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Slurry pumps, such as oil sand pumps, are widely used in industry to convert electrical energy to slurry potential and kinetic
energy. Because of adverse working conditions, slurry pump impellers are prone to suffer wear, which may result in slurry
pump breakdowns. To prevent any unexpected breakdowns, slurry pump impeller performance degradation assessment should
be immediately conducted to monitor the current health condition and to ensure the safety and reliability of slurry pumps. In this
paper, to provide an alternative to the impeller health indicator, an enhanced factor analysis based impeller indicator (EFABII) is
proposed. Firstly, a low-pass filter is employed to improve the signal to noise ratios of slurry pump vibration signals. Secondly,
redundant statistical features are extracted from the filtered vibration signals. To reduce the redundancy of the statistic features,
the enhanced factor analysis is performed to generate new statistical features. Moreover, the statistic features can be automatically
grouped and developed a new indicator called EFABII. Data collected from industrial oil sand pumps are used to validate the
effectiveness of the proposed method. The results show that the proposed method is able to track the current health condition of
slurry pump impellers.

1. Introduction

Slurry pumps, such as oil sand pumps, are widely used in
industry to convert electrical energy to slurry potential and
kinetic energy. Slurry pumps work under adverse conditions,
so their impellers are prone to suffer wear, resulting in
breakdown.Therefore, fault diagnosis and prognosis of slurry
pump impellers are major concerns. Recent research has
classified different slurry pump impeller health conditions.
Qu and Zuo [1] proposed a data cleaning algorithm, based
on support vector machines and random subsampling val-
idation, to classify and identify different impeller health
conditions. A modified neighborhood rough set model was
proposed by Zhao et al. [2] to select useful features for the
identification of different impeller health conditions. They
found that themodifiedmodel can produce higher prediction
accuracies than the original neighborhood rough set model.
In addition to fault diagnoses of slurry pump impellers,
prognostic studies of slurry pumps have also been carried out.
These prognostic works can be broadly divided into two steps

[3]. The first is to assess performance degradation, and the
second is to estimate the remaining useful life of the pumps.
In this study, only the performance degradation assessment
of slurry pump impellers is investigated.

Performance degradation assessment tracks the health
conditions of components and systems. A number of typical
examples show how different methods have been developed
for performance degradation assessment. Zhao et al. [4]
used half and full spectra, fuzzy preference based on rough
sets, and principle component analysis (PCA) to develop a
new indicator for impeller damage to pumps. The results
illustrate that the indicator is capable ofmonitoring the health
status of pump impellers monotonically. Miao et al. [5] used
hidden Markov Models to propose a novel probability health
description index to monitor gear health conditions. Based
on the discrete wavelet transform, Wang et al. [6] developed
a health indictor known as the frequency spectrum growth
index (FSGI) for the evaluation of gear health conditions.
Wang et al. [7] went on to fuse different statistical features,
describing the gear health conditions using support vector
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data descriptions. Miao et al. [8] combined comblet filtering
and an exponentially weighted moving average method, to
develop a health conditions indicator (HCI) for bearing
degradation assessment. Lei et al. [9] proposed twodiagnostic
parameters to track the health conditions of planetary gear-
boxes, in terms of the statistical characteristics of planetary
gearbox vibration signals in the domains of both time and fre-
quency. Based on the industrial run to alert slurry pump data,
Tse andWang [3, 10] also designed a specific moving average
wear degradation index and an impeller health indicator, to
assess slurry pump impeller degradation.The impeller health
indicator is constructed by using the PCA of the statistical
features extracted from the slurry pump vibration signals.
Therefore, it is vital that performance degradation assessment
extracts and develops an effective health condition indicator
from raw signals.

