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Abstract: The real-time fault diagnosis system is very great important for steam turbine generator set due to
a serious fault results in a reduced amount of electricity supply in power plant. A novel real-time fault diag-
nosis system is proposed by using strata hierarchical fuzzy CMAC neural network. A framework of the fault
diagnosis system is described. Hierarchical fault diagnostic structure is discussed in detail. The model of a
novel fault diagnosis system by using fuzzy CMAC are built and analyzed. A case of the diagnosis is simu-
lated. The results show that the real-time fault diagnostic system is of high accuracy, quick convergence, and
high noise rejection. It is also found that this model is feasible in real-time fault diagnosis.
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1 Introduction

Steam turbine generator set is a key device in power plant.
The real-time fault diagnosis system is very great impor-
tant for steam turbine generator set due to a serious fault
results in a reduced amount of electricity supply in power
plant. It can detect the incipient failure as early as possible,
determine the location of the fault and identify size and
nature of the faults according to the abnormal conditions
appearing in the diagnosis process.

Presently, one of the widely used and effective methods
for fault detection and diagnosis of rotating machines is
vibration analysis. The subject of vibration generally deals
with methods to determine the vibration characteristics of a
system, its vibratory response to a given excitation and the
means to reduce the vibration [1]. Attempts have been
made towards fault diagnosis, through four steps such as
vibration measurement, signal processing, feature extrac-
tion and fault identification [2].

Many different diagnosis methods have been success-
fully applied for turbine generator set and other rotating

machines in real-time or off-line. A prototype expert sys-
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tem has been developed that provides decision support to
condition monitoring experts who monitor British Energy
turbine generators [3]. The expert system automatically
interprets data from strategically positioned sensors and
transducers on the turbine generator by applying expert
knowledge in the form of heuristic rules. An expert system
for the turbine generator diagnosis was modeled to help a
plant operator interpret vibration evolution to diagnose
developing faults and to recognize the observed situation
among a hierarchy of typical situations in dealing with
complex problems [4].

A real-time intelligent multiple fault diagnostic system
for manufacturing systems is proposed by Bae et al. [5].
The expert systems and neural networks to gas turbine
prognostics and diagnostics are reviewed in reference [6].
It presents recent developments in technology and strate-
gies in engine condition monitoring including: application
of statistical analysis and artificial neural network filters to
improve data quality; neural networks for trend change
detection, and classification to diagnose performance
change; expert systems to diagnose, provide alerts and to

rank maintenance action recommendations.
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The application of neural networks and fuzzy logic to
the diagnosis of 1x faults in rotating machinery is investi-
gated by using the learning-vector-quantization (LVQ)
neural network [7]. Yan and Gao presents a signal decom-
position and feature extraction technique for the health
diagnosis of rolling bearing, based on the empirical mode
decomposition [8].

An on-line condition monitoring and diagnosis system
for feed rolls was developed by Jeng and Wei [9]. This
system measures the bearing vibration signals on-line and
judges the feed roll condition automatically according to
the diagnosis rules stored in the computer. Chen et al. pro-
posed the detecting and predicting early faults of the com-
plex rotating machinery model based on the cyclostation-
ary time series [10]. Wang and Yang applied parallel proc-
essing and distributed artificial intelligence at four different
levels in the fault diagnosis process for the turbine genera-
tor of a 300MW fossil power plant [11].

However, the real-time fault diagnosis is required to
monitor the abnormal change and to judge the fault reason
as soon as possible. This paper proposes a real-time intel-
ligent fault diagnosis system by using strata hierarchical
artificial neural. In this diagnostic system, it can real-time
diagnose faults according to vibration feature on conditions
of steam turbine generator sets. For the mechanical system,
the fault characteristics can be classified systematically to
be a hierarchical structure according to different levels. An
independent engine module which manages the feature
variables input the diagnostic modules in terms of result of
the threshold value trigger in the higher level, and outputs
the fault to operator by collecting the diagnostic result of
the diagnostic module finally in our model. Because com-
bined the advantage of interpreting the imprecise of fuzzy
set with fast training, guaranteed converge and partial gen-
eralization of CMAC, this model can meet online fault

diagnosis.
2 Framework of Fault Diagnosis System

In the viewpoint of system, every system is made up of

Copyright © 2009 SciRes

components, and any components can be broken down
into smaller components [12]. Therefore the system can
be divided into system, subsystem and component level.
The complex hierarchical diagnostic system generates a
relatively abstract ordering of steps to realize the goal of
diagnostic and then each abstract step is realized with
simpler diagnostic plans. A hierarchical scheme looks
somewhat like a tree structure, where the steps at the
higher level of the tree represent more abstract and com-
plex tasks.

