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In this study, an analysis was conducted by using discrete wavelet packet
transform (DWPT) and support vector machine (SVM) methods to determine
undamaged and cracked plates. The pendulum was used to land equal
impacts on plates in this experimental study. Sounds, which emerge from
plates as a result of the impacts applied to undamaged and cracked plates, are
sound signals used in the analysis and DWPT of these sound signals were
obtained with 128 decompositions for feature extraction. The first four
components, reflecting the characteristics of undamaged and cracked plates
within these 128 components, were selected for enhancing the performance
of the classifier and energy values were used as feature vectors. In the study,
the SVM model was created by selecting appropriate C and y parameters for
the classifier. Undamaged and cracked plates were seen to be successfully
identified by an analysis of the training and testing phases. Undamaged and
cracked statuses of the plates that are undamaged and have the analysis had

identified different cracks. The biggest advantage of this analysis method
used is that it is high-precision, is relatively low in cost regarding
experimental equipment and requires hardware.
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1. INTRODUCTION

Methods for determining the deformations in ceramic materials are a very important subject of
research. Ceramic materials, especially ceramic plates used in the kitchen, may have visible or micro-level
cracks originating from carrying, drying and stacking [1, 2]. Cracks and deformations, formed in the ceramic
plates, can be of different depth and length [2, 3]. Their identification can be made in the field of production
if cracks are at visible level. On the other hand, if the cracks in the ceramic plates are not visible or at
micro-level or if the surface of the ceramic material is coated with glaze, the identification of the cracks can
only be determined by using specific methods [1, 4]. Many different methods were used in the literature for
determining the deformation in the ceramic materials. Among these methods, the most common methods are
radiographic, ultrasound methods, thermal techniques, thermo-mechanical analysis (TMA), dynamic
mechanical analysis (DMA), differential scanning calorimetry (DSC), and thermo-gravimetric analysis
(TGA). This study can also be seen as an analysis of data obtained by an acoustic emission method (AEM)
through data mining method if the study is analysed in the light of a method. AEM has used as a powerful
characterization tool for studying the properties of technologically important ceramic and porcelain materials.
Acoustic emission test techniques have become a well-known non-destructive method widely used to detect
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and locate faults in ceramic materials. During the production and processing of ceramic materials, various
parameters are firmly controlled to impart the desired mechanical and chemical specifications to the end
product. The information of thermal stability and reaction kinetics of several phases present in the ceramic
materials is of prime importance [5, 6].

One of the most preferred methods for the detection of crack or damage in ceramic materials is
computed tomography techniques or XR techniques [7, 8]. This method is used for very special materials or
medical materials at the end of production. The method has limitations such as the size of the material and
the expensive application technology. Many different studies have been carried out on the tests for
the determination of damages in ceramic materials [7, 9-12]. Overall studies are on non-destructive tests.
Despite this, the development of signal processing and data analysis methods provided the opportunity
to make more detailed analyses. As a result of many Fourier based analyses, low and high
frequency components in damaged materials were determined. Infrared thermography is a method used in
the characterization and damage determination of ceramic materials. Since composite materials have
relatively high emissions depending on the properties and type of material used, they are very suitable for
infrared tests with or without surface treatments [13, 14]. This technique is based on the application of
heating a ceramic sample with a short-term energy pulse. The technique is difficult and expensive to apply.
In addition, different ultra-sound methods can be performed especially for experimental purposes or for
testing sensitive materials [8, 9]. One of the most widely used methods is the sound emission method. During
various deformations occurring in ceramic materials, ultrasonic emission rates and intensity can be associated
with the type and spread rates of cracks. Signals from the test sample can be detected using a piezoelectric
transducer. In this study, the analysis of the sounds produced by applying a blow on the material was
made. The proposed method is more economical and simpler to implement than the mentioned methods.
In Table 1 [15], general features about commonly used NDT technical usage are given [8-11]. Here, when
the given properties are examined, the method chosen for this study; it will be seen to be economical, easy to
use and effective.

Ceramic plates that are undamaged and have different cracks were used in this experimental
study. A constant impact was applied to a point specified on the plates and the originated sounds were
recorded. While the plate data were analysed by DWPT and the signal energy, the extracted feature vector
was applied to SVM method as an input. Therefore, the classification process is carried out. In the analysis,
quite successful results were obtained in distinguishing the cracked (damaged) ceramic materials and
undamaged ceramic materials.

Table 1. Commonly used NDT technical features [15]
Test Applications Advantages Limitiations
Ultrasonic Testing Cracks, laminations, porosity, Useful to very thick specimens, Expensive, thin complex shapes
lack of fusion, inclusions, can give location and size of are difficult, required expert
thickness. defects, sensitivity, portable. operators.
Crack initiation and growth, Remote and continuous Contact with system, need many

Acoustic Emission

Termal Testing

leaks, boiling and cavitation,
phase changes.

