
INTERPRETING ENVIRONMENTAL VARIABILITY FROM
DAMAGE SENSITIVE FEATURES
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Abstract. Mitigation of Environmental and Operational Variabilities (EOVs) remains one
of the main challenges to adopt Structural Health Monitoring (SHM) technologies. Its im-
plementation in wind turbines is one of the most challenging due to the adverse weather and
operating conditions these structures have to face. This work proposes an EOV mitigation
procedure based on Principal Component Analysis (PCA) which uses EOV-Sensitive Princi-
pal Components (PCs) as a surrogate of EOVs, which may be hard to measure or correctly
quantify in real-life structures. EOV-Sensitive PCs are conventionally disregarded in an at-
tempt to mitigate the effect of environmental variability. Instead, we postulate to use these
variables as predictors in non-linear regression models, similar to how Environmental and Op-
erational Parameters (EOPs) are used in explicit EOV mitigation procedures. The work results
are validated under an experimental dataset of a small-scale wind turbine blade with various
cracks artificially introduced. Temperature conditions are varied using a climate chamber. The
proposed method outperforms the conventional-PCA based approach, implying that directly dis-
regarding Sensitive-EOV PCs is detrimental in the decision-making within a SHM methodology.
In addition, the proposed method achieves similar results to an equivalent explicit procedure,
suggesting that EOV-Sensitive PCs can replace directly measured EOVs.
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1 INTRODUCTION

Maintenance is one of the key stages of any infrastructure life-cycle, expanding from its con-
struction all the way to its end of life. Most structures are periodically examined by an inspection
team, which surveys the structure’s integrity and proposes repair tasks if necessary. Nonetheless,
conventional maintenance tasks have two main drawbacks. First, the structure’s inspection is
operator-based and, therefore, prone to human errors. Second, the gaps between inspections,
usually years, challenge the early detection of damage. These drawbacks led to the development
of Structural Health Monitoring (SHM) [1] procedures, which have been widely researched over
the last two decades. Among the different sensing technologies currently available, Vibration-
based SHM (VSHM) [2] has been one of the main research areas. These methods fundamentally
study the changes in the dynamic response of the structure under unexpected alterations (dam-
age). Vibration data acquired from the system is used to extract different Damage Sensitive
Features (DSFs), which attempt to give insights regarding the structure’s status [3].

Although there exists a wide literature on the field of SHM [4], several challenges still com-
promise its widespread adoption in many applications. One of the main challenges in the field of
SHM is the mitigation of Environmental and Operational Variabilities (EOV). External factors,
such as temperature, traffic loading, wind or humidity, diminish the sensitivity of DSFs toward
damage and ultimately reduce the accuracy of SHM systems. Several studies have reported
that the global effects caused due to Environmental and Operational Parameters (EOPs) can
be greater than the local changes caused by different damage scenarios present in the structure
[5]. In order to tackle this problem, two types of strategies have been proposed in the literature:
Explicit and Implicit procedures [6].

Explicit procedures approach EOV mitigation by fusing information from DSFs and EOPs
to infer the structural integrity in different conditions. The main goal is to relate an external
source, namely EOV, to an effect on DSFs. Finding the fundamental relationship between EOPs
and DSFs is usually approached via deterministic or stochastic models solved using different
regression strategies. On the one hand, deterministic models attempt to fit a function to the
available observations. These models are simpler to optimize and can be used for predictions.
Nonetheless, they are prone to overfitting and sensitive to outliers. On the other hand, stochastic
models attempt to quantify the inherent uncertainty of the data in addition to the output trends.
Many of these methods are described in a Bayesian framework using the prior (original belief
on the model) and posterior distributions. Even though the use of more information regarding
the conditions of the structure seems like an advantage at first glance, several questions arise
when considering this strategy [7]. Are gradient conditions present in the structure? Which are
the most representative places to measure EOPs?

