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Abstract
This work focuses on an unsupervised, data driven, modified k-nearest neighborhood technique
to detect and monitor fatigue crack growth in lug joint samples using a surface mounted
piezoelectric sensor network. A lug joint is an important structural hotspot in which damage
initiates and progresses under fatigue loading. Early detection of fatigue cracks in a lug joint can
help in taking preventive measures, thus avoiding any possible structural failure. The lug joint
samples used in this study are prepared from an Al 6061 T6 plate with 0.25 inch thickness and
are instrumented with a surface mounted piezoelectric actuator/sensor network. Experiments
are conducted on lug samples with a single notch and multiple notches that are symmetrically
placed. For early initiation of cracks, samples are notched at the shoulders. Under the influence
of fatigue loading, the crack growth rate is different even when the notches are symmetrically
placed. It is found that although cracks propagate from both the notches, the sample fails from
one of the shoulders once the critical crack length is reached. For the given sensor architecture,
which is symmetric, the objective of this study is to detect, isolate and monitor fatigue crack
growth in each zone. The methodology presented helps in identifying sensors that are most
sensitive to the presence of single and multiple cracks. Thus, the computational expense for
damage localization studies can be reduced by not making use of redundant sensors.

(Some figures in this article are in colour only in the electronic version)

1. Introduction

Lug joints are connector type elements used as structural
supports for pin connections. These joints are used in a
variety of aerospace applications and are susceptible to failure
under fatigue loads they experience throughout the operational
life of the vehicle. A crack initiating and propagating
in these components, if not detected in time, can lead to
catastrophic failure. Health monitoring of these components,
therefore, becomes essential. In recent days, surface mounted
piezoelectric sensors are used for on board structural health
monitoring. Various researchers have explored piezoelectric
actuators for different excitation signals (continuous sinusoidal
and pulse) to study the influence of flaws on Lamb waves for
damage detection [1–4]. Several other researchers have made
use of piezoelectric sensors for damage detection in beams

and large plates using pitch–catch, pulse echo and phased
array methods [5, 6]. In plate like structures with a complex
geometry, the separation of symmetric and antisymmetric
modes becomes difficult. This increases the complexity in
studying the influence of damage on the overlapping modes.
In this paper, statistical methods are proposed to analyze these
sensor signals and extract useful information to characterize
damage. A comprehensive survey has been done on different
statistical techniques used for anomaly detection [7] and some
applications of different pattern recognition techniques for
damage detection and structural health monitoring are well
documented in [8]. In this paper, to mimic the real life scenario,
sensor signals used for fatigue crack detection and monitoring
are not filtered for any known or unknown frequencies which
can occur due to different environmental and operational
conditions.
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Figure 1. Geometrical dimensions of the lug joint in inches.
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Figure 2. (a) Sensor/actuator configuration on the lug joint sample
divided into two zones and (b) experimental setup for fatigue tests.
The lug sample instrumented with piezoelectric sensors is mounted
on the fatigue frame. Sensor readings are collected by stopping the
machine but having the lug sample mounted on the frame. A CCD
camera is used to capture images at different fatigue stages which are
later used to calculate the crack lengths.

2. Lug joint experiments

2.1. Sample preparation

Lug joint samples were prepared from 0.25 inch Al 6061 alloy
plate. The dimensions of the sample are shown in figure 1. Two
types of lug joint samples were used for fatigue experiments,
samples with a single notch at one of the shoulders and
samples with symmetrical notches at both the shoulders. The
nomenclature used for these samples is as follows: the first
letter denotes the sample is a lug joint, the number following
it is the sample number, the next number is the number of
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Figure 3. A tone burst signal of 4.5 cycles and 230 kHz central
frequency. This signal is used as the excitation signal for all further
studies.
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Figure 4. Comparison of sensor S1 signals of lug sample L1-1N at
three different fatigue stages in the time domain. It can be seen that
sensor signals obtained at different stages do not have any significant
differences from each other.