Void or lack of bond or

surveillance, location, severity,
permanent record. Tests an entire
vessel or system.

Detect and locate hot or cold spots

contact points, complex
interpretation, some systems are
complex.

Poor resolution, often slow,

continuity, thin or thick sections,
loss of insulation, heat sources

and heat generating defects.
Permanent record that may be
quantitative. Remote sensing,
portable.

Permanent record, portable,

specialized equipment can be
expensive and require highly
experienced personnel.
Radiographic Cracks, voids, corrosion
Testing

Hazard, expensive, required
expert operators

2. THEORETICAL BACKGROUND AND MATHEMATICAL METHODS
There are two different approaches of the mathematical methods used in this experimental study.
These are DWPT and SVM technique.

2.1. Discrete wavelet packet transform

DWPT is a signal analysis method that was developed as an alternative to discrete Fourier transform
and is used in many fields of study today [16-18]. DWPT is the separation of the sampled signal into less
sampled components like the branches of a tree. This analysis system is carried out with the help of high-pass
(h(n)) and low-pass filters (g(n)) and dawn sampling. The first level analysis is expressed as such for showing
(s(n)) discrete signal [17-19].
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s1(n) = Xk s(k)h(2n — k) (1)
s2(n) = X s(k)g(2n — k) )

Low-pass and high-pass filter responds of si(n) and si(n) constitutes first level components or
decompositions. While the sampling number decreases, the number of components increases [8-10],

s3(n) = Xxsi(k)h(2n — k)
si(m) = Xesi(k)g@2n —k)
ss(n) = Xxsz(k)h(2n — k)
se(m) = Xis2(k)g(2n — k) @)

We can get the second level components (s (n),sZ(n),sZ(n), s¢(n)) when the same approach is
applied to the first level components [17-19]:

s7(n) = Xisi(k)h(2n — k)

si(n) = Lk silk)g(2n — k)

s§(n) = Xgsi(k)h(2n — k)

sfo(m) = Xy si (k)h(2n — k)

st (n) = X si(k)g(2n — k)

st2(n) = X s5(k)h(2n — k)

sis(n) = Xiss(k)g(2n — k)

sia(m) = Xy sé(k)g(2n — k) 4)

When the same procedure is applied to the second level components, the third level components

(s3(n) ....s3,(n)) are obtained from (4). There are 2¢ amount of component at i level. 128 components
(s727(n) ....sJs4(n)) are obtained with discrete wavelet packet transform from the level 7 [17-19],

{s(m)}

{si(m), s;(n)}

{s3(m), si(n), ss(n), si ()}

{s7 (), s§ (M), 53 (M), 5o (M), 571 (n), 57, (M), 73 (), 74 (M)}

{s127(n), s12(1), $720(n), 5{50(M), ... S351 (M), 5755(1), 5753(M), 5754 (M)} (%)

2.2. Support vector machine

SVM, developed by Vapnic and his friends, is a machine learning algorithm widely used in various
applications such as pattern recognition, regression and classification since it has the ability of high
generalization through structural risk reduction [20]. The purpose of SVM algorithm is to form the most
appropriate decision function for reducing classification errors to a minimum as well as to use it in fully
estimating the unknown data in the two classes [21]. While X is the unknown input data applied to
SVM belonging to Class 1 or Class 2 and it is n-sized input vector if the output data (y;) is 1 then x; belongs to
Class 1 and also y; is -1 then x; belongs to Class 2. If the data are linearly separated, then f (x) expression,
provided in separating hyper-plane (6), is determined to be zero [22].

f)=wix+b=3]_wixj+b=0 (6)
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Here, w is an n-sized weight vector and bis the scale, they identify the position of separator
hyper- plane. Iff(x;) = 1, theny; = +1 and iff (x;) < 1, then y; = —1 [22]. The case in which SVM and
two classes are linearly separated is shown in Figure 1 [23]. In the case of not linear separable two classes,
& slack variable and C penalty factor are added to & the objective function. In this case, if & = 0, then
unknown data are classified as w”.x; + b > +1 — §; for Class 1 and wT.x; + b < —1 + §; for Class 2 and
the objective function is formed like in (7) [24].

A llwl|?
minimise {T +C(3; fi)k} (7)

Here, while C is a parameter determined by the user and controls the classification errors of
education data, k is a positive integer [15]. Input space that is transferred to high-dimensional space (HDH)
with nonlinear @(.) transformation called feature space to find the most appropriate separator hyper plane as
shown in Figure 2. The calculation of the inner product is changed into K (x;,x;) = ®(x;). #(x;) due to
this conversion.

