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Abstract: This document provides the concept of investigations of acoustic signals of
imminent failure conditions of synchronous motor. Measurements were made by re-
corder OLYMPUS WS-200S. Sound recognition software has been implemented.
Algorithms of signal processing and analysis have been used. The system is based on
the LPCC algorithm and fuzzy classifier with triangular membership function. Results
confirm the correct operation of the system of sound recognition of synchronous mo-
tor.
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1 Introduction

Acoustic signal of electrical machines allows you to specify whether the ma-
chine is faulty. Application of processing and analysis of audio signals is an effective
and rapid approach. Many methods for signal processing were presented. Widely
used methods are based on recognition of electrical signals [1]. In recent years,
many of methods to study the acoustic signal were presented [2-11]. Results of in-
vestigations confirm the validity of applying these methods to identify imminent
failure condition of electrical machine.

Imminent failure condition of synchronous motor is interpreted as a threat to
destroy the machine. The aim of paper is to propose a software to investigate acous-
tic signals of synchronous motor. Measurements were made using a recorder
OLYMPUS WS-200S (100-15000 Hz). Sound recognition system contains prelimi-
nary data processing, feature extraction and classification algorithm [12,13]. LPCC
(Linear Predictive Cepstrum Coefficients) algorithm was used as the method of fea-
ture extraction. Fuzzy classifier with triangular membership function was applied.
This paper provides usage of algorithms of signal processing and analysis for diag-
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nostics of synchronous motor. Results of sound recognition of synchronous motor
were presented.

2 Sound recognition process

Sound recognition process contains pattern creation process and identifica-
tion process (Fig. 2.1). At the beginning of pattern creation process signals are sam-
pled and normalized. Afterwards data are converted through the Hamming window.
Next data are converted through the LPCC algorithm. The LPCC algorithm creates
feature vectors. Four averaged feature vectors are created. Afterwards these vectors
are converted into fuzzy sets. Pattern creation process and identification process are
based on the same signal processing algorithms. The difference between them is
a sequence of execution. Pattern creation process contains following steps: sam-
pling, quantization, normalization, filtration, windowing, feature extraction, fuzzy
sets formation [14].

In the identification process new acoustic signal is recorded. Afterwards it di-
vides wave data. After that signals are sampled and normalized. Next data are con-
verted through the Hamming window. Next data are converted through the LPCC
algorithm. The LPCC algorithm creates feature vectors. Fuzzy classifier with trian-
gular membership function was applied. To obtain results of recognition, it compares
feature vector of new sample (new fuzzy sets) with averaged feature vectors (fuzzy
sets). Identification process contains following steps: recording of acoustic signal,
sound track division, sampling, quantization, normalization, filtration, windowing,
feature extraction (one feature vector), fuzzy sets formation, classification (fuzzy
classifier).

2.1 Preprocessing

Recording of acoustic signal is first step in identification process. Acoustic
signal is converted into digital data (wave format). Wave data contain following pa-
rameters: sampling frequency is 44100 Hz, number of bits is 16, number of channels
is 1. Afterwards application divides sound track into sound fragments.
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Figure 2.1 Pattern creation process and identification process

There are following advantages of such solution: precise determination of
sound appearing, precise sound identification, application does not have to allocate
as much memory in identification process. Next application reads data. Sound rec-
ognition application uses sampling frequency 44100 Hz and 16 bits. It gives better
precision. There i1s a choice of number of bits depending on quantity of input data
and calculations speed. The compromise is important to obtain good results in short
time. Normalization is the process of changing of the amplitude of an audio signal. It
changes amplitude of each sample in order to ensure, that feature vectors will be
comparable. All samples are normalized in the range [—1.0, 1.0]. The method finds
the maximum amplitude in the sample and then scales down the amplitude of the
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sample by dividing each point by this maximum [6]. Filtration is used to modify the
frequency domain of the input sample. After that the Hamming window is used to
avoid distortion of the overlapped window functions.

2.2 Linear Predictive Coding

LPC (Linear predictive Coding) analyzes the sound signal by estimating the
formants, removing their effects from the sound signal, and estimating the intensity
and frequency of the remaining buzz [15-18]. It determines a set of coefficients ap-
proximating the amplitude versus frequency function. These coefficients a; create
feature vectors which are used in calculations. Transmittance is given by the follow-
ing formula:

1 (1

where p is the number of poles, a; is prediction coefficient.

Prediction a sound sample is based on a sum of weighted past samples:
p
s'(n) ==Y ag-s(n—k) )
k=1
where s°(n) is the predicted value based on the previous values of the sound signal

s(n).