In comparison, implicit procedures only rely on DSFs to assess structural integrity. Previous
studies have reported that implicit strategies can outperform explicit ones [8], suggesting that
information about environmental and/or operational phenomena can be detrimental if inap-
propriately measured. One of the most common implicit approaches is the use of projection
methods, such as Factor Analysis, Principal Component Analysis (PCA) [9, 10] and Singular
Spectrum Analysis (SSA) [11]. PCA is one of the most common strategies for damage detection
in VSHM due to its simplicity. One of the main characteristics of this method is the uneven
distribution of EOV effects in its Principal Components (PCs) [8], which has been conventionally
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approached by disregarding the first PCs, which are considered EOV-Sensitive. Alternatively,
some studies have proposed using DSFs to inform the model about EOVs. In this sense, natural
frequencies have been used as both dependent, and independent variables [12]. The premise
being that lower natural frequencies will be more correlated to EOVs than damage and thus can
be used as an alternative measure for EOVs.

Based on the above, this paper proposes a new implicit procedure (based solely on vibration
features) to detect damage in changing environments based on Principal Component Analysis
(PCA) to process an initial set of vibration features from the structure’s response. The main
assumption behind the PCA-based method is that the variability in the healthy state of the
structure originates from EOVs. Therefore, the Principal Components (PCs) with the largest
eigenvalues can be associated with the EOV influence. Conventionally, these PCs will be dis-
regarded as a way to mitigate the effect of EOV. Nonetheless, the novelty of our approach is
to utilize these so-called EOV-sensitive PCs as a surrogate of the Environmental/Operational
variables driving the non-stationary behaviour in the DSFs. Hence, a regression model using
EOV-sensitive PCs as predictors and remaining PCs as explained variables is proposed.

The effectiveness of this approach is assessed using an experimental vibration dataset from
a small-scale wind turbine blade (WTB) located in a climate chamber. Temperature is the
main driver for EOV, while various damage conditions are introduced. The proposed method is
then compared with the conventional PCA-based approach and with an explicit regression-based
method which uses temperature as a predictor for DSFs.

This document is organized as follows: Section 2 describes the methodology presented in this
work. Section 3 briefly describes the experimental dataset used. Section 4 includes the results
and discussions. Finally, the conclusions of the study are summarized in Section 5.

2 METHODOLOGY

Figure 1 illustrates the methodological approach followed in this paper. The proposed method
is contrasted with two classic EOV procedures (Implicit PCA and Explicit Regression) to assess
the performance achieved. All methodologies make use of the squared Mahalanobis Distance
in order to obtain the damage index. Damage thresholds are defined using a percentile of the
training data. The main difference among all methods is the EOV procedure used and, more
specifically, how EOPs are introduced to the mitigation model. The methodology followed in
this work has been divided into three main steps: Damage sensitive features extraction, EOV
Procedures and Outlier Analysis. Each one of the steps are summarized next.

2.1 Damage-sensitive Features Extraction

DSFs are extracted from the spectral representation of response signals (X), here obtained
via Welch’s PSD estimator. Although the dataset contains excitation-response pairs, presently,
we consider the response-only case, which is more similar to a real-life situation. The responses
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1

2

3

4

5

6

7

8

z

y y

zcr
ac

k 
1

cr
ac

k 
2

cr
ac

k 
3

fo
rc

e
tra

ns
du

ce
r

m
as

sl
oc

at
io

n

X

[5
13

, 8
, 2

01
5]

*

[4
10

4,
 1

, 2
01

5]

PC
A

fit

PC
A

im
po

rt

[n
PC

, 1
, 3

84
]

Pr
in

ci
pa

l C
om

po
ne

nt
s

(P
Cs

)

[n
PC

, 1
, 1

63
1]

Pr
in

ci
pa

l C
om

po
ne

nt
s

(P
Cs

)

[2
00

00
0,

 8
, 2

01
5]

*

*
fo

r
bo

th
,t

im
e

an
d

fre
qu

en
cy

da
ta

.T
he

fir
st

di
m

en
sio

n
co

rre
sp

on
ds

to
th

e
nu

m
be

r
of

sa
m

pl
es

,
se

co
nd

co
rre

sp
on

ds
to

th
e

ch
an

ne
ls

(a
cc

el
er

om
et

er
s)

an
d

th
ird

to
th

e
m

ea
su

re
m

en
ts

.

ne
ut

ra
l a

xi
s

lo
ad

in
g

po
sit

io
n

Tr
ai

ni
ng

 d
at

a:
80

%
 h

ea
lth

y

Te
sti

ng
da

ta
:

