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The effect of linkages in the Hierarchical
Clustering of Auto-Regressive algorithm for
Defect Identification in Heat Exchanger Tubes
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Abstract: Pattern recognition approach based on
Auto-Regressive (AR) algorithm is an alternative way to provide a
more accurate defect identification from stress wave propagated
along ASTM A179 heat exchanger tubes. The AR algorithm
characterizes the shape of the stress wave signals by AR
coefficients and clustered using ‘centroid’ linkages. However, the
increase of number of stress waves limiting the function of
clustering into meaningful groups. This paper proposes the
‘ward’ linkages as an improved hierarchical clustering method to
define the defect features from the reference tube signals and
those from the artificially induced defective tubes. The clustering
results from the ‘ward’ linkages were represented via a
dendrogram showing the hidden pattern between clusters. The
defect in the heat exchanger tubes are easily interpreted from the
dendrogram and can be successfully identified from Maximum
Group Distance Criteria (MGDC). The pattern recognition
approach using ‘ward’ linkages in AR algorithm has been shown
to effectively identify the defects in the heat exchanger tubes.
Keywords
:
Auto-Regressive,
Defect
Hierarchical Clustering, Pattern Recognition

Identification,

I. INTRODUCTION

Tubes are a well-known method of transferring fluids
between equipment and at the same time function to separate
the fluids inside the application such as heat exchanger and
boilers. High temperature fluids circulated at both sides of the
tubes and make them susceptible to metal degradations such
as pitting, corrosion and crack. These discontinuities are
major concerned in the industries as they affect the tube
integrity as well as raising multiple operation, finance, health
and safety issues to the plant operators [1]–[3]. To keep the
heat exchanger to perform at its best condition, inspection of
heat exchanger tubes is carried out periodically to detect
abnormalities in the tubes after being exposed to service.
Conventional methods identify the presence of defect
manually from the time series signals. It is found to be
cumbersome to plant inspector as the defect identification is
dependent on the expertise and proficiencies of the personnel
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[4]. To have a highly skilled and experienced personnel
requires high resources, in terms of training, time and cost. A
more accurate data analysis technique leading to automate
defect identification for the heat exchanger tubes is therefore
of interest.
Pattern recognition provides a wide range and practical
overview of the significant pattern in the data set, which
enable for a specific trend to be identified and aids the
classification of data. The concept of pattern recognition to
study the trend of the stress wave signals has been studied in
many applications [5]–[11]. Choosing the right classification
algorithm is a crucial in ensuring the successful and
meaningful hidden pattern in the big data analysis. Previous
research has successfully differentiated severity of defects in
low speed journal bearings [12], [13]. The research utilized
Levinson‟s forward linear prediction to represent shape of the
signals according to AR algorithm.
Recent research also embarks on stress wave propagation
pattern in pipelines and tubes [14]–[16]. A new pattern
recognition approach has been developed for quick and easy
defect identification of defect in ASTM A179 seamless heat
exchanger steel tubes. Previous attempt of Vibration Impact
Acoustic Emission (VIAE) technique has successfully
differentiated the preliminary stress wave signals [14]. The
problem is formulated by matching two sets of signals, from a
reference tube and a defective tube using a linkage 'centroid'.
The stress wave signals were naturally grouped into two main
clusters and were shown via dendrogram plot. The Euclidean
distance between these two sets of signals is used to recognize
the presence of static defect. The dendrogram plot assist
visual inspection for defect identification. This AR algorithm
method was efficient in separating acoustic emission signals
and permitted quick and easy defect recognition in heat
exchanger tubes.
The preliminary results shown that AR algorithm is capable
to identify the defect in the defective tubes. In previous study
[14], only 10 stress wave signals were used in each analysis.
However, as the VIAE method becomes more established,
more signals are required in the pattern recognition analysis.
As the number of the stress wave signals increasing, the
linkage between each signals becomes non-monotonous. The
clusters between each type of tube conditions disappear and it
is difficult to identify the Maximum Group Distance Criteria
(MGDC) between clusters.
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In this paper, an improvised Auto Regressive (AR)
algorithm is presented as the pattern recognition algorithm
due the ability of the approach to classify unique pattern based
on the shape of the signals. This paper focuses on the linkage
'ward' in hierarchal clustering which enables the stress wave
signals to be clustered into the correct cluster and provides
significant MGDC which is important for defect decision.

µs and sampled at 10 MHz. For convenience of analysis, each
stress wave signals for the reference tube was labelled as R1
to R30, whereas stress wave signals from the defective Tube
1, Tube 2, Tube 3 and Tube 4 were labelled as A1-A30,
B1-B30, C1-C30 and D1-D30, respectively. See again Table
I.

