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Abstract — Nowadays competitiveness of global market
pushes managers to optimize all systems involved in
their organizations in order to increase global
efficiency and to improve Key Performance
Indicators. In maintenance context this means reduce
costs by optimizing interventions and eliminating
unscheduled downtimes and breakdowns. To this end
maintenance strategies have evolved from standard
cyclic maintenance to more advanced approaches like
Condition-Based  Maintenance and  Predictive
Maintenance approach. Even if lot of work has been
done regarding these methodologies applied on
machines or industrial plants, the same care is not
applied to other critical devices, such as Low Voltage
Circuit Breakers, for which conservative approaches
are generally applied. That implies a scheduled
replacement of devices could occur with a significant
Remaining Useful-Life. This paper deals with
application of  Condition-Based = Maintenance
approach to an electrical circuit breaker. The goal is
to develop a diagnostic tool for Fault Detection, using
3-Sigma rule and Control Charts.

I.  INTRODUCTION

Nowadays competitiveness of global market pushes
companies to optimize all systems involved in their
organizations in order to improve Key Performance
Indicators (KPIs) [1]. Consequently the concepts of
quality, safety and reliability are becoming increasingly
important [2]. In this sense an effective maintenance
program can increase global efficiency since it aims to
optimize interventions and to prevent unscheduled
downtimes and breakdowns [3]. Most companies still
need to undertake a breakthrough in carrying out their
maintenance activities by shifting from a traditional Fail
and Fix (FAF)” approach to a “Predict and Prevent
(PAP)” maintenance methodology [4]: the first one is a
run-to-failure approach, which expects maintenance
intervention only when a malfunction occurs, instead the
second one is a time-based preventive maintenance,
which plans intervention after a specified time period
regardless the health status of a physical asset [5]. This
strategy generally is not the optimal solution in terms of
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effectiveness and efficiency. In fact on one hand it is
possible that maintenance intervention occurs long time
before system health requires it. On the other hand, it is
possible that fault occurs in the interval between two
consecutive interventions, with elevated safety risks and
significant costs. Recently, other maintenance approaches
such as Condition-Based Maintenance (CBM) have
emerged to support companies on this challenging area
[6]. This maintenance policy requires corrective
intervention only when the presence of anomalous
behavior of the physical system, compared with normal
operation, is detected by condition monitoring. It refers to
diagnostic that aims to automate the processes of
detection, isolation and identification of faults when they
occur by monitoring the weak signals, characterizing
health conditions of Physical asset [7]. The advantage of
this strategy lies in the possibility of preventively
maintaining the system only when necessary, saving
resources and increasing system availability [8]. The
natural evolution of CBM is prognostic that attempts to
predict faults or failures before they occur and projects
the Remaining Useful-Life (RUL) [9] of physical system
through the use of automated methods.

CBM application results particularly advantageous for
those industrial critical devices, located in harsh and
difficult to reach environments, whose failures are
extremely critical for safety. In this sense
diagnostic/prognostic assessment is very important for
circuit breaker, switches and contactors. The challenge for
these kind of devices, characterized by a bistable
behavior, is to maximize the information content provided
by the equipment during the transient from one state to the
other. This transient is typically really fast and not
periodic in time. The frequency of use can range widely,
from many maneuvers per day (in high-demand
application) to one maneuver or less per year (in low-
demand application). According to their usage many
different factors could lead to undesired functioning. In
order to select the best set of methodologies, sensors and
acquisition systems, it is necessary to identify which kind
of quantities are most suitable to indicate the health-state
of the equipment. Aiming at this purpose, the first part of
this work deals with the selection of a suitable set of
sensors and their related signals, able to extract the highest



possible number of information for diagnostic purpose
about a Low Voltage Circuit Breaker (LVCB). In the
second part an analysis of a wide set of methodologies
will be conducted, in order to evaluate which algorithms
are most suitable to evaluate Circuit Breaker (CB) health
status. Finally an appropriate SPC tool will be described;
this paper describes a first but important step for creating
an efficient CBM for industrial CBs.

