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Abstract. Promptly and accurately dealing with the equipment breakdown is very important in terms of enhancing reliability
and decreasing downtime. A novel fault diagnosis method PSO-RVM based on relevance vector machines (RVM) with particle
swarm optimization (PSO) algorithm for plunger pump in truck crane is proposed. The particle swarm optimization algorithm is
utilized to determine the kernel width parameter of the kernel function in RVM, and the five two-class RVMs with binary tree
architecture are trained to recognize the condition of mechanism. The proposed method is employed in the diagnosis of plunger
pump in truck crane. The six states, including normal state, bearing inner race fault, bearing roller fault, plunger wear fault,
thrust plate wear fault, and swash plate wear fault, are used to test the classification performance of the proposed PSO-RVM
model, which compared with the classical models, such as back-propagation artificial neural network (BP-ANN), ant colony
optimization artificial neural network (ANT-ANN), RVM, and support vector machines with particle swarm optimization (PSO-
SVM), respectively. The experimental results show that the PSO-RVM is superior to the first three classical models, and has a
comparative performance to the PSO-SVM, the corresponding diagnostic accuracy achieving as high as 99.17% and 99.58%,
respectively. But the number of relevance vectors is far fewer than that of support vectors, and the former is about 1/12–1/3 of
the latter, which indicates that the proposed PSO-RVM model is more suitable for applications that require low complexity and
real-time monitoring.
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1. Introduction

With the rapid growth in modernization program and the constant expansion of resource exploitation, the truck
cranes are facing a heavy demand on their services, and the maximum lifting weight has exceeded 1000 tons. The
much higher request on reliability and safety is bring up for the machine, and promptly and accurately dealing with
the equipment breakdown is very helpful in terms of enhancing reliability and decreasing downtime. The plunger
pump constitutes the key part of truck crane, and the quality of the pump affects the performance of the hydraulic
system, even the whole equipment, directly. So, it is very important to be able to realize on line monitoring and
diagnose the faults as early as possible. To this end, a considerable number of researches have focused on this
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field. Chen et al. [1] utilized the vibration signal’s energy obtained by the continuous wavelet transform, and Wang
et al. [2] employed the Hilbert transform and the genetic algorithm to obtain the characteristic frequencies of the
vibration signals, which are used to determine the size and the position of the crack in plunger of water hydraulic
motor. Zhao et al. [3] proposed a method based on intermittent chaos and sliding window symbol sequence statistics
for loose shoes early fault diagnosis of hydraulic pump. Mollazade et al. [4] presented a fuzzy inference system in
combination with decision trees based method for gear hydraulic pump. Furthermore, Chen et al. [5] studied the fault
degradation assessment of the water hydraulic motor based on wavelet packet analysis and Kolmogorov-Smirnov
test.

Essentially, fault diagnosis can be regarded as a pattern recognition problem. Some intelligent classification tech-
nologies, such as artificial neural networks ANNs [6,7] and SVMs [8] have been successfully applied to the fault
diagnosis of rotating machinery. In real applications, the SVMs seem to prevail in the field of intelligence fault
diagnosis for their favorable generalization ability [9]. But the SVM model itself has some inherent limitations.
First, the SVM classifier is a typical point estimation method instead of a probabilistic estimation one. Second, it is
necessary estimate the error/margin trade off parameter ‘C’ by cross validation procedure, and the kernel function
must satisfy Mercer’s condition. Finally, the number of support vectors increases linearly with the size of training
sample set, which requires much higher computational complexity when classifying a very large data set. Solving
these problems is very critical for the real time monitoring and one line fault diagnosis.