II. STRESS WAVE GENERATION
A. Heat Exchanger Tubes specifications
The experiment involved four defective heat exchanger
tubes and a tube without defect used as the reference tube. The
heat exchanger tubes were ASTM A179 seamless cold-drawn
steels having dimensions of 19.05 mm outer diameter, 2.11
mm tube thickness, and 1 m tube length. Each defective tube
has one artificially induced through-hole defect. The locations
of the defect, Y relative to the sensor were prepared based on
details in Table I. The schematic diagram is shown in Fig. 1.

Fig. 2. Schematic diagram of the experimental setup for
VIAE.

Impact location

Fig. 1. Schematic diagram of heat exchanger tube
showing the location of the defect relative to the sensor
location.
Table- I: Details of defect location in the tested tubes
Type of the
tube
Reference
tube

Label of the signals

Defect location relative
to the sensor, Y (mm)

R1-R30

-

Tube 1

A1-A30

100

Tube 2

B1-B30

200

Tube 3

C1-C30

300

Tube 4

D1-D30

400

Fig. 3. Location of impact excitation using an impact
hammer.
III. PATTERN RECOGNITION

B. Instrumentations
A simple and feasible approach called Vibration Impact
Acoustic Emission (VIAE) is used to acquire the stress wave
signals. The stress wave in the heat exchanger tube was
excited externally by using an instrumented impact hammer at
one end of the tube. The impacted load was recorded at 37 N.
The stress wave generated from the impact were captured by
using an acoustic emission (AE) sensor located at the opposite
of the tube end. Fig. 2 shows the schematic of the
investigation set up. The location of the impact excitation in
the testing tube are shown in Fig. 3.
For each tube listed in Table I, the data were collected for
30 times impact excitations. This number of impacts is the
minimum requirement for analysis of pattern recognition. The
stress wave propagations were recorded in time domain. The
acquired stress wave signals have sample length of 524,288
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The data were analyzed both in time series and pattern
recognition analysis. The stress wave signals were classified
using AR algorithm. There are 5 basic steps involved in the
pattern recognition analysis using AR algorithm. Every stress
wave signals were extracted at 0.01s, which resulted only 100
000 point data will be represented in unit vector. The size of
the matrix [AEsignals] in this study is X × 100 000, where X
is the number of signals involved in the pattern recognition
analysis.
The AR algorithm describes discrete-time stochastic
process, x(n) with a definite corresponding forward
prediction error (FPE) given by;
M
xn   h(k ) x(n  k )  W (n)
k 1
(1)
in which W(n) is a white noise signal, h(k) are the AR
coefficients and M is the model order. The W(n) has zero
mean and variance σ2 serves as the input in the AR algorithm.
At sufficiently high M, a set of AR coefficients signify the
signal‟s shape. Hence, the correct model order for any AR
algorithm is of a significant
decision. The Levinson-Durbin
algorithm was used to calculate M
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due to its efficiency in solving recursive solution. The value of
M is chosen when the σ2 has converged to a constant value.
The AR coefficients were clustered using unsupervised
hierarchical clustering. Clustering was formed by allocating
all set of AR coefficients in a single cluster. Euclidean
distance was selected to measure the similarity between each
AR coefficient. At each of the iteration, the Euclidean
distance compares a pair of the signals. Two signals that has
the least Euclidean distance was clustered in the same cluster.
When a new signal was added into the group, a new distance
was calculated, and a new group was formed. The most
heterogeneous signal was grouped into another cluster. This
steps were repeated until all the signals were added into the
pattern recognition analysis.
This research presents the linkage 'ward' as defect
identification feature. Linkage 'ward' calculates the AR
coefficients based on the minimum increase of sum of squares
between the signals. The algorithm was calculated using
MATLAB software. The results of the algorithm were
presented via dendrogram, which is a proactive tool capable
of extracting the relevant hidden pattern from the measured
signals. In the dendrogram, signals with similar
characteristics are clustered into similar cluster, whereas
signals with different characteristics are group in different
cluster. Finally, the identification of defect can be analysed
according to the label of signals in each main cluster in the
dendrogram. The MGDC value between the main clusters is
recorded as the representation of degree of dissimilarity
between the patterns of the measured signals. The flowchart
of the pattern recognition method was illustrated in Fig. 4.

in Fig. 6. The tube thickness becomes the limiting factor that
guide the longitudinal wave (in x-direction) to propagate
along the tube structure (in y-direction). The signals are
reflected at either ends of the tube.

