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On the Detection and Quantification of Nonlinearity via Statistics 
of the Gradients of a Black-Box Model 

Georgios Tsialiamanis and Charles R. Farrar 

Abstract Detection and identification of nonlinearity is a task of high importance for structural dynamics. On the one hand, 
identifying nonlinearity in a structure would allow one to build more accurate models of the structure. On the other hand, 
detecting nonlinearity in a structure, which has been designed to operate in its linear region, might indicate the existence 
of damage within the structure. Common damage cases which cause nonlinear behaviour are breathing cracks and points 
where some material may have reached its plastic region. Therefore, it is important, even for safety reasons, to detect when 
a structure exhibits nonlinear behaviour. In the current work, a method to detect nonlinearity is proposed, based on the 
distribution of the gradients of a data-driven model, which is fitted on data acquired from the structure of interest. The 
data-driven model selected for the current application is a neural network. The selection of such a type of model was done 
in order to not allow the user to decide how linear or nonlinear the model shall be, but to let the training algorithm of the 
neural network shape the level of nonlinearity according to the training data. The neural network is trained to predict the 
accelerations of the structure for a time-instant using as input accelerations of previous time-instants, i.e. one-step-ahead 
predictions. Afterwards, the gradients of the output of the neural network with respect to its inputs are calculated. Given that 
the structure is linear, the distribution of the aforementioned gradients should be unimodal and quite peaked, while in the 
case of a structure with nonlinearities, the distribution of the gradients shall be more spread and, potentially, multimodal. 
To test the above assumption, data from an experimental structure are considered. The structure is tested under different 
scenarios, some of which are linear and some of which are nonlinear. More specifically, the nonlinearity is introduced as a 
column-bumper nonlinearity, aimed at simulating the effects of a breathing crack and at different levels, i.e. different values 
of the initial gap between the bumper and the column. Following the proposed method, the statistics of the distributions of 
the gradients for the different scenarios can indeed be used to identify cases where nonlinearity is present. Moreover, via the 
proposed method one is able to quantify the nonlinearity by observing higher values of standard deviation of the distribution 
of the gradients for lower values of the initial column-bumper gap, i.e. for “more nonlinear” scenarios. 

Keywords Structural health monitoring (SHM) · Structural dynamics · Nonlinear dynamics · Machine learning · Neural 
networks 

1.1 Introduction 

In the pursuit of making everyday life safer, humans have extensively tried to model the environment around them. Structures 
are an important part of the environment, in which humans live. They are man-made and should be safe throughout their 
lifetime. Structures are exposed to numerous environmental factors, which may cause them to fail. Moreover, during 
operation, structures are subjected to dynamic loads, which, in time, may cause failure. Such failures will most probably 
result in economic damage to society and may even result in loss of human lives. Therefore, for the purpose of maintaining 
structures safe, the field of structural health monitoring (SHM) [1] has emerged. 
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Dynamic Recognition of Damage States in Wind Turbines
Using Cepstral Coefficients and ANOVA Analysis

Costanza Speciale, Sina Shid-Moosavi, Eleonora Maria Tronci, and Silvia Milana

Abstract Traditional damage detection methods for dynamic systems often use regression or classification algorithms to
distinguish between damaged and intact states, but they typically require case-specific parameter tuning. This need for man-
ual adjustment limits their generalizability across different structures and varying operational conditions, reducing diagnostic
accuracy. For complex systems like wind turbines, varying conditions, such as wind speed, temperature, and load demands,
can complicate the choice of optimal parameters for reliable damage-sensitive features, leading to false positives and in-
consistent diagnostics. This work leverages a semi-supervised damage detection algorithm based on a strategy combining
Linear Discriminant Analysis (LDA) and Probabilistic Linear Discriminant Analysis (PLDA) with cepstral coefficients for
damage identification and classification in wind turbines. While LDA and PLDA are traditionally supervised, this approach
integrates them into an unsupervised framework that dynamically recognizes and categorizes emerging damage states as
they appear, rather than relying on predefined training phases. ANOVA-based sensitivity analysis is incorporated to evaluate
how user-defined parameters impact the performance of the classification outcomes, guiding an adaptive tuning strategy
that ensures consistent detection across varied operational conditions. The proposed damage detection algorithm is validated
using experimental data from the Aventa AV-7 wind turbine, assessing its ability to recognize and classify multiple damage
states under varied operational conditions. ANOVA-based sensitivity analysis identifies key parameters for optimal perfor-
mance, demonstrating the algorithm’s adaptability and robustness. This validation confirms the framework’s effectiveness in
achieving consistent and reliable diagnostics across real-world environmental variability.

