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ABSTRACT

Acoustic emission (AE) testing of insulated aerial man-lift devices has proved successful over the years
and is widely accepted for testing both new and in-service vehicles. Although testing is relatively easy,
data analysis and evaluation is a demanding process, since both metal and composite parts are
simultaneously tested, while, the mechanisms used to manipulate the arm movements are potential noise
sources. The existing standards for such type of testing do not outline pass-fail criteria for each
structural part and material, and evaluation of the results relies basically on the experience of the
analyst. The results of AE monitoring of five insulated aerial man-lift devises are reported in this work.
Data analysis and evaluation is primarily based on multidimensional sorting and unsupervised pattern
recognition techniques, which proved efficient for the discrimination of AE sources. Results from
various unsupervised algorithms applied either on the AE feature set, or to its principal component
projection, are discussed. Comparison of the proposed analysis process with traditional data treatment,
is presented, as well, Supervised algorithms and neural networks were successfully trained, using the
unsupervised pattern recognition results, and can be used for the classification of AE data from future
tests.

INTRODUCTION

Periodic maintenance of aerial man-lifts is of outmost importance for the safety of personnel and for the
economical operation of the device and the electrical utility.  The inspection program usually comprises
of structural integrity and dielectric tests in order to identify problems before they become critical [1].
Acoustic emission (AE) testing of insulated aerial man-lift devices has proved successful over the years
and is widely accepted for testing both new and in-service vehicles [1-3]. Although AE was initially
used to evaluate the structural integrity of the fiberglass booms [2], its applicability extended to the
inspection and location of damage in the metal components as well. Through the years, AE has been
used in identifying flaws in the new device, resulted from the manufacturing process, and in-service
damage resulted from accidents, overload, fatigue and environmental conditions.  AE testing of
insulated aerial devices has become standard procedure for industries [1-3], supported by relevant
standards [4,5]. However, the existing standards for such type of testing do not outline pass-fail criteria
for each structural part and material, and the evaluation of results relies basically on the experience of
the analyst. Furthermore, major industrial users [3] point out the variation in AE behavior between units
of different design from different manufacturers.

The results of AE monitoring of five insulated aerial man-lift devices are reported in this work. Data
analysis and evaluation is primarily based on multidimensional sorting and unsupervised pattern
recognition techniques [6-8], in order to enhance the analyst efficiency in discriminating the different
AE sources. Results from various unsupervised algorithms applied either on the AE feature set, or to its
principal component projection are presented. Principal component projection proved to be an efficient
pre-processing tool in pattern recognition analysis of AE data. Further automation of the evaluation
process is achieved by neural networks [8,9], which proved suitable for classifying AE data and can be
used to evaluate AE activity from future tests of similar devices.
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Fig. 2: Sensors position and overall assembly of the device.

Fig. 1: Test Position.

EXPERIMENTAL PROCEDURE

The aerial devices were loaded to 1.5 times the rated capacity.
According to the guidelines of ASTM [4], two loading cycle were
performed. The load was applied with the device in the position
shown in Fig. 1. Thirteen (13) PAC-R15I 150KHz resonant sensors
with 40-dB integral preamplifier were mounted at the positions
shown in Fig. 2. Channels 1 to 5 were attached to the composite or
insulated parts, while the remaining channels to the metal parts. A
PAC Spartan-2000 AE system was used for real time data
acquisition. Acquisition was performed at 40 dB threshold and 23
dB gain.

Attenuation study confirmed the adequate coverage of the structure with AE sensors. Pencil breaks were
used as simulated sources at various locations of the device, in order to measure arrival time differences
for location purposes.  ASTM [4] guidelines were used for immediate test termination in case of extreme
damage. As indicated in ASTM, these criteria are not acceptance criteria.

DATA ANALYSIS

Conventional data analysis and evaluation is usually [3-5] based on two different thresholds, named
“low level” and “high level” threshold, with values of 40 dB and 70 dB, respectively. The total AE
counts and the number of high threshold events (first hits) during the second loading and second hold
period are used as evaluation criteria. The main problem associated with data analysis is the
discrimination between genuine emission and the various potential noise sources, such as the
mechanisms (usually chain and gears) used to manipulate the arm movements and the hydraulic system,
which remain under pressure during testing. Furthermore since both metal and composite parts are
simultaneously tested, signature recognition is becoming more complicated.
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In the present study, unsupervised pattern recognition [6-8], applied on the data recorded from one aerial
device, is used to discriminate the noise sources and establish a procedure for signature recognition of
the structurally significant signal classes. Unsupervised pattern recognition is a numerical process
aiming to group a data set of “N” patterns to a limited number of “C” sub-groups, called classes. The
number of classes and their characteristics have to be determined by the unsupervised pattern
recognition methodology. Features selection is a critical step in the analysis process and the results
strongly depend on the completeness of feature set.