The slurry pump original vibration signals are part of a
high dimensional data set. Moreover, the common statistical
indicators for monitoring the degradation were not effective
in tracking the health conditions of the slurry pumps. To
minimize the computational burden and to discover an effec-
tive indicator for monitoring the degradation of the slurry
pump, methods such as feature clustering are used. Feature
clustering, such as PCA and independent component analy-
sis, are widely used to investigate the correlation of selected
attributes and to reduce the dimension of the feature space.
For example, Tse and Wang [11] applied the PCA method to
construct a health indicator to monitor the health evolution
of an impeller. Chang et al. [12] used the PCA combined with
a support vector machine to extract the first principal feature
associated with the operating mine system gearbox.The PCA
algorithm was found to be effective in removing redundancy
and reducing the dimensionalities of the feature space.
Harmouche et al. [13, 14] proposed a fault detection approach
using the PCA, based on probability distribution, which can
successfully detect incipient faults that are undetectable by
traditional methods. Lee et al. [15] used a modified inde-
pendent component analysis algorithm to extract important
independent components from a multivariate statistical data
set, which was applied to fault diagnosis in a wastewater
treatment process. However, the abovementioned methods
cannot ensure that the representation of the whole content
of the original variable data is preserved and are not able
to cluster features into a single new effective indicator when
assessing slurry pump impeller degradation. Therefore, the
traditional statisticalmethod of factor analysis (FA), based on
the indicators extracted from the slurry pump vibration data,
is proposed in this paper. FA [16] is a widely used statistical
tool in different fields, such as economics [17], business
[18], psychology [19], social sciences [20, 21], and medicine
[22, 23]. However, it is rarely applied to fault diagnosis and
prognosis of complex mechanics system, particularly feature
extraction and selection. Apley and Shi [24] proposed a
creative FA,which can extract diagnostic features from a large
volume of automated in-process measurement data. Zhang
et al. [25] studied a novel fault FA scheme, which can reduce
the influence on fault detection of the relay protection’s wrong
action device. Kuravsky et al. [26] proposed a wavelet-based
confirmatory FA for monitoring the damage accumulation

factors responsible for the evolution of technical and other
systems. In sum, the FA has been proven effective in com-
bining potential latent variables, covering the whole content
of the original variables, similar to the PCA. Compared to
the PCA, which focuses on the ranking and selection of
the components, the FA could classify, group, and remove
the redundancy of the data information. The calculation
process of the FA is more complicated than the PCAmethod,
with an extra step, known as factor rotation. This kind of
grouping function could increase the efficiency of the new
indicator, developed through FA, in the evaluation of the
degradation of the slurry pump impellers. In addition, the
FA measures underlying factors, in which the identification
of such underlying factors simplifies the understanding and
description of the complex original variables and also reduces
the number of factors. In other words, the FA algorithm
can be taken as a data-reduction technique, as it reduces
a large number of correlated variables to a smaller set
of factors that reflect the original variables. In this study,
combining the FA with a low-pass moving average filter is
proposed and used to track the health conditions of a slurry
pump, with less dimensions and a more effective new health
indicator.

A low-pass filter is applied to the slurry pump vibration
signals. To provide an alternative to the impeller health
indicator, an enhanced factor analysis based impeller indi-
cator (EFABII) is proposed in this study. The procedures of
the proposed method are similar to those reported in our
previous publication. The major difference is that the FA
can be used to reduce the dimensionality of the statistical
features. In addition, it can also be used to categorize
the statistical features. Therefore, the relationship between
different statistical features can be clearly identified.

The rest of the paper is organized as follows. In Section 2,
the FA is reviewed and discussed. A method used for
slurry pump impeller performance degradation assessment
is proposed in Section 3. In Section 4, industrial data are
used to validate the effectiveness of the proposed method.
Conclusions are drawn in Section 5.

2. Factor Analysis Principle

Factor analysis [27, 28] is a method that uses a lower number
of new variables, known as common factors, to describe
the variability of the observed and correlated variables. The
observed variables are therefore the linear combinations of
the new factors and errors. The FA is generally divided
into four steps: (1) calculation of correlation matrix for
all variables; (2) factor extraction; (3) factor rotation; (4)
establishment of latent factors. Based on the FA principles,
an enhanced factor analysis method was proposed in this
paper.

