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Abstract: Composite insulations, such as ceramics, are commonly utilized in the turbine system as a
thermal coating barrier to protect the metal substrate against high temperatures and pressure. The
presence of delamination in the composite insulations may cause turbine failure, leading to a catas-
trophic accident. Thus, regular non-destructive testing is required to detect and evaluate insulation
defects. Among the non-destructive testing techniques, the microwave technique has emerged as
a promising method for assessing defects in ceramic coatings. Although the method is promising,
microwave non-destructive testing suffers from poor spatial imaging, making the defect assessment
challenging. In this paper, a novel technique based on microwave non-destructive testing with a
k-medoids clustering algorithm for delamination detection is proposed. The representative ceramic
coating sample is scanned using a Q-band open-ended rectangular waveguide with 101 frequency
points that operated between 33 to 50 GHz. The measured data is transformed from the frequency
domain to the time domain using an inverse fast Fourier transform. The principal component anal-
ysis is then used to reduce the dimensionality of 101 time steps into only 3 dominant attributes.
The attributes of each inspected location are classified as defect or defect-free using the k-medoids
clustering algorithm for accurately detecting and sizing the defects in the ceramic insulation. The
results reported in this paper highlight the superiority of the k-medoids clustering algorithm in
delamination detection, with an accuracy rate of 95.4%. This is a significant step forward compared
to earlier approaches for identifying ceramic defects.

Keywords: ceramic insulation; defects under insulation; delamination; microwave non-destructive
testing; clustering algorithm

1. Introduction

Metal substrates are often protected against corrosion and higher temperatures by
a ceramic-based coating [1]. Ceramic coating is often used on the turbine blades, vanes,
and combustors of gas turbines to improve thermal protection against steam and higher
temperatures [2]. Subsurface defects, such as debonding and delamination, reduce the
ceramic’s lifespan. The integrity of the entire structure may be at risk if these defects
continue to develop undetected. Therefore, precise and timely non-destructive testing
(NDT) is necessary to minimize maintenance costs, increase productivity, and enhance the
entire system’s safety and dependability.

The detection of defects under ceramic coatings is difficult using conventional NDT
techniques, including eddy current, thermography, and ultrasonic approaches, owing to
field penetration restrictions when evaluating dielectric materials [3,4]. Due to the absence
of induced currents, the eddy currents inspection method cannot be used to examine
lossless dielectric materials [5]. Ceramic coating has a significant porosity, which results
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in the ultrasonic waves being dispersed and drastically attenuated, lowering the defect
detection accuracy [6]. On the other hand, the thermography test of the ceramic coating
is challenging due to the existence of stains, roughed regions, eroded parts, and over-
thickness of the coating, along with restricted optical access, making the interpretation of
the thermographic imaging sequences difficult [7]. The present inspection routine involves
removing coating material to permit examination, employing a traditional methods, such
as the ultrasonic approach, then reapplying the coating, which is both expensive and
time-consuming [8]. As a consequence, an alternative method of assessing ceramic coating
for underlying defects is required.

Microwave NDT is a relatively new development as a sustainable option for identify-
ing and assessing the defects in ceramic coatings without the need for its removal. While
ultrasonic testing relies on direct interaction with the specimen being examined, or coupling,
microwave NDT can penetrate the ceramic coatings. Dielectric coatings, such as ceramics,
allow microwave signals to pass through them, interacting with their internal structure,
and they are subjected to variations associated with boundary contacts [9]. The internal
structures of certain composites, ceramics, and concrete interfere with electromagnetic
waves traveling at microwave frequencies [10].

Defects under coatings are detected using numerous microwave NDT
techniques [8,11–16]. In the work in [17], a microwave ground-signal-ground (GSG) probe
is used to evaluate the delamination in metal with thermal barrier coatings (TBCs). The
study suggests that the microwave GSG probe is capable of indicating the existence of
delamination and its extent. However, there is still some delamination adjacent to the
sloping edges that cannot yet be discovered in the sample examined using this technique.
The accuracy of delamination detection is enhanced by the work in [18]. A ridge waveguide
is employed to enhance delamination detection in ceramic-coated metal samples. The
research illustrates that it is possible to accurately forecast delamination depth and size,
with a 7.87 and 5% error rate, respectively. However, owing to the limited bandwidth
and dispersive state of the waveguide, the waveguide delamination imaging remains
low-resolution. There is a significant improvement in the spatial resolution of the defects in
the work in [19]. In order to detect ceramic coating delamination, an electromagnetic sensor
incorporating metamaterials is utilized [19]. In this study, ceramic zirconia is coated on
stainless steel, mimicking the TBCs. The findings demonstrate that the sensor can identify
the defect areas at microwave frequency. From the areas detected, the characterization of
the defects can be carried out. However, it is necessary to be able to detect the extremely
slight delamination in order to increase the accuracy of the microwave sensor.

