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Abstract: In view of the high false alarm rate in the o0il debris monitoring results of the triple-coil
inductive sensor in the transmission lubrication system of the aero-engine, a new debris signal
processing method based on inductive monitoring is proposed. A time domain analysis is carried out
first, and the signal energy is the most effective index to distinguish the debris signature from the
noise signature. On this basis, signal energy values within a fixed-length sliding window is processed
through the histogram. Finally, a threshold is set for the detection of the debris signature, which is
based on the distribution of data within the histogram. This method is applied to the experimental
data from a test run of an aero-engine, and the results show that all the debris is detected even if part
of it appears during a change in the working condition of the aero-engine. Therefore, this method
shows satisfactory results in debris detection accuracy and especially the inhibition of false alarms. It
is also applicable for real-time monitoring due to the similarity between the movement of the sliding
window and real-time data acquisition. In addition, it is applicable for various sensing principles,
including but not limited to the inductive sensor signal, since the detection performance is only
related to the signal itself.

Keywords: oil debris monitoring; inductive sensors; time domain analysis; sliding window; histogram;
relative threshold

1. Introduction

Rotating machinery has become essential in the modern industry, and its health is a
constant desire, which is of significance in improving mechanical system reliability, along
with avoiding costly maintenance and unnecessary shutdown. Therefore, the implementa-
tion of condition monitoring has become vitally important [1-3]. Condition monitoring
technologies utilized in rotating machinery have so far mainly included vibration monitor-
ing, thermography, and oil analysis [4-7]. Vibration monitoring can listen for the “noises”
caused by the fault in the mechanical structure consisting of the rolling surface. However,
the vibration sensors are usually mounted far away from the fault source, and the fault
signal propagation process is easily affected. Therefore, the vibration signal is usually
weak and difficult to identify. Thermography can monitor the health status by the system
temperature, but due to the hysteresis and attenuation of temperature changes, thermog-
raphy is often insensitive. Therefore, both vibration monitoring and thermography are
insensitive to the abnormal changes at the early stage of failure. Most rotating machinery
has a lubrication system for mitigating friction and wear on contacting surfaces. The debris
carried by the lubricating oil is the direct product of the wear on contacting surfaces, which
directly reports the wear condition of oil-wetted components [8]. Due to the sensitivity to
the abnormal changes at the early stage of failure, wear debris analysis is fast becoming the
most powerful oil analysis strategy for assessing a machine’s condition [9,10]. Moreover,
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due to the flow of lubricating oil throughout the system, lubricant condition monitoring
enables monitoring of all oil-wetted elements at one certain location, which is an advantage
not available in other technologies. Therefore, online o0il debris monitoring for rotating
machinery has always been a focus of research [8].

In-line/On-line oil debris sensors, which monitor in the main loop and bypass, re-
spectively, acquire signals related to the health of rotating machinery in real-time and
are continuously being extensively sought [11]. Among them, the in-line full-flow in-
ductive wear debris sensor is a development for the condition monitoring of oil-wetted
machinery [12]. Inductive sensors detect wear debris through the disruption to the mag-
netic field caused by the passage of the wear debris, and its signal processing has always
been one of the important research directions [12]. Envelope-demodulation and phase-
sensitive detection are two basic methods for inductive monitoring of a signal. In addition,
M Liang et al. proposed several signal processing methods based on integral enhanced
empirical mode decomposition and correlated reconstruction, adaptive subband filtering,
wavelet analysis, verified by the simulated and experimental signal [13-15]. However,
the signal processing method in engineering applications for identifying the debris signa-
tures is still threshold-based, whose false alarm is the major problem. Therefore, a signal
processing method that can reduce the false alarm rate and is applicable for real-time
monitoring is being extensively sought. Inductive sensors have already been widely ap-
plied to the oil debris monitoring in an aero-engine, wind turbine, etc. In recent years,
the electromagnetic induction imaging of metallic objects based on the inductive sensors
are well developed, mainly applied in industrial high conductive flow imaging, which is a
major trend of the development of inductive sensors [16-18].