The RVM model proposed by Tipping [10] has been successfully used in bearing fault diagnosis [11], gear fault
diagnosis [12], electronic nose data analysis [13], fMRI signal processing [14], and so on. In addition, Caesarendra
et al. assessed the bearing degradation with RVM [15]. Compared with SVM, RVM is based on the Bayesian
estimation and offers a probabilistic prediction of the result. Moreover, it can choose arbitrary kernel functions. In
general, the most popular kernel used in RVM is the radial basis function (RBF) kernel. Thus, only the kernel width
parameter needs to be estimated. More importantly, RVM classifier utilizes significantly fewer relevance vectors,
while providing a similar classification performance as compared with SVM approach. This feature makes the RVM
classifier more suitable for the application that requires low complexity and real time diagnosis. PSO motivated by
social behavior of bird flocking is an example of a modern search heuristics optimization technology [16]. In the
PSO method, the particles are “flying” in the solution space, remembering the individual optimal position and the
global optimal position, and changing their positions and communicating to each other, until the optimal solution is
found. This optimization approach is easy to implement and has a good robustness. It has been successfully applied
to solve multi-dimensional optimization problem in artificial neural network [17] and support vector machine [18].
In this study, the proposed PSO-RVM model is utilized to diagnosis the plunger pump in truck crane, in which PSO
is used to determine the kernel width parameter.

This paper is organized as follows: Section 2 introduces the RVM classifier. Parameter optimization of RVM based
on PSO is realized in Section 3. The diagnostic PSO-RVM model for plunger pump in truck crane is presented in
Section 4. Section 5 testifies the performance of the proposed model with the real application. The performance
comparison between the PSO-RVM method and the classical intelligent classifiers is also implemented. Finally, the
conclusion is provided in Section 6.

2. RVM classifier

The original RVM was derived on binary classification problem where it was desired to predict the posterior
probability of membership of these classes for the input data. Given a training data set {xi, ti}Ni=1, here, xi and
ti ∈ {1, 0} denote the input vector and the classification label, respectively, and N represents the number of training
samples. For a new input vector x, the object is to seek an enough accuracy prediction of label t. Commonly, this
prediction can be reached based on a sparse model defined over the input space in the form of

y(x) =

M∑
m=1

ωmφm(x) (1)



W. Du et al. / Fault diagnosis of plunger pump in truck crane based on RVM with PSO 783

where, M corresponds to the number of training samples whose weight ω is not 0 in all N training samples. As
only two values (0 and 1) are possible for t, a Bernoulli distribution can be adopted for P (t|x). Apply the logistic
sigmoid link function to link random and systematic components, the likelihood is written as

P (t|ω) =
N∏

n=1

σ {y(xn;ω)}tn [1− σ {y(xn;ω)}]1−tn , (2)

This function is complemented by a prior over the weight parameters with hyper parameters α = (α1, . . . , αM ) in
the form of

P (ω|α) = (2π)−M/2
M∏

m=1

√
αm exp

(
−αmω2

m

2

)
. (3)

The hyper parameters are used to control the strength of the prior over the corresponding weight. So, the prior
satisfies Gaussian, but is conditioned on α. For a given α, the posterior weight distribution can be obtained by the
Bayes rule

P (ω|t, α) = P (t|ω)P (ω|α)
P (t|α) (4)

The weights can not be obtained analytically, so the Laplace method is adopted in the following way.
1) As P (ω|t, α) ∝ P (t|ω)P (ω|α), maximizing the posterior is equivalent to maximizing the followed formula

on ω

log {P (t|ω)P (ω|α)} =

N∑
n=1

[tn log yn + (1− tn) log(1− yn)]− 1

2
ωTAω (5)

where, yn = σ {y(xn;ω)}, and A = diag(α1, . . . , αM ). Eq. (5) is a penalized logistic log-likelihood func-
tion and requires iterative maximization. Usually, the second-order Newton method by adapting the efficient
“iteratively reweighted least-squares” algorithm is employed to find ωMP.

