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Abstract: To solve the problem that fault features are difficult to extract and the time-frequency
features cannot fully represent the state information, a novel method is proposed in this paper based
on the whale optimization algorithm (WOA) and the kernel extreme learning machine (KELM). First,
the vibration signals are processed by the ensemble empirical mode decomposition and sample
entropy to obtain the feature vectors. Based on this, a KELM model for fault diagnosis is established.
Then, the penalty factor and the kernel parameters in the KELM are optimized by WOA to improve
the stability and classification accuracy. Taking faults of a ball-screw pair on a linear feed table as
a case, the experimental results indicate that the proposed method can effectively extract the fault
features of the ball-screw pair, and it can achieve higher classification accuracy, faster convergence
speed, and greater convergence precision than the existing fault diagnosis methods.

Keywords: fault diagnosis; WOA; KELM; EEMD; ball-screw pair

1. Introduction
1.1. Background

The rotor is an indispensable component in rotating machinery. Since it works under
a complex condition of heavy load and high speed for a long time, it is prone to many
kinds of faults. Timely fault identification is important to ensure that the equipment
operates normally and to improve the manufacturing capability. Faults can be detected by
analyzing vibration signals of rotating machinery. Although the vibration signals contain
fault information, it is chaotic and mixed with noise. Therefore, the preprocessing step
of the original signals is very important. Then the extraction of state information from
vibration signals is a key to fault diagnosis [1]. The fault is classified based on the operating
state information.

At present, machine learning, deep learning and some other methods are applied
to fault diagnosis. For the machine learning model, its early training is particularly im-
portant, which requires a relatively large number of training samples to achieve a higher
classification accuracy.

1.2. Literature Review

The vibration signals of the ball-screw pair are non-linear and non-stationary under
the fault state. Empirical Mode Decomposition (EMD) has a strong self-adaptivity and a
high signal-to-noise ratio, which is suitable for analyzing non-linear and non-stationary
signals [2–4]. In [5–7], EMD was adopted to process the original signals to obtain the
intrinsic mode function (IMF) components and reduce the noise. By further processing
of IMF components, the fault feature information was obtained. EMD can process noisy
signals, but serious modal aliasing exists. Wu et al. [8,9] proposed Ensemble Empirical
Mode Decomposition (EEMD), which provides a relatively consistent reference by adding
multiple groups of different white noise into the original signal. EEMD can effectively
suppress the end effect and mode aliasing.
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The key to the next step after EEMD is how to extract effective fault features from IMFs.
The entropy theory was introduced. The combination of EEMD with singular value entropy
was proposed to diagnose bearing faults [10]. Zhang et al. [11] proposed a method that
combines EMD with Multipoint Optimal Minimum Entropy Deconvolution (MOMEDA)
to extract the fault cycle of the gearbox signals.

The intelligent diagnostic technique provides a more accurate method for fault di-
agnosis of ball-screws [12–14]. Compared with traditional neural networks, the Extreme
Learning Machine (ELM) has faster convergence and less error [15], and it has been widely
used for machinery fault diagnosis. Huang et al. [16] put forward the Kernel Extreme
Learning Machine (KELM), which improves the stability and generalization ability of ELM.
It is also found through experiments that KELM, which was used to classify the fault states
of rotating machinery, has a higher classification accuracy than ELM [17]. However, the
penalty factor and kernel parameters of the KELM are assigned randomly, which easily
causes the network structure to fluctuate.

1.3. Contribution

To solve the problem, this paper proposes a method of optimizing KELM for fault
diagnosis based on the whale optimization algorithm (WOA). WOA can optimize the
penalty factor and kernel parameters of KELM [18–20], and it can enhance the stability
and generalization ability of the diagnostic model and improve the classification accuracy.
Firstly, EEMD is used to decompose the vibration signals to reduce noise and obtain the
IMFs. Then, the first IMFs highly correlated with the original signals and containing main
fault information are selected, and the sample entropies of the IMFs are calculated to
constitute the sample entropy feature vectors. Next, the KELM fault diagnosis model is
established, and the sample entropy feature vectors of IMFs are taken as the input of the
KELM model. For the random assignment of KELM’s penalty factor and kernel parameter,
WOA is used for optimization to obtain the optimal parameters. Finally, the method
proposed in this paper is applied to the fault diagnosis of the ball-screw pair to verify
its effectiveness.

