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1 Introduction
Pitch misalignment is among the most common issues affecting wind turbine performance. In the study of blade

pitch misalignment, the detection procedure is first aimed at assessing the presence of an imbalance, then, at iden-

tifying the affected blade, and, finally, at estimating the severity of the misalignment. This framework, typically

relies on indicators using either signals from mechanical moments sensors collected from the fixed and rotating

reference frames. Among all, our previous studies [1, 2] addressed the automatic detection and localization of

misaligned blades exploiting this information and achieving high performance. However, if we want to consider

the specific problem of detecting three blades simultaneously misaligned by the same quantity, this procedure may

struggle. In fact, unlike individual blade misalignments, this fault presents unique challenges due to its symmetri-

cal nature that masks the presence of the anomaly in the traditionally considered signals, but still affects the steady

turbine performance, such as power production.

In case the misalignment is not uniform, physics-based methods, such as those presented in [3, 4, 5, 6], often

identify the affected blade. Also, it is possible to profitably rely on machine learning approaches, such as [7]

and [8], that provide a more flexible and efficient framework, at the expenses of the lack of interpretability. In

our aforementioned works [1, 2], we tried to bridge the gap between these two approaches by presenting a novel

framework leveraging interpretable physics-based features extracted from mechanical moments signals to detect

and classify pitch misalignment in single or two blades. This approach proved to effectively combine the accuracy

of machine learning methods while maintaining the interpretability of the physics-based ones, being the state-of-

the art in this field. However, this approach, as all the aforementioned ones, face challenges in recognizing cases of

uniform blade misalignment as they rely on detecting imbalances in the turbine’s vibrational behavior considering

indicators from traditional considered signals. It is evident that, to tackle this issue, further investigation of addi-

tional signal behaviors is necessary. As an initial attempt, the analysis could focus on output power production;

yet it may provide worthless insights, as these systems are regulated by a pitch controller, especially at high wind

speeds. On the other hand, domain knowledge suggests that when multiple blades experience pitch misalignment,

the control system’s collective pitch demand may exhibit significant variations. Thus, we aim at identifying the

fault by considering the entity of the control actions rather than the vibrational behavior or power production.

So, in this abstract we present an innovative machine-learning based methodology to identify and classify uniform

pitch misalignment across all wind turbine blades. Tested in a high-fidelity simulation environment, the proposed

approach achieves high accuracy in detecting uniform misalignment, proving that even this challenging fault can

be identified considering the additional information from the demanded pitch control. In more detail, to exten-

sively test the detection strategy for collective pitch misalignment, two different simulation inflow conditions are

considered: ideal steady normal wind profiles (NWP) and normal turbulent cases (NTM). The presented approach

achieves an average F1-score of 97.4% and 95.1% respectively.
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2 Signals Processing and Exploratory Analysis
In a balanced rotor, loads are transmitted to the fixed frame only at harmonics that are multiples of the number of

blades NB. However, in an unbalanced rotor, loads are transmitted at all harmonics, with the 1×Rev frequency

being the most prominent. In our previous studies [1, 2] we identified lateral and vertical mechanical moments as

key indicators of non-uniform misalignment. Yet, the scenario with all blades uniformly misaligned falls in the

balanced case, which means that loads are still transmitted to the fixed frame at harmonics multiple of the number

NB of blades only, without showing the 1×Rev frequency component. It follows that, as previously mentioned,

from the traditional analysis based on the presence of the peak at the 1×Rev performed on the spectra, healthy

and anomalous cases cannot be practically distinguished. Therefore, further investigation of additional signal

behaviors is necessary. To this aim, we rely on the domain knowledge that whenever multiple blades are affected

by pitch misalignment, there may be a noticeable impact on the demanded pitch control, that results to be unusual

as it should compensate for the collective misalignment. Therefore we have focused on extracting features related

to the collective demanded pitch, and specifically: Mp, mean value in a specified time interval of the collective

demanded pitch; σp, standard deviation value in a time interval of the collective demanded pitch; Δp, the absolute

value of the difference between mean collective demanded pitch in a healthy reference condition and the considered

scenario Δp = |Mp,healthy−Mp,case|. In this case, null values are expected in healthy scenarios, while a difference

dependent on the severity of the misalignment is expected when considering an anomalous case.