(a)

(b)

(c)

(d)

(e)

Fig. 5. Examples of the stress waves measured from the
VIAE method for: (a) Reference tube; (b) Tube 1; Y=100
mm; (c) Tube 2; Y=200 mm; (d) Tube 3; Y=300 mm; and
(e) Tube 4; Y=400 mm.
Fig. 4. The flowchart of the pattern recognition method
using Auto-Regressive (AR) algorithm.
IV. RESULT AND DISCUSSION
A. Time series
Fig. 5 shows the typical of stress wave signal captured for
reference tube and defectives tubes when impacted with
external impact load. The stress wave shows a burst type
signal, i.e. a typical resemblance of a Hsu-Nielson signal. It
can be observed that each tube condition produces different
stress wave pattern. Each stress wave signals contain multiple,
repetitive series of burst signal. The series of burst signals are
due to the type of stress wave propagated in the tube structure,
which consist of surface wave and longitudinal stress wave.
These two type of stress waves are generated simultaneously
as the impact force is exerted to the tube structure.
However, due to location of the AE sensor at the end of
opposite impact location, the surface waves were captured
earlier than the longitudinal waves even though the
longitudinal waves have higher velocity compared to the
surface waves. The longitudinal waves have longer travel path
in the tube structure compared to surface waves as illustrated
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(a)

(b)

Fig. 6. Illustration of stress wave propagated in the
tube structure: (a) Surface waves; (b) Longitudinal
waves.
The location of the defect also affects the unique pattern of
stress propagation. More repetitive small burst signals can be
captured when the defect is
located close to the AE sensor
as seen in Fig. 5(b) for Tube 1.
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The small burst signals extend the travel path of the stress
wave propagation in the tube.
The stress wave propagated in the reference tube was
recorded at 3777 µs (this is shown in Fig. 5(a) for the last
burst signal in the graph). Fig. 5(b) to Fig. 5(d) also show that
the duration of the stress wave signals decreases as the defect
location becomes further away from the sensor. The average
duration of the stress wave propagated in each tubes were
recorded in Table II.
Table- II: Duration of the stress wave propagation in
the tested tubes
Type of the tube

Defect location relative
to the sensor, Y (mm)

Reference tube

-

3777

Tube 1

100

8761

Tube 2

200

7422

Tube 3

300

7293

Tube 4

400

6184

Duration, t (µs)

to have better defect identification method which provides
more accurate identification mathematically. The next section
discusses the proposed better linkages between the stress
waves based on the features of the measured signals.
B. Pattern recognition
In the pattern recognition analysis, all the 30 stress wave
signals measured in the experiment for each defective tube are
compared to the 30 stress wave signals for the reference tube.
The FPE analysis (Eq. (1)) indicates that a model order of M =
40 is sufficient to represent the shape of the stress wave
signals propagated in heat exchanger tubes.
Before proceeding to the results using the linkage „ward‟,
the results from the implementation of linkage 'centroid' are
first discussed here, which have been presented in the
previous works [14], [17] to be successful for less amount of
measured data. Fig. 7 presents the dendrogram plots of pattern
recognition analysis using AR algorithm and linkage
'centroid' for each pair of the reference and defective tubes.

However, it is difficult to differentiate the stress wave
propagation pattern visually especially as the number of the
small burst signals vary for each impact. Hence it is desirable

(a)

(b)

Fig. 7. Dendrogram plot from
(c) linkage 'centroid' for: (a) Reference tube-Tube 1; (b)
(d)Reference tube-Tube 2; (c)
Reference tube-Tube 3; (d) Reference tube-Tube 4.
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(a)

(b)

(c)

(d)