2. Methods

The framework of the method proposed in this paper is shown in Figure 1. Firstly,
vibration signals of the equipment were collected. Secondly, EEMD was used to decompose
the vibration signals under different states to reduce noise and obtain IMFs. The first
few IMFs which are highly correlated with the original signals and containing the main
fault information were chosen to calculate their sample entropies and obtain the feature
vectors. Thirdly, as established, WOA was used to optimize the penalty factor and kernel
parameters in the KELM fault diagnosis model, and the feature vectors were taken as the
input of the WOA-KELM model. Finally, the performance of WOA-KELM was compared
with the other KELM models.
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Figure 1. Framework of the method.
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2.1. Vibration Signal Feature Extration Methods
2.1.1. Ensemble Empirical Mode Decomposition (EEMD)

Different from traditional signal processing methods, EMD obtains a series of IMFs
by screening non-linear and non-stationary signals. Each IMF contains different time
dimensions that represent real physical information of the signal. However, EMD is an
empirical method, and it lacks strict mathematical derivation and theoretical support.
Thus, there could be problems such as end effect and mode aliasing, which affect the
accuracy of decomposition results. Compared to EMD, EEMD adds different random
white noise, and the decomposition results are averaged to eliminate the influence of white
noise. Meanwhile, EEMD reduces modal aliasing by ensuring the continuity of each modal
function in the time domain. The decomposition steps, shown in Figure 2, are as follows:
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(1) Add a group of normally distributed sequences of white noise into the original
signal x0(t) and obtain a group of composite signals {x1(t), . . . , xk(t)}.

(2) Decompose each composite signal xi(t) by EMD, and the steps are:
(a) Determine all local maximum and minimum points of xi(t), and connect these

points with cubic spline interpolation curves to form the upper envelope yup(t) and lower
envelope ylow(t). Calculate the mean value of the upper and lower envelopes mi1(t).

(b) Subtract mi1(t) from xi(t) to obtain the new sequence hi1(t). If the IMF conditions
are met, hi1(t) is taken as the first IMF component of xi(t); otherwise, hi1(t) is taken as the
original data to repeat step (a).

(c) The first IMF component is subtracted from xi(t) to obtain the residual signal Res.
Take Res as the original data to repeat steps (a) to (b) to obtain the remaining IMFs and the
residual signals.

(3) Average the IMF components and the residual signals.

2.1.2. Sample Entropy (SampEn)

The vibration signals were processed by EEMD to obtain IMF components. Each IMF
component contains different frequency components and has a different energy distribution
in the frequency domain [21]. When a certain part of the ball-screw fails, the frequency
distribution and energy distribution of the vibration signal will change. Therefore, by
comparing the sample entropy of the IMFs after EEMD decomposition, the complexity of
the signal can be measured and the corresponding fault state can be analyzed. The sample
entropies of the IMF components of each vibration signal constitute a set of feature vectors
that will be used as the input of the KELM model. The higher the complexity of the signal,
the greater the entropy.

Denote the discrete time series of length N as { t(i)|1 ≤ i ≤ N}, and the calculation
steps of the sample entropy are as follows:

(1) The time series is reconstructed into N −m + 1 m-dimensional vectors, i.e.,

Tm(i) = {t(i + k)} 1 ≤ i ≤ N −m + 1, 0 ≤ k ≤ m− 1 (1)

(2) Denote the distance between vectors Tm(i) and Tm(j) as d[Tm(i), Tm(j)], which is
the maximum difference between the scalars corresponding to the two vectors, i.e.,

d[Tm(i), Tm(j)] = max{|t(i + k)− t(j + k)|} 0 ≤ k ≤ m− 1 (2)

(3) Given the similarity tolerance r, denote the number of distances between Tm(i)
and Tm(j) less than r as Bi. Then, the probability that Tm(i) and Tm(j) match m data points
under the similarity tolerance can be expressed as:

Bm
i (r) =

1
N −m

N−m

∑
i=1

1
N −m− 1

Bi (3)

(4) Increase the dimension by 1 and repeat steps (1) to (3). Since N is a finite value in
the actual situation, the estimated value of the sample entropy is

SampEn(m, r, N) = ln Bm(r)− ln Bm+1(r) (4)