Steam turbine generator sets is made up of mechanical,
electrical, hydraulic, heating and related accessorial units,
even hundreds of components in the mechanical unit.
The mechanical fault includes different level fault such
as unbalance, oil whip, pneumatic torque, misalignment,
radial rub, twin looseness, bad thrust bearing, gasp vi-
bration, unequal stiffness bear, and rotor crack and etc.
Because the vibration is a good image of the machine
health for rotating mechanical unit, it is very important
to monitor the vibration parameters along the shaft
and/or the bear such as amplitude, frequency and orbit
online. In order to identify the fault correctly and quickly,
it is necessary to monitor vibration signals together with
other running parameters such as load, bearing oil tem-
perature, hydrogen pressure, vacuum measure, etc. These
symptoms are grouped into 10 categories [13]. The di-
agnosis of a developing fault is necessary to predict fur-
ther evolution and to anticipate it by taking appropriate
measures. Therefore, this paper focuses on the mechani-
cal faults which are relative to the vibration to express
our idea of the model in order to simplify the problem.
The feature signals which are related to the vibration are
regarded as the symptom to detect the cause of fault.
Both time domain and frequency domain approaches
could also be used to analyze vibration signals.

The flowchart of the real-time fault diagnosis system
is shown as Figure 1. The condition monitor and control
system is developed to capture vibration measurements

and operational parameters from strategically positioned

EPE



C. F. YAN, H. ZHANG, L. X. WU 9

elaining Ring

Tuml
Exciter Ganerator\ Gea?g

cHIT || -||].||| |:|-|-|u]||[.||||||1|||||-|-:

LP1 HP

Vibration sensor

Monitoring conditional parameter variation;
Received STI signal;

Frequency
domain feature

Time domamn|
feature

Fault identify using

Give the fault name

strata hierarchical
fuzzy CMAC

- reason and
measurement

Figure 1. Flowchart of fault diagnosis system

sensors and transducers on the turbine generator online.
The system is configured to trigger an alarm when each
predefined limit is breached. The limits are set on each
channel to monitor the overall vibration magnitude,
first-order and/or second-order vibration magnitude,
phase and sub-harmonic frequency levels. When the
signal data is beyond the predefined threshold, the diag-
nostic system is triggered immediately. Fault feature are
extracted on the basis of the measurements provided by
the turbine supervisory instruments (TSI) signals. Then
the actual diagnostic task is to map the points in the
symptoms space into the set of considered faults by the
fuzzy CMAC diagnostic system. The possible fault
names in steam turbine generator sets will be given by

system identifying. Meanwhile the reason of the fault
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and preventive or maintenance measurements will be
listed. The operators can deal with the fault as soon as
possible according these advices. Of course, if the actual
fault need to somewhat identify further, the advice would

be given based on the system analysis.
3 Hierarchical Fault Diagnostic Structure

The human body is organized in a hierarchical structure
as shown in Figure 2. In this structure, the upper levels
efficiently control the lower levels. All information of a
human body is delivered to the brain by use of neurons.
The brain judges this information based on person’s ex-
perience, and gives instruction to the each part of the
body by the distributed neural system.

The hierarchical fault diagnostic structure can be de
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scribed as shown in Figure 3. Feature variables are ex-
tracted from vibration signals and other running parame-
ters firstly. The different features are needed to input for
the different level and the different components. The
fault diagnostic algorithms in three levels are all the
fuzzy CMAC in our model.

An independent engine module in thicker line which
manages the feature variables input the diagnostic mod-
ules in terms of result of the threshold value trigger in
the higher level, and outputs the fault to operator by col-
lecting the diagnostic result of the diagnostic module
finally in our model. The diagnostic cells that actually
fire as a result of various levels of the feature depend on
the threshold levels of the diagnostic cells. Only diag-
nostic cells with enough excitatory inputs to exceed
threshold will fire. This threshold value for diagnostic
cells is regulated by the possibility of decision.

The independent engine module simulates the neural
anatomy structure in the human body. The brain collects
the information by the nervous process and gives in-
structions by nerve fibers to the every part of body based
on the diagnostic results.