2) Laplace method is a quadratic approximation to the log-posterior around ωMP. The Eq. (5) is differentiated
twice to obtain the Hessian in the form of

∇ω∇ω logP (ω|t, α)|ωMP = −(ΦTBΦ +A) (6)

where, B = diag(β1, . . . , βN ) is a diagonal matrix with βn = σ {y(xn)} [1− σ(xn)], and Φ = [φ1, . . . , φM ]
is a N×M ‘design’ matrix whose columns comprise the complete set of M ‘basis vectors’. Then, this result is
negated and inverted to give the covarianceΣ = (ΦTBΦ+A)−1 for a Gaussian approximation to the posterior
over weights centered at ωMP. So, the classification problem is equivalent to locally linearised ωMP =

∑
ΦTBt̂

around ωMP, where t̂ = ΦωMP +B−1(t− y).
3) Update the hyper parameters with

αnew
i =

λi

ω2
i

(7)

where, ωi is the ith element of ωMP, λi = 1 − αiΣii, and Σii is the ith diagonal element of the covariance.
During the optimization process, most of αi will have large values, and the corresponding ωi is close to 0, so
the scarcity is realized.

4) The optimization process continues, until the maximum change of hyper parameters α is below a certain
sufficiently small threshold in two successive iterations, or the preset maximum iteration number is reached.
All of the input vectors with non zero weight are denoted as relevance vectors.
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3. Parameter optimization of RVM based on PSO

In this study, the RBF kernel is selected for RVM. Before training the RVM model, the kernel width parameter
γ should be predetermined, which has great impact on the classification accuracy. The PSO is applied to select the
proper kernel parameter. PSO uses a population (called swarm) of individuals (called particles) that are updated
from iteration to iteration. The position of each individual represents a possible solution, and the optimal solution
is searched by continual updating the velocity and position. Each particle moves in the direction determined by its
previously best position and its best global position. The velocity and position are updated according to the following
equations

υi(t+ 1) = ωin · υi(t) + c1 · rand1 · (pbesti(t)− pi(t)) + c2 · rand2 · (gbesti(t)− pi(t)) (8)

pi(t+ 1) = pi(t) + β · υi(t+ 1) (9)

here, υi and pi present the velocity and position of the particle i, respectively; pbesti is the best position of particle
i, and gbesti is the global best position of the swarm; c1 and c2 are two positive acceleration constants regulating
the relative velocities, and they are usually set to 2; rand1 and rand2 are random variables in the range [0, 1]; β is
a constraint factor used to control the velocity weight, which is usually set to 1; ωin is the inertia weight, which is
used to balance the capabilities of global exploration and local exploitation, determined by ωin = ωmax − (ωmax −
ωmin) · t/T , where ωmax is the initial weight, ωmin is the final weight, and T is the maximum number of iterations.

The RVM is trained with the selected kernel parameter, and the objective is to get a most excellent generalization
performance of the classification model. The performance is weighted with the fitness function and the problem is
treated as an optimization issue. In the training process, the two-fold cross validation is used to evaluate the fitness.
First, the training data set is randomly divided into 2 mutually exclusive subsets, S1 and S2, with approximately
equal size. Then, S1 is used as the training set and S2 is used as the validation set. Finally, S2 is used as the training
set and S1 is used as the validation set. The fitness function can be defined as follows

Fitness =
1

2

2∑
j=1

yf (j)

yf (j) + yc(j)
(10)

where, yf(j) and yc(j) represent the number of false and true classifications in the jth validation set, respectively.
The optimization objective is minimizing the fitness value. Figure 1 is the flow chart of optimizing the RVM param-
eters with PSO, which is represented as follows

1) Initialize the swarm size, maximum of iterations and the velocity and position for each particle. During the
optimization process, the velocity and the position are restricted to [−υmin,+υmax] and [−pmin,+pmax],
respectively.

2) Train the RVM model, and evaluate the fitness with two-fold cross validation method.
3) Calculate the best position of individual and the global position of the swarm according to the fitness evaluation

results.
4) Update the velocity and position of each particle by Eqs (8) and (9), respectively.
5) Repeat the procedures from step (2) to (4) until the stop condition is satisfied. The stop condition is that the

fitness value is below a given threshold or the iteration number reaches a given max value.

