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Abstract: The aim of this paper is to detect a stator inter-turn short circuit in a synchronous machine
through the analysis of the external magnetic field measured by external flux sensors. The paper
exploits a methodology previously developed, based on the analysis of the behavior with load
variation of sensitive spectral lines issued from two flux sensors positioned at 180° from each other
around the machine. Further developments to improve this method were made, in which more
than two flux sensors were used to keep a good sensitivity for stator fault detection. The method
is based on the Pearson correlation coefficient calculated from sensitive spectral lines at different
load operating conditions. Fusion information with belief function is then applied to the correlation
coefficients, which enable the detection of an incipient fault in any phase of the machine. The method
has the advantage to be fully non-invasive and does not require knowledge of the healthy state.

Keywords: synchronous machines; correlation coefficient; external magnetic field; fault diagnostic;
information fusion; inter-turn short circuit

1. Introduction

Synchronous machines (SMs) provide an essential service for the production and the
use of electrical energy with high efficiency [1]. However, when machine damage occurs, it
can lead to expensive repairs and downtime for the global system what produces loss of
production in industrial applications and electric power plants. Therefore, it is important to
detect internal faults before tripping the electrical protections. In addition, from an energy
point of view, small faults can lead to a loss of about 2% of the energy converted by the
machine; therefore, the SMs are carefully monitored.

In many works, it has been shown that electrical machines are subject to mechanical
issues common to most rotating machines [2,3], such as mechanical imbalance [4], bearing
faults [5], or resonance [6]. However, electrical machines also have their own specific
problems such as stator winding faults, demagnetization of magnets, or broken rotor bars,
which will produce magnetic imbalances. For this reason, monitoring devices based on
information provided by magnetic flux sensors can be effectively used to detect incipient
internal imbalances.

The usual methods currently used for the diagnosis of electrical machines are based
on the measurement of noise [7], currents [8], vibrations [9], torque, and temperature [10].
Currently, these methods give meaningful results but still face some problematic issues.
It is, for example, necessary to detect the faults using the same standard sensors as those
used for other purposes, such as current and voltage sensors. These methods have already
proven their importance in the industry, but their use is generally reserved for specific
applications (power plants, security installations, systems of significant economic interest)
because they often operate in association with surveillance and monitoring systems. Thus,
their costs or the need for specialized staff limit their generalization.
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Recently, methods based on the analysis of external leakage flux measurement around
electrical machines have been developed for the diagnosis of these machines [11]. Based on
an evaluation from numerous practical cases, the external leakage flux can be considered to
be one of the most practical signals containing information needed for the detection of faults,
such as rotor broken bars [12], stator inter-turn short-circuits [13,14], eccentricities [15],
or bearings faults [16]. For data analysis, these methods use a wide variety of analytical
techniques, which are promising approaches for faults diagnostic [17,18]. One can mention
the fusion of information with belief functions [19], or the methods based on correlation
coefficient [20,21] recently used to detect the stator short-circuit faults.

The proposed method exploits the flux density components in the vicinity of the
machine. It is based on a property tied to the variations of the amplitudes of sensitive
spectral lines during a variation of the load level [18]. The information can be statistically
analyzed by comparing the evolution of the amplitude of sensitive harmonics for two
diametrically opposed sensors using the Pearson correlation coefficient r. This feature
gives the possibility to highlight incipient inter-turn short-circuit faults in synchronous
machines and to classify the faults according to their severity.

Section 2 of this paper focuses on the presentation of the magnetic field measurement,
the characteristics of the flux sensors, and the steps followed in the analysis procedure.
Section 3 presents the diagnosis method based on the Pearson correlation coefficient and
fusion with belief functions. Section 4 is dedicated to the experimental results obtained for
the studied synchronous machine.

2. Magnetic Field Measurement
2.1. Principle of the Methodology

The methodology used to detect stator inter-turn short-circuit faults is based on
comparative measurements of the stray magnetic field around the machine. This method
is privileged because the external flux density is more sensitive than the stator current
signature analysis to detect this type of fault in electrical machines. The measurement of
the external field was carried out at no load and under load operating conditions using
two wound sensors placed around the machine and shifted with 180°. An image of the
sensors positioning at several positions is presented in Figure 1.

Figure 1. Sensors’ position around the machine frame.