The upper level is the mechanical fault diagnosis units,
which can identify the fault which item belongs to in
primarily. The next level is the item fault level which can
be considered several subsystems, for example, the me-
chanical fault including unbalance, oil whip, pneumatic
torque, misalignment, radial rub, twin looseness, bad
thrust bearing, gasp vibration, unequal stiffness bear,
rotor crack fault and so on. The diagnosis of a develop-
ing fault is necessary to predict further evolution and
anticipate it by taking appropriate measures. This paper
focuses on the mechanical faults which are relative to the
vibration to express our idea of model in order to sim-
plify the problem. In fact, people who work with steam
turbine generator sets usually perform vibration diagno-
sis using their field experience and textbook knowledge.
The other diagnostic unit will be investigated further in

the future.
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The lower level is the detail fault in theory. For in-
stance, it can judge whether the rotor crack is damage,
high-cycle fatigue, low-cycle fatigue, creep, crack and
erosion or not. In this hierarchical system, it can also
classified by more levels to identify the fault in detail
further. However it is not always good use for this kind
of the diagnostic system. The decision of how to parti-
tion the diagnosis system depends on how complex is
each level, and how many and what types of the feature
variables are available at each level, and what methods
are to identify the fault in the steam turbine generator
sets. When we care for the more minute fault, the more
monitoring device must be used, the more signal should
be processed, and also the more experiment should be
taken to obtain the feature of the fault. Despite of avail-
ability of these measurements, such tasks are left to the
diagnostic system and the operator, and thus will result
in overload in real time especially, even lead to errone-

ous decisions in the serious cases.
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Figure 4. Neural anatomy structure of engine module
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In order to identify the fault further, the trend features
such as relationships between amplitude of the vibration,

the pressure and the load are also required to be given.

4 Mechanism of Fuzzy CMAC Diagnosis

4.1 Introduction of Fuzzy CMAC

Albus presented the CMAC neural network and applied
it to the robotic manipulator control in 1975 [14]. The
CMAC is a kind of memory, or table kook-up mecha-
nism. From a purely structural standpoint, the CMAC
neural network simulates the human being’s cerebrum
which function visual cortex and need process consider-
able feature-detection to generate the appropriate com-
mand signals [15]. The CMAC neural network is shown
as Figure 5 with anatomy.

However there are some disadvantages for the stan-
dard CMAC. The large generalization parameter C will
increase the memory requirement seriously and decrease
the local generalization ability of CMAC, eventually more
expensive calculating time [16][17]. When the small
memory applied for online diagnosis, the insufficient
memory will prevent excessive noise caused by overlap
due to hash coding. Besides, if the training patterns are not
enough to update all weights, there would be some weights
untrained. This will lead to severe decrease the approxi-

mation performance in some certain regions [18].

Figure S. Anatomy structure of CMAC
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Figure 6. Scheme of the fuzzy CMAC for diagnosis

In order to overcome these deficiencies, Fuzzy CMAC
is hybrid system that possesses the merits of both the
neural network and the fuzzy rule-based system. In order
to meet the real-time and precision demand for the fault
diagnosis system in steam turbine generator sets, the
detail architecture of a novel fuzzy CMAC shown as
Figure 6 is proposed in the paper.

The fuzzy CMAC network can be applied to approxi-
mate function y=f(x) , in which feature vari-
ablexe X c R", and fault type yeY < R", can be real-

ized by three sequential mapping as following.

O: XS, e))
D:S >4, )
Y.4Y 3)

In the first mapping ® , the feature variables will be
quantized as binary coding. In the second mapping @,
CMAC uses a fuzzy distributed storage system whereby
the numerical contents of each address are distributed

over a number of physical memory locations. The con-
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tents of these physical memory locations are referred to
as weights. Each membership function (MF) in the con-
tents of memory location is represented by a Gaussian
distribution. In the third mapping ¥ , the fault types
will be realized by the membership function time weight
sum of contents of an address.

4.2 Step of Diagnosis Mode by Using Fuzzy

CMAC

Step 1 Input feature signals

The input signals of the fuzzy CMAC in deferent level
might include feature variables such as one or combina-
tion with the frequency feature, phase feature, shaft orbit
feature, even trend feature and so on.

Step 2 Quantize the signals

No matter the testing or training signals, they should
be mapped to quantization output firstly. For the ana-
logue variable, the quantization output can be repre-

sented as following.

qi :Q(xi’ximin"ximax7qimax)’ izl’.”nﬂ (4)
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X

imax

is the input, expected maximum

is the

where, x,,x,

input, expected minimum input respectively. ¢,,...
quantization parameter.