The open-ended rectangular waveguide (OERW) inspection method is one of the most
prevalent for under-coating inspection of very minor delamination. The microwave signal
from the probe is directed by the OERW to the sample under the coating. The changes in
resonant frequency, as well as the magnitude and phase of the microwave reflection coefficient,
are used to image the defects, which are acquired using a vector network analyzer (VNA).
OERWs are extensively utilized for microwave NDT applications, including the measurement
of dielectric materials’ properties [20], the thickness measurement of dielectric slabs [21,22],
and the determination of porosity levels in ceramics [2]. The application of the OERW
approach to discover undercoating defects is also emphasized in [5]. Although OERW results
are promising, they possess several shortcomings in identifying ceramic coating delamination.
In the near field, an OERW’s spatial resolution depends on the probe’s size. OERW microwave
NDT applications regarding ceramic coatings have exhibited challenges such as a lack of
high-quality spatial images and an inaccurate prediction of the size of the defects in ceramics,
particularly when the probe dimensions are substantially bigger than the defect dimensions.
Furthermore, due to the porosity of the ceramic coating, it is difficult to trace the defect
under ceramic coatings at the micrometer range. It is futile to use quantitative or particular
frequency domain interpretation to identify the defect across a ceramic coating and a metal
as a result of changes in the ceramic’s porosity and microstructure during cyclic services [2].
The frequency-domain characteristics of reflected microwave signals are dramatically altered
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due to the ceramic modifications, making it more challenging to identify small delamination.
Table 1 summarize the microwave NDT techniques.

Table 1. Comparison of microwave NDT techniques.

Ref. No. Technique Concept of Use Advantages Disadvantages

[17] Microwave GSG probe Delamination evaluation in
metal with TBCs coating

Able to detect delamination
and sizes.

Unable to detect
delamination next to the

sloping edges.

[18] Ridge waveguide Delamination evaluation in
ceramic-coated metal

Able to detect delamination
depth and size.

Lower error rate.
Low-resolution imaging.

[19] Electromagnetic sensor
with metamaterials

Delamination evaluation in
stainless steel with ceramic

zirconia coating

Able to detect and
characterize defects.

Higher spatial resolution of
defects.

Unable to detect small
delamination.

Lower accuracy rate.

[5] OERW Delamination evaluation in
ceramic-coated metal

Able to detect very small
delamination.

Low spatial image quality.
Larger defect size prediction

than the actual defect.

Microwave NDT techniques outperform conventional NDT techniques in defect detec-
tion under ceramic coatings. However, the accuracy rate is still low, as the porosity of the
ceramic coating affects the permittivity changes in the reflected coefficients. The emergence
of a post-processing algorithm along with microwave NDT techniques improves the defect
detection accuracy, classifying defect and defect-free areas.

Various methods are used to investigate the source of the defect. Time-domain reflec-
tometry (TDR) with inverse discrete Fourier transform (IDFT) is described in [23]. TDR is a
technique for detecting delamination that involves delivering a pulse into the material and
monitoring the time at which the pulse’s reflection arrives. The peak amplitude variation of
the back metal is studied to highlight the variance between the defect and defect-free zones
in the back metal peak. The fluctuation with the peak of the amplitude of the back metal is
a good indicator of the delamination in the ceramic coating. However, different frequency
components exhibit varying delays in propagating their signals, which has an impact on
pulse propagation. The authors of [24] introduce the concept of correlation analysis, which
is unaffected by the lag in time. This technique aims to evaluate the ability and precision of
defect characterization. A low correlation between two reflection coefficient vectors, which
includes phase and magnitude, indicates the defect areas. This approach is capable of dis-
tinguishing the types of defects, including delamination and cracks on the metal. However,
even in locations where there is no defect, the phase ripples from the discontinuity effect
from the sample’s edge cause contradictory correlation values. Moreover, this method
necessitates the use of a non-defective sample as a point of comparison. Principal compo-
nent analysis (PCA) does not require any pre-existing data or knowledge. Three primary
sources of the obtained signal are partitioned using PCA [15,23,25]. The ceramic surface,
the ceramic interior layer, and the back metal are all referred to as partitioned sources. The
outer surface and inner ceramic layers may, however, conceal information about the minor
defect. This results in a lack of considerable separation between the features, resulting in
fuzzy margins around the defects. In [26], the nonnegative matrix factorization (NMF)
is first presented to reveal the faulty sections of adhered ceramic claddings. Defect and
defect-free areas are arbitrarily partitioned, based on spatial frequency characteristics. NMF
is a statistical technique for shrinking and reassembling datasets that are dependent on
their original dimensions. However, owing to the paucity of results in specific periods,
an appropriate choice of examination time spans is essential. Moreover, deficient spectral
resolution causes NMF to perform poorly [27].

