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Abstract: Acoustic emission technique has been used commonly now a day for mechanical diagnostics. These
events need to be discriminated against due to various kinds of damages in composite materials. Continuous wavelets
transform (CWT) has been used to generate scalograms. Structural similarity index measure (SSIM) generates the
similarity index table of these scalograms. The performance of various clustering techniques, such as k-means, k-
medoids, the Hierarchical clustering was evaluated by several validity indices such as Dunn’s Index, Davies Bouldin
Index, Silhouette Index, Calinski-Harabasz index, and the execution time. We use acoustic emission data to verify the
application of these techniques. The results demonstrated that the execution time of the k-means clustering is the
shortest, and silhouette, Davies Bouldin, and Calinski-Harabasz give the best possible value for (K=2).
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1. Introduction advancement, the safety of these pipelines has become a

Pipelines as the primary means for transporting oil ~ Significant concern. Damages develop in these pipelines
country’s economy. With the current industrial ~ conditions, leading to severe safety accidents and
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pollution. The corrosion in steel pipelines, which occurs
due to chloride attack and carbonation phenomena, can
reduce its lifetime significantly [1]. Commonly used
techniques for identifying corrosion damages include
magnetic flux leakage tests, acoustic emission (AE),
eddy current tests, and ultrasonic tests. Among which AE
has been widely used during recent years.

Acoustic Emission (AE) is produced in transient
elastic sound waves due to the release of localized stress-
energy when any deformation occurs in a material. AE is
commonly observed in the 50 kHz to 1 MHz frequency
range. The AE approach can identify a wide range of
growing defects, but during the last two decades,
localized corrosion processes have gained significant
attention [2], [3], [4]. AE signals provide valuable
information about the damage mechanisms. The
discrimination of these signals produced from various
damages is a significant challenge of AE analysis [5].

Generally accepted ways of discriminating AE signals
can be divided as supervised and unsupervised.
Supervised learning has been used, which relies on
labeled data. The quantity and quality of labeled training
data are crucial for determining the effectiveness of an
algorithm. Morizet et al. [6] introduced a classification
approach for localized corrosion to simulate different
degrees of uncertainties on labeled data. The exact
knowledge about AE sources is not possible, which
results in the unavailability of the training data belonging
to specific damages. The clusters are labeled, in such a
case, by cluster analysis. Wu et al. [7]. Compared the
performance of acoustic emission (AE) monitoring and
three-dimensional (3D) X-ray computed tomography
(XCT) scanning for localized corrosion and cracking.
Zhang et al. [8] discussed the relationship between the
AE waveform and SCC(Stress Corrosion Cracking)
process. Calabrese et al. [9] monitored the AE activity as
the progression of various corrosion damages in large-
scale pre-stressed concrete beams. Similarly, Velez et al.
could detect the corrosion activity in large-scale portions
of pre-stressed concrete piles placed in seawater. [10].
Abouhussien and Hassan could validate the application
of the acoustic emission (AE) technique for assessing
localized reinforcement corrosion damages in large-scale
RC beams [11]. However, there is no literature on
identifying corrosion damage in long-range steel
pipelines using the AE approach.

This paper presents an approach to applying acoustic
emission technology to detect artificially created
corrosion damage in steel pipelines. Based on the
findings, this work presents a data-driven AE monitoring
technique that combines wavelet scalograms with the
SSIM approach to determine the state and remaining
useful life of a pipeline. The individual hits were

transformed into scalograms by using CWT. The SSIM
table is generated by comparing each scalogram to the
rest of the scalograms. The clustering performance of
various algorithms such as k-means, hierarchal, k-
medoids is validated by multiple clusters validation
indices such as the silhouette, Davies Bouldin, Dunn’s
index, and Calinski-Harabasz.

The organization of the rest of the article is as
follows: The introduction section gives an overview of
corrosion monitoring using acoustic emission. The
related work section provides the literature about the
unsupervised clustering used in AE data. The
“Methodology” section presents our model design,
dataset description, and methods. The outcomes of the
proposed method are discussed in the “Results and
discussion” section. The “Conclusion” section concludes
the article.

