitting by discouraging
excessive dependence on specific internal activations. Smaller dropout values may
provide only weak regularization, especially in larger networks, whereas larger val-
ues may suppress useful information together with unwanted co-adaptation. The
selected dropout level may, therefore, affect both the stability of training and the
final generalization accuracy of the virtual sensor.

In the present dissertation, the planned experimental investigation of model
structure is formulated as a controlled comparison of three structural factors: the
number of recurrent layers, the number of recurrent cells per layer, and the dropout
ratio. To avoid confounding the interpretation of the results, the comparison is de-
fined using one recurrent cell type and varying the structural configuration around
it. In the current experimental design, the selected recurrent cell type for this stage
is BILSTM, because it provides a flexible sequence representation and is suitable
for examining how architectural complexity affects virtual sensor performance.

The planned depth experiment investigates models with one to four recur-
rent layers. The purpose of this comparison is to determine whether increasing
the depth of the BiLSTM architecture improves sequence-to-one prediction ac-
curacy for the selected SCADA input representation, or whether additional lay-
ers mainly increase complexity without a proportional gain in performance. The
planned width experiment investigates a range of hidden-layer sizes, from 16 to
128 recurrent cells per layer. This comparison is intended to determine how much
hidden-state capacity is required for accurate virtual sensing and whether the stud-
ied problem benefits from broader latent representations. The planned regulariza-
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Table 2.5. Planned experimental design for the investigation of model structure

Experimental factor Tested values Purpose of the comparison

Recurrent cell type BiLSTM To fix one recurrent mechanism and isolate the
effect of structural complexity.

Number of recurrent layers 1-4 layers To determine whether increasing model depth
improves sequence-to-one prediction accuracy or
mainly increases architectural complexity.

Number of recurrent cells per layer | 16, 32, 48, 64, 80, 96, 112, 128 To determine how much hidden-state capacity is
required for accurate virtual sensing.

Dropout ratio 0.2,0.3,0.4,0.5,0.6,0.7, 0.8 To determine the level of regularization that
provides stable generalization without excessive
information loss.

Evaluation objective Prediction error of the virtual To compare the effect of structural complexity and
sensor on unseen data regularization on generalization quality.

Role in later dissertation stages Selection of a preferred recurrent | To define the model structure used in the
architecture subsequent experimental and

computational-efficiency investigations.

tion experiment investigates dropout values from 0.2 to 0.8. The purpose of this
comparison is to determine how strongly the model must be regularized to achieve
stable generalization without suppressing too much useful temporal information.

The full plan of the structural comparison is summarized in Table 2.5. This ex-
periment is designed to identify a model structure that provides a suitable balance
between prediction accuracy, architectural complexity, and practical feasibility for
later deployment-oriented analysis. In this sense, the structural investigation forms
a bridge between the earlier investigation of input representation and the later in-
vestigation of computational simplification.

Within the theoretical framework of the dissertation, model structure is treated
as an experimentally testable design space rather than as a single predefined archi-
tecture. The working assumption is that prediction accuracy depends on the in-
teraction between model depth, hidden-state capacity, and regularization strength,
and that these factors must be evaluated jointly to identify a practically justified
recurrent architecture for virtual sensing. The detailed numerical results of this
comparison and the final choice of the preferred model structure are presented
later in the experimental investigation chapter.

2.3.6. Preliminary Theoretical Cycle Count for the Retained
Activation Functions

This subsection introduces a preliminary theoretical cycle-count model for com-
paring the computational cost of the retained activation functions in recurrent
virtual-sensor inference. The purpose of this model is not to reproduce the ex-
act runtime of a specific processor, but to provide a consistent analytical basis for
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comparing different activation choices from the embedded-implementation per-
spective.

The comparison is structured into three cases. In the first case, the standard
logistic sigmoid and hyperbolic tangent functions are assumed to be evaluated di-
rectly, that is, using their original exponential-based form. This case provides the
baseline reference and corresponds to the upper-cost scenario among the consid-
ered implementations. In the second case, the same standard activation functions
are still used, but their evaluation is assumed to be accelerated by implementation
techniques such as lookup tables, approximation polynomials, fixed-point approx-
imations, or hardware-assisted mathematical libraries. In the third case, the stan-
dard nonlinearities are replaced by retained non-exponential bounded alternatives.
This three-case structure is important because it separates two different engineer-
ing strategies: accelerating the original nonlinearities and replacing them with
computationally simpler functions.

In the later experimental investigation, the activation-function comparison is
performed using the best baseline recurrent architecture obtained with the standard
activation functions. In the present theoretical section, the computational analysis
is illustrated for a two-layer bidirectional LSTM model with 128 hidden units in the
first layer, 100 hidden units in the second layer, 3 h aggregated inputs, and 11 input
parameters. If the final experimental chapter reports a refined parameter combina-
tion, the same cost expressions remain valid after substituting the corresponding
dimensional values.

A preliminary activation catalog was compiled for all candidate nonlinearities,
and only the retained functions are considered in the present section. The catalog
provides the scalar formula, the elementary operations required by one function
call, and a preliminary weighted cost per call. The retained gate activations are
the logistic sigmoid function, the hard sigmoid function, the softsign-based gate
function, the arctangent gate function, and the algebraic gate function. The re-
tained state activations are the hyperbolic tangent function, the softsign function,
the hard hyperbolic tangent function, the arctangent function, and the algebraic
state function.

Let the cost of elementary scalar operations be denoted by

Cadd, Cmul, Cdiv, Cabs; Cclips C,/7; Carctan; Cexp- (2.28)

For the preliminary weighted comparison, the following normalized operation
costs are used:

Cadd = Cmul = Cabs = 17 Cclip = 27 Cdiv = 47 C\f = 4ycarctan = 87 Cexp = 10.
(2.29)
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Table 2.6. Preliminary scalar weighted costs of the retained activation functions

Activation function Elementary operations per call Weighted cost
Logistic sigmoid (reference) add:1, div:1, exp:1, mul:1 16
Hard sigmoid add:1, clip:1, div:1 7
Softsign gate abs:1, add:2, div:1, mul:1 8
Arctangent gate add:1, atan:1, div:1 13
Algebraic gate add:2, div:1, mul:2, sqrt:1 12
Hyperbolic tangent (reference) add:2, div:1, exp:1, mul:1 17
Softsign abs:1, add:1, div:1 6
Hard hyperbolic tangent clip:1 2
Arctangent atan:1, div:1, mul:1 13
Algebraic state add:1, div:1, mul:1, sqrt:1 10

These values are not processor-specific measurements. They are used only to ob-
tain a normalized relative estimate of scalar activation cost.

Using the operation counts provided in the activation catalog, the scalar costs
of the retained activation functions are summarized in Table 2.6. These values cor-
respond to the direct-evaluation case. They show that the standard logistic sigmoid
and hyperbolic tangent functions remain the most expensive reference nonlinear-
ities in the retained set, whereas the hard sigmoid and hard hyperbolic tangent
provide the lowest scalar cost among the investigated alternatives.

The activation functions used in Table 2.6 are defined as follows.

The reference gate activation, the logistic sigmoid function, is

1
flogistic sigmoid(x) = 1_’_7 (2.30)
The reference state activation, the hyperbolic tangent function, is
L et — o7
. =t =" 231
f hyperbolic tangent(x) an (CU) e ( )
The hard sigmoid function is defined as
0, r < —2.5,
fnard sigmoid (Z) = 0.2z + 0.5, —2.5 <x < 2.5, (2.32)
1, x> 2.5.
The hard hyperbolic tangent function is defined as
-1, z< -1,
fhard hyperbolic tangent(x) =437, -1<z <1, (2.33)

1, x> 1.
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The softsign function is defined as

T

S — 2.34
5] (2.34)

fsoftsign (I)

The softsign gate function is obtained by shifting and scaling the softsign func-
tion to the interval [0, 1]:

1 z
fsoftsign gate(l') = 5 <1 + T I‘) . (2.35)
The arctangent state activation is defined as
2 T
farctangent(x> = ; arCtan<§1’) . (2.36)

The arctangent gate function is its affine transformation to the interval [0, 1]:

1 2 T
farctangentgate(x) = ) <1 + ; al"CtaIl<2-T)> . (2.37)

The algebraic state activation is defined as
x

f algebraic state (:U ) = \/ﬁ .

The algebraic gate function is obtained by shifting and scaling the algebraic
state activation to the interval [0, 1]:

(2.38)

1 T
; =14+ —. 2.39
f algebraic gate(x) B ( + m) ( )

In all equations above, x denotes the scalar pre-activation value. The gate
activation functions map R to the interval [0, 1], while the state activation functions
map R to the interval [—1, 1].

To make the computational analysis more transparent, it is useful to begin
with the simplest recurrent case: a single-layer unidirectional LSTM with only one
recurrent cell and the same number of input features as in the selected virtual-
sensor model, namely D = 11. In this minimal configuration, the affine part of
the one time-step update is

Caff,cell(D) = S(D -+ 1), (2.40)
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Table 2.7. Preliminary weighted sequence costs for a single-layer LSTM with one
recurrent cell and 11 input features

Gate activation State activation Sequence cost | Reduction vs.
reference
Logistic sigmoid Hyperbolic tangent 182T reference
Hard sigmoid Hard hyperbolic tangent 125T 31.32%
Softsign gate Softsign 136T 25.27%
Arctangent gate Arctangent 165T 9.34%
Algebraic gate Algebraic state 156T 14.29%

because the four gate or candidate-state transformations are evaluated for one hid-
den unit only. The nonlinear and element-wise update part is

Chonlin,cell(Cg, Cs) = 3C, + 205 + 4. (2.41)
Therefore, the total cost of a single-cell single-layer LSTM at one time step is
Cieen(D; Cy, Cs) = 8(D + 1) +3C, + 2C5 + 4. (2.42)
For D = 11, this becomes
Cleen(11;Cy, C) = 96 + 3C, + 2C5 + 4. (2.43)
The corresponding sequence cost for length 7" is
Cieen(11,T; Cy, Cs) = T (100 + 3Cy + 2C5) . (2.44)

The resulting costs for the retained activation pairs are summarized in Ta-
ble 2.7. This table is useful because it isolates the activation-related effect before
the structural matrix arithmetic becomes dominant in larger models.

The values in Table 2.7 show that, in a very small recurrent model, replacing
exponential-based nonlinearities can noticeably reduce the total cost. This happens
because, in the single-cell case, the nonlinear part still represents a substantial
fraction of the full recurrent update.

After this simplest reference case, the same framework can be extended to a
general recurrent layer. Let D, denote the input dimension of layer ¢, H, the num-
ber of hidden units in that layer, and 7" the sequence length measured in aggregated
input time steps. For one LSTM direction and one time step, the four affine trans-
formations required by the input gate, forget gate, output gate, and candidate state
are approximated by

Y = 8H,(Dy + Hy), (2.45)
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where multiplication and addition are both counted with unit cost in the adopted
normalized model.

If Cy denotes the scalar weighted cost of the selected gate activation and C;
the scalar weighted cost of the selected state activation, then the nonlinear and
element-wise state-update cost for one LSTM direction and one time step is ap-
proximated as

o

nontin = He (3Cy +2Cs +-4) . (2.46)
The term 3C); corresponds to the three gate nonlinearities, the term 2C corre-
sponds to the candidate-state nonlinearity and the final state-output nonlinearity,
and the constant 4 accounts for the remaining element-wise multiplications and
additions in the state update.

Therefore, the preliminary cost of one single-layer unidirectional LSTM is
Crst™m(De, Hy, T;Cy,Cs) = THy [8(Dy + Hy) +3Cy +2Cs +4].  (2.47)

If instead a single-layer bidirectional LSTM is used, the same computation is car-
ried out in both directions, and the cost is doubled:

CY) oni(De, He, T; Cy, Cs) = 2T [8Hy(Dy + Hy) + Hy (3C, + 2C5 + 4)] .

(2.48)

For the two-layer reference architecture used in this dissertation, the first layer
receives D1 = 11 input features and has H; = 128 hidden units in each direction.
Since the output of a bidirectional layer is concatenated, the second layer receives

Dy =2H; = 256 (2.49)

input channels and has H2 = 100 hidden units in each direction. Thus, the total
preliminary cost of the full two-layer BILSTM model becomes

Conirstn(T; Gy, Cs) = O3 gra(11, 128, T3 Cy, Cs)

) (2.50)
+ O (256,100, T; Cy, Csy ).
Substituting the selected dimensions yields
CopiLstm (T3 Cy, Cs) = T [854272 + 456 (3C, + 2C5 + 4)] . (2.51)

This expression is useful because it separates the total inference cost into two
parts. The term 854272 corresponds to the matrix and structural arithmetic of the
selected recurrent architecture, whereas the second term captures the contribution
of the activation functions and the element-wise state updates. Therefore, replac-
ing the activation functions affects only the second part of the total cost expression,
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while the first part remains fixed for the selected model architecture. This obser-
vation also explains why a large scalar reduction in nonlinear cost may translate
into a more moderate reduction at the full-model level.

The first comparison case corresponds to direct exponential-based evaluation.
For the reference configuration with the standard logistic sigmoid and hyperbolic
tangent functions, the scalar costs from Table 2.6 are C;; = 16 and Cs = 17. The
resulting preliminary cost per sequence is

Cdizect  (T') = T'[854272 + 456(3 - 16 + 2 - 17 + 4)] = 893488T.  (2.52)

The second comparison case corresponds to accelerated exponential-based
evaluation. In this case, the model still uses the standard logistic sigmoid and hy-
perbolic tangent functions, but their implementation cost is reduced by techniques
such as lookup tables, approximation methods, or hardware-optimized mathemati-
cal kernels. Let the corresponding accelerated scalar costs be denoted by C7 and
C'2°¢. Then the total preliminary cost becomes

CifiLsm(T) = T [854272 4 456 (3C5° + 205 + 4) ] . (2.53)

This case is kept symbolic in the present theoretical chapter because the actual val-
ues of Cp and C§°° depend on the selected embedded platform, numerical pre-
cision, and implementation library. In practical deployment, especially on ARM
Cortex-M class microcontrollers, these values may differ substantially from the
direct-evaluation case.

The third comparison case corresponds to the replacement of exponential-
based nonlinearities by non-exponential bounded alternatives. For the bigger, two-
layer architecture, if the standard functions are replaced by hard sigmoid and hard
hyperbolic tangent, then C;; = 7 and Cs; = 2, and the cost becomes

Com B (T) = T [854272 4+ 456(3 - 7+ 2 - 2 + 4)] = 867496T.  (2.54)

The corresponding preliminary reduction with respect to the direct-evaluation

baseline is 893488 — 867496
AHSigHTanh _ 10 . _ ~ 2.91%. 2.
% 00 893488 o (239

If softsign-based functions are used in both gate and state roles, C; = 8 and
Cs = 6, yielding

Coomisien (T') = T [854272 + 456(3 - 8 +2- 6 + 4)] = 8725127,  (2.56)
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Table 2.8. Preliminary weighted sequence costs for the retained activation pairs in the
reference two-layer BILSTM with 11 input features and layer sizes 128 and 100

Gate activation State activation Sequence cost | Reduction vs.
direct
baseline

Logistic sigmoid Hyperbolic tangent 893488T reference

Hard sigmoid Hard hyperbolic tangent 8674967 2.91%

Softsign gate Softsign 872512T 2.35%

Arctangent gate Arctangent 885736T 0.87%

Algebraic gate Algebraic state 881632T 1.33%

with a preliminary reduction of
ASoftsign ~ 2.35%
o ~ 2.35%. (2.57)

If arctangent-based functions are used in both roles, C;, = 13 and Cs = 13,
yielding

Coppoiansent () — T [854272 + 456(3 - 13 + 2 - 13 + 4)] = 8857367, (2.58)
with a preliminary reduction of
ANt & 0.87%. (2.59)

If algebraic gate and algebraic state functions are used, Cy = 12 and C, = 10,
yielding

CopBeRtaic () — T [854272 + 456(3 - 12 + 2 - 10 + 4)] = 8816327,  (2.60)
with a preliminary reduction of
AEPTC ~ 1.33%. (2.61)

The resulting preliminary costs for the retained activation pairs are summa-
rized in Table 2.8. These values should be interpreted as reductions relative to
the direct-evaluation baseline. The table shows that the theoretical reduction in
total sequence cost is smaller than the reduction observed at the scalar activation
level. This is expected because for the selected two-layer BiLSTM architecture,
the matrix arithmetic remains the dominant contribution to total inference cost.
Nevertheless, the nonlinear part is still relevant, especially in repeated continuous
inference and in low-power embedded execution.



