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Electrostatic monitoring is a unique and rapid developing technique applied in the prognostics and health management of the
tribological system based on electrostatic charging and sensing phenomenon. It has considerable advantages in condition
monitoring of tribo-contacts with high sensitivity and resolution. Unfortunately, the monitoring result can be affected due to the
switch of operating conditions that reduces its accuracy.'is paper presents a dynamic adaptive fusion approach, moving window
local outlier factor based on electrostatic features to overcome the influence. Life cycle experiments of rolling bearings and railcar
gearbox were carried out on an electrostatic monitoring platform. 'e MWLOF method was used to extract and analyze the
experimental data, combined with the Pauta criterion to judge wear faults quantitatively, and compare with other feature
extraction results. It is verified that the proposed method can overcome the influence of changes in working conditions on the
monitoring results, improve the monitoring sensitivity, and provide an accurate reference for friction and wear faults.

1. Introduction

Online condition monitoring is a significant concern in
improvements of prognostics and healthmanagement (PHM)
for mechanical equipment [1–3]. Necessary actions can be
taken with scheduled maintenance to avoid the failure of
mechanical equipment with successful condition monitoring
techniques [4–7]. Nowadays, a unique developing technique
that is called the electrostatic monitoring method has been
investigated based on electrostatic charging phenomena [8, 9].
'is technique has been proved to be effective for tribological
contacts by using electrostatic sensors [10–13].

'e electrostatic monitoring technique was initially used
to detect wear debris of components deterioration presented
in the exhaust path of gas turbine engines [14–16]. Later, it is
introduced to apply in the friction and wear of mechanical
systems with researches on the monitoring of sliding rolling
and bearing wear systems [17–20]. After a series of exper-
imental works, the electrostatic monitoring technique has
been proved to be effective with its high sensitivity in

condition monitoring of tribo-contacts [21–24]. Unlike
conventional monitoring methods such as temperature and
vibration that measure the secondary effects of wear, elec-
trostatic monitoring is a direct measurement with detected
electrostatic charges to the wear components by using
electrostatic sensors [25–27]. It can provide not only the
detection of severe failures but also early warnings and
reflect the degradation of mechanical systems.

Although many researches have been conducted on the
electrostatic monitoring technique, it is still challenging be-
cause the electrostaticmonitoring signals can be influenced by
the change of operating conditions. Current experiments of
electrostatic monitoring are generally conducted under
consistent operating conditions without any changes in the
whole life cycle test. However, the monitored tribological
systems are usually operating in a complex environment with
different states such as wind turbine gearbox and vehicle
gearbox in industry [4, 7, 28]. Ma et al. [29, 31] proposed a
numerically efficient algorithm and strategy for the moni-
toring of time-varying and multimode characteristics on

Hindawi
Mathematical Problems in Engineering
Volume 2022, Article ID 8952349, 14 pages
https://doi.org/10.1155/2022/8952349

mailto:liuruochen_nuaa@163.com
https://orcid.org/0000-0003-0533-6390
https://orcid.org/0000-0003-1026-7609
https://orcid.org/0000-0002-6239-1938
https://orcid.org/0000-0002-1484-9422
https://orcid.org/0000-0003-2923-9456
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2022/8952349


industrial processes. 'is dynamic adaptive fusion method is
suitable for current electrostatic monitoring features and
needs to be investigated to offer a possible solution for
electrostatic monitoring technique.

In this work, the strategy is applied and developed for
electrostatic monitoring of tribo-contacts. 'e electrostatic
monitoring principle, experimental setup, and initial elec-
trostatic features are introduced in Section 2. 'e advanced
dynamic adaptive fusion method combined with stan-
dardized electrostatic characteristics is presented in Section
3. Test results of rolling bearings and further application in
railcar gearbox are analyzed and discussed in Section 4.
Finally, conclusions are made in Section 5.

2. Electrostatic Monitoring Method of Tribo-
Contacts

2.1. Principle of Electrostatic Monitoring. Electrostatic
monitoring technique is a complex process from the initial
charge generation in tribological system to the final ac-
quisition and analysis of electrostatic signals, as seen in
Figure 1. Based on the previous investigations, five causes
(i.e., tribo-charging, tribo-emission, tribo-electrification,
surface charging, and debris charging) were thought to be
the possible charge generation mechanisms in tribo-contacts
[8, 26, 32]. In general, the electrostatic sensor (ES) consists of
five parts: inner inductive probe with sensing face, middle
insulation layer, outside shielding layer, signal output end,
and installation part. When a charge source (e.g., charged
debris or lubricant charge species) passes through the front
of the sensor, a charge response can be detected by the usual
inductive processes. With suitable signal processing
methods, the extracted electrostatic features can be used to
reflect the wear condition of tribo-contacts in mechanical
system and detect early faults.

