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Abstract. In the field of coal mine production, mine hoist plays a very important role in the whole
mine transportation engineering. Its safety and stability directly affect the production efficiency of
coal mine and the life safety of staff. In view of this, a fault diagnosis method of mine hoist based on
MFCC-SVDD is proposed. By collecting the audio signal of the elevator, MFCC algorithm was used
to extract the sound signal of multiple channels and the MEL frequency cepstrum coefficient was
used to extract the fault characteristic parameters. Based on the one-class classifier SVDD, the
hypersphere of the elevator was constructed to test and recognize the sound signals in the training,
and the classification and recognition of the fault types of the elevator were completed. The MFCC
characteristic parameters of 600 training samples were randomly selected as input to train the model,
and 200 test samples were identified. The accuracy of fault identification reached 85%-96%, which
provided a guarantee for mine production safety.
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1. Introduction

Mine hoist is one of the important equipment connecting mine underground and surface [1-2]. The
safety and stability of hoist directly affect the economic benefit of coal mine and the safety of
underground workers. Because of the discrete fault interval of spare parts, regular maintenance will
cause higher maintenance cost and more equipment failure. The traditional fault diagnosis method of
hoist is to use the contact sensor to collect the vibration signal when the equipment is running

By contrast, the audio signal has the advantages of being more sensitive to the fault characteristic
information of the elevator, lower signal-to-noise ratio, fast acquisition speed and low cost. In view
of this, a fault diagnosis method for mine hoist based on MFCC-SVDD is proposed.

Mel-Frequency Cepstral Coefficient (MFCC) [10-11] is a frequency domain analysis method for
sound signals, which has the advantages of no restriction on the types of input audio signals, strong
anti-interference and good Rubon.

Support vector domain description algorithm (SVDD) is a closed hypersphere that can make the
minimum volume of all or most target samples in the feature space. It is suitable for anomaly detection
and fault detection. It has the characteristics of small amount of computation and clear goal. -

In this paper, Xutuan mine elevator in Huaibei is selected as the research object, and the elevator
audio sample library is established. The MFCC algorithm is used to extract the characteristic
parameters of the MEL frequency cepstrum coefficient of the elevator sound signal from the elevator
audio samples, and a large amount of data training is conducted on the description and recognition
model of the abnormal sound support vector data of the elevator. The fault type and fault point of
elevator can be diagnosed quickly and accurately, and the real-time on-line monitoring and analysis
of elevator state can be realized

2. Extraction of hoist signal features

2.1. Signal processing of hoist

Improve the mechanical and electrical machine, the probability of failure is much higher than other
systems, improve the mechanical and electrical machine is the core component of the hoisting system,
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according to the literature [2] of mine fault motor type, choose the representative from different fault
types of three kinds of fault types as the research object, including motor overload, motor current
fault bearing failure. The samples with large noise volume and more noise areas are eliminated to
construct the sample library of effective signals. In addition, the effective parts of bird song and noise
reduction are retained, and the samples with a long silent area are clipped, which is conducive to
extracting effective MFCC feature information from the hoist signals. Taking the overload fault signal
samples of the motor as an example, FIG. 1 shows the comparison before and after clipping.

When receiving the paper, we assume that the corresponding authors grant us the copyright to use
the paper for the book or journal in question.

When receiving the paper, we assume that the corresponding authors grant us the copyright to use
the paper for the book or journal in question. When receiving the paper, we assume that the
corresponding authors grant us the copyright to use.
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Fig .1 Motor overload fault signalMotor overload fault signal

2.2. MFCC feature extraction

By imitating human speech recognition technology, the MFCC parameters of elevator audio are
extracted by using MEL frequency filter banks, and different fault types can be classified and
identified by combining classification model. The calculation procedure of MFCC is shown in the
figure2.
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Figure .2 Calculation steps of MFCC
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Step 1: Pre-weight the input signal V(t) to improve the high-frequency part of the audio signal of
the elevator v (t) . The formula is as follows:

Vv (t) = v(t) —av(t—1) (1)
In Equation, ais the strengthening coefficient,a =0.96.

Step 2: ForV ) framing, the audio signal of the hoist has the characteristics of non-stationary
time-varying and short-time stationarity.For this reason,the method of overlapping segmentation is
adopted to reduce the influence of non-steady-state and time-varying.The principle of overlapping
segmentation is to partially overlap between two adjacent frames.The overlapping part is called frame
shift, which is conducive to smooth transition between two frames.

Step 3: After framing, add hamming window to signal to change to V;(n) ,i is the corresponding

frame.The frame length and frame shift are shown in Figure 3.
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Figure .3 Frame length and frame shift diagram

Step 4: Fast Fourier Transform (FFT) was performed on the sound signal V(n) of the hoist after
frame splitting and window addition, and the spectral data of each frame of the sound signal of the
hoist was calculated, as shown in Formula (2).

V(i j) = FFTv,(n)] 2)

In the formula, i is frame i;j is the j-th spectral line in the frequency domainV (i, j) is the sound
signal of the elevator in the frequency domain.

Step 4: Calculate the power spectrum of each frame according to the frequency domain value of
the signal. The power spectrum calculation formula of sound signal is shown in Equation (3).

EG )=V, J)]2 (3)
The energy value of the filtered sound obtained by the designed Meir filter bank is:

N-1

S(i,m)=ZE(i,j)Hm(k), 0<m<M
)
In the formula, S(i,m) is the frequency spectrum energy of each frame after passing the Mel filter;

M is the total number of filters, H,, (k) is the frequency domain response of Mel filter.

