Proceedings of ASME Turbo Expo 2011
GT2011
June 6-10, 2011, Vancouver, British Columbia, Canada

GT2011-45249

DIAGNOSTICS OF HIGHLY DEGRADED INDUSTRIAL GAS TURBINES USING
BAYESIAN NETWORKS

Brian K. Kestner, Young K. Lee, Gautham Voleti, Viren Kumar
Dimitri N. Mavris TsungPo Lin
Aerospace Systems Design Laboratory Services Engineering
School of Aerospace Engineering GE Energy
Georgia Institute of Technology Atlanta, GA 30339

Atlanta, GA 30332

ABSTRACT Second, a degradation model provides meaningful prior guess
for the health parameters. It is equivalent to change the point ¢
reference from a brand new gas turbine to a normally degrade
one. It will be demonstrated that the method accompanying witt

This paper presents an offline fault diagnostics method for
highly degraded industrial gas turbines. The method recasts gas
path analysis to an mfef*r_ence problem using Baye3|an ”?‘.W‘”."s the degradation model and the sensor calibration report show
where the health condition of each component is quantified in _. = ... . . !

: . significant improvement in accuracy and confidence.
comparison to an expected value. The health parameters are in-
ferred from available gas path measurements, which are some-
times erroneous due to sensor faults or miscalibration. The sen-
sor errors should be inferred as well as the health parameters.NOMENCLATURE
Thus, typically in gas path analysis the unknowns are more than
the knowns. To address this issue, the present method uses mul-
tiple Bayesian network models each of which contains a subset a
of the unknowns. Their results are averaged according to how B Vector of sensor biases
much each of the models is supported by the data. Although b Upper bound of a distribution
this method has been reported successful for the faults affectingm  Categorical variable representing all models
a few unknowns, its results are still less accurate and confident
when it is applied to highly degraded gas turbines. Such gas tur-
bines are likely to have health parameters deviated from the new .
and clean condition as well as have component faults and sen-1 Ambient temperature
sor errors. Because of this, the present method must infer too X Vector of health parameters
many unknowns at the same time to result in a solution with high Y Vector of measurements
confidence. In addition, this method cannot differentiate normal ¢ \sector of random error
or expected degradation from an actual fault. These issues are
resolved by fusing extra information to the method. First of all,

a sensor calibration report, if available, eliminates the sensor er- H
rors from the unknowns. Consequently, the number of possible & Union of X and B vectors
subsets decreases, and so does the number of Bayesian models. Precision matrix

Coefficient matrix
Lower bound of a distribution

A particular model in M
Total number of health parameters and sensor biases

Binary variable associated with
Vector of mean values
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INTRODUCTION binatorial approach [11], and a bank of Kalman filters [12] are
As the power generation market becomes competitive, examples of this multiple model approach. Instead of finding
power plant owners strive to make larger profit with lesser cost single best model, Lee et al. [8], [9] used the Bayesian mode
of ownership. Maintenance cost accounts for a large part of the averaging (BMA) technique to combine results of multiple com-
cost of ownership. The current maintenance strategy for most peting models.
machines is preventive in the sense that maintenance actions are  Most of the above methods compare the performance of
performed along schedules suggested by manufacturers. Thesgas turbine with that of a brand new one. This comparison is ef
schedules are made by the manufacturers based on historicafective as long as the gas turbine is actually new or moderatel
data, empirical knowledge, and tests performed along design pro-degraded. If the gas turbine is highly degraded due to the ac
cesses [1]. However, these schedules have little to do with the cumulation of usage, however, the degradation masks the sym
actual condition of the machine subject to the scheduled mainte- toms of faults. Consequently, it is harder to distinguish faults
nance actions. To reduce the maintenance cost it is desirable forfrom the normal degradation. For industrial gas turbines, whict
the power plant owners to perform maintenance actions when often operate with severe degradation, distinguishing faults fron
they are actually needed. This desire has led to a new mainte-degradation is greatly important in order to prevent hazardou
nance strategy called predictive maintenance with which main- events due to undetected faults. In this paper, the authors exat
tenance experts assess the condition of a machine at the currenine the offline fault diagnostics method presented in [8], [9] with
time, predict the failure time in the future, and decide the best highly degraded gas turbines and present the modifications ma«
maintenance action. The first two steps are called fault diag- to handle such gas turbines.
nostics and prognostics, respectively. For the predictive mainte-
nance to be successful, it is important for diagnoses to be accu-
rate because not only a wrong diagnosis results in unnecessarnyWETHODOLOGY
maintenance and consequently high maintenance cost but also  The method presented in this paper is aimed to perforn
diagnoses are used in prognostics and other tasks downstream. GPA of industrial gas turbines using multiple Bayesian networks
Fault diagnostics and prognostics are not new concepts in More specifically, the gas turbines of interest are the GE Fram
the gas turbine industry for power plants. A gas turbine is such a 7FA+e turbines. The Bayesian networks consist of health paran
crucial component of conventional combined cycle power plants eters, sensor biases, and measurements. Each network is tailo
that it has been of great interest for power plant operators to es-tg a fault situation. When some measurements become availabl
timate the condition of a gas turbine from test or operation data. the probability distributions of the health parameters and sensc
The condition of the gas turbine is quantitatively represented by, piases are determined.
commonly called health parameters, which scale gas turbine
performance relative to a baseline, e.g., the performance of a
brand new gas turbine. The health parameters are immeasurablé>as Path Analysis
and can only be estimated from measurable data. Estimation of ~ The major health parameters and measurements availab
the health parameters from test data is often referred to as gasfor @ GE 7FA+e industrial gas turbine are listed in Tab. 1. Xet
path analysis (GPA), which was pioneered by Urban [2]. A few be avector of health parameters afd vector of measurements.
classical approaches for GPA are the method of least squares [3}At @ steady baseload operating condition, the health paramete