2. THEORETICAL FOUNDATIONS OF VIRTUAL SENSING AND WIND ... 51

It is also useful to examine the nonlinear part separately. For the standard
logistic-sigmoid-hyperbolic-tangent configuration, the activation-related part of
the selected model contributes

456(3-16 +2- 17+ 4) = 39216 (2.62)

weighted cycles per aggregated time step. For the hard-sigmoid-hard-hyperbolic-
tangent alternative, this part decreases to

456(3- 7+ 2 -2+ 4) = 13224, (2.63)

which corresponds to a reduction of approximately 66.3% in the nonlinear com-
ponent itself. Therefore, although the reduction in total model cost is more mod-
erate, the effect of activation replacement remains theoretically meaningful and
may become more pronounced on processors where nonlinear scalar operations
are particularly expensive relative to matrix arithmetic.

From the dissertation perspective, the three-case interpretation is as follows.
The direct exponential-based case defines the upper-cost baseline. The accel-
erated exponential-based case represents practical embedded implementations in
which the same standard activation functions are still used, but their runtime is
reduced by implementation methods. The non-exponential replacement case eval-
uates whether changing the activation function itself can provide an additional
reduction beyond the direct baseline and, potentially, beyond the accelerated base-
line. In this way, the activation catalog is useful because it makes it possible to
propagate scalar activation costs into a model-level cycle-count estimate for the
selected recurrent architecture.

The present theoretical investigation defines the expected direction and
approximate magnitude of computational savings, but not their exact processor-
specific value. The final evaluation of whether these theoretical savings are prac-
tically worthwhile, considering both the associated prediction-accuracy changes
and the selected embedded implementation method, is presented later in the
experimental investigation chapter.

2.4. Short-Term Wind Farm Power Generation
Forecasting Problem

This section introduces the second application problem studied in the dissertation.
The task is to forecast day-ahead energy generation for a small wind farm when
detailed SCADA information about individual turbines is not available. In this
case, the forecasting problem is affected by substantial uncertainty, and the prac-
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tical objective is not only to reduce the prediction error itself but also to reduce
the financial losses associated with market imbalance. Wind farm power forecast-
ing is, therefore, treated as a regression problem in which future generated power
is predicted from historical plant-level measurements and meteorological forecast
inputs.

2.4.1. Problem Setting in Small Wind Farms with Limited
Observability

The forecasting problem considered in this dissertation arises in small wind farms
where only aggregate plant-level generation data are available, while detailed
turbine-level SCADA measurements are not accessible. As a result, the prediction
model has limited visibility into the condition, availability, maintenance status,
and directional behavior of individual turbines. This makes the forecasting task
more difficult than in fully instrumented wind farms, because several important
operational factors remain unobserved.

Let P; denote the generated power at time ¢, and let h denote the forecast
horizon. A general day-ahead forecasting model can be written as

pt+h = 9¢(thL+1, <y Rt wt:t+h) ) (2.64)

where P; and PHh denote measured and predicted power in the same physical
unit, typically kW or MW, z denotes historical measurements, and w denotes
meteorological forecast features over the forecasting interval. This formulation
makes explicit that the predictor combines two information sources: recent oper-
ational history and atmospheric forecasts. Their relative importance depends on
the forecast horizon. Very short horizons are more strongly influenced by recent
measurements, whereas day-ahead forecasting depends much more on the quality
and representativeness of the meteorological input.

When turbine-level operating states are not directly observed, several uncer-
tainty sources remain unresolved. These include technical maintenance periods,
partial unavailability of individual turbines, unobserved curtailment, turbine-
specific sensitivity to wind direction, and local operating effects that are not
visible in aggregate production data alone. Consequently, the model must learn
plant-level behavior under incomplete observability, which increases forecast un-
certainty and motivates explicit investigation of the role of meteorological inputs
and loss-aware evaluation criteria.
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Table 2.9. Characteristics of the numerical weather prediction sources used in the

dissertation

NWP model name

Temporal resolution

Spatial resolution

Update rate / time

Key output parameters used

ECMWF-ifsa (IFS)

1h

7.6 km

2/day (06, 18 UTC)

Wind speed, wind gust, wind
direction, temperature

provider)

provider)

Ukmo-euro4b (EURO) | 1 h 3.05 km 4/day (00, 06, 12, 18 | Wind speed, wind gust, wind
UTC) direction, temperature
MEPS 1h 2.5 km 4/day (00, 06, 12, 18 Wind speed, wind gust, wind
UTC) direction, temperature
ICON Hourly (typical) Varies (depending on | Varies (depending on | Wind speed (10 m, 80 m),
provider) provider) wind gust, sea level pressure,
temperature, humidity
GEM Global Hourly (typical) Varies (depending on | Varies (depending on | Wind speed (10 m, 80 m),

wind gust, sea level pressure,

temperature, humidity

Meteo France

Hourly (typical)

Varies (depending on
provider)

Varies (depending on
provider)

Wind speed (10 m, 80 m),
wind gust, sea level pressure,

temperature, humidity

(ensemble)

provider)

GFS Global Hourly (typical) Varies (depending on | Varies (depending on | Wind speed (10 m, 80 m),
provider) provider) wind gust, sea level pressure,
temperature, humidity
Best Match Hourly (typical) Specific to the site Varies (depending on | Wind speed (10 m, 80 m),

wind gust, sea level pressure,

temperature, humidity

2.4.2. Numerical Weather Prediction Inputs and Data
Preparation

Since detailed turbine-level operating data are unavailable, numerical weather pre-
diction inputs become the main external information source for day-ahead power
forecasting. Their quality has a direct influence on forecast performance because
different NWP models differ in spatial resolution, temporal resolution, update fre-
quency, and regional suitability. For this reason, the selection of the meteorological
source is treated in this dissertation as a modeling decision rather than as a neutral
data-access step.

Numerical weather prediction models provide key variables for forecasting,
such as wind speed, wind gust, wind direction, temperature, humidity, and pres-
sure. Typical preprocessing includes synchronization of weather forecasts with
plant timestamps, alignment of forecast horizons, and feature scaling for stable
model training. Because different forecast providers and models may exhibit dif-
ferent biases and spatial representativeness, the same nominal weather variable
may carry different predictive value depending on the source from which it is ob-
tained.

Table 2.9 summarizes the characteristics of the NWP sources considered in
the research. The table combines two groups of sources. The first group includes
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representative NWP models frequently discussed in the literature, while the sec-
ond group includes forecast sources that were actually available through the data-
access workflow used in the dissertation. This distinction is important because it
explains why the theoretical chapter first compares the general characteristics of
NWP inputs and only later experimentally evaluates the subset that was available
for model training.

Table 2.9 shows that the candidate NWP inputs differ not only by provider
name, but also by temporal resolution, spatial resolution, and update frequency.
These differences justify treating the meteorological source as a modeling fac-
tor rather than as an interchangeable background setting. In particular, a source
that is updated more frequently or more closely matched to the site may provide
more relevant short-term atmospheric information than a coarser or less frequently
refreshed model. Therefore, the experimental chapter later treats NWP source se-
lection as one of the investigated factors affecting forecast quality.

2.4.3. Forecasting Workflow and Model Selection

Forecasting models for wind power range from linear baselines to nonlinear
machine-learning and deep-learning methods. In this dissertation, recurrent
neural-network models based on BiLSTM structures are used because they can ex-
ploit temporal dependencies in both directions during training and are well-suited
for learning nonlinear relationships between recent plant behavior and weather
forecasts.

The forecasting workflow considered in the dissertation consists of several
connected stages: synchronization of historical and meteorological inputs, feature
preparation, recurrent prediction, and forecast evaluation. This is illustrated in
Figure 2.1. The figure emphasizes that forecast performance depends not only on
the recurrent predictor itself, but also on the quality and consistency of the full
data-processing chain.

Since model performance depends on architectural choices and training hy-
perparameters, Bayesian optimization is used in the dissertation as a sequential
validation-driven search procedure. After each trial, the observed validation er-
ror is fed back to the optimizer, which proposes the next configuration in a more
promising region of the hyperparameter space. This avoids exhaustive enumeration
of all combinations while still making it possible to identify one best-performing
configuration before the final experimental comparisons. In this way, the fore-
casting problem is treated not only as a model-fitting task, but also as a structured
design problem involving the choice of meteorological source, recurrent architec-
ture, and training configuration.
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Wind farm open-meteo.com Best match forecast ICON GSF Global GEM Global  Meteo France
Prepare train and Prepare train and
test datasets test datasets
E Wind Speed 80m (t-3, ..., t+3)

Bayesian Final Wind gusts 10m (t-3, ..., t+3)
hyperparameter R? model Wind speed 10m (t-3, ... t+3)
optimization Presure (t-3, ..., t+3)

Generated power (t-3, t-0)

Final model

Regresion
FC layer output
layer

q BiLSTM Dropout
input layer layer layer

Final model parameters

Retrain and test

RZ
multiple weather models

Wind farm power forecast 24 hours ahead

Fig. 2.1. Structure of the wind farm power forecasting model

2.4.4. Forecast Error, Economic Interpretation, and Evaluation
Criteria

The conventional objective in regression-based forecasting is to minimize the nu-
merical difference between predicted and actual energy generation. In recurrent
forecasting models such as LSTM or BiLSTM, this is usually done by optimiz-
ing a standard regression loss that penalizes forecast residuals. Such losses are
mathematically convenient and widely used, but they do not directly represent the
financial consequences of forecast errors in electricity markets.

In practical day-ahead operation, forecast deviations lead to balancing costs
because the scheduled energy differs from the actually delivered energy. The eco-
nomic effect of forecast error depends not only on its magnitude, but also on its
direction and on the market context at the settlement time. The same absolute
prediction error may therefore lead to different operational consequences depend-
ing on whether generation is underpredicted or overpredicted and on the penalty
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structure applied to the imbalance. This motivates the need to interpret forecast
residuals not only statistically, but also economically.

Forecast errors may also be expressed in different forms, for example, as ab-
solute deviations, normalized deviations, or relative deviations with respect to the
forecasted or actual generation level. These representations are not equivalent,
especially when large and small production levels are compared under similar un-
certainty. For this reason, the dissertation treats the economic meaning of forecast
error as an important part of the theoretical formulation, even when the final model
is still trained using a standard regression loss.

Forecast accuracy is commonly evaluated using the root mean square error,
the mean absolute error, and the coefficient of determination:

N
1 ~
— _ . )2
RMSE = ~ E (P, — P;)?,
i=1 (2.65)
1 ,
MAE = — § P, — P,
N 2 | |
N P\ 2
(P = F
R2_1_ > ima( ) (2.66)

SN (P— P2

In these metrics, N is the number of evaluated forecast samples, P; and P are the
measured and predicted power values, and P is the sample mean of the measured
power. Accordingly, RMSE and MAE inherit the unit of power, whereas R? is
dimensionless.

From the market perspective, forecast error can be translated into a generic
imbalance-cost functional:

, (2.67)

C:Z’fﬁg ‘Pt—pt
t

where C' is the accumulated imbalance cost and 7; is a time-dependent market-
price weighting factor. In the implementation adopted in this dissertation, 7y is
derived from the Nord Pool day-ahead electricity price of the forecasted delivery
hour: the hourly price series is shifted by one hour so that each training sample is
paired with the price of its prediction target, and the obtained price term is then
normalized before being used as a weighting coefficient in the proposed objective
function. Accordingly, 7 should be interpreted as a dimensionless price-based
penalty factor rather than as an unscaled raw electricity price. This formulation
does not yet define one specific market rule, but it makes explicit that the practical
objective of wind power forecasting is not limited to minimizing statistical error
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alone. Instead, the forecasting model should ultimately be assessed with respect
to both predictive accuracy and its economic implications under balancing-market
conditions.

2.5. Conclusions of the Second Chapter

1. Given the rarity of fault events and the wide operating range of the moni-
tored temperature signal, the most suitable strategy for early fault detection
is to estimate the expected sensor response under normal conditions and
detect deviations from it using a virtual sensor.

2. The obtained rankings confirm that a substantial part of the predictive in-
formation is concentrated in variables describing turbine load and operat-
ing regime, while the final selected input set should provide a compact and
physically justified representation of the excitation conditions affecting the
target generator bearing temperature sensor.

3. The preliminary scalar-cost analysis shows that the standard logistic sig-
moid and hyperbolic tangent remain the most expensive retained activa-
tion functions, with weighted costs of 16 and 17, respectively, whereas the
lowest costs are achieved by the hard sigmoid and hard hyperbolic tan-
gent, with weighted costs of 7 and 2, respectively, indicating a substantial
theoretical reduction in nonlinear evaluation cost at the function level.

4. The single-cell single-layer LSTM analysis demonstrates that activation re-
placement can significantly reduce the total recurrent update cost in small
models, since the sequence cost decreases from 182T for the logistic-
sigmoid—hyperbolic-tangent baseline to 125T for the hard-sigmoid—hard-
hyperbolic-tangent pair, corresponding to a reduction of 31.32%, while the
softsign-, algebraic-, and arctangent-based alternatives yield smaller but
still measurable reductions of 25.27%, 14.29%, and 9.34%, respectively.

5. For the selected two-layer BILSTM architecture with 11 input features and
layer sizes 128 and 100, the total sequence cost decreases from 893488T
for the logistic-sigmoid-hyperbolic-tangent baseline to 867496T for the
hard-sigmoid-hard-hyperbolic-tangent pair, which corresponds to a reduc-
tion of 2.91%; however, the activation-related component alone decreases
from 39216 to 13224 weighted cycles per aggregated time step, that is, by
66.3%, indicating that activation replacement remains theoretically rele-
vant even when the full-model gain is limited by affine matrix arithmetic.






Experimental Research on
Forecasting and Fault Detection
Methods

This chapter reports experimental studies on three tasks: anomaly detection of
wind turbine drivetrain components from SCADA data, virtual sensor modeling
from SCADA data using recurrent networks with modified activation functions
for efficient inference, and wind farm power forecasting over short horizons
using BiLSTM models and NWP inputs. The experiments use public SCADA
data from the EDP Wind Turbine Failure Detection Challenge and measurements
from an operational Lithuanian wind farm synchronized with forecasts obtained
through the Open-Meteo API. The results of the investigations presented in this
chapter were published in four scientific publications (Jankauskas et al., 2023a;
Jankauskas et al., 2024; Jankauskas et al., 2026).

3.1. Experimental Investigation of the Virtual Sensor
for Condition Monitoring and Early Fault
Detection

This section presents the experimental investigation of the virtual sensor proposed
for data-driven condition monitoring and early fault detection. The main purpose
of the experiments is to evaluate how accurately the virtual sensor can reproduce
the monitored physical signal under normal operating conditions and how reliably
the resulting residual can be used as an indicator of abnormal behavior. In accor-

59
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dance with the theoretical framework introduced in Section 2.2, the virtual sensor
is treated as a sequence-based regression model that estimates the target sensor
value from selected SCADA inputs, while the difference between the measured
and predicted values is used as the diagnostic residual.

The experimental investigation is organized as a stepwise analysis of the main
factors that may influence the quality of virtual sensing and, consequently, the
reliability of residual-based anomaly detection. First, the selected SCADA input
representation and data preparation choices are evaluated. Next, the influence of
temporal aggregation, training data composition, sequence length, number of train-
ing epochs, and recurrent model structure is analyzed. After identifying the best-
performing baseline model with standard activation functions, an additional ex-
perimental comparison is carried out for alternative activation functions to assess
the trade-off between computational simplicity and prediction accuracy. Finally,
the residual behavior of the selected model is examined from the early fault detec-
tion perspective by analyzing how the prediction error changes as the monitored
component approaches failure.

These experiments are intended to validate both parts of the proposed frame-
work: the virtual sensor itself as an accurate estimator of the target variable during
healthy operation, and the residual derived from this estimator as a practical signal
for early anomaly indication. The detailed results presented in the following sub-
sections provide the basis for selecting the most suitable model configuration for
the later stages of the dissertation.

