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Abstract 

Effective fault detection is essential for maximizing energy production and ensuring the 

safe operation of wind turbines. However, supervised AI models for Supervisory Control 

and Data Acquisition (SCADA)-based condition monitoring are often limited by the lack 

of reliably labeled datasets. To address this issue, this manuscript proposes an Automated 

Labeling Procedure (ALP) that generates a structured and reliable labeled dataset from 

initially unlabeled wind turbine SCADA data. The proposed ALP integrates initial label-

ing, preprocessing, feature selection, class balancing, model-based validation, selective re-

labeling, and iterative retraining. A documented gearbox-changeout interval serves as the 

initial fault-related reference period. A Grid Search-optimized Decision Tree (GS-DT) is 

employed as the main validation model, while Random Forest and XGBoost are used for 

comparison. The main contribution is a novel misclassification-guided refinement loop in 

which disagreement between provisional labels and model predictions is analyzed using 

their SCADA values, timestamps, and relation to the fault reference interval before any 

selective relabeling is performed. The results show that the ALP reduces the labeling task 

to a small set of disputed samples requiring manual verification, instead of reviewing the 

entire dataset. Through iterative relabeling and retraining, dataset consistency improved 

and results became stable across models. Overall, the findings demonstrate the suitability 

of the refined dataset for subsequent wind turbine fault-detection applications. 

Keywords: automated labeling procedure; fault detection; iterative relabeling; wind  

turbine; SCADA data 

 

1. Introduction 

Wind energy has become a major pillar of the global transition toward sustainable 

and renewable energy systems and remains one of the fastest-growing technologies for 

electricity generation worldwide [1,2]. Wind farms are frequently deployed in remote 

mountainous areas or offshore environments, where turbines operate under harsh and 

continuously changing conditions and where physical access is often difficult [3,4]. These 

operating circumstances increase the risk of component degradation, abnormal behavior, 

and system failure, making reliability and performance critical concerns in modern wind 

energy systems [5,6]. 
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The development of Supervisory Control and Data Acquisition (SCADA) systems 

has significantly enhanced the monitoring and control of wind turbines [7]. SCADA-based 

condition monitoring systems exploit data already collected by turbine controllers, 

providing a cost-effective solution for operational supervision and enabling early detec-

tion of abnormalities and potential faults [8,9]. In addition, SCADA data support a wide 

range of applications, including fault detection, predictive maintenance, and industrial 

analytics [10–12]. 

In machine learning and artificial intelligence, labeled data play a central role, partic-

ularly in supervised learning, where the labels define the target operating states to be 

learned from the input variables [13]. Consequently, the quality and consistency of the 

labeling process directly affect the reliability and predictive performance of the resulting 

models [14]. In wind turbine monitoring, SCADA systems continuously generate large 

volumes of operational data that can provide valuable information for fault diagnosis and 

maintenance planning once these data are labeled in a meaningful and consistent way 

[15]. Moreover, reliable ground-truth information is often limited, incomplete, or unavail-

able. In practice, early fault-related behavior may resemble normal operation, healthy and 

faulty patterns may overlap, and class imbalance may further complicate the assignment 

of labels. These challenges have motivated the use of anomaly detection, semi-supervised 

learning, and data-driven approaches designed to operate under limited labeled data con-

ditions [16–19]. 

Although many studies have addressed SCADA-based fault detection and condition 

monitoring for wind turbine systems [7,20–23], the problem of generating reliable labels 

for SCADA data has received much less attention. This is a challenging task because 

SCADA datasets are typically high-dimensional, noisy, and strongly influenced by chang-

ing operating and environmental conditions. Traditional labeling approaches often de-

pend on manual expert annotation, which is time-consuming, subjective, difficult to scale, 

and prone to inconsistency when large datasets are involved [24]. Therefore, there is a 

clear need for a systematic, interpretable, and repeatable procedure for labeling wind tur-

bine SCADA data. 

To address this need, we propose a novel approach for misclassified observations 

during the ALP, including a relabeling strategy, model retraining and a convergence cri-

terion. Unlike a conventional supervised-learning workflow, in which labels are assumed 

to be fixed, the ALP treats the initial labels as provisional. In this way, the methodology 

uses model feedback not only for prediction, but also for progressive improvement of da-

taset quality. 

The proposed methodology was validated using a wind turbine SCADA case study 

in which a documented gearbox-changeout interval served as the initial fault-related ref-

erence period. The results show that the ALP reduces the number of samples requiring 

manual verification to only four suspicious observations out of 27,247 SCADA records 

(0.015% of the dataset), thereby improving label consistency through iterative refinement. 

The main contributions of this work are summarized as follows: 

1. A structured ALP is proposed for transforming initially unlabeled or weakly labeled 

wind turbine SCADA records into a refined labeled dataset. 

2. A novel misclassification-guided refinement loop is introduced as the core method-

ological contribution. In this loop, samples with disagreement between provisional 

labels and model predictions are treated as suspicious observations and are analyzed 

before any label update is performed. 

3. A selective relabeling strategy is developed to prevent automatic replacement of la-

bels by model predictions. Disputed samples are separated into justified relabeling 

candidates, correctly labeled samples despite model disagreement, and data-quality 

anomalies requiring separate verification. 
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4. An iterative retraining and convergence mechanism is used to stop the refinement 

process when no further justified relabeling is required or when performance im-

provement becomes negligible. 

The remainder of this manuscript is organized as follows. Section 2 presents the pro-

posed ALP and describes its main stages in detail. Section 3 introduces the case study and 

explains the application of the ALP to the wind turbine SCADA dataset. Section 4 presents 

the results, including model evaluation, misclassification analysis, iterative relabeling, 

and comparative verification. Finally, Section 5 concludes the paper and outlines possible 

directions for future work. 

2. Automated Labeling Procedure (ALP) 

This section presents the proposed Automated Labeling Procedure (ALP) for wind 

turbine SCADA data. The key contribution of this work is the refinement loop applied 

after the identification of misclassified samples. In this loop, disagreement between the 

current label and the model prediction is used as an indicator of possible label incon-

sistency. However, these samples are not automatically relabeled. Instead, they are exam-

ined using their SCADA feature values, temporal position, relation to the fault-related 

reference interval, and physical consistency with wind turbine operation, and only those 

supported by this verification are selectively relabeled. The refined dataset is then used to 

retrain the model, and the process is repeated until label stability and performance con-

vergence are achieved. The overall methodology of the procedure is illustrated in the 

block diagram in Figure 1. 

The proposed ALP can be expressed by mapping: 

𝒟raw
ALP
→  𝒟labeled

∗ ,  

where 𝒟raw denotes the raw SCADA dataset and 𝒟labeled
∗  denotes the final refined labeled 

dataset. The successive stages of the workflow are expressed as 

𝒟raw → 𝒟prep → 𝒟init → 𝒟proc → 𝒟bal → 𝒟model → 𝒟relabeled → 𝒟labeled
∗ .  

The ALP consists of the following main stages: input data description, data prepara-

tion, provisional label definition, preprocessing and feature selection, data balancing, 

model-based labeling, validation, misclassification analysis, relabeling, and retraining. In 

the proposed methodology, a DT classifier optimized by GS is used as the core classifica-

tion tool within the procedure. However, the classifier is only one component of the ALP. 

The significance of this work lies in the development of a complete, structured, and itera-

tive labeling workflow, with particular emphasis on the refinement loop that progres-

sively improves label quality and dataset reliability. 
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Figure 1. Block diagram of the proposed workflow of the proposed misclassification-guided Auto-

mated Labeling Procedure (ALP) for wind turbine SCADA data. 

2.1. Data Preparation and Initial Dataset Construction 

The ALP begins with the raw SCADA dataset composed of time-series observations 

collected from the wind turbine system. Let the dataset be defined as 

𝒟raw = {(t1, x1), (t2, x2), . . . , (ti, xi), . . . , (tN, xN)}
𝑇,  

where N denotes the total number of observations, ti is the timestamp associated with 

the i-th observation, and xi ∈ ℝ
d is the corresponding d dimensional vector of SCADA 

measurements. 𝑇 represents the transformation of the matrix. 