W' x+b=+1  Support Vectors
Margin

W x+b=-1
y =+1= Classl

Support Vectors
Hyperplanes
\ w'x+b=0
y =—1= Class2

Figure 1. Optimum hyper-plane in the linear separable data set [23]

A @A

2 Kernel
Function

-
B
® S A
> Hyperpland/ :
Input Space Feature Space

Figure 2. Separation of data that cannot be linearly separated with kernel function in HDH [23]

K(x;,x;) is the kernel function and represents the inner product in HDH. Radial basis kernel
function (RBF) is used to simplify the model in this study, its high computational efficiency and easy
implementation advantages [25]. The mathematical expression of RBF is given in (8).

K(xo) = exp (vl — %) ®
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Here, vy is the width parameter of RBF kernel. The success of SVM classifier depends on the width
of C and y parameters. If the values of C and y parameters are selected larger, the generalization ability
of the classifier weakens since there would be extreme learning on the training data and the performance in
test data get to be lower while obtaining high success in training data [26]. The values of C and y parameters
should be in 1075,...,10° conversion range for both of them [27]. The final version of the classification
function becomes as in (9) [28].

fx) = sgn(zi al-yl-K(xi,xj). x+ b) (9)

3. EXPERIMENTAL STUDY AND MEASUREMENT SYSTEM

One type of plate was used in experimental studies. Impact pendulum was used to apply constant
impacts on the ceramic plates. Impact Pendulum is a pendulum model developed to produce impact at
a constant size [4, 29]. Impacts of equal size were provided by a small hammer attached to impact pendulum
in a way to not to inflict damage to ceramic plate and the sound generated from the plate as a result of
the impact was transferred to the data collection system and analysed.

POE 2000 type impact pendulum was used in the implementation. The pendulum was made to apply
the same impact intensity on ceramic plates from the same point [2, 1, 4]. As a result of the impacts applied
to the ceramic material, sounds, generated from the plates with cracks in their structure and undamaged
plates, were transmitted to data collection system with a microphone and were then transmitted to
the computer for data processing stage from the data collection system. One undamaged and 9 cracked
ceramic plates were used in the study. All of the cracks in ceramic plates were different from each other.
The output audio data of the amplifier was transmitted to the computer at a sampling frequency of 44.1 kHz
via Advantech 1716L multifunction PCI card and data analysis was performed using Matlab ©, see Figure 3.

Microphone
Data and )
Acquistion Record (i)
System ‘System//’ S
.0‘ ri Fl

+ DAQ |

Figure 3. Schematic representation of the data acquisition system

4. THE PROPOSED CLASSIFICATION METHOD FOR DETERMINING DAMAGE TO
THE CERAMIC PLATE

The first process to be carried out in determining whether the plate is undamaged or cracked
(damaged) by using sound frequency recorded from a plate is the inference of feature vector that will be
given to the classifier. Wavelet transform, which is widely used in the processing of sound signals in recent
years, was made use of. DWPT, which provides a detailed analysis of both high frequency and
low-frequency components of the examined signal, was preferred. 128 components of a sound signal with
DWPT from 7% level (27) in 172, 2656 Hz frequency range was obtained by using db20 wavelet [18].

The number of data in each level decreases in half while conducting decomposition by analysis
filters and thus frequency also decreases in half. The frequency range of the components at the seventh level
was determined to be between 0~22050 Hz [17, 18, 30, 31]. While sound signal, obtained from the plate
was given in; a) parts of Figures 4-13, DWPT components were given in, b) parts of the related figures.

Each of the 128 components, which we obtained from our main signal and have different frequency
range, consists of 565 samples. We need more time and memory for processing. The signal energy, given in (10),
was used for reducing the data size without losing the signal’s feature.

E=YN_,lv[n]l* (10)