Suppose that 𝑋𝑖 (𝑖 = 1, 2, . . . , 𝑝) are 𝑝 observed and
correlated variables. The FA aims to solve the following
mathematical problem. The matrix form of the FA equation
is derived as follows [27]:
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X − 𝜇 = (
(

𝑋1𝑋2...𝑋𝑝
)
)

− (
(

𝜇1𝜇2...𝜇𝑝
)
)

= (
(

𝑎11 𝑎12 ⋅ ⋅ ⋅ 𝑎1𝑚𝑎21 𝑎22 ⋅ ⋅ ⋅ 𝑎2𝑚... ... ...𝑎𝑝1 𝑎𝑝2 ⋅ ⋅ ⋅ 𝑎𝑝𝑚
)
)

(𝐹1𝐹2...𝐹𝑚)
+ (

(
𝜀1𝜀2...𝜀𝑝

)
)

= AF + 𝜀,
(1)

where X is the vector of the observed variables; 𝜇 is the
mean vector of the observed variables;A is the factor loadings
of a constant 𝑝-by-𝑚 matrix; F is a vector of independent
and standardized common factors which is the unobservable
latent variable; 𝜀 is a vector of specific factors which cannot
be included by those common factors;𝑚 is the number of the
original features and is equal to 18 in this paper, and 𝑝 is the
observed variables.

Here, the vectors F and 𝜀 must satisfy the following
requirements [27]:

cov (𝐹𝑗, 𝐹𝑘) = 0, 𝑗 ̸= 𝑘; 𝐸 (F) = 0, 𝐷 (F) = 1,
cov (𝜀𝑗, 𝜀𝑘) = 0, 𝑗 ̸= 𝑘; 𝐸 (𝜀) = 0, 𝐷 (𝜀) = 𝜎2. (2)

In addition, because the common factor and specific
factor are irrelevant, then

cov (F, 𝜀) = 0. (3)

Common factor F accounts for the correlation among the
variables.The larger the coefficient 𝑎𝑖𝑗 of each common factor𝐹𝑖, the more explained the content between that common
factor and that corresponding variable. The specific factor 𝜀
explains the remaining variance and the error of that variable.
As aforementioned, the factor loading is here referred to as
the correlation. Factor loading 𝑎𝑖𝑗 is the correlation coefficient
between the 𝑖th variables and the 𝑗th common factor. It
reflects the relative importance of the 𝑖th variables and the𝑗th common factor. The closer to 1 its absolute value is, the
higher relative degree it has.The factor loadings equation can
be obtained from

A = (X − 𝜇 − 𝜀) ⋅ F−1. (4)

From (2), the variance of X can be deduced, which is as
follows [28]:𝐷(X𝑖) = (𝑎2𝑖1 + 𝑎2𝑖2 + ⋅ ⋅ ⋅ + 𝑎2𝑖𝑚) + 𝜎2𝑖 = ℎ2𝑖 + 𝜎2𝑖 ,(𝑖 = 1, 2, . . . , 𝑝) . (5)

Then, the total variance of X is𝐷 (X) = Communality + Specific variance. (6)

Therefore, the commonality is the sum square of the
coefficients or factor loadings of the common factors. The
common variance ℎ2𝑖 reflects the explained extent of the
common factor to the total variance of the variables. The
larger ℎ2𝑖 is, the higher the correlation between that kind of
factor and its variables is.

The establishment of the enhanced FA model identifies
the common factors and classifies the variables but more
importantly enables the meaning of every common factor
to be studied, and further analysis can be carried out. The
original variables are considered as a linear combination of
common factors through this model. To acquire a better
result through the enhanced FA model, the factor-loading
matrix should be rotated. The common factors can then
explain the original variables specifically and precisely. The
methods of factor rotation can be divided into orthogonal
and oblique. Therefore, to simplify the rotation of the factor-
loading matrix, the polarized squared value of each column
and row of the factor-loading matrix should be set up close
to 0 or 1 [16, 27–29]. For the method described in this
study, “Equimax” is chosen as the rotation method, as this
is a compromise between polarizing the rows’ and columns’
factor matrix.

The last step of the enhanced FA model is to acquire the
factor scores. These can be used to conduct further studies,
such as regression or the evaluation of sample classification
analysis.

According to (1) and (4), the factor scores function can be
written as follows:

F = A−1 ⋅ (X − 𝜇 − 𝜀) . (7)

The coefficients of the factors should be first deduced so
each of the factor scores can then be obtained.