Fig. 8. Dendrogram plot from linkage 'ward' for: (a) Reference tube-Tube 1; (b) Reference tube-Tube 2; (c) Reference
tube-Tube 3; (d) Reference tube-Tube 4.
The x-axis denotes the Euclidean distance between each
signal value while the y-axis indicates the stress wave signals
represented by the corresponding labels (see Table II). The
linkage 'centroid' is often used due its convenient computation
to represent the center of the shape predicted using AR
coefficients [17], [18].
The dendrogram illustrated in Fig. 7 shows that the stress
wave signals were differentiated into two main groups.
Cluster 1 contains 30 stress wave signals propagated in the
reference tube, whereas Cluster 2 contains 30 stress wave
signals propagated in either defective tube. Signals in Cluster
1 indicates the baseline signals in this analysis.
It is observed that from the linkage 'centroid' method, the
inversion between each signal condition which produces
non-monotonic chaining is apparent within both clusters. The
linkage 'centroid' tends to attach signal one by one to the
cluster thus demonstrates the relatively small growth of curve.
The non-monotonic chaining is a reflection that the shapes
of the stress wave signals have almost similar statistical
patterns between one another, hence it is difficult to
differentiate the 'centroid' of the stress wave signals and this
affects the MGDC values in the dendrogram. The results
indicate as if no defects are presence in the heat exchanger
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tubes.
These results are totally different from the previous study in
[19] as the number of stress wave signals involved in the
pattern recognition analysis in the previous work was only 10
signals. Recent study suggested that minimum number of
signals to represents the pattern of a training set is 30 signals
in any pattern recognition analysis [20]. It is found here that
linkage 'centroid' is only suitable for a small number of
signals. As the number of signals used in the pattern
recognition analysis increases, the linkage between signals
becomes chaining with each other and produces no apparent
cluster representing the pattern of stress wave propagation in
the heat exchanger tubes. Hence, the linkage 'centroid'
between each signal is considered as a weak statistical
representation of the signals.
Fig. 8 depicts the dendrogram plots of pattern recognition
analysis using AR algorithm and linkage 'ward' for each pair
of the reference and defective tubes. In contrary to
non-monotonic chaining signals as in Fig. 7 from the linkage
'centroid', the linkage 'ward' produces monotonous linkages
between each signal within the
cluster. There are also few mini
clusters in the Cluster 1 and
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Cluster 2 due to small proximity of signals between the two
clusters. Linkage 'ward' calculates the Euclidean distance
between two signals using the error of sum squared. The pair
that has smaller summed squared is grouped together in a
cluster. When the summed square of the new pair signal is
larger, a new cluster is formed. The size of clusters increase
until all the signals are linked together in the hierarchical tree.
As the linkage 'ward' involves an increase of sum of
squared error between two signals at the beginning, hence the
distance between two signals becomes dilating from very first
iterations. The significant jump between Cluster 1 and Cluster
2 in Fig. 8 indicates well separated clusters. The separation
between clusters is measured from the dendrogram plot. The
MGDC value is the maximum distance between the two main
clusters. The MGDC value presents how significant the
dissimilarity of the signals from each other. The degree of
dissimilarity indicates that the shape of stress waves in the
defective tube as computed by AR algorithm is not similar
with the shape of the stress waves in the reference tube. The
MGDC value between the two main clusters are tabulated in
Table III. The MGDC values from dendrogram plots in Fig. 7
('centroid') and Fig. 8 ('ward') vary approximately from 0.50
to 0.75 and 3.0 to 4.2, respectively.
Table- III: Duration of the stress wave propagation in the
tested tubes
Case
Reference
tube-Tube 1
Reference
tube-Tube 2
Reference
tube-Tube 3
Reference
tube-Tube 4

Label of the
signals

MGDC
'centroid'

'ward'

R-A

0.7522

4.120

R-B

0.5477

4.101

R-C

0.7472

4.093

R-D

0.6386

3.498

From Table III, the MDGC value of reference tube-Tube 1
has the highest distance which is 4.120 for linkage 'ward'. It
means that the signals in Tube 1 have the most significant
different characteristics from those of the reference tube
compared to the other defective tubes. MGDC values more
than 2 indicate that defect is presence in the heat exchanger
tube. It can also be observed from Table III that the MGDC
values reduce as the defect location becomes further away
from the AE sensor. The sensor–source distance determines
the duration for stress wave propagation, as well as the shape
of the signals.
Currently, there is no standard benchmarking in setting the
similarity index between the stress waves signals, but
previous research suggested that MDGC < 0.3 between
clusters indicates that the stress waves signals have similar
characteristics or similar pattern, whereas MDGC > 2
indicates significant dissimilarity of the signal patterns
between clusters [21].
V. CONCLUSION
This study presents the effects of linkages in hierarchical
clustering in AR algorithm for defect identification in heat
exchanger tubes. The AR algorithm successfully allocates the
correct signals into their natural groups. The dendrogram plot
illustrates the capability of AR algorithm in discriminating the
Retrieval Number: D8159118419/2019©BEIESP
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type of stress wave signals propagating in the tube structure. It
is found that the linkage 'ward' distinctly showed the
clustering of defect signals from the reference signals. The
results indicate that linkage 'ward' can be implemented for
modelling large number of VIAE signals. It successfully
increases the homogeneity of each signals in the main cluster
and increases the MGDC values between the clusters. These
results demonstrate that pattern recognition approach for
defect detection is feasible for fast and potentially useful to
identify the presence of defects in heat exchanger tubes and
other similar structure. This study can be extended for more
complex defects and to investigate the robustness of the
method for defect identification.
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