In the absence of any a priori information on the number of signal classes, features cannot be selected
on the basis of discriminant analysis. Therefore, Amplitude, Duration, Energy (MARSE), Average
Frequency, Rise Time and Counts to Peak, are selected from the eight recorded AE features and used as
the default feature space in order to define a transformation and project the original data on a set of
orthogonal axes where maximum variance is achieved [8].

The technique, known as principal component analysis, allows calculation of the “degree of fit” (as
compared to the complete data set) when a subset of the transformed space is used [8]. The first three
principal components, named PCA0, PCA1 and PCA2, resulted in a degree of fit of 95.52% and are
further used for the unsupervised pattern recognition analysis and classifier design.

Four different clustering algorithms, K-Means, Max-Min Distance, Forgy and Cluster Seeking, were
used for a parametric study in partitioning the AE data in classes ranging from two to twenty-five. The
algorithms performance was evaluated by means of Rij and Tou criteria [6-8]. Both are heuristic criteria
based on the ratio of average within-class distances to the distance between classes. The Rij criterion is
an average measure of such a ratio, calculated using all of the different pair of classes, while the Tou
criterion is defined by the ratio of the minimum distance between any pair of classes to the maximum of
the average within-class distances. Therefore, the lower the value of Rij, (or the higher the value of
Tou), the higher the discrimination efficiency of the resulting data partition. Furthermore, minimization
of Rij or maximization of Tou criteria as a function of the resulting number of classes can be used to
estimate the number of classes in the data [7].
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Fig. 3: Estimation of Number of Classes by means of Rij and Tou criteria.
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Fig. 4: Clustering results in the Principal Component Space.

The results of the parametric study performed with K-Means clustering algorithm are presented in Fig.
3. As can be seen from the figure, Rij criterion is minimized at four classes (a second local minimum
observed at eleven classes), while Tou criterion is maximized for three and four classes. From the
numerical point of view, therefore, the resulting data partition in four classes was considered to be the
most representative for the available AE data.

The respective clustering results are shown in Fig. 4, as scatter plot of the first vs. the second principal
components. Figure 5 presents the same clustering results in the original feature space as AE Counts vs.
Amplitude scatter plot.

A closer observation of Fig. 5 indicates an overlap between the resulting classes in the original space.
However, this is an artifact of the specific projection since the clustering algorithms produce clearly
separable classes. On the other hand, the indicated overlap emphasizes the increased efficiency of
multidimensional analysis and clarifies the limitations imposed by amplitude-based classification with
low and high threshold values.

Experimentation with the remaining clustering algorithms produced similar results. The Max-Min
distance clustering algorithm produced better performance. This algorithm resulted in lower value of Rij
for a seven-class partition. A closer investigation showed that the main classes of the selected K-Means
partition remained the same, while some of the extreme classes were split. Selection between different
clustering results and the ultimate validity of the resulting data partitions can be performed only in
relation to the physical phenomenon under study. For this purpose, standard AE practices are used.
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Fig. 6: Activity and location of Class 1 data.

Fig. 5: Clustering results in the Counts-Amplitude projection.

The AE data from each class was
replayed and evaluated by means of
linear and zonal location, as well as
by the activity during the loading
stages. Figure 6 summarizes the
results of class 1. In both hits vs.
time (upper graph) and energy vs.
time (middle graph) plots of Figs. 6
and 7, the load-time curve is
superimposed.

Data of class 1, are well located, in
the linear location group (bottom
graph of Fig. 6), with high energy
(middle graph presents energy rate
of the located events). Furthermore,
this class is active only during the
first loading as can be realized from
the hits versus time plot. From Fig.
5, the signature of this class com-
prises of hits, whose amplitude
range from 47 dB to 80 dB. On the
other hand, data of class 0, of which
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amplitude ranges between 40 dB
and 70 dB, locate between sensors 9
and 10, as can be seen from the
bottom graph of Fig. 7. Further-
more, the class is active during all
the different stages of the loading
cycle as can be realized from the
hits vs. time graph of Fig. 7. Most
important is the fact that the located
events from the linear location
group (middle graph of Fig. 7)
appear only during unloading.