Keywords Semi-supervised damage detection · Cepstral coefficients · ANOVA · Sensitivity analysis · Wind turbine diag-
nostics

Introduction

Conventional approaches to damage detection in dynamic systems often employ regression or classification techniques to
distinguish between healthy and damaged states. While effective in controlled cases, these methods usually rely on manually
tuned parameters optimized for specific scenarios, which limits their ability to generalize across different structures and
varying operational conditions. In the context of wind turbines, where external factors such as wind speed, temperature, and
load demand fluctuate continuously, parameter sensitivity poses a significant challenge. In practice, this dependence can lead
to unreliable extraction of damage-sensitive features, resulting in false alarms and inconsistent diagnostic performance.

A key challenge in Structural Health Monitoring (SHM) for wind turbines is the scarcity of labeled data representing
damaged states. Realistic failure cases are rare, difficult to reproduce, and often poorly documented, making supervised
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learning approaches impractical in many scenarios [1, 2]. As a result, unsupervised methods such as novelty detection have
been widely applied, where a baseline model of the healthy state is used to flag significant deviations as potential indicators
of damage [3, 4, 5, 6]. While effective for distinguishing healthy from damaged conditions, these approaches are generally
limited to binary classification and often lack mechanisms to adapt when new data becomes available. For dynamic systems
such as wind turbines, this creates a critical need for more flexible methods capable of evolving with changing operational
and environmental conditions.

As described in the previous chapter, features such as cepstral coefficients can be extracted to characterize the dynamic
response of wind turbines. Building on this, the present chapter focuses on a semi-supervised damage detection framework
that integrates cepstral features with a hybrid classification strategy combining Linear Discriminant Analysis (LDA) for
feature compression and Probabilistic Linear Discriminant Analysis (PLDA) for adaptive classification, enabling the system
to learn from healthy operational data and to detect emerging damage scenarios without requiring labeled fault data. Although
LDA and PLDA are traditionally applied in supervised learning contexts, they are embedded here within an unsupervised
structure that enables adaptive identification and categorization of emerging damage states without reliance on fixed training
datasets.

One of the main limitations of existing methods is the static nature of parameter selection, which typically requires
offline sensitivity analysis. To address this issue, an exploratory Reinforcement Learning (RL)-based strategy is proposed to
automate and optimize the tuning of parameters in cepstral-based diagnostic pipelines. In this proposed framework, an RL
agent would interact with the classification system to adjust parameter settings dynamically, guided by a reward function
designed to balance detection accuracy, false alarm rates, and robustness under variable operating conditions. Although not
yet fully developed, this concept highlights the potential of dynamic optimization to enable continuous learning from new
data in the field, thereby reducing reliance on predefined thresholds and improving adaptability to real-world variability.

The effectiveness of the proposed framework is evaluated using experimental data from the Aventa AV-7 wind tur-
bine. Comparisons will be made between static parameter configurations and those adaptively tuned by the RL agent under
diverse operational and damage scenarios. This chapter thereby addresses the limitations identified in conventional methods,
advancing toward a more reliable and adaptive solution for structural health monitoring in wind farm applications.