3.1.1. Effect of Temporal Aggregation on Virtual Sensor
Accuracy

This experiment investigated how the additional temporal aggregation of SCADA
inputs affects the accuracy of the virtual sensor when different recurrent neural-
network structures are used. The target variable was the SCADA channel listed
in the public EDP dataset as gearbox bearing temperature, and the same selected
SCADA input set was used in all compared cases. The selected input variables
were maximum, minimum, mean, and standard deviation of generator rotational
speed; maximum, minimum, and mean of rotor rotational speed; maximum, min-
imum, mean, and standard deviation of ambient wind speed; relative and absolute
wind direction; and mean ambient temperature. These variables were extracted
from the public EDP wind turbine dataset and were then additionally aggregated
over three alternative intervals: 24 h, 6 h, and 3 h.

The aggregation experiment was carried out with four recurrent model struc-
tures introduced in the theoretical chapter: a single-layer GRU model with 128
recurrent cells, a single-layer BILSTM model with 128 recurrent cells, a two-layer
LSTM-LSTM model with 128 and 100 recurrent cells, and a two-layer LSTM—
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BiLSTM model with 128 and 128 recurrent cells. In the experiment worksheet,
the last structure was stored under the label LSTM, but in the present dissertation,
it is referred to explicitly as the LSTM-BiLSTM architecture. The comparison
included multiple train—test scenarios and several test turbines, and the prediction
accuracy was evaluated using RMSE.

Table 3.1 summarizes the average RMSE values obtained for each aggrega-
tion interval and each neural-network structure. A clear pattern emerges. For all
four analyzed structures, the 3 h aggregation interval yielded the lowest average
RMSE, whereas the 6 h interval produced the highest average RMSE. The 24 h
interval remained intermediate in all cases. Moderate temporal aggregation, there-
fore, improved the prediction accuracy of the virtual sensor more effectively than
either stronger smoothing over 24 h or the intermediate 6 h aggregation level.

Table 3.1. Average RMSE of the virtual sensor for different temporal aggregation
intervals and recurrent model structures

Model structure 24h 6h 3h Best interval
LSTM-BIiLSTM (128, 128) 3.8467 3.9664 3.5695 3h
BiLSTM (128) 4.3004 5.2343 3.9517 3h
GRU (128) 4.6745 4.9331 3.8933 3h
LSTM-LSTM (128, 100) 2.9989 4.0180 2.8595 3h

The average results also make it possible to compare the sensitivity of the
analyzed model structures to the aggregation interval. In this comparison, the two-
layer LSTM-LSTM model was the strongest option throughout: its average RMSE
was 2.9989 at 24 h, 4.0180 at 6 h, and 2.8595 at 3 h. The next best results came
from the LSTM—-BiLSTM model, with corresponding values of 3.8467, 3.9664,
and 3.5695. The single-layer BiLSTM and GRU models reacted more strongly
to the choice of aggregation interval and produced higher average RMSE values,
especially at 6 h. For example, the average RMSE of the BiLSTM model increased
from 3.9517 at 3 h to 5.2343 at 6 h, while the corresponding GRU values changed
from 3.8933 to 4.9331.

Averaging over all tested model structures and evaluation cases leads to the
same conclusion. The overall mean RMSE was 3.5685 for the 3 h aggregation
interval, 3.9551 for the 24 h interval, and 4.5380 for the 6 h interval. Across the full
aggregation experiment, the 3 h interval improved the average prediction accuracy
by approximately 9.8% relative to 24 h and by approximately 21.4% relative to 6 h.

To complement the average comparison, Table 3.2 presents the best-performing
results obtained for each model structure. Two criteria are reported: the best av-
erage aggregation interval for each structure and the lowest individual RMSE
achieved in any single evaluation case. This distinction is important because the
interval with the best average behavior is not necessarily the same as the interval
that yields the absolute minimum RMSE in one isolated case.
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Table 3.2. Best temporal aggregation results for the analyzed recurrent model structures

Model structure Best average Average RMSE Best individual Best individual
interval RMSE case

GRU (128) 3h 3.8933 1.8058 6 h, T09, 6m/3m

BiLSTM (128) 3h 3.9517 1.7921 3 h, T09, 6m/3m

LSTM-LSTM (128, 100) 3h 2.8595 1.6925 3 h, T09, 6m/3m

LSTM-BILSTM (128, 128) 3h 3.5695 1.7735 24 h, T09, 6m/3m

The best overall average result of the whole experiment was obtained with
the two-layer LSTM—-LSTM architecture and the 3 h aggregation interval, which
achieved an average RMSE of 2.8595. The best individual result was also obtained
by the same architecture, again with 3 h aggregation, reaching RMSE = 1.6925
in the 6m/3m setup on turbine T09. These results indicate that the 3 h aggrega-
tion interval not only improved the average behavior of all tested models, but also
supported the strongest overall result observed in the experiment.

From the modeling perspective, these findings suggest that the 3 h aggregation
interval provides a more suitable balance between preserving relevant operational
dynamics and suppressing short-term fluctuations that are less useful for temper-
ature prediction. The 24 h aggregation interval still produced competitive results
for some stacked architectures, which indicates that stronger smoothing can remain
beneficial in selected cases. However, the 6 h interval was consistently the weak-
est option in the average comparison, suggesting that it may remove part of the
useful short-term variation without providing the same stability as the longer 24 h
aggregation.

The aggregation investigation shows that the temporal representation of the
SCADA inputs has a measurable influence on virtual-sensor accuracy, and that
this influence is observed across all analyzed recurrent architectures. Since the
3 h aggregation interval yielded the best average RMSE for each of the four tested
neural-network structures and also supported the strongest overall result, it was
selected as the preferred aggregation setting for the subsequent stages of the ex-
perimental investigation.

3.1.2. Effect of Training Data Composition

This experiment investigated how the composition of the training dataset influ-
ences the prediction accuracy of the virtual sensor when the selected 3 h aggre-
gation interval is used. The input variables were the same as in the previous ex-
periments and were derived from the public EDP wind turbine dataset. The input
set consisted of maximum, minimum, mean, and standard deviation of generator
rotational speed; maximum, minimum, and mean of rotor rotational speed; max-
imum, minimum, mean, and standard deviation of ambient wind speed; relative
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and absolute wind direction; and mean ambient temperature. The target variable
was the SCADA channel listed in the dataset as gearbox bearing temperature.

This comparison had two stages. In the first part, the virtual sensor was trained
only on historical data from turbine TO1 and then tested on turbines TO1, T06, and
T09. Two train—test configurations were compared: 3m/3m, in which 3 months of
healthy historical data were used for training and the following 3 months were used
for testing, and 1m/5m, in which only 1 month of data was used for training and
testing was carried out over 5 months of later data. This comparison was intended
to examine whether a short 1-month training interval is sufficient for constructing
a stable virtual sensor and whether the model remains accurate when applied over
a longer future period.

In the second part of the experiment, historical data from turbines TO1, TO06,
and T0O9 were combined into one training time series, and the resulting virtual
sensor was then tested separately on each of these turbines. Two training-history
lengths were analyzed: 3m/3m and 6m/3m. In this part of the experimental inves-
tigation, more detailed statistics were evaluated, including RMSE, standard devia-
tion of the prediction error, and the minimum and maximum residual values.

The results of the first part of the experiment are summarized in Table 3.3. For
all analyzed neural-network structures, the 3m/3m setup outperformed the 1m/5m
setup when the model was trained only on TOl data. The best overall result in
this part of the experimental investigation was obtained by the two-layer LSTM—
LSTM architecture with 128 and 100 recurrent cells. In the 3m/3m setup, this
model achieved RMSE values of 2.7220 on TOI, 2.4652 on T06, and 2.4437 on
T09, yielding the lowest cross-turbine average RMSE of 2.5436. When only 1
month of training data was used, and the prediction horizon was extended to 5
months, the same architecture produced higher RMSE values of 3.7906, 4.1849,
and 3.8594, respectively, with an average of 3.9450. Even for the best-performing
model, the shorter training interval increased the average error by approximately
35.5%.

Table 3.3. RMSE results for the virtual sensor trained on turbine TO1 and tested on
turbines TO1, TO6, and TO9 at the 3 h aggregation interval

Model structure Train/Test TO1 TO06 T09 Average RMSE
LSTM-BiILSTM (128, 128) 3m/3m 3.9368 3.4067 3.2016 3.5150
BiLSTM (128) 3m/3m 3.7684 3.1931 4.1896 3.7170
GRU (128) 3m/3m 3.4737 3.0610 3.5224 3.3524
LSTM-LSTM (128, 100) 3m/3m 2.7220 2.4652 2.4437 2.5436
LSTM-BILSTM (128, 128) 1m/5m 4.0468 4.3526 4.4896 4.2963
BIiLSTM (128) Im/5m 5.4163 6.1083 6.5731 6.0326
GRU (128) 1m/5m 5.7227 6.9166 6.4021 6.3471
LSTM-LSTM (128, 100) 1m/5m 3.7906 4.1849 3.8594 3.9450
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The same tendency can be observed for the other model structures. Rela-
tive to the 1m/5m setup, the average RMSE in the 3m/3m setup decreased by ap-
proximately 18.2% for LSTM-BiLSTM, 38.4% for BiLSTM, 47.2% tor GRU, and
35.5% for LSTM-LSTM. These results indicate that one month of healthy his-
torical data is not sufficient for stable virtual-sensor training, even if the risk of
component degradation during that interval is relatively low. The experiment sug-
gests that a longer healthy-state history is needed in order to expose the model to a
broader range of normal operating regimes and thereby improve generalization to
later unseen data.

The second part of the experiment used the combined historical data of tur-
bines TO01, T06, and T09 as one training series and then evaluated the trained model
separately on each turbine. The 3m/3m results are presented in Table 3.4. In this
setting, the two-layer LSTM—-LSTM model again achieved the best overall average
performance, with RMSE values of 3.0232 for TO1, 2.6230 for T06, and 2.2984
for T09. The corresponding average RMSE was 2.6482, with an average residual
standard deviation of 1.9974. Among the single-layer models, GRU performed bet-
ter than BiLSTM on average, while LSTM—-BiLSTM achieved the highest average
RMSE in this configuration.

Table 3.4. Detailed results for combined training on turbines TO1, T06, and T09 with the
3m/3m setup at the 3 h aggregation interval

Model structure Test turbine RMSE STD Min Max

LSTM-BILSTM (128, 128) TO1L 4.2170 3.5122 0.0034 39.4883
LSTM-BILSTM (128, 128) TO6 3.4112 2.7800 0.0006 23.6484
LSTM-BIiLSTM (128, 128) TO9 3.2219 2.5386 0.0002 34.4981
BiLSTM (128) TOl 3.7157 3.1804 0.0041 57.3204
BIiLSTM (128) TO6 2.6322 1.9502 0.0018 13.6757
BiLSTM (128) TO09 4.2663 3.9127 0.0015 64.0744
GRU (128) TOl 3.4275 2.8497 0.0003 51.5149
GRU (128) TO6 2.6379 1.9418 0.0022 15.2266
GRU (128) TO9 3.8232 3.2588 0.0125 57.5066
LSTM-LSTM (128, 100) TOL 3.0232 2.3045 0.0018 29.6387
LSTM-LSTM (128, 100) TO6 2.6230 1.8481 0.0042 14.9412
LSTM-LSTM (128, 100) TO09 2.2984 1.8397 0.0013 27.0365

When the training period was extended from 3 months to 6 months, and test-
ing was still performed over 3 months, the prediction accuracy improved further
for all analyzed models. The results are presented in Table 3.5. The best overall
result of the whole training-composition experiment was obtained by the two-layer
LSTM-LSTM model, which achieved RMSE values of 2.6518 on TOI, 2.5597 on
TO06, and 1.6925 on T09, with the lowest average RMSE of 2.3013. In this con-
figuration, the same model also achieved the lowest residual standard deviation on
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average, namely 1.5941, and the lowest maximum residual among the compared
architectures.

Table 3.5. Detailed results for combined training on turbines TO1, T06, and TO9 with the
6m/3m setup at the 3 h aggregation interval

Model structure Test turbine RMSE STD Min Max
LSTM-BILSTM (128, 128) TO1 3.3694 2.6264 0.0026 20.7748
LSTM-BiILSTM (128, 128) T06 3.2706 2.5443 0.0001 19.2259
LSTM-BILSTM (128, 128) T09 1.9095 1.4947 0.0012 11.5805
BiLSTM (128) TO1 3.0609 2.3946 0.0039 16.9008
BiLSTM (128) TO6 2.7046 1.9439 0.0012 10.7327
BiLSTM (128) T09 1.7921 1.3380 0.0033 10.2677
GRU (128) TO1 3.1423 2.4403 0.0023 24.0636
GRU (128) T06 2.7400 1.9389 0.0015 9.9756
GRU (128) T09 1.8501 1.3250 0.0058 10.4159
LSTM-LSTM (128, 100) TO1 2.6518 1.9071 0.0208 14.9322
LSTM-LSTM (128, 100) TO6 2.5597 1.7827 0.0011 13.4841
LSTM-LSTM (128, 100) T09 1.6925 1.0925 0.0027 7.0366

Averaging the results across the three test turbines confirms the advantage
of longer and more diverse training data. For the combined-training setup, the
average RMSE decreased from 3.6167 to 2.8498 for the LSTM-BiLSTM model,
from 3.5381 to 2.5192 for BiLSTM, from 3.2962 to 2.5775 for GRU, and from
2.6482 to 2.3013 for LSTM-LSTM when the training history was extended from 3
to 6 months. These changes correspond to relative improvements of approximately
21.2%, 28.8%, 21.8%, and 13.1%, respectively.

The training-data-composition experiment leads to two main observations.
First, training on only 1 month of historical data is not sufficient for robust virtual-
sensor prediction when the model is expected to generalize over a longer future
interval, even if the short training period is less likely to include component degra-
dation. Second, combining healthy historical data from several turbines and ex-
tending the training history to 6 months improves cross-turbine robustness and
leads to the best overall performance, especially when the two-layer LSTM-LSTM
architecture is used. The best result obtained in this experiment was achieved with
the LSTM-LSTM structure trained on the combined T01, TO6, and T09 dataset for
6 months and tested over 3 months, yielding RMSE = 2.3013 on average across the
three turbines and a minimum individual RMSE of 1.6925 on turbine T09.

3.1.3. Effect of Input Sequence Length and Number of Training
Epochs

This experiment investigated how the length of the input sequence and the number
of training epochs affect the prediction accuracy of the virtual sensor. In this part of



66 3. EXPERIMENTAL RESEARCH ON FORECASTING AND FAULT ...

the experimental investigation, one recurrent model structure was fixed in advance
to isolate the influence of the temporal input horizon and training duration. The
selected model was a three-layer BiLSTM architecture with 80 recurrent cells in
each layer and dropout equal to 0.2. The input data were formed from the selected
SCADA features aggregated over 3 h intervals, and the objective was to determine
how many consecutive aggregated input vectors provide the most suitable temporal
context for predicting the real sensor value with minimum error.

Five sequence lengths were analyzed: 1, 3, 6, 12, and 24 aggregated input
vectors. Since each vector represents a 3 h summary of the SCADA signals, these
sequence lengths correspond to 3 h, 9 h, 18 h, 36 h, and 72 h of historical context,
respectively. In addition, the number of training epochs was varied from 100 to
2000 in steps of 100. The prediction quality was evaluated using RMSE, the stan-
dard deviation of the residuals, and the minimum and maximum residual values.

Table 3.6 summarizes the RMSE values obtained for all combinations of se-
quence length and training epochs. Both factors strongly influenced the final pre-
diction accuracy, and their interaction was highly nonlinear. At 100 epochs, the
RMSE already ranged from 2.1671 for the 3-value sequence to 8.3222 for the 24-
value sequence. The strongest instability was observed for the longer temporal con-
texts, especially 12 and 24 values: the 24-value sequence produced repeated large
error spikes at 200, 400, and 600 epochs (RMSE = 8.6078, 8.3947, and 6.1918),
while the 12-value sequence started from RMSE = 8.2186 before converging later.
By comparison, the 1- and 3-value sequences behaved more steadily in the early
stage of training, while the 6-value sequence settled quickly after the initial tran-
sient.

The lowest single RMSE of the whole sweep was obtained with a sequence
length of 12 at 1800 epochs, where the virtual sensor achieved RMSE = 1.0440.
The same configuration also produced residual standard deviation = 0.8264, min-
imum residual = 0.000061, and maximum residual = 5.1744. However, the ma-
ture part of the sweep shows that the practically relevant differences between the
strongest configurations are small. The best RMSE values for sequence lengths
3,6, 12, and 24 are 1.0943, 1.0673, 1.0440, and 1.1021, respectively, so the spread
between these four best mature configurations is only 0.0581 °C. This is below one
tenth of a degree, and smaller than the 0.22-0.89 °C pre-failure median shifts dis-
cussed earlier. RMSE alone is therefore not sufficient to claim a practically large
superiority of one temporal context; the stability across training epochs and the
residual dispersion must also be considered.