These variables may include measurements such as electrical power, rotor speed, 

generator speed, pitch angle, gearbox oil temperature, gearbox bearing temperature, na-

celle temperature, and environmental parameters. However, raw SCADA data are typi-

cally affected by measurement noise, missing values, outliers, sensor degradation, and 

variability caused by changing operating and environmental conditions, which makes the 

direct interpretation of fault-related behavior difficult. SCADA variables such as temper-

ature, speed, and torque should not be evaluated in isolation, because their values depend 

strongly on turbine operating state and load. Previous studies have therefore emphasized 

the importance of data cleaning, outlier removal, and careful preprocessing before 

SCADA data are used for condition monitoring and predictive modeling. Therefore, a 

systematic labeling and validation procedure is required before the data can be used as a 

reliable labeled dataset. 

2.1.1. Data Preparation and Initial Label Definition 

The first operational stage of the proposed ALP consists of organizing the SCADA 

records and defining a provisional labeling structure. The label assignment is based on 

the identification of a reference interval associated with abnormal, fault-related, unavail-

able, or maintenance-related turbine operation. In general, this reference interval may be 

determined by using external operational information, such as maintenance logs, alarm 
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records, inspection reports, or operator annotations. In the supervised initialization used 

in this study, the ALP requires at least one reliably documented fault-related, unavailable, 

or maintenance-related interval to initialize the provisional labeling process. The subse-

quent model-based stages are then used to identify and verify potentially inconsistent la-

bels rather than to discover faults without any prior operational reference. 

Let 𝒯F denote the set of timestamps corresponding to this fault-related reference in-

terval. A binary label variable yi is then assigned to each sample such that 

yi = 1 if ti ∈ 𝒯F, and yi = 0 if ti ∉ 𝒯F.  

Here, yi = 1 denotes the fault-related class, whereas yi = 0 denotes the normal op-

erating class. Accordingly, the initially labeled dataset is expressed as 

𝒟init = {(x1, y1), (x2, y2), . . . , (xi, yi), . . . , (xN, yN)}
𝑇  

If the fault-related interval is defined by the time window [Ts, Te], then the initial 

labels can be assigned according to 

𝑦𝑖 = {
1, 𝑇𝑠 ≤ 𝑡𝑖 ≤ 𝑇𝑒 ,
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

  

This initial assignment provides the starting point of the ALP. At this stage, the labels 

are not considered final; rather, they serve as preliminary labels that are subsequently 

verified and refined through preprocessing, model-based classification, misclassification 

analysis, and relabeling. The specific definition of the reference interval used in this work 

is described later in the case study section. 

2.1.2. Data Preprocessing and Feature Selection 

After the provisional label assignment, the dataset is preprocessed to improve its 

quality and suitability for the ALP. This stage includes data cleaning, handling missing 

values, and transforming the selected variables when necessary. 

To identify the most informative features, the Pearson correlation coefficient is calcu-

lated between each feature and the label variable. For the j-th feature, the Pearson corre-

lation coefficient is defined as 

rxjy =
∑ (xij − x̅j)(yi − y̅)
N
i=1

√∑ (xij − x̅j)
2N

i=1 √∑ (yi − y̅)
2N

i=1

 
 

where xij is the value of the j-th feature for the i-th sample, x̄j is the mean of the j-th 

feature, and ȳ is the mean of the binary label variable. Here, yi is the same preliminary 

label previously assigned to the i-th sample according to the fault-related reference inter-

val. The value of rxjy lies in the interval [−1,1]. Features with higher absolute correlation 

values are considered more relevant to the labeling task. Accordingly, the selected feature 

subset can be expressed as 

F = {xj ∶ |rxjy| ≥ τ, j = 1,2, … ,m},  

where τ is the feature-selection threshold and serves as a preliminary screening parame-

ter used to exclude variables with negligible linear association (with the preliminary la-

bels) while retaining potentially informative SCADA features. The threshold was fixed 

empirically, maintaining the iterative refinement of labels. 

After selecting the most relevant variables, feature scaling is performed. For each fea-

ture xj, the standardized value zij is calculated as 

zij =
xij−μj

σj
,  

where μj and σj are the mean and standard deviation of the j-th feature, respectively. 
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These quantities are computed directly from the data and are therefore not selected 

arbitrarily. The preprocessed dataset is then represented as 

𝒟proc = {(z1, y1), (z2, y2), . . . , (zi, yi), . . . , (zN, yN)}
𝑇   

2.1.3. Data Balancing and Dataset Partitioning 

Class imbalance is a common problem in industrial fault detection datasets, where 

normal operating samples usually dominate fault-related samples [25]. Several data-level 

methods have been proposed to address this issue. Classical oversampling methods, such 

as the Synthetic Minority Oversampling Technique (SMOTE), generate synthetic minor-

ity-class samples by interpolating between existing minority observations [26]. Improved 

SMOTE-based variants have also been developed, including Borderline-SMOTE, which 

focuses on minority samples near the class boundary [27], ADASYN, which adaptively 

generates more synthetic samples in difficult learning regions [28], and K-means SMOTE, 

which combines clustering with SMOTE to reduce noise and improve the distribution of 

synthetic samples [29]. More recent approaches include Deep SMOTE, which combines 

an encoder–decoder framework with SMOTE-based oversampling in a learned represen-

tation space [30], and feature-level oversampling methods, where synthetic samples are 

generated in a learned feature space rather than directly in the original input space [31]. 

In the present study, random undersampling was selected as a conservative balanc-

ing strategy. The main objective of the proposed ALP is not only to improve classification 

accuracy, but also to support label verification and iterative refinement. Therefore, pre-

serving the physical meaning of the original SCADA observations is important. Although 

synthetic oversampling methods can improve minority-class representation, they may 

generate artificial SCADA operating points that are mathematically plausible but difficult 

to verify physically, especially during abnormal, unavailable, or maintenance-related tur-

bine operation. For this reason, random undersampling was adopted in this implementa-

tion to balance the dataset while retaining only real measured SCADA records. 

Let 

N0 = |{i: yi = 0}|,  N1 = |{i: yi = 1}|,  

where N0  and N1  are the numbers of normal and fault-related samples, respectively. 

When 

N0 ≫ N1,  

the dataset is imbalanced, which may bias the classifier toward the majority class. 

To reduce this effect, random undersampling is applied to the majority normal class 

by removing randomly selected normal samples until an approximately balanced class 

distribution is obtained. After balancing, the class sizes satisfy 

N0
∗ ≈ N1  

The balanced dataset is therefore written as 

𝒟bal = {(z1, y1), (z2, y2), . . . , (zi, yi), . . . , (zN𝐵 , yN𝐵)}
𝑇  

where NB is the total number of samples after balancing. 

For model development, the balanced dataset is partitioned into training, validation, 

and test subsets such that 

𝒟bal = 𝒟train ∪ 𝒟val ∪ 𝒟test  

with 

𝒟train ∩ 𝒟val ∩ 𝒟test = ∅  

https://doi.org/10.3390/electronics15132907


Electronics 2026, 15, 2907 7 of 28 
 

https://doi.org/10.3390/electronics15132907 

In the proposed framework, the split ratio is defined as 60% for training, 20% for 

validation, and 20% for testing, which gives 

|𝒟train| = 0.6NB, |𝒟val| = 0.2NB, |𝒟test| = 0.2NB.  

2.2. Model-Based Labeling 

After data preparation, preprocessing, and balancing, the next stage of the proposed 

ALP is model-based labeling. In the considered case study, a Decision Tree (DT) classifier 

is employed as the core model for assigning labels to SCADA data. To improve its gener-

alization ability and reduce overfitting, the DT model is optimized using the Grid Search 

(GS) algorithm. 

2.2.1. DT Classifier 

A DT is a supervised machine-learning model used to solve classification and regres-

sion problems [32–35]. In the proposed Automated Labeling Procedure (ALP), the DT is 

employed for binary classification of SCADA samples into two classes: Normal and Fault. 

Its main advantage lies in its interpretability, since the classification process can be repre-

sented as a hierarchical sequence of decision rules based on SCADA variables. 