4. Diagnostic method for plunger pump in truck crane based on PSO-RVM

As shown in Fig. 2, the normal state and various fault types data of plunger pump in truck crane are used to
verify the proposed method. The features are firstly extracted from the acquired running data. The features and
the corresponding labels are utilized to train the RVM model. Then, the test samples are employed to verify the
trained model. Before training, the PSO method is used to optimize the parameter of RBF kernel. The classification
accuracy, which is represented by the ratio of the number of correct classifications and the number of total test
samples, is utilized to evaluate the performance of the model.
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Give a popoulation of particles and 
initialize the positions and velocities

Define training set and validation set with 
CV method

Train RVM model and validate the model

Evalulate the fitness values of particles

Search the optimize particle and update 
the global best

Update velocity and position of each 
particle

Obtain the optimal RVM parameter

Is stopping criteria 
satisfied?

    Yes

No

Fig. 1. Process of optimizing the RVM parameters with PSO. Fig. 2. Diagnostic model of plunger pump based on PSO-RVM classifiers.

4.1. Feature extraction

The wavelet packet transform method possesses perfect local property in both time domain and frequency space,
and it is widely used in the region of machinery fault diagnosis. In the present work, the wavelet packet energy
is extracted to represent the condition of mechanical equipment. The ‘daubechies 5’ (Db5) wavelet function is
employed to decompose the original sample data. The wavelet packet energy is defined as Ej,n =

∑Nj

k=1 |cnj,k|2,
where, cnj,k denotes the coefficients of the nth bins in the jth level of the wavelet packets, Nj is the number of
wavelet coefficients of each bin in the jth level. So, the total wavelet packet energy of the jth level can be calculated
as E =

∑2j

n=1 Ej,n. Then, the ratio of the wavelet packet energy can be obtained by Ẽj,n = Ej,n/E. These ratios
of the lowest level depict the energy distribution of the original signal, and the feature vector can be represented as
⇀

F = [Ẽj,1, Ẽj,2, . . . , Ẽj,2j ].

4.2. Fault diagnosis model based on two-class PSO-RVM

The original RVM model is a typical two-class classifier. However, for the plunger pump of truck crane, the
ordinary fault forms include bearing inner race fault, bearing roller fault, plunger wear fault, thrust plate wear fault,
and swash plate wear fault, and so on. Further more, the normal state can be regarded as an especial fault type.
So, this is a multi-class problem. In practical work, in addition to the pointed five fault categories, there can be
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Fig. 3. Diagnosis process of PSO-RVM classifiers.

Fig. 4. Plunger pump test rig. (a) The pump and sensor placement illustration, (b) The acquisition device of vibration signal.

other unknown fault patterns. In such case, the novelty detection approaches, such as SVDD method, immunology
principles based method, or other statistic methods, should be integrated into the fault diagnosis model, undoubtedly
introducing some complexities. Under the certain circumstance in this manuscript, in order to simplify the question,
we only consider these six categories mentioned above. As shown in Fig. 3, several two-class RVMs with binary tree
architecture are trained to recognize the condition of mechanism. For a case of k classes, only k− 1 two-class RVM
classifiers are needed. For the present plunger pump, the diagnosis model comprises five two-class RVM classifiers.
With all training samples of the six states, PSO-RVM1 is trained to separate the normal state from fault states. When
the input is a sample representing normal state, the output is set to 1, otherwise, the output is set to 0. PSO-RVM2 is
trained to separate bearing inner race fault from the other four fault states. When input of PSO-RVM2 is a sample
representing bearing inner race fault, the output of PSO-RVM2 is set to 1, otherwise, the output is set to 0. Utilize
the samples with bearing roller fault, plunger wear fault, thrust plate wear fault, and swash plate wear fault to train
PSO-RVM3. When input of PSO-RVM3 is a sample representing bearing roller race fault, the output of PSO-RVM3
is set to 1, otherwise, the output is set to 0. Similarly, Utilize the samples with plunger wear fault, thrust plate wear
fault, and swash plate wear fault to train PSO-RVM4. When input of PSO-RVM4 is a sample representing plunger
wear fault, the output of PSO-RVM4 is set to 1, otherwise, the output is set to 0. PSO-RVM5 is trained to separate
thrust plate wear fault from swash plate wear fault. When input of PSO-RVM5 is a sample representing swash wear
fault, the output of PSO-RVM5 is set to 1, otherwise, the output is set to 0.