2. Inductive Wear Debris Sensor

The most representative inductive sensor is MetalSCAN from Gastops Ltd., which
is applied to the aero-engine and wind turbine successfully, whose schematic diagram
is illustrated as Figure 1 [19,20]. Due to the structural characteristics, this type of sensor
is named as the inverse dual-excitation three-coil differential inductance sensor [6,21]. It
consists of two field coils and a central sensing coil. The two field coils are supplied with a
high frequency AC voltage and induce the opposite magnetic fields, which are balanced at
the sensing coil. If a ferromagnetic (non-ferromagnetic) debris passes through the sensor,
the magnetic field on its side will be stronger (weaker) than that of the other side, the reverse
magnetic fields will not be balanced, and as a result, a characteristic signature will be output.
The amplitude and phase reflect the debris size and ferromagnetic properties, respectively.

Field Coils

Sense Coil

Figure 1. Schematic diagram of the triple-coils inductive sensor.

As Figure 1 shows, two field coils form part of resonant circuit and are supplied with
a high frequency AC voltage that induces the opposite magnetic fields, which are balanced
at the midpoint between the coils, that is, the sensing coil. The resonant circuit enables
significantly greater sensitivity to a passing metallic particle. The passage of the metallic
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particle causes a characteristic signature, whose amplitude and phase are utilized to obtain
the information of the passed particle [8,12].

In this paper, a domestic triple-coils inductive sensor is utilized, as illustrated in
Figure 2. The raw monitoring signal is acquired by the domestic inductive monitoring
system in the test runs of an aero-engine of a certain type. However, the amount of debris
detected by the sensor is more than the actual amount of debris, which means a false
alarm. Therefore, a new signal processing method is proposed to reduce the false alarm
rate. The raw monitoring signal in a test is illustrated in Figure 3, of which the sample rate
is 24.5 kHz.

(b)

Figure 2. (a) Triple-coil inductive sensor and (b) its signal-conditioning box.
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Figure 3. The demodulated signal in a test.

3. Time Domain Analysis

The overall process of this method is illustrated in Figure 4, including time domain
analysis, histogram in the sliding window, and debris information storage.

In order to enhance the difference between debris signature and noise signature, time
domain analysis is carried out firstly. A time interval is set firstly to separate the raw
monitoring signal into a number of bins, then an index can be calculated by the data in
each bin, so that the raw monitoring signal is converted to the index value signal, in which
the difference between debris signature and noise signature has been enhanced. The time
interval is equal to the time span of the debris characteristic signature, which is related to
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the axial length of the sensitive space of the inductive sensor and the velocity of the oil flow
and can be expressed as Equation (1).

fe=— (1)

where t. denotes the time span of characteristic signature, Ls; denotes the axial length of the
sensitive space of the inductive sensor, and v denotes the velocity of the oil flow. For the
signal illustrated in Figure 3, the time interval is solved to 0.004 s.

Time Domain Analysis Demodulated
Signal
Time Interval
v

Signal Energy in
Each Interval

Histogram in the Sliding Window

Width of Sliding
Window
Number of Bins
of Histogram v
Results of
Histogram in the
Sliding Window
Debris Information Storage v
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Y
Debris
v ) 4
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Figure 4. The overall process of debris signature detection method.

In order to compare the enhancement capability of the difference between the debris
signature and noise signature, five typical time domain indices are selected: (i) energy;
(ii) root mean square (RMS); (iii) standard deviation; (iv) kurtosis; and (v) peak value.
The indices mentioned above describe different signal properties from different aspects,
whose definition are given below. Where x; represents the discrete signal, # is the total
data number of the discrete signal, I; to I5 denote the time domain indices (i) to (v),
correspondingly.
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Is = max(x;) (6)