This does not mean that RMSE is an invalid metric in the present experiment.
On the contrary, RMSE remains useful for identifying clearly weak or unstable
settings. For example, the longer 24-value sequence can be recognized immedi-
ately as problematic at several intermediate training stages, whereas the 3-, 6-, and
12-value sequences all converge into the strong-performance region after sufficient
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Table 3.6. RMSE values for different sequence lengths and training epochs in the
three-layer BILSTM model with 80 recurrent cells per layer and dropout 0.2

Epochs 1 value 3 values 6 values 12 values 24 values
100 2.2095 2.1671 4.7405 8.2186 8.3222
200 2.1800 1.8417 1.7670 2.5796 8.6078
300 2.1497 1.7788 1.6134 1.6079 2.1531
400 2.1126 1.6886 1.5818 1.4590 8.3947
500 2.1154 1.6244 1.4663 1.4297 1.6448
600 2.0460 1.5119 1.3317 1.3288 6.1918
700 4.0679 1.4425 1.1975 1.2229 1.5692
800 1.9491 1.4264 1.2646 1.1948 1.3598
900 1.9724 1.2680 1.1929 1.1472 1.1652
1000 1.9188 1.3098 1.2256 1.1738 1.2748
1100 1.8826 1.2307 1.2021 1.1219 1.3072
1200 1.8072 1.2294 1.0956 1.1819 1.1050
1300 1.8037 1.1477 1.1004 1.1593 1.1021
1400 1.8324 1.1506 1.0716 1.1441 1.1184
1500 1.7584 1.0943 1.0847 1.0908 1.1194
1600 1.6943 1.1106 1.0673 1.1534 1.1565
1700 1.6680 1.1204 1.1502 1.0623 1.1472
1800 1.7590 1.1063 1.1070 1.0440 1.1361
1900 2.9929 1.1448 11112 1.1033 1.1132
2000 1.6928 1.1509 1.0869 1.0908 1.1864

training. The limitation appears only when the comparison is restricted to the best
mature configurations, because in that regime, the remaining RMSE differences
become too small to support a strong practical preference on their own.

To analyze the influence of sequence length more systematically, Table 3.7
presents the average RMSE and average residual standard deviation across all
tested epoch counts, together with the best result obtained for each sequence
length. Across the full experiment, the 3-value sequence had the best average
behavior, with average RMSE = 1.3772 and average residual standard devia-
tion = 0.9226. This indicates that a 9 h historical context provides the most stable
performance when the entire range of training epochs is considered. The 6-value
sequence was a close second, with average RMSE = 1.4229 and average residual
standard deviation = 0.9583, while also reaching a stronger best-case RMSE of
1.0673 than the 3-value sequence. In practical terms, 6 values can be interpreted
as the most balanced compromise between robustness and peak accuracy. The
12-value sequence yielded the global minimum RMSE, but its average behavior
was worse than that of the 3- and 6-value sequences because it required longer
training and exhibited stronger fluctuations. The 24-value sequence improved sub-
stantially after sufficient training, yet remained the least stable option on average,
with RMSE = 2.6087.
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Table 3.7. Results summarized by sequence length for the three-layer BILSTM model
with 3 h aggregated inputs

Sequence length Avg. RMSE |Avg. STD Best epoch  |Best RMSE | Min Max

1 value 2.0806 1.3663 1700 1.6680 0.001747 6.7067
3 values 1.3772 0.9226 1500 1.0943 0.001122 5.0452
6 values 1.4229 0.9583 1600 1.0673 0.001553 5.8371
12 values 1.6257 1.0830 1800 1.0440 0.000061 5.1744
24 values 2.6087 1.5317 1300 1.1021 0.001064 6.2592

The effect of the number of training epochs can be analyzed from another
perspective by averaging the results across all tested sequence lengths. Table 3.8
shows that the average RMSE decreased from 5.1316 at 100 epochs to 1.2838 at
1200 epochs and then remained within 1.2295-1.2634 from 1200 to 1800 epochs,
apart from a temporary deterioration at 1900 epochs. The average residual stan-
dard deviation followed the same tendency, decreasing from 2.6440 to 0.9144 at
1200 epochs and then remaining close to 0.90-0.92 in the same mature-training
region. After 1200 epochs, the best-performing sequence alternated between 6 and
12 values rather than being dominated by a single temporal context. This shows
that longer training was necessary for this model structure, but also that the ex-
periment reached a practical plateau after about 1200 epochs and that additional
training beyond this point provided only marginal RMSE gains.

Table 3.8. Results summarized by training epoch count across all tested sequence lengths

Epochs Avg. RMSE Avg. STD Best sequence | Best RMSE Min Max

100 5.1316 2.6440 3 values 2.1671 0.000294 8.6458
200 3.3952 1.8555 6 values 1.7670 0.001701 6.5176
300 1.8606 1.1373 12 values 1.6079 0.000526 5.4800
400 3.0473 1.6374 12 values 1.4590 0.000652 5.7906
500 1.6561 1.0042 12 values 1.4297 0.002270 5.8471
600 2.4820 1.4390 12 values 1.3288 0.000404 5.5024
700 1.9000 1.4373 6 values 1.1975 0.002228 5.6961
800 1.4389 0.9425 12 values 1.1948 0.000328 6.2877
900 1.3491 0.9319 12 values 1.1472 0.000340 6.5566
1000 1.3806 0.9492 12 values 1.1738 0.000031 5.5394
1100 1.3489 0.9537 12 values 1.1219 0.002251 5.8369
1200 1.2838 0.9144 6 values 1.0956 0.000652 5.5986
1300 1.2626 0.9116 6 values 1.1004 0.001472 5.8616
1400 1.2634 0.9035 6 values 1.0716 0.001736 5.7865
1500 1.2295 0.8958 6 values 1.0847 0.001060 5.7955
1600 1.2364 0.9202 6 values 1.0673 0.001553 5.8371
1700 1.2296 0.9067 12 values 1.0623 0.000027 7.0745
1800 1.2305 0.9113 12 values 1.0440 0.000061 5.1744
1900 1.4931 1.2226 12 values 1.1033 0.002674 5.3809
2000 1.2416 0.9292 6 values 1.0869 0.000378 6.3559
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These results indicate that virtual sensor accuracy depends strongly on both
sequence length and training duration. Shorter sequences, especially 3 values, pro-
vide more stable behavior over a wide range of epoch counts, which suggests that
moderate temporal context is easier to learn and less sensitive to incomplete con-
vergence. Longer sequences, especially 12 values, offer the lowest single RMSE
once sufficient training epochs are used. However, after about 1200 epochs, the
comparison becomes less about large absolute RMSE differences and more about
robustness, because the mature configurations already lie in a very narrow error
band. The 24-value sequence did not provide a sufficiently strong practical ad-
vantage to justify its instability, which suggests that extending the input horizon to
72 h introduces redundant or more difficult-to-optimize information.

The experimental investigation shows that the optimal temporal context for the
analyzed three-layer BiLSTM virtual sensor cannot be identified by RMSE alone.
If the objective is purely the lowest single observed RMSE, the preferred setting
is 12 values and 1800 epochs. If the objective is robust performance over a real-
istic training schedule, 3 values remain the best average choice, while 6 values is
the most balanced practical option because its best-case RMSE is only 0.0233 °C
above the global minimum and its average RMSE is only 0.0457 °C above the most
stable sequence. This interpretation is more meaningful for the later fault-detection
application, where residual stability matters at least as much as the smallest iso-
lated temperature error.

In the broader context of the dissertation, the main result of this experiment
is, therefore, not that one sequence length is overwhelmingly better in an absolute
sense. The more important conclusion is that medium-length temporal contexts are
sufficient for accurate virtual sensing, while very short contexts underuse historical
information and very long contexts reduce robustness. Since the final diagnostic
objective is based on residual behavior rather than on direct temperature thresh-
olding, a stable configuration is more valuable than a marginally smaller isolated
RMSE value.

3.1.4. Effect of Recurrent Model Structure

This experiment investigated how the recurrent model structure influences the pre-
diction accuracy of the virtual sensor. The objective was to determine whether
the virtual sensor can be improved by increasing the number of BiLSTM layers,
increasing the number of recurrent cells per layer, and adjusting the dropout ratio.
To isolate the effect of structural complexity, the experiment was carried out using
only BiLSTM-based architectures, while the input representation and the remain-
ing experimental settings were kept unchanged.

Three structural factors were varied. The first factor was the number of recur-
rent layers, with one-, two-, three-, and four-layer BiLSTM architectures consid-
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ered. The second factor was the number of recurrent cells per layer, with 16, 32,
48, 64, 80, 96, 112, and 128 cells tested. The third factor was the dropout ratio,
with values from 0.2 to 0.8 in steps of 0.1. Altogether, this produced a full factorial
set of 224 model configurations. The comparison was performed using RMSE as
the main evaluation criterion.

The best overall result of the entire experiment was obtained with a three-
layer BiLSTM architecture, 80 recurrent cells per layer, and dropout equal to 0.2,
for which RMSE reached 2.2127. Very similar results were also obtained with a
four-layer BiLSTM using 96 cells and dropout 0.2 (RMSE = 2.2171), and with a
three-layer BiILSTM using 128 cells and dropout 0.4 (RMSE = 2.2206). The best-
performing configurations were concentrated around the deeper architectures with
medium-to-large hidden-state size and relatively low dropout.

To analyze the effect of model depth, Table 3.9 summarizes the average RMSE
obtained for each number of layers across all tested dropout values and hidden-unit
counts, together with the best individual configuration found for that depth. The
single-layer BiLSTM architecture was clearly the weakest option, with an average
RMSE equal to 9.7825. The average error decreased substantially when more lay-
ers were introduced, dropping to 5.4421 for two layers and further to 5.0552 for
three layers. The four-layer architecture did not improve the average result fur-
ther and reached 5.5351, which was slightly worse than the two-layer case. Taken
together, these values indicate that increasing depth from one to three layers was
beneficial, but a further increase to four layers did not provide consistent improve-
ment.

Table 3.9. Effect of the number of BiLSTM layers on RMSE

Layers Average RMSE Best RMSE Best cells Best dropout
1 9.7825 5.1109 128 0.5
2 5.4421 2.5300 128 0.4
3 5.0552 2.2127 80 0.2
4 5.5351 22171 96 0.2

The effect of the number of recurrent cells per layer is summarized in Ta-
ble 3.10. The smallest hidden sizes were not suitable for the considered task. The
average RMSE was 17.9246 when only 16 cells were used and 8.8130 with 32 cells.
A substantial improvement appeared when the hidden size increased to 48 and 64
cells, with average RMSE values dropping to 6.1190 and 4.3537, respectively. The
best average performance was achieved with 112 cells, where the mean RMSE over
all tested layer counts and dropout values reached 3.3734. The neighboring hid-
den sizes of 96 and 128 cells also performed well, with average RMSE values of
3.5652 and 3.5183, respectively. This indicates that increasing the number of cells
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was beneficial up to a medium-to-large hidden size, after which the gain became

marginal and the performance entered a plateau region.

Table 3.10. Effect of the number of recurrent cells per layer on RMSE

Cells Average RMSE Best RMSE Best layers Best dropout
16 17.9246 14.7925 2 0.6
32 8.8130 6.5603 2 0.3
48 6.1190 3.1665 3 0.2
64 4.3537 2.3105 3 0.2
80 3.9627 2.2127 3 0.2
96 3.5652 22171 4 0.2
112 3.3734 2.2362 3 0.2
128 3.5183 2.2206 3 0.4

The effect of dropout is presented in Table 3.11. The lowest average RMSE
across all tested architectures and hidden sizes was obtained with dropout equal
to 0.2, for which the mean RMSE was 6.2313. A very similar average result was
achieved with dropout 0.4, where the mean RMSE was 6.2615. As the dropout
ratio increased further, the average RMSE gradually worsened, reaching 6.6630 at
dropout 0.8. This suggests that the analyzed BiLSTM structures required only mild
regularization, whereas stronger dropout tended to suppress useful temporal infor-
mation together with overfitting effects. It is also notable that, for every dropout
level from 0.2 to 0.8, the best-performing configuration always belonged to the
three-layer BiILSTM family.

Table 3.11. Effect of dropout on RMSE

Dropout Average RMSE Best RMSE Best layers Best cells
0.2 6.2313 22127 3 80

0.3 6.6604 2.3645 3 80

0.4 6.2615 2.2206 3 128

0.5 6.3701 2.2338 3 128

0.6 6.5136 2.2450 3 128

0.7 6.4763 2.3727 3 96

0.8 6.6630 2.4465 3 128

For completeness, Table 3.12 lists the five best model configurations found
in the whole experiment. The table confirms that the strongest results were con-
centrated in the deeper architectures, especially the three-layer BILSTM models,
and that low dropout values were preferred. The difference between the best and
second-best configuration was very small, only about 0.0043 RMSE units, which
suggests that several structurally similar configurations were nearly equivalent in
performance.
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Table 3.12. Top-performing BiLSTM model configurations according to RMSE

Layers Cells Dropout RMSE
3 80 0.2 22127
4 96 0.2 2.2171

3 128 0.4 2.2206
4 80 0.2 2.2282
3 128 0.5 2.2338

Taken together, i.e., model depth, hidden-state size, and dropout, influence
virtual-sensor prediction accuracy, however, unequally. The transition from one
layer to three layers produced the largest systematic improvement, which indicates
that the gearbox-temperature prediction task benefits from a deeper temporal rep-
resentation. Increasing the number of recurrent cells per layer was also beneficial,
but only up to a certain point; after approximately 96—112 cells, the average gain
became small. Increasing dropout, by contrast, did not improve performance and,
on average, slightly worsened it beyond the lowest tested value. The experiment,
therefore, suggests that the most suitable BILSTM-based virtual sensor in this in-
vestigation should combine moderate-to-high hidden-state capacity with relatively
low regularization and a depth of about three recurrent layers.

The best RMSE of the structural comparison was achieved by the three-layer
BiLSTM architecture with 80 recurrent cells in each layer and dropout equal to
0.2. This configuration was therefore selected as the preferred model structure for
the subsequent experimental investigation stages.

3.1.5. Experimental Investigation of Alternative Activation
Functions

This experiment investigated whether replacing the standard exponential-based ac-
tivation functions in the BiILSTM-based virtual sensor with bounded alternatives
without exponentials causes a noticeable degradation in the accuracy of gearbox
bearing temperature prediction. In this part of the experimental investigation, the
recurrent model structure, dataset split, and all remaining training settings were
kept unchanged, while only the gate and state activation functions were varied. The
standard logistic sigmoid + hyperbolic tangent configuration was used as the base-
line reference. The comparison included four alternative gate activations, namely
hard sigmoid, softsign gate, arctangent gate, and algebraic gate, and four alterna-
tive state activations, namely softsign, hard hyperbolic tangent, arctangent state,
and algebraic state. In total, sixteen alternative gate—state pairs were evaluated,
together with the baseline configuration.

The main objective of the experiment was to compare the resulting sensor-
value prediction accuracy using standard regression metrics, namely test RMSE,
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test MAE, coefficient of determination R?, residual standard deviation, and resid-
ual bias. Since this part of the dissertation focuses on prediction quality, the
activation-cost calculations are not considered here.

Table 3.13 presents the test RMSE values for all evaluated alternative gate—
state combinations. The best-performing region of the matrix is concentrated
around the softsign state activation. In particular, the three best alternative con-
figurations were hard sigmoid + softsign, arctangent gate + softsign, and softsign
gate + softsign, with test RMSE values of 3.6022, 3.6969, and 3.7649, respectively.
All three combinations outperformed the standard baseline, whose test RMSE was
3.8465. The weakest results were obtained when the state activation was a hard
hyperbolic tangent or when the gate activation was an algebraic gate. The worst
configuration in the whole experiment was algebraic gate + hard hyperbolic tan-
gent, for which test RMSE increased to 4.6497.