3. The Proposed Method for Impeller
Performance Degradation Assessment

In this study, a new statistics impeller health indicator
is developed for describing the degradation performance
assessment of slurry pumps.This new health indicator is built
according to our previous studies [3, 7, 10]. The vibration
measurement data were collected from the application of the
smart asset management system (SAMS) software developed
by the Smart Engineering Asset Management Lab. The data
acquisition instruments included a National Instrument (NI)
DAQ 9172 and a DAQ module NI 9234. Four accelerometers
were installed in four different positions on the slurry
pumps, to monitor the various working conditions. The data
measurements were recorded using a number series from 1 to
1101 to identify their source. The recording period was three
months and the sampling rate was 51,200Hz. Vibration data
solely from channel 3 were used in this study. The details of
the steps for processing the data are as follows.

Suppose 𝑌𝑘(𝑛) is the original vibration data of the slurry
pump, and let𝑃 denote the total number ofmeasurement files
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and 𝑘 = 1, 2, 3, . . . , 𝑃, and define 𝑛 = 1, 2, . . . , 𝑁.𝑁 is equal to
51,200, which is the sampling rate of the measurement files.

A low-pass filter with a cut-off frequency of 110Hz was
applied to process the slurry pump original vibration data𝑌𝑘(𝑛). Nine statistical features in the time domain and their
corresponding frequencies were then extracted from the pro-
cessed vibration signals 𝑋𝑛. Normalization was conducted
before applying the FA.

The original feature matrices in time and frequency
domains are, respectively, constructed as𝐹LP (𝑡) = [𝜇, 𝜎,RMS, SK,KU,CF,CLF, SF, IF] , (8)𝐹LP (𝑓) = [𝜇, 𝜎,RMS, SK,KU,CF,CLF, SF, IF] , (9)

where 𝐹LP(𝑡) represents the features in time domain and𝐹LP(𝑓) represents the features in frequency domain. The
subscript LP represents low-pass filtering. The following
equations for the nine statistical features were extracted from
signals in time and frequency domains after the low-pass
filter was initially applied to process raw vibration data (𝑋𝑛
represents the processed vibration data in temporal and
spectral domains).

(1) Mean: 𝜇 = 1𝑁 𝑁∑𝑛=1𝑋𝑛. (10)

(2) Standard deviation (STD):𝜎 = √ 1𝑁 − 1 𝑁∑𝑛=1 (𝑋𝑛 − 𝜇)2. (11)

(3) Root mean square:

RMS = √ 1𝑁 𝑁∑𝑛=1 (𝑋𝑛)2. (12)

(4) Skewness:

SK = ∑𝑁𝑛=1 (𝑋𝑛 − 𝜇)3(𝑁 − 1) 𝜎3 . (13)

(5) Kurtosis:

KU = ∑𝑁𝑛=1 (𝑋𝑛 − 𝜇)4(𝑁 − 1) 𝜎4 . (14)

(6) Crest factor:

CF = max (𝑋𝑛)√(1/𝑁)∑𝑁𝑛=1 (𝑋𝑛)2 . (15)

(7) Clearance factor:

CLF = max (𝑋𝑛)((1/𝑁)∑𝑁𝑛=1√𝑋𝑛)2 . (16)

Start

Conduct a fast Fourier transform based on
low-pass frequency for raw vibration signal

Calculate 18-feature matrix in time domain
and frequency domain after a low-pass filter

Normalize features for factor analysis model

Apply these features to the proposed factor analysis
model to develop the new health indicator-

FABII (factor analysis based impeller indicator)

Perform a simple moving average process to the
normalized features

End 

Load raw vibration signal

Figure 1: Procedures of the fault diagnosis on a slurry pump with
the enhanced FA model.

(8) Shape factor:

SF = √(1/𝑁)∑𝑁𝑛=1 (𝑋𝑛)2(1/𝑁)∑𝑁𝑛=1 𝑋𝑛 . (17)

(9) Impulse factor:

IF = max (𝑋𝑛)(1/𝑁)∑𝑁𝑛=1 𝑋𝑛 . (18)

These features are used to construct a new feature matrix:𝑋𝑘 = [𝐹LP𝑘 (𝑡) , 𝐹LP𝑘 (𝑓)] , 𝑘 = 1, 2, 3, . . . , 𝑃. (19)



Shock and Vibration 5
M

ea
n

−4

−2

0

2

4 Mean

File number
0 200 400 600 800 1000 1200

(a)

rm
s

−4
−2

0
2
4
6 rms

File number
0 200 400 600 800 1000 1200

(b)

std

−4
−2

0
2
4
6 std

File number
0 200 400 600 800 1000 1200

(c)