20
%

 h
ea

lth
y

10
0%

 d
am

ag
e

sc
en

ar
io

s

[4
10

4,
 1

, 3
84

]

[4
10

4,
 1

, 1
63

1]

tra
ns

fo
rm

Ex
pl

ic
it

PC
A 

R
eg

re
ss

io
n

D
am

ag
es

en
sit

iv
e

fe
at

ur
es

ex
tr

ac
tio

n

D
am

ag
e

Se
ns

iti
ve

Fe
at

ur
e

A

EO
V

 
Pr

oc
ed

ur
es

O
ut

lie
rA

na
ly

sis
M

ah
al

an
ob

is 
D

ist
an

ce
ଶ ௣

Σ ௨
௣் Σ ௨ିଵ ௣

Th
re

sh
ol

d

݀ଶ ෤ߙ ௣,
Σ෠ ௨≤ 

ܪ→ ߴ
ݕℎݐ݈ܽ݁

݀ଶ ෤ߙ ௣,
Σ෠ ௨> 

ܦ→ ߴ
ܽ݉ܽ݃݁

݀
Th

re
sh

ol
d

is
de

fin
ed

us
in

g
on

ly
tra

in
in

g 
da

ta

Im
pl

ic
it

PC
A

PC
-

In
fo

rm
ed

R
eg

re
ss

io
n

C
or

re
ct

ed
D

SF Ã

Ti
m

e 
Se

rie
s

En
vi

ro
nm

en
ta

la
nd

 O
pe

ra
tio

na
l

Pa
ra

m
et

er
s(

EO
Ps

)
ξ

Po
w

er
Sp

ec
tra

l
D

en
sit

y

F
ig
u
re

1
:
M
et
h
o
d
ol
og

ic
al

ap
p
ro
ac
h
fo
ll
ow

ed
in

th
is

w
or
k
.

1127
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for different accelerometers (s) are then merged to form a feature vector xj .

X =


x1,1 x1,2 · · · x1,N

x2,1 x2,2 · · · x2,N
...

...
. . .

...
xs,1 xs,2 · · · xs,N

 =

 | | |
x1 x2 · · · xN

| | |

 (1)

where, xi,j indicates the response spectrum vector from sensor i and a specific observation j,
and N indicates the total number of samples.

Subsequently, the obtained PSDs are PCA-transformed to obtain the initial set of DSFs. This
strategy allows to reduce the high dimensionality of the PSD while retaining the most part of
the dataset variance in a compact set of Principal Components (PCs), which are used as input
for the EOV procedure. In summary, the original PSD features are transformed as follows:

αj = V Txj (2)

where αj is the vector of uncorrelated variables, namely principal scores, and V is the matrix,
where the columns contain the PCs. Finally, DSFs are organized in the data matrix:

A =
[
α1 α2 · · · αj · · · αN

]
∈ RK×N (3)

where, αp is the non-corrected DSF of the j-observation, K stands for the dimension of the
feature vector and N for the total number of observations.

2.2 EOV Procedure

In this work we consider three different DSF post-processing procedures to control the effect
of EOV [6, 13]. The first two: Implicit PCA and Explicit Regression, are used as a baseline to
assess the results obtained by the proposed method PC-Informed Regression. Figure 2 shows
each method’s different steps towards EOV mitigation, and a brief description is provided next.

The rationale behind PCA is that the first PC contains the highest contribution to the overall
variance of the feature vector, PC2 contains the second highest, and so on. In that sense, the
Implicit PCA procedure attempts to reduce the effect of EOV by disregarding the set of PCs
with largest eigenvalues, as these are considered to be most influenced by EOV. Resulting from
this procedure is the cropped PC feature matrix, as follows:

Ã =
[
α̃1 α̃2 · · · α̃j · · · α̃N

]
∈ RK̃×N (4)

where K̃ < K is the dimension of the reduced PC feature vector, and α̃j the vector of K̃
EOV-insensitive PC features.

Both, Explicit and PC-Informed regression methods use non-linear regression to adjust the
variation of the DSFs to EOV. This is done by finding the best fitting function for the data
in the least squares sense. The main difference between the two methods is that in Explicit
regression, measured EOPs are used as predictors for the DSFs. On the other hand, in PC-
informed regression, the most EOV-sensitive PCs are used as predictors instead.