Table 3.13. Test RMSE values for the investigated gate—state activation pairs in the
BiLSTM-based virtual sensor model

Gate activation Algebraic state | Arctangent state | Hard hyperbolic tangent Softsign
Algebraic gate 4.2089 4.4129 4.6497 4.0524
Arctangent gate 4.1014 4.1375 4.4724 3.6969
Hard sigmoid 4.1510 3.9971 4.2615 3.6022
Softsign gate 4.1441 4.2545 4.3015 3.7649

To complement the RMSE matrix, Table 3.14 summarizes the prediction-
quality metrics of the baseline and the best-performing alternative configurations.
The best overall result was achieved by the hard sigmoid + softsign pair, which
reduced test RMSE from 3.8465 to 3.6022 and test MAE from 2.9749 to 2.8797,
while increasing R? from 0.5676 to 0.6208. The residual standard deviation fell
from 3.1900 to 3.0338, and the absolute residual bias decreased from —2.1493
to —1.9422. In other words, the best non-exponential alternative did not degrade
prediction accuracy; it improved all of the main evaluation metrics relative to the
standard baseline.

Table 3.14. Prediction-quality metrics of the baseline and best alternative
activation-function configurations

Configuration Test RMSE Test MAE R? Residual STD | Bias

Sigmoid + tanh (baseline) 3.8465 2.9749 0.5676 3.1900 —2.1493
Hard sigmoid + softsign 3.6022 2.8797 0.6208 3.0338 —1.9422
Arctangent gate + softsign 3.6969 2.9966 0.6006 3.0366 —2.1086
Softsign gate + softsign 3.7649 2.9563 0.5858 3.2095 —1.9681

A more general pattern can be observed by averaging the results across all
configurations that share the same gate or state activation. Among the alternative
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gate activations, the best average performance was obtained with the hard sigmoid,
for which the mean test RMSE over all tested state activations was 4.0030. This
was followed by an arctangent gate with average RMSE = 4.1021, a softsign gate
with 4.1163, and an algebraic gate with 4.3310. From the gate-function perspective,
a hard sigmoid was the most suitable replacement of the standard sigmoid in this
experiment.

The effect of the state activation was even more pronounced. The average
test RMSE of all configurations using softsign as the state activation was 3.7791,
which was not only the best among the alternative states, but was also slightly
better than the baseline tanh result of 3.8465. For the remaining state activations,
the average RMSE increased to 4.1513 for algebraic state, 4.2005 for arctangent
state, and 4.4213 for hard hyperbolic tangent. This indicates that the choice of state
activation had a stronger influence on prediction quality than the choice of gate
activation, and that softsign was the most suitable non-exponential state activation
among the tested alternatives.

From the accuracy perspective, the most important result of this experiment is
that the use of alternative activation functions without exponentials did not neces-
sarily cause a noticeable degradation in the prediction of gearbox bearing temper-
ature. On the contrary, the best alternative configuration, hard sigmoid + softsign,
improved test RMSE by approximately 6.35% relative to the standard sigmoid +
tanh baseline, while also improving R? and reducing both MAE and residual dis-
persion. At the same time, the experiment also showed that not all non-exponential
alternatives are equally suitable: some combinations, especially those involving
hard hyperbolic tangent or algebraic gate, degraded prediction quality noticeably.

The results indicate that the replacement of exponential-based activation func-
tions can be performed without sacrificing virtual-sensor accuracy, provided that
the gate and state activation pair is selected appropriately. Among the investigated
alternatives, the combination of hard sigmoid for recurrent gates and softsign for
the state update provided the best balance from the prediction-accuracy perspective
and was therefore identified as the most promising activation-function alternative
for the subsequent discussion.

3.1.6. Residual Analysis and Early Fault Detection Performance

After the virtual sensor had been trained to reproduce the gearbox bearing tem-
perature under healthy operating conditions, its residual signal was analyzed from
the early fault detection perspective. The objective of this experiment was not to
classify fault categories directly, but to determine whether persistent growth of the
residual could provide an early warning before the registered component failure.
Under this logic, the virtual sensor was treated as a reference model of expected
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healthy behavior, while the residual between the measured and predicted sensor
values was treated as the diagnostic signal.

The fault-related evaluation was performed on failure-labeled periods of the
public EDP wind turbine dataset. The modeling assumption was that the gearbox
bearing temperature can be predicted from ambient and internal SCADA signals
during healthy operation, whereas increasing disagreement between the real and
virtual sensor values indicates that the monitored component is no longer behaving
consistently with the learned healthy-state relationship. In representative cases, the
predicted temperature trajectory followed the normal operating trend closely, while
the largest deviations appeared near abnormal operating periods. This confirms
that the residual is suitable not only for pointwise error evaluation, but also for
tracking the temporal development of abnormal behavior.

To convert the residual into an early warning signal, two threshold estimation
techniques were compared: a fixed Gaussian-type threshold based on p + 30 of
the residuals and an adaptive threshold based on the moving median of the residual
signal. The early warning performance was evaluated in terms of lead time, de-
fined as the number of days between the first persistent threshold exceedance and
the registered failure event. Table 3.15 summarizes the obtained lead times for the
analyzed failure groups.

Table 3.15. Estimated lead time before failure based on residual anomalies for two
stacked recurrent virtual-sensor models and two threshold estimation methods

LSTM-LSTM LSTM-BIiLSTM
Component failure Threshold estimation Threshold estimation
w+ 30 Moving median w+ 30 Moving median
Gearbox 14 22 22 32
Generator 15 24 26 37
Generator Bearing 13 24 22 36
Transformer 23 22 24 35
Hydraulic Group 12 22 20 33

The adaptive threshold had a consistent advantage. For the two-layer LSTM
model, the moving-median threshold increased the warning horizon from 14-23
days to 22-24 days, except for the transformer case, where the lead time remained
nearly unchanged. The average lead time of this model increased from 15.4 days
with the fixed threshold to 22.8 days with the adaptive threshold. Even for the
stacked LSTM virtual sensor, the moving-median approach produced earlier and
more stable warning signals than the fixed p + 3o rule.

An even stronger effect was observed for the two-layer BILSTM model. With
the fixed threshold, the lead time ranged from 20 to 26 days, depending on the
failure group, with an average of 22.8 days. When the moving-median threshold
was applied, the lead time increased to 32—-37 days, with an average of 34.6 days.
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For the BILSTM model, the adaptive threshold extended the warning horizon by
10-14 days for all analyzed component groups and improved the average lead time
by 11.8 days relative to the fixed-threshold case.

The longest warning horizon of the whole experiment was obtained for gener-
ator failures using the two-layer BILSTM model and the moving-median threshold,
where the first persistent residual anomaly appeared 37 days before the registered
fault event. Very similar results were obtained for generator bearing failures (36
days), transformer failures (35 days), hydraulic group failures (33 days), and gear-
box failures (32 days). These values indicate that the proposed residual-based
monitoring approach can provide a practically meaningful early warning interval
across several component groups, even though the virtual sensor itself was trained
only to predict the expected sensor value and not to classify faults directly.

Overall, the residual analysis confirms that accurate virtual sensing can be
transformed into a useful early fault detection mechanism when an appropriate
thresholding strategy is used. The residual of the virtual sensor carries diagnosti-
cally relevant information before the registered failure events, and adaptive thresh-
olding, especially when combined with a stacked BiLSTM virtual sensor, provides
the longest and most consistent early warning intervals. This supports the main
idea of the dissertation that early fault detection in wind turbine components can
be effectively formulated as the detection of sustained deviations from a learned
model of healthy sensor behavior.

3.2. Experimental Investigation of Short-Term Wind
Farm Power Forecasting

This section presents the experimental investigation of short-term wind farm power
forecasting. The objective was to evaluate how the choice of numerical weather
prediction input affects day-ahead forecasting accuracy when a BiLSTM-based
predictor is used. Besides comparing weather forecast sources, this part of the
experimental investigation also included feature selection and hyperparameter tun-
ing, so that the final NWP comparison was carried out with one fixed forecasting
configuration.

3.2.1. Forecasting Dataset, Numerical Weather Prediction
Inputs, and Experimental Setup

The forecasting dataset was built from two aligned data sources. The first con-
tained hourly numerical weather prediction forecasts retrieved through the Open-
Meteo API. The second contained hourly power measurements from a Lithuanian
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Table 3.16. Wind power forecasting dataset used in the BiLSTM experiments

Attribute Description

Wind farm 6 turbines, 2.75 MW each (Lithuania)

Power data resolution Hourly power measurements

Meteorological source Hourly Open-Meteo API forecasts (multiple NWP models)

Training period May 2023 — October 2023

Test period November 2023

Candidate inputs Wind speed (10 m, 80 m), wind gust (80 m), wind direction, temperature, humidity,
sea level pressure

wind farm with six turbines rated at 2.75 MW each. The records were matched
by timestamp and location, and only the observations present in both sources were
kept for supervised learning.

Meteorological forecasts were taken from several NWP sources, namely
ICON, GEM Global, Meteo France, GFS Global, and Best Match. The candi-
date inputs included wind speed at 10 m and 80 m, wind gust at 80 m, wind
direction, temperature, humidity, and sea level pressure. Recent power production
history was added alongside the weather variables. Before training, all inputs were
normalized so that variables with larger numerical values would not dominate
the optimization. The data were then split chronologically to avoid information
leakage and to keep the forecasting task close to a real operating scenario.

The resulting experimental dataset is summarized in Table 3.16. The forecast-
ing setup combines recent production history and meteorological forecasts within
one supervised learning problem. This matters because the differences observed
later between the compared NWP sources can then be interpreted as effects of
input quality under an otherwise fixed forecasting pipeline.

3.2.2. Selection and Comparison of Numerical Weather
Prediction Sources

After the forecasting pipeline had been fixed, the main comparison focused on
the influence of the selected numerical weather prediction source. The same opti-
mized BiLSTM forecasting model and the same selected input representation were
reused for all compared NWP inputs. In this way, the observed differences in fore-
casting performance could be attributed primarily to the quality and suitability of
the weather forecast source rather than to changes in the neural-network architec-
ture or training procedure.

The comparison included five NWP sources: ICON, GEM Global, Meteo
France, GFS Global, and Best Match. The results of this comparison are sum-
marized in Table 3.17. The table shows that the choice of NWP source had a clear
effect on day-ahead forecasting accuracy. The two best-performing sources were
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ICON and Best Match, which achieved RMSE values of 1.7565 and 1.7604, respec-
tively. Their MAE and NMAE values were also the lowest among all tested models,
and both yielded the highest coefficients of determination, with B> = 0.85543
for ICON and R? = 0.85478 for Best Match.

The weakest results were obtained with GFS Global and GEM Global. GFS
Global produced RMSE = 2.0242, MAE = 1.4621, and R> = 0.80801, while
GEM Global produced RMSE = 2.0086, MAE = 1.4447, and R?2 = 0.81094.
Relative to GFS Global, ICON reduced RMSE by approximately 13.2%, and rel-
ative to GEM Global by approximately 12.6%. These differences are sufficiently
large to justify treating the NWP source as a core design variable in the forecasting
pipeline rather than as an interchangeable external input.

3.2.3. Bidirectional Long Short-Term Memory Forecasting
Model and Hyperparameter Optimization

The forecasting model used in this investigation was based on a BiLSTM archi-
tecture. The purpose of using BILSTM was not to introduce a new recurrent net-
work structure, but to identify an effective forecasting configuration and then use
it consistently in the comparison of meteorological inputs. The model was se-
lected because it can exploit temporal dependencies in both directions within the
input window and is therefore suitable for the considered day-ahead forecasting
problem.

Bayesian optimization was used as a validation-driven search procedure for
tuning the forecasting configuration. After each trial, the observed validation error
was returned to the optimizer, which proposed the next candidate configuration in
a more promising region of the hyperparameter space. This made it possible to
avoid exhaustive search while still identifying one best-performing configuration
before the final NWP comparison was carried out.

The optimization stage covered both architectural and training-related param-
eters. These included the number of BiLSTM layers, dropout regularization, learn-
ing rate, mini-batch size, gradient threshold, L2 regularization, sequence padding,
and the final input-window configuration. After optimization, the best-performing
feature set included wind speed at 80 m and 10 m, wind gust at 80 m, sea level
pressure, and recent power production. These optimized settings were then fixed
and reused in the subsequent comparison of alternative NWP sources.

3.2.4. Day-Ahead Forecasting Accuracy Results

The day-ahead forecasting performance was evaluated using RMSE, MAE, R2,
and normalized mean absolute error (NMAE). The comparative results are pre-
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Table 3.17. Forecasting accuracy obtained with different numerical weather prediction
sources

Model RMSE MAE R? NMAE
Best Match 1.7604 1.2580 0.85478 0.21643
ICON 1.7565 1.2549 0.85543 0.21591
GEM Global 2.0086 1.4447 0.81094 0.24857
Meteo France 1.9520 1.3909 0.82146 0.23930
GFS Global 2.0242 1.4621 0.80801 0.25155

sented in Table 3.17. As already indicated, ICON and Best Match formed the
strongest pair, while Meteo France remained intermediate, and GEM Global and
GFS Global produced the largest errors.

From the accuracy perspective, [CON achieved the lowest RMSE, MAE, and
NMAE, and also the highest R?. Best Match produced nearly identical results,
differing only marginally from ICON across all four metrics. Meteo France per-
formed noticeably worse than the two leading models, but still remained clearly
superior to GEM Global and GFS Global. This comparison shows that not all
weather forecast sources are equally suitable for the studied wind farm, even when
the same BiLSTM forecasting architecture and optimized hyperparameters are
used.

0.8

0.2

Fig. 3.1. Comparison of daily R? for different weather prediction models

The results also show that the forecasting error is sensitive to the regional
suitability and effective representativeness of the meteorological source. Since the
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Fig. 3.2. Comparison of actual vs. predicted power for different models using NWP inputs

model architecture and feature selection were kept fixed during the comparison, the
observed performance differences can be interpreted primarily as consequences
of the NWP input itself. This supports the conclusion that the selection of the
meteorological source is one of the main determinants of day-ahead wind power
forecasting accuracy in the considered limited-observability setting.

The daily and time-series comparisons shown in Figures 3.1 and 3.2 further
confirm the numerical results from Table 3.17. ICON and Best Match maintained
more consistent daily R? values and followed the measured power trajectory more
closely during changing operating periods. In contrast, the weaker NWP inputs
produced larger deviations, especially during ramps and near local extrema of the
production curve.

The forecasting experiment shows that the BiILSTM-based day-ahead predic-
tion framework can achieve high accuracy when appropriate meteorological inputs
are selected, and that the choice of NWP source is one of the main factors deter-
mining the final quality of the forecast.

3.2.5. Comparison of Standard and Price-Weighted Training
Objectives

This experiment investigated whether a BiILSTM-based wind power forecasting
model can be trained not only to minimize the conventional forecast error, but
also to improve the economic outcome of day-ahead market participation. In the
standard formulation, the model is trained using a usual regression objective that
directly penalizes the difference between predicted and actual generated power.
In the alternative formulation, the model is trained using an objective function
with a normalized Nord Pool price multiplier, in which the cost of grid balancing
is incorporated indirectly through the optimization target. Concretely, the Nord
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Table 3.18. Statistical forecasting performance of the BILSTM model trained with the
proposed objective function for the Best Match NWP source

Dataset RMSE MAE R? Residual STD | Min error Max error
Train 1.9364 1.5089 0.7810 1.2136 -7.4029 9.5176
Validation 1.9572 1.5584 0.7461 1.1840 -3.8464 6.1886
Test 1.9921 1.5715 0.7437 1.2243 -8.5603 10.7233

Pool hourly electricity-price series was merged with the forecasting dataset, shifted
by one hour so that each sample was associated with the price of the forecasted
delivery hour, and then converted into normalized price-based weights used in
the proposed objective function. The purpose of the experiment was, therefore, to
determine whether this economically motivated objective function can improve the
accumulated market result, and to quantify the corresponding trade-off in statistical
forecast accuracy.

The comparison was carried out for the Best Match meteorological input,
which had already shown competitive forecasting performance in the preceding
experiments. The same BiLSTM forecasting framework was used, and the objec-
tive function was the main factor varied in this stage of the investigation. Two
complementary result groups were analyzed. First, the forecasting quality of the
model trained with the proposed objective function was evaluated on the training,
validation, and test subsets using standard statistical metrics. Second, the standard
and price-weighted models were compared directly on a representative validation
week in terms of both forecast fit and accumulated economic result.