2.2. Experimental Setup. Based on the principle of elec-
trostatic monitoring, life cycle experiments with two
electrostatic sensors (ESs) and monitoring system are
conducted on the test rig of rolling bearings, as shown in
Figure 2. Four bearings are installed in the test chamber
monitored by ESs and driven by a motor. 'e rotation
speed and radial load of rolling bearings can be set and
adjusted in the experiment. 'e test rig itself has a tem-
perature and vibration monitoring system which can order
a warning to reflect the operating condition if the rolling
bearing runs into severe failure. Electrostatic signals are
collected by the monitoring system.

2.3. Electrostatic Feature Extraction. First, the collected
original electrostatic signals are a series of time-domain
values with initial denoising by a simple charge filter. 'en,
due to the high sampling frequency and longtime duration
of monitoring resulted with big data, signals are processed
with feature extraction method to reflect the electrostatics
level intuitively and effectively. According to the previous
investigations [13, 24], the conventional extracted features
most used in time domain to detect abnormal in electrostatic

signals are root mean square parameter (RMS), peak-peak
parameter (PP), impulse factor (IF), and clearance factor
(CLF), etc., as listed in Table 1.x (n) is a signal series for n� 1,
2, . . ., N and N is the number of data points.

Although these extracted electrostatic features are seemed
to be effective under certain stable operation conditions,
problems arose when it comes to time-varying operation
conditions. 'e electrostatic signal can be influenced by the
change of operation conditions (e.g., rotation speed, load, and
torque etc.), especially under the real industrial environment.
'us, a novel algorithm called moving window local outlier
factor (MWLOF) is introduced here in order to solve the
problem.'emethod is based on a dataminingmethod called
local outlier factor (LOF) algorithm and used in industrial
monitoring processes, which further adapts the changes of
operating modes by adding a fast-moving window scheme
[29, 30]. 'e process of the algorithm combined with elec-
trostatic monitoring signals as a dynamic adaptive fusion
method is presented in the following section.

3. Dynamic Adaptive Method of
Electrostatic Monitoring

3.1. Algorithm of LOF. In the algorithm of LOF according to
equation (1), all the k nearest neighbors of xa(a � 1, 2,

. . . , N) should be found out for a set X � [x1, x2, . . . ,

xN] ∈ RD×N of training data, while the neighborhood set of
xa is then denoted as knn(xa).

d xa, xb(  �

�������������������


D

n�1 xan − xbn



2
(a≠ b)



. (1)

'e k-distance neighborhood of xa, i.e., the minimum
k − th of d(xa, xb) and (a≠ b, xb ∈ knn(xa)), is calculated
by the Euclidean distance of k − th closest value from xa and
denoted as k − distance(xa). 'e reachability distance of xa

relative to xb can be recognized as

reach-dist xa, xb(  � max k − distance xb( , d xa, xb(  .

(2)

'e local reachability density (LRD) of xa can be cal-
culated through the equation:

lrd xa(  �
k

xb∈knn xa( )reach − dist xa, xb( 
. (3)

'e LOF of xa is computed from the LRD of xa and
nearest neighbors through:

lof xa(  �
1
k

· 

xb∈knn xa( )

lrd xb( 

lrd xa( 
. (4)

From the definition of LOF, it indicates that the larger
lof(xa) is, the more likely xa is an outlier. When xa is not,
the value of lof(xa) is close to 1; while xi is an outlier, the
value of lof(xa) will distinctly larger than 1. It is worth to
mention that the value of LOF equals to 1 is an ideal
condition which cannot be applied to determine whether
these data are abnormal or not.
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3.2. Algorithm ofMWLOF. To calculate the value of LOF and
make an initialization for each sample xj(j � 1, 2, . . . , L) with
a dimensionD in the oldwindowW1 by the distance according
to equation (1), all the k closest xj marked as knn1(xj) are
found. 'en, with the incorporated k− distance1(xj), the
reachability distance of xj relative to xp(p≠ j, xp ∈ knn1(xj))

denoted as reach − dist1(xj, xp) is calculated.'en the value of
LRD lrd1(xj) and the value of LOF lof1(xj) are computed
according to equations (3) and (4) sequentially.

'ere are three matrices in Figure 3 to process online
updating of the data: original old window Wi, current new
window Wi+1, and middle window W with some samples
removed. For a window size L, the details of the two-step
adaption procedure are demonstrated as follows.