and Kalman filters [4]. More recently, several artificial intelli- ~and measurements have a functional relation$hip
gence techniques such as neural networks [5], fuzzy logic [6],
and Bayesian networks [7], [8], [9] have been applied to GPA. Y=f(X)+e (1)

No matter which technique is used, there is a common diffi-
culty in applying these techniques to an assessment of the condi-
tion of a gas turbine. When a health parameter estimator is built wheree is the vector of random error. The relationsliigan be
using one of these techniques, the estimator should be generalinearized at the operating condition and written as
enough to be applicable to various fault situations. However, a
general estimator is not tailored to each fault situation so that its Y — AX

. =AX+¢ (2

result may not be as accurate as the tailored ones. A general es-
timator often gives rise to the so calledhearing effect [10] in
its results. The smearing effect refers to the spread of inaccuracywhereA is the coefficient matrix. This linearized relationship
over several irrelevant health parameters. changes as the ambient condition varies. To incorporate the e

One of the approaches to reduce the smearing effect in di- fect of various ambient conditions, each elemenAadé given
agnoses is to find the best one among multiple models each ofas a function of the ambient temperatueein this equation in-
which is tailored to a fault situation. The fault logic [3], a com- cludes not only the random noise but the linearization error a
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well. When the measurement vectdiis subject to the sensor
biasB, Eqn. (2) can be written as follows:

Y =A(T)X+B+¢. @)

Y is known in this equation whilX andB are unknowns. For the
industrial gas turbine of interest, according to Tabl. 1, there are
6 knowns and 10 unknowns. This is an underdetermined prob-
lem, which cannot be solved with matrix inversion. Instead, a
probabilistic approach using Bayesian Networks is used for this
paper.

TABLE 1. HEALTH PARAMETERS AND MEASUREMENTS

Health Parameters Measurements

Compressor flow (CF) Generator output (DW)
Compressor efficiency (CE)

Turbine flow (TF)

Compressor discharge temperature (CDT)

Compressor discharge pressure (CDP)

Turbine efficiency (TE) Exhaust gas temperature (TEX)
Fuel flow (WF)

Air flow (WA)

Bayesian Networks
A Bayesian network is a directed acyclic graph [13] consist-

ing of nodes and edges as shown in Fig. 1. A node represents

Prior Distribution
P(B)

Prior Distribution
P(A)

Node

Conditional
Probability
Distribution
P(C|A.B)

FIGURE 1. A SIMPLE BAYESIAN NETWORK

Although Eqgns. (4) and (5) are derived upto proportionality, they
still can be determined with the fact that any proper probability
distribution integrates to one.

To conduct GPA derived in the previous section using a
Bayesian network, the dependencies between the health paral
eters, sensor biases, and measurements as given as Eqn.
are transformed to a graph as shown in Fig. 2. Whereas eac
health parameter affects all measurements, each sensor bias
fects only its corresponding measurement. However, a bias i
CDP or TEX can affect all other measurements as well becaus
they are used for controlling the industrial gas turbine. To com:-
plete this Bayesian network, each node needs its probability dis
tribution. Let us assume that the conditional probabilityYof
given X andB, p(Y|X,B), follows a multivariate normal distri-
butionN(u, T) wherep is the mean vector and the precision
matrix. If the mean of the random errelis assumed to be zero,
the mean vectop is written as

a random variable, and an edge shows probabilistic dependency

between two variables. When two nodes are connected with an

edge, the node from which an edge emanates is callgat-a
ent, and the other ahild. A node without any parent is called a
root node. Each node requires a probability distribution condi-
tioned by its parents. The probability distribution of a root node
is called theprior distribution. A child has a conditional proba-
bility distribution (CPD). When some nodes in the Bayesian net-
work become known, the probability distributions of the other
nodes can be updated using inference algorithms. If Child C is
instantiated and the probability of Parent A is of interest, it can
be calculated from the following equations using Bayes’ theorem
and marginalization:

P(CIA B)P(A)P(B)
p(ABC) D P @
P(CIA B)P(A)p(B)
p(ac) 0 [ PSSP s ©)
3

[ = AX +B. (6)

The precision matrix can be either a known constant or a vari-
able. Wherr is considered as a variable, a prior probability dis-
tribution has to be assigned to it. The health paramétisras-
sumed to be any value in the range of interest. It is also assume
that no particular value is more likely than others in the range
This notion can be expressed with a uniform distributitfa, b)
wherea andb are the lower and upper boundaries. With the same
reason the biaB is assumed to follow a uniform distribution as
well. Choice of prior probability distributions will affect the sen-
sitivity and accuracy of diagonsis from the Bayesian network.