The results of the five indices are illustrated in Figure 5. Conclusions can be drawn
from the comparison of each subplot in Figure 5 with Figure 3: (i) kurtosis cannot enhance
the difference, even debris signatures are lost in the background; (ii) energy is the most
effective index among these indices, the debris signature is more outstanding from the
background, and the background level is low and stable, not affected by aero-engine’s
working conditions.
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Figure 5. Results of different time domain indices: (a) energy, (b) RMS, (c) standard deviation,
(d) kurtosis, and (e) peak value.
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To verify the impact of the time interval on time domain analysis, set t; = 10 - f, =
0.04sand tp = 0.1-t. = 0.0004 s, the time domain index still has energy. The comparison
is illustrated in Figures 6 and 7. Conclusions can be drawn that there are disadvantages
when the time interval is too large or too small. If the time interval is excessively large,
the difference between debris signature and noise signature will be reduced, and the back-
ground can be affected by the working conditions. If the time interval is excessively small,
a complete debris signature may be split into several parts, which introduces unnecessary
troubles in debris signature detection. Therefore, it is reasonable to set the time interval as
the time span of the debris characteristic signature.
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Figure 6. Results of excessively large time interval: (a) T = 0.04 s and (b) T = 0.004 s.
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Figure 7. Results of excessively small time interval: (a) T = 0.0004 s and (b) T = 0.004 s.

4. Debris Detection Based on Histogram in the Sliding Window

The main reason for a false alarm is that the amplitude of the noise signature exceeds
the threshold. Thus, the noise signature is mistaken for the debris signature. Here, there
exists an important issue, that is, the determination of the threshold. Take the signal
illustrated in Figure 3 as an example, there occurs a change in working conditions, which
is a challenge to the algorithm for debris detection in real-time monitoring. The signal
amplitude may increase due to the changes in working condition even if there is no
debris passed through the inductive sensor. For monitoring algorithms based on absolute
thresholds, it is likely to be mistaken for debris, which results in a high false alarm rate.
In addition, the sensor system can only acquire the data up to the current time during
real-time monitoring. In other words, the complete data can not be available until the test
is over, which is another problem for monitoring algorithms based on absolute thresholds.
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Regarding the issues above, a new monitoring method for debris detection is proposed.
Based on the results in the time domain analysis, a sliding window is added to the energy
value signal, and the debris signature detection is executed by the data distribution in
the histogram.

The movement of sliding window is illustrated in Figure 8. The fixed-length window
iterates forward by one energy value in each round, until the entire energy value signal is
traversed. For the data falling into the sliding window, a histogram with a fixed number
of bins is performed, whose upper and lower boundary are the maximum and minimum
value of the data in this sliding window.

1.5 T T T T T T T
T=0.004s
1F i
o |
< [
§ r— =" r— ="
o == | |==17
w
|
051 .
0 V L v W/ {-"' I| v ) Y
7055 70555 705.6 70565 7057 70575 7058 705.85 7059
Time/s

Figure 8. Schematic diagram of the movement of sliding window.

The main parameters of this section are the width of sliding window and the number
of bins of histogram. Width of sliding window is equal to the number of energy values
in the window. Due to the histogram and statistical requirements, the width of sliding
window cannot be small. However, it cannot be too large, since this method detects debris
signature by iterative local identification. The number of bins is related to the capability of
debris detection. After verification, the width of the sliding window is set to 80 and the
number of bins is set to 4, which are suitable for general application.

The data distribution of the typical debris signature and noise signature are illustrated
in Figure 9. For the debris signature, the histogram shows an unusual distribution, only a
few data fall into the highest bin, while most of the data are concentrated into the lowest
bin, and there are several blank bins in the middle. In sharp contrast to the debris signature,
the histogram of the noise signature is more even. The reason is that the energy value is
extremely high when the debris signature falls into the sliding window, and the upper
boundary is the maximum value of the data in this sliding window. Therefore, the upper
boundary can be extremely high when the debris signature is included in the sliding
window, which results in the concentration of the data being in the lowest bin and the
blank in the middle bins.
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Figure 9. Typical histograms of debris signature and noise signature: (a) signal energy values of
debris signature, (b) histogram of debris signature, (c) signal energy values of noise signature, and

(d) histogram of noise signature.

In order to evaluate the concentration of the data quantitatively, the threshold is set as
the percentage of data falling into the lowest bin. Specifically, the threshold is set to 95%.
The detection results of this method and the actual results provided by the suppliers are
illustrated in Table 1 and Figure 10. The error between the detection time and the actual
time has disclosed the effectiveness of this method.

Table 1. Debris detection results and errors.