On the other hand, microwave NDT-based machine learning has been suggested to
improve the defect detection accuracy to compensate for low spectral resolution. A support
vector machine (SVM) is utilized to quantify and detect ceramic samples’ porosity [28]. SVM



Coatings 2022, 12, 1440 4 of 20

represents kernel machines, which are intended to identify the most appropriate approach,
enhancing the accuracy of predictions by randomly searching for the best path [29]. The
SVM works effectively in categorizing the degree of porosity of ceramic samples; the
classification error rate is reduced to 7.14%. The categorization inaccuracy is caused by data
noise. In addition, training samples for supervised machine learning algorithms are also
challenging to obtain in NDT applications due to the limited resources available for data
acquisition. PCA is used in conjunction with supervised machine learning to minimize
the data’s noise. A principal component analysis-artificial neural network (PCA-ANN)
classifier-based V-band horn antenna is proposed to categorize the cracks in the ceramic
tiles [30]. Extracting features using PCA decreases the complexity of data by representing it
in a lower-dimensional space. C-scan is used to visualize the PCA-processed data. C-scan
images of PCA are used to depict the faulty areas of the sample under test. PCA shows
its superiority by attaining a crack detection accuracy of 73.33%. However, in a similar
manner to the SVM approach, the training dataset and its volatility have a major influence
on the findings. Furthermore, since the PCA feature is the outcome of data dimensional
reduction, it is unable to anticipate the depth of the defects.

Recently, efforts to integrate microwave NDT with the k-means clustering algorithm
have been used to improve the efficiency and reliability of the inspection system [15]. The
unsupervised k-means clustering algorithm does not require training samples for clustering
the defect and defect-free areas. The k-means-based OERW is proposed to detect delamination
in the glass fiber reinforced polymer (GFRP) down to a depth of 1 mm [15]. The k-means
algorithm classified the inspected locations’ microwave reflection coefficients in the defect
and defect-free regions, which are then spatially displayed to identify delamination location
and size. Compared to supervised machine learning algorithms, the k-means clustering
algorithm shows superior performance in partitioning the inspected locations into the defect
and defect-free categories without the use of a training sample. Aside from that, the proposed
k-means clustering algorithm is also good at sharply separating the edges of the delamination
and delamination-free regions. However, the identified defect size is slightly larger than the
actual size. Table 2 summarize the evaluation of the post-processing algorithm.

The hybridization of the post-processing algorithm with microwave NDT techniques
improves the defect detection accuracy in terms of location, size, and depth. In addition, the
defect and defect-free zones are distinguished. However, the fact that the predicted defect
is larger than the actual defect, the blur margin around the defects, and the the method’s
inability to identify minor defects affects the accuracy of the inspected delamination.

A novel microwave NDT approach based on the k-medoids clustering algorithm
for delamination inspection in the ceramic coating is proposed in this study. There is
currently no documentation of the k-medoids clustering algorithm’s defect assessment
in the literature. The proposed technique is used to identify and measure the size and
location of the defects. OERW is utilized to sweep 101 frequency points from 33 to 50
GHz across the ceramic sample. Time-domain signals are translated from the acquired
frequency-domain signals, employing inverse fast Fourier transform (IFFT). PCA is then
used to reduce the dimensionality from 101 time-steps into 3 PCA components. Thereafter,
the k-medoids algorithm is employed simultaneously to categorize the 3 components of
the inspected locations into delamination and delamination-free areas for imaging the
underlying disorders. The study findings are noteworthy because the suggested approach
gives an on-site faults diagnosis based on the microwave NDT inspection framework in
ceramic substances and can be used for quality assurance in manufacturing, as well as
portable inspection in the field.
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Table 2. Comparison summary of the post-processing algorithm.

Techniques Concept of Use Advantages Disadvantages

[23] TDR-IDFT Delamination evaluation in
ceramic-coated metal

Able to characterize defect and
defect-free areas. Delay in signal propagation.

[24] Correlation
analysis

Delamination evaluation in
ceramic-coated metal

Able to distinguish types of defects.
Lag in time does not affect the

results of defect inspection.

Inconsistent correlation values
caused by sample’s edge.

Requires non-defective sample as
a point of comparison.

[25] PCA Delamination evaluation in
ceramic-coated metal Does not require pre-existing data. Unable to predict minor defects.

Blur margin around defects.

[26] NMF Defect evaluation in
adhered ceramic claddings

Able to distinguish defect and
defect-free areas.

Accuracy affected by spectral
resolution.

[28] SVM Porosity detection in
ceramics

Able to categorize degree of porosity
of ceramics.

Categorization inaccuracy affected
by data noise.

Training samples are limited.

[30] PCA-ANN Crack categorization in
ceramic tiles Able to detect cracks.

Training samples are limited.
Unable to anticipate the depth of

the defect.

[15] k-means Delamination detection in
GFRP

Does not require training samples.
Able to sharply separate the edges of

defect and defect-free areas.
Able to identify delamination size.

Identified defect size is larger than
actual defect size.

After presenting the introduction herein, Section 2 of this paper provides an overview
of defect detection based on the microwave OERW probe and reflection coefficients in
the time domain, followed by an introduction to the k-medoids clustering algorithm.
Section 2.4 demonstrates the approach. The findings of the deliberations are presented in
Section 3. Finally, Section 4 offers a general conclusion to the research.