Dataset Description

This research utilizes data from the Aventa AV-7 [7], a 7kW wind turbine operated by ETH Zurich (Figure 1), which has been
extensively monitored to evaluate SHM methods as the turbine approaches the end of its design life. Since 2020, sensors have
been deployed throughout the turbine to facilitate system identification, modal analysis, and failure detection studies, with
data collected under four specific operational scenarios: normal operation, pitch system failure, aerodynamic imbalance, and
rotor icing. For each condition, datasets include time series measurements recorded over specified dates between 2022 and
2023.

Fig. 1 Aventa AV-7 [7]



Dynamic Recognition of Damage States in Wind Turbines Using Cepstral Coefficients and ANOVA Analysis 31

The Aventa AV-7 turbine operates with a variable-speed, variable-pitch control, beginning energy generation at a 2 m/s
wind speed and ceasing at 14 m/s for a rated power of 7kW. It has a three-blade rotor with a 12.9 m diameter, positioned
18 m above ground on a concrete and steel tower. A belt-driven generator and a frequency converter enable variable-speed
operation.

The turbine is outfitted with eleven accelerometers distributed along the tower, nacelle, main bearing, and generator,
as well as two full-bridge strain gauges at the tower base for measuring axial and bending strains. All data is recorded at
200Hz, while SCADA (Supervisory Control and Data Acquisition) data, such as wind speed, rotor speed, and power output,
is recorded at 7Hz, with temperature and humidity recorded at 1Hz. The accelerometers are paired and located at specific
tower sections to capture the x- and y-axis accelerations aligned with wind direction, allowing comprehensive monitoring of
the turbine’s structural response.

The SCADA system provides insights into power, wind speed, rotor speed, and yaw angle, which are critical for ana-
lyzing turbine performance, especially under “normal operation” conditions. The power curve, derived from these SCADA
readings, illustrates the relationship between wind speed and power output, with distinct operational regions (cut-in, rated,
and cut-off speeds) [8].

The dataset further captures three specific fault conditions, providing valuable data for condition monitoring methods.
In February 2022, a failure occurred in the flexible coupling of the pitch drive system, which is critical for adjusting

blade angles to optimize performance under changing wind conditions. SCADA data captured deviations in rotor speed,
power output, and yaw position compared to normal operation. Before the complete failure, the pitch system became stuck,
reducing the turbine’s output to 1-2 kW while the rotor speed dropped to around 40 rpm. An emergency stop was triggered to
prevent further damage, as indicated by sharp changes in SCADA measurements at approximately 270 seconds. Acceleration
data from sensors across the tower and nacelle show a significant structural response to the failure, highlighting its impact
on the turbine’s dynamics.

In December 2022, rotor icing caused a near-complete halt in turbine operations, reducing rotor speed to almost zero and
stopping power generation. This highlights the importance of early detection in cold climates where ice accumulation can
significantly reduce aerodynamic efficiency and increase vibration.

Then, data collected after roughness tape was applied to one blade in December 2022 revealed imbalances that affected
rotor speed and induced mechanical stress on key turbine components, underscoring the need to identify imbalances early to
prevent failures.

This research focuses on two of these damage conditions: pitch drive failure and aerodynamic imbalance. The first
corresponds to a sudden and critical rupture in the turbine’s system, and is particularly challenging for SHM due to the need
for immediate detection and intervention to prevent further damage. By concentrating on this sudden event, the study aims
to improve SHM techniques’ ability to quickly identify and respond to rapid, unforeseen failures, which are particularly
difficult to manage.

The second, in contrast, typically develops gradually. It can be induced, for instance, by surface degradation or roughness
accumulation on the blades. Although less abrupt than a pitch drive failure, it is still important to detect it promptly, as it
increases loads and vibrations throughout the drivetrain and tower, potentially leading to more severe failures over time.
Moreover, it also negatively impacts power production.

The dataset therefore provides a key resource for developing more effective methods to address these two conditions,
selected as representative examples of the broader categories of sudden and gradual failures that typically characterize the
operational life of wind turbines.