Sk
ew

ne
ss

−20
−15
−10
−5

0
5 Skewness

File number
0 200 400 600 800 1000 1200

(d)

Ku
rt

os
is

−10

0

10

20

30 Kurtosis

File number
0 200 400 600 800 1000 1200

(e)

CF

−10

−5

0

5

10 CF

File number
0 200 400 600 800 1000 1200

(f)

File number
0 200 400 600 800 1000 1200

CL
F

−5

0

5

10

15 CLF

(g)
File number

0 200 400 600 800 1000 1200

SF

−5
0
5

10
15
20
25 SF

(h)
File number

0 200 400 600 800 1000 1200

IF

−5

0

5

10

15 IF

(i)

Figure 2:The nine statistical features extracted from the low-pass filter processed data versus the successive file numbers in the time domain
(mean, rms, std, skewness, kurtosis, CF, CLF, SF, and IF from (a)–(i)).

The new feature matrix is then normalized according to

𝑋𝑘,𝑗 = (𝑋𝑘,𝑗 − ∑𝑃𝑘=1𝑋𝑘,𝑗/𝑃)√∑𝑃𝑡=1 (𝑋𝑘,𝑗 − ∑𝑃𝑘=1𝑋𝑘,𝑗/𝑃)2 /𝑃𝑘 = 1, 2, 3, . . . , 𝑃, 𝑗 = 1, 2, 3, . . . , 18. (20)

A moving average process is used for each column of the
new matrix from (20):

𝑋𝑀𝐴𝑘,𝑗 = ∑𝑘1 𝑋𝑘,𝑗𝑘 ,𝑘 = 1, 2, 3, . . . , 𝑃; 𝑗 = 1, 2, 3, . . . , 18. (21)

Through (21), a new matrix 𝑋𝑀𝐴𝑘,𝑗 is generated for
the study of the EFA based impeller indicator. Then the
enhanced factor analysis based impeller indicator (EFABII)
can be calculated by combining the result from (21) and (7).
The details of the calculation procedures are summarized in
Figure 1.

4. Applying the Proposed Method on
Industrial Data

The performance degradation assessment is vital for moni-
toring the health conditions of slurry pumps, but it is very
difficult to find or extract an effective indicator to describe
the propagation performance throughout the whole life of
a slurry pump [30–32]. The extraction of the enhanced
factor analysis based impeller indicator (EFABII) was briefly
introduced in Sections 2 and 3. To validate the effectiveness of
this EFABII, a case studywas carried out.The results obtained
by the EFABII demonstrated an obvious damage growth and
propagation performance trend and are explained in this
section.

4.1. EFABII Applied in the Time Domain. The proposed
method was applied to analyze the data described in Sec-
tion 3. The features obtained from the raw data, and their
respective normalized moving average indicators after being
processed by the low-pass filter, are shown in Figures 2 and 3.

Figure 2 illustrates that the trends of the performance
wear degradation were not obvious. A normalization step
was used to eliminate the effect of units for the variables. A
simple moving average process was then used for these nine
feature trends, and the results are shown in Figure 3. The
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Figure 3: The nine statistical feature indicators from Figure 2 after normalization, processed with the moving average process (mean, rms,
std, skewness, kurtosis, CF, CLF, SF, and IF from (a)–(i)).
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Figure 5: The results of the EFABII in time domain for (a) factor 1, (b) factor 2, and (c) factor 3, respectively.

trends for the features rms and std shown in Figure 3 were
found to be very similar and exhibited obvious and clear wear
degradation performance throughout the whole operating
stage of slurry pumps. This is because they have a similar
formula. If the mean of a signal equals 0, rms and std are the
same with each other.

The results obtained by using the EFA are shown in
Figures 4(a) and 4(b). The specific variances of the nine
features in the time domain are shown in Figure 4(a). As
mentioned, if the specific variance value is close to “1” there is
no common factor in that specific kind of variable, while a “0”
valuemeans that the features could be entirely determined by
the common factor. The coefficients of the common factor of
the nine features in the time domain are shown in Figure 4(b).
The closer to “1” the coefficients absolute values are, the more
the correlation between that factor and the original features.
Figure 4(b) clearly shows that the features 6, 7, and 9 (CF, CLF,

and IF) can be classified as factor 1, while factor 2 includes
the features 2 and 3 (rms and std). Factor 3 has a good
correlation with the features 4, 5, and 8 (skewness, kurtosis,
and SF). Indicator 1 in Figure 4(a) has a high specific variance
(lager than 0.75), and its coefficient of common factor is very
small (less than 0.5), as shown in Figure 4(b), so it cannot be
classified by any factor and must be eliminated.

