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Abstract: As the size and weight of blades increase with the recent trend toward larger wind turbines,
it is important to ensure the structural integrity of the blades. For this reason, the blade consists of an
upper and lower skin that receives the load directly, a shear web that supports the two skins, and
a spar cap that connects the skin and the shear web. Loads generated during the operation of the
wind turbine can cause debonding damage on the spar cap-shear web joints. This may change the
structural stiffness of the blade and lead to a lack of integrity; therefore, it would be beneficial to be
able to identify possible damage in advance. In this paper we present a model to identify debonding
damage based on natural frequency. This was carried out by modeling 1105 different debonding
damages, which were classified by configuration type, location, and length. After that, the natural
frequencies, due to the debonding damage of the blades, were obtained through modal analysis
using FE analysis. Finally, an artificial neural network was used to study the relationship between
debonding damage and the natural frequencies.

Keywords: artificial neural network; composite blade; debonding damage; natural frequency relevant
key features; spar cap-shear web joint debonding damage

1. Introduction

Wind turbine blades generate electrical energy by using the lift and drag of passing
wind to rotate a structure connected to a generator shaft. The blade is composed of upper
and lower skins that receive the wind energy, and a spar cap-shear web that increase
the load resistance of, and prevent damage to, the skin [1,2]. To address the resulting
increase in the weight of the blade’s structure, wind turbine components are generally
manufactured using glass- and/or carbon-fiber-reinforced composites with high specific
strengths and stiffnesses [3,4]. When these composite structures are connected, mechanical
bonding methods such as riveting or bolting may not only increase weight but also the
stress concentration and resulting premature failure. Therefore, an adhesive-based bonding
method is used to make the connections between these composite structures [5]. Unfor-
tunately, adhesive-based joints have a high likelihood of developing debonding damage
that separates the joints between members due to defects or unconsidered factors in the
design and manufacturing process, potentially causing the catastrophic failure of the wind
turbine [6,7]. In particular, the joint between the spar cap-shear web, which supports the
entire load applied to the blade, is considered to be an early and dominant failure site that
can lead to significant damage [7–9]. It is therefore important to have a methodology to
identify possible debonding damage in advance of premature failure at the joints between
the blade spar cap-shear web.

There are many techniques to detect the damage in structures, including visual in-
spection, vibration analysis, ultrasound detection, thermal imaging, machine vision, and
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finite element analysis [10–15]. Among them, the detection of damage by measuring the
vibration frequency of a structure is based on the theory that the natural frequency of a
structure might change with the change in its stiffness owing to internal damage. For
example, Awadallah et al. [12] proposed a damage detection technique using the natural
frequency change of small wind turbine blades equipped with acceleration sensors. Fur-
thermore, Wang et al. [13] predicted the damage of a blade using the vibration responses
acquired from modal analysis of data obtained from a test of small wind turbine blades.
As the vibration analysis technique can detect both external and internal damage, it is
considered particularly appropriate for detecting damage to composite blades joined using
adhesive bonding. Although it is reasonable that the natural frequency changes due to the
damage of the blade, there are some issues in detecting damage using natural frequency;
the first is that the debonding damage has various configurations (location, length, and
single or multiple damages) and the second is that the sensitivity of natural frequency of
damage is very low.

It should be noted that the natural frequency of a wind turbine blade changes in very
complex ways depending on the various configurations of debonding damage. Thus, a
more efficient analysis method is required to extract damage features from the change in
natural frequency. One potential solution is an application of machine learning, which
enhances the information-processing capacity of computer programs by training them
with data and processing experiences [16,17]. For example, Joshuva et al. [18] suggested a
machine learning-based damage-type classification technique for small wind turbine blades
using their natural frequencies, and Helbing et al. [19] and Regan et al. [20] introduced
a machine learning technique for identifying damage in wind turbines. However, these
studies were limited to the external damage of small blades and did not consider the
structural characteristics of large blades, such as their extreme length or use of a spar cap-
shear web, or the various factors affecting debonding damage. It is, therefore, necessary
to develop a systematic and highly reliable identification method for identifying internal
debonding damage in composite blades considering the structural features and responses
of large wind turbine blades.

The objective of this study is to develop the debonding damage identification model
for the various types of debonding damage that could occur inside composite wind turbine
blades using an artificial neural network (ANN), based on the natural frequency changes
due to the debonding damage. To this end, the debonding damage configurations for a
wind turbine composite blade were first defined by considering the damage variables (the
damaged joint, the location, and damage length), then modeled using the finite element
analysis software. A debonding damage map was then established by obtaining data
describing the natural frequency change due to the debonding damage configurations in
this model. Then, a principal component analysis (PCA) was conducted by comparing the
natural frequency change rates for each damage configuration to inform the selection of a
natural frequency that exhibits a large change rate due to debonding damage. Finally, an
ANN-based damage identification model for various damage configurations in composite
blades was implemented and demonstrated in MATLAB.