Step 3 Segmentation, fired memory addresses coding

The quantization of the signal ¢,(x) will be coded
according to binary form. Then we concatenate the quan-
tization signal as a binary string. The combined binary
input maps a set of memory location from a large pool of
memory locations.

In human cerebellar cortex, the mossy rosettes from a
single mossy fiber are widely distributed over several
folia with Gaussian distribution [15]. In order to simulate
the mechanism of the human cerebellar cortex, several
memory addresses near the main memory address will be

activated according to the Gaussian distribution.
ywy =ad(j),  j=n—pn-—p+l-ntp, (5

where ad (x) is the memory address in the j-th column of
i-th group. It can be pointed to addresses in the m layer

in the same time.

2
/4,,-=6Xp{—l[x”_c] }; =12,k (6)
2\ o

where ¢ and O represent respectively the center and the

width of the j-th column of i-th group for input x, k is the
total number of address in each group.

In this structure, the inner layer (Fuzzy CMAC memo-
ries) can be partially activated, allowing the network
output to be smooth. Also the problem that some weights
do not update because of lack of enough training would
be overcome.

Step 4 Calculate output and learning rule

Fuzzy CMAC learns correct output fault by modifying
the contents weight of the selected memory locations.
The actual output of the fuzzy CMAC after mapped can

be described as

c
yl_ :Zluijwijaij (x) l':1,2"":m b (7)
Jj=1

where, w; is the weight of j-th storage hypercube. If
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a,(x) is addressed, thenw, is 1, else is 0. There are
only C storage hypercube has an affection to output

Step 5 Learning algorithm
The weight adjusting can be thought as that the teach-

ing and supervised leaning algorithm is described as

N, N,
wh=wi () = 2w e D my . @)
j=1 j=1

where 77(k) is training gain.

In every step of iteration, only those network weights
that participate in output calculation are adjusted. That is,
the weights are determined by a training phase, during
which these values are adjusted to minimize the differ-
ence between the fuzzy CMAC output and its expected

output. So, for Hebbian learning, the cost function
m N N
P00 =2 (g = 2w e )1 2 ) 9)
i=1 j=1 j=1

is minimized.

Wheng,(w) <&, (sis a small positive constant and
an acceptable error), the training process will stop. Be-
cause the fuzzy CMAC tends to generalize over small
neighborhoods in input-space and can approximate a
desired function after a relatively few data points are
stored [17], it does converge rather rapidly compared to
the other artificial neural networks.

Step 6 Test the fuzzy CMAC

Load the diagnosis data which did not used to train the
fuzzy CMAC mode, and test whether diagnostic result
using the fuzzy CMAC mode is correct or not. If the
tolerance is satisfied with the requirement of diagnosis,
then save the mode to the system, else update the weight
value of the memory, until it meet the demand of the

tolerance.
5 Case Study

In order to validate our model, the training samples are
used to test. In fact, one type of fault is often combined

with the other fault no matter which is in incipient or
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happened, they will interact with each other. Even we
can not identify the major fault immediately. On the
other hand, it is very helpful for operators to find the
fault as early as possible, because the incipient fault or
the earlier fault will cause the lower loss than that fault
which might lead to the machine out of work. The oil
membrane oscillation, unbalance and misalignment
somewhat belong to this condition.

Training sample is combined with oil membrane os-
cillation, unbalance and misalignment. The input vari-
ables are <0.4f, 0.4-0.5f, 1f, 2f, 3f and >3f, which is

shown in Table 1. That is the typical vibration frequency

feature, and the other features are neglected here. The
9imax is 1024 and C is specified 10. The weights in these
memory cell are trained according to the equation 8 until
the tolerance meet the requirement. The results of the
training are shown in the Figures 7, 8 and 9. In these
figures, the desired value is represented by the circle, and
the training value is represented by the star. It can be
shown that the result of the fuzzy CMAC output is very
close to the original value. The error will decrease quite
quickly. Therefore fuzzy CMAC neural network is of
high accuracy, quick convergence, and high noise rejec-

tion for fault diagnosis in steam turbine generator sets.