The signal analysis was limited to the amplitude variation of specific harmonics
delivered by each sensor. The sensor positions were changed considering three different
positions (P1, P2, P3) to cover the maximum surface of the machine frame. The procedure
consisted of analyzing harmonic variations by calculating the Pearson correlation coefficient
r between harmonic amplitudes obtained from the signals delivered by a pair of sensors
during load variations. This coefficient can be extracted from these variations, and therefore,
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a diagnostic procedure can be carried out. The steps of the measurement procedure are
presented in Figure 2.
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Figure 2. Analysis procedure using the magnetic stray flux.

The fault-sensitive harmonic frequencies depend on the characteristics of the machine.
Equation (1) makes it possible to calculate the sensitive spectral lines frequency [18].

fo= Ty g )

where f is the supply frequency, N; is the number of rotor slots or the number of rotor
saliency for salient pole machine, and 7, is machine rotation speed in rpm.

2.2. Sensor and Acquisition Characterization

For measurement of the leakage flux around the machine, similar coil sensors were
used. The principle of the coil sensor is to transform this flux into an emf proportional with
the number of coils and with the intensity of the leakage flux embraced by a coil. The sensor
used for practical measurements was manufactured with 360 turns and S = 0.031416 m?
area. It was easy to install, the measurement was simple, and it did not require any
associated electronics, except for amplifying the induced electromotive force signal if
necessary (Figure 3).

Figure 3. Manufacture coil sensor used for measurement of the leakage flux around the machine.
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To choose the sensor, it is necessary to consider its bandwidth and its resonant fre-
quency. The bandwidth of the sensor is mainly tied to the first resonant frequency. In the
case of a coil sensor without an additional circuit considered as an R-L-C circuit, the reso-
nance can occur under certain conditions at a frequency F, expressed as F, = 1/ (ZN\/E ) ,

where L is the inductance of the sensor and C is the parasitic capacitance.

The frequency response obtained with an impedance analyzer for the used sensor is
illustrated in Figure 4. This sensor has a resonance at 660 kHz, which means that the range
of use of the sensor must be far from this frequency. In the presented study, the frequency
response is lower than 1 kHz, which is suitable with the used sensor.
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Figure 4. Frequency response of the used coil sensor obtained with an impedance analyzer system.

The amplitude of the measured signal depends on the sensor transfer function, the
attenuation of the machine frame, and the sensor position. The acquisition system must
be able to measure this kind of signal, with a magnitude of some mV. For recording, the
sampling frequency was chosen at fa = 10 kHz with a frequency resolution Af = 0.1 Hz
and acquisition time Ta = 10 s. Taking into consideration that the interest harmonics for
synchronous machines are in the lower frequency range (<1 kHz), the acquisition of the
signal was treated by the mean of numerical low-pass filter limited at 1500 Hz.

3. Diagnostic Method

Stator inter-turn short=circuit fault generates a magnetic internal asymmetry as well
as a change in the amplitude of specific sensitive harmonics of the airgap flux density, as
highlighted in [18]. Therefore, as the external magnetic field originates from the airgap
flux density, it can provide useful information to detect stator inter-turn short-circuit fault.
Moreover, the asymmetry can be further exploited by using at least two external flux
sensors S1 and S2 positioned at 180° from each other around an electric machine, as is
shown in Figure 5. The asymmetry leads to a difference between the signal provided by
both signals, as shown in Figure 1. The asymmetry also affects the harmonics content
including these sensitive to the fault.
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(b) Faulty machine.

Figure 5. Signals delivered by two coil sensors S1 and S2 placed at 180° around a 10 kW synchronous
machine: (a) electromagnetic force measured for healthy machine: (b) electromagnetic force measured
for the faulty machine.

The amplitudes of the sensitive harmonics denoted mes; ;(k) and mes, ;(k) are intro-
duced by twin as inputs to determine the Pearson correlation coefficient r;. mes; ;(k) and
mes, ;(k) are related to different load conditions k and different positions i. The Pearson
coefficient can be defined as follows:

n i mesy ; (k) i mes ; (k)
Y. mesy ;(k).mes, ;(k) — =L T
ri = Ll k)
n 2 n 2
y y (Emes) ) [ ,  (Emea®)
Y mesy (k)" — S=— Y mesy (k)" — S ———
k=1 k=1

The Pearson correlation coefficient can be understood as follows:

1. Ifr;is close to 0, there is no linear relationship between mes ; (k) and mes, ;(k) when
k varies. Therefore, the amplitudes of the harmonics vary in a different way, which
indicates the presence of an inter-turn short-circuit fault in the stator.