2. Development of Identification Procedure

This study developed and demonstrated a procedure for identifying debonding dam-
age using an ANN on the changes in the natural frequency characteristics of a wind
turbine blade, as shown in Figure 1. The procedure consists of (1) selecting the target
blade and constructing a corresponding FE model, (2) defining the debonding damage
configuration through selecting proper debonding damage variables, (3) constructing a
debonding damage map using the natural frequency changes obtained through modal
analysis, (4) selecting important key features using a preprocessing technique such as PCA,
and (5) identifying debonding damage using an ANN. In this study, the authors employed
the blades of the 5-MW class Sandia offshore wind turbine [21].
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Figure 1. Flow chart for identifying debonding damage in a wind turbine blade.

2.1. Defining the Debonding Damage Map

To construct a dataset (debonding damage map) for identifying debonding damage
based on natural frequency change characteristics, the various natural frequencies corre-
sponding to various debonding damage configurations were obtained by performing a
series of modal analyses. To do so, the FE model shown in Figure 2 was constructed in
the ABAQUS according to the Sandia report [21]. Here, the authors used the 4node S4R
shell elements and their number of elements and nodes which were 92,234 and 94,709,
respectively. The mechanical properties are summarized in Table 1.
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Table 1. Mechanical properties.

Material
Layer

Thickness
[mm]

Density
[T/mm3]

Poisson’s
Ratio

Long. Ten.
Strength

[MPa]

Long. Comp.
Strength

[MPa]
E1 [MPa] E2

[MPa]
E3

[MPa] Gxy [MPa]

Carbon
(UD) 0.47 1.22 × 10−9 0.27 2433.9 1172.1 11,450 8390 - 5990

E-LT-5500
(UD) 0.47 1.92 × 10−9 0.28 830.2 561.9 41,800 14,000 - 2630

SNL
(TRIAX) 0.94 1.85 × 10−9 0.39 670.7 756 27,700 13,650 13,650 7200

SAERTEX
(DB) 1 1.78 × 10−9 0.49 144 213 13,600 13,300 13,300 11,800

FOAM 1 2.00 × 10−10 0.3 10 10 256 - - -

GELCOAT 0.05 1.24 × 10−9 0.3 - - 3440 - - -

In particular, to model debonding damage at the spar cap-shear web joints, the
multi-point constraint (MPC) technique was applied to prevent stress concentrations and
consider the joints’ structural behavior [22]. In addition, although there are numerous
configurations of damage that can occur in blades composed of skin, a spar cap, and a
shear web, a limited set of governing variables were selected in the study to realize a more
efficient and less time-consuming analysis. As shown in Figure 3, the debonding damage
configurations were defined by varying the single/multiple damages, start location, and
length of debonding damage at the specific joint. The natural frequencies for each of these
damage configurations were then obtained by performing modal analysis.
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2.2. Key Features for Debonding Damage Identification

In this study, machine learning was applied to analyze the correlations between vari-
ous damage configurations and the resulting changes in the natural frequency. Among the
various machine learning techniques, the authors chose the ANN, which is advantageous
for defining the relationship between data.

Damage identification using a debonding damage map based on various combinations
of damage variables requires a great deal of data. Thus, the dataset is likely to include
unnecessary components that do not have a significant effect on the actual results but
would adversely affect the accuracy of the identification model. To address this problem,
data were preprocessed using a normalizing technique that provides data uniformity
by converting the degree of change in the measured data into a percentage. First, the
natural frequency change of each configuration was determined by comparing the natural
frequencies obtained through modal analysis of the first to the sixth of the model with
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debonding damage (based on the debonding damage map) with those of the model with
no damage as follows:

xi,j =

(
N f ,undamaged − N f ,i,j

N f ,undamaged

)
× 100(i = 1, 2, ···, 6, j = 1, 2, ···, 1104) (1)

where i and j are the mode of the natural frequency and the number of damage con-
figurations, respectively. Hence, there are a total of 1105 configurations (undamaged
configuration + 1104 damage configurations), and xi,j is the natural frequency change rate.
The symbols of N f ,undamaged and N f ,i,j are the natural frequency of undamaged blades and
damaged blades, respectively.

Based on this natural frequency change rate, the authors selected the relevant key
features of the natural frequencies, which exhibited a high correlation between damage
variable and natural frequency as Equation (2). Here Equation (2) means the average
natural frequency change rate Xi for each natural frequency mode.