Step 1. abandon
'e result of elements (mean, variance, and covariance)

for the middle window by removing the oldest sample can be
calculated by equations (5) to (8). By moving xi away, the
whole neighborhood relationship is updated from Wi to W,
while a set Si− 1 to store the samples is constructed and
satisfied the criterion below equation (9). Where knni(xj) is
the set of neighborhood xj in Wi. 'en the values of k-

distance for the samples in Si− 1 will turn into new values
equation (10).

μ �
1

L − 1
Lμi − xi( , (5)

Δμ � μi − μ, (6)

σ(m)
2

�
L − 1
L − 2

σi(m) 
2

−
L − 1
L − 2

[Δμ(m)]
2

−
xi(m) − μi(m) 

2

L − 2
, m � 1, 2, . . . , D,

(7)

 � diag[σ(1), σ(2), . . . , σ(D)], (8)

Si− 1 � Si− 1 ∪ xj , if i≠ j, xj ∈Wi

andxi ∈ knni xj ,
(9)

k− distancei xj  � (k + 1)− distancei xj ,

if xj ∈ Si− 1.
(10)

Step 2. addition
New data will be added in the matrix of the window after

xi+L is considered normal, and these elements (mean,
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Figure 1: A schematic diagram of the electrostatic monitoring principle.
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Figure 2: Experimental setup of electrostatic monitoring on rolling bearing. (a) Test rig; (b) schematic of the structure.
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variance, and covariance) will also be updated through
equations (11) to (14). However, the values of k-distance for
those samples will also be updated according to equation
(15). Where xj ∈ W and then the set Si− 1 will be augmented
as equation (16). 'e reachability distance at this step will be

recalculated if its nearest samples in Wi+1 belongs to Si− 1
according to equation (17).'e value of LRD and LOF in the
new window Wi+1 can be calculated by updating the distance
through equations (18) and (19).

μi+1 �
1
L

(L − 1)μ + xi+L , (11)

Δμi+1 � μi+1 − μ, (12)

σi+1(m)
2

�
L − 2
L − 1

[σ(m)]
2

+ Δμi+1(m) 
2

+
xi+L(m) − μi+1(m) 

2

L − 1
, m � 1, 2, . . . , D, (13)


i+1

� diag σi+1(1), σi+1(2), . . . , σi+1(D) , (14)

k− distancei+1 xj  �

(k − 1)− distancei xj , if xi+L is among k − 1 nearest neighbors of xj,

d xi+L, xj , if xi+L is the k th − nearest neighbor of xj,

k− distancei xj , otherwise,

⎧⎪⎪⎪⎨
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(15)

Si− 1 � Si− 1 ∪ xj , if xj ∉ Si− 1 andxi+L ∈ knni+1 xj , (16)

Table 1: Conventional electrostatic time-domain features.

Features Formula

Mean value xM xM �


N

n�1 x(n)

N

Root mean square xRMS xRMS �

��������


N

n�1 (x(n))2

N



Standard deviation xSTD xSTD �

�����������


N

n�1 (x(n)− xM)2

N− 1



Peak-peak xPP xPP � max(xn) − min(xn)

Skewness xSKE xSKE �


N

n�1 (x(n)− xM)3

(N− 1)x3
STD

Kurtosis xKUR xKUR �


N

n�1 (x(n)− xM)4

(N− 1)x4
STD

Peak factor xPF xPF � max|x(n)|
xRMS

Impulse factor xIF xIF � max|x(n)|


N

n− 1 |x(n)|/N

Clearance factor xCLF xCLF � max|x(n)|
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Figure 3: Two-step adaptation procedure of the MWLOF strategy.
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reach − disti+1 xj, xp  �
k− distancei+1 xp , max d xj, xp   if xp ∈ Si− 1,

reach − disti xj, xp , otherwise,

⎧⎪⎨

⎪⎩

wherep≠ j, xj ∈Wi+1 and xp ∈ knni+1 xj .

(17)
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lrdi xj , otherwise,
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wherep≠ j, xj ∈Wi+1 andxp ∈ knni+1 xj .

(18)

lofi+1 xj  �

1
k

· 

xp∈knni+1 xj( 

lrdi+1 xp 

lrdi+1 xj 
, if xp ∈ Si− 1,

lofi xj , otherwise,

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

wherep≠ j, xj ∈Wi+1 and xp ∈ knni+1 xj .