2. Ifrjis close to —1, mesy ;(k) and mes, ;(k) vary strictly in opposite direction and
linearly in case of load variation. In this case, there is also a stator fault in the machine.

3. On the contrary, when 7; is close to 1, mes; ;(k) and mes, ;(k) vary together linearly
according to load variations. This means that the external magnetic field around the
machine keeps a good symmetry. The machine may be in good condition, but this
could be confirmed for other positions because the position of the sensors from the
faulty turn has also an influence on the Pearson coefficient [20].
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With N positions, N correlation coefficients are obtained, and each Pearson coefficient
can be considered as a piece of information regarding the presence of a fault. Then, the
fusion technique using the Demptser-Shafer theory of belief functions [19,22] can be
then used as a frame to characterize and combine information to make a final decision
concerning the presence of a stator inter-turn short-circuit fault. The first step in belief
function methodology is to define a frame of discernment () composed of the true value
taken by a variable of interest x. In our case, the frame of discernment is composed of two
elements “y” and “n”, () = {y, n}, such that “y” means that “there is a fault” and “n” means
that “there is no fault”. Then, the goal is to define a mass function m,; as information
regarding the presence of a fault provided by each Pearson coefficient r; obtained at position
i. The evolution of the mass function according to the value of the coefficient r; is given
as an example in Figure 6. Considering N number of possible positions of the sensors, N
mass functions tied to N information about the presence of a fault on the machine can be
obtained. Then, this information can be combined using the following relationships:

my = (ﬁlmm(fx))m co 3)
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Figure 6. Evolution of the mass function as a function of the value of the correlation coefficient ;.

In the case of two mass functions, m, ; and m, ; issued from r; and ry, respectively;
this equation can be written as follows:

my(A) = CZAmr,l(B).mrrz(C)VA cO 4)
BNC=

Since this rule is associative and commutative, the order used for combined sources
does not affect the result.
To make a decision about the presence of a fault, the transformation of a single mass
m into the probability BetP can finally be made. The following expression is used to
determine BetP: 4)
BetP({x}) = . 5
({x}) XGEQQ AT = m(2)) ©)
where | Al is the number of elements included in “A”, (its cardinality). The proposed
procedure is performed in several steps displayed in Figure 7. In a first step, sensitive
harmonics are extracted from the spectrum of the signal picked up by diametrically opposed
sensors in different positions (P1, P2, ..., PN) around the machine. In the second, the
Pearson correlation coefficients “rq, rp, ..., rny ” are calculated for each position. In the
third step, the fusion of the Pearson coefficients is performed, and finally, a decision is
obtained by converting the mass function into a probability.
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Figure 7. Representation of the proposer procedure method for transforming the fem signal measured
by the sensors S1 and S2 in probability information about presence of a short-circuit fault in the

machine.

4. Experimental Results
4.1. Presentation of the Test Bench

The synchronous machine used for the experimental test was a 230/400 V, 4 poles,
50 Hz, 10 kW machine with a smooth rotor similar to the rotor of a turbo generator. The
rotor winding is supplied with a DC current. This machine had the rotor regularly slotted
with N} = 32 rotor slots, but some slots are not filled by the winding. Supplied on 50 Hz,
the sensitive spectral lines are 750 and 850 Hz, and for this study, the choice for the analysis
was 750 Hz, which corresponds to the line with the highest magnitude. Equation (1) makes
it possible to calculate the sensitive spectral lines.

The test bench is presented in Figure 8. Internal connecting points were extracted from
the stator winding of the machine to be able to create an artificial short circuit close to the
phase input (phase A), in the middle phase (phase B), or close to the neutral point (phase C).

rheostat

Sensor 1

Figure 8. Experimental test bench with 10 kW synchronous machine and DC machine used as drive motor.
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Figure 9 shows the winding diagram of the machine with the internal connecting
points. These points are accessible via the “connection box”, and the short-circuit current
is controlled and limited by an external rheostat to protect the machine windings. The
total number of turns in phase A is 126, and a short-circuit between 1 to 2 corresponds to a
one short-circuited turn (0.8% of a complete phase), between 2 to 3 corresponds to three
short-circuited turns (2.3%), and between 1 to 4 corresponds to five short-circuit turns (4%).