2. Literature Review

The promising outcomes of the recent research [6],
[12], [13], [14] indicate that machine-learning algorithms
will be a powerful alternative to the currently available
algorithms for the processing of acoustic emission data.
However, supervised learning has been used rarely
because the quantity and quality of labeled training data
are crucial for determining an algorithm’s effectiveness.
The unavailability of training data urges the use of an
unsupervised approach for grouping AE data.

Several authors attempted to optimize the
classification accuracy of AE data. To improve the
accuracy and reliability of the pattern recognition
approaches, Pappas et al. [15] proposed an algorithm for
analyzing AE data. The clustering procedure produced
promising results which were significantly correlated to
the active damages mechanisms. Shahidan et al. [16]
successfully detected various damage processes by
implementing k-means and a NN. NN achieved an
accuracy rate of 99%. Johnson [17] used PCA as an
unsupervised method to cluster the AE data collected
during tensile testing on glass fiber/epoxy laminates. AE
signals from various matrix cracking and local
delamination clusters were efficiently separated. SOM
and k-means algorithms were used by Gaertner and
Godin [17] to detect the AE signals collected during
tensile testing on cross-ply glass/epoxy composites.
When unsupervised clustering was applied to AE signals,
three clusters were obtained. A cumulative plot of the
events described the formation and evolution of each
failure mechanism. Bar et al. [19] investigated the noisy
AE signals. The data was acquired with PVDF sensors to
identify the matrix and fiber failures. He used ANN for
the classification of AE signals having highly
overlapping parameters. De Oliveira and Marques
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[20]classified the AE data using unsupervised pattern
recognition algorithms based on an artificial neural
network. Time-scale diagrams belonging to specific
clusters were obtained. During the tensile testing of
cross-ply glass fiber/polyester laminates, six distinct AE
waveforms were captured. Philippidis et al. [21]
conducted similar research by using ANS techniques for
clustering similar AE signals emitted from 2D woven
C/C laminates. Fractographic data from the damaged
tensile coupons confirmed the identification of various
damages. Huguet et al. [22] employed a statistical
method called a Kohonen neural network to identify
similar signals successfully. Chandrashekhar et al. [23]
obtained the AE signals from fatigue spectrum load
testing on CFRP specimens were investigated. The noise
was removed by combining supervised and unsupervised
techniques, and AE signals were then classified using a
neural network. Karanth [24] investigated the FCM
clustering approach and ACO approaches to categorize
AE signals by their separate sources. Because both ANN
and FCM can handle calls with many overlapping
features, no prior knowledge of data distribution is
necessary. Behnia et al. [25] employed the principal
component technique and unsupervised kernel fuzzy c-
means analysis to identify different phases of
deterioration in plain and steel fiber reinforced concrete
specimens monitored using the AE technique.

The deep neural network has brought a revolution in
feature extraction, data denoising, and big data
classification. To address the human error issue in
traditional AE technology, an image-based deep learning
solution was presented by Ebrahimkhanlou and Salvatore
[26] for the localization of cracks in plate-like structures.
Suwansin and Pattarapong [27] proposed a deep learning
algorithmic model to detect cracks in the steel rail. The
overall accuracy was 77.33% under the onsite
experiment. A stacked AE is a deep neural network made
up of numerous AEs. The depth of SAE can easily be
increased to accommodate complex data and reflect
nonlinear features adequately. Wang et al. [28] suggested
extracting damage-related features in mechanical systems
implying GG clustering. It could successfully split the
damage phase of the machinery. GG clustering has
several drawbacks including, (a) identifying the ideal
number clusters is tricky (b) It ignores the impact of
diverse data types on the clustering process. (c) if the
initial cluster centers are not adequately chosen, it is
quite possible to fall into the local optimum solution.
Analyzing vast volumes of unlabeled data is a tedious
and intensive task. To overcome this issue, Hu et al. [29]
integrated SSAE into AWGG clustering to propose
DAFC for the clustering analysis of big industrial data.
The DAFC model takes less time than its competing

models, such as SAE+FCM, SSAE+GK, and SSAE+GG,
implying that the AWGG clustering is more effective.