5. Application to plunger pump fault diagnosis

5.1. Experimental equipment

As shown in Fig. 4, the plunger pump is seated on the truck crane. The pump type is Linde HPR130-01R 2576,
which has nine plungers. The accelerometer is CA-YD-186, and the range of frequency and sensitivity is 0.1–6 kHz
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Fig. 5. Amplitude spectrums (left row) and envelope spectrums (right row) of the vibration signal with different fault categories. The panels from
up to down correspond to norm state, bearing inner race fault, bearing roller fault, plunger wear fault, swash plate wear fault, thrust plate wear
fault, respectively.

and 50 mv/g, respectively. Three accelerometers mounted on the pump surface are used to obtain the vibration signal.
The accelerometers are located in the horizontal direction of the bearing (1#), the vertical direction of the bearing
(2#), and the horizontal direction of thrust plate (3#), respectively. The digital collecting equipment consists of
NI9233 data collection card and software, which has a frequency variable anti-alias filter, and the highest sampling
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Fig. 6. Waveform of the original vibration signals. Top row, from left
to right: normal state, bearing inner race fault, and bearing roller fault.
Bottom row, from left to right: plunger wear fault, thrust plate wear
fault, and swash plate wear fault.

Fig. 7. Eight wavelet packet energy ratios of the typical vibration sig-
nals. Top row, from left to right: normal state, bearing inner race fault,
and bearing roller fault. Bottom row, from left to right: plunger wear
fault, thrust plate wear fault, and swash plate wear fault.

frequency is 50 kHz. The rotating speed of the motor is about 1600 r/min, the liquid pressure is 6 MPa, and the
vibration signals are collected at a sampling rate of 10 kHz. For the six states, including normal state, bearing inner
race fault, bearing roller fault, plunger wear fault, thrust plate wear fault, and swash plate wear fault, each state is
collected about 200000 points. The bearing faults are simulated by cutting a groove with 0.2 mm depth and 0.3 mm
width on the inner race and the roller surface, and the samples with the plunger wear fault, the thrust plate wear
fault, and the swash plate wear fault are provided by a manufactures of truck crane. By the analysis and comparison,
the acquired signals of accelerometer 1# are selected as the input of the diagnosis model.