2. Materials and Methods
2.1. Open-Ended Rectangular Waveguide (OERW)

The OERW operates at 33 to 50 GHz in the Q-band millimeter-wave frequency spec-
trum. This frequency range is selected to procure adequate wave penetration with high
depth resolution [31]. The OERW is placed on a virtual reference plan to scan a metal-
backed sample with a ceramic coating. The sample under test is positioned near the OERW
at a standoff distance. Figure 1 presents the cross-section of OERW with inspection of a
sample under test without delamination, showing a trellis diagram indicating the behavior
of the incident wave and its multiple reflections. It is worth noting that the standoff dis-
tance shown in the figure is assumed to be a fraction of the shortest wavelength within the
frequency range of operation. This condition is set to ensure that the electromagnetic wave
distribution of the waveguide’s open end is maintained at the sample’s surface.

In Figure 1, the incident wave, t0 transmits from the OERW to the test sample. The
wave is reflected as soon as it reaches the ceramic and metal surface, denoted as t1 and t2,
respectively. The time required for the microwave signal for be reflected from the sample
under test is recorded. The t1 and t2 for the sample under test without delamination are
taken as references. Figure 2 depicts the situation in the event of a delamination flaw. t’1,
t’2, and t’3 are the three waves that reflect from the sample under test to the OERW.

The incident waves take t’1, t’2, and t’3 s to reflect off the ceramic surface, the de-
lamination border, and the back metal, correspondingly. The time required for the t2 is
different from the t’2, where t2 6= t’2. Thus, it is possible to deduce that the ceramic coating
has delamination. Nevertheless, the arrival time of the reflection cannot be utilized to
assess the size and the precise distance of the delamination from the sources. This is due
to the assumption that the distance between the OERW probe and the sample under test
is relatively minimal. The non-linear phenomena, including waveform dispersing and
frequency sweeping, are mitigated to curtail in this near-field environment [15].
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reflections, which are incident wave, t0, reflected wave from ceramic, delamination border and metal
surface, t’1, t’2 and t’3, correspondingly, of a sample under test with delamination.

The OERW uses frequency sweeping to operate. A frequency sweeping is used to
determine the bandwidth of a system, as well as to construct a transfer function [32]. The
reflection coefficient obtained by the vector network analyzer (VNA) is subjected to IFFT.
This is accomplished to acquire the discrete refractive index at the incident surface with
respect to time. In the case of the defect-free region, the magnitude of t1 and t2 remain at
their peak. On the other hand, when the t’2 magnitude is not at its peak, it can be classified
as a defect zone. When compared to the magnitude of t2 obtained from the defect-free
region, the magnitude of t’2, which is meant to represent the second peak, decreases. As a
result, any decrease in the magnitude of the second peak can infer that delamination occurs
in the ceramic coating. The defect and defect-free zones can be simply grouped utilizing the
magnitude of the reflected microwave signals in the time domain using this deduction [33].

Notably, determining the IFFT with a greater number of points offers a better repre-
sentation of the reflecting pulse, since it performs oversampling in the time domain. There
is a downside, however, as oversampling significantly increases the detection time and
processing complexity [33]. Therefore, PCA is required to reduce dimensionality.

2.2. Principal Component Analysis (PCA)

PCA is offered as a method to reduce the large dimensions of space data to the
dimensions of the smallest spaces [34]. It is considered as a multivariate analysis approach
that seeks to keep the variance as feasible as possible while reducing repetition [35]. This
is achieved by computing the eigenvalues and eigenvectors of the covariance matrix.
Each PCA component is the result of a linear combining of the original responses. The
eigenvectors or PCA components correspond to the maximum eigenvalues in the data
relating to the dominant PCA component [36]. PCA maintains the original data of the
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PCA components with maximum variances. In the following, (1) shows the calculation of
eigenvectors and eigenvalues, while (2) is the equation of the covariance matrix [37].

Cxvm = λmvm (1)

where m is the data dimension, Cx is the covariance matrix, vm is the eigenvectors, and λm
is the eigenvalues.

Cx =
1

n− 1

n

∑
i=1

(
Xi − X

)(
Xi − X

)T (2)

where n is the number of observation data, Xi is the observation data at the i inspected
location, and X is the mean data. Figure 3 shows the process of dimensionality reduction
using PCA.
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The eigenvalue decomposition based on mean data maximizes the covariance matrix.
Then, in the column and row-wise direction, two-directional projection matrices in the x-
and y-direction are obtained [38]. Lower-order PCA components have a more significant de-
gree of variance than higher-order PCA components, and the first PCA component explains
the greatest variation [39]. As a consequence, if the response of the concealed delamination
varies significantly, the hidden defect features will be highlighted in the low-order PCA
components. The initial number of the PCA component could therefore be utilized to
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reassemble the images, whereby hidden fracture characteristics can be highlighted. It has
been shown that feature selection conducted using PCA as a preprocessing step is quite
beneficial in decreasing computing time and increasing accuracy [40]. Moreover, it is possi-
ble to identify the clusters of samples with identical characteristics by visualizing the PCA
components using a graph [41]. However, PCA exhibits a relatively high computational
cost, as well as technical problems in the parallelizing algorithm [42].