Debris No. Detection Time/s Actual Appearance Time/s Error/s
1 62.8080 62.8069 0.0011

2 85.4840 85.5042 —0.0202
3 132.6960 132.6960 0

4 149.4040 149.4047 —0.0007
5 235.3440 235.3430 0.001

6 347.6520 347.6510 0.001

7 375.5560 375.5560 0

8 379.5920 379.5930 —0.001
9 406.4280 406.4260 0.002

10 705.7240 705.7210 0.003

11 947.8720 947.8720 0
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Figure 10. The actual appearance times of debris: (a) actual times of each debris and (b) marks in the
signal energy.

For the inductive sensors, the type of background noise is mainly the white noise,
which cannot affect the detection. Moreover, for the detection results of the aero-engine
test, it should be noted that the last debris is also detected even if it appears during

the change in the working condition of the aero-engine, which shows its capability in
interference resistance.

5. Comparative Analysis

In order to further verify the debris signature detection capability of this method,
the oil debris simulation experiment in the laboratory is also carried out. The raw monitor-
ing signal is illustrated as Figure 11a, the energy value signal is obtained through the time
domain analysis, illustrated as Figure 11b. As illustrated in Figure 12, the data distribution
of the debris signature and noise signature differs a lot. Furthermore, finally, the debris
signature is identified as illustrated in Figure 13.
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0.08 1 1

Energy(\/z)

0.02 -
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Figure 11. Raw signal and its energy value signal: (a) raw signal and (b) energy value signal.
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Figure 12. Typical histograms of debris signature and noise signature: (a) signal energy values of
debris signature, (b) histogram of debris signature, (c) signal energy values of noise signature, and
(d) histogram of noise signature.
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Figure 13. Detection results.

To some extent, the debris detection is similar to the outlier detection, in which the
energy value of the debris signature is the “outlier” should be detected. For comparison,
a common outlier detection method, 3, is also applied on the same energy value signal,
and the detection results are illustrated in Figure 14, in which a large amount of the noise
signature is mistaken for the debris signatures. Frankly, the amplitude of noise is indeed
high, which has broken the threshold of 3¢ after all. However, it is still not as high as
the amplitude of debris, which shows a sharp contrast in Figure 14a. This shows the
advantages of the debris detection method proposed in this paper. The key to this method
is the combination of the histogram characteristic with the conversion to a relative threshold
from the absolute threshold, and therefore, it has a satisfactory performance in the inhibition
of false alarms. Additionally, the detection performance is only related to the signal itself,
and therefore, it is applicable for various sensing principles, including but not limited to
the inductive sensor signal.
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6. Conclusions

In view of the high false alarm rate in the oil debris monitoring results of the triple-coil
inductive sensor in the transmission lubrication system of the aero-engine, a new debris signal
processing method based on inductive monitoring is proposed. A time domain analysis is
carried out first, and the signal energy is the most effective index to distinguish the debris
signature from the noise signature. On this basis, signal energy values within a fixed-length
sliding window are processed through the histogram. Finally, a threshold is set for the
detection of the debris signature, which is based on the distribution of data within the
histogram. This method is applied to the experimental data from a test run of an aero-engine,
and the results show that all of the debris is detected even if some of it appears during the
change in the working condition of the aero-engine. Detailed conclusions are given below.

1.  The signal energy is the most effective index to distinguish the debris signature from
the noise signature in the step of time domain analysis.

2. The determination of time interval in the step of time domain analysis is significant. It
is set as the ratio of the axial length of the sensitive space of the inductive sensor to the
velocity of the oil flow. An excessively large time interval will reduce the difference
between the debris signature and noise signature, while an excessively small time
interval may split a complete characteristic signature into several parts.

3. The data distributions within the histogram of the debris signature and the noise
signature differ significantly. For the debris signature, only a few data fall into the
highest bin, while most of the data are concentrated into the lowest bin, and therefore,
there are several blank bins in the middle. In sharp contrast, for the noise signature,
the data distribution is more even.

In summary, the proposed method shows satisfactory results in debris detection
accuracy and especially the inhibition of false alarms. It is also applicable for real-time
monitoring due to the similarity between the movement of the sliding window and real-
time data acquisition. Moreover, it is applicable for various sensing principles, including
but not limited to the inductive sensor signal, since the detection performance is only
related to the signal itself.
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