Let the input sample be represented by the feature vector 

zi = [zi1, zi2, … , zip]
T ∈ ℝp,  

where p is the number of selected SCADA features and zij is the value of the j-th feature 

for the i-th sample. The components of zi correspond to operational and condition mon-

itoring variables measured by the wind turbine SCADA system, such as active power out-

put, wind speed, rotor speed, generator speed, gearbox oil temperature, bearing temper-

atures, and other signals describing turbine and gearbox behavior. The DT classifier can 

then be written as 

ŷi = f(zi; θ),  

where ŷi ∈ {0,1} is the predicted label, f(⋅) denotes the tree-based decision function, and 

θ is the set of model hyperparameters. 

Each internal node applies a threshold condition of the form 

zij ≤ τn,  

where zij is the selected feature and τn is the split threshold automatically determined 

during training. By recursively applying such rules, the classifier assigns each sample to 

either the Normal or Fault class. 

The quality of each split is evaluated using a Gini impurity criterion. In the imple-

mented approach, the Gini impurity is used and is defined as 

G(n) = 1 −∑pc
2

C

c=1

,  

where pc is the proportion of samples belonging to class cat node n, and C is the num-

ber of classes. For the binary case considered in this study, 

G(n) = 1 − (p0
2 + p1

2),  

where p0 and p1 denote the proportions of Normal and Fault samples, respectively. The 

optimal split is selected by maximizing the impurity reduction: 

ΔG = G(n) − (
Nleft
Nn

G(nleft) +
Nright

Nn
G(nright)),  
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where Nn is the number of samples at node n, and Nleft and Nright are the numbers of 

samples assigned to the left and right child nodes, respectively. 

Figure 2 illustrates an example of the DT structure obtained for SCADA-based clas-

sification. In this example, the root node performs a first split using turbine power, which 

separates operating conditions according to a power threshold. Subsequent internal nodes 

apply additional rules based on variables such as gearbox oil temperature and rotor speed. 

The leaf nodes then assign the final class label, Normal or Fault. This example highlights 

the main reason for selecting DT as the core validation model in the ALP: beyond its pre-

dictive performance, it provides a transparent rule-based structure that allows the label-

ing decisions to be inspected and interpreted in terms of physically meaningful SCADA 

variables. 

R

N3

N2

N4

E3

E2

E1

E5

E4

N1

E8

E7E6

E9 E10

E11 E12
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R - Root node: Power   P_th

N - Internal node: GearOilTemp   T_1

C - Leaf node: Normal/Fault

E - Edges

N - Internal node: RotorRPM   R_1

 

Figure 2. Illustrative structure of a DT classifier using representative SCADA parameters. Dashed 

lines indicate that the decision tree continues beyond the branches displayed. 

2.2.2. Grid Search Optimization 

Although DTs are effective and interpretable classifiers, their performance depends 

strongly on the choice of hyperparameters [36]. Parameters controlling the depth of the 

tree and the minimum number of samples required for splitting and leaf creation have a 

direct influence on model complexity, generalization ability, and susceptibility to overfit-

ting. For this reason, Grid Search (GS) is employed in the proposed ALP to determine the 

most suitable hyperparameter configuration for the DT model [37,38]. 

GS is a systematic hyperparameter optimization technique that evaluates all possible 

combinations from a predefined set of candidate values. Let the DT hyperparameter vec-

tor be defined as 

θ = [max_depth, min_samples_split, min_samples_leaf],  

The corresponding hyperparameter search space is expressed as 

Θ = Θ1 × Θ2 × Θ3,  

where each set Θk  contains the candidate values of the k -th hyperparameter. GS then 

evaluates all combinations 

θ(q) ∈ Θ, q = 1,2, … , Q,  

where Q denotes the total number of tested hyperparameter combinations. 
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For each candidate combination θ(q), a DT model is trained and evaluated by cross-

validation. Let Kf denote the number of folds and let Sk(θ
(q)) denote the validation score 

obtained for the k-th fold. The mean cross-validation score is then computed as 

J(θ(q)) =
1

Kf
∑Sk

Kf

k=1

(θ(q)).  

The optimal hyperparameter vector is selected as the one that maximizes the average 

validation score: 

θ∗ = arg max
θ(q)∈Θ

J(θ(q)).  

Consequently, the final optimized DT classifier used in the ALP is written as 

ŷi = f(zi; θ
∗),  

where zi is the input feature vector of sample i, f(⋅) is the DT decision function, and ŷi 

is the predicted label. 

2.2.3. Role of the Optimized Classifier Within the ALP 

Within the proposed ALP, the DT optimized by GS serves as the classification engine 

used to generate prediction outputs from the prepared SCADA dataset. However, it 

should be emphasized that this optimized classifier is only one component of the overall 

framework. 

More specifically, the optimized classifier produces the predicted labels that are sub-

sequently compared with the provisional labels during the validation stage. The resulting 

disagreements are used to identify potentially inconsistent samples, which are then exam-

ined in the refinement loop of the ALP. In this way, the DT–GS combination supports the 

verification and correction of preliminary labels and contributes to the progressive im-

provement of dataset consistency. 

2.3. Critical Step of the ALP: The Iterative Refinement Loop 

The critical methodological component of the proposed ALP is the iterative refine-

ment loop. Rather than treating the assigned labels as fixed, the proposed ALP progres-

sively verifies and refines them. After the initial model-based validation stage, the classi-

fier outputs are compared with the current labels to identify potentially inconsistent ob-

servations. These samples are then examined through misclassification analysis, selec-

tively relabeled when justified, and reintroduced into the dataset for model retraining. In 

this way, the ALP uses model feedback not only for prediction, but also for progressive 

improvement of dataset quality. The process is repeated until the label set becomes stable 

and no further meaningful improvement is observed. 

2.3.1. Validation and Performance Evaluation 

After the DT classifier has been optimized and trained, its predictions are evaluated 

on the validation subset to assess the consistency between the model output and the cur-

rent labels. Let the validation dataset be denoted by 

𝒟val = {(z1, y1), (z2, y2), . . . , (zi, yi), . . . , (zN𝑣𝑎𝑙, yN𝑣𝑎𝑙)}
𝑇 ,  

where z𝑖  is the preprocessed feature vector, 𝑦𝑖 ∈ {0,1}  is the current label, and Nval  is 

the number of validation samples. For each sample, the classifier produces a predicted 

label 

ŷi = f(zi; θ
∗),  
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where θ∗ is the optimal hyperparameter configuration selected during Grid Search. 

The validation performance is quantified using the confusion matrix and the corre-

sponding classification metrics. Let TP, TN, FP, and FN denote the numbers of true pos-

itives, true negatives, false positives, and false negatives, respectively. The evaluation 

measures are defined as follows: 

Accuracy =
TP + TN

TP + TN + FP + FN
  

F1 =
2TP

2TP + FP + FN
  

IoU =
TP

TP + FP + FN
  

These metrics provide a quantitative assessment of the model-based labeling stage. 

However, within the proposed ALP, their role is not limited to measuring classifier per-

formance. They also serve as indicators of the quality and consistency of the current label 

set. Samples associated with incorrect predictions become candidates for further analysis 

in the refinement loop. 

2.3.2. Misclassification Analysis 

This stage represents the starting point of the main ALP contribution, because the 

detected misclassifications are used not only to evaluate classifier performance, but also 

to trigger the label refinement mechanism. 

Once the validation results are obtained, the next step of the ALP consists of identi-

fying and analyzing the samples for which the predicted labels disagree with the current 

labels. At iteration t, the set of misclassified samples is defined as 

ℳ(t) = { i   ∣   ŷi
(t) ≠ yi

(t) },  

where yi
(t) denotes the current label of sample i, and ŷi

(t) denotes the label predicted by 

the classifier at iteration t. 

The elements of ℳ(t) are treated as suspicious samples, since the disagreement may 

arise from two possible sources: either the classifier fails to generalize correctly, or the 

provisional assignment is not fully consistent with the actual SCADA behavior. In the 

proposed ALP, these misclassified observations are not automatically considered as label-

ing errors. Instead, they are examined as potentially ambiguous or unreliable samples re-

quiring further verification. 