Step 5: The discrete cosine transform cepstrum value can be calculated by the energy spectrum
obtained by the sound signals of the machine, and the corresponding calculation formula is:

. 2 N2 . zn(2m-1)
mfcc(i,n) =, [— > log[S(i, m)] cos[————]
M &= 2M (5)

In the formula, n is the corresponding spectral line after the discrete cosine transform.
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According to the above calculation process, the MFCC coefficient of the sound signal of the
elevator motor can be obtained. Figure 4 shows the MFCC characteristic parameter diagram of the
sound signal of the normal sound of the elevator machine, motor overload, motor current fault, and
motor mechanical fault. X axis, Y axis and Z axis respectively represent the sample number (80
samples are selected from each sound signal type), dimension (to avoid errors, 12 dimensions are
removed from the first and last frames) and characteristic parameter values. The dimension of
characteristic parameters in the figure are all 12 dimensions.
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Figure .4 MFCC characteristic parameter diagram of sound signal of hoist
As can be seen from Figure 5, MFCC characteristics of fault signals of the four typical types related
to hoist faults are quite different from normal sound signals. 12-dimensional MFCC parameters can
be used to characterize the information contained in fault sound signals of hoist faults, which can be
used to distinguish different types of faults.
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Figure .5 MFCC features of different signals
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3. Elevator fault classification identification

After extracting the MFCC characteristic parameters of the four kinds of elevator sound samples,
SVDD constructs the hypersphere of the sound recognition model, and uses randomly selected marker
samples for training, and then classifiers and recognizes the test sample set.

3.1. Support vector data description (SVDD)

The core idea of SVDD algorithm is to seek a hypersphere with the smallest volume and the center
of the sphere is a and the radius is r. The hypersphere requires a maximum number of samples
containing the elevator abnormal sound data. The non-target class sample points are located outside
the hypersphere. So, it can be obtained by minimizing r, as shown in the formula.

L= Z“(X X)—ZZa i (% X;)

(6)
S.t.Zai =1,0<q <C,i=1-,N

i=1

In the formula, XX represents the inner product between the elevator sound samples, which can
be replaced by the Gaussian kernel function, which is

K (x-y) = exp( ” y”)

(7)
The support vector of the classifier boundary is obtained by solving the optimal set of quadratic

programming method a=(oa ) ,The corresponding variable X'in the equation is

determined by the equality sign in the inequality.
The radius r of the elevator abnormal sound hypersphere can be calculated by calculating the

distance between the center of the sphere and the weight factor less than C ( O<a < C) abnormal
sound i .The radius of the sphere is calculated by the following formula (8).
r’ =l x, —alf=K(x -%)- ZZa K(X; - xk)+ZZa K(% - %) (8)

i=1 j=1

Calculate the distance d? from the elevator fault sound test data to the ball center a. The formula
is shown in (9)

=K(z-2)- ZZaK(X )+ ZZa,,K(x X,) 9)

According to the size relationship between d?andr?, it is determined whether the fault test data
of the hoist is inside the hypersphere, and the criterion is:

(10)

d?>r? normal elevator sound signal
d?<r? faulty elevator sound signal

3.2. Case analysis

In order to verify the accuracy and feasibility of the fault diagnosis method of mine hoist based on
MFCC-SVVD proposed in this paper, the experimental simulation of the motor temperature of mine
hoist is carried out in this paper.
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A total of 600 sample sets of 4 types of elevator sound signals were established, among which 150
samples were for each type. The training set and test set were constructed in a 2:1 ratio. The MFCC
characteristic parameters of the training set were used to train the SVDD model, and the matching
model of four kinds of elevator sound signals was established. Then 300 test samples were tested by
classification. To avoid chance, divide the test into three groups

When receiving the paper, we assume that the corresponding authors grant us the copyright to use
the paper for the book or journal in question. When receiving the paper, we assume that the
corresponding authors grant us the copyright to use.

Table 1. Fault type recognition and classification of elevator based on SVDD

Elevator sound signal type Classification and recognition accuracy /%
Testl | Test2 | Test3 Average
Normal motor 86.4 83.1 89.2 86.2
Motor overload fault 89.5 87.7 85.9 88.7
Motor current fault 90.6 92.1 93.2 91.9
Motor bearing fault 93.1 94,7 90.1 92.6

The identification results show that the MFCC parameter of the elevator sound signal is taken as
the input characteristic quantity and the multi-classification model is established by using SVDD,
which can effectively identify the fault categories of the elevator sound signal. On the basis of the
research results of this paper, the elevator sound fault signal sample library can be further expanded
to find more representative elevator fault feature quantity and feature selection, while trying other
classification and recognition models to improve the accuracy of elevator fault classification and
recognition.

4. Summary

a. The MFCC parameters of the elevator sound signal differ greatly, which can be used to
characterize the fault characteristics of the elevator and as the input of the elevator fault classification
model. The SVDD model was established for training and testing, and four typical elevator fault
sound signals were identified. The average classification recognition accuracy of three random tests
was 89.85%, and the recognition accuracy of each bird species was in the range of 86.0% ~ 92.6%.

b. Based on MFCC features and SVDD, the intelligent identification of fault related types of the
elevator machine can be realized. The further expansion of the elevator sound fault signal sample
library can search for more representative elevator fault features and carry out feature selection. At
the same time, other classification and recognition models are tried to improve the accuracy of
elevator fault classification and recognition.
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