3. Methods/Materials

The recorded AE signals are the transient waves that a
waveform reflects. The frequency information of a signal
cannot be extracted in time domain representation. Only
stationary and periodic signals are included in a
frequency-based analysis. Frequency analysis is not
capable of retrieving the time-related data of a signal
[30]. According to [31], the essential features of the AE
signals vary in duration and frequency. Therefore time-
frequency analysis is seen to be a desirable method for
extracting more significant AE characteristics. The time
in-variant nature of the frequency components may be
evaluated using time-frequency analysis.

3.1. Continuous Wavelet Transform

The summation of the signal throughout all time
multiplied by scaled, shifted variants of the wavelet
function is the continuous wavelet transform [32]. CWT
has been used successfully to identify the hidden secrets
and short-time events, recognize the patterns, extract
multi-resolution features, and compress data.

We require a mother wavelet € L2 to implement
CWT, limiting the duration and zero average. According
to [32], To qualify, the following conditions must be met
by the mother wavelet y(t): The function integrates to 0
as

f;w (t)dt=0 (1)

The acceptability requirement is satisfied by its
Fourier transform y(®) as

CWT g5 = Jm M(::)Iz

-

d(w) < o )

After selecting the mother wavelet, Eq. 3 defines the
CWT of the function f(t) € L2 (R).

CWTm = ab)= % f_:f(t] P = ( b) dt, (3)

To analyze the AE data acquired in our experimental
setup, the morlet wavelet is employed as the mother
wavelet. According to [28], the morlet wavelet is the
optimal balance between temporal and frequency
resolution. It is commonly used for detecting and
identifying confidential information in transient events.

t

a

3.2. Structural Similarity Index Measure (SSIM)

The SSIM method evaluates the degree of similarity
between two images, classifying the damage type and
identifying its location. The comparison function of
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luminance, contrast, and the structure of two images x is
given by Eq. 4, 5, and 6.
2}5‘.74'}, + Ry

I{x,yv)= ————
(o) Vit 1+ Ry (4)
5 ) 28,9, + R,
C x’ M=
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where ¥, and y,,, 4, and 9,, and 9, are the local means,

standard deviations, and cross-covariance of image x and

image v, respectively, the regularization constants R,

R,, and R, possess tiny values to neglect the extreme

small denominator. By merging the three sub-functions,

the equation for SSIM index can be represented as Eq. 7:
_ (ZYJ:}':\: + Rl)(Zﬁay + 'RZ}

SSIM(x.y) = Z+12 +R)(F + 92 1 R,) (7)

The result of the SSIM equation is equal to 1 only
when an image is compared to itself. An index value
lower than 1 shows the degree of dissimilarity between
two images. The mean of the index map is equal to the
sum of SSIM and the sub-indices of the compared
images. The methodology has been depicted in
Algorithm(1) and Figure 3.

3.3. Experimental Setup

Two sets of 4 sensors (R61) were mounted on a steel
pipeline (7.625 m) apart from one another, as shown in
Figure 1. Defects were fabricated on the surface of a pipe
by employing Reverse Impressed Current Cathodic
Protection (RICCP) technique at a distance (1.04 m)
from set 2. The data acquisition system includes
integrated amplifier AE sensors (R61), Physical acoustic
manufactured Express-8 PCI express based 16 — channel
AE system, and AEwin software. The threshold value of
AE is set to 35 dB, and the sampling rate is 1 MHz, and
the working frequency range is 35-100 kHz.

3.4. Dataset

The AE data were continuously collected for one
hour. The total number of hits recorded by the system for
the entire duration was 171. Each hit is represented by
one waveform and is composed of 2048 data points
obtained in 0.002048 sec. The CSV file contains
information about each impact as a single “.csv file.” All
these separate CSV files are then combined into a single
.csv for individual sensors. Sensor-1 received 65 hits, the
highest, and sensor 5 and 8 the least number of hits 7.
Figure 2 shows the histogram of the similarity index
values, which capture the outliers that do not satisfy
|X| < 4.