The misclassification analysis is performed by examining the operational context of 

the disputed observations. In the case of wind turbine SCADA data, this analysis may 

involve the inspection of the corresponding SCADA variables, their local temporal behav-

ior, and their relation to known operational or fault-related intervals. Samples located 

near class boundaries, transition periods, or noisy operating conditions are particularly 

important, since such records are more likely to contain uncertain or inconsistent labels. 

Therefore, the purpose of this stage is to transform raw disagreement information 

into informed relabeling candidates. In this sense, misclassification analysis acts as the 

diagnostic bridge between classifier output and label correction and constitutes a central 

part of the ALP refinement logic. 

2.3.3. Relabeling Strategy 

After the misclassified samples have been identified and analyzed, a selective rela-

beling strategy is applied. The key principle of the proposed ALP is that relabeling is per-
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formed only for samples whose inconsistency is considered justified after the analysis 

stage. Let 

ℛ(t) ⊆ℳ(t)  

denote the subset of samples selected for relabeling at iteration t. These are the observa-

tions for which the model prediction is considered more reliable than the current assigned 

label, based on the validation evidence and the misclassification analysis. 

The label update rule is then defined as 

yi
(t+1)

= {
ŷi
(t), i ∈ ℛ(t)

yi
(t), i ∉ ℛ(t)

  

where y
i

(t+1)
 is the updated label after iteration t. Accordingly, only the validated suspi-

cious samples are reassigned, while the remaining observations preserve their current la-

bels. 

The relabeled dataset obtained at iteration t + 1 is written as 

𝒟
relabeled

(t+1)
= {(z1, y1

(t+1)
), (z2, y2

(t+1)
), . . . , (zi, yi

(t+1)
), . . . , (zN𝐵 , yN𝐵

(t+1)
}
𝑇

  

where NB is the size of the balanced dataset used in the study. 

This selective strategy is essential for preserving the interpretability and robustness 

of the ALP. It prevents unjustified relabeling of difficult but correctly labeled samples, and 

ensures that the refinement process remains controlled rather than arbitrary. Therefore, 

the proposed relabeling strategy is not a simple replacement of labels by predictions; ra-

ther, it is a validation-guided correction mechanism embedded within the iterative work-

flow. 

2.3.4. Model Retraining and Convergence Criterion 

After the dataset has been updated through selective relabeling, the classifier is re-

trained using the refined label set. At iteration t + 1, the updated model is expressed as 

ŷi
(t+1)

= f(zi; θ
∗(t+1)),  

where θ∗(t+1) denotes the optimized model parameters obtained after retraining on the 

refined dataset. The new model is then evaluated again on the validation subset, and the 

same cycle of validation, misclassification analysis, and selective relabeling is repeated. 

This iterative procedure continues until a convergence condition is satisfied. In the 

proposed ALP, convergence is defined by the absence of additional justified relabeling 

and by negligible improvement in F1-score between successive iterations. 

A performance-based criterion can be written as 

∣ F1
(t+1)

− F1
(t) ∣< ε,  

where ε is a predefined tolerance. In parallel, a label stability condition may be defined 

as 

∣ ℛ(t) ∣= 0,  

which indicates that no additional samples have been selected for justified relabeling at 

iteration t. 

Accordingly, the refinement loop is terminated when the label set becomes stable, 

and the classifier’s performance no longer shows meaningful improvement. The output 

of this stage is the final refined labeled dataset, 
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which constitutes the product of the proposed ALP and serves as the basis for the subse-

quent case-study analysis. 

2.3.5. Final Output of the ALP 

The final output of the proposed ALP is a refined labeled dataset, denoted by 

𝒟labeled
∗ ,  

which is obtained after the successive stages of data preparation, provisional label assign-

ment, preprocessing, feature selection, balancing, model-based labeling, validation, mis-

classification analysis, selective relabeling, and model retraining. 

Accordingly, the ALP can be understood as a complete mapping from the raw 

SCADA dataset to the final validated dataset: 

𝒟raw →
ALP

𝒟labeled
∗ .  

The importance of this final output lies in the fact that it is not generated by a single 

classification step, but by a structured and interpretable workflow in which provisional 

labels are progressively verified and corrected. 

The general ALP presented in this section is confirmed in the following section with 

a wind turbine SCADA case study. 

2.4. Computational Complexity and Overfitting Control 

Let (N) denote the number of SCADA observations, (p) the number of selected fea-

tures, (K) the number of Grid Search combinations, (C) the number of cross-validation 

folds, (d) the Decision Tree depth, and (R) the number of refinement iterations. The overall 

computational complexity is approximately 

O(R(KCNplogN + Nd))  

In practice, the number of refinement iterations remains small, and only disputed 

samples require detailed verification. 

The risk of overfitting is controlled using mutually exclusive training, validation, and 

test subsets, five-fold cross-validation, tree-complexity parameters, cost-complexity prun-

ing, and learning-curve analysis. Generalization is assessed using validation and test per-

formance rather than training accuracy alone. The final relabeled dataset is also evaluated 

using Random Forest, XGBoost, and Gradient Boosting. 

3. Case Study: Application of the ALP to Wind Turbine SCADA Data 

The individual stages of the procedure are implemented on real operational data, and 

the effectiveness of the refined labeling strategy is evaluated through quantitative perfor-

mance metrics and comparative analysis. The case study describes the implementation of 

each stage of the ALP, from raw data preparation and provisional label assignment to 

preprocessing, balancing, and model-based labeling. The purpose of the case study is to 

show how the proposed procedure can generate a refined labeled dataset from previously 

unlabeled SCADA records, thereby providing a reliable basis for subsequent fault detec-

tion analysis. 

3.1. SCADA Dataset 

The case study considered in this manuscript is based on multi-annual 10 min raw 

SCADA data collected from a wind turbine located in Ireland. The dataset covers the pe-

riod from 1 January 2017 to 31 December 2019 and describes the operational behavior of 

the turbine over a long-term monitoring interval [39]. 
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The wind turbine has a hub height of 60 m and a rotor diameter of 52 m. During the 

observation period, a major gearbox changeout took place between 4 October 2018 and 27 

July 2019. Throughout this interval, no positive electrical power output was recorded. This 

event provides a meaningful operational reference for the present study, since it corre-

sponds to an abnormal or unavailable turbine state associated with maintenance activity. 

The SCADA records include a wide range of operational and environmental varia-

bles, such as active power, rotor speed, generator speed, pitch angle, gearbox oil temper-

ature, gearbox bearing temperature, generator temperatures, nacelle temperature, and 

ambient conditions. Owing to its long time span and the presence of a clearly identified 

abnormal operational interval, this dataset is well suited for evaluating the proposed ALP 

in a realistic wind energy context. 

3.2. Case-Specific Provisional Label Definition 

The original SCADA dataset was unlabeled. To initialize the ALP, a binary label var-

iable was introduced using the gearbox-changeout interval as a fault-related reference pe-

riod. More specifically, the records corresponding to the gearbox-changeout interval were 

initially assigned to the Fault class, whereas the remaining records were assigned to the 

Normal class. This documented event provides the operational reference required to ini-

tialize the provisional labels used by the ALP. 

Let ti denote the timestamp of the i-th SCADA observation and let [Ts, Te] denote 

the time interval associated with the gearbox changeout. The initial label is then defined 

as 

yi = {
1, Ts ≤ ti ≤ Te
0, otherwise

  

where yi = 1 denotes a fault-related sample and yi = 0 denotes a normal-operation sam-

ple. Figure 3 presents the active power time series and highlights the interval used to de-

fine the initial labels. 
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Figure 3. Active power output of the wind turbine over the study period, highlighting the gear-

box-changeout interval used for the initial label definition. 
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3.3. Case Study Data Preprocessing and Feature Selection 

After the provisional labels were assigned, the dataset was preprocessed to improve 

its suitability for the ALP workflow. This stage included the organization of the SCADA 

records, treatment of incomplete or inconsistent observations, and preparation of the var-

iables used in the subsequent model-based labeling stage. 

To identify the informative variables for distinguishing between normal and fault-

related operating states, the Pearson correlation coefficient was computed between each 

candidate feature and the binary label variable, with a fixed threshold coefficient defined 

as a moderate screening criterion. This value is chosen to remove variables with negligible 

correlation while preserving weakly but potentially meaningful features, which is con-

sistent with the objective of the proposed ALP. Features with higher absolute correlation 

values were considered more relevant for the classification task and were therefore re-

tained for further analysis. The selected feature subset is reported in Table 1. 