2.3. K-Medoids Clustering Algorithm

The clustering method seeks to organize the observed collection of data into discrete
groups. The k-medoids grouping method is among the unsupervised machine learning
strategies used to handle sorting issues. K-medoids is also known as partitioning around
medoids (PAM). Since each cluster is represented by one representative object, the primary
idea behind the k-medoids clustering algorithm is to assign the other objects to the rep-
resentative objects that are the most similar to the selected objects [43]. Since there is a
representative for each cluster, instead of a cluster center, k-medoids are more resilient in
terms of noise and outliers, compared to the k-means algorithm [44]. K-medoids attempt to
significantly minimize the objective function Jm, which is shown in (3) to produce the best
clustering [45]. Euclidean distance has usually been employed to investigate the similarity
metric [45]. Due to the structure of the data used in this study, the Euclidean distance is
proposed to quantify and group the proximity of the data related to time. The Euclidean
distance dE is defined in (4).

Jm =
k

∑
i=1

∑
x∈Si

d(x, c(i))2 (3)

dE(A, B) =
N

∑
i=1
|ai − bi| (4)

where d denotes the representative object of a particular centroid. c(i) is the particular
cluster, and S is the total number of data points, whereas dE is the Euclidean distance
between A and B data points with N numeric attributes. The raw data clustering algorithm
utilizing k-medoids is shown in Figure 4.

2.4. Methods
2.4.1. Macor Sample

This research uses a Macor sample, which is a ceramic-based coating that mimics
thermal barrier coatings (TBCs), as a flat representative sample. TBCs are used in aerospace
and power generation industries, and this Macor sample with machined delamination is
designed to resemble these coatings. The test sample is a perfect electric conductor (PEC)
that has been insulated with non-porous (0% porosity) and low-loss glass ceramic (Macor)
with a relative permittivity of 5.67 at 8.5 GHz.

The machined delamination’s dimensions are 20 × 25 mm, 15 × 15 mm, 10 × 10 mm,
and 5 × 5 mm. Aside from that, the delamination’s depth ranges from 1 to 2 mm. Figure 5
illustrates the sample under test, along with the delamination’s size and location, as well as
the depth of the delamination between the PEC and the insulating layer. Table 3 lists the
delamination size and depth for a manufactured Macor sample with machined delamination.

In order to demonstrate the delamination between the insulating layer and the metal
substrate, the machining defect surface has been represented with by a metal sheet. The
reverse surface of the Macor sample is then scanned with a Q-band OERW to determine
the delamination size and location.
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Table 3. Actual delamination size and depth in fabricated Macor sample.

Macor Sample Defect 1 (D1) Defect 2 (D2) Defect 3 (D3) Defect 4 (D4) Defect 5 (D5)

Delamination size 20 × 25 mm 20 × 25 mm 15 × 15 mm 10 × 10 mm 5 × 5 mm
Delamination depth 2 mm 1 mm 1.5 mm 1.5 mm 1.5 mm

2.4.2. Inspection Technique

Figure 6 presents the configuration of the OERW inspection system.



Coatings 2022, 12, 1440 10 of 20

Coatings 2022, 12, x FOR PEER REVIEW 10 of 20 
 

 

Figure 5. The sample under test with the delamination’s size and location. 

Table 3. Actual delamination size and depth in fabricated Macor sample. 

Macor Sample Defect 1 (D1) Defect 2 (D2) Defect 3 (D3) Defect 4 (D4) Defect 5 (D5) 
Delamination size 20 × 25 mm 20 × 25 mm 15 × 15 mm 10 × 10 mm 5 × 5 mm 

Delamination 
depth 2 mm 1 mm 1.5 mm 1.5 mm 1.5 mm 

In order to demonstrate the delamination between the insulating layer and the metal 
substrate, the machining defect surface has been represented with by a metal sheet. The 
reverse surface of the Macor sample is then scanned with a Q-band OERW to determine 
the delamination size and location. 

2.4.2. Inspection Technique 
Figure 6 presents the configuration of the OERW inspection system. 

 
Figure 6. Setup of the OERW inspection system. 

The microwave sensor is a typical WR-22 OERW probe with a cross-sectional area of 
5.6 × 2.8 mm. The waveguide holder holds the OERW and performs raster scanning by 
using a step size of 1 mm in both the x- and y-directions. An XYZ positioner is used to 
execute the raster scanning. The XYZ positioner is configured to regulate the waveguide 
movement throughout the examination procedure. The scanning yields 70 × 70 cells, 
which represent the x- and y-direction scanning points. The probe’s standoff distance 
from the sample under test is adjusted to 1 mm. For the preparation of the VNA, it is 
subjected to an open-short-load (OSL) calibration process to remove the connector and 
cable errors. The measurement reference point is shifted to the cables’ tip, which is the 
OERW waveguide’s input port, during one port calibration. The OERW then operates in 
Q-band, which ranges from 33 to 50 GHz. Using a linear sweep with 101 frequency points 
at each examined site, the VNA is utilized to determine the complicated reflection 
coefficient acquired from the OERW waveguide. The Q-band OERW reflection coefficient 
data is in the form of the complex number and frequency domain. The examined location and 
frequency are saved in a matrix after the inspection. The complex reflection coefficient of the 
sample is saved in a 3D matrix S (m, n, f) as the last inspection outcome, where m and n indicate 
the position of the inspection, while f represents the operational frequency point from 1 to 101. 