Table 3.18 summarizes the statistical forecasting performance of the BiL-
STM model trained with the proposed objective function. The model remained
reasonably accurate across all data subsets. On the training set, it achieved
RMSE = 1.9364, MAE = 1.5089, and R? = 0.7810. On the validation set,
RMSE increased slightly to 1.9572, MAE to 1.5584, and R? decreased to 0.7461.
On the test set, the final accuracy was RMSE = 1.9921, MAE = 1.5715, and
R? = 0.7437. The residual standard deviation remained relatively stable, varying
from 1.1840 on the validation set to 1.2243 on the test set. These values indicate
that the price-weighted model preserved a stable level of predictive performance
and did not collapse statistically, even though its optimization target was no longer
the conventional forecast-error loss.

A direct comparison between the standard and price-weighted training objec-
tives on the validation week is presented in Table 3.19. The standard objective
achieved a higher coefficient of determination, R?> = 0.846, while the proposed
objective function reached R?> = 0.746. The price-weighted model was therefore
statistically less accurate on this validation interval. However, this loss in fit qual-
ity was accompanied by a clear improvement in the accumulated economic result.
The total validation-week profit increased from EUR 45,405 for the standard ob-



82 3. EXPERIMENTAL RESEARCH ON FORECASTING AND FAULT ...

Table 3.19. Validation-week comparison of standard and price-weighted training
objectives for the Best Match NWP source

Training objective R? Accumulated profit | Profit change
(EUR)

Standard objective 0.846 45405 reference

Proposed objective 0.746 53955 +8550 (+18.8%)

jective to EUR 53,955 for the proposed objective function, that is, by EUR 8,550
or approximately 18.8%.

Validation-week forecast comparison for Best Match
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Fig. 3.3. Validation-week comparison of the standard and proposed training objectives for

the Best Match NWP source (upper panel: actual and predicted power trajectories; lower
panel: accumulated validation profit)

This trade-off is also illustrated in Figure 3.3. In the upper panel, the stan-
dard objective follows the measured power curve more closely, which is consistent
with its higher R2. The forecast produced by the proposed objective function is
smoother and deviates more strongly from the actual production in some intervals,
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but this smoothing appears to be beneficial from the market perspective. The lower
panel shows that the accumulated profit of the price-weighted model grows faster
throughout the validation week and remains above the standard-objective curve
over the whole interval. The figure makes this trade-off explicit: the statistically
more accurate model is not necessarily the economically preferable one.

From the forecasting perspective, the most important result of this experiment
is that optimization with respect to the proposed price-weighted objective function
changes the behavior of the predictor in a meaningful way. The model trained with
this objective sacrifices part of the conventional pointwise fit quality, as reflected
by the lower R? on the validation week, but at the same time, it improves the
accumulated economic outcome. In other words, minimizing the usual forecast
error is not equivalent to maximizing the market-oriented utility of the forecast.
The results, therefore, support the idea that, in practical wind power trading, model
assessment should not rely on statistical accuracy measures alone.

Overall, the experiment shows that a BILSTM-based forecasting model trained
with the proposed objective function can improve the economic result of day-ahead
forecasting, even when this is accompanied by a moderate loss in statistical fit.
This confirms that the economic interpretation of forecast errors is not only theo-
retical, but also experimentally observable in the optimization outcome.

3.3. Conclusions of the Third Chapter

1. The experimental results demonstrate that temporal aggregation has a sub-
stantial influence on virtual sensor accuracy, and among the tested alter-
natives, the 3 h aggregation interval was consistently the most effective,
yielding the lowest average RMSE for all four analyzed recurrent neural-
network structures and improving the overall mean RMSE to 3.5685, com-
pared with 3.9551 for 24 h and 4.5380 for 6 h.

2. The experiment shows that a short training history is not sufficient for
robust virtual-sensor construction, since for all analyzed recurrent archi-
tectures the 3 months for training/3 months for testing setup outperformed
the 1 month for training/5 months for testing setup when training was per-
formed on turbine TO1 only; for the best-performing LSTM-LSTM ar-
chitecture, the average RMSE increased from 2.5436 to 3.9450 when the
training history was reduced from 3 months to 1 month and the test in-
terval was extended to 5 months, which corresponds to a deterioration of
approximately 35.5%.

3. The obtained results further showed that shorter sequences, especially 3
aggregated input vectors, provide the most stable performance across a
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broad range of training epochs, with the lowest average RMSE of 1.3772
and average residual standard deviation of 0.9226, while 6 vectors pro-
vided the most balanced compromise (average RMSE = 1.4229, best
RMSE = 1.0673); after 1200 epochs, the strongest sequence-length config-
urations differed by less than 0.06 °C in RMSE, so configuration choice
must also consider stability rather than minimum RMSE alone.

. The structural experiment showed that increasing the depth of the BiLSTM

model substantially improved virtual-sensor accuracy up to three recurrent
layers, since the average RMSE decreased from 9.7825 for the single-layer
architecture to 5.4421 for two layers and further to 5.0552 for three lay-
ers, while the best overall result of the whole experiment was achieved by
the three-layer BILSTM with 80 recurrent cells and dropout 0.2, yielding
RMSE =2.2127.

. The experimental results show that replacing the standard exponential-

based sigmoid + tanh activation pair in the BILSTM-based virtual sensor
with appropriately selected non-exponential bounded alternatives does not
degrade gearbox bearing temperature prediction accuracy and may even
improve it, as the best alternative configuration, hard sigmoid + softsign,
reduced test RMSE from 3.8465 to 3.6022 and increased R? from 0.5676
to 0.6208.

. The residual analysis showed that the virtual-sensor-based approach can

provide practically meaningful early warnings before registered compo-
nent failures, and the comparison of thresholding methods demonstrated
that adaptive residual thresholding is more effective than the fixed 1 + 3o
rule: for the two-layer BILSTM model with a moving-median threshold,
the average lead time increased from 22.8 to 34.6 days, provided a con-
sistent improvement across all analyzed failure groups, and reached the
longest warning horizon of 37 days before generator failure.

. The experimental investigation showed that the selection of the numer-

ical weather prediction source is a key determinant of day-ahead wind
farm power forecasting accuracy, since the BiLSTM model achieved the
best overall performance with the ICON forecast input (RMSE=1.7565,
MAE=1.2549, R? = 0.85543, NMAE=0.21591), while the weakest results
were obtained with GFS Global and GEM Global.

. Training the BiLSTM forecasting model with the proposed objective func-

tion that uses a normalized Nord Pool price multiplier improved the practi-
cal economic outcome of day-ahead wind power forecasting: the accumu-
lated validation-week profit increased from EUR 45,405 to EUR 53,955,
that is, by EUR 8,550 (18.8%), even though the statistical fit decreased
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from R? = 0.846 to R? = 0.746, which confirms that the economically
optimal forecast is not necessarily the one with the smallest conventional
prediction error.






General Conclusions

1. The developed virtual-sensor-based method is suitable for wind-turbine
condition monitoring and early fault detection from SCADA time-series
data, because the healthy-operation variability of the monitored , listed as
gearbox bearing temperature (20.00-71.50 °C), is substantially larger than
the early pre-failure median shift (0.22-0.89 °C), making direct thresh-
olding of the measured signal insufficiently reliable. Using selected in-
formative SCADA inputs together with residual analysis and an adaptive
moving-median threshold increased the average warning lead time from
22.8 to 34.6 days and extended the maximum warning horizon to 37 days
before generator failure.

2. Optimization of recurrent virtual-sensor models showed that prediction
accuracy and practical deployability depend on temporal-input represen-
tation, training scheme, architecture, and activation functions. The most
suitable setup used 3 h aggregation and longer healthy-state training his-
tories, while the best architecture was a three-layer BILSTM with 80 cells
per layer and dropout 0.2 (RMSE = 2.2127); replacing the standard sigmoid
+ tanh pair with hard sigmoid + softsign reduced RMSE from 3.8465 to
3.6022, increased R? from 0.5676 to 0.6208, and reduced nonlinear com-
putation cost.

3. The developed BiLSTM-based short-term wind-farm power-forecasting
method showed that both the meteorological input source and the training
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objective materially affect practical forecast quality. Among the investi-
gated NWP sources, ICON yielded the best statistical accuracy (RMSE =
1.7565, MAE = 1.2549, R? = 0.85543, NMAE = 0.21591), whereas the
proposed objective function with a normalized Nord Pool price multiplier
increased the validation-week profit from EUR 45,405 to EUR 53,955,
i.e., by EUR 8,550 (18.8%), confirming that the economically preferable
forecast does not necessarily coincide with the minimum conventional pre-
diction error.
Taken together, the dissertation contributes to the electronics direction not only
through AI model selection but also through the adaptation of recurrent models for
resource-constrained embedded monitoring scenarios.
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Summary in Lithuanian

Jvadas
Problemos formulavimas

Disertacijoje nagrinéjamos galimybés didinti duomenimis gristy metody tiksluma, patiki-
mumg, skaiiavimo efektyvumga ir praktini naudinguma sprendZiant du véjo energetikos
uzdavinius: ankstyva véjo turbiny gedimy aptikima ir trumpalaiki véjo elektriniy parko
galios prognozavima. Siuolaikinése véjo energetikos sistemose sukaupiami dideli valdy-
mo, prieZilros ir duomeny surinkimo (SCADA) bei meteorologiniy laiko seky duomeny
kiekiai, taciau ribotas registruoty gedimy skaicius, platus darbo rezimy kintamumas, ne-
visiSkas atskiry turbiny stebimumas ir nevienoda skaitiniy ory prognoziy ives¢iy kokybé
mazina iprasty slenkstiniy metody, rankinés ives¢iy atrankos ir tik statistinés paklaidos
minimizavimu grindZiamy tiksly efektyvuma. Todél pagrindiné disertacijoje nagrinéjama
problema yra sukurti ir optimizuoti seky modeliavimu gristus rekurentinius modelius, ga-
lin¢ius i§ SCADA ir meteorologiniy duomeny iSmokti informatyvius laikinius poZymius,
sudaryti virtualyji jutiklj ir atlikti nuokrypio analize grista anomalijy aptikima, parinkti tin-
kamas meteorologines ivestis paros i prieki prognozéms bei kartu sumaZinti skai¢iavimo
sanaudas ir pagerinti praktini ekonomini naudinguma.

Darbo aktualumas
Sparciai plétojantis véjo energetikai, didéja patikimos turbiny eksploatacijos ir tikslaus

trumpalaikio galios prognozavimo poreikis, nes abu §ie aspektai tiesiogiai veikia prieZit-
ros sanaudas, elektros sistemos stabilumg ir dalyvavima elektros rinkose. Véjo elektriniy
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parkai generuoja didelius SCADA ir meteorologiniy laiko seky duomeny kiekius, tad duo-
menimis gristi metodai tapo natliraliu pasirinkimu ankstyviesiems gedimams aptikti ir ga-
liai prognozuoti.

Lietuvos kontekste giminingi tyrimai daugiausia buvo skirti vietiniy véjo iStekliy verti-
nimui ir prognozavimui (Gecevicius et al. 2019; Jankeviciené 2024; Katinas et al. 2017).
Si disertacija iple¢ia konteksta, nes joje sujungiami SCADA pagristas ankstyvas gedimy
aptikimas ir trumpalaikis véjo elektriniy parko galios prognozavimas, kartu jvertinant re-
kurentiniy modeliy efektyvuma, praktinio diegimo apribojimus, aktualius elektros ir elekt-
ronikos inZinerijai, ir prognozés paklaidos ekonomini poveiki. Todél paZangesni poZymiy
sudarymo, modeliy optimizavimo ir ekonomiskai prasmingo prognozavimo metodai iSlie-
ka aktualiis Siuolaikinéms véjo energetikos sistemoms.

Tyrimy objektas

Rekurentiniais neuroniniais tinklais gristi ankstyvojo gedimy aptikimo ir trumpalaikio ga-
lios prognozavimo metodai.

Darbo tikslas

Sukurti ir iStirti duomenimis gristus metodus, skirtus pagerinti trumpalaikio véjo elektriniy
galios prognozavimo ir ankstyvo véjo turbiny gedimy aptikimo tiksluma, efektyvuma ir
praktinj pritaikomuma, remiantis SCADA ir meteorologiniy prognoziy duomenimis.

Darbo uzdaviniai

Darbo tikslui pasiekti sprendZiami Sie uZdaviniai:

1. Sukurti ir iStirti virtualiu jutikliu pagrista metoda, skirtg techninei buklei stebéti
ir ankstyviems véjo turbiny gedimams aptikti, taikant SCADA laiko eiluciy duo-
menis ir jvertinant informatyviausiy poZymiy atranka bei prognozavimo tiksluma
lemiancius veiksnius.

2. ISanalizuoti ir optimizuoti virtualiajam jutikliui taikomas rekurentiniy neuroniniy
tinkly struktiiras, jvertinant poZymiy seky sudaryma, mokymo schema ir alterna-
tyvias aktyvavimo funkcijas, siekaint padidinti tikslumg ir sumazinti praktiniam
diegimui svarbias skai¢iavimo sanaudas.

3. Sukurti ir i8tirti BILSTM pagrindu sudaryta trumpalaikio véjo elektriniy parko
galios prognozavimo metodg, naudojant meteorologiniy prognoziy duomenis, ir
jvertinti meteorologiniy prognoziy Saltiniy poveiki bei tikslo funkcijos su norma-
lizuotu ,,Nord Pool* kainos daugikliu tinkamuma iSankstinéms energijos gamybos
prognozéms.

Tyrimy metodika

SprendZziant disertacijos uZdavinius taikyti duomenimis gristos laiko seky analizés meto-
dai, rekurentiniai neuroniniai tinklai ir anomalijy aptikimo metodai, paremti nuokrypio
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tarp matuotos ir prognozuotos reik§mes stebésena. Metodika apémeé SCADA ir meteorolo-
giniy duomeny paruosima, poZymiy atranka, laikinj agregavima, LSTM, GRU ir BiLSTM
architektiiry taikyma bei virtualiuoju jutikliu gristo ankstyvo gedimy aptikimo ir trumpa-
laikio véjo elektriniy galios prognozavimo modeliy lyginamaji eksperimentini vertinima.
Modeliai vertinti pagal Sakning viduting kvadratine paklaida, viduting absoliuciaja paklai-
da, R? rodiklj, liekany standartinj nuokrypi ir kitus statistinius kriterijus, o ten, kur tai
svarbu praktiniam taikymui, papildomai taikyti su ekonominiu rezultatu susieti rodikliai.
Hiperparametry parinkimas ir modeliy palyginimas atlikti eksperimentiskai, taip pat ana-
lizuoti skirtingi skaitiniy ory prognoziy $altiniai ir alternatyvios aktyvavimo funkcijos.

Darbo mokslinis naujumas

Disertacijos mokslinj naujuma sudaro Sie pagrindiniai indéliai:

« Sukurtas ankstyvy véjo turbiny gedimy aptikimo metodas, pagristas virtualiuoju
jutikliu ir nuokrypio tarp iSmatuoty bei prognozuoty reik§miy analize, leidZiantis
stebéti dinamiskai kintancius signalus rety gedimy atvejais.

« Parodyta, kad adaptyviai nustatomas nuokrypio slenkstis leidzia 20-30 dieny i
anksto prognozuoti jutikliu stebimo komponento gedima.

« Pasitilytos ribotos neeksponentinés aktyvavimo funkcijy alternatyvos rekurenti-
niams neuroniniams tinklams, leidzian¢ios sumaZzinti skai¢iavimo sgnaudas ne-
mazinant prognozavimo tikslumo.

o Parodyta, kad Lietuvos véjo elektriniy parko atveju agreguotas meteorologiniy
prognoziy $altinis, naudojamas su BiLSTM pagristu rekurentiniu modeliu, lemia
didesng trumpalaikio prognozavimo paklaida.

« Pasitilyta alternatyvi modelio mokymo tikslo funkcija, jtraukianti ,,Nord Pool*
elektros kaing ir maZinanti finansinius nuostolius, atsirandancius dél prognozés ir
faktinés gamybos neatitikimo.

Darbo rezultaty praktiné reikSmeé

Virtualiuoju jutikliu gristas metodas leidZia anksciau aptikti neiprastus SCADA signaly
pokycius ir padeda laiku planuoti techning prieZitira, o sukurtos poZymiy atrankos, laikino
agregavimo ir rekurentiniy modeliy parinkimo gairés leidZia kurti tikslesnius ir skaiciavi-
mo pozitiriu efektyvesnius modelius.