Table 1. Selected SCADA features used for fault-related labeling. 

Feature Title Description 
Correlation with Label (Absolute 

Value) 

Fault Label Fault label (normal and fault data) 1 

Pitch Pitch angle 0.7–0.8 

GearBearTemp Gearbox bearing temperature (°C) 0.85–0.92 

GearOilTemp Gearbox oil temperature (°C) 0.78–0.85 

GenBearTemp Generator bearing temperature (°C) 0.68–0.78 

RotorRPM Wind turbine rotor revs per minute (RPM) 0.94–0.97 

GenRPM Electrical generator revs per minute (RPM) 0.95–0.98 

GenPh1Temp Generator phase 1 winding temperature (°C) 0.81–0.89 

GenPh2Temp Generator phase 2 winding temperature (°C) 0.81–0.89 

GenPh3Temp Generator phase 3 winding temperature (°C) 0.82–0.9 

NacelTemp Temperature inside nacelle space (°C) 0.4–0.55 

MaxPower Maximum 10 min power output (kW) 0.6–0.72 

StdDevPower Wind speed standard deviation (m/s) in 10 min period 0.55–0.68 

Power Average 10 min power output (kW) 0.52–0.65 

MinPower Minimum 10 min power output (kW) 0.48–0.6 

AvgRPow Average 10 min reactive power output (kVAR) 0.5–0.62 

The selected variables mainly describe turbine production, drivetrain behavior, and 

thermal operating conditions, all of which are expected to be influenced by gearbox-re-

lated abnormal operations. 

After feature selection, the retained numerical variables were standardized to ensure 

a consistent representation across the evaluated classifiers. 

3.4. Data Balancing and Experimental Setup 

The initially labeled dataset exhibited a marked class imbalance, with normal-opera-

tion samples significantly outnumbering fault-related samples. Specifically, the dataset 

contained 82,466 healthy samples, exceeding the number of fault samples by 14,350. Such 

imbalance can reduce the sensitivity of machine-learning models to the minority class and 

bias the classification outcome toward normal operation. 

To alleviate this effect, a random undersampling strategy was applied to the majority 

class, by randomly removing 14,350 healthy samples. The distribution of samples before 

and after balancing is illustrated in Figure 4, where labels 0 and 1 represent normal and 

faulty samples, respectively. 
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Figure 4. Class distribution before and after random undersampling of the healthy class. 

3.5. Classification of the Prelabeled Data 

The classification stage of the ALP was first implemented using a baseline DT classi-

fier. This model was selected because of its interpretability and its suitability for both clas-

sification and the examination of potentially inconsistent labels. At each internal node, the 

split threshold was determined during training. 

The initial DT model achieved very high training performance, but the discrepancy be-

tween training and validation/test behavior suggested the presence of overfitting. For this rea-

son, GS optimization was applied to identify a more suitable hyperparameter configuration. 

The optimization process focused on the main complexity controlling parameters of the tree, 

namely max_depth, min_samples_split, and min_samples_leaf, as defined in Section 2. 

The optimized DT was then used as the core classification model within the ALP. 

During validation, its predictions were compared with the current dataset labels to iden-

tify disagreements and potentially suspicious observations. These samples were subse-

quently used in the iterative refinement loop, where misclassification analysis and selec-

tive relabeling were performed to improve label consistency. 

The classifier provides predictions that help the ALP identify potentially unreliable 

labels and progressively improve dataset quality. 

The quantitative performance of the baseline and optimized models, together with 

the comparison against alternative classifiers and the effect of the iterative relabeling pro-

cess, are presented in the next section. 

4. Results, Comparative Analysis and Discussion 

Since the main contribution of the proposed ALP is the refinement loop rather than 

the classifier alone, the results are analyzed from two perspectives: first, the predictive 

performance of the classifiers, and second, the ability of the ALP to identify, interpret, and 

selectively correct inconsistent labels. 

The results are organized in four stages. First, the performance of the baseline DT 

and the optimized GS-DT is compared to evaluate the effect of hyperparameter tuning. 

Second, the optimized DT is compared with two additional classifiers, namely Random 

Forest (RF) and XGBoost (XGB), using standard performance metrics. Third, the model 

disagreements are examined through misclassification analysis to identify potentially in-

consistent labels. Finally, the effect of the iterative relabeling stage is assessed by repeating 
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the workflow on the refined dataset and comparing the resulting classification perfor-

mance. In this way, this section evaluates not only the predictive capability of individual 

models, but also the effectiveness of the ALP as a complete labeling framework. 

4.1. Performance Before and After DT Optimization 

A baseline DT model was first trained using the prepared SCADA dataset. Although this 

initial model achieved a high training accuracy, presented in Table 2, its test performance was 

substantially lower, indicating that the classifier had learned the training data too closely and 

did not generalize well to unseen samples. This behavior is characteristic of overfitting. 

As shown in Table 2, the baseline DT achieved an accuracy of 88.02%, with precision, 

recall, and F1-score all close to 88%. These results indicate that the untuned DT, despite 

fitting the training data extremely well, was not sufficiently robust when applied to un-

seen observations. 

To mitigate this issue, GS optimization was applied to tune the main hyperparame-

ters controlling tree complexity, namely max_depth, min_samples_split, and min_sam-

ples_leaf. After optimization, the performance of the DT improved markedly. The opti-

mized GS-DT reached an accuracy of 99.985%, with equally high precision, recall, and F1-

score, demonstrating a substantial gain in predictive reliability. 

Figure 5 further illustrates this difference through the learning curves of the two 

models. In the case of the baseline DT, the training accuracy remained equal to 99.998% 

across all training set sizes, while the test accuracy stayed considerably lower. The persis-

tent gap between the two curves clearly indicates overfitting. By contrast, the optimized 

GS-DT showed a much smaller discrepancy between training and test performance, which 

confirms that hyperparameter tuning improved the generalization ability of the model. 
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Figure 5. Learning curves of the baseline DT and the GS-DT. 
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Table 2. Performance of the baseline DT and the Grid Search-optimized DT. 

Model Accuracy Precision Recall F1-Score 

DT 88.02% 88.02% 88.01% 88.02% 

GS-DT 99.985% 99.993% 99.978% 99.985% 

The baseline DT exhibits a pronounced gap between training and test accuracy, indi-

cating overfitting, whereas the optimized GS-DT shows a substantially reduced gap and 

improved generalization. Overall, these results demonstrate that the baseline DT was not 

sufficiently reliable to serve directly as the model-based labeling component of the ALP. 

The application of GS significantly reduced overfitting and produced a more robust clas-

sifier, making the GS-DT more suitable for the subsequent validation and iterative refine-

ment stages of the proposed methodology. 

4.2. Analysis of the GS-DT Results 

After hyperparameter optimization, illustrated in Table 3, the GS-DT model was 

adopted as the primary classifier within the proposed ALP. 

Table 3. Hyperparameters selected by Grid Search. 

Parameter Description Values Tested Selected Value 

max_depth Maximum depth of the Decision Tree [None, 10, 20, 30] 10 

min_samples_split 
Minimum number of samples required to split an inter-

nal node 
[2, 5, 10] 2 

min_samples_leaf Minimum number of samples required at a leaf node [1, 2, 4] 1 

criterion Function to measure the quality of a split [‘gini’, ‘entropy’] gini 

At iteration t, the set of misclassified samples was defined as 

ℳ(t) = { i   ∣   ŷi
(t) ≠ yi

(t) },  

The confusion matrix of the GS-DT model (Figure 6) showed that ℳ(t) = 4, consist-

ing of three false positives (FPs) and one false negative (FN). This small cardinality made 

manual verification feasible. Each sample was reviewed using its SCADA feature values 

and its timestamp relative to the gearbox-changeout interval. 

The analysis revealed that not all misclassified samples were of the same nature. 

ℳ(t) = ∁  

13,631

13,6123

1

1
0

0 1
Predicted

T
ru
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Figure 6. Confusion matrix of the GS-DT model before relabeling. 

