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Abstract— Circuit breakers are important components in
the electrical power supply grid. The maintenance of high
voltage gas circuit breakers requires high personnel as well as
monetary efforts for the asset operator. Furthermore, a faulty
reassembly of the circuit breaker during maintenance can
lead to a circuit breaker failure during operation. For this
reason the maintenance strategy changed from a periodic
schedule to a condition-based strategy. One option to realize
condition-based maintenance strategies and to reduce the
failure risk is the use of minimum-intrusive diagnostic
techniques. This research work examines such techniques for
assessing the wear of the insulation nozzle inside the switching
chamber of a circuit breaker. The approach applied here is
based on the measurement of the transient pressure signal at
the main filling valve of the circuit breaker during a switching
operation without electrical load. The pressure signal is
investigated regarding characteristic features which yield
information for the determination of the switching chamber
condition. Characteristics are identified in the pressure
waveform and are used for further analysis. In this process
the nozzle condition as the most influencing factor is varied.
Additionally, the influence of electrode ablation and filling
pressure variations is analyzed as well. The nozzle ablation on
multiple poles is considered. A machine learning algorithm
applying the Kk-Nearest-Neighbor-method is used for the
determination of the nozzle and electrode condition, while the
characteristic features are utilized as input parameters. Thus
it is possible to classify new unknown measurements with an
already known data basis. The classification is successfully
applied with and highly reliable for different circuit breaker
types. For the validation of the method field measurements
from different circuit breaker types are evaluated.
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. INTRODUCTION

Nowadays, the on-site measurement and maintenance of
essential components in the electrical supply grid are gaining
importance. Due to economical considerations the devices are
more and more used for their expected service life and even
longer. Furthermore, the condition based maintenance strategy
gets more popular than the dated periodical strategy. However,
this strategy needs a reliable method to determine the

condition of the asset.

Circuit breakers are an essential element of the energy
supply grid in terms of supply reliability. Therefore, several
condition estimation methods for different parts were already
the focus of past research works. However, the nozzle
ablation, due to the thermal effects of the arc while switching,
cannot be determined without opening the gas chamber yet.
But, the nozzle diameter has a considerable influence on the
pressure build up while switching. If the nozzle ablation
exceeds a certain value, the circuit breaker cannot operate in a
safe and reliable way. For this reason, investigation of the
estimation of the nozzle ablation gains in importance.

The presented research work focuses on estimation of the
nozzle ablation by evaluating the pressure signal at the gas
connection valve of the circuit breaker during a non-load
switching operation. Simulative investigations indicate a
change of the pressure signal after changing the nozzle
diameter [1]. The simulative results are validated by
measurements [2]. In addition, a classification method can be
derived from the marker of the pressure signal.

1. EXPERIMENTAL SETUP

For the experimental investigation two different circuit
breakers are investigated. The examined three-phase SFg self-
blast circuit breakers are used in the high voltage grid with a
rated voltage of U, = 123 kV. Different connection points are
possible for the connection of the pressure sensor. A single
valve is located at the bottom of each pole. By using this
connection for the pressure sensor the pressure wave of only
one pole is considered. During standard operation the three
poles are connected by copper pipes. The main filling valve is
located inside the chassis of the circuit breaker and links all
three poles. While using the main filling valve as the
connection port for the pressure sensor, the measured signal is
the superposition of the three single pressure signals. The
connection point at the main filling valve is accessible with
little effort, whereas the pole valve requires an alteration of the
copper pipes. Therefore, the measurements at the main filling
valve are more practicable and therefore focused on in the
following investigation.

For the pressure measurements a high sensitive
piezoelectric pressure sensor (Kistler, type 701A) with a
suitable charge amplifier (Kistler, type 5073A) is used



(Fig. 1). In addition to the pressure wave five more signals are
recorded. These are the circular motion of the power unit
during a switching operation, a contact measurement of each
pole and the voltage over the trip coil.

Fig. 1: Connection point with pressure sensor (main filling valve)
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Fig. 2: Schematic figure of nozzle system, modified parts are marked red

The ablation due to the thermal effects of the arc while
switching can be divided in nozzle ablation and electrode
erosion. Here, the investigation focuses on the nozzle ablation.
However, the impact of the electrode ablation on the transient
pressure wave is evaluated in later analysis. To assess the
influence of an ablated nozzle, three different nozzle
geometries are tested. The first measurements are realized
with original nozzle geometries. Secondly, the nozzles are
modified according to two respectively five short circuit
interruptions. This results in a nozzle ablation of
Ar;=1.75mm after two short-circuit interruptions and
Ar,=3.5mm after 5 interruptions. It is assumed that the
ablation of the nozzle material is homogenously distributed.
Fig. 2 shows the nozzle schematically with the different
modifications. The ablated parts are marked red.

