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Fault Diagnosis of Wind Turbine Based on ELMD and FCM
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Abstract: In view of failure characteristics of wind turbine gear box, this paper put forward a method for fault diagnosis
based on the ensemble local means decomposition (ELMD) and fuzzy C-means clustering (FCM) method. By resolving
the vibration signal of different fault state of high speed gear box by ELMD, the PF component was obtained with its
singular value, which was composed of known sample followed by a test sample as the feature vector. The known
sample was clustered by using the FCM clustering, and the test sample was recognized and classified . The experimental
results show that the method for fault diagnosis based on ELMD and FCM clustering has good diagnosis results.
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1. INTRODUCTION

With the gradually decreasing cost of wind turbine
manufacturing, wind power has become the preferred
alternative energy [1, 2]. By the end of 2010, the installed
capacity of China is 18,927.99 MW, while the cumulative
installed capacity is 44,733.29 MW, which is highest in the
world [3]. Wind turbines work in harsh environment for a
long time, therefore with enhanced service life they are
prone to enter the failure stage gradually. To detect the fault
in wind turbine’s efficiency and to maintain the safe
operation have become an important function of wind
power plants.

Fault diagnosis of wind power generator includes two
aspects, which are; feature extraction and fault diagnosis.
Fault feature is an important index to judge the running
status of equipment. The method of extracting fault features
is the key to improve the diagnosis accuracy [4, 5]. The
mechanical fault signal of wind turbine is a complicated
time-varying and non-stationary signal and it is hard to
process the fault signal by general frequency analysis
methods. Studies [9-11] decomposed the original signal by
using the method based on EMD decomposition, which
overcomes the single correlation of frequency range and the
sampling frequency and the lack of adaptability when using
wavelet analysis. ELMD decomposition used in the [6] and
EEMD decomposition used in the literature [8] can
effectively inhibit the problem of mode mixing in the
process of decomposition. Besides, in a study [7], the
application of neural network in fault diagnosis achieved
higher diagnostic accuracy, but its parameter adjustment was
difficult and the convergence rate was slow, and in the study
[8-13], the use of fuzzy C-means clustering achieved
accurate rate with small training samples, which made the
solution rapid and applicable.
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As an important part of wind turbine, the gear box is used
to achieve the speed of the wind turbine rotor. Gear box is
located in the engine room. The internal structure and the
stress state are complex, therefore, its fault signal has the
characteristics of being nonlinear and non-stationary. Based
on this, the fault diagnosis method was used based on
ELMD decomposition and FCM clustering in this paper. By
calculating singular value of the PF component after EMD
decomposition of fault vibration signal, the feature vector
can be obtained, which is applied in clustering recognition of
fault signal as the input of FCM clustering.

2. ELMD METHOD

Local mean decomposition (LMD) method decomposes a
complex multi-component signals into the sum of a number
of product signal functions where the instantaneous
frequency is physically meaningful and a monotone function
is as follows:

x(t) = XK, PF(t) + u(t) (1)

Each PF component is the product of a pure frequency
modulation signal and the envelope signal. Envelope signals
represent the instantaneous amplitude of PF component.

Modal aliasing problem exists in the LMD
decomposition and ensemble local mean decomposition
(ELMD) method was proposed for its solution. First, a
certain magnitude of white noise signal was provided to the
target signal being decomposed. Following this, LMD
method was used to decompose the target signal after adding
white noise and the above process was repeated, with each
added white noise signal being different. Finally, the mean
of the respective multiple PF was decomposed as the final
component of the decomposition. As the white noise will be
evenly a “polluted” component of all different scales of the
frequency space of the original signal, therefore, when a
signal is added with white noise, it will be automatically
decomposed into each passband of filter groups which are
determined by white noise signal by LMD method. This will
significantly reduce the modal aliasing.
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In summary, the ELMD decomposition process can be
divided into the following steps:

(1)  Incorporation of a white noise signal to the target
signal to obtain a mixed signal containing a white
noise signal.

(2)  Decomposition of the mixed signal by LMD to obtain
a series of PF components and a residual component.

(3)  Repetition of step (1) and (2).

(4)  Overall averaging the PF components and residual
components, to obtain the final decomposition results.