2.4.3. Microwave Signal Processing 
Despite the above, the OERW has several limitations in terms of characterizing the 

defect under the coating, such as blurred defect shape and low spectral resolution. Thus, 

Figure 6. Setup of the OERW inspection system.

The microwave sensor is a typical WR-22 OERW probe with a cross-sectional area of
5.6 × 2.8 mm. The waveguide holder holds the OERW and performs raster scanning by
using a step size of 1 mm in both the x- and y-directions. An XYZ positioner is used to
execute the raster scanning. The XYZ positioner is configured to regulate the waveguide
movement throughout the examination procedure. The scanning yields 70× 70 cells, which
represent the x- and y-direction scanning points. The probe’s standoff distance from the
sample under test is adjusted to 1 mm. For the preparation of the VNA, it is subjected to an
open-short-load (OSL) calibration process to remove the connector and cable errors. The
measurement reference point is shifted to the cables’ tip, which is the OERW waveguide’s
input port, during one port calibration. The OERW then operates in Q-band, which ranges
from 33 to 50 GHz. Using a linear sweep with 101 frequency points at each examined
site, the VNA is utilized to determine the complicated reflection coefficient acquired from
the OERW waveguide. The Q-band OERW reflection coefficient data is in the form of the
complex number and frequency domain. The examined location and frequency are saved
in a matrix after the inspection. The complex reflection coefficient of the sample is saved in
a 3D matrix S (m, n, f) as the last inspection outcome, where m and n indicate the position
of the inspection, while f represents the operational frequency point from 1 to 101.

2.4.3. Microwave Signal Processing

Despite the above, the OERW has several limitations in terms of characterizing the
defect under the coating, such as blurred defect shape and low spectral resolution. Thus,
signal processing approaches are necessary to precisely predict the defect’s size and position.
Figure 7 shows the work frame of the microwave NDT with the k-medoids clustering
algorithm for defect detection and size estimation.

Each of the 101 frequency points at every single S(m,n) is transformed from the
signals conveyed in terms of frequency to a time series, employing IFFT. After that, the
complex time-domain data is also converted to the magnitude with the ‘abs’ function in
Matlab (R2021a). This is because, in some cases of the time domain, the centroids’ borders
defined by the magnitude of the centroids in defect-free areas are greater than in the defect
areas [15,18]. Therefore, it is easier to observe the defect and non-defect centroids.
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PCA was used to reduce the 101-time steps down to only three uncorrelated PCA
components [46]. This dimensionality reduction for the features vector is required to speed
up the processing time. Three of the PCA components can preserve the original data
with maximum variances and perceive diverse characteristics to distinguish the defect
and non-defect areas. The three PCA components are split into two known clusters—
defect and non-defect clusters—employing the k-medoids clustering algorithm. The data
points clustered in the defect group illustrate the location of the delamination in the Macor
sample. Then, the k-medoids algorithm is set to run for 100 iterations. This is because the
execution of k-medoids will obtain different clustering accuracy. By increasing the number
of iterations, the maximum clustering accuracy can be acquired.

The data is compared to the size of the actual delamination defects after it has been
clustered. The actual delamination defects are presented in the actual ground truth, as
demonstrated in Figure 8.

The inspected areas for the coating in the ground truth, labeled 2 and 1, with regards
to the actual defect and non-defect locations, respectively. The labeling depicts the Macor
sample’s actual defect shape, size, and location.

Actual and expected defect discrepancies are tabulated in terms of area, error rate, and
accuracy. The accuracy percentage of the clustering results is calculated using (5), while the
error rate of each predicted delamination’s size is calculated as shown in (6).

Accuracy =
TP + TN

TP + TN + FP + FN
(5)

Error rate (%) =

∣∣Dp − DA
∣∣

DA
× 100% (6)

where TP is true positives, TN is true negatives, FP is false positive, and FN is false negative.
Where D denotes as delamination sizes, p and A represent predicted and actual sizes, respectively.



Coatings 2022, 12, 1440 12 of 20

Coatings 2022, 12, x FOR PEER REVIEW 12 of 20 
 

 

 
Figure 8. Ground truth labeling of accurate measurement, where D1, D2, D3, D4 and D5 denotes 
as Defect 1, Defect 2, Defect 3, Defect 4, and Defect 5, correspondingly. 

The inspected areas for the coating in the ground truth, labeled 2 and 1, with regards 
to the actual defect and non-defect locations, respectively. The labeling depicts the Macor 
sample’s actual defect shape, size, and location. 