One of the most popular fault analysis methods today is based on spectrum analysis [19–21]. Under the prior
knowledge of the components presented, by the amplitude spectrum or the envelope spectrum, if the fault character
frequency is distinct, it can be assessed that the corresponding fault may be immersed. In addition, if the signal is
contaminated by noise, the character frequency is not easy to be extracted, and some preconditioning technologies
should be adopt to enhance the signal. In the paper [19], the optimal Morlet wavelet filter and autocorrelation
enhancement technologies are used before the envelope spectrum is performed. In the recent paper [20], the cyclic
wiener filter method is employed to improve the weak fault feature before envelope spectrum analysis. But these
technologies require the priori knowledge of the fault [21]. For the pump presented in this manuscript, some fault
character frequencies can be calculated conveniently. For example, the bearing character frequencies of the inner
race fault and the ball fault can be obtained from the kinematics relation. Furthermore, because there are two impacts
between the plunger and the slipper in a period of rotation of the cylinder, the character frequency of plunger wear
fault is two times of the axis frequency. But, for the thrust plate wear fault and swash plate wear fault, the character
frequencies have not a specific definition, which need further investigation. In Fig. 5, the amplitude spectrum and
the envelope spectrum of the pump are provided for the six conditions. Due to the absence of the prior knowledge
of fault frequencies, the band pass filter is not used. For the current spectrum chart, though we can observe the
frequency of 239 Hz (according to the nine times of axis frequency) is remarkable in each spectrum chart; the
frequency of 105 Hz (according to the 4 times of axis frequency) is apparent for the normal state, bearing roller
fault, and the swash plate wear fault; the axis frequency (27 Hz) is apparent for the normal state and the thrust plate
wear fault; other prominent frequencies for some states have no distinct meaning. We can not determine the fault
category directly. Especially, from this figure, the spectrums corresponding to the plunger wear fault and the swash
plate wear fault are very similar. Furthermore, as mentioned in reference [21], the spectral analysis approach is quite
involved, and requires human experience in spectral analysis. The measurement technique itself requires attention
to frequency ranges, resolution, filtering, windowing and averaging, particularly.
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Fig. 8. Distribution of the features for the six types of training samples. The magenta line stands for norm state; the cyan line stands for bearing
inner race fault; the red line stands for bearing roller fault; the green line stands for plunger wear fault; the blue line stands for swash plate wear
fault; the black line stands for thrust plate wear fault.

Due to the good localization and multi-resolution features in the time-frequency domain, the wavelet transform
has been widely used in the vibration analysis, and the wavelet packet energy feature has been adopted as an effective
condition signature in the mechanical intelligent diagnosis method. Furthermore, as the industry progresses, there is
less personnel and time available for condition monitoring. There is a demand for more automotive and supportive
mechanism monitoring technology. In the next section, we utilize the PSO-RVM approach to implement the fault
diagnosis, which is a machine learning based method.

5.2. Fault diagnosis with PSO-RVMs and result analysis

Each data set is divided into 190 segments, and each segment includes 1024 points. For each data set, select
150 subsets as training samples, and the other 40 subsets as testing samples. The waveforms of the six states are
shown in Fig. 6. Every segment is decomposed into eight bins of wavelet packet coefficients with the ‘daubchies
5’ (Db5) wavelet at level 3. The 8 wavelet packet energy ratios are extracted as characteristic features, and shown
in Fig. 7. It can be seen that several states are difficult to discriminate, especially, for the plunger wear fault and
the thrust plate wear fault. Figures 8 and 9 are the distribution and the box-plot of the features for the six types
training samples, respectively. From these two figures, because of the overlap and the intercross among features, it is
extremely difficult to recognize all the six different conditions. So, it is necessary to adopt a more efficient intelligent
classification method.
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Table 1
The obtained optimal parameters of RVM classi-
fiers estimated by PSO

Model Optimal value of γ parameters
PSO-RVM1 6.9370
PSO-RVM2 8.1509
PSO-RVM3 8.2844
PSO-RVM4 4.8809
PSO-RVM5 8.3039

Table 2
Comparison of classification accuracies between RVMs with a given γ = 0.5 and PSO-
RVMs classifiers

Model For training For testing For training For testing
samples/% samples/% samples/% samples/%

PSO-RVM1 100 100 RVM1 98.67 96.67
PSO-RVM2 100 100 RVM2 94.80 94.50
PSO-RVM3 100 100 RVM3 93.00 91.87
PSO-RVM4 100 98.33 RVM4 91.33 87.50
PSO-RVM5 100 100 RVM5 74.00 72.50

Table 3
Comparison of diagnostic results between BP-NN, ANT-NN, PSO-
SVM, RVM, and PSO-RVM

Model Diagnosis accuracies/%
BP-NN 79.17
ANT-NN 83.33
PSO-SVM 99.58
RVM 71.25
PSO-RVM 99.17

Table 4
Comparison of the number of relevance vectors and support vectors
for PSO-RVM and PSO-SVM, respectively

Model 1st 2nd 3rd 4th 5th
PSO-RVM 6 4 3 6 2
PSO-SVM 46 46 30 17 14

Fig. 9. Box-plot of the features for the six types of training samples. The number in the x axis stands for norm state, bearing inner race fault,
bearing roller fault, plunger wear fault, swash plate wear fault, thrust plate wear fault, respectively.