Xi =
∑1104

j=1 xi,j

1104
(i = 1, 2, ···, 6) (2)

2.3. Artificial Neural Network for Debonding Damage Identification

An ANN has a single or multiple hidden layers and could represent the complicated
relationships between the various inputs and outputs. For a single layer ANN, the output
could be expressed using a weight function vector w as follows

y = f (wx + b) (3)

Here, x and y mean the input and output data, respectively. w and b are the weight
function and bias vector, respectively. The single-layer ANN is suitable to the classification
model, and it is also well known that an ANN with a single hidden layer could approximate
a damage localization using bispectral features [23]. There are, however, three complicated
damage variables in this study: (1) damage length at a specific spar cap-shear web joint,
(2) damage starting point at a specific spar cap-shear web joint, and (3) number of damage
occurring in joints. Combining these damage variables leads us to a total of three damage
configuration types: Type 1 means single damage at one joint, Configuration Type 2 is two
damages at one joint, and Configuration Type 3 is single damage at each of two joints. Here,
it is reasonable that the damage configuration in this study has a very high order of damage
geometry nonlinearities, and then, the single-layer ANN could not approximate these
damage geometry nonlinearities. To address this, the authors employed the double-layer
ANN model which could represent the more complicated relationship as follows:

y = g(w2 f (w1x + b1) + b2 (4)

Once the data were preprocessed, the data were used as the input-layer data and the
corresponding debonding damage configurations as the output-layer data in accordance
with the ANN algorithm, as shown in Figure 4. Then, double layers that could express
the various input and output relationships were generated and trained using these data
patterns. The authors tried to minimize the errors by repeatedly updating weights through
differentiation until the error converged to zero. Furthermore, to prevent overfitting due to
excessive training using only a single learning model, which prevents proper identification
when other data are input, the model was trained repeatedly without duplicating the
training, testing, or verification data. Then, data overfitting was prevented using the
cross-validation technique to select the appropriate relationships by taking the average of
each evaluation index for the model.
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3. Results and Discussion
3.1. Definition of the Debonding Damage Map

As the accuracy of the proposed machine-learning-based identification model is
considerably affected by the input data, appropriate relevant key features of natural
frequencies should be chosen to reflect debonding damage. The natural frequency change
rate is affected by the damage configuration according to the structural characteristics of
the blade, and there are many different configurations. Therefore, at least 1000 sets of
debonding damage configurations are required to build a debonding damage map for
accurate and reliable identification.

This study accordingly developed the 1105 damage configurations defined in Table 2
according to damage variables such as single or multiple damages, damage start location,
and damage length. Three damage configuration types were evaluated: Configuration
Type 1 (Figure 5a) means single damage at one joint, Configuration Type 2 (Figure 5b)
shows two damages at one joint, and Configuration Type 3 (Figure 5c) is single damage at
each of two joints. The damage start locations were defined as 10 m, 22 m, and 34 m from
the root, as shown in Figure 6. Finally, the damage length was increased from 2 m to 8 m
in 2 m intervals, starting from the damage start location. In the configuration of the 10 m
damage start location, the damage length extended from the root up to 18 m from the root,
as shown in Figure 7. The longest length was selected to include the location at 30–35% of
the total blade length from the root, where structural integrity is most lacking, and thus the
maximum stress is experienced under extreme loads, as identified in a previous study [24].
The various blade damage configurations were then modeled using the MPC technique,
and modal analyses were performed to obtain the resulting natural frequencies for the 1st
to the 6th, as shown in Table 3.
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Table 2. Debonding damage configuration.

No. Damage
Configuration Type

Damaged Joint Number Damage Start Location Damage Length
1 2 3 4 10 m 22 m 34 m 2 m 4 m 6 m 8 m

1 No damage
2 Type 1 o x x x o x x o x x x
...

...
...

...
...

...
...

...
...

...
...

...
...

41 Type 1 x x x o o x x x x x o
...

...
...

...
...

...
...

...
...

...
...

...
...

50 Type 2 o x x x o x x o x x x
o x x x x o x o x x x

...
...

...
...

...
...

...
...

...
...

...
...

...

164 Type 2 x x o x o x x o x x x
x x o x x x o x x o x

...
...

...
...

...
...

...
...

...
...

...
...

...

242 Type 3 o x x x o x x o x x x
x o x x o x x o x x x

...
...

...
...

...
...

...
...

...
...

...
...

...

1105 Type 3 x x o x x x o x x x o
x x x o x x o x x x o

Note: “x” indicates this damage variable was not applied in the identified mode, while “o” indicates this damage variable was applied in
the identified mode.
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Table 3. Debonding damage map.

No.
Frequency [Hz]

1st 2nd 3rd 4th 5th 6th

1 0.95 1.24 2.78 4.62 5.92 6.92
2 0.95 1.24 2.78 4.62 5.92 6.92
...

...
...

...
...

...
...

41 0.94 1.24 2.76 4.60 5.82 6.89
...

...
...

...
...

...
...

50 0.95 1.24 2.78 4.61 5.92 6.91
...

...
...

...
...

...
...