In (10), while v indicates a signal, N indicates data number and E indicates the energy value of
v signal [32]. Each component will have a data value using this and the feature vector is reduced to a total of
1x128 in size at 7" level DWPT. It is necessary to remove features which have little effect or no help within
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the feature vector for performing fast classification process and keeping the generalization ability of
the classification [33]. When the feature vector of 1x128 in size was analysed in detail, the impacts of
the first 4 components in 10 plates are similar as seen in Figure 14. The components with the frequency
ranges of 0-127,2656Hz, 127,2656-344,5312Hz, 344,5312-471,7968 Hz, 471,7968-599,0624 Hz are more
effective than other components. The amplitude value of these components is greater than the other
components. Therefore, the feature vector of 1x4 in size, consisting of the energy values of these
components, will be applied as an input to the classifier. There are two categories of plates including
undamaged and cracked (damaged). While the label of “1” was used for cracked plates, label “2” was used
for the undamaged plate. Matlab©-based Statistical Pattern Recognition Toolbox (STPRtool) software was
used in the implementation of SVM method [34].
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Figure 4. Undamaged plate: (a) sound signal plot and (b) DWPT decompositions
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Figure 5. Cracked plate 1: (a) sound signal plot and (b) DWPT decompositions
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Figure 6. Cracked plate 2: (a) sound signal plot and (b) DWPT decompositions
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When the graphs between Figures 4-13 are examined, the crack mark of the ceramic plate and its
DWPT decompositions are given. Here, ceramic plates with different crack characteristics were chosen
especially for analysis. For example, the graphic of Figure 11(a) is very different from other graphics because
the crack size of the ceramic plate is deeper. Some deformation (crack) here can be described as micro crack.
These micro cracks can only be detected by such tests. In this study, it is aimed to identify cracked plates and
robust plates by using DWPT and SWM technique together. Here, the reason for choosing the SWM
technique besides the wavelet transformation is due to the fact that the plates are undamaged and the crack
probability is limited to two. The feature vectors of undamaged and damaged plates graphic of this selection
is given in Figure 14.
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Figure 7. Cracked plate 3: (a) sound signal plot and (b) DWPT decompositions
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Figure 8. Cracked plate 4: (a) sound signal plot and (b) DWPT decompositions

004 T T T T T 003

0.025|

0.02

0.015}

0.01

Amplitude (dB)
Amplitude (dB)

0.005

-0.005

-0.02
0

. L L L L 001 L L . I .
100 200 300 400 500 0 100 200 300 400 500
Samples Samples

@ (b)

Figure 9. Cracked plate 5: (a) sound signal plot and (b) DWPT decompositions
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Out of ten plate data, while 1 undamaged and 5 cracked (damaged) plate data were used in
the training process of the classifier, the remaining 4 cracked plate data and 1 undamaged plate data were
used in the testing process of the classifier. The values of C and y parameters were determined by trial and
error method and they are 1000 and 0.01 respectively. As a result of the testing process, 5 plate data were
classified and 100% success was obtained. Block scheme related to the implementation of the suggested

method for the identification of damage and durability statuses in plates was given in Figure 15 in details
according to the order of process.

0.03

0.021

0.011

.01

Amplitude (dB9
Amplitude (dB)

.02

0031

-0.05 -0.04
0

L L I L L I ! ! L L
100 200 300 400 500 0 100 200 300 400 500
Samples

Samples

(@) (b)

Figure 10. Cracked plate 6: (a) sound signal plot and (b) DWPT decompositions
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Figure 11. Cracked plate 7: (a) sound signal plot and (b) DWPT decompositions
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Figure 12. Cracked plate 8: (a) sound signal plot and (b) DWPT decompositions
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Figure 13. Cracked plate 9: (a) sound signal plot and (b) DWPT decompositions
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Figure 14. Feature vectors of undamaged and damaged plates: (a) undamaged plate (b) cracked plate
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Figure 15. Block schema of the method suggested for plate classification

5. RESULTS AND DISCUSSIONS

The technique of analysing the sound coming out of the materials by hitting the ceramic materials
gives very successful results in practice [1-4, 35-38]. This technique has been used by scientists for a long
time. In this study, DWPT and SVM methods are used together to determine the deformation of the ceramic
plates. Short-Time Fourier Transformation (STFT) [4, 35], Continuous Wavelet Transformation (CWT) [1]
methods for detecting deformations in ceramic plates have been used in previous studies [1, 3, 4].

In this study, the signal processing technique and artificial intelligence technique were used
together. With this method, more successful results are obtained in terms of comparison and classification.
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Although the ANN method was used for classification in previous studies [18], the SVM technique used in
this study is much more successful in the solid-crack detection section. In this context, the method is strong
and satisfactory in terms of both analysis and classification.

6. CONCLUSION

A DWPT and SVM based analysis method was suggested in this study for determining cracked and
undamaged plates. Sounds signals of undamaged and cracked plates were created by an impact pendulum and
the 128 decompositions of these sound signals with DWPT was obtained for feature extraction. The first
4 components, which reflect the characteristics of plates among these 128 components, were selected for
enhancing the performance of the classifier and energy values were used as feature vectors. SVM model was
created by selecting appropriate C and y parameters for the classifier and undamaged and cracked plates were
observed to be identified successfully after training and testing stages.

Only the “undamaged” and “cracked” statuses of the plates were determined in this study. More data
on plates are needed for the classification of the damages (cracks) within themselves. It can be possible to
determine the damages of the plates by this method after their production stage and before they reach
the end-user. The major advantage of this method is its low-cost hardware requirement. Real-time damage
assessment can be performed by using an appropriate microphone, impact pendulum and computer.
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