1234
Phase A %
o R - AR IR,y s Y SR
] ]

Phase B
o—nnofvm__._fvmh_-__rvm-___m_-__o

Phase C el

Z_
o—Jm\__mn_m-__W____o
'
1234

Figure 9. Winding diagram of the stator of the synchronous machine.

;3

4.2. Measurement Analysis

For the considered machine, a series of measurements were carried out at several loads
and for different positions of the short circuit. The tests were carried out for the machine
operating as a generator with a rheostat used as load and in the following configurations:

—  Without short circuit;
—  Short circuits between 1-2, 2-3, and 14, for the three phases;

The value of the current measured in each case of short circuit (‘sc”’) is:

— Isc = 3A for short circuits on coil “1-2’, one turn short circuit;
— Isc =9A for short circuits on coil 2-3’, three turns in short circuit;
— Isc = 15A for short circuits on coil “1-4’, five turns in short circuit.

For this machine, the analyzed amplitude corresponded to a sensitive harmonic at
750 Hz harmonic.

In these configurations, 9 cases (8 with faults and 1 healthy) were identified. The
measurements obtained by the sensors for the three positions are summarized in Table 1,
in the case of the healthy machine, and in Table 2, in the case of the faulty machine (fault in
phase A, Isc = 3A). Here, the measurements are given for harmonics at 750 Hz.

The values of correlation coefficients r;, presented in Table 3, were obtained using the
measured values and Equation (2).

Table 1. Example of measurements obtained from three positions for the healthy machine.

P1 P2 P3
loads S1 (nV) S4(uV) S2(uV) S5 (1V) S3 (uV) S6 (1LV)
no load 5.06 1.52 5.04 3.08 4.14 293
load 1 7.06 3.18 6.89 5.10 5.80 4.77
load 2 8.39 3.56 8.11 5.95 6.85 4.84
load 3 9.17 3.61 8.97 6.48 7.35 5.08

load 4 9.69 4.14 9.44 7.18 7.96 5.30
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Table 2. Example of measurements obtained from three positions for the faulty machine (A-3A).

P1 P2 P3
loads S1 (uV) S4 (uV) S2 (V) S5 (V) S3 (uV) S6 (1V)

no load 9.52 13.80 477 5.87 6.75 418
load 1 9.32 16.09 5.55 6.00 6.11 5.08
load 2 11.45 15.75 6.84 8.50 7.98 5.49
load 3 12.88 16.04 7.63 9.65 9.31 5.16
load 4 12.97 16.11 7.17 9.45 9.38 454

Table 3. Correlation coefficients obtained from three positions in the faulty machine (healthy only for

one case).
P1 P2 P3
No fault 0.964 0.993 0.937
A-3A 0.542 0.973 0.129
B-3A 0.802 0.846 0.513
C-3A —0.692 0.960 0.821
A-6A 0.984 0.992 —0.032
A-15A 0.989 0.952 0.960
B-15A 0.986 0.948 —0.649
C-15A 0.996 0.972 0.015
A-18A 0.886 0.997 0.988

(1) Example of calculation of belief functions, fusion, and probability of fault

In this example, we considered the case of the faulty machine in which the short-circuit
current measured in phase B between windings 1 and 2 is 3A. The mass functions m,, was
obtained using Figure 6. In this case, with #; = 0.802, we obtained the following mass
function: m,, ({y}) = 0.95 and m,, (0) = 0.05, where m,, ((0) represents the information
“I do not know if there is a fault”. The same operation was realized for r, and r3. Mass
functions obtained are presented in Table 4. In this table, 11, () represents the conflict.

Table 4. Mass functions m,, obtained from the correlation coefficient presented in Table 3.