3. FAULT DIAGNOSIS BASED ON ELMD AND FCM
ALGORITHM

3.1. The Fuzzy c-Means Clustering Algorithm

In 1973, Bezdek proposed the fuzzy C means clustering
algorithm (FCM), as a kind of improved early hard ¢ means
clustering method. FCM algorithm divides n vectors x;
(i=1,2,..., n) into ¢ fuzzy groups, and calculates the
clustering center of each group, so that the objective value
function J can be minimized. Element u;; represents the
membership degree of the i sample and x; belongs to the j
class. Membership degree matrix is U = [ui j]. To adapt to
the introduction of fuzzy partition, the elements of
membership matrix U are allowed to have a value between 0
and 1. Because of the normalization rules, the total
membership degree of a data set is equal to 1:

Yiijuj=1vj=1..,n ©)
Objective value function expression is:

JW, ¢y, i) = EicaJi = Eiaa X u?jldizj 3)

0 < u;; < 1; c is the number of cluster categories, c; is the

clustering center of the fuzzy set I ;d;; = ”CL- - xj” is the
Euclidean distance between cluster center i and the j data
points; and m € [1, ) is a weighted index. The necessary
conditions of formula (4) to achieve minimal are as follows:

anlumxj
C = ﬁ (4)
j=1%ij
and
1
U = =Y ®)

Zi=1(du/dkj)

The above two equations are used to calculate the
formula of the cluster center and membership degree matrix.
Fuzzy c-means clustering algorithm is a simple iterative
process. To determine the cluster centers ¢;and membership
degree matrix U, the following steps are followed:

Step 1: Using a random number between 0 and 1 to
initialize the membership matrix U, and to meet the
constraint condition of type (2).

Step 2: Using formula (4) to calculate clustering center
Ci, i=1, ey, C.

Step 3: Calculating the value function according to
equation (3). If it is less than a determined threshold &, the
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algorithm stops. The final membership degree of matrix U
and cluster center C is obtained.

Step 4: If J does not satisfy the conditions, the new U
matrix is calculated by (5), after which step 2 is followed.

Fuzzy diagnosis often uses the maximum membership
principle or the principle of choosing the nearest to pattern
recognition. In this paper the maximum membership
principle was adopted.

3.2. Gear Box Fault Diagnosis Process Based on ELMD
and FCM Algorithm

ELMD is an adaptive decomposition and can reflect the
nature of the fault information. In the obtained PF
components, different PF components contain different
frequency components, with different fault information
included in it. Therefore, by calculating the singular values
of the PF components, the fault feature vector composed of
singular values can be obtained.

Singular value decomposition has the same purpose as
the eigenvalue decomposition, to extract the most important
characteristics of a matrix. But the singular values of matrix
have better stability, that is, when the matrix elements
experience small change, the matrix singular value changes
very little, while the matrix singular value also has scale
invariance and rotation invariance. Therefore, it can
effectively portray the characteristics of each PF component
and the matrix consisting of fault feature vectors can
effectively respond by demonstrating the characteristics of
vibration signals [8].

The rolling bearing fault diagnosis steps are as follows:

(1)  Extracting N known vibration signals (including
imbalance, bearing wear fault, gear wear fault) as
known fault samples, with the other M groups
samples to be identified.

(2)  Using ELMD method to decompose the vibration
signals of rolling bearing and the singular values of
PF components to compose the fault feature vector x;.

Following this, the standard sample
X; =[x, x5,,xy] is  obtained and  the
characteristics of the sample are identified

X, = [x4,x5,+++,xy]. Later, they are combined to
form the diagnosis sample set X = [X4, X5].

(3)  The feature vector matrix X is standardized to get the
initial membership matrix. Through standardization
processing, the data is compressed in [0, 1] closed
interval to obtain initial membership degree matrix
X. Standardized method is as follows:

= min()

X = 6
Y max(xj) - min(xj) ©)
(4) The X is the input of FCM clustering. The fuzzy
weighted number m is set and the optimal range of m

is [1.5,2.5]. The number of cluster categories c is
determined and iteration stop threshold € is set.

Using FCM clustering algorithm to cluster X, after
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several iterations, the fault sample membership
matrix U is obtained, where u;; represents the
membership degree of the j-" sample for class i-".

4. FAULT DIAGNOSIS OF GEAR BOX

Wind turbine drive system mainly comprises of a main
shaft, gear box, generator and coupling. Its main parts can be
divided into shafts, bearings and gears. This paper used the
vibration data of a 750 kW wind turbine transmission system
for the analysis. This paper selected fault data based on
three types of fault conditions as experimental data to make
fault diagnosis. The three types of fault conditions were
imbalance, bearing wear and gear wear of the high speed
gear box. 4 sets of data were chosen in each fault condition
with data sampling frequency of 4096 Hz, and 3000
intercepts as sampling points in each set of data. Moreover,
3 groups of data were chosen out of 4 as known samples for
clustering, and the remaining group was used to identify and
diagnose as unknown sample.