164 0.95 1.24 2.78 4.62 5.91 6.90
...

...
...

...
...

...
...

242 0.92 1.24 2.78 4.62 5.91 6.91
...

...
...

...
...

...
...

1105 0.94 1.24 2.77 4.60 5.75 6.73

3.2. Debonding Damage Identification

The natural frequencies of damaged blades (Dataset No. 2–Dataset No. 1105 in Table 3)
were normalized by the natural frequencies of undamaged blades (Dataset No. 1 in Table 3) to
have uniformity in the data defined in Section 3.1. The natural frequency change rate and the
average for each natural frequency mode were accordingly determined, as shown in Table 4.
The natural frequency of the 3rd, 5th, and the 6th, at which the change rate appears to be
larger, were selected as relevant key features because they showed higher sensitivity on the
damage configurations. Then, ANN-based machine learning analysis was performed to
identify the correlations between these features and the damage variables and to define
the identification model. Here, the natural frequencies of the 3rd, 5th, and the 6th for each
of the damage configurations were applied as the input-layer data, and the debonding
damage configurations were chosen as the output-layer data. In addition to this, 70%
of the debonding damage configurations were used as the training data and 30% as the
verification data.

Table 4. Frequency change rates and averages.

No.
Frequency Change Rate [%]

1st 2nd 3rd 4th 5th 6th

1 Reference data for undamaged blade
2 0.01 0.01 0.01 0.00 0.01 0.05
...

...
...

...
...

...
...

41 0.12 0.06 0.77 0.28 1.75 0.44
...

...
...

...
...

...
...

50 0.01 0.01 0.02 0.01 0.03 0.17
...

...
...

...
...

...
...

164 0.06 0.01 0.04 0.03 0.21 0.33
...

...
...

...
...

...
...

242 0.02 0.02 0.06 0.04 0.18 0.13
...

...
...

...
...

...
...

1105 0.41 0.02 0.44 0.31 2.93 2.80

Average 0.16 0.03 0.40 0.23 1.03 1.21
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The analysis results showed an overall damage identification accuracy of 84%, as
shown in Figure 8. Here, the x-axis represents the predefined debonding damage variables
for 1105 sets of debonding damage configurations defined for training and the y-axis
represents the identified debonding damage variables obtained through the proposed
ANN-based damage identification model. Here, the dotted line indicates the reference
line of R = 1.0 and the solid line shows the regression line for the identification results
by the ANN-based damage identification model. These results show that the proposed
ANN-based damage identification model has a high accuracy of about 84%.
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For further understanding of the results from the proposed model, a detailed analysis
was conducted for each damage configuration type. Figure 9a indicates that the identi-
fication accuracy of Type 1 damage, with single damage at one joint, was quite high, at
97%. However, the reference (dotted line) and identified results obtained through the
training data (solid line) do not match in all ranges because only 34 of the 773 training
data contained Type 1 damage. Thus, it is difficult to assume that all the identified results
are reliable because such a small number of damage configurations were used. Figure 9b
indicates that the identification accuracy of Type 2 damage, with two damages at one joint,
was even higher than for Type 1 at about 98%. Hence, the identified results by the proposed
model for 134 of the training data were almost identical to the reference value. Figure 9c
shows that despite being informed by the largest amount of training data (605 data), the
identification accuracy of Type 3 (single damage at each of two joints) damage is 88%,
which is the lowest of the three types of damage composition. Here, the overall accuracy of
the ANN-based damage identification model presented in this study is governed by the
damage configuration Type 3, where damage variables are the most complicated (single
damage at each of two joints) and the number of training data is the largest (605 data).

From the above results, it could be said that the damage identification model proposed
in this paper could identify the debonding damage occurring in the composite blade spar
cap-shear web joint with high accuracy. Additionally, to improve the accuracy of the
debonding damage identification model, it is necessary to select proper damage variables
that could express the debonding damage that may occur in the actual blade and to obtain
appropriate training data for each variable.
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4. Conclusions

This study proposed an ANN-based algorithm to identify the occurrence of debonding
damage at the connection joints between the spar cap- shear web of composite wind turbine
blades. The damage configuration type, damage start location, and damage length were
chosen as representative damage variables, and 1105 damage configurations were defined
using the representative damage variables. A finite element model was then constructed
using the MPC technique to simulate these damage configurations, and the resulting
natural frequencies were obtained by performing modal analyses. To increase the accuracy
of the natural-frequency-based damage identification model, the natural frequency change
rate and the average were calculated through principal component analysis, which are the
key features of having a significant relationship with the damage variables. Finally, ANN-
based machine learning was performed, and the results showed a damage identification
accuracy of 84%. It is expected that the damage identification model proposed in this paper
could identify any debonding damage occurring in the composite blade spar cap-shear
web joints with a high degree of accuracy.
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