notches in the lug sample and the last letter denotes the notch
in the sample e.g ‘L1-1N’. These EDM notches of 4 mm
were made to facilitate early crack initiation. The samples are
polished with silicon carbide paper to 1200 grit (5 μm) on the
surface. It must be noted that polished samples facilitate in
better monitoring of the crack growth. Piezoelectric sensors
were mounted on the surface of the lug joint. The sensors used
belong to the class of APC 850 with a diameter of 6.35 mm and
a thickness of 1 mm. They are poled in the thickness direction
and operate in a radial extension mode so that when a voltage
is applied across the thickness of the disk (actuator), radial
expansion or contraction of the disk occurs. Conversely, a
radial strain creates a voltage potential across the disk thickness
(sensor). The sensor network is divided into two zones, zone
1 consisting of sensors S1 and S2 and zone 2 consisting of
sensors S3 and S4. This is shown in figure 2(a).

2.2. Fatigue tests

The lug joints with surface mounted piezoelectric actua-
tor/sensors were fatigued in an Instron 1331 hydraulic load
frame. Figure 2(b) shows the experimental setup of the
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Figure 5. Distance based technique to assign scores to outliers. (a) Outlier score based on distance to fifth neighbor. (b) Filtered signal
(outlier score based on the distance to the first nearest neighbor). Nearby outliers have low outlier scores. (c) Outlier score based on distance
to the fifth nearest neighbor. A small cluster becomes an outlier.

sample. The samples were tested under a constant amplitude
tensile load of 267–2670 N. Pictures from a CCD camera
were collected using a digital image acquisition system to
monitor potential locations for crack nucleation and to measure
crack length. The sample was held to the test frame with
clevises. The clevis at the top was fixed whereas the one at
the bottom was connected to the hydraulic actuator, where
load was induced at a frequency of 10 Hz using a sinusoidal
waveform.

2.3. Active sensing

A tone burst of 4.5 cycles and 230 kHz central frequency as
shown in figure 3 was used as the excitation signal. The input
signal was sampled at 20 Ms s−1. Rather than continuous
signals, burst signals of three to seven cycles are typically
used to prevent unwanted interference between waves when
they travel in the test sample and facilitate time of flight
calculations. A pulse with more cycles has a higher energy
than a pulse with fewer cycles. Although burst signals
with more cycles carry more energy, the structure of the
waveform is complicated to analyze. It increases the likelihood
that reflections may occur and interfere with the measured
response. Burst signals with few cycles, e.g. one or two, are
not used because energy associated with them is small and
gets attenuated very fast while traveling through the media.
Often an additional half-cycle is added to an integer number
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Figure 6. Comparison of sensor sensitivities (changes in the sensor
response) of the fourth stage with the eleventh stage. These sensor
sensitivities are calculated using the modified k-nearest neighbor
algorithm discussed.

of cycles to provide a peak at the center of the signal and
hence a burst signal of 4.5 cycles was chosen for the current
study. The excitation signal was generated using a National
Instruments PXI 5412 high speed analog output card and the
signals were received using a National Instruments PXI 5105
data acquisition card. Sensor signals are collected at a rate of
20 Ms s−1. A hundred sensor signals were recorded for every
discrete crack length for statistical calculations.
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Figure 7. Comparison of sensor sensitivities (changes in the sensor
response) of the fourth stage with the eleventh stage between 30 and
90 μs. These sensor sensitivities are calculated using the modified
k-nearest neighbor algorithm discussed.
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Figure 8. The response of the individual sensors (sensor sensitivity)
to the overall change at the fourth stage and the eleventh stage. The
amplitude of the change (sensor sensitivity) at any time is the
distance based score calculated using the algorithm. The comparison
is made between a time period of 30 and 90 μs for clarity.

A typical sensor signal from sensor 1, at three different
stages of a lug sample with a single notch, is shown in figure 4.
It can be seen that the sensor signals are complex because of
multiple reflections from the crack face and the edges of the
sample. They look very similar in the time domain and as
a result statistical techniques need to be considered to extract
useful information from the sensor signals.