Semi-Supervised Damage Detection Framework

This section provides an overview of the framework employed for damage detection. After cepstral coefficients are extracted,
they are used as damage-sensitive features within a statistical pattern recognition framework that integrates LDA and PLDA.
The goal is to reduce the dependence on manually tuned parameters and enable adaptive identification of damage states
under varying operational conditions.

LDA [9] is a supervised machine learning method commonly applied for dimensionality reduction and feature extraction.
Its aim is to project high-dimensional data into a lower-dimensional latent space that maximizes class separability. This is
achieved by identifying projection directions that maximize the distance between class means (between-class scatter) while
minimizing variance within each class (within-class scatter) [10].

Let the training dataset consist of N samples {xn}Nn=1, where each observation xn ∈ RD×1 belongs to one of K
known classes. The algorithm begins by computing the class-wise means mk, the global mean m, the within-class scatter
matrix SW , and the between-class scatter matrix SB . The optimal projection matrix is obtained by solving the generalized
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eigenvalue problem:
SBw = λSWw (1)

The eigenvectors {wi} define the directions of maximum separability, and their eigenvalues {λi} quantify the discrim-
inative strength of each direction. The g leading eigenvectors are selected to construct the LDA projection matrix, which
maps the original features into a reduced space optimized for classification.

A summary of the full LDA procedure is provided in Algorithm 1.

Algorithm 1 Linear Discriminant Analysis

Require: Training data {xi, yi}Ni=1 with K classes
1: Compute class means: mk = 1

nk

∑
xi∈Ck

xi

2: Compute global mean: m = 1
N

∑N
i=1 xi

3: Compute within-class scatter: SW =
∑K

k=1

∑
xi∈Ck

(xi −mk)(xi −mk)
T

4: Compute between-class scatter: SB =
∑K

k=1 nk(mk −m)(mk −m)T

5: Solve generalized eigenvalue problem: SBw = λSWw
6: Select top g eigenvectors: W = [w1, ...,wg]
7: return LDA projection matrix W

The first step in the framework is training the classification model using data representing the various operational classes
of the undamaged state. In this study, 70% of the undamaged data were randomly selected for training, while the remaining
30% were reserved for testing. Figure 2 illustrates the overall process.

LDA
Scores of the 

Training 
Classes

Fit GEV 
Distribution

Thresholds of 
the Training 

Classes

Training 
Data

CCs 
Extraction

Fig. 2 Training phase flowchart

Classification is performed using a PLDA model [11], a probabilistic extension of LDA that provides robustness in
complex classification scenarios, including the recognition of previously unseen classes. Unlike conventional LDA, which
classifies based on distance to centroids in the latent space, PLDA models both samples and class centers as Gaussian
realizations. This allows likelihood-based evaluation of class membership, enabling the model to identify new patterns
beyond the training set. Such flexibility is especially important for SHM, where operational variability and emerging damage
states are expected.

The PLDA framework assumes that each observation x and its class center z are generated from latent variables u and
v through linear mappings x = m + Au and z = m + Av, with u ∼ N (v, I) and v ∼ N (0,Ψ). Model parameters
{m,A,Ψ} are estimated from the latent representations derived via LDA, as summarized in Algorithm 2.

Algorithm 2 Probabilistic Linear Discriminant Analysis Training

Require: Projected training data {ui} from LDA
1: Estimate global mean m and projection matrix A
2: Assume latent class means v ∼ N (0,Ψ)
3: for each training class k do
4: Compute PLDA scores: logP (up|uk

1 , ...,u
k
nk
)

5: Fit a GEV distribution to scores
6: Set threshold at 95th percentile
7: end for
8: return Parameters {m,A,Ψ} and score thresholds
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Once trained, the model computes a PLDA score for each new observation, corresponding to the log-likelihood of class
membership. Thresholds are established by fitting score distributions with a Generalized Extreme Value (GEV) model [12]
and setting cutoffs at GEVTh, ensuring robustness against variability and facilitating detection of previously unseen condi-
tions.