In both methods, a part of the training data (Healthy State) is used to fit the polynomial
functions, while the rest is used to calculate the validation Mean Squared Error (MSE). In
addition, the polynomial order is presently limited to 5 to control the model complexity. Figure
3 shows the regression models obtained using only training data.
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Figure 2: Schemes for EOV Procedures [13] used in this work.

2.3 Outlier Analysis

Outlier analysis is usually applied for damage assessment after mitigating environmental
effects. Outlier analysis defines boundaries based on healthy measurements (training data) to
detect whether a new observation corresponds to a healthy or damaged condition. Here, a
damage index is calculated from the corrected DSFs with the squared Mahalanobis distance
(MD), as follows:

d2(α̃j , Σ̂u) = α̃T
j Σ̂−1

u α̃j (5)

where α̃j is the corrected DSF of the j-observation and Σ̂u is the covariance of the training data.
A simple damage diagnosis can be established by comparing the above-defined damage index
with a threshold ϑ > 0, which is defined as a percentile of the training data. Each observation
can then be classified as follows:

H1 : d
2(α̃p, Σ̂u) ≤ ϑ→ Healthy (6a)

H2 : d
2(α̃p, Σ̂u) > ϑ→ Damaged (6b)

2.4 Model Evaluation

Performance evaluation of each one of the considered methods is done with the F1 score.
This performance measure is well suited for imbalanced datasets like the one considered in this
work. First, the confusion matrix is built based on the predicted labels and true labels for each
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Figure 3: Polynomial regression fit for first Principal Components using Explicit Regression Method
(first row) and PC-Informed regression (second row).

damage scenario. The F1-Score is defined as follows:

F1 Score =
2TP

2TP + FN + FP
(7)

where each measurement is classified into one of four categories: True Positive (TP), False
Negative (FN), False Positive (FP) and True Negative (TN).

2.5 Mutual information between Temperature and PCs

Mutual Information (MI) is used to quantify the degree of statistical dependence between
PCs and Temperature. This metric allows to assess which variables share the most information
objectively. Mutual Information is a non-negative metric that yields values between 0, mean-
ing variables are statistically independent and +∞. The function mutual info classif from the
Python library Scikit-Learn was used to estimate MI for each Principal Component. Several
algorithms exist to estimate MI, depending on the nature of vectors: discrete or continuous.
Presently, a continuous approach based on k-nearest neighbour distances [14] is used as follows:

I(PCX ,T ) = ψ(k) + ψ(N)− [ψ(nPCX
+ 1) + ψ(nT + 1)] (8)

where ψ(x) is the digamma function, k is the number of neighbours to search for at each
point (predefined as 3), N is the number of observations and nPCX

and nT are the number of
neighbours within a specified radius r for each of the vectors.

The higher the mutual information is, the more information one variable holds about the
other. For the sake of clarity, Mutual Information is usually normalized between 0 and 1 to ease
the comparison with commonly used correlation methods.

As shown in Figure 4a, the influence of temperature on PCs is not equally distributed.
Instead, PC1 contains more information about temperature than the rest. Mutual Information

1130
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Figure 4: a) Normalized Mutual Information between Principal Components and temperature. b)
Performance for each method based on different sets of Principal Components.

follows a downward trend, with higher PCs sharing less information with EOPs. As mentioned
above, PC1 holds the most information on the temperature amongst the PCs, which justifies
its use as a surrogate to construct a regression model for EOV compensation. This is precisely
used in the proposed PC-informed approach.

3 EXPERIMENTAL DATA

The data for this research was taken from a small-scale WTB tested under different temper-
ature conditions (-15 to 40 ℃) using a climate chamber. The experimental tests were carried
out by the Chair of Structural Mechanics and Monitoring of ETH Zürich. The dataset com-
prises vibration responses measured from a small-scale wind turbine blade in its healthy state
and under two different damage typologies: ice accumulation, emulated through mass addition,
and stiffness reduction, implemented as cuts across the blade. The total mass of the blade is
around 5kg as reported by [15] while the added mass represents at maximum a 3% increase
approximately.