Linear predictive analysis requires estimating the linear predictive parameters
for a segment of sound. Formula (2) provides the closest approximation to
the sound samples. This means that s'(n) is closest to s(n) for all values of » in
the segment. The spectral shape of s(n) 1s assumed to be stationary across the
frame, or a short segment of sound. The error between the actual sample and the
predicted one can be expressed as:

e(n)=s(n)—s"(n) (3)

The summed squared error, £, over a finite window of length N is defined as:
= ,
EFE=—-
Nop e @

The minimum value of E occurs when the derivative is zero with respect to
each of the parameters a;. By setting the partial derivatives of E, a set of p
equations are obtained. The matrix form of these equations is:
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(6)
where N is the length of the sound segment s(n).
The Levinson-Durbin algorithm solves the nth order system of linear equations:
a=-R-1r @)

The Levinson-Durbin algorithm is used to estimate the linear prediction coefficients
from a given sound waveform. This method is efficient, as it needs only the order of
M2 multiplications to compute the linear prediction coefficients.

2.3 Linear Predictive Cepstrum Coefficients

LPCC is based on LPC. Linear predictive coefficients ak are obtained after ap-
plying the method of the LPC. Subsequently, the formula (8), transforms them into
linear predictive cepstrum coefficients cn. The form may be used to compare the sig-
nals effectively [19]. 75 coefficients were calculated for each sample (Fig. 2.2).

n—1
k
an+Z;ckan_k I<n<p
c. = k=1
n- n—1
k
Z —CrAp—k n>p
n
k=n-p ®)

Where c0=r(0), p — order of the filter, » — number of cepstral coefficients.
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Figure 2.2 LPCC values for five seconds of samples of sound of synchronous motor after
normalization (analyzed frequencies 100-22050 Hz). a) faultless synchronous motor,
b) synchronous motor with shorted stator coils, ¢) synchronous motor with one broken coil,
d) synchronous motor with three broken coils

2.4 Classification

Classical logic is based on binary logic with two values of truth. These two
values are true and false. Fuzzy logic is a multivalued logic with truth represented
by a value on the closed interval [0, 1], where 0 is equated with the classical false
value and 1 is equated with the classical true value. Additional values between 0 and
1 are added. The border between them is "fuzzy" [20-24]. Fuzzy classifier uses
fuzzy sets or fuzzy logic in the course of its training or operation.
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Figure 2.3 Triangular membership function

At the beginning of the process of classification, feature vectors are trans-
formed into fuzzy sets. There were 260 triangular membership functions (Fig. 2.3).
Fuzzy classifier compares fuzzy sets (new fuzzy sets of investigated sample, fuzzy
sets of specific category). Membership functions use amplitude of the sample to de-
termine values (fuzzy sets formation). Triangular membership function is defined as:

0 x<a,
X—a,
a <x<a,
@ —a ©)
p(x)=
a; — <
a, <x<a,
a; —a,
0 X2a,

Investigations were carried out for triangular membership functions. Triangle basis
was a parameter that was adjusted accordingly. In the process of identification, fuzzy
sets were compared with each other. A larger number of valid fuzzy sets determined
the appropriate category.

3  Sound recognition results

Investigations were carried out for sound of faultless synchronous motor,
sound of synchronous motor with shorted stator coils, sound of synchronous motor
with one broken coil, sound of synchronous motor with three broken coils. Ten five-
second samples were used in pattern creation process for each category. New un-
known samples were used in the identification process. The system should deter-
mine the state of synchronous motor correctly. The pattern creation process was car-
ried out for five-second samples.
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Figure 3.1 Sound recognition efficiency of synchronous motor depending on the length
of the sample. There were used amplitude normalization, low-pass filter which passes
frequencies 100-1378 Hz and fuzzy classifier with triangular membership function

Identification process was carried out for one-second, two-second, three-second,
four-second, five-second samples. The sound recognition efficiency depending on
length of sample is presented in Fig. 3.1. Sound recognition efficiency is defined as:

E=—L (10)

where: E — sound recognition efficiency, N; — number of correctly identified sam-
ples, N — number of all samples.

The best recognition result was obtained for five-second, four-second, three-
second, two-second samples. Sound recognition efficiency of faultless synchronous
motor was 100%. Sound recognition efficiency of synchronous motor with shorted
stator coils was 100%. Sound recognition efficiency of synchronous motor with one
broken coil was 100%. Sound recognition efficiency of synchronous motor with
three broken coils was 100%.
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4 Conclusion

Sound recognition system was implemented. It identifies category including
the most correct fuzzy sets. The algorithms of signal processing and fuzzy classifier
were used in the identification process. Analysis shows the sensitivity of methods
which are based on fuzzy classifier in dependence on input data. Investigations show
that fuzzy classifier with triangular membership function works for different input
data. The best results were obtained for five-second, four-second, three-second, two-
second samples. It also used band-pass filter which passes frequencies 100-1378 Hz.
Sound recognition efficiency of synchronous machine was 100% for each category.
Time of the identification process of five-second sample was 2.015 s for Intel Pen-
tium M 730 processor (normalization, 100-1378 Hz, LPCC, fuzzy classifier). Time
of the identification process of one-second sample was 1.297 s.

Work supported by European Regional Development Fund under INSIGMA project no.
POIG01.01.02-00-062/09.
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