(19)

3.3. MWLOF-Based Electrostatic Monitoring of Dynamic
Adaptive Process. Considering the actual outputs of the
electrostatic monitoring signals are a series of data with many
parameters of different magnitude features collected by
multiple sensors; therefore, it is necessary to standardize the
training data before applying the LOF algorithm. Otherwise,
the variables with large order of magnitude will occupy a
larger weight when calculating the distance, and when the
fault happens in the variables with small order of magnitude,
the sign of fault will be difficult to be accurately characterized.
'e specific steps of standardization method are as follows.

First, assuming that the total number of electrostatic
sensor probes used in the monitoring system, especially a
single sensor may have multiple poles and output terminals,
is d and equals to the total number of electrostatic signal
output terminals. 'e output signal corresponding to the
time series n of each sensor probe during monitoring is
Aj � a

j
1, a

j
2, . . . , a

j
n , (j � 1, 2, . . . , d). 'e feature extrac-

tion method in Section 2.3 is used to process each elec-
trostatic signals inAj, getting multiple characteristic features
on the same time series and forming the corresponding
initial sample data set Bj � b1, b2, . . . , bm  ∈ RN×m. Where
N represents the number of samples on the time series of the
feature parameters extracted from the converted signal and
m represents the number of feature parameters extracted
from the converted signal, i.e., the number of variables.

'en, the data set Bj should be standardized to let each
value in the uniform scale with the mean value of 0 and the
variance of 1 through

X
j
i �

bi − mean bi( 

σ bi( 
, i � 1, 2, . . . , m, (20)

where bi presents a variable value of Bj, X
j
i is the result of

standardization, mean(.) presents the mean of value, and
σ(.) presents the standard deviation of the value. 'en it
forms a new data set X � X1, X2, . . . , Xd  � x1, x2, . . . ,

xD} ∈ RN×D, where xi ∈ RN and N is the number of samples,
Xj ∈ RN×m, (j � 1, 2, . . . , d) present the data set of each
electrostatic output signal that is transformed and stan-
dardized. D is the total number of variable values in the new
sample set and it can be calculated as D � m × d. 'e new
formed data set X is the input of adaptive monitoring
process with theMWLOF algorithm. Figure 4 shows the flow
diagram of the proposed electrostatic signal based MWLOF
algorithm and the adaptive process monitoring method.

'e offline initialization steps are as follows: at first, L

samples of the electrostatic signals are collected under the
current operating condition to form the initial old window
W1. An offline model is established according to equations
(1) to (4) on the basics of the standardized electrostatic
samples. According to the initial window W1, by specifying a
confidence level (1 − α)% and applying kernel density es-
timation (KDE), a control limit for the electrostatic values of
LOF is built to estimate following experimental data.

'en, the online model updating and monitoring steps
through the switch rule and the two-step adaption approach
are summarized in following seven steps: (a) standardize the
new electrostatic sample xi+L with μi and i of the window
Wi. (b) Calculate the distance between xi+L and
xi+1, xi+2, . . . , xi+L− 1 with lofi(xi+L) from the window Wi. (c)
'e flag value will be switched from 0 to 1 by an operator to
accept new samples as normal if the mode changes, and each
new data will be accepted as then directly skip to step (e); 'e
flag will be reset to 0 automatically until termination of
updating is reached. Otherwise, it will move to the next step
when the value of flag is 0. (d) xi+L will be regarded as an
outlier and cannot be added into the window if the value is
above the threshold of the window Wi, i.e.,
lofi(xi+L)> limit − lofi, and the cycle continues for the next
new sample. If not, it will move to the next step. (e) Update the
model by inserting xi+L to take place of xi through equations
(5) to (19). (f)'e threshold will be recalculated through KDE
when lofi(xi+L)> 1. (g) 'e alarm will be triggered at the
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final step when several consecutive outliers are detected. It is
worth mention that, according to the previous investigations
[29, 30], the parameters k and window size are set to 30 and
800, respectively, which are suitable for the model while
applying in the following experimental analysis.

4. Experimental Results and Analysis

4.1. Experiment of the Rolling Bearing Test. In the experiment
of rolling bearing with the test rig introduced in Section 2
(Figure 2(a)), a life cycle test with two operating stages is
conducted with electrostatic monitoring method. At the be-
ginningwith first stage, it runs stable under 2000 r/min rotation
speed and 20kN radial load. After 800 samples, it switches to
the second stable stage, with rotation speed and radial load are
both increased, under 3000 r/min and 30kN. Two tests are
conducted in the experiment with good rolling bearings. In the
first test, it keeps running to the failure with the total number of
2290 monitoring samples, as shown in Figure 5. Figures 5(a)–
5(c), respectively, show the detailed results by using MWLOF
with mode change method, MWLOF without mode change at
800 sample, and with basic LOFmethod. Figure 5(d) shows the
result with some traditional features. Figure 5(e) shows the
inner race fault detected of rolling bearing after the test.