Factor 2 in Figure 5(b) clearly has a similar trend to the
features rms and std described in Figure 3, so it can replace
the original features 2 and 3 (rms and std).The value of factor
2 increases with the file number, and reaches its maximum
value of 1.068 at the 834th file. The other two factors do
not demonstrate similar monotonic damage growth trends.
Therefore, factor 2 can be applied to monitor the slurry
pumps’ working conditions.This factor can help to reduce the
multivariate data dimensions and the nine statistical features
need not be used.



8 Shock and Vibration
M

ea
n

−4
−2

0
2
4
6 Mean

File number
0 200 400 600 800 1000 1200

(a)

rm
s

−4
−2

0
2
4
6 rms

File number
0 200 400 600 800 1000 1200

(b)

std

−4
−2

0
2
4
6
8 std

File number
0 200 400 600 800 1000 1200

(c)

Sk
ew

ne
ss

−2
0
2
4
6
8

Skewness

File number
0 200 400 600 800 1000 1200

(d)

Ku
rt

os
is

−2
0
2
4
6
8

10
Kurtosis

File number
0 200 400 600 800 1000 1200

(e)

CF

−2
0
2
4
6
8 CF

File number
0 200 400 600 800 1000 1200

(f)

CL
F

−5

0

5

10

15 CLF

File number
0 200 400 600 800 1000 1200

(g)

SF

−4
−2

0
2
4
6
8 SF

File number
0 200 400 600 800 1000 1200

(h)
IF

−2

0

2

4

6 IF

File number
0 200 400 600 800 1000 1200

(i)

Figure 6: The nine statistical features extracted from the low-pass filter processed data versus the successive file numbers in the frequency
domain (mean, rms, std, skewness, kurtosis, CF, CLF, SF, and IF from (a)–(i)).

In conclusion, factor 2 in the time domain is selected
as the new EFABII for monitoring the health conditions of
pumps throughout the operation stage.

4.2. EFABII Applied in the Frequency Domain. The features
obtained from the raw data, and their normalized moving
average indicators in the frequency domain after being
processed by the low-pass filter, are shown in Figures 6 and
7, respectively. As described in the previous section, a simple
moving average was applied as the trend for evaluating the
performance wear degradation was not obvious.

The results are shown in Figure 7 and were obtained
after the features extracted from the frequency spectra are
processed with the moving average method. Monotonic
trends are found from the features mean, rms, and std in
this figure. In Figure 7, rms and std should have the above
same explanation. Besides, themean of the frequency domain
also exhibits the similar trend, which is different from the
mean extracted from the time domain. This is because the
frequency of zero in the frequency domain is equal to the
mean of the signal in the time domain according to the fast
Fourier transform. So, the mean of the frequency domain
takes all frequencies into consideration rather than only the
frequency of zero. Consequently, the mean of the signal in
the time domain is different from that in the frequency

domain. Obvious wear degradation performance throughout
the operating stage of a slurry pump can be detected using
these three features. The three trends are also similar, and
demonstrate a rising initial trend, which becomes saturated
after reaching the maximum point at around the 850th file,
and then slightly decreases.

The results obtained by using the EFA are shown in
Figures 8(a) and 8(b). The features mean, rms, and std (1, 2,
and 3) can be grouped by factor 1. The skewness, kurtosis,
and SF (4, 5, and 8) can be grouped by factor 2, with the
remaining features CF, CLF, and IF (6, 7, and 9) grouped by
factor 3. Monotonic trends are absent from factors 2 and 3,
so these two factors cannot be used to fully represent the
content of the slurry pump degradation wear assessment.The
trends obtained by factors 1, 2, and 3 after using the EFA are
shown in Figure 9. Factor 1 clearly possesses similar trends to
the features mean, rms, and std, unlike the other two factors
in Figure 7. The maximum value of factor 1 is found to be
1.043, located at the 834th file. This particular file number is
the same as for factor 2 in the time domain, as reported in
Section 4.1. Factor 1 in the frequency domain can therefore
entirely reflect the trend of the features mean, rms, and std
in this particular low frequency zone. Therefore factor 1 in
the frequency domain is selected as the most effective new
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Figure 7: The nine statistical feature indicators from Figure 6 after normalization, processed with the moving average (mean, rms, std,
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Figure 9: The results of the EFABII in frequency domain for (a) factor 1, (b) factor 2, and (c) factor 3, respectively.