4.1. Fault Feature Extraction

Taking the high speed gear box imbalance fault as an
example, by using the ELMD decomposition, the white noise
was affiliated whose amplitude was 0.1 (unit) and the
ensemble average number was 50. Its time domain
waveform and decomposition results are shown in Figs. (1,
2).

Decomposition results are shown in Fig. (2). After
decomposition, five PF components and one residual
component were obtained. PF5 indicated the periodic
vibration of imbalance fault, as shown in the Fig. (2). No
obvious mode mixing phenomenon appeared and its fault
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characteristic frequency could be obtained by calculating the
envelope spectrum.

Signal
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Fig. (1). The time domain waveform of Imbalance fault signal.

The singular value of PF components are as follows
(Table 1):

Table 1. The singular value of PF components.

PF PF1 PF2 PF3 PF4 PF5

Singular value S | 52.4969 | 33.3242 | 18.6817 | 14.6206 | 7.7715

Taking the singular value as feature vector of the fault
vibration signal.
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Fig. (2). The decomposition results of ELMD.
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Table 2. The feature vector of fault samples.

Fault Types Feature Vectors PF1 PF3 PF4 PF5
X, 52.4969 33.3242 18.6817 14.6206 7.7715
X, 52.6388 39.8600 21.0683 17.1704 6.6120
Imbalance X3 52.4969 33.3242 18.6817 14.6206 7.7715
X4 50.7029 32.6208 19.7934 12.0941 6.5669
Xs 20.3159 16.8637 6.4024 2.7301 2.1696
. X 19.2563 11.5555 5.2730 3.5942 1.8105

Bearing Wear

x; 23.1940 18.4435 8.0359 3.0189 2.0692
Xg 18.1611 11.4021 8.9889 3.5529 2.4200
Xg 83.8065 32.9883 21.3462 8.0150 6.1611
Gear X10 73.8289 31.6212 17.8661 8.8928 8.2726
Wear X11 79.8139 31.3291 18.9961 11.8191 7.3044
X1z 74.5713 29.8896 16.0121 7.9505 6.2381

4.2. Clustering and Classification of Fault Samples

According to the above method, the singular value of
each fault sample with the feature vector in each fault
condition was obtained. 3 sets of data among 4 were taken as
known samples for clustering and the remainder group was
used to diagnose the fault as unknown sample (Table 2).

The feature vector is composed of characteristic matrix
X = [xq, X2, X3, X5, X6, X7, X9, X10, X11, X4, Xg, X12] . After
standard treatment, the initial membership matrix X was
obtained as the input of FCM clustering. In the process of
FCM clustering, the weighted index m was 2, and threshold
£ =1075. The known fault category ¢ was equal to 3,
obtaining the cluster membership matrix U. The result of
fault diagnosis is shown in Table 3.

From Table 3, it can be observed that the diagnosis
method of high speed gearbox for wind turbine based on
ELMD and FCM clustering achieved good results. Besides,
the classification of known samples was absolutely correct,

the cluster membership was substantially larger than 0.9 and
the three unknown samples were correctly classified.

CONCLUSION

For the three fault conditions of high speed gear box for
wind turbine, this paper used the method which combines
ELMD decomposition and FCM clustering. By decomposing
the fault signal by ELMD, fault feature was obtained and
FCM clustering was used for fault classification. Diagnosis
results of actual fault data show that the clustering accuracies
of imbalance, bearing wear and gear wear were 100%,
which can meet the requirements of the practical of fault
diagnosis of wind power gear box, and the algorithm is
simple and easy to realize. The algorithm has good
application value for fault diagnosis of other equipments in
wind turbine.
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Table 3. The clustering results of known samples and the classification results of unknown samples.
Fault Types Sample Number | First Class Membership | Second Class Membership | Third Class Membership | Final Classification Result
1 0.0099 0.8955 0.0945 Second class
2 0.0030 0.9723 0.0246 Second class
Imbalance
3 0.0053 0.9482 0.0465 Second class
4 0.9182 0.0374 0.0444 First class
ls<n°W1n Bearing Wear 5 0.9949 0.0023 0.0028 First class
ampre 6 09629 00163 0.0208 First class
7 0.0285 0.1374 0.8341 Third class
Gear Wear 8 0.0100 0.0598 0.9303 Third class
9 0.0056 0.0590 0.9354 Third class
Unknown | (Imbalance) 10 0.0183 0.7320 0.2497 Second class
Samol (Bearing Wear) 11 0.9203 0.0354 0.0443 First class
amples
P (Gear Wear) 12 0.0085 0.0904 0.9011 Third class
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