Trumpalaikio galios prognozavimo rezultatai padeda veiksmingiau naudoti meteorologi-
nius ir eksploatacinius duomenis 24 valandy prognozéms ir parodo, kad prognozavimo
modelius tikslinga vertinti ne tik pagal statistini tiksluma, bet ir pagal prognozés paklaidos
lemiamus finansinius nuostolius.

Disertacijos rezultatai buvo panaudoti igyvendinant projekta ,,Pramoniniai interneto meto-
dai elektros energijos keitimo sistemy steb¢jimui ir diagnostikai®, Nr. S-BMT-21-5 (LT08-
2-LMT-K-01-040).
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Ginamieji teiginiai

1.

Nuokrypi tarp matuotos ir virtualiojo jutiklio prognozuotos reikSmeés vertinant
adaptyviu judancios medianos slenksciu vietoje fiksuoto slenkscio, perspéjimo
laikotarpi iki gedimo galima pailginti apie 50 %.

. Rekurentiniy laiko eiluc¢iy modeliy tikslumas priklauso nuo jvesties pateikimo ir

mokymo parametry parinkimo, o parinkus laikini agregavima, jvesties sekos ilgi
ir mokymo duomeny laikotarpi, prognozavimo paklaida galima sumaZinti dau-
giau kaip 20 %, palyginti su kitomis tyrime nagrinétomis konfigliracijomis.

Rekurentiniy modeliy skai¢iavimo efektyvuma galima didinti standartines ekspo-
nentines aktyvavimo funkcijas pakei¢iant tinkamai parinktomis ribotomis neeks-
ponentinémis alternatyvomis, taip netiesiniy skai¢iavimy sanaudas sumazinant
daugiau kaip 30 % maZuose modeliuose ir daugiau kaip 60 % aktyvavimo funk-
cijy dedamosios didesniuose modeliuose, nemaZinant prognozavimo tikslumo.

Trumpalaikiame véjo elektriniy parko galios prognozavime parinkus ICON me-
teorologiniy prognoziy $altinj vietoje GFS Global ar GEM Global, prognozavimo
paklaida galima sumazinti daugiau kaip 12 %, o taikant tikslo funkcija su normali-
zuotu ,,Nord Pool* kainos daugikliu ekonomini rezultata galima pagerinti daugiau
kaip 18 %.

Darbo rezultaty aprobavimas

Disertacijos rezultatai paskelbti trijuose Clarivate Analytics Web of Science duomeny ba-
z¢s Zurnaluose, turin¢iuose citavimo rodiklj, ir viename konferencijos leidinyje. Disertaci-
jos rezultatai pristatyti septyniose konferencijose ir seminaruose Lietuvoje bei uzsienyje:

Faculty of Electronics Scientific Seminar, 2025 m., Vilniuje, Lietuvoje.
Modelling, Data Analytics and Al in Engineering. 2024. Porto, Portugal.
UiA to the Renewable Energy Group Seminar. 2024. Grimstad, Norway.
Data Analysis Methods for Software Systems. 2024. Druskininkai, Lithuania.

The 10th Jubilee IEEE Workshop on Advances in Information, Electronic and
Electrical Engineering. 2023. Vilnius, Lithuania.

Data Analysis Methods for Software Systems. 2022. Druskininkai, Lithuania.

Electronics and Electrical Engineering. 25th Lithuanian Conference of Young
Scientists. 2022. Vilnius, Lithuania.

Disertacijos struktura

Disertacija sudaro jvadas, trys pagrindiniai skyriai, bendrosios iSvados ir literatiiros sara-

sas.

Disertacijos apimtis yra 114 puslapiai, pateikta 12 paveiksly, 67 formulés ir 37 lenteles.
Tekste cituojami 102 bibliografinis Saltinis.
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Padéka

Dékoju Prof. Dr Artiirui Serackiui uz vadovavima, Agderio universitetui ir Prof. Dr Joao
Leal uz bendradarbiavima, taip pat savo Seimai uZ palaikyma rengiant disertacija.

1. Duomenimis grjsta techniné prieziura ir prognozavimas véjo
energetikos sistemose

Pirmajame disertacijos skyriuje aptariami du duomenimis gristi véjo energetikos uzdavi-
niai: ankstyvas gedimy aptikimas pagal SCADA signalus ir trumpalaikis véjo elektriniy
parko galios prognozavimas pagal istorinius matavimus bei meteorologines prognozes.
Abu uzdaviniai nagrinéjami kartu, nes abiem atvejais rezultata lemia ne tik pasirinktas
modelis, bet ir duomeny paruoSimas, poZymiy sudarymas bei vertinimo kriterijai.

Techninés biiklés stebésenos uzdaviniuose nuolat tenka susidurti su tais paciais ribo-
jimais: retais ir nesubalansuotais gedimy pavyzdZiais, véluojanciu gedimy registravimu,
darbo rezimy kaita ir sezoniSkumu. D¢l to vien tiesioginis temperatiiry ar kity signaly
slenkstinis stebéjimas daznai neleidZia patikimai atskirti ankstyvos degradacijos nuo na-
taralaus kintamumo. Tokiomis salygomis nuosekliausia kryptis yra virtualiojo jutiklio tai-
kymas kartu su nuokrypio tarp matuotos ir prognozuotos reik§més analize, kai pirmiausia
modeliuojamas iprastas jutiklio matuojamo signalo kitimas, o po to vertinama, ar Sis skir-
tumas ima sistemingai didéti. Toks pasirinkimas nattraliai sutelkia démesi i kita klausima:
kaip paruosti duomenis ir poZymius, kad silpni degradacijos signalai nebiity prarasti.

PoZymiai Siuose tyrimuose formuojami keturiais pagrindiniais biidais: rankiniu biidu
apskaiCiuojant statistinius pozZymius, taikant virtualyji jutikli ir nuokrypio analizg¢, suda-
rant bendros biiklés rodiklius i§ keliy SCADA kanaly ir taikant automatini poZymiy su-
darymga giliojo mokymosi metodais. Svarbiausia ne pati metody klasifikacija, o tai, kad
duomeny paruoSimas tampa savarankisku sprendimu: mastelio keitimas, i$skirciy apdo-
rojimas, véluojanciy gedimy Zymeéjimas ir tiksliniy reik§miy formavimas nulemia, kokia
degradacijos informacija modelis gali iSmokti. Todél agregavimas, poZymiy atranka ir tiks-
liniy reik§miy formavimas nagrinéjami kaip teoriniy ir eksperimentiniy tyrimy veiksniai.

Sprendimo logikos poZiiiriu techninés prieZitros modeliy negalima vertinti vien pa-
gal klasifikavimo tiksluma. Svarbiis tampa ir klaidingy pavojaus signaly kastai, perspéjimo
iki gedimo laikotarpio praktiné reik§mé ir sprendimo sluoksnio sasaja su realiais priezii-
ros veiksmais. D¢l to aktuallis ne tik klasikiniai masininio mokymosi modeliai ir sekoms
modeluoti skirti LSTM ar BiLSTM tinklai, bet ir anomalijy aptikimo metodai, adaptyvis
slenksciai bei modeliy vykdymo skaic¢iavimo sanaudos, kai sprendimai turi biiti taikomi
riboty resursy aplinkoje. Todél disertacijoje toliau nagrinéjama perspéjimo logika, adapty-
vis slenksciai ir vykdymo sanaudy vertinimas.

Trumpalaikio galios prognozavimo kokybe lemia ne vien pasirinkta architektira. Sia-
me darbe toliau nagrinéjami prognozés horizontas, meteorologiniy iveséiy kokybé, me-
teorologiniy prognoziy $altinio parinkimas, mokymo strategija ir prognozés klaidos ver-
tinimas rinkos poZiiiriu. Vien Sakniné vidutiné kvadratiné paklaida, vidutiné absoliucioji
paklaida ar R? ne visada atspindi tikraja prognozés verte, nes elektros rinkoje svarbios ir
su balansavimu susijusios sanaudos. Todél toliau telkiamasi i tuos sprendimus, kurie antra-
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jame ir tre¢iajame skyriuose lemia meteorologiniy prognoziy Saltiniy palyginima, modelio
mokymo tikslo funkcijos parinkima ir rinkos rezultato vertinima.

Patikimiems véjo energetikos sprendimams reikia ne vien tikslaus modelio, bet ir
nuoseklaus laiko eilu¢iy duomeny paruo§imo, poZymiy sudarymo, meteorologiniy jves-
&iy atrankos, perspéjimo logikos ir praktinio vertinimo metodikos. Sie veiksniai teoriskai
pagrindZiami antrajame skyriuje, o treiajame tikrinami eksperimentais.

2. Virtualiojo jutiklio ir véjo elektriniy galios prognozavimo
teoriniai pagrindai

Antrajame disertacijos skyriuje teoriSkai pagrindZiami du pagrindiniai darbo sprendiniai:
virtualusis jutiklis ankstyvam gedimy aptikimui ir trumpalaikio véjo elektriniy parko ga-
lios prognozavimo schema. Ankstyvus gedimy poZymius Cia tikslingiausia aptikti ne tie-
siogiai stebint fizinio jutiklio reik§me, o modeliuojant tikéting stebimo signalo kitima
ijprastomis salygomis ir vertinant nuokrypi tarp matuotos ir prognozuotos reikSmeés.

Sioje disertacijoje virtualusis jutiklis yra regresinis modelis, kuris i§ kity SCADA kanaly
apskaiciuoja tikéting stebimo signalo reik§Sme irenginio mazgui veikiant iprastomis salygo-
mis. Dél to ankstyvas gedimy aptikimas grindZiamas ne pacia temperatiiros ar kito signalo
verte, o nuoseklia nuokrypio tarp matuotos ir prognozuotos reikSmeés analize.

Toki sprendima pagrindZia ir tai, kaip kinta pats stebimas signalas. VieSame EDP
duomeny rinkinyje SCADA kanalo, jvardyto kaip guolio temperatiira, reikSmés iprasto
veikimo metu kinta nuo 20,00 iki 71,50 °C, o mediana siekia 52,61 °C. Tuo tarpu arté-
jant gedimui medianos pokytis sudaro tik 0,22-0,89 °C. Vadinasi, jprasto veikimo metu
stebimas temperatliros kitimo diapazonas yra mazdaug 58-234 kartus didesnis uZ anksty-
va prieSgedimini medianos poslinki, todél vien tiesioginis slenkstinis stebéjimas neleidZia
atskirti ankstyvos degradacijos nuo natiiralaus signalo kitimo.

PoZymiy atrankai buvo jvertinti 82 kandidatiniai poZymiai, sudaryti i§ SCADA duo-

meny, pagal ju monotoniskuma, Laplaso ivertj ir dispersija. AuksCiausi svarbos jverciai
gauti su galia ir apkrovos rezimu susijusiems kintamiesiems. Taciau galutinis 14 poZymiy
rinkinys sudarytas remiantis ne vien statistiniais jverciais, bet ir fizine véjo jégainés veiki-
mo logika. | ji itraukti generatoriaus ir rotoriaus sukimosi greicio, aplinkos véjo greicio,
véjo krypties ir aplinkos temperatiiros poZymiai, nes jie kartu apraso mechaning apkrova,
aerodinaminij poveiki ir iSorines Silumines salygas.
Praktiniam taikymui svarbus ne tik modelio tikslumas, bet ir vykdymo sanaudos, todél teo-
rinéje dalyje iSanalizuotos skirtingy aktyvavimo funkcijy skai¢iavimo sanaudos, iSreikstos
pasvertais ciklais. Supaprastintas vienos LSTM lastelés pavyzdys aiSkiausiai parodo, ko-
kia itaka bendrai sekos kainai turi aktyvavimo funkcijy pasirinkimas ir kodél alternatyvias
funkcijas verta tikrinti eksperimentiniu badu.

Supaprastinto vieno sluoksnio LSTM modelio su viena rekurentine lastele ir 11 jves-
ties pozymiy analizé parodé, kad standartiniy eksponentiniy aktyvavimo funkcijy keitimas
gali reikSmingai sumazinti sekos apdorojimo sanaudas. Analizg iSplétus iki dviejy sluoks-
niy BiLSTM architekttros su 11 jvesciy ir dviem sluoksniais po 128 ir 100 Igsteliy, bendros
sekos skaiCiavimo sgnaudos sumazéjo nuo 8934887 iki 8674967, t. y. 2,91 %, o vien akty-
vacijy dedamoji per vieng agreguota laiko Zingsni sumazéjo nuo 39 216 iki 13 224 svertiniy
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cikly, t. y. 66,3 %. Bitent del to eksperimentinéje dalyje tikrinamos ribotos neeksponenti-
nés aktyvavimo funkcijos.

Trumpalaikio véjo galios prognozavimo atveju meteorologiniy duomeny Saltinis yra vie-
nas i§ modeliavimo sprendimy, o ne tik duomeny gavimo etapas. Skirtingi skaitiniy ory
prognoziy modeliai skiriasi erdvine ir laiko skiriamaja geba, atnaujinimo dazniu ir tuo,
kaip atvaizduoja vietovei budingus ory procesus, todél tas pats nominalus kintamasis skir-
tinguose Saltiniuose gali turéti nevienoda prognozing verte.

Tyrime nagrinéti ECMWF-IFSA, UKMO-EURO4B, MEPS, ICON, GEM Global,
~Meteo France”, GFS Global ir ,,Best Match* meteorologiniy prognoziy Saltiniai, kurie
skiriasi laiko ir erdvine skiriamaja geba, atnaujinimo daZniu bei prieinamais meteorologi-
niais kintamaisiais.

Galuting prognozés kokybe lemia ne vien pats BILSTM modelis. Ne maZiau svarbi
visa duomeny paruo§imo grandiné: meteorologiniy Saltiniy pasirinkimas, jy sinchronizavi-
mas su istoriniais galios matavimais, poZymiy sudarymas ir mokymo eiga. Todél meteoro-
loginiy prognoziy Saltinj tenka rinktis kaip viena i§ prognozavimo sistemos projektavimo
sprendimy.

Trumpalaikio galios prognozavimo kokybés nepakanka vertinti vien Sakninés vidutinés
kvadratinés paklaidos, vidutinés absoliuciosios paklaidos ar R? rodikliais. Elektros rinko-
je prognozés klaidos sukelia balansavimo sanaudas, kurios priklauso ne tik nuo klaidos
dydZio, bet ir nuo jos krypties bei konkrecios rinkos situacijos. Todél modelio vertinimo
kriterijai turi apimti ir ekonoming prognozeés itaka, o mokymo tikslas negali biiti laikomas
vien techniniu optimizavimo Zingsniu.

Teorinj tyrima apibendrina Sios i§vados:

« Ankstyvam gedimy aptikimui tikslinga modeliuoti jprasta jutiklio matuojamo sig-
nalo kitima ir virtualiuoju jutikliu vertinti nuokrypi tarp matuotos ir prognozuotos
reikSmés.

o Prognozuojamai informacijai svarbiausi yra turbinos apkrova ir veikimo reZima
apibudinantys kintamieji, todél virtualiojo jutiklio jvesti tikslinga sudaryti i§ 14
poZymiu, apraSanciy generatoriaus ir rotoriaus sukimosi greiti, véjo greiti, véjo
krypti ir aplinkos temperatiira.

o Preliminarus aktyvavimo funkcijy skai¢iavimo sanaudy vertinimas parode, kad
standartiné logistiné sigmoidé ir hiperbolinis tangentas yra skai¢iavimo poZiiiriu
brangiausios nagrinétos funkcijos, o maZziausias sanaudas duoda Hard sigmoid ir
Hard hyperbolic tangent.

o Vienos LSTM lastelés sekos skaiciavimo sanaudos pakeitus logisting sigmoidg ir
hiperbolini tangenta funkcijomis Hard sigmoid ir Hard hyperbolic tangent suma-
7¢ja nuo 1827 iki 1257, t. y. 31,32 %, o pasirinktoje dviejy sluoksniy BiLSTM
architektiiroje aktyvacijy dedamoji sumazéja nuo 39 216 iki 13 224 svertiniy cikly,
t.y. 66,3 %.

o Trumpalaikiame galios prognozavimo uzdavinyje meteorologiniy prognoziy Sal-
tinio parinkimas, jves¢iy paruo$imas ir modelio mokymo tikslo funkcija yra atkiri
modeliavimo sprendiniai, lemiantys tiek prognozés paklaidos dydi, tiek rinkos re-
zultatg.
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S3.1 lentelé. Vidutiné virtualiojo jutiklio paklaida skirtingiems laikinio agregavimo
intervalams ir rekurentinéms struktiroms

Modelio struktiira 24 val. 6 val. 3 val. Geriausias
intervalas

LSTM-BILSTM (128, 128) 3,8467 3,9664 3,5695 3 val.