Il.  SIGNAL SELECTION

Proper selection of monitoring signals is the core of any
effective diagnostic system, since all information
regarding the health status of the system is contained in
them. Consequently it is crucial to identify which signals
can be significant to represent the status of the equipment,
in order to monitor them, with an appropriate
sensorization, and to have a correct visibility about the
health status of the equipment. In literature, several papers
deal with the selection of the more relevant signals and the
related sensorization for High Voltage Circuit Breakers
(HVCBs), while for LVCBs there are no significant
studies. However despite many differences between these
devices, some common points at functional blocks and
features level are comparable, therefore it is possible to
hypothesize that the indications found for HVCB can be
used also in this specific case. Literature analysis reveals
the most common HVCBs failure causes: in particular, the
second CIGRE inquiry [10] on HVCBs reported that 44%
of major failures and 39% of minor failures are of
mechanical origin. Other relevant failures are of electrical
nature, in particular related to control and auxiliary
systems (25% of major failures and 10% of minor
failures). Accordingly the monitoring system has to
measure the quantities able to return information about the
wear state of mechanic and electric components present in
the CB. The most relevant mechanical monitoring
technique is the vibration analysis of the equipment
through accelerometers connected to specific parts of the
CB. Vibration signals, generated by moving parts and
shock during the operating maneuvers, in fact, can contain
important information about the health status of the
device; in this case diagnostic test consists in a
comparison between a vibration, recorded during an
opening/closing operation, and a reference accelerometric
signature: any deviation between these two signals could
mean a deviated health condition in the CB. Also the
measurement of main contacts position during
opening/closing operations is a useful tool to detect the
presence of mechanical damage [11]: differences in the
travel speed or in the movement amplitude in fact could
be symptomatic of malfunctions. On the electrical side,
several articles deal with the application of the Electrical
Signature Analysis (ESA) [12] to the command parts of
the CB; in particular electromechanical actuators that
activate the opening/closing mechanism [13]. ESA is
based on the comparison between electrical absorption

signal with a reference one, in order to detect possible
misalignments attributable to an electrical malfunction.
This technique is generally coupled with other classical
measurements, like the logical state of the contacts
(open/close) [14].
Starting from the above considerations, an experimental
test bench, reported in Fig.1, has been developed in order
to obtain an experimental evaluation. A LVCB has been
sensorized in order to measure: vibrations, caused by the
collisions of main contacts and other mechanical parts
during closing/opening maneuvers, current absorption of
every control electromechanical part, angular position of
the CB main shaft. Therefore, the related set of sensors
used in the test bench is:

e A capacitive tri-axial accelerometer, belonging to
MEMS technology [15], used to measure vibrations.
This has been positioned on the CB main rod and
oriented according to the three reference main axes.

e Current Sensors, one for each electromechanical
device, used to obtain current absorption.

e An absolute angular encoder, linked by an elastic
coupling, used to acquire angular position of the main
shaft of the CB.

The main technical specifications of selected sensors are

reported in Table 1.

Table 1. Main technical specifications

Parameter Value

Tri-axial accelerometer

Frequency range 0-12000 Hz (< 3dB)

Sensitivity 2.2mV/g
Nominal maximum acceleration (peak) 500 ¢
Maximum shock level (+ peak) 4000 g

Operating temperature range -40°C — +125°C

Current transducers
Measuring principle Hall Effect
Current range +30A
Output voltage range V(@ I1=%10A)
Frequency range 0-50 kHz
Accuracy +1 %
Encoder
Number of turns 1
Resolution 16 bit

Measuring principle Magneto-resistive

Output signal 4-20mA
Maximum speed of rotation 6000 min~(-1)
Shock protection 2000 m/s"2

All signals have been acquired through an acquisition
system composed by a NI PXI system equipped with the
NI PXI-6123 board. In order to synchronize all the




different elements of the acquisition system, a properly
designed trigger generation board has been used; this
board generates a square wave with three level of voltage,
every level coincides with the activation of one of three
specific phase (closing, charging, opening). Finally a PLC
based sequencer has been properly programmed, in order
to automatically perform a huge number of maneuvers
simulating the overall CB life.

Fig. 1. Experimental test bench

I1l.  FEATURE EXTRACTION

A common starting point to make diagnostic and
prognostic, is the feature extraction. It consists in the
generation, starting from experimental data, of significant
features; these features synthesize information content of
signals, in order to allow a better understanding of data
and to facilitate the knowledge extraction. As a first step,
a literature analysis has been carried out in order to
identify different suitable solutions. Some author propose
to find a set of considerable points of the measured time
signal, i.e. those ones attributable to critical aspects or
characteristics of the tested device (e.g. duration,
amplitude, etc.). More accurate methods consider also the
frequency domain; the basic one is the Fourier transform,
usually used in its FFT version [16]. A variation is the
Short Time Fourier Transform (STFT), that gives back
the spectrogram of the time signal [17]. A more refined
tool for increasing temporal and frequency resolution
both is the Continuous Wavelet Transform (CWT) [18].
A completely different solution is the Empirical Mode
Decomposition (EMD), that is an auto-adaptive
decomposition algorithm [19]. Dynamic Time Warping

(DTW), commonly used for voice recognition, is also
used in several other applications, such as diagnostic
techniques for industrial processes [20]. Hotelling T2 [21]
uses T* statistic to provide a solution to a multivariate
detection problem. Other methods use energy or signal
entropy as a basic quantity to define a feature: i.e. energy
entropy of the Hilbert spectrum, Approximate Entropy
and Sampled Entropy [22].

In order to evaluate the goodness and applicability of the
afore mentioned indices in this study, a preliminary
measurement session and a starting test activity has been
performed. During this test phase various combinations
of algorithms have been applied on real signals acquired
from the CB. Due to the lack of any corrupted signal by
an incipient failure, at the beginning, raw signals have
been artificially manipulated in order to simulate trend
variations from the nominal condition. Results coming
from this phase gave back outline informations about
algorithms sensibility in a real case.