Frequency
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AE System 1

Fig. 1 Experimental setup for data acquisition
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Fig. 3 Main flow chart of the program used in this study

Algorithm (1): AECLUSVAL
Input data:

AE hits are separated channel wise.

Each hit is transformed into a scalogram using CWT.

®* VVYV

For i = sgmmin t0 SgMmax
For j = sgmmin to sgmmax
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. Calculate SSIM(i,j)

° J :j +1

. End

> i=i+l

> End

> Fork=2to7

. Perform Kmeans, K-medoids, and hierarchical
clustering

° Calculate the validation indices

. End

Select the optimal value of k.

4. Results and Discussion

External, relative, and external are the three ways by
which the clusters may be validated. Adjusted Rand
Index is an external measure that aims to compare the
clustering results to a ground truth solution. Since
clustering is an unsupervised approach, external actions
are not applicable in practice. Internal and relative
validity approaches are desirable for real-world
applications. Internal criteria are used to assess the
quality of a clustering solution based only on the data.
Relative criteria are internal criteria that can evaluate two
clustering structures and determine the superior one in
terms of comparable value [33]. The performance results
of various validation indices three clustering algorithms
have been presented in Table 1.

4.1. Silhouette Index Evaluation

For k-means, hierarchical, and k-medoids clustering,
the Silhouette validity graph is shown in Fig. 4. The
range of the Silhouette values is from -1 to 1. A number
closer to 1 denotes that the data point has been assigned
to a suitable cluster. A value close to zero can be
allocated to another collection because it lies at an equal
distance from both groups. The importance of
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Fig. 4 The impact of several clusters on the Silhouette Validity Index

misclassified data and lie somewhere close to —1. The
generated silhouette values in the results reveal that all
the technigues generate values between 0 and 1. The
generated values clustering algorithms are maximum at
k=2. With an increase in k, silhouette value slightly
decreases.

4.2. Davies Bouldin Index Evaluation

Fork-means, hierarchical, and k-medoids clustering,
the Davies Bouldin (DB) validity graph is shown in
Figure5 concerning the number of clusters k. This index
aims to reduce the average intra-clusters distance as
much as possible. From the chart, the values of this index
for the three clustering algorithms increases gradually.
Hierarchical clustering outperforms the other techniques
with a high DB index value of 1.6620.

4.3. Evaluation Using Calinski-Harabasz Index

Figure 6 shows the Calinski-Harabasz index values as
a function of the number of clusters k. This index is a
kind of estimate that chooses the correct clustering
number before performing the algorithm. From the
graph, K-medoids clustering outperforms k-means and
hierarchical clustering for k=2. The performance of all
the algorithms decreases gradually with an increase in the
number of clusters k.

4.4. Evaluation Using Dunn’s Index

Figure 7 displays the Dunn’s validity index graph for
various clusters k. The measure aims to increase the
distance between multiple clusters while decreasing the
distance between the data points within the same cluster.
In the case of Dunn’s validity measure, the graph
displays that k-means clustering excels.

1.7

—#—Kmeans
—+#—Hierarchical
16 K-medoids

Davies-Bouldin value

2 3 4 5 6 7
Number of clusters [k]