The corresponding misclassified samples are listed in Table 4. 
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Table 4. Disputed samples identified by the misclassification-guided ALP refinement loop. 

Type Reference 

Wind 

Speed 

(m/s) 

Wind 

DirAbs 

(deg) 

Power 

(kW) 

Max Power 

(kW) 

Min Power 

(kW) 

StdDev 

Power 

(kW)  

GearOilTemp 

(°C) 

Gear-

BearTemp 

(°C) 

FP 561216 6.0 248.1 110.2 435.5 22.3 72.2 51 59 

FP 561231 7.2 240.7 194.3 280.3 145.7 27.0 57 65 

FP 558677 5.3 145.0 −0.6 −0.6 −4.5 0.3 18 18 

FN 625402 0.0 −1152.6 3072.6 −3276.8 3276.7 0.0 0 0 

The first two false-positive samples (561216 and 561231), recorded on 5 September 

2018, are characterized by positive power output, non-zero variability in power, and gear-

box temperatures that are consistent with turbine operation under load. Since these sam-

ples also occur outside the gearbox-changeout interval, their feature patterns are more 

compatible with normal turbine behavior than with a confirmed fault-related state. These 

two samples can therefore be interpreted as typical mistakes produced by the classifier 

rather than obvious labeling inconsistencies. 

The third false-positive sample (sample 558677), recorded on 22 April 2019, presents 

a different pattern. This observation exhibits near-zero or slightly negative power output, 

almost no variation in power, and low gearbox temperatures. In addition, its timestamp 

falls within the gearbox-changeout interval that was used as the fault-related reference 

period. Consequently, this sample is more reasonably associated with a non-operational 

or fault-related condition than with normal turbine operation. Unlike the first two false 

positives, this case represents a credible candidate for relabeling. 

The false-negative sample (625402) identified by the GS-DT model also requires care-

ful interpretation. Its recorded values are highly unusual, including WindDirAbs = 

−1152.6, Power = 3072.6, MaxPower = −3276.8, MinPower = 3276.7, and zero values for 

both gearbox temperatures. Such values are physically implausible under normal SCADA 

operation and suggest the presence of a corrupted record, sensor anomaly, or data-quality 

issue rather than a meaningful operating state. For this reason, this sample should not be 

interpreted as a simple classification error alone; instead, it must be treated as a suspicious 

record requiring targeted verification before any relabeling decision is made. 

Thus, the verification process partitioned ℳ(t) into three distinct subsets: 

ℳ(t) = ℛ(t) ∪ ∁(t) ∪ Α(𝑡)  

where 

• ℛ(t) = {558677}: justified relabeling candidates; 

• ∁(t)= {561216, 561231}: confirmed correct labels despite model error; 

• Α(𝑡) = {624502}: data-quality anomalies requiring separate handling. 

4.3. Relabeling the Dataset and Iterative Refinement 

The GS-DT model produced only four disputed samples, which made manual veri-

fication feasible. Each sample was reviewed using its SCADA feature values and its 

timestamp relative to the gearbox-changeout interval. 

Following the selective relabeling strategy of the ALP, relabeling was performed only 

for samples whose inconsistency was considered justified after verification. 

The subset selected for relabeling was determined using the label update rule de-

scribed in Section 2.3.3. 

For sample 558677, 

yi
(t) = 0 ⟹ yi

(t+1)
= 1  

For samples 561216 and 561231, the original labels were retained: 
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yi
(t) = yi

(t+1)
= 0  

For sample 625402, the original label was also retained at this stage, but the sample 

was selected for manual review rather than being treated as a confirmed correct label: 

yi
(t) = yi

(t+1)
= 1  

With 𝑦 = 0 denoting Normal and 𝑦 = 1 denoting Fault, the label updates after ver-

ification are summarized in Table 5. 

Table 5. Verification decisions and selective label updates for disputed samples. 

Type Reference 𝐲𝐢
(𝒕)

 StdDev Power (KW)  𝐲𝐢
(𝐭+𝟏)

 

FP 561216 0 Retained as Normal 0 

FP 561231 0 Retained as Normal 0 

FP 558677 0 Retained as Fault 1 

FN 625402 1 Kept under manual review / not automatically changed 1 

The relabeled dataset for the next iteration was constructed as 

𝒟relabeled
(t+1)

= {(z1, y1
(t+1)

), (z2, y2
(t+1)

), . . . , (zi, yi
(t+1)

), . . . , (zN𝐵 , yN𝐵

(t+1)
}
𝑇

,  

The convergence criterion for the ALP requires two conditions: 

• Label stability condition: 

|ℛ(𝑡)| = 0  

• Performance stability condition: 

∣ F1
(t+1)

− F1
(t) ∣< ε,  

Since ∣ ℛ(t) ∣= 1 ≠ 0, the label stability condition was not satisfied at this iteration. 

Therefore, the refinement loop continued. The sample 558677 was successfully relabeled 

from Normal to Fault, while the other three misclassified samples were either confirmed 

as correct or flagged for special handling. The iterative procedure would proceed to iter-

ation t + 1 with the updated dataset, after which the same cycle of validation, misclassi-

fication analysis, and selective relabeling would be repeated until convergence. The re-

fined dataset was evaluated again to determine whether the convergence criteria had been 

satisfied using RF and XGBoost classifiers alongside the GS-DT. 

4.4. Comparative Verification Using Random Forest and XGBoost 

After the first relabeling step based on the GS-DT analysis, the updated dataset 

𝒟relabeled
(t+1)

 was further evaluated using (RF) and XGBoost to verify the consistency of the 

refined labels. The purpose of this stage was not to replace the GS-DT as the main classifier 

within the ALP, but to confirm whether the remaining disputed samples were still identi-

fied by other strong classifiers. In this way, RF and XGB were used as verification models 

in the iterative refinement process. 

At this stage, for each verification model m ∈ {RF,XGB}, the set of misclassified sam-

ples was defined as 

ℳ𝑚
(𝑡+1)

= { i   ∣   ŷi,m
(t+1) ≠ yi

(t+1) },  

where ŷi,m
(t+1) denotes the label predicted by verification model 𝑚 on the refined dataset. 

The confusion matrices obtained after the first relabeling presented in Figure 7 

showed 

https://doi.org/10.3390/electronics15132907


Electronics 2026, 15, 2907 20 of 28 
 

https://doi.org/10.3390/electronics15132907 

• GS-DT: |ℳ𝐺𝑆−𝐷𝑇
(𝑡+1)

| = 0 (zero false positives, zero false negatives); 

• Random Forest: |ℳ𝑅𝐹
(𝑡+1)

| = 6 (five false positives, one false negative); 

• XGBoost: |ℳ𝑋𝐺𝐵
(𝑡+1)

| = 1 (one false positive, zero false negatives). 

A more detailed examination of these samples showed that the false-negative cases 

identified by RF and XGBoost (samples 621237, 581705, 621109, 581697, and 621240) oc-

curred during the gearbox-changeout interval. Since this period had already been estab-

lished as a confirmed fault-related operational interval, all samples within it should be 

assigned to the Fault class 𝑦 = 1. Accordingly, these samples 

yi
(t+1) = 0 (Normal), but should be 1 (Fault)  

Therefore, these disputed observations were interpreted as remaining labeling incon-

sistencies rather than ordinary model errors alone. 
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Figure 7. Confusion matrices of the evaluated models after the first relabeling step: (a) Random 

Forest, (b) XGBoost, and (c) GS-DT. 

The remaining disputed samples identified by RF and XGBoost are summarized in 

Table 6. 

Table 6. Misclassified samples identified by Random Forest and XGBoost after the first relabeling step. 

Model Type Reference 
Wind 

Speed 

Wind 

DirAbs 
Power Max Power Min Power 

StdDev 

Power 
GearOilTemp 

Gear-

BearTemp 

RF FN 621237 6.6 241.3 136.9 315.8 −7.7 77.3 27 40 

RF FN 581705 4.5 233.4 38.2 90.4 −7.8 19.7 51 59 

RF FN 621109 8.0 146.0 289.5 590.8 125.7 87.9 36 62 

RF FN 581697 5.3 258.2 72.2 288.7 15.5 62.8 52 60 

RF FN 621240 1.1 146.9 298.0 35.9 58.8 32.0 58 - 

RF FP 625402 0.0 −1152.6 3072.6 −3276.8 3276.7 0.0 0 0 

XGB FN 581697 5.5 258.2 72.2 288.7 15.5 62.8 52 60 

The only false-positive sample (reference 625402) displayed physically implausible 

feature values, including extreme and contradictory power-related values and zero gear-

box temperatures. This record was therefore treated as a suspicious data-quality anomaly 

i ϵ Α(𝑡+1), requiring special consideration, rather than as a straightforward operating-state 

sample. 