Actual and expected defect discrepancies are tabulated in terms of area, error rate, 
and accuracy. The accuracy percentage of the clustering results is calculated using (5), 
while the error rate of each predicted delamination’s size is calculated as shown in (6). 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
 (5) 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 (%) =
�𝐷𝐷𝑝𝑝 − 𝐷𝐷𝐴𝐴�

𝐷𝐷𝐴𝐴
× 100% (6) 

where TP is true positives, TN is true negatives, FP is false positive, and FN is false 
negative. Where D denotes as delamination sizes, p and A represent predicted and actual 
sizes, respectively. 

3. Results 
In the case of IFFT, the reflection coefficient obtained from the VNA is transformed 

from the signals conveyed in terms of frequency to a time series. After that, the k-medoids 
algorithm goes through a total of 100 maximum iterations before reaching a point where 
it settles on the best centroids as the final result. In this case, the number of cycles pertains 
to the centroids adjusted by the clusters’ similar measurements. Upon reaching the last 
iteration, no shifts in centroids are observed. Accordingly, the k-medoid satisfies the halt 
criterion and produces reliable categorization outcomes. Figure 9 illustrates the optimal 
centroid of the reflection coefficient of the defect and defect-free areas in the time domain. 
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Defect 1, Defect 2, Defect 3, Defect 4, and Defect 5, correspondingly.

3. Results

In the case of IFFT, the reflection coefficient obtained from the VNA is transformed
from the signals conveyed in terms of frequency to a time series. After that, the k-medoids
algorithm goes through a total of 100 maximum iterations before reaching a point where it
settles on the best centroids as the final result. In this case, the number of cycles pertains
to the centroids adjusted by the clusters’ similar measurements. Upon reaching the last
iteration, no shifts in centroids are observed. Accordingly, the k-medoid satisfies the halt
criterion and produces reliable categorization outcomes. Figure 9 illustrates the optimal
centroid of the reflection coefficient of the defect and defect-free areas in the time domain.
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signal. Figure 10 demonstrates the peaks of magnitude dispersion of delamination and
delamination-free signals within the initial 45 time intervals.
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Figure 10. The peak of magnitude dispersion of delamination, t’1 and t’2 and delamination-free
signals, t1 and t2 within the initial 45 time steps.

The magnitude of t1 and t2 of the defect-free zone is higher than the t’1 and t’2
magnitude of the defect zone. In this case, the reduction in the magnitude of the t1 and
t2 can infer that delamination occurs in the ceramic coating. The defect and defect-free
zones can be simply grouped by utilizing the magnitude of reflected microwave signals in
the time domain using this deduction. Thus, the k-medoids clustering algorithm applies
proximity to the centroids to split up the reflected microwave signals into delamination
and delamination-free regions.

In the feature extraction stage, the dimensionality of 101 time steps is reduced into
three PCA components using the PCA algorithm. The discrepancies between the defect
and defect-free locations over the inspected sample are depicted by the variations in each
PCA component. Figure 11 illustrates the three PCA components of the Macor sample,
which are PC 1, PC 2, and PC 3, respectively.

The boundaries of the delamination are dispersed throughout all three PCA com-
ponents. For example, the PC 2 can describe the boundaries of defects D2, D3, and D4.
Meanwhile, the boundaries of all defects can be observed clearly in PC 1. In PC 3, only the
boundaries of defects D3, D4, and D5 can be observed. The PCA preserves the dominant
defect features for defect detection and sizing in all three PCA components. As a result, all
three PCA components are sent into the k-medoids clustering algorithm to discriminate
among the delamination and non-delamination locations in the Macor coating.

Figure 12 shows the scattering plot of each PCA component at the inspected lo-
cation corresponding to the centroids of the defect and defect-free clusters using the
k-medoids clustering algorithm.

It can be noted that the PCA components obtained from the defective locations are
widely scattered due to the variations in defect depth and size. On the other hand, the
PCA components of the defect-free locations are distributed closely, as the thickness of
the Macor layer is constant (e.g., 3 mm). After all the data points have been grouped
together, the cluster centroid of each group is then positioned in close proximity to the
data points. According to the Euclidean distance as the determining factor, the data point
is assigned to the centroid that is relavely nearest to it. The data point is considered as a
defect-free zone if and only if it has a minimum Euclidean distance from the defect-free
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centroid. In a the similar vein, the data point is deemed defective if the data point has
a minimal Euclidean distance from the defect centroid. However, the PCA components
of the defect-free locations are not completely overlapped due to surface roughness and
porosity variations. To this end, the proposed k-medoids algorithm for microwave NDT has
successfully measured the centroids of the defect and defect-free clusters that are capable
of classifying each inspected location into defect or defect-free, based on the minimal
Euclidean distance, with an acceptable degree of accuracy.
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Table 4 presents the margin of error of the defect size to evaluate the delamination size
under the Macor sample.

Table 4. Clustering data of the k-medoids clustering algorithm.