The testing phase evaluates both undamaged (remaining 30%) and damaged data. Each data point, corresponding to a
set of cepstral coefficients from one signal frame, is processed sequentially, making the method suitable for real-time SHM.
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Fig. 3 Testing phase flowchart

For each frame, cepstral coefficients are projected into the latent space defined by LDA, ensuring dimensionality re-
duction while preserving discriminative features. The projected vector is evaluated using the trained PLDA model, which
computes likelihood scores. Classification proceeds as follows: (i) if a point matches one class above its threshold, it is
assigned to that class and thresholds are updated once a counter NUP is reached; (ii) if a point fails to meet any threshold, it
is used to define a new class once counter NNC is reached; (iii) if a point exceeds thresholds for multiple classes, it is left
unassigned.

The choice of NUP and NNC is critical, as they govern the adaptability of the framework. To guide parameter selection,
two quality indices are defined. These indices provide a quantitative measure of the framework’s performance:

IBIN =
number of correctly classified data

total predictions
(2)

IMULT =
number of correctly classified data

total predictions
· 1

1 + number of missed or extra classes
(3)

The binary index IBIN evaluates the accuracy of distinguishing between damaged and undamaged states, while the
multi-class index IMULT extends this evaluation to multiple damage scenarios. The latter penalizes cases in which addi-
tional spurious classes are created or true classes are not identified, thereby encouraging both accuracy and stability in the
classification results.
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Sensitivity Analysis

After presenting the framework, it was applied to the experimental data from the Aventa AV-7 turbine to evaluate wind
turbine damage detection. As anticipated, for the training phase only undamaged data from normal turbine operation were
used. These data were partitioned into four classes according to wind speed and rotor speed values, each representing a
distinct operating region. For the testing phase, instead, damaged data were also included. Specifically, four additional
classes were defined: three derived from measurements collected on the day of the pitch failure, corresponding to different
damaged states (incipient failure, stuck pitch drive, and complete failure), and one representing the aerodynamic imbalance
condition. Within this framework, several parameters were identified as influential: NCC , the number of cepstral coefficients
used as input features; NLDA, the number of LDA components retained; GEVTh, the percentile threshold derived from the
GEV distribution; and the counters NUP and NNC , which regulate class updating and new-class creation, respectively, and
can be further tuned during RL optimization.

In previous work [13], it was observed that the two input parameters NNC and NUP significantly affect the algorithm’s
performance. An analysis was carried out by performing multiple simulations with different combinations of these param-
eters. As shown in Figure 4, the mean and standard deviation of the two performance indices, IBIN and IMULT , vary
substantially across the different cases.

Fig. 4 Mean and standard deviation (red lines) of the binary and multi-class performance indices [13]

To determine which parameters are most critical and to investigate their potential interactions, a factorial
Analysis of Variance (ANOVA) was performed. The analysis was conducted using both the binary index IBIN and the
multi-class index IMULT as performance metrics. A full factorial design was employed to span the parameter space, testing
all possible combinations of factor levels. The factor levels are summarized in Table 1. The total number of experimental
runs is equal to the product of the level counts, yielding 5,040 unique parameter combinations.

Table 1 Factor levels and number of levels in the full factorial design

Factor (Parameter) Levels No. of Levels

NCC (Number of cepstral coefficients) 6, 10, 15, 20, 30, 50, 75, 100 8
NLDA (Number of LDA components) 1, 2, 3, 4, 5 5
GEVTh (Percentile threshold) 0.85, 0.90, 0.95 3
NUP (Update counter) 5, 10, 15, 20, 25, 30 6
NNC (New-class counter) 10, 15, 20, 25, 30, 35, 40 7
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The ANOVA was conducted using the pg.anova function from the Pingouin Python package [14, 15]. Effect sizes
were quantified as partial eta-squared (η2p), which represents the proportion of variance explained by a factor after accounting
for other sources of variation. For a one-way ANOVA, the decomposition of sums of squares is defined as:

SStotal = SSeffect + SSerror,

SStotal =
∑
i

∑
j

(Yij − Y )2, SSeffect =
∑
i

ni(Yi − Y )2,

SSerror =
∑
i

∑
j

(Yij − Y i)
2

(4)

with the F-statistic computed as:

F ∗ =
MSeffect

MSerror
=

SSeffect/(r − 1)

SSerror/(nt − r)
, (5)

where r is the number of groups and nt is the total sample size. Partial eta-squared is then given by:

η2p =
SSeffect

SSeffect + SSerror
. (6)

The η2p values serve as sensitivity indices, providing a quantitative ranking of parameter contributions to variability in the
output. This methodology follows best practices for reporting effect sizes in experimental design [16, 17]. Results for both
IBIN and IMULT are presented in Figure 5. The analysis shows that NLDA is the most influential parameter, followed by
GEVTh and NCC . Importantly, part of the sensitivity of all parameters arises from interaction effects with other parameters,
underscoring the need to account for parameter correlation rather than evaluating each factor in isolation. For instance, the
effect of NCC is strongly tied to the number of LDA components retained, as the discriminatory power of additional cepstral
coefficients can only be realized if sufficient LDA dimensions are available. Similarly, the influence of GEVTh depends
on the interplay with both NUP and NNC , since the threshold for defining new classes and updating existing ones directly
shapes how probabilistic scores are interpreted in practice.
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Fig. 5 Sensitivity analysis results for framework parameters based on binary and multi-class performance indices

To further explore these relationships, pairwise interaction effects were visualized using sensitivity matrices, shown in
Figure 6. These matrices display η2p values for both main effects and two-way interactions across all parameter pairs. The
binary index highlights strong interactions between NLDA and both NCC and GEVTh, indicating that the influence of
cepstral resolution and threshold settings depends heavily on how many LDA dimensions are retained. In the multi-class
case, the same pairs also show moderate interaction effects, though GEVTh emerges as more influential overall than NCC .

These findings reinforce that parameter interactions, not just main effects, play a decisive role in shaping performance.
Therefore parameter optimization for damage detection cannot be approached as a purely one-dimensional tuning exercise.
Instead, parameter sets must be tuned collectively, as the performance of the framework emerges from the balance and
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NLDA NCC NNC NUP GEVTh

NLDA

NCC
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Fig. 6 Sensitivity matrices showing partial η2p for main and pairwise interaction effects across all parameters on binary and
multi-class performance indices

interaction among them. This interdependence further motivates the adoption of adaptive optimization strategies, such as
reinforcement learning, which can dynamically adjust multiple parameters simultaneously in response to evolving operating
conditions and data characteristics. Such an approach offers the potential to avoid suboptimal configurations that might result
from static or independent parameter tuning, thereby enhancing the robustness and reliability of the detection system.

Conclusions

This work presented a semi-supervised framework for damage detection in wind turbines that integrates cepstral coefficients
with LDA and PLDA. The proposed approach addresses key limitations of conventional supervised and unsupervised strate-
gies by enabling dynamic recognition of damage states without relying on large labeled datasets or static parameter settings.
Through application to experimental data from the Aventa AV-7 wind turbine, the framework demonstrated its ability to
classify different failure modes, capturing the variability of real-world operating conditions.

A sensitivity analysis based on ANOVA quantified both single–parameter and interaction effects. In isolation, perfor-
mance is dominated by the number of LDA components (NLDA), followed by the GEV percentile threshold (GEVTh)
and the number of cepstral coefficients (NCC), with the update and new–class counters (NUP , NNC) exerting smaller
but non-negligible influence. At the same time, several interaction terms are significant—most notably NLDA×NCC and
NLDA×GEVTh (and, to a lesser extent, GEVTh×NUP /NNC)—highlighting that multi-parameter tuning is necessary and
providing clear directions for adaptive optimization.

Overall, the presented methodology advances structural health monitoring practices by combining interpretable feature
extraction with adaptive classification and systematic parameter evaluation. Future work will focus on integrating an auto-
mated tuning strategy for online parameter adjustment, extending validation to larger datasets, and additional failure types.
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