Fig. 5 The impact of several clusters on the Davies Bouldin Index
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Table 1 Performance evaluation of K-means, K-medoids, and hierarchical clustering
No. of Clusters  Dunn’s Silhouette Davies Bouldin Calinski-Harabasz Execution Time
02 0.1428 0.5969 1.0931 123.4559 10.224
03 0.2014 0.4042 1.2932 97.6919 11.085
K-means 04 0.1591 0.3833 1.3366 86.8167 15.461
05 0.2484 0.3901 1.3873 78.2052 17.892
06 0.1665 0.3299 1.5925 69.2104 18.962
07 0.2787 0.3470 1.5437 63.0213 20.250
02 0.1967 0.5985 1.1099 113.5783 19.177
03 0.1347 0.3508 1.2374 90.0361 22.994
Hierarchical 04 0.2118 0.3669 1.2080 79.8212 18.051
05 0.2362 0.3834 1.2702 72.3528 20.412
06 0.2362 0.2844 1.6030 65.7568 20.247
07 0.2629z 0.3044 1.6620 61.7086 24.409
02 0.1430 0.6052 1.0920 134.7852 23.834
03 0.1089 0.4029 1.3085 96.7735 27.907
K-Medoids 04 0.1108 0.3982 1.6380 77.4949 25.278
05 0.1756 0.4045 1.4617 66.1317 26.510
06 0.1756 0.3150 1.5218 58.5785 33.786
07 0.1776 0.3254 1.4390 49.9498 31.342
4.5. Evaluation of Time Performance the number of clusters k. Our findings suggest that k

Figure 8 displays the time taken by each clustering means clustering algorithm is the fastest when the k=2
technique to execute in milliseconds with an increase in with an execution time of 10.2240. K-medoids clustering
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(with k=5) is the slowest, with an execution time of
33.7860.

The identification of acoustic emission signals might
be challenging because of the pervasive noise in the
operating conditions in practical applications. Acoustic
emission signals have been used to detect corrosion
initiation in a variety of materials. However, the behavior
of the movement is constrained by the nature and shape
of the specimens, as well as the type of AE sensors used.

5. Conclusion

Cluster analysis seeks to uncover the intrinsic
characteristics of the concerned data set. It assesses the
clustering results and chooses the optimal scheme. Most
of the algorithms specify how many clusters a data set
should be divided. The actual number of clusters needs
to be validated because clustering is an unsupervised
method.

This paper presented a detailed overview of various
clustering techniques for acoustic emission data. Several
indices such as Dunn’s index, Silhouette index, Davies-
Bouldin index, Calinski-Harabasz index, and execution
time were discussed to evaluate the validity of clusters.
The execution times of various algorithms are recorded
and used to assess time performance.

e For the ideal number of K=2, K-medoids
clustering delivers the highest accuracy in terms of
silhouette validity index. The hierarchical method has
higher accuracy than the k-means algorithm.

e Dunn’s index measures the distances between
different clusters and the distance between the data points
within the same cluster. In terms of Dunn’s index, the k-
means algorithm outperforms the k-medoids and
hierarchical clustering for K=2. With an increase in the
number of clusters, a variation is seen in this index value.
For K=7, k means clustering gives the worst
performance.

e Our findings suggest that k-means clustering
method has the best time performance and gradually
improves with time as the number of clusters K
increases. Hierarchical clustering algorithm gives
reasonably better time performance than the k-medoids
algorithm. K-medoids takes much more execution time
than all other algorithms, and thus it has the most
deficient performance in terms of time.

A quality validation metric can accurately assess the
quality of these clusters, including the intra-cluster
quality, inter-cluster separation, and the clusters’ shape.
Instead of employing a single representative point, a
group of representative points or multidimensional
curves can be used. One of the challenges is to develop
an integrated quality evaluation approach for data mining
findings. It will significantly contribute to data mining

approaches for finding exciting and valuable patterns in
the acoustic emission data.

Nomenclatures

Symbols

oy iy Gy, The local mean of images X and Y
gy Standard derivation of image X and Y
Oy Cross-covariance

C1,C2,C3 Regularization constants

y(t) Mother wavelet

Abbreviations

AE Acoustic Emission

SSIM Structural Similarity Index Measure
CWT Continuous Wavelet Transform
WHO World Health Organization

RICCP Reverse Impressed Current Cathodic
PVDF Polyvinylidene fluoride

SOM Self-Organizing Map

PCA Principle Component Analysis

ACO Ant Colony Optimization

FCM Fuzzy C-Means

NN Neural Network

ANN Artificial Neural Network

ANS Artificial Neural System

DAFC Deep Adaptive Fuzzy Clustering Algorithm
SSAE Stacked Sparse Autoencoder
AWGG Adaptive Weighted Gath-Geva

GG Gath-Geva
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