From Figure 5(a), it can be seen that the value of elec-
trostatic lof keeps steady at a low level and is below the cor-
responding threshold before early fault occurs (about 1900th
sample), which reflects the normal running condition of rolling
bearing at this period. At about 800th sample, the value of
electrostatic lof has a relatively high pulse corresponding to the
operation of stage switches, which lasts a few moment/samples
then fall to the normal level. By using the MWLOF algorithm
with mode change, the high pulses, caused by the change of
operating stages without any obvious fault of rolling bearing,

are also regarded as normal signal to be calculated and below
new threshold. It shows that the rolling bearing of the test in
the whole life cycle before early fault occurs, i.e., from 1st to
1911th sample in this experiment, runs well without any
abnormality. After 1911th sample, some values of electrostatic
lof above the threshold began to appear frequently, which
indicate the early degradation of rolling bearing performance
that began to show up. After 2099th sample, some continuous
abnormal values began to appear corresponding to the further
degradation of rolling bearing performance. After 2156th
sample, the value of electrostatic lof began to keep above the
threshold and rising until far larger than the threshold, which
reflects the severe wear and failure of rolling bearing, as shown
in Figure 5(e). From the whole test, it can be seen that, with
the dynamic adaptive fusion method of MWLOF algorithm
considering mode change, the result of electrostatic moni-
toring consists with the degradation of rolling bearing per-
formance from the initial normal operating condition to
occurrence of early fault and final failure at the end.

Comparing Figures 5(b) and 5(a), it can be seen that in the
whole test by using electrostatic monitoring of MWLOF algo-
rithm without mode switches, the moment of multiple (1911th
sample), continuous (2099th sample), and consistent (2156th
sample) abnormal values above the threshold occurrence cor-
responding to early, further degradation and severe fault of
rolling bearing are the samewith themethodwithmode change.
However, the part of stage change (after 800th sample) with a
series of high values above the threshold is misconsidered as the
occurrence of early fault. Meanwhile, owing to the update of
mode without values in the mode change, some values of
electrostatic lof in the region between 1200th and 1800th above
the threshold are also misconsidered as abnormal. It proves the
advantage of MWLOF algorithm with mode change in the
electrostatic monitoring of rolling bearing test.

Collect L samples of the
electrostatic signal

Calculate the lof value of a new
sample

Mode change (flag=1)

Beyond the control limit

An outlier detected

Several continuous outliers

Control limit
updatingTrigger an alarm of electrostatic

monitoring
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Model updating

Set flag=0

Resampling

Estimate the control limit
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Figure 4: Flow diagram of dynamic adaptive electrostatic monitoring process based on MWLOF.
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Comparing Figures 5(c) to 5(a) and 5(b), it can be seen
that electrostatic monitoring result of LOF algorithm without
moving window is different from MWLOF monitoring al-
gorithm. Owing to the static threshold without considering
any update, the 1911th sample is not the first signal to start the
appearance of frequent abnormal values, and the first mo-
ment of continuous and consistent abnormal values above the
threshold occurrence is forward to 2094th and 2143th sam-
ples. Meanwhile, similar to the monitoring result of MWLOF
without mode change, the part of stage change (after 800th
sample) with a series of high values above the threshold is also
misconsidered as the occurrence of early fault. 'e total
amount of abnormal values considered as false alarm under
normal operating conditions before 1911th with three algo-
rithms are calculated with a result of 257 samples (MWLOF
with mode change), 332 samples (MWLOF without mode
change), and 426 samples (LOF) after the test. It indicates that
the MWLOF algorithm with mode change is a better method
for electrostatic monitoring than the other two methods. It is
also worth mentioning that the LOF algorithm with a static
threshold determined by the chosen training data will easily
influence the result of monitoring, i.e., low threshold with too
many abnormal values and high threshold without detection
of early fault degradation, which is hard to be applied in
electrostatic monitoring of rolling bearing.

From Figures 5(d), it can be seen that in the whole test, the
electrostatic representative dimensioned features, i.e., RMS
and PP, have a good trend to reflect the degradation and also
with some high pulses at the moment of stage change, while
the electrostatic representative dimensionless features, i.e.,
CLF and IF, have a slight trend to reflect the degradation and
without any obvious pulses at themoment of stage change. So,
it is hard to evaluate the condition of rolling bearing with only
one of the extracted features and is also hard to give the
threshold suit for every situation considering the variations of
electrostatic level in different monitoring system. It is nec-
essary and a good solution for electrostatic signals to have a
fusion combining all the time-domain features.