AE data of classes 2 and 3 are not
located by the linear location group.
The zonal location results indicate
that data of class 3 is located only
by channels 6 and 7, while data of
class 2 is located by the channels
associated with the metal parts of
the aerial device. Considering Fig.
5, class 2 has low amplitude and
very few counts. Data of class 3 has
amplitude greater than 75 dB and is

observed only in channels 6 and 7. As in the case of class 1, class 3 is active during the first loading,
while class 2 has similar behavior with that of class 0; i.e., it remains active during the loading, load
hold and unloading at both cycles.

Summarizing the results, classes 0 and 3 might be characterized as structurally insignificant or friction
or noise related classes, while class 1 and 2 are considered as structurally significant classes.

SUPERVISED PATTERN CLASSIFICATION

Based on the validated results of the previous phase, supervised pattern recognition [8,9] is performed
for the classification of AE data recorded from the remaining four aerial devices as well as for the
classification of AE data recorded in extremely noisy conditions. Two different supervised algorithms
were investigated. The Nearest Neighbor classifier and a Back Propagation (BP) Neural Network with 1
input layer of three neurons, 1 hidden layer of four neurons and the output layer. The nearest neighbor
classifier resulted in 1.57% (5 hits) misclassification error, while the BP neural network produced 0.63%
(2 hits) misclassification error. The following table summarizes the classification results (AE hits per
class and % of total test hits):

AE data were recorded without load (weight), while the device operator performed standard movements
of the boom to place it to its normal position. Using the location set-up presented in Figs. 6 and 7, the
AE data was located between sensors 9 to 11. The classifier assigned 97.3% of the total hits to the noise
classes (89.7% in class 0 and 8.2% in class 1). The classification results for the case of hydraulic noise
with load, where the device was operated (movements of the boom) with a weight hanging from the
basket. In this case, 4.4% of the data were classified in classes 1 and 3.

Figure 7: Activity and location of Class 0 data.
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Table: Summary of the classification results.

Test Type Class 0 Class 1 Class 2 Class 3
Training Data 438 (69%) 103 (16.2%) 44 (6.9%) 50 (7.9%)
AE aerial 2 210 (76.6%) 29 (10.6%) 32 (11.1%) 3 (1.1%)
AE aerial 3 650 (72.7%) 150 (16.8%) 79 (8.8%) 15 (1.7%)
AE aerial 4 386 (72%) 76 (14.2%) 50 (9.3%) 24 (4.5%)
AE aerial 5 714 (74.7%) 116 (12.1%) 84 (8.8%) 42 (4.4%)
Hydraulic Noise without
load

6864 (89.7%) 20 (0.3%) 625 (8.2%) 142 (1.9%)

Hydraulic Noise with load
(weight manipulation)

30980 (88.1%) 817 (2.3%) 2656 (7.6%) 724 (2.1%)

The number of hits classified in class 1 and class 3 can be used as evaluation criteria for the assessment
of the structural integrity of the tested aerial device. At this point, it is worth noting that the device
number 3 (indicated as “AE aerial 3” test), during the first loading cycle was accidentally loaded to load
higher than 1.5 times the rated capacity. The overloading resulted in the highest number of hits classified
in class 1 (and the highest percentage) among all the devices tested.

DISCUSSION AND CONCLUSIONS

Unsupervised pattern recognition was used to characterize AE data recorded during the testing of five
aerial man-lift devises. The analysis procedure resulted in four signal classes, two of which were
considered to be noise. Comparison of the proposed analysis process with traditional data treatment,
highlights the limitation of data evaluation by means of low and high amplitude thresholds.

Supervised algorithm, back propagation neural network, was successfully trained, using the results from
unsupervised pattern recognition. It is worth mentioning that the high classification performance in case
of hydraulic noise was achieved.

The analysis technique proved effective and can be used for the classification of AE data from future
tests. In order to establish pass/fail evaluation criteria based on the recorded AE hits from each class,
further experimentation is necessary in order to enrich the training set with additional AE sources.
Verification of these sources with complementary NDT will allow generalization of the technique.
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