In Case of the Faulty Machine B-3A

Position P1 Position P2 Position P3
(r1 = 0.802) (r, = 0.846) (r3 = 0.513)
my, ({y}) = 0.95 my,({y}) = 0.95 my, ({y}) = 0.95
my ({n}) =0 my,({n}) =0 myy ({n}) =0
my, (Q) = 0.05 my, (Q) = 0.05 my, (Q)) = 0.05
my () =0 my, (&) =0 My, (&) =0

To obtain a unique mass function, we used the combination rule defined by (3) and (4).
This combination rule is associative and commutative; therefore, in the first step, we
combined m;, and m;,, to obtain m; ,. In the second step, we combined m,,, with m,, to
obtain a final and unique mass function m,. The numerical application of this combination
rule is presented in Table 5.
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Table 5. Numerical application example of a combination of the mass functions m;,, (faulty
machine B-3A).

Step 1
my, (12=0.846)
My, (A) My, ({y})=0'95 My, (Q)=0'05
ny=y ynQ =y
"y, my, ({y})=0.95 yry = -
(r1=0.802) ! 0.95 x 0.95 = 0.9025 0.95 x 0.05 = 0.0475
QNy=y anNna =0

r, (€2)=0.05 0.05 x 0.95 =0.0475 0.05 x 0.05 =0.0025

mr, ({y}) = 09975, m;,, () = 0.0025

Step 2
My, (r3=0.513)
my(A) my, ({y})=0.95 my, (Q2)=0.05
- yny=y ynQ=y
My, i, ({y})=0.9975 0.9975 x 0.95=0.9476  0.9975 x 0.05 = 0.0499
QOnNy=y anNnaQ =0

ey (£2)=0.0025 0.0025 x 0.95=0.0024 0.0025 x 0.05 = 0.0001

my({y}) = 0.9999 , m,(Q)) = 0.0001

The final mass function is for “yes” m,({y}) = 0.9999, for “no” m,({n}) = 0, and
for “I do not know” m,(Q) = 0.0001. In the example, the pieces of information are not
conflictual, and that is why the conflicting mass is zero (m, (&) = 0).

To make a decision, the single mass function m, can be transformed into the probability
measure BetP [23,24] defined by (5). In case of the faulty machine (B-3A), using Equation (5),
BetP obtained from m, can be written as follows:

(@)
BetP({y}) = my (fn,}() DRREE (Eﬂr%)))
BetP({y}) = 0999 1 00001 _ (99995

and

BetP({n}) = it ity + o

_ 0.0001 __
BetP({n}) =0 + %901 — 0.00005

Therefore, we obtain BetP({y}) = 0.99995 probability for “yes” and BetP({n}) = 0.00005
for “no”. Considering obtained probability, the decision made is the hypothesis y because
this corresponds to the hypothesis with the maximum probability. In this case, there is a
fault on the considered machine. The same calculus was applied for each case of the nine
tested cases and presented in Table 3.

(2) Results obtained for global tests

Here, the influence of multiplying the number of positions around the machine on the
efficiency of fault detection is analyzed.

The measurement is relative to one healthy case plus eight faulty cases, corresponding
to faults at different positions of the stator. One case takes into account several load levels,
and signals picked up by two sensors placed at three positions, as depicted in Figure 1. The
results for this machine are presented in Table 6.
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Table 6. Percent of correct decisions for each series with the synchronous machine.

Fusion of the Three

P1 P2 P3 Positions
55.56% 22.22% 77.78% 88.89%
4) (7) () 1)

Here, the results are given as a percentage of correct detections.

To analyze the effect of the number of positions on the effectiveness of fault detection,
the following values were taken into account:

By position P1, the method can detect percentage defects equal to 55.56%;

By position P2, the method can detect percentage defects equal to 22.22%;

By position P3, the method can detect percentage defects equal to 77.78%;

When, at the same time, we consider the information from the three positions (P1, P2,
and P3), then, the proposed method detected percentage defects equal to 88.89%.

Therefore, it can be concluded that the detection can be increased if we multiply the
number of positions around the machine.

5. Conclusions

This paper presents a new methodology to detect the short-circuit between the stator
winding of synchronous machines. This method is based on the calculation of Pearson
correlation coefficient and fusion of obtained Pearson coefficient with belief functions.
Useful data concern sensitive harmonics in the external magnetic field picked up at several
locations, and whose magnitude change when the load varies. Obtained results show the
increase of detection percentage by multiplying the number of measurement positions
around the machine. The method has the advantage of being fully non-invasive, and it
does not require knowledge of the healthy state. As only load variations are required, the
method is easy to use in an industrial application because the system simply needs to
follow the operating condition of the machine and to pick up data from the external field.
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