2.2. WOA-KELM Model
2.2.1. Kernel Extreme Learning Machine (KELM)

During training, the weight matrix and bias between the input layer and the hidden
layer of the ELM are randomly initialized. Only the number of hidden layer neurons and
activation functions needs to be set in the training process, and the hidden layer parameters
do not need to be adjusted many times. This can improve the training speed [16,17]. How-
ever, different hidden layer output matrices and output weights are randomly generated
during each training process, which reduces the stability and generalization ability of the
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ELM model. To address this issue, the kernel function [22] was introduced to map the input
samples to the high-dimensional kernel space by using the kernel matrix instead of the
random matrix. In this way, the output weight matrix can only be determined by training
samples and the kernel function.

According to Mercer’s condition, the kernel matrix ΩELM is defined as

ΩELM = HHT (5)

ΩELMi,j = f (xi)· f (xj) = K(xi, xj) (6)

where H is the output matrix of the hidden layer, f (x) is the feature mapping function of the

hidden layer, K
(

xi, xj
)

is the radial basis function (RBF), and K
(

xi, xj
)
= exp

{
− ‖xi−xj‖2

σ2

}
.

Therefore, the output of KELM is

g(x) = f (x)HT
(

1
C

I + HHT
)−1

Y =

 K(x, x1)
. . .

K(x, xN)

T((
1
C

I + ΩELM

)−1
Y

)
(7)

where C is the penalty factor, I is the identity matrix, and Y is the expected output matrix.
In this study, 40 groups of the collected data were randomly selected as the training

samples and the other 10 groups of data as the testing samples. The training accuracy,
testing accuracy, and run time of the KELM, BP, and ELM model are shown in Table 1.

Table 1. Comparison of different algorithms.

Model BP ELM KELM

Training accuracy/% 48.12 71.88 85.00
Testing accuracy/% 47.50 70.00 82.50

Run-time/s 27.00 3.92 4.35

It can be seen from Table 1 that the BP neural network obtained the lowest classifica-
tion accuracy and had the longest run time. This is because it uses the gradient descent
method for learning, which is prone to the problems of local optima and overfitting in
the iterative process. ELM and KELM do not have to iterate continuously, so they have
lower computational complexity and are less time-consuming than BP neural networks.
Additionally, KELM has higher diagnostic accuracy and is less time-consuming than ELM.

2.2.2. Whale Optimization Algorithm (WOA)

Although KELM has certain advantages, the random initialization of the penalty factor
and kernel parameter in the training process will affect its stability and accuracy. WOA
can optimize the parameters by using a random or optimal search strategy to simulate the
three behaviors of humpback whales: surrounding prey along a spiral path from bottom
to top, attacking prey with bubble nets, and searching for prey [20]. It is a new heuristic
search optimization algorithm with simple operation, few adjustment parameters, and a
strong global searching ability.

(1) Surrounding prey

When the prey location is known, humpback whales can identify the prey location
and surround the prey. However, for practical problems, the prey location is unknown.
Thus, it is assumed that the current optimal solution is the target prey location, and other
whales update the location by surrounding the current optimal solution. The location
update formula is:

→
D =

∣∣∣∣→C · →X∗(s)−→X(s)
∣∣∣∣ (8)
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→
X(s + 1) =

→
X∗(s)−

→
A ·
→
D (9)

where s represents the current iteration times,
→
X(s) is the current whale individual position,

→
X∗(s) is the current optimal solution position, and

→
A and

→
C are coefficient vectors. The

calculation formulas of
→
A and

→
C are

→
A = 2a ·⇀r1 − a (10)

→
C = 2

⇀
r2 (11)

a = 2
(

1− s
Smax

)
(12)

where a is the convergence factor. With the increase of the number of iterations, a decreases
linearly from 2 to 0.

→
r1 and

→
r2 are random variables within [0, 1], and Smax is the maximum

number of iterations.

(2) Bubble net attack

When the coefficient vector |
→
A| falls within [−1, 1], the whales update the position

according to the prey, and they randomly appear at any position between the current
position and the optimal solution position, showing the local search ability of the WOA.
When humpback whales attack the prey with a bubble net, they shrink and surround the
prey in a spiral path. The position update model of shrink-wrapping is

→
X(s + 1) =

→
X∗(s)−

→
A ·
→
D p < 0.5 (13)

The position update model of spiral rise is

→
X(s + 1) =

→
D′ · ebl · cos(2πl) +

→
X∗(s) p ≥ 0.5 (14)

where
→
D′ = |

→
X∗(s)−

→
X(s)| represents the distance between the whale and the current

optimal solution, b is the shape constant of the logarithmic spiral line, l is a random number
within [−1, 1], and p is a random number within [0, 1].