Once feature extraction has been performed, each window corresponds to a point in a 3D space. The coordinates of

this point are determined by the mean or standard deviation of the collective demanded pitch and the difference with

respect to a healthy case. All these instances derived from this process are exploited for training and evaluating the

performance of a Random Forest Classifier. This classifier has been selected for its interpretability and robustness,

as it is one the most explainable state-of-the-art bagged tree-based classification methods [9]. In more detail, this

classifier was ad-hoc fine tuned and trained on the previously described features to recognize five classes of uniform

misalignment in the two different turbulence scenarios (NTM-NWP): 0deg for healthy cases, and for misaligned

cases the following offsets ±0.5deg, ±1.0deg, ±1.5deg, ±2.0deg.

3 Results and Discussion

Figure 1: This Figure shows a comparison of predicted misalignment severity (in yellow) with the actual one,

demonstrating consistency across severity levels.

We first evaluate the method considering ideal NWP cases in which no turbulence is considered. By considering

F1-Score as a metric, our approach proved to be effective at detecting the presence of a uniform misalignment and

further classifying its severity class, with an average F1-Score of 97.41% after 4.3 minute interval and with a wind

speed ranging from 13 to 25m/s. Indeed, these achievements stand out as remarkable, since starting from a wind

speed of v = 13m/s the algorithm is not only capable of detecting the presence of a uniform misalignment but

also to precisely assess its severity. To provide further insights into the classification outcomes, Figure 1 provides

a graphical representation of the results, showing the actual and the estimated severity degree for each predicted

window. In the plot, each point corresponds to a time window of the acquisition, from which we extract the set

of features for the classifier and its coordinates are the mean demanded collective pitch and the delta pitch with

respect to a healthy case. As shown, predicted points consistently overlap with actual ones, especially for the

healthy cases. Indeed, given that the system in this scenario is not affected by noise, the Δp are strictly set to 0
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leading to excellent detection capabilities. Also, it can be noticed that the prediction of the model indicates a strong

correspondence between the real and predicted system behavior with a small variance with respect to the actual

misalignment degree. The approach is also applied to NTM turbulent wind conditions, requiring a 10-minute time

window to accurately quantify misalignment, achieving an average F1-Score of 91.5%. A key limitation is the

minimum wind speed, which increases from 13 to 15m/s due to the machine operating across two different power

regions separated by the rated speed. Below it, torque variations control power output, while above the rated speed,

pitch adjustments are the main factor for the power production adjustments. In turbulent conditions, distinguishing

between these regions is more difficult, necessitating higher wind speeds. Despite this, the method achieves an

F1-Score of 95.10%, demonstrating its effectiveness in detecting and quantifying uniform misalignment starting

from 15m/s wind speed, though slightly lower than under linear wind conditions.

4 Conclusions
In this work, we build upon our previously developed method machine-learning framework to design an innovative

approach, specifically tailored for detecting a collective pitch misalignment in wind turbines. Our goal was to

analyze a particular conditions where all the blades are uniformly-misaligned by the same degree, a condition that

has not been considered in the previous works and has been scarcely explored in the literature given its overlapping

behavior with a healthy scenario. The method demonstrates robustness across ideal and turbulent wind conditions,

with varying wind speeds, while maintaining interpretability. These remarkable results have been achieved by

engineering ad hoc features that are related to the physical behavior of the system based on time domain features

encompassing the behavior of the demanded collective pitch.

Our approach achieves a high F1-score of up to 97.41% in ideal conditions with wind speeds ranging from 13 to 25

m/s and pitch misalignment from 0.5 to 2.0 deg. In turbulent wind conditions, the framework requires more time

but still achieves an F1-score of 95.10% with a 10-minute time window. Thus, this work proves to be effective at

filling the missing gap in the literature with a more comprehensive and precise fault diagnosis, that is capable to

address also this peculiar fault scenario. These advancements might support the shift from time- to condition-based

approaches for maintenance scheduling, minimizing downtime and maximizing energy production.
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