Multiple Model Approach

The Bayesian network shown in Fig. 2 has all major health
parameters and sensor biases. It is so general that it can be us
in any fault situations. On the other hand, it is not as precise a
the Bayesian network tailored to the particular fault situation it
is trying to diagnose. For example, consider a gas turbine whos
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/ When y=0

/ When y=1

Probability Density

FIGURE 2. BAYESIAN NETWORK FOR GE 7FA+E GAS TUR-

BINES 20

sensors are working properly. The Bayesian network tailored
to this gas turbine is the one without all the bias nodes. This
tailored Bayesian network results in more precise results than
the general one. On the other hand, this tailored network cannot
be general. If it is used in other fault situations, it will result in  signing
wrong solutions.

To resolve this generality and preciseness issue, a multiple p(y=0)=p(y=1) =0.5. 8)
model approach is proposed in [8]. Depending on the fault situa-
tion, some of the health parameters and sensor biases are neces- o )
sary in the network, and the others are not. As the fault situation M andy are added to the network in Fig. 2, and the resulting

changes, the necessary and unnecessary nodes change as weffayesian network is shown in Fig. 4. On¢és instantiated, i.e.,
To implement the inclusion and exclusion of a node numerically, SOMe Mmeasurements become available, the probabilities of oth

a mixture of two uniform distributions is assignedXoand B. nodes can be updated. The posterior probabilitg op(61Y),
Let us refer to the union of andB as6. The mixture is referred ~ ¢a@n be expanded using marginalization as follows:
to as thespike and slab distribution [14] and shown in Fig. 3.

FIGURE 3. SPIKE AND SLAB DISTRIBUTION

The mixture ratio is controlled by an auxiliary binary variable p(o|Y) = ZM p(B]Y, m)p(m[Y). 9)
y associated t®@. Wheny is zero, 6 follows the spike, which me

is centered at a prescribed value. The spike is so thin@hsat

nearly deterministically the prescribed value. Whgeis one,8 p(8]Y,m) is the posterior 0@ when the model variabl®/ is

follows the slab, which bounds the range of interest. In contrast equal tom. p(m|Y) is a number between zero and one, and the
to the previous casé) can be any value in the range and has to  summation ofp(m|Y) over all models is equal to one. There-
be included in the network. fore, Eqn. (9) is merely the average of the posteriof dfom
When the total number of the health parameters and sensoreach modelp(6]Y,m), using the model posterigg(m|Y) as a
biases im, 2" different networks can be built using all possible  weighting factor. Calculating the posterior 8fusing Eqn. (9)
subsets of the health parameters and sensor biases. Categorica$ calledBayesian model averaging [16]. Equation (9) can be

variableM is introduced to represent thes® rietwork models. further derived using Bayes’ rule as follows:
Unless there is a sufficient reason to favor one model over an-
other, it is reasonable to use a non-informative prior [15]; each p(Y|6,m)p(8|m)
model is equally probable. Thus, a categorical distribution with p(BlY) = Zw p(Y—|m)p(m|Y)
2" categories is assigned to the model varidilsuch that the me
probability ofM being a particular modehis as follows: _ Zv, p(Y|6,m)p(6]m) p(m)
e p(Y)
1 O EMD(YIG,m)p(@\m)p(m), (10)
p(m) = 5. ™ =

wherep(m) is the prior probability of the model variablé being
The assumption of equally probable models is equivalent to as- a particular modeim. Becausef, Y, andM constitute a serial
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M ~ Categorical Distribution @

y|M ~ Deterministic C
D

Oy~ (1-7)UCK:-8, Xi+3) + yUla,b)

)

FIGURE 4. MULTIPLE BAYESIAN NETWORKS IN SINGLE
GRAPH

Y|0,t ~ N(p,7)

connection, and is in the middle of the serial connectiof,is
independent o given 8 [13]. Therefore, the first factor in Egn.
(10) can be written as

p(Y|6,m) = p(Y[6)

_ /r p(Y|6,7)p(T)dT. (11)

The second factop(6|m) can be written using marginalization
as follows:

p(8|m) = Z p(X]y)p(yIm). (12)
ye{0,1}

A degree to which each model is supported by data is deter-
mined by the model posterigrfM|Y), which can be expressed
with the CPDs using Bayes’ rule and marginalization as follows:

p(