3. Unsupervised analysis technique to detect changes
in sensor signals

The changes in sensor signal (sensor sensitivities) are
calculated using a modified k-nearest neighborhood algorithm.
The sensor signal collected is discrete and the amplitude at a
particular time instance is termed as an object. Objects from
the healthy signal are taken as reference. These objects are
mapped in a high dimensional space (in this case, the number
of dimensions is four) using a kernel function. A Gaussian
kernel function is used in this algorithm. An object from
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Figure 9. Crack lengths calculated experimentally at different stages
of the L1-1N sample.

any damaged signal is also mapped in this space using the
same kernel function and its distance from the neighboring
objects is calculated. The number of neighboring objects that
it needs to be compared, to calculate the average distance,
is application specific. Usually this number is designated
by a letter ‘k’ and hence this method is called the k-nearest
neighborhood method. The corresponding objects are called
k-nearest neighbors. The average distance of an object chosen
from the damaged signal to its k-nearest neighbors is defined
as a score and the object is termed as an outlier. In summary,
in this approach the outlier score of an object is given by the
distance to its k-nearest neighbors [9]. For example, figure 5
shows a set of two-dimensional points. The outlier score can
be highly sensitive to the value of k. If k is large, the outlier
score for object C is high. If k is too small, then a small
number of nearby outliers can cause a low outlier score. Let
us assume that k = 1, then both C and its neighboring point
will have a low outlier score (figure 5(b)). When k is too
large, then it is possible for all objects in a cluster that has
fewer objects than k to become outliers e.g., for k = 5 the
outlier score of all points in the smaller cluster of size 5, as
shown in figure 5(c), is very high. To make this scheme more
robust to the choice of k, the definition can be modified to use
the average of the distances to the first k-nearest neighbors.
The distance based outlier detection scheme described above
is simple. This detection scheme for univariate data with a
parametric distribution [10, 11] has been modified by many
researchers [12–14]. The biggest problem, however, is the
quadratic scaling behavior which increases the computational
time with increase in the size of the data set. To overcome
these limitations, a modified nested loop method can be used
to solve high dimensional data sets [15]. A modified k-nearest
neighbor based algorithm (ORCA) based on nested loops in
conjunction with randomization and a simple pruning rule is
adopted. This algorithm gives near linear performance and
is suitable for analyzing large data sets. This algorithm is
discussed next.
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Figure 10. (a) Sensor sensitivity in zone 1 and zone 2 obtained from sensor fusion. (b) Sensor sensitivity contributions from individual
sensors for a typical observation. (c) Mean values of sensor sensitivities for 100 observations at every fatigue stage and the standard deviation
at those respective stages as an error bar for sensors 1–4. These values are shown over the life span of the lug joint sample.

Input:
A pq q dimensional dataset having p instances

arranged in a random order
k Number of nearest neighbors (default 5)
n Number of outliers used (default: n = p)

Output:
O(n) Set of outliers
Sglobal Global scores

Argument:
a Entries in A
B Block of examples from A
b Entries in B
c Cut-off threshold

Definitions:
d(x, Z) = √

(x1 − z1)2 + (x2 − z2)2 + . . .+ (xn − zn)2

where z is an example in Z .
dm(x, Z)maximum distance between x and

an example in Z
Mk

x,Z ‘k’ closest examples in Z to x
S(Z , x) = 1

m

∑m
i=1 d(x, Z) distance based score

Let p instances of A pq be divided into NB blocks
and Knn(x) be the matrix that keeps track of the nearest
neighbors/examples of x .