In addition to nozzle ablation electrode erosion is
investigated. The erosion of the copper/tungsten electrode is
Ah =5 mm and is equivalent to five switching operations at a
rated short-circuit current of I, = 31.5 kA.

I1l. MEASUREMENT RESULTS

The raw data of a pressure measurement is cut from the start
of the switching operation until the end of the 6th oscillation.
This signal can be processed with and without filtering. A fast
Fourier transformation is applied to the unfiltered signal.
Additionally, the signal is filtered with a 100 Hz low-pass
filter. The Fig.3 and 4 show the pressure history and
frequency spectrum. The pressure signal shows high
frequency components in the first oscillation. The transient
signal is damped. The same effect can be described with the
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Fig. 3: Raw data of a measurement at the main filling valve in original
condition (blue), filtered signal (red)
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Fig. 4: Frequency spectrum of raw data

TABLE I. Characteristics of the pressure signal
Marker Description
Maxima The mean of th_e fi_rst 5 r_naxima (after first
oscillation, filtered)
Minima The mean of tr_le fi_rst 5 minima (after first
oscillation, filtered)
Diff. Abs. Difference bet_wgen absqlute maximum and
minimum (filtered)
Freq, Maximum qmplitude in frt_aquency spectrum
Amplitude (fast Fourier transformatlon of unfiltered
signal)
Surface integral of the maximum frequency
Freg. Area with 10 Hz width
Power Maximum amplitude in frequency spectrum of
spectral power spectral density between 55 Hz and 60
density Hz
Integral Integral of the filtered pressure si_gnal peyween
the 45 % and 95 % value of the first minimum

frequency spectrum. It shows a large peak (transient pressure
wave) and several smaller peaks (high and low frequency parts
of signal, noise).

A. Characteristics of the pressure signal

Several markers can be derived from the filtered and
unfiltered pressure signal. These markers capture
characteristics of the different measurement signals and can be
used to identify the nozzle conditions. Afterwards, the markers
are used as input variables for the classification algorithm
(Table 1).

B. Measurements of different conditions

In contrast to the pole measurements, the measurements at
the main filling valve represent the superposition of the
pressure waves of all three gas chambers. Comparing different
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Fig. 5: Pressure measurements, comparison between different filling
pressures
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Fig. 6: Pressure measurement, comparison between original and heavy
ablated condition at p = 5.8 bar

filling pressures (relative pressure) at investigations on the
main filling valve give the same results as the prior pole
measurements. The minima and maxima values decrease with
a lower filling pressure. Furthermore, a change in frequency is
observed (Fig. 5).

In Fig. 6 the new condition is compared to a single pole
ablation (heavy) at 5.8 bar filling pressure. The minima and
maxima show little differences, as well as the first 50 ms of
the signal.

IVV. EVALUATION OF MARKERS WITH BOXPLOTS

Fig. 7 shows the Boxplots for all seven markers in five
conditions. For the first four markers, the new and ablated
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Fig. 7: Relative deviation to median of original measurements, comparison
between different conditions with boxplots

conditions stay in the same scattering range. The integral
marker spreads over a wider range but does not give
significant information. Only the Power Spectral Density
marker seems to make some difference. It is possible to
distinguish between a new nozzle and one with high ablation.
But a clear statement on the nozzle condition for all cases is
difficult and cannot be done by only one marker.

V. MACHINE LEARNING ALGORITHM AND CLASSIFICATION

Due to the wide scattering of the markers a simple matching
of the different ablation cases with the markers is not possible.
For this reason a classification algorithm is needed for the
evaluation. For the given application, different algorithms can
be used. The algorithms differ in their mechanics, speed and
quality of classification [3]. In this case the k-Nearest-
Neighbor Algorithm has by far the lowest error rates and is
used for the following evaluation.

The k-Nearest-Neighbor Algorithm generates a base n
vector for each measurement, while n is the number of
markers. The k next neighbors can be used to classify a new
unknown dataset.

@ Condition group 1

m Condition group 2
*Dataset to classify

Marker 2

Marker 1

Fig. 8: Schematic figure for a base 2 k-Nearest-Neighbor model with 2
markers and 2 condition groups

The distance calculation between two vectors can be
performed with different methods, while the Standard
Euclidean Normalization is preferred in most cases. This
calculation method is based on the Euclidean distance with an
additional weighting with the variance [4]. Besides the
Standard Euclidean Normalization weighting, a second scaling
can be performed. The distance can be divided by the inverse
or the squared inverse of the distance value. A case is referred
as equal, if no further scaling is chosen. The number of next
neighbors k has a great influence on the classification. The
classification is difficult if different cases cover the area and if
a low value for k is chosen. The classification with the k-
Nearest-Neighbor Algorithm is shown in the schematic base 2
model in Fig. 8.