ℛ(t+1) = {621237,581705,621109,581697,621240}, |ℛ(t+1)| = 5 ≠ 0  

Sample 625402 was not included in ℛ(t+1) due to data-quality issues. 

The label update rule for iteration t + 1 was applied as 
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yi
(t+2)

= {
ŷi
(t+1), i ∈ ℛ(t+1)

yi
(t+1), i ∉ ℛ(t+1)

  

Since ŷ
i

(t+1)
= 1 (Fault) for these five samples (they were predicted as Fault by the 

verification models), and their current labels were y
i

(t+1)
= 0  (Normal), the update 

yielded 

yi
(t+2)

= 2 for all i ∉ ℛ(t+1)  

Overall, the results obtained from RF and XGBoost provide additional support for 

the ALP refinement logic. After the first relabeling step, the number of disputed samples 

was reduced to a very small subset, and the remaining disagreements were concentrated 

in observations that either belonged to the gearbox-changeout period or exhibited abnor-

mal data patterns. This confirms that the iterative relabeling process improved dataset 

consistency and that the refined labels were largely supported by multiple classifiers. 

4.5. Verification and Convergence of the ALP 

After the second relabeling step (iteration), the ALP was re-evaluated using Random 

Forest, XGBoost, and the GS-DT to verify whether any additional justified relabeling was 

still required. 

At this stage, for each verification model m ∈ {RF,XGB}, the set of misclassified sam-

ples was defined as 

ℳ𝑚
(𝑡+2)

= { i   ∣   ŷi,m
(t+2) ≠ yi

(t+2) },  

The resulting confusion matrices are presented in Figure 8. 

• GS-DT: |ℳ𝐺𝑆−𝐷𝑇
(𝑡+2)

| = 0 (perfect classification); 

• Random Forest: |ℳ𝑅𝐹
(𝑡+2)

| = 3 (five false positives, one false negative); 

• XGBoost: |ℳ𝑋𝐺𝐵
(𝑡+2)

| = 1 (one false positive, zero false negatives). 

A detailed review of these remaining disputed samples indicated that they had al-

ready been examined in the previous refinement steps and did not justify additional rela-

beling. Their feature values did not provide sufficient evidence to overturn the current 

assigned labels with confidence. Therefore, 

|ℛ(t+2)| = 0  

From the perspective of the ALP, this stage marks the convergence of the iterative 

process. The stopping criteria defined in the general ALP formulation were satisfied: 

• Label stability condition: 

|ℛ(𝑡+2)| = 0  

• Performance stability condition: 

∣ F1
(t+2)

− F1
(1) ∣< ε,  

where ε  is a predefined tolerance. Since no additional justified relabeling actions re-

mained and the model performance no longer showed meaningful improvement, both 

conditions were met. 

The refined dataset obtained at this stage was therefore accepted as the final labeled 

dataset produced by the proposed ALP: 

𝒟relabeled
∗ = 𝒟relabeled

(t+2)
= {(z1, y1

(t+2)
), (z2, y2

(t+2)
), . . . , (zi, yi

(t+2)
), . . . , (zN𝐵 , yN𝐵

(t+2)
}
𝑇

,  
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Figure 8. Confusion matrices of the evaluated models after the final relabeling step: (a) Random 

Forest, (b) XGBoost, and (c) GS-DT. 

The remaining disputed samples are summarized in Table 7. 

Table 7. Remaining disputed samples after the final relabeling step. 

Model Type Reference 
Wind 

Speed 
WindDirAbs Power 

Max 

Power 

Min 

Power 

StdDev 

Power 
GearOilTemp 

Gear-

BearTemp 

Random 

Forest 
FP 621237 6.6 241.3 136.9 315.8 −7.7 77.3 27 40 

Random 

Forest 
FP 621109 8.0 146.0 289.5 590.8 125.7 87.9 36 62 

Random 

Forest 
FP 621240 1.1 146.9 298.0 35.9 58.8 32.0 58 — 

XGBoost FP 581697 5.5 258.2 72.2 288.7 15.5 62.8 52 60 

4.6. Additional Validation of the ALP 

Two complementary validation experiments were conducted to evaluate the results 

of the proposed ALP. First, a Gradient Boosting Classifier was applied to the final rela-

beled dataset to determine whether the refined labels remained consistently learnable us-

ing a model that was not involved in the iterative relabeling procedure. Second, the frozen 

GS-DT was applied to a chronologically unseen SCADA period to evaluate whether the 

proposed approach could generate initial prelabels without using the operational-state 

labels of that period during model development. The first experiment evaluates the inter-

nal consistency of the final relabeled dataset, whereas the second evaluates the practical 

deployment of the ALP on unseen data. 

4.6.1. Evaluation of the Final Relabeled Dataset Using Gradient Boosting 

To provide an additional evaluation of the final relabeled dataset, a Gradient Boost-

ing Classifier (GBC) was applied after completion of the ALP refinement process. The GBC 

was not involved in the iterative relabeling procedure. Instead, it was used as an inde-

pendent evaluation model to determine whether the final refined labels remained consist-

ently learnable using another ensemble-learning approach. 

The GBC was evaluated under the same experimental conditions used for the other 

classifiers. The same final relabeled and balanced SCADA dataset, selected input features, 

class definitions, 60%/20%/20% training–validation–test partition, and random state were 

retained. In all experiments, (y = 0) represents normal operation and (y = 1) represents the 

fault-related state. Performance was assessed using accuracy, precision, recall, F1-score, 

and confusion-matrix analysis. 

On the test set, the GBC achieved an accuracy of 99.9245%. For the fault-related class, 

the precision, recall, and F1-score were 99.9371%, 99.9119%, and 99.9245%, respectively. 
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The test set contained 15,896 observations, with 7948 samples from each class, as reported 

in Table 8. 

Table 8. Test performance of the GBC on the final relabeled dataset. 

Model Accuracy Precision Recall F1-score 

GBC 99.9245% 99.9371% 99.9119% 99.9245% 

The confusion matrix showed that 7943 normal observations and 7941 fault-related 

observations were correctly classified. Five normal samples were classified as fault-re-

lated, corresponding to false-positive predictions, while seven fault-related samples were 

classified as normal, corresponding to false-negative predictions. In total, the GBC pro-

duced 12 misclassified observations, as shown in Table 9. 

Table 9. Confusion matrix of the Gradient Boosting Classifier on the final relabeled test set. 

True Class Predicted Normal Predicted Fault-Related 

Normal 7943 5 

Fault-related 7 7941 

These results indicate that the final relabeled dataset can be learned with high con-

sistency by an additional ensemble classifier. The limited number of disagreements pro-

vides further support for the stability of the labels obtained through the ALP. However, 

model disagreements were not treated as labeling errors unless supported by the corre-

sponding timestamps, SCADA measurements, temporal behavior, physical plausibility, 

and relationship to the documented gearbox-changeout interval. 

Although the GBC achieved high predictive performance, the optimized Decision 

Tree was retained as the principal classifier within the ALP refinement loop because its 

explicit decision rules facilitate the interpretation of disputed observations. The GBC was 

therefore used as an independent model for evaluating the consistency of the final rela-

beled dataset. 

The GBC evaluates the consistency of the final labels using a conventional labeled 

test set. However, it does not directly assess whether the ALP can initiate labeling when 

the operational state of a new dataset is unknown. This aspect is investigated separately 

in the following chronological validation. 