BiLSTM (128) 4,3004 5,2343 3,9517 3 val.

GRU (128) 4,6745 4,9331 3,8933 3 val.

LSTM-LSTM (128, 100) 2,9989 4,0180 2,8595 3 val.

3. Prognozavimo ir gedimy aptikimo metody eksperimentiniai
tyrimai

Trec¢iajame disertacijos skyriuje eksperimentais tikrinami trys praktiniai klausimai: nuo
ko labiausiai priklauso virtualiojo jutiklio tikslumas, ar aktyvavimo funkcijy pakeitimas
leidzia supaprastinti modelio vykdyma neprarandant tikslumo, ir kaip trumpalaikio prog-
nozavimo rezultatai kinta, kai jie vertinami ne vien statistiskai, bet ir rinkos poZitriu. Ty-
rimuose naudoti vieSai prieinami EDP véjo turbiny SCADA duomenys ir Lietuvos véjo
elektriniy parko galios matavimai, sinchronizuoti su meteorologinémis prognozémis, gau-
tomis per ,,Open-Meteo* APL.

Pirmojoje eksperimenty dalyje tirta, kaip duomeny paruoSimas ir modelio parametrai kei-
¢ia virtualiojo jutiklio paklaida. Atskirai vertintas laikinio agregavimo ir mokymo duome-
ny laikotarpio poveikis, taip pat ivesties sekos ilgis, mokymo epochy skaicius ir rekuren-
tinio modelio struktiira. Tikslinis signalas buvo EDP duomeny rinkinio SCADA kanalas,
ivardytas kaip guolio temperatiira, o prognozavimo kokybé vertinta pagal Sakning viduting
kvadrating paklaida ir prognozés paklaidos charakteristikas.

Lenteléje S3.1 matyti aiSki tendencija: visoms keturioms tirtoms struktiiroms geriau-
sias buvo 3 val. agregavimo intervalas. Sakninés vidutinés kvadratinés paklaidos vidurkis
Siame intervale buvo 3,5685, palyginti su 3,9551, taikant 24 val. agregavima, ir 4,5380,
taikant 6 val. agregavima. Geriausia vidutinj rezultata pasieké LSTM-LSTM struktiira su
dviem sluoksniais, turinCiais 128 ir 100 lasteliy; jos Sio rodiklio vidurkis taikant 3 val.
intervalg buvo 2,8595. Todél tolesniuose virtualiojo jutiklio palyginimuose 3 val. agrega-
vimas laikytas pagrindiniu atskaitos variantu.

1 mén. mokymo duomeny laikotarpio be registruoty gedimy nepakanka stabiliam vir-
tualiojo jutiklio modeliui sudaryti. Geriausios LSTM-LSTM struktiiros atveju, kai modelis
mokytas tik i§ TO1 duomeny, sutrumpinus mokymo laikotarpi nuo 3 mén. iki 1 mén. ir pa-
ilginus testavimo intervala iki 5 mén., vidutiné Sakniné vidutiné kvadratiné paklaida padi-
déjo nuo 2,5436 iki 3,9450. Sujungus keliy turbiny duomenis i8 laikotarpio be registruoty
gedimy ir pailginus mokymo laikotarpi iki 6 mén., geriausio keliy turbiny LSTM-LSTM
modelio Sios paklaidos vidurkis sumaZzéjo iki 2,3013. Tai rodo, kad virtualiajam jutikliui
reikia bent 3 mén. mokymo duomeny laikotarpio, o keliy turbiny atveju ji tikslinga ilginti
iki 6 meén.

Virtualiojo jutiklio tikslumg papildomai lemia jvesciy sekos ilgis ir mokymo epochy
skaiCius. MaZiausia Sakninés vidutinés kvadratinés paklaidos reikSmé gauta naudojant 12
agreguoty jvesciy seka ir 1800 mokymo epochuy; ji sieké 1,0440. Atliekant struktiirini pa-
lyginima nustatyta, kad geriausia konfigiiracija buvo trijy sluoksniy BiLSTM su 80 laste-
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Iémis kiekviename sluoksnyje ir dropout = 0,2; konfigiiracija pasieké 2,2127 nagrinéjamo
rodiklio reik§me ir buvo pasirinkta tolesnés aktyvavimo funkcijy analizés metu.

S3.2 lentelé. Bazinio ir geriausiy alternatyviy aktyvavimo funkcijy konfigtiracijy
prognozavimo kokybés rodikliai

.. Test Test 2 Liekany Pos-

Konfigiiracija R -
RMSE MAE STD linkis

Logistiné sigmoidé + hiperbolinis 3,8465 2,9749 0,5676 3,1900 —2,1493

tangentas (baze)

Hard sigmoid + Softsign 3,6022 2,8797 0,6208 3,0338 —1,9422

Arctangent gate + Softsign 3,6969 2,9966 0,6006 3,0366 —2,1086

Softsign gate + Softsign 3,7649 2,9563 0,5858 3,2095 —1,9681

Lenteléje S3.2 palikti originaltis aktyvavimo funkcijy pavadinimai: Hard sigmoid,
Softsign, Arctangent gate ir Softsign gate.

IS lenteléje S3.2 pateikty duomeny matyti, kad ribotos neeksponentinés aktyvavimo
funkcijos nebiitinai maZina prognozavimo kokybe. Geriausia alternatyvi aktyvavimo funk-
ciju pora Hard sigmoid + Softsign sumazino testavimo Saknine viduting kvadrating pa-
klaida nuo 3,8465 iki 3,6022 ir padidino R? nuo 0,5676 iki 0,6208. Siame eksperimente
skaic¢iavimo poZzilriu paprastesnés aktyvavimo funkcijos i$liko tinkamos ir prognozavimo
kokybés nepablogino.

S3.3 lentelé. Perspéjimo laikas iki gedimo, gautas taikant skirtingas virtualiojo jutiklio
architektiiras ir slenks¢io nustatymo metodus

LSTM-LSTM LSTM-BIiLSTM
Komponento gedimas Slenkstis Slenkstis
w+ 30 Judanti mediana |y + 30 Judanti mediana
Pavary déze 14 22 22 32
Generatorius 15 24 26 37
Generatoriaus guolis 13 24 22 36
Transformatorius 23 22 24 35
Hidrauline sistema 12 22 20 33

Dvisluoksnio BiLSTM modelio atveju adaptyvus judancios medianos slenkstis buvo

pranasesnis uZz fiksuotg ;o 4 3o taisykle. Vidutinis laikas nuo pirmojo perspéjimo iki gedi-
mo padidéjo nuo 22,8 iki 34,6 dienos, o ilgiausias perspéjimas prie§ generatoriaus gedima
pasieké 37 dienas. Sie rezultatai patvirtino, kad nuokrypis tarp matuotos ir prognozuotos
reik§meés gali buiti praktiSkai naudingas ankstyvo perspéjimo signalas dar iki registruoto
komponento gedimo.
Antrojoje eksperimenty dalyje tirtas trumpalaikis véjo elektriniy parko galios prognozavi-
mas, naudojant BiLSTM modelj ir skirtingy meteorologiniy prognoziy Saltiniy duomenis.
Tyrimui naudoti Lietuvos véjo elektriniy parko, sudaryto is $eSiy po 2,75 MW turbiny, ga-
lios matavimai, sinchronizuoti su meteorologinémis prognozémis. Optimizuotas poZymiy
rinkinys apémé veéjo greiti 10 ir 80 m aukstyje, véjo giisius 80 m aukstyje, slégi jiros lygyje
ir ankstesnes galios reik§mes.
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S3.4 lentelé. Skirtingy meteorologiniy prognoziy $altiniy palyginimas BiLSTM pagrindu
sudarytame trumpalaikio galios prognozavimo modelyje

Modelis RMSE MAE R? NMAE
Best Match 1,7604 1,2580 0,85478 0,21643
ICON 1,7565 1,2549 0,85543 0,21591
GEM Global 2,0086 1,4447 0,81094 0,24857
Meteo France 1,9520 1,3909 0,82146 0,23930
GFS Global 2,0242 1,4621 0,80801 0,25155

Geriausi statistiniai rezultatai gauti naudojant ICON ir ,,Best Match* Saltinius. ICON
pasieké maziausia Sakning viduting kvadrating paklaida, viduting absoliuciaja paklaida ir
normalizuota viduting absoliuciaja paklaida bei didZiausia R2, 0 ,,.Best Match® nuo jo at-
siliko tik neZymiai. Lyginant su GFS Global, ICON sumazino Sakning viduting kvadratine
paklaida apie 13,2 %, o lyginant su GEM Global — apie 12,6 %.

Faktine galia Best Match GEM Global

ICON —:—'— Meteo France - GFS Global

Galia (MW)

11-12 11-13 11-13 11-14 11-14 11-15 11-15
12:00 00:00 12:00 00:00 12:00 00:00 12:00
Laikas

S3.1 pav. Faktinés ir prognozuotos galios palyginimas, naudojant skirtingus meteorologiniy
prognoziy Saltinius

Paveiksle S3.1 matyti ta pati tendencija: ICON ir ,,Best Match* geriau seka realia
galios kreive, o maZiau tikslis meteorologiniy prognoziy Saltiniai sukelia didesnius nu-
krypimus, ypac staigiy galios poky¢iy metu ir artéjant prie vietiniy ekstremumy. Todeél
meteorologiniy prognoziy $altinio pasirinkima bitina laikyti vienu pagrindiniy trumpalai-
kio prognozavimo projektavimo sprendimy.

S3.5 lentelé. Standartinés ir pasiiilytos mokymo tikslo funkcijy palyginimas patikros
savaitéje su ,,Best Match* meteorologiniu Saltiniu

Mokymo tikslas R? Sukauptas pelnas Pokytis
(EUR)
Standartiné funkcija 0,846 45405 bazé
Pasialyta funkcija 0,746 53955 +8550 (+18,8%)

Rezultatai rodo vieng svarbiausiy prognozavimo dalies iSvady. Taikant pasiilyta
mokymo tikslo funkcija su normalizuotu ,,Nord Pool*“ kainos daugikliu, R? sumazgjo
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Patikros savaités prognoziy palyginimas su Best Match

Faktine galia =~ ——— Standartinis tikslas ~——— Finansinis tikslas

Galia (MW)
o0

Sukauptas validacijos savaités pelnas
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S3.2 pav. Iprastos ir pasitilytos tikslo funkcijos palyginimas ,,Best Match* Saltiniu (virSuje
parodytos faktinés ir prognozuotos galios kreivés, apacioje — sukauptas validacijos savaités pelnas)

nuo 0,846 iki 0,746, taciau validacijos savaités sukauptas pelnas padidéjo nuo 45405

iki 53955 EUR, t. y. 8550 EUR arba 18,8 %. Tai rodo, kad praktinis trumpalaikio

prognozavimo vertinimas turi apimti ne vien statistini tiksluma, bet ir rinkos rezultata.
Eksperimentinius tyrimus apibendrina §ios pagrindinés i§vados:

o Eksperimentiskai iStyrus SCADA signaly agregavima 24, 6 ir 3 val. intervalais
nustatyta, kad virtualiojo jutiklio jvestyje tikslinga naudoti 3 val. agregavima,
nes jis davé maziausia viduting Sakninés vidutinés kvadratinés paklaidos reiks-
me 3,5685.

o EksperimentiSkai palyginus 1, 3 ir 6 mén. mokymo duomeny laikotarpius be re-
gistruoty gedimy nustatyta, kad 1 mén. laikotarpio nepakanka, o sujungus keliy
turbiny 6 mén. duomenis geriausio LSTM-LSTM modelio vidutiné Sakniné vi-
dutiné kvadratiné paklaida sumazéja iki 2,3013.

« EksperimentiSkai jvertinus jvesciy sekos ilgi ir mokymo epochy skaiciy nustatyta,
kad maZiausia Sakninés vidutinés kvadratinés paklaidos reik§Sme 1,0440 gaunama
naudojant 12 agreguoty jvesciy seka ir 1800 mokymo epochy.
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o Parenkant virtualiojo jutiklio architekttra, tikslinga naudoti trijy sluoksniy
BiLLSTM su 80 lasteliy kiekviename sluoksnyje ir dropout = 0,2, o aktyvavimo
funkcijy eksperimente Hard sigmoid + Softsign pora sumaZzino testavimo Sakning
vidutine kvadrating paklaida nuo 3,8465 iki 3,6022 ir padidino R? nuo 0,5676 iki
0,6208.

« Palyginus fiksuota p + 30 taisykle ir adaptyvy judancios medianos slenkstj nu-
statyta, kad dvisluoksnio BiLSTM atveju vidutinis laikas nuo pirmojo perspéjimo
iki gedimo pailgéja nuo 22,8 iki 34,6 dienos, o pavieniais atvejais leidZia perspéti
iki 37 dieny prie§ generatoriaus gedima.

o Lietuvoje esanciy véjo elektriniy parky trumpalaikiam galios prognozavimui re-
komenduojama naudoti ICON meteorologiniy prognoziy Saltini, nes jis Siame ty-
rime davé maziausia RMSE 1,7565, o ,,Best Match* pateiké artimus rezultatus.

« Paros i prieki energijos gamyba prognozuojancio modelio mokymui tikslinga tai-
kyti pasiiilyta tikslo funkcija su normalizuotu ,,Nord Pool* kainos daugikliu, nes
patikros savaités sukauptas pelnas padidéjo 8 550 EUR (18,8 %), nors R? suma-
Z¢jo nuo 0,846 iki 0,746.

Bendrosios iSvados

1. Sukurtas virtualiuoju jutikliu gristas metodas yra tinkamas véjo turbiny buk-
lés stebésenai ir ankstyvam gedimy aptikimui pagal SCADA laiko sekas, nes
normalaus veikimo metu kaip guolio temperatiiros signalo kitimo intervalas
(20,00-71,50 °C) gerokai virSija ankstyva priesgedimini medianos poslinkij
(0,22-0,89 °C), todél vien tiesioginis signalo stebéjimas néra pakankamai patiki-
mas. Naudojant informatyviy SCADA pozymiy rinkini, nuokrypio tarp matuotos
ir virtualiojo jutiklio prognozuotos reik§meés analiz¢ ir adaptyvy judancios me-
dianos slenksti, vidutinis perspéjimo laikas iki gedimo pailgéjo nuo 22,8 iki 34,6
dienos, o ilgiausias perspéjimo horizontas pasieké 37 dienas iki generatoriaus
gedimo.

2. Virtualiojo jutiklio rekurentiniy modeliy optimizavimas parodé, kad tikslumas
ir praktinis pritaikomumas priklauso nuo laiko sekos reprezentacijos, mokymo
schemos, architektiiros ir aktyvavimo funkcijy. Tikslingiausia naudoti 3 val. agre-
gavimo intervalg ir ilgesng sveikos biisenos mokymo istorija, o geriausig rezultata
pateikeé trijy sluoksniy BiLSTM su 80 lasteliy kiekviename sluoksnyje ir dropout
= 0,2 (RMSE = 2,2127); pakeitus iprasta sigmoid + tanh pora i Hard sigmoid +
Softsign, testavimo RMSE sumaZéjo nuo 3,8465 iki 3,6022, o R? padidéjo nuo
0,5676 iki 0,6208, kartu sumazinant netiesiniy skai¢iavimy sanaudas.

3. Sukurtas BiLSTM gristas trumpalaikio véjo elektriniy parko galios prognozavi-
mo metodas parodé, kad praktiniam rezultatui esming itaka turi tiek meteorolo-
giniy prognoziy Saltinis, tiek mokymo tikslo funkcija. Tarp tirty NWP Saltiniy
geriausia statistini tiksluma uZtikrino ICON (RMSE = 1,7565, MAE = 1,2549,
NMAE = 0,21591, R? = 0,85543), o pasiiilyta tikslo funkcija su normalizuotu
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,Nord Pool“ kainos daugikliu padidino patikros savaités pelng nuo 45405 iki
53955 EUR, t. y. 8550 EUR (18,8 %), taip patvirtindama, kad ekonomiskai nau-
dingiausia prognoz¢é nebiitinai sutampa su maziausia iprastine paklaida.
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