Initialize: c = 0 and O = � where � is a null vector
For block = 1: NB

{
B = A(1 : block, :); Knn(b) = �

For each a in A,
{

For each b in B and b �= a
{

If Length(Knn(b)) < k or
d(b, a) < dm(b, Knn(b))

{
Knn(b)← Mk

b,Knn(b)∪a
If S(Knn(b), b) < c
{

Remove example b from set B
}
}
}
}

O = O ∪ B
Sglobal = score(O)

c← min(Sglobal )

}

5



Smart Mater. Struct. 19 (2010) 105015 S Soni and A Chattopadhyay

0 2 4 6 8 10 12 14 16
0

1

2

3

4

5

6

7

8

Number of Fatigue Cycles (kCycles)

C
ra

ck
 L

en
gt

h 
(m

m
)

Figure 11. Crack lengths calculated experimentally at different
stages of the L2-1N sample.

Sglobal stores the outlier score over the length of the signal
for all of the sensors. In the sections to come, the outlier score
is termed as sensor sensitivity of a sensor. It is calculated
for the sensor signals recorded for lug joints with single and
multiple cracks at different fatigue stages and the observations
made are discussed in the following sections.

4. Lug joints with a single crack

Two lug joints with a notch on the top shoulder, i.e. in zone
1, were fatigued up to failure. The sensor readings collected
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Figure 13. Crack lengths calculated experimentally at different
stages of the L1-2N sample.

at different stages were analyzed and sensor sensitivities were
extracted using the modified k-nearest neighborhood method
discussed in section 3. Sensor sensitivity is the change in the
sensor response at a later stage when compared to the healthy
stage. A comparison of the sensor behavior to the overall
change at the fourth stage and the eleventh stage is presented in
figure 6. This comparison of the sensor behavior is zoomed in
time (see figure 7), spanning between 30 and 90 μs, to clearly
see the changes between the two stages. At the fourth stage,
the overall sensor sensitivity in terms of outlier score is 39.24
while at the eleventh stage, the outlier score is 70.34. From the
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Figure 12. (a) Sensor sensitivity in zone 1 and zone 2 obtained from sensor fusion. (b) Sensor sensitivity contributions from individual
sensors for a typical observation. (c) Mean values of sensor sensitivities for 100 observations at every fatigue stage and the standard deviation
at those respective stages as an error bar for sensors 1–4. These values are shown over the life span of the lug joint sample.
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Figure 14. (a) Sensor sensitivity in zone 1 and zone 2 obtained from sensor fusion. (b) Sensor sensitivity contributions from individual
sensors for a typical observation. (c) Mean values of sensor sensitivities for 100 observations at every fatigue stage and the standard deviation
at those respective stages as an error bar for sensors 1–4. These values are shown over the life span of the lug joint sample.
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Figure 15. Crack lengths calculated experimentally at different
stages of the L3-2N sample.

scores, it can be inferred that more changes occur in the sensor
signal at the eleventh stage as compared to the fourth stage.
This is due to the fact that as the number of fatigue cycles
increases, crack lengths increase, which in turn increases the
sensor sensitivity. The contribution from the individual senors
to this overall change is also shown in figure 8. The sensor
sensitivity values for individual sensors are shown in table 1.
From table 1, it can be seen that the sensor sensitivity values
for sensors S1 and S2 increases significantly from the fourth to

Table 1. Sensor sensitivity (change in the sensor signals for a
damaged lug joint sample compared to the healthy sample) at the
fourth stage and the eleventh stage.

Sensor sensitivity (in %)

Sensor ID 4th stage 11 stage
Global response (S1+ S2+ S3+ S4) 49.29 73.35
S1 14.68 28.38
S2 11.73 18.86
S3 11.13 12.95
S4 11.75 13.16

the eleventh stage compared to sensors S3 and S4. This implies
that sensors S1 and S2 experience more change around them at
a later stage. This is due to the fact that as the crack grows it
continues to influence the wave path between the actuator and
sensors S1 and S2.