4.6.2. Validation on a Chronologically Unseen SCADA Period 

To assess whether the ALP can initiate the labeling of previously unseen data without 

prior knowledge of the operational state, the ALP was further evaluated on 10,097 ten-

minute Vestas SCADA observations recorded between 1 January and 12 March 2020. The 

original 2017–2019 case study was used for methodological development and demon-

strated how the ALP could refine provisional labels when an initial documented reference 

interval was available. By contrast, the new 2020 validation set was independent of the 

original case study and was used to evaluate the automated prelabeling of unseen data 

without prior state information. 

The 2020 period was not used in any form of label derivation, feature selection, class 

balancing, hyperparameter optimization, validation, or threshold selection. The previ-

ously optimized GS-DT was frozen with the Gini criterion, a maximum depth of 10, a 

minimum split size of 2, and a minimum leaf size of 1. 

For each observation xi, the model generated a changeout-related probability pi =

P(yi = 1 ∣ xi). The decision threshold was selected before using a separate chronological 

validation set of 24,398 observations from January–March 2018 and January–March 2019. 
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A total of 1001 candidate thresholds were evaluated over T = {0,0.001, … ,1.000}. For each 

threshold, the validation error was calculated as E(T) = FP(T) + FN(T). 

The threshold minimizing E(T) was retained, with higher fault-related recall used 

to resolve ties. This procedure gives T∗ = 0.251. At this threshold, the validation set pro-

duced 11,914 true negatives, 102 false positives, 1080 false negatives, and 11,302 true pos-

itives, corresponding to 95.1553% accuracy, 99.1056% precision, 91.2777% recall, and a 

95.0307% F1-score, as presented in Table 10. 

The frozen threshold was then applied to the unseen 2020 observations according to 

ŷi = {
1, pi ≥ 0.251,
0, pi < 0.251.

  

Only preliminary labels were generated at this stage. As illustrated in Figure 9, the 

workflow comprised probability estimation, threshold-based prelabeling, grouping of 

consecutive anomalous predictions, and manual verification using temporal context and 

physically meaningful operating variables. The model assigned 10,062 observations to the 

preliminary normal class and 35 to the preliminary anomalous class. 

Review flagged, near-threshold,
 and sampled normal cases

No retraining or threshold 
adjustment

Group consecutive anomalies 

35 observations into 4 intervals

1. Threshold Selection 2. Application to Unseen 2020 Data

Chronological Validation Dataset
2018 normal + 2019 fault-related

24,398 observations

Frozen GS-DT
Gini; max depth = 10

min split = 2; min leaf = 1

Probability Estimation
pᵢ = P(yᵢ = 1 | xᵢ)

One score per observation

Threshold Evaluation
1,001 candidates: 0.000–1.000

Minimize E(T) = FP(T) + FN(T)

Tie-break: higher recall
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Optimal interval: 0.251–1.000
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Unseen 2020 SCADA Dataset
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10,097 observations
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Generate pᵢ for each observation

Threshold-Based Prelabeling
Anomalous if pᵢ        

Normal if pᵢ < 0.251

Temporal Grouping / Manual Review

Preliminary 2020 Labels

Normal: 10,062 (99.65%)
Anomalous: 35 (0.35%)

 

Figure 9. Chronological validation workflow for unseen SCADA data. 

Thus, 35 of the 10,097 observations, corresponding to 0.35% of the unseen dataset, 

were prioritized for immediate review. These observations formed four intervals. Manual 

verification showed that 33 observations exhibited stopped or standby-like behavior, 

while two remained uncertain. The audit also included four near-threshold observations 

and 55 high-confidence normal predictions. Among the latter, 44 were consistent with 

normal power production, whereas 11 exhibited stopped, transitional, or uncertain be-

havior requiring further examination. 

Table 10. Performance of the GS-DT on the chronological validation subset at (T* = 0.251). 

Observations TN FN PN PF Accuracy Balanced Accuracy Precision Recall F1-Score 

24,398 11,914 102 1080 11,302 95.1553% 95.2144% 99.1056% 91.2777% 95.0307% 

The two evaluations therefore support different conclusions. The original case study 

shows that the ALP can refine provisional labels when an initial documented reference 

interval is available. The independent chronological validation shows that the same fro-
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zen framework can initiate probability-based prelabeling on a later unseen period without 

prior knowledge of its operational states. The 2020 observations were not used to derive 

the labels; instead, the generated prelabels were subsequently checked using temporal 

and physical operating context. 

These findings support the probability-based prelabeling principle used in the origi-

nal case study. The frozen GS-DT and threshold isolated a small, operationally distinct 

subset from unseen data without prior knowledge of its states, reducing the immediate 

review workload from 10,097 to 35 observations. However, the probability represents sim-

ilarity to the learned changeout-related operating pattern rather than the probability of a 

confirmed gearbox failure, and the generated labels remain preliminary owing to the ab-

sence of independent maintenance and alarm records. 

4.7. Discussion 

The obtained results confirm that the proposed ALP is effective for identifying and 

correcting potentially inconsistent labels in wind turbine SCADA datasets. The initial DT 

classifier achieved very high performance, with only four misclassified samples out of 

27,247 test observations, indicating that the selected SCADA features provide strong sep-

aration between Normal and Fault operating states. 

Among the considered variables, rotor speed, generator speed, and gearbox temper-

atures were the most influential indicators because they are directly related to turbine 

mechanical behavior and gearbox condition. The analysis of the four disputed samples 

showed that three false positives were associated with transition conditions, while one 

false negative, sample 625402, contained physically implausible values, suggesting a data-

quality anomaly rather than a typical operating-state sample. After selective relabeling 

and model retraining, the number of disputed samples remained very small, demonstrat-

ing fast convergence of the ALP. Comparative verification using RF and XGBoost further 

supported the relabeling decisions, showing that the refined labels remained consistent 

across different classification models. 

Future work will investigate an unsupervised initialization of the ALP using multi-

variable SCADA anomaly thresholds when documented maintenance or failure infor-

mation is unavailable. 

5. Conclusions 

This manuscript presented an Automated Labeling Procedure (ALP) for wind tur-

bine SCADA data, aimed at constructing a reliable labeled dataset from initially unlabeled 

operational records. Unlike conventional supervised-learning workflows, in which labels 

are assumed to be fixed, the proposed ALP treats these labels as provisional and progres-

sively refines them through validation, misclassification analysis, selective relabeling, and 

retraining. 

The main contribution of this study is the misclassification-guided refinement loop, 

which converts model disagreements into a controlled label verification process. Instead 

of automatically accepting model predictions, the ALP analyzes disputed samples, selec-

tively updates only justified labels, flags abnormal records requiring manual review, and 

retrains the model until the refined label set becomes stable. The proposed procedure was 

applied to a real wind turbine SCADA dataset containing a gearbox-changeout interval 

used as the initial fault-related reference period. In the model-based validation stage, a 

Decision Tree optimized by Grid Search (GS-DT) was employed as the primary classifier 

because of its interpretability and suitability for identifying suspicious observations 

through explicit decision rules. The baseline Decision Tree exhibited overfitting, whereas 

the optimized GS-DT showed a substantial improvement in generalization, reaching 

https://doi.org/10.3390/electronics15132907


Electronics 2026, 15, 2907 26 of 28 
 

https://doi.org/10.3390/electronics15132907 

99.985% accuracy, 99.993% precision, 99.978% recall, and 99.985% F1-score. These results 

confirmed the suitability of the GS-DT as the main validation model within the ALP. 

The main advantage of the proposed algorithm lies in its iterative nature and, above 

all, in focusing only on a small subset of disputed samples. After successive relabeling 

steps, the number of disputed samples decreased, and the results stabilized across the GS-

DT, Random Forest, and XGBoost, indicating convergence of the refinement loop. In ad-

dition, chronological validation on a later SCADA period demonstrated that the frozen 

ALP could generate preliminary labels for previously unseen data without using the op-

erational-state labels of that period during model development. This provides direct evi-

dence of the method’s practical labeling capability beyond the original case-study inter-

val. The present study used documented operational information to initialize the ALP; 

when such information is unavailable, future implementations may employ feature-based 

statistical, physical, or unsupervised thresholds to generate candidate anomaly-based pre-

labels requiring expert or operational verification. Overall, the results demonstrate that 

the ALP can refine provisional SCADA labels and reduce the manual effort required for 

label verification while improving dataset consistency. 
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