(3) Random search

When the coefficient vector |
→
A| does not fall within [−1, 1], the whale is outside the

contraction circle and no longer updates the position according to the prey, and it randomly
selects other individuals in the population to update the position, showing the global search
ability of the WOA. The location update model for this behavior is

→
D =

∣∣∣∣→C · →
Xrand(s)−

→
X(s)

∣∣∣∣ (15)

→
X(s + 1) =

→
Xrand(s)−

→
A ·
→
D (16)

where
→

Xrand is the position of a randomly selected whale.

2.2.3. Establishment of the WOA-KELM Model

The random initialization of the penalty factor and kernel parameters in KELM will
reduce the stability and classification accuracy. Since WOA can determine the optimal
parameters within a certain search range, it was adopted in this study to optimize KELM to
establish a fault diagnosis model which is WOA-KELM. The establishment of the WOA-
KELM model, shown in Figure 3, is described as follows:
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(1) Initialize the position of the whale population vector, that is, initialize the penalty
factor and kernel parameters of KELM. Determine the whale population size, the maximum
number of iterations Smax, and the parameter search range.

(2) Calculate the fitness of each whale, and update and record the optimal individual
position.

(3) If the current number of iterations s ≥ Smax, directly output the optimal penalty

factor and kernel function parameters; otherwise, update the vector coefficients
→
A and

→
C

according to Equations (10) and (11) and determine the value of random number p.
(4) If p ∈ [0.5, 1], update the individual whale position according to the spiral rising

model shown in Equation (14). If p ∈ [0, 0.5), further determine the value of vector

coefficient
→
A.

(5) If |
→
A| ∈ [−1, 1], update the individual whale position according to the contrac-

tion surrounding model shown in Equation (13); otherwise, update the individual whale
position according to the random search strategy which is shown in Equation (16).
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3. Experiment and Results
3.1. Data Acquisition

Taking the fault diagnosis of the ball-screw pair as an example to verify the effective-
ness of the WOA-KELM model. The ball-screw pair has the advantages of stable trans-
mission, high accuracy, and high efficiency. It can accurately position the workbench on
the equipment, such as the computer numerical control machine tool and three-coordinate
measuring machine. Since the ball-screw pair has a complex structure, it is prone to many
kinds of faults. When the equipment operates under high speed and heavy load for a long
time, the dynamic load between the ball and the raceway will become large, and the contact
surface will be severely worn. In this case, the surface performance will deteriorate rapidly,
resulting in wear failure. When the equipment operates at low speed and light load, the
dynamic load exerted by the ball on the raceway will become small, and the wear loss will
be little. In this case, the bending deformation is the main fault. Therefore, the working
condition of the ball-screw pair can be divided into four states: normal state, ball wear,
raceway wear, and lead screw bending.

Figure 4 shows the two kinds of fault states of the ball-screw: raceway wear and
lead screw bending. As shown in Figure 5a, a linear feed table driven by the ball-screw
pair was applied to collect the vibration signal of the ball-screw under the different states
including normal, ball wear, raceway wear, and lead screw bending. The forces on the
moving table, represented by Fx, Fy, and Fz, will be transmitted onto the ball-screw. A
three-axis acceleration sensor was installed on the nut seat to acquire the vibration data, as
shown in Figure 5b. The acquisition program was developed containing the functions of
starting and stopping data acquisition, starting and stopping data recording, setting the
sampling number and sampling rate, and real-time display of the vibration data.
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In the experiment, the speed of the lead screw was set to 800 r/min; the sampling
frequency was set to 1000 Hz, and the sampling time for each state was set to 10 s. The
data set was enhanced by overlapping sampling. For a sample length of 2048 and an offset
of 162, the vibration signal in each state can generate 50 samples, and the total number of
samples was 200.