Table 1: Parameters of factors results.

Type Time domain Frequency domain
Real value Factor 2 Principle component 1 Real value Factor 1 Principle component 1

Standard deviation 0.23 0.65 0.32 0.23 0.64 0.42
Slope 0.0013 0.0037 0.0018 0.0013 0.0036 0.0024
P-P (peak-peak) 0.77 2.16 1.12 0.77 2.14 1.44

indicator to describe the slurry pumps’ wear degradation
propagation performance.

In summary, factor 1 in the frequency domain is chosen as
the new EFABII for assessing the slurry pumps’ performance
degradation and damage growth trends.

4.3. Comparison between Enhanced Factor Analysis and
Principle Component Analysis. The comparison between the
selected factors, the principle components, and real values in

both time and frequency domains are shown in Figures 10 and
11, and Table 1.Three factors in each domain are, respectively,
obtained by using the EFA method, described in Sections 4.1
and 4.2. However, theremust be some global criteria to deter-
mine the factor that will be the best EFABII and which fulfills
the requirements for assessing slurry pump performance
degradation. Specific numerical parameters are required to
assess the effectiveness and efficiency of the selected factors’
compliance with wear degradation performance.
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Figure 10: Comparison among the selected factor, principle component, and real values in time domain.

To investigate the criteria for selecting the optimum
EFABII, the mean, std, and the slope of the linear regressions
of the various factors are required, as shown in Table 1. It
is found that by self-defining these three indexes, the most
representable factor can be automatically selected. Through
the analysis presented above, factor 2 in the time domain
and factor 1 in the frequency domain are selected as the
EFABII, as they have similar trends to each of the original
impeller indicators. This criterion can be further studied and
modified.

5. Conclusions

A typical degradation trend can be divided by three stages. In
the beginning of the pump life cycle, the impeller is new and
smooth, hence generating little vibration. Then, during the
continuous operation, due to bombarding with slurries, the
impeller’s surface becomes rougher in time, which results in
continuous growing of vibration. The amplitude of vibration

will grow to a peak and then gradually drop in the third life
stage. It is because after severe wear of the impeller, the vane
length becomes shorter which results in free flow of slurries
to the outlet of the pump, causing less vibration and pressure
drop. At this stage, although the slurry is still operating, but
the pressure head or pump efficiency will drop substantially.
That is, after reaching the peak of the degradation trend
as shown in the bottom diagram, the impellers should be
replaced to maintain the expected slurry pump operation
and efficiency again. In summary, the collected vibration data
and our developed methods can help to draw the impeller’s
degradation trend due to wear for a particular slurry pump
under a certain operating condition. With such degradation
trend and its peak appearing, one can start to use other
methods to estimate the remaining useful live of each unique
slurry pump.

In this paper, a combined low-pass moving averaging
filter and an enhanced factor analysis method are presented
and applied to analyze the wear degradation trend of slurry
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Figure 11: Comparison among the selected factor, principle component, and real values in frequency domain.

pumps. The nine initial time domain features were replaced
by a single feature, factor 2, and the nine frequency domain
features were replaced by factor 1. The closer the absolute
coefficients of the common factors to “1,” the larger the
correlation will be with that kind of feature. Therefore, the
method proposed in this study can be used to automatically
select the most effective new indicators for monitoring the
slurry pumps’ wear degradation propagation performance
and to decrease the dimensionality of multivariate data. In
other words, these two automatically selected factors can
be used to monitor the trends of vibration signal condi-
tions in temporal and spectral domains, instead of the 18
features extracted from the processed data. The enhanced
factor analysis based impeller indicator (EFABII) had been
validated by experimental studies as an effective indicator for
the performance degradation assessments of slurry pumps.
A new factor selection criterion combining the mean, the
standard deviation, and the slope throughout the life stage of
pumps is also presented.
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