Defects
Actual

Defect Size
(mm ×mm)

Predicted
Defect Size

(mm2)

Actual
Defect Area
(mm ×mm)

Predicted
Defect Area

(mm2)

Error
Rate (%)

Accuracy
(%)

D1 20 × 25 20 × 26 500 486 2.8

95.3878
D2 20 × 25 22 × 25 500 528 5.6
D3 15 × 15 19 × 17 225 301 33.78
D4 10 × 10 13 × 12 100 136 36
D5 5 × 5 9 × 6 25 41 64

All the five delamination defects are detected using the k-medoids clustering algo-
rithm. The error rate of the predicted defect is calculated based on the area of the actual
and predicted defect. The predicted defect size cannot be used as a precise representation
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of the predicted defect, as there is some gaps in the anticipated defect size. The k-medoids
algorithm achieve a maximum accuracy of 95.3878%. The predicted defects for 20 × 25 mm
achieved a less than 10% error rate. The error rate of D2 is higher than D1, as the delam-
ination depth of D2 is lower than that of D1. This algorithm presents a higher accuracy
in predicting larger delamination. In addition, the suggested approach is able to sharply
separate the borders of the defects. Yet, the extent of delamination predicted is still larger
compared to the real delamination size and area. Moreover, the prediction of smaller
delamination is weak, as the error rate is too high.

In the case of k-medoids validation, a spatial image is used to evaluate the defect size
in the Macor coating, as shown in Figure 13.
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Figure 13. Spatial image using a k-medoids clustering algorithm.

Spatial images are utilized to assess the delamination size in a Macor coating during
the delamination size estimation stage in order to confirm the accuracy of the defect
boundaries. The clustering algorithms assign each inspected location in the spatial images
to 2 or 1 values, referring to defect or non-defect area, respectively. Every value on the
spatial images corresponds to a 1 mm microwave probe scanning in the x- and y-direction.
The spatial image is selected from the maximum accuracy rate among 100 runs of the
k-medoids algorithm.

Figure 14 presents a juxtaposition among both the grouping outcomes to the real
position and extent of the Macor sample.

Each delamination is dispersed according to its exact real position. The size of the
defects predicted is slightly larger than the actual defects, despite the fact that the projected
delamination location reveals a significant result.

This relatively higher estimation error for the smaller defects originates from the nature
of the electromagnetic interaction between the waveguide’s open end and the defected
area. Generally, the interaction starts when the waveguide’s edge reaches the beginning of
the defect. Hence, the change in the reflection appears over an area larger than the defect
by a factor that depends on the dimensions of the waveguide’s aperture. In our case, this
effect is not pronounced for D1, D2, and D3 due to their large area when compared to the
WR-22 waveguide used in the measurements (5.6 × 2.8 mm). However, as the defect size
approaches that of the aperture, as in D4 and D5, the enlargement effects become more
pronounced, and the estimated defect size becomes larger.

Despite these slight estimation errors, the proposed technique provides a simple
microwave NDT method for defect detection and sizing without intensive pre-knowledge
that can be used in the industry as a part of a maintenance routine in real applications.
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4. Conclusions

There has been a recent uptick of microwave NDT techniques in defect evaluation, both
in the scientific communities and in industries. Despite their advantages, these methods still
face some challenges before they can guarantee a high quality defect inspection, including
overcoming issues such as standoff deviations and selecting the appropriate frequency
points. The quality of defect evaluation can be improved by the use of soft computing
algorithms, such as signal processing and artificial intelligence algorithms. Therefore, the
constraints of defect inspection can be resolved, and a favorable outcome can be achieved
via the combination of soft computing and microwave NDT techniques.

A novel microwave NDT using machine learning, which employed OERW based on
k-medoids clustering algorithms to identify delaminations in the ceramic coating, was
presented in this study. Currently, the defect assessment in regards to delamination position
and extent utilizing the k-medoids clustering algorithm-based microwave NDT approach
has not been disclosed elsewhere. Microwave reflection coefficients are used in conjunction
with the suggested method to discover the underlying faults in the ceramic insulating
layer. In order to reduce the impact of the permittivity changes on the reflected coefficients
owing to the porosity of the ceramic coating, a tiny rectangular window is employed
to measure the mean of the set of the neighboring points at each frequency point. The
reflection coefficients are expressed in time domain form using IFFT. PCA is employed
for feature extraction to reduce the dimensionality of the 3 PCA components. In the
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last step, each inspected location is clustered into a defect or defect-free area using the
k-medoids clustering algorithm, which identifies the delamination in the ceramic coating.
The k-medoids approach demonstrates excellent clustering of defects, based on their real
locations.

In this research, the k-medoids clustering algorithm shows a 95.3878% anticipated
defect accuracy compared to the actual defects. The k-medoids algorithm presents a
higher accuracy in predicting larger delaminations. Nonetheless, the regions of projected
delamination are larger than the actual size of the defects. The suggested approach is
capable of sharply distinguishing the borders of faults from the defect-free regions. Since
the suggested approach requires fewer adaptations, it is more operationally friendly and
may be utilized as an in situ microwave NDT system for defect detection. It can also be
used as a portable field service inspection method and can be integrated into quality control
processes in manufacturing.
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