Table 1. The diagnosis input and output training sample

input feature variable

output fault type

Oil membrane

<0.4f  0.4-0.5f 1f 2f 3f >3f oscillation unbalance  Mis-alignment

1 47244  67.6934 173260 23833  3.1486  4.7244 0.7368 0.2677 0.3747
2 6.2277  69.5962 154977 3.8887  1.5498  3.2399 0.7703 0.2204 0.3569
3 4.8642 741736 16.9309 1.6125  0.8062  1.6125 0.8574 0.2450 0.3603
4 7.9088 67.2246 17.4139 49178  1.7279  0.8070 0.7183 0.2559 0.3814
5 7.9706  60.8730 20.2888 4.3476  2.8971  3.6230 0.6835 0.3021 0.4087
6 10 80 10 0 0 0 1.0 0 0

7 1.5804  4.8857 77.5842 9.4822  3.3053  3.1622 0.2253 0.7138 0.2545
8 3.3843 1.7039  84.7415 6.7718  0.8590  2.5394 0.2763 0.7568 0.1829
9 0.8574  4.2852 76.8717 10.2789  5.9905 1.7163 0.1820 0.6937 0.2715
10 0.8178  2.5151  79.9901 9.1779  4.9994  2.4997 0.2446 0.7186 0.2472
11 1.8393  2.0000 84.2180  7.3233  0.9509  3.6684 0.2359 0.7560 0.2337
12 0 0 90 5 5 0 0 1.0 0

13 22962  8.1200 76.6193 52533  0.3579  7.3532 0.2553 0.6915 0.2216
14 2.1410  1.4339 29.2606 31.4016 249786 10.7842 0.0571 0.2471 0.7608
15 0.6969  1.7148 39.7991 289515 21.7086  7.1292 0.1004 0.3024 0.6222
16 0.6637  2.0837 27.7821 33.3385 222295 13.9026 0.0779 0.2347 0.7759
17 1.3735  0.6950 30.8176 28.0783 19.1754 19.8602 0.1435 0.2401 0.6437
18 0 0 40 50 10 0 0 0 1.0

19 0.5919  1.1859  28.0984 28.0984 22.1580 19.8673 0.1194 0.2698 0.6678
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In order to judge whether the fuzzy CMAC model can
be used to diagnose or not, the trained model should be

tested by the experimental data. However, no laboratory
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setup can accurately simulate the faulty behavior of the
turbine generator, since it is too expensive to do for the
researcher or the designer of the company. The samples
in Reference [19] is tested in our model, the amplitude of
frequency is 4.42, 6.6, 224.79, 103.31, 29.01, 46.78 re-
spectively in monitoring condition. Because the other
states are not mentioned in it, they are neglected to test.
Normalizing them into 1.0653, 1.5907, 54.178, 24.899,
6.9919, and 11.275 and inputting to the trained fuzzy
CMAC model, three fault output are 0.2130, 0.5824, and
0.3761 respectively. It is shown that the major fault is the
unbalance and the misalignment is in the early stage.
This result fits the conclusion of bearing house looseness,

unbalance and the misalignment in Reference [19].
6 Discussion

In the viewpoint of practical work, the parameters of
fuzzy CMAC could affect the accuracy of fault detection.
When the generalization parameter C and address num-
ber S are changed, the result of the fuzzy CMAC trained
would also be changed. The conclusion can be made
easily, which the capability of fuzzy CMAC module is
strong as C and S are big. It means that the CMAC can
remember much knowledge while the address number is
large. When the generalization is big, the output of the
fault is smooth. In another words, we can get any value
of the fault when we chose the parameters big enough.
However it is impossible for the fault diagnosis in terms
of limited experimental data. And it is not suitable for
steam turbine generator set to diagnose the fault.

It is observed that the preliminary data is very impor-
tant for the same fault and the training output nearly fits
to the original data very well. Therefore we should use
the high quality data to train the fuzzy CMAC neural
network model. In order to apply to the fault diagnosis of
steam turbine generator sets, for the practical purpose,
experimental data needs to obtain. Furthermore, no
laboratory setup exists that can accurately simulate the
faulty behavior of the turbine generator. Therefore, there
is a little training data available. However the capability

of fault diagnosis will increase with the increase of the
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causal fault and behavioral knowledge of long-term vi-
bration measurements. Although the fuzzy CMAC diag-
nostic module might not be very correct in the early
stage, it would become more and more precisely to re-
sponse the fault with the training proceeding or the

learning in the application.
7 Conclusions

In this paper, a novel real-time fault diagnostic system is
presented. When the signal is triggered, The TSI signals
are collected and feature extraction is applied. Then the
fault diagnosis system by using strata hierarchical fuzzy
CMAC is used to identify the fault or failure in deferent
level in the steam turbine generator set. This model is
verified by a case of the diagnosis including three faults.
It is found that this model is feasible in real-time fault
diagnostic system. The results show that this model is of
high accuracy, quick convergence, and high noise rejec-

tion for the real-time fault diagnosis.
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