3.2. Feature Extraction
3.2.1. Extracting Signal Features by EEMD

Time-domain analysis cannot characterize frequency information, and frequency-
domain analysis cannot characterize the time point information at a certain frequency.
Therefore, the single time-domain or frequency-domain analysis cannot reflect the global
information of fault features. EEMD can obtain the change rule of signal and the distribu-
tion of signal energy with time and frequency. In this study, EEMD decomposition was
performed on the vibration signal of the ball-screw in each state. Since the fault information
is usually included in the first few IMF components [23], the energy values of the first eight
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IMFs were extracted as time-frequency domain features, as shown in Figure 6. Each IMF
contains different frequency components and has a different energy distribution.
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3.2.2. Extracting Signal Features by SampEn

The input feature vectors of the KELM model were obtained by calculating the sample
entropy of each IMF. They can measure the complexity of the signal and help to analyze the
fault state of the ball-screw pair. According to Formula (4), the sample entropy is related to
m, r, N, where m is the dimension, r is the similarity tolerance, and N is the sample length.
In this paper, m = 2, r = 0.2 Std (Std represents the standard deviation of the time series),
and N = 2048. Figure 7 illustrates the sample entropy of the IMFs of the partial vibration
data under the four states of the ball-screw pair.
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As shown in Figure 7, signals 1–10 are normal signals, 11–20 are ball wear signals,
21–30 are raceway wear signals, and 31–40 are lead screw bending signals. It can be seen
that in the first three states, the sample entropy of IMF1 to IMF8 gradually decreased,
that is, the signal complexity became lower. Meanwhile, the state information was mainly
concentrated in the components of IMF1 and IMF2. In the lead screw bending state, the
sample entropy of IMF1 was smaller than that of the last IMF, and the state information
was mainly concentrated in the components of IMF2 and IMF3.

3.3. Comparison of the Diagnosis Results of the Models

The fault diagnosis model was trained and tested with the vibration signals of the
ball-screw pair under the four states. Following the method introduced in Section 3.1,
200 groups of feature vectors were extracted from the collected vibration signals, of which
160 groups were taken as training samples and 40 groups were taken as test samples. In
the WOA, the number of whales was 40, the dimension was 2, and the maximum number
of iterations was 100.

The bat algorithm (BA), similar to the WOA, can simulate the mechanism of an animal
capturing prey in nature by seeking the optimal solution through the iterative update
of its position. The cloud bat algorithm (CBA) is an improvement of BA by using the
cloud model. To test the performance of WOA-KELM, under the same parameter settings,
training samples, and test samples, the diagnostic results of the WOA-KELM model were
compared with those of WOA-ELM, BA-KELM, and CBA-KELM. The optimal accuracy,
worst accuracy, and average accuracy in training and testing the four algorithms are shown
in Figure 8, and the corresponding iteration curves are shown in Figure 9.
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Figures 8 and 9 show that the WOA-KELM algorithm performed better than WOA-ELM
and BA-KELM in diagnosis accuracy, diagnosis stability, convergence speed, and accuracy.
Although there was little difference in the diagnostic accuracy of WOA-KELM and CBA-KELM,
WOA-KELM achieved a higher convergence speed than CBA-KELM. Then, the WOA-KELM
fault diagnosis model was constructed based on the optimal parameter combination and
applied to the test samples. The diagnosis accuracy is shown in Figure 10. It can be seen that
WOA-KELM only made a few errors and can correctly diagnose most samples.
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4. Discussion

(1) Considering that the effective features cannot be obtained from a simple time-
frequency analysis of the original vibration signals, in this study, the EEMD and SampEn
were adopted to extract the vibration signal feature vectors containing the deeper fault
information.

(2) Compared with ELM and BP, the KELM model has the advantages of higher
diagnosis accuracy and lower execution time.

(3) The random initialization of the penalty factor and kernel parameters of KELM
easily affects the diagnosis accuracy. To address this issue, this study adopted WOA to
optimize the KELM, and built a fault diagnosis model called WOA-KELM. By simulating
the process of a whale hunting prey, the best whale position with the best fitness, that is,
the optimal training parameters of KELM, can be obtained.

(4) The proposed method was applied to the fault diagnosis of the ball-screw pair.
From the experimental results, it can be observed that compared with the WOA-ELM,
BA-KELM, and CBA-KELM, the WOA-KELM achieved higher accuracy, faster convergence
speed, and better stability, which indicates that the WOA-KELM can be used as an effective
algorithm for fault diagnosis of rotating machinery.
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