To account for variabilities in sensor signals, 100
observations for all sensors were taken at every fatigue stage.
Crack lengths measured at each stage from experiments for
the L1-1N sample are shown in figure 9. Sensor sensitivity
results for a typical observation are plotted in figure 10(a) over
the complete life of the sample. Sensitivity results for the top
(zone 1) sensors are obtained by fusing data from sensors 1
and 2 and for the bottom (zone 2) sensors are obtained by
fusing data from sensors 3 and 4. The results indicate that
sensitivity values increase with the number of stages for the
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Figure 16. (a) Sensor sensitivity in zone 1 and zone 2 obtained from sensor fusion. (b) Sensor sensitivity contributions from individual
sensors for a typical observation. (c) Mean values of sensor sensitivities for 100 observations at every fatigue stage and the standard deviation
at those respective stages as an error bar for sensors 1, 2, 3 and 4. These values are shown over the life span of the lug joint sample.

top sensors significantly as compared to the bottom sensors.
The sensor sensitivity values for the bottom sensors remain
more or less the same as time progresses. This indicates crack
growth near the top shoulder i.e. in zone 1. Individual sensor
contributions from the top (zone 1) and bottom (zone 2) sensors
of the sample are shown in figure 10(b). It can be seen from
figure 10(b) that the sensitivity values for sensor 2 remain
almost unaffected in the beginning stages but increases at a
later stage. This indicates crack progression towards sensor 2.
From the viewpoint of statistical variation, the mean value of
sensor sensitivities for 100 observations taken at every fatigue
instance and the standard deviation in the sensitivities at each
fatigue instance are shown in figure 10(c) for sensors 1–4.
Experiments were repeated on similar lug joint samples with a
single notch and the results are presented in figures 11 and 12.

5. Lug joints with multiple cracks

Experiments were also conducted on lug joints (‘L1-2N’
and ‘L3-2N’) with symmetric notches and sensor reading
were recorded at different fatigue stages. The crack lengths
measured at each stage are shown in figure 13. The modified
k-nearest neighborhood algorithm discussed earlier is used to
extract sensor sensitivity values at each fatigue stage. The
results for the lug joint sample L1-2N from a typical sensor
output obtained by fusing sensor information from the top
(zone 1) sensors and the bottom (zone 2) sensors are shown in

figure 14(a). It can be seen that the sensor sensitivity in both the
zones continues to increase with the increase in fatigue cycles.
This trend suggests that crack growth occurs in both the zones.
In addition, the sensors in both the zones exhibit a similar trend
at the beginning of the fatigue life; however at the later few
stages, the sensor sensitivity in zone 1 exceeds significantly
that in zone 2, which indicates a faster crack growth rate in
zone 1. This behavior of the lug joint sample L1-2N is in
accordance with the behavior observed in experiments. From
the experiments, it was noted that crack growth in zone 1 was
faster than in zone 2 and the final failure was driven by the
crack progression in zone 1. Individual sensor behavior to this
overall phenomenon is shown in figure 14(b). To incorporate
the variation in sensor output caused by the presence of noise,
100 observations were recorded at every fatigue stage for each
sensor. The mean and variance of the sensor sensitivity results
obtained from 100 sensor readings at each stage are plotted in
figure 14(c). Experiments were repeated on similar lug joint
samples (L3-2N) with symmetric notches and the results are
presented in figures 15 and 16.

6. Concluding remarks

A data driven, unsupervised feature extraction technique based
on a modified k-nearest neighborhood method was used to
calculate sensor sensitivity (change in the sensor signal of a
structural component in its damaged state when compared to
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its healthy state) in complex lug joint samples. Experiments
were conducted on lug joint samples with a single crack
and symmetric cracks growing under the influence of fatigue
load. The technique discussed not only detects damage in
lug joint samples, but efficiently predicts the presence of
a single fatigue crack or multiple competing fatigue cracks
growing from the notch/es along with the crack growth rate
information in each zone. The efficacy of this technique was
proved by using the entire length of the raw signal obtained
from surface mounted sensors (without undergoing filtration
for any specific frequency range, thereby preserving the real
operational scenarios) for feature extraction. This technique
also helps in selecting the sensors which are influenced the
most by crack/s and this information can be used in a number
of applications including damage localization by reducing
redundant sensors. The technique discussed not only detected
progressive cracks but was also sensitive to changes in sensor
signals, even before a visible crack was observed.
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