TABLE II. Compared conditions for the evaluated 5 cases

Class Conditions

1 Original, nozzle ablation on 1, 2 and 3 poles

’ Original, nozzle ablation on 1, 2 and 3 poles with ablation
A strength

Original, nozzle and electrode ablation on 1, 2 and 3 poles
with ablation strength

B Original, nozzle ablation with ablation strength

C Original, electrode ablation




For the evaluation, the different conditions are grouped into
5 classes (Table 2). In each class the listed conditions are
compared and evaluated.

For the k-Nearest-Neighbor Algorithm, different distance
calculation methods and distance normalization methods are
possible. At first the three A cases are evaluated (Table 3). For
the distance calculation the Standard Euclidean Normalization
is used in all cases. This calculation method delivers the best
results for Al because of the internal calculation scaling with
the variance. In the squared inverse distance calculation
delivers the best results for the cases A2 and A3, whereas the
equal distance is optimal for the case A1l. The number of next
neighbors k is different for each calculation. The optimum
number for k is portrayed.

The quality of classification is determined by two error
factors: resubstitution error (ERS) and cross validation error
(ECV) [5]. For the resubstitution error, the algorithm is trained
with the full data set and gets to reassign the condition with
the markers. All cases are used for the model as well as the
validation. The algorithm classifies only known data and thus
the model accuracy can be checked. This error gives a general
statement on the suitability of the algorithm. In contrast to
that, the database is split in groups of equal size for the cross
validation error rate (n groups). The first n-1 groups are used
for training. The last group is utilized for the classification.
This step is repeated n times, until each group has been used
as classification group. In this case the algorithm has to
classify unknown data. The cross validation error allows a
statement on the model performance with new measurements.

TABLE IV.  Kk-Nearest-Neighbor for the cases A1, A2 and A3 with
different distance calculation methods
Distance Al A2 A3
ERS ECV ERS ECV ERS ECV
0.54 % 0.76 % 1.45%
0, 0, 0,
equal 0% k=2 0% k=1 0% k=1
. 0.66 % 0.68 % 1.39%
0, 0, 0,
inverse 0% k=2 0% k=2 0% k=2
sgared 0 0.65 % 0 0.68 % 0 0.87 %
inverse 0% k=2 0% k=2 0% k=2
TABLE Il1l.  k-Nearest-Neighbor for the cases B and C with different
distance calculation methods
Distance B c
ERS ECV ERS ECV
0.14 % 0%
0, 0,
equal 0% k=1 0% k=1
. 0.16 % 0%
0, 0,
inverse 0% k=1 0% k=1
sqared 0 0.082 % 0 0%
inverse 0% k=2 0% k=2

A small increase in the error rate can be seen in the A cases.
The reason for this development is the higher distinction in
between error cases. The number of next neighbors is two for
all cases.

The cases B and C neglect the single and multiple pole
ablation and focus on a general statement of the nozzle and
electrode condition. Table 4 shows the results for cases B and
C. The distinction of the nozzle ablation intensity can be done

with a low error rate of 0.082 %. The electrode ablation alone
can be determined without any error.

In conclusion, the k-Nearest-Neighbor algorithm can
determine all different cases and conditions. As a final step,
the k-Nearest-Neighbor method is trained with the complete
data set, but without the field measurements. These are now
used as a validation group. The measurements are made at the
main filling valve. The calculation is done with the Standard
Euclidean distance and with squared inverse distance
normalization. The number of next neighbors for the k-
Nearest-Neighbor Algorithm is two. A higher number of
neighbors is possible, but the error rate is minimal for k = 2.

For each classification, the k-Nearest-Neighbor algorithm
gives information for the reliability of the mapping. This is
basically the distance to the next k neighbors of the
corresponding group. As a result, the algorithm is able to
classify all field measurements in every case with a reliability
of 100 %. The field measurements are from four different
circuit breakers, while two of these types are not in the
training dataset.

VI. CONCLUSION

The results of the presented investigation show that a
statement on the nozzle ablation of a three-phase SFg self-blast
circuit breaker is possible by a minimal intrusive measurement
of the transient pressure signal.

Based on preliminary studies, different parameters have
been varied and their influence on the transient pressure
profile has been investigated. With this information seven
characteristic markers can be read out of the pressure wave.
The marker scales are optimized with a sensitivity analysis.
These can be used to classify an ablated nozzle but one marker
alone does not bear enough information for all cases. The sum
of all seven markers in combination with a classification
algorithm is required. Different classification algorithms are
tested with the result that the k-Nearest-Neighbor Algorithm
with the Standard Euclidean distance holds the lowest error
rates of less than 0.9 % in cross validation. The combination
of markers and k-Nearest-Neighbor Algorithm is used to
classify field measurements from different circuit breaker
types. This can be performed without any error for the
regarded circuit breaker measurements.
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