For accelerations, that are impulsive signals with some
high peaks and a fast decay, DTW has been chosen and
evaluated. Given two vectors representing two time
series, reference and test, DTW calculates, for every
value of the test series, the best matching which minimize
the temporal misalignment of the two series. The result of
the algorithm is a distance value that is an index of
similarity between two signals. In this specific case study
the algorithm has been applied on power spectral density
vectors (Fig. 2). Since DTW computational speed
depends on the number of points, some tests have been
conducted to determine the methodology which provides
the best trade-off between algorithm performance and
computational speed. The results have proved that best
trade-off is obtained dividing spectrogram in a certain
number of slices, respect to the time axis and frequency
axis, and comparing every slice with the same one of the
reference acceleration signal. This process gives back the
DTW distances vector from which mean value is
calculated.
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Fig. 2. DTW implementation

For current absorption Root Mean Square (RMS) of
Current value at regime and time duration has been
extracted, while angular position has been elaborated in
order to extract the amplitude of the main shaft rotation in
opening/closing operations and the relative time duration.
Fig. 3 shows some results as example.
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Fig 3. Feature extraction results

IV.  DATAANALYTICS

Feature extraction results are indexes and trends,
representative of the operating conditions of the system,
not always easy to interpret. The advent of high
calculation powers has allowed the development of data
analytics methodologies, able to extract empirical
knowledge by statistical and machine learning tools [23].
Such knowledge is the starting point to identify fault
detection rule, i.e. the critical condition whose occurrence
triggers the maintenance intervention.

In literature several papers deal with diagnostic
monitoring system, in which fault detection model is
constructed through Pattern Recognition techniques, such
as Clustering [24], Artificial Neural Network [25],
Support Vector Machine [26], Decision Trees [27] and
other methods. Such techniques require a great amount of
data before being implementable, consequently their
training results to be long and expensive [28].

To overcome previous limitations a simple fault detection
method has been developed, using outlier detection rules.
In particular 3-Sigma methodology has been applied to
collected data, through the use of Shewhart Charts, also
known as Control Charts. These techniques are used to
check if a process is working in statistical control. The
purpose is to detect any anomaly in the process: if a point
is located outside Control Limits (UCL or LCL) then the
process is out of statistic control and a malfunction
probably occurred. The principle behind 3-Sigma rule
consists in the fact that, when the process is in control,
99.73% of samples fall inside area bounded by Control
Limits, positioned at 3 times the standard deviations from
the mean. If a sample lies out of this range it is very
likely that an anomaly have occurred[29].

Control Charts have been applied to experimental data
relative to several CBs, in order to monitor
aforementioned extracted features. Starting from
diagnostic tool fault detection capability Fault Detection
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Accuracy (FDA) has been calculated on a sample of 18
devices. In particular, Control Charts are highly effective
for mechanical damage, in which an FDA of 90% is
observed, instead they are not a suitable tools for
electrical faults, in which an FDA of 5% is obtained.
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Fig. 4.Fault detection result

Fig. 4 shows the application of Control Charts to the
accelerometric feature signal. In green Upper Control
Limit (UCL) and Lower Control Limit (LCL) are
reported. They are calculated initializing mean and
variance values on a number of samples equal to the 20%
of average CB useful life. LCL is equal to 0, since a
negative DTW value is not possible. In black and red
signal associated to the DTW distance, before and after
an appropriate filtering, are represented. It is possible to
notice that the Control Chart detects an anomaly in the
system (red circle), just before the first occurrence of the
systematic block of the CB (blue circle). This anomaly
can be interpreted as a precursor of the malfunction that
led to CB blocking, this conclusion has been confirmed
by all experimental test, executed on different CBs.

V. CONCLUSION

In this work, a detailed study about condition monitoring
of LVCB has been realized. On the basis of literature
analysis, and practical considerations, a set of critical
signals from maintenance point of view have been
defined. In relation with the characteristics of those
signals, a measurement setup has been developed in order
to acquire all relevant LVCB weak signals its lifecycle. In
parallel, a literature analysis in the field of features
extraction has been conducted in order to select a set of
methodologies that were further customized in order to
obtain suitable tools for the specific application. In order
to evaluate the goodness and applicability of these
algorithms in this study, a preliminary measurement
session and a starting test activity has been performed.
Finally a fault detection system, based on the application
Control Charts, is developed. The obtained results seem
to validate the effectiveness of the developed diagnostic
system for mechanical faults detection; instead it does not
appear a reliable tool for electrical fault detection.

From an industrial perspective, the relevance of this



approach can be easily understood by considering the
increasing importance of Condition-Based Maintenance,
as a maintenance policy able to predict and prevent
catastrophic faults and to intervene only when necessary,
in relation to the real conditions of the equipment, saving
resources and increasing system availability.
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