AlthoughMWLOF algorithm can dynamically adjust the
threshold height with the change of bearing operating
conditions, it is difficult to completely define the bearing
fault failure by a single scale standard. 'erefore, it is also
necessary to quantitatively divide the threshold standard of
bearing fault by different scales. From the perspective of
probability distribution, we can set the length scale for the
upper limit of the sample of bearing anomaly. In the sample
detection of bearings, the sample data of fixed length gen-
erally conform to the law of Gaussian distribution. 'ere-
fore, it can be based on Pauta criterion to determine the
upper limit of abnormal samples. If the random variable x
follows a Gaussian distribution of mathematical expectation
(μ) and standard variance (σ2), it is recorded as

x ∼ N μ, σ2 . (21)

'en, the probability density function is expressed as

f(x)
1

σ
���
2π

√ e
− (x− u)2/2σ2

. (22)

'e expected value (μ) of Gaussian distribution deter-
mines its position, while the standard deviation (σ) deter-
mines its amplitude.

In practical application, the area of a certain interval on
the horizontal axis under the normal curve reflects the
percentage of the number of cases in this interval to the total
number of cases, or the probability that the variable value
falls in this interval. 'e sample length of MWLOF moving
iteration is 800 continuous sampling points, and the specific
distribution of normal points in the “3σ” horizontal axis
interval is shown in Table 2.

Due to the limited experimental error and data amount,
we adopt the “2σ” standard to evaluate bearing fault, that is,
if 36 sample points in 800 consecutive samples exceed the
threshold, judge the bearing fault and send out early warning
alarm; if 36 consecutive sample points exceed the threshold,
the equipment will enter the emergency shutdown state and
wait for the maintenance personnel to check and deal with it.

Figure 5(f) shows the partial enlargement of the moving
window when it reaches the “2σ” theoretical fault of the
inner ring. In the 800 samples’ interval of (1234 to 2034)th,
the number of normal samples is 764, accounting for 95.5%
of the total number of samples, while the number of ab-
normal samples exceeding the threshold reaches 36, which is
beyond the standard range of “2σ,” so the bearing fault is
judged and given early warning at point 2034th. After the
2156th sample, 36 consecutive samples exceeded the
threshold, so the equipment shall be shut down for pro-
cessing. A judgment criterion combining the threshold
height and the length of “2σ” sample interval can quanti-
tatively evaluate the health status of bearings and provide an
accurate judgment basis for maintenance personnel.

One more test is conducted to further verify the algo-
rithms and experiment under the same procedure, i.e., start
with 2000 r/min rotation speed and 20 kN radial load at
stable stage one and then switches to the second stable stage
with 3000 r/min rotation speed and 30 kN radial load, with
new rolling bearings replaced. In the second test, it keeps
running to the failure with the total number of 2170
monitoring samples, as shown in Figure 6. Figures 6(a)–6(c),
respectively, show the detailed results by using MWLOF
with mode change method, MWLOF without mode change
at 800 sample, and with basic LOF method. Figure 6(d)
shows the result with some traditional features. Figure 6(e)
shows the outer race fault detected of rolling bearing after
the test.

Comparing Figures 6(a) and 5(a), the electrostatic
monitoring results of rolling bearing in these two tests by
using MWLOF algorithm with mode change are similar.'e
value of electrostatic lof keeps stable in a low level and is
below the corresponding threshold before early fault occurs
(about 1850th sample), which reflects the normal running
condition of rolling bearing at this period. At about 800th
sample, the value of electrostatic lof has a relatively high
pulse corresponding to the operation of stage switches,
which lasts a few moment/samples then falls to the normal
level. By using the MWLOF algorithm with mode change,
the high pulses, caused by the change of operating stages
without any obvious fault of rolling bearing, are also
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regarded as normal signal to be calculated and below new
threshold. It shows that the rolling bearing of the test in the
whole life cycle before early fault occurs, i.e., from 1st to
1872th sample in this experiment, runs well without any
abnormal. After 1872th sample, some values of electrostatic
lof above the threshold began to appear frequently, which
indicate the early degradation of rolling bearing perfor-
mance began to show up. After 1988th sample, some con-
tinuous abnormal values began to appear corresponding to
the further degradation of rolling bearing performance.
After 2032th sample, the value of electrostatic lof began to
keep above the threshold and rising until far larger than the
threshold, which reflects the severe wear and failure of
rolling bearing, as shown in Figure 6(e). From the whole
second test, it can also be seen that, with the dynamic
adaptive fusion method of MWLOF algorithm considering
mode change, the result of electrostatic monitoring consists
with the degradation of rolling bearing performance from
the initial normal operating condition to occurrence of early
fault and final failure at the end.