A brief explanation of the experimental tests is given in this work, especially focusing on
vibration analysis. Nonetheless, a full description of the experimental testing can be found in
[15]. The turbine blade was instrumented using 8 accelerometers and multiple strain gauges
in different layouts. Although the experimental testing included two different excitation forces:
sine sweep and white noise signal, only the latter has been used due to its higher resemblance
to real conditions for these types of structures. Each observation had a duration of 120s and
a bandwidth between 0 and 400 Hz. Each damage scenario tested in the WTB is depicted in
Table 1. Figure 5 shows PSD estimators for different environmental conditions.
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Table 1: List of experimental cases tested in the experimental campaign [15]. Cracks 1,2 and 3 correspond
to different locations along the blade. Blade has a total mass of 5kg.

Case label Description

R Healthy state

A Added mass 1 x 44g (0.88% mass increase)

B Added mass 2 x 44g (1.76% mass increase)

C Added mass 3 x 44g (2.64% mass increase)

D Crack 1: l1 = 5 cm

E Crack 1: l1 = 5 cm Crack 2: l2 = 5 cm

F Crack 1: l1 = 5 cm Crack 2: l2 = 5 cm Crack 3: l3 = 5 cm

G Crack 1: l1 = 10 cm Crack 2: l2 = 5 cm Crack 3: l3 = 5 cm

H Crack 1: l1 = 10 cm Crack 2: l2 = 10 cm Crack 3: l3 = 5 cm

I Crack 1: l1 = 10 cm Crack 2: l2 = 10 cm Crack 3: l3 = 10 cm

J Crack 1: l1 = 15 cm Crack 2: l2 = 10 cm Crack 3: l3 = 10 cm

K Crack 1: l1 = 15 cm Crack 2: l2 = 15 cm Crack 3: l3 = 10 cm

L Crack 1: l1 = 15 cm Crack 2: l2 = 15 cm Crack 3: l3 = 15 cm
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Figure 5: Average Power Spectral Density estimators for healthy state under different temperature
conditions.

4 RESULTS AND DISCUSSION

4.1 Performance evaluation of the proposed method

The performance of all methods is measured using the F1 Score as mentioned in Section
2.4. Although not considering all variables affecting a method’s performance, this work focuses
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on how the number of PCs influences classification results. In Figure 4b, the performance of
methods is tested using a wide range of Principal Components. The non-corrected DSF is used
as a baseline to see if EOV Procedures improve or diminish damage detection capabilities.

Both, Explicit Regression and PC-Informed Regression have similar performance. Initially,
these methods take advantage of added PCs, as can be seen by the increase in performance
until reaching PC10. From there, using more PCs does not substantially improve performance
until reaching PC200, after which the performance drops considerably. Additional PCs reach
the noise subspace and therefore add uncertainty to the DSFs. As for the implicit method, it
underperforms compared to the other two strategies used in this work.

Damage Indexes for each method can be seen in Figure 6. Implicit metholodogy (Figure
6a) shows unnoticed damages for almost all cases. This becomes prevalent in low-level stiffness
damages (D-F). Explicit Regression (Figure 6b) has almost no unnoticed damages, in part due
to the lower dispersion of its results. The proposed method achieves similar results to the
Explicit Regression, as seen in Figure 6c. Damage scenarios A,B and C correspond to increasing
mass additions correctly identified by the method and assigned the expected severity. As for
stiffness-based damage scenarios corresponding to cases D to L. The method correctly assigns
the expected severity, with L having the highest damage index due to the extreme damage
conditions introduced. Finally, the results for non-corrected DSF are given in Figure 6d.

5 CONCLUSIONS

This study provides an alternative EOV mitigation procedure, named PC-Informed Regres-
sion, that uses sensitivity towards EOVs to model the interdependencies with the DSF. The
regression model is used to mitigate the effects of temperature in DSFs.

The results show that the proposed method achieves similar results to its explicit coun-
terpart without considering data from environmental parameters. Therefore, suggesting that
the Environmental and Operational Parameters (EOPs) can be deduced solely from Principal
Components, avoiding the need to measure EOPs directly. Furthermore, the method correctly
assesses the damage severity as seen by the upward trend in groups: A-C and D-L, respectively.
This strategy could be beneficial when EOPs are not trivial to measure, especially in large
structures where Environmental and Operational Parameters may not be homogeneous.

Future works should consider testing this EOV Procedure under the combined influence of
multiple EOPs or large structures with temperature gradients.
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