All of the five RVMs adopt RBF as their kernel function. The PSO method is utilized to optimize the kernel width
parameter γ. For each PSO-RVM, the adjusted parameter with maximal classification accuracy is selected as the
most appropriate parameter with two-fold cross validation approach. Then, all of the training samples are trained to
get the diagnosis model. The optimal parameters of RVM classifiers are listed in Table 1.

The first ANN compared with the proposed PSO-RVM is one hidden-layer BP-ANN with eight input nodes, eight
hidden nodes and six output nodes. The second ANN compared with PSO-RVM is an ANT-ANN. The structure of
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the net is same to the mentioned BP-ANN, and the net weights are optimized by the ant colony algorithm [22]. The
RVM compared with the proposed PSO-RVM is a general RVM with the kernel width 0.5. Furthermore, the PSO-
RVM is compared with the recent PSO-SVM presented in the literature [18]. The training accuracy and the testing
accuracy of each two-class classifier of the RVM and PSO-RVM are listed in Table 2. The classification performance
comparison of BP-NN, ANT-NN, PSO-SVM, RVM, and PSO-RVM is presented in Table 3. The number of support
vectors of PSO-SVM and that of relevance vectors of PSO-RVM are given in Table 4.

As shown in Table 3, the classification accuracies of PSO-RVM and PSO-SVM are obviously higher than those
of BP-NN and ANT-NN, and the testing accuracy of BP-NN is only 79.17%. This may attribute to that the BP
optimization method is a local optimization method, whose ability of global search is very limited. In addition, the
ANT colony enhances the performance of BP algorithm, but the classification accuracy is not very satisfying, only
83.33%. Furthermore, without optimizing the kernel width parameter of the general RVM model, the performance is
far from acceptable, and the accuracy is only 71.25%. On the contrary, every two-class PSO-RVM gets a promising
classification accuracy. As shown in Table 2, for PSO-RVM1, PSO-RVM2, PSO-RVM3, and PSO-RVM5, they
classify correctly for all training and testing samples, and even for PSO-RVM4, there are only 2 misclassifications
for the testing samples, and the classification accuracy reaches 98.33%. It is noted from Table 3, PSO-RVM and
PSO-SVM utilizing the global optimization of PSO, and combining with the powerful study capability of RVM
and SVM, a very encouraging classification accuracy of 99.17% and 99.58% is achieved, respectively. As shown
in Table 4, on the premise of no reduction of classification accuracy, the number of relevance vectors is far fewer
than that of support vectors, which makes the diagnosis model much sparser and more appropriate for real-time
diagnosis.

6. Conclusion

A novel PSO-RVM diagnostic method based on relevance vector machine with particle swarm optimization algo-
rithm for plunger pump in truck crane is presented. In the model, the input is the vibration signal, and the output is
the pump state. The PSO algorithm is employed to determine a suitable kernel width parameter of RVM classifier,
which avoids over-fitting or under-fitting of the RVM model occurring. The real data from the plunger pump is used
to verify the performance of the proposed PSO-RVM model. The experimental results show that the classification
accuracy of PSO-RVM is superior to those of BP-ANN, ANT-ANN, and general RVM. The experimental result
also indicates that the classification performance of PSO-RVM is competitive to that of PSO-SVM, but the number
of relevance vectors is far fewer than that of support vectors of SVM. Therefore, the PSO-RVM model has more
excellent performance for on-line real-time application.
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