Comparing Figures 6(b) and 6(a), it can also be seen that
in the whole second test by using electrostatic monitoring of
MWLOF algorithm without mode switches, the moment of
multiple (1872th sample), continuous (1988th sample), and
consistent (2032th sample) abnormal values above the
threshold occurrence corresponding to early, further deg-
radation and severe fault of rolling bearing are the same with
the method with mode change. However, the part of stage
change (after 800th sample) with a series of high values
above the threshold is misconsidered as the occurrence of
early fault. Meanwhile, owing to the update of mode without
values in the mode change, some values of electrostatic lof in
the region between 1200th and 1800th above the threshold
are also misconsidered as abnormal. It again proves the
advantage of MWLOF algorithm with mode change in the
electrostatic monitoring of rolling bearing test.

Comparing Figures 6(c) to 6(a) and 6(b), the electrostatic
monitoring result of LOF algorithm without moving win-
dow is also different fromMWLOFmonitoring algorithm in
the second test. Although the 1872th sample is still the first
signal to start the appearance of frequent abnormal values,
the first moment of continuous and consistent abnormal
values above the threshold occurrence is backward to 2007th
and 2042th sample. Meanwhile, similar to the monitoring
result of MWLOF without mode change, the part of stage
change (after 800th sample) with a series of high values
above the threshold is also misconsidered as the occurrence
of early fault. 'e total amount of abnormal values con-
sidered as false alarm under normal operating conditions
before 1911th with three algorithms is calculated with a
result of 233 samples (MWLOF with mode change), 310

samples (MWLOF without mode change), and 412 samples
(LOF) after the test. It again indicates that the MWLOF
algorithm with mode change is a better method for elec-
trostatic monitoring than the other two methods. It is also
worth to mention that, owing to the original training data,
the first test has a relatively low threshold to forward the
trend of degradation, while the second test has a relatively
high static threshold to backward the trend.

From Figure 6(d), it can also be seen that in the whole
test the electrostatic representative dimensioned features,
i.e., RMS and PP, have a good trend to reflect the degra-
dation and also with some high pulses at the moment of
stage change, while the electrostatic representative dimen-
sionless features, i.e., CLF and IF, have a slight trend to
reflect the degradation and without any obvious pulses at the
moment of stage change.

Figure 6(f ) is a partial enlargement of the moving
window when it reaches the “2σ” theoretical fault of the
outer ring. In the 800 samples interval of (1158 to 1958)th,
the number of normal samples is 764 and the number of
abnormal samples reaches 36, exceeding “2σ” interval range.
At 1958th sample, a bearing failure is determined and an
early warning is issued. After the 2156th sample, there are 36
consecutive samples that exceed the threshold, and the
equipment needs to be shut down for processing.

In summary, the experiment proves the effectiveness of
MWLOF algorithm with mode change applied on the
electrostatic rolling bearing monitoring with various oper-
ating conditions in the whole life cycle test.

4.2. Application of the Railcar Gearbox Test. In order to
certify the suitability of the method in real application, a
further experiment of electrostatic monitoring on a gearbox
used in railcar is conducted in the load fatigue test, as shown
in Figure 7. A pair of gears and rolling bearings are mon-
itored by electrostatic sensors. 'e whole procedure of the
test is also shown in Table 3. It has four stages, and both the
rotation and torque have two directions. Each stage lasts 40
hours and thus the whole test has 160 hours. In the first stage
of the test (0 to 40 hours), the gearbox keeps operating under
1641 r/min rotation speed and 2078N·m torque both at one
direction. When the test enters the second stage (41 to 80
hours), the rotation turns to another direction with the same
value of 1641 r/min while keeps the torque constant without
any changes. When it enters the third stage (81 to 120 hours)
after the second stage finished, the torque turns to another
direction with the same value of 2078N·m while keeps the
rotation without any changes. When it enters the fourth
stage (121 to 160 hours), the rotation again turns to another
direction with the same value of 1641 r/min while keeps the
torque constant without any changes. It is worth mention
that there is only a stop between the second and third stages,
while there are no stops between the first and second and
third and fourth stages throughout the whole test. 'e result
of electrostatic monitoring with MWLOF algorithm with
mode change for the whole test is shown in Figure 8.

From Figure 8(a), it can be seen that most values of
electrostatic lof keep under the threshold in the whole test.

Table 2: Samples distribution in the “3σ” interval of the moving
window.

Interval Distribution probability (%) Abnormal amount
(μ − σ, μ+ σ) 68.27 254
(μ − 2σ, μ+ 2σ) 95.45 36
(μ − 3σ, μ+ 3σ) 99.73 2
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Figure 6: Electrostatic monitoring results of rolling bearing second test. (a) MWLOF with mode change; (b) MWLOF without mode
change; (c) basic LOF; (d) traditional features; (e) outer race fault; (f ) abnormal points reach “2σ” standard.
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Figure 7: Experimental setup of electrostatic monitoring on railcar gearbox. (a) Test rig; (b) schematic of the structure.

Table 3: Operating condition of the gearbox load fatigue test.

Stage Rotation speed (r/min) Torque (N·m) Duration (h)
1 1641 2078 40
2 − 1641 2078 40
3 − 1641 − 2078 40
4 1641 − 2078 40
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Figure 8: Continued.
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Figures 8(b) and 8(c) are the detailed results of the moni-
toring signals in first two stages and last two stages, re-
spectively. From Figure 8(b), it can be seen that the value of
electrostatic lof has a relatively high pulse after 40 hours
corresponding to the transform of operating stages (1st to
2nd), which lasts a period then falls to the normal level. By
using the MWLOF algorithm with mode change, the high
pulses caused by the change of operating stages are regarded
as normal signal to be calculated and below new threshold.
'e same situation occurs at the transform of operating
stages (3rd to 4th) after 120 hours, seen in Figure 8(c). It can
also be seen that there are obvious early degradations of the
gearboxmonitored by electrostatic sensors at the end of both
third stage (115 to 120 hours) and fourth stage (156 to 160
hours) with some high pulses above the threshold, corre-
sponding to the two rotation directions. It indicates that the
degradation mainly occurs at the gear transmission part
rather than the bearing part. An unpacking inspection after
the test shows that there are slight pitting and scuffing in the
surface of gear at both sides corresponding to the early
degradation, while there are no server wear faults that lead to
a failure for gear and bearings corresponding to the stable
monitoring results of vibration and temperature. Similarly,
quantitative analysis of the data is carried out from the
perspective of probability distribution. We divide the in-
terval from the change of working conditions and collect
2400 sample points under each working condition. Table 4
shows the number of abnormal points and sample normality
rate in each stage. After actual sampling, we found that the
normal rate of samples under the working conditions of the
four stages remained above 95.45%, that is, within the “2σ”
range of all samples in each stage. From this, it is verified that
there is no obvious fault in the gearbox despite the abnormal

value of static electricity in the monitoring. 'e result of the
investigation proves the effectiveness of electrostatic mon-
itoring with dynamic adaptive fusion method, i.e., MWLOF
algorithm with mode change, to apply in industrial wear
components.

5. Conclusions

Electrostatic monitoring is a potential technique for the
PHM of tribological system in industry. However, it is
difficult to integrate various features from multiple elec-
trostatic sensors and overcome the influence of operating
condition changes for the system. 'is paper considered the
characteristics of electrostatic signals and introduced a
modified MWLOF algorithm with mode change as a dy-
namic adaptive fusion method to indicate the performance
and verified with experiments of rolling bearings and
gearbox.

'is investigation resulted in the following observations:
parts of traditional electrostatic time-domain features
(mainly have dimension) have a good correlation with
degradation while are easily influenced by the change of
operating conditions, whereas other features (mainly are
dimensionless) are opposite; the MWLOF algorithm has a
value of lof as an integrated indicator with a dynamic
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Figure 8: Electrostatic monitoring of railcar gearbox: (a) total result; (b) detailed results of first half; (c) detailed results of second half.

Table 4: Samples situation of the gearbox.

State Normal rate (%) Abnormal amount
1 99.58 10
2 99.71 7
3 98.33 40
4 99.42 14
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adaptive threshold through themoving window based on the
standardized and unified electrostatic features from the
outputs of multiple electrostatic sensors; and the mode
change module added in the process is to follow the switches
of operating conditions based on MWLOF algorithm. In the
two tests of rolling bearings, the monitoring result of
electrostatic lof by using MWLOF algorithm with mode
change has a good correlation with the performance of
degradation without the misdiagnosed at the part of oper-
ating condition switches. Early degradation is detected with
frequent abnormal values, and the consistent high values
above the threshold reflect the severe fault of wear in the
whole life test. 'e result of MWLOF algorithm with mode
change is better than MWLOF without mode change and
basic LOF algorithm. In the further test of railcar gearbox
including gears and bearings, the proposed modified dy-
namic adaptive fusion method proves its feasibility on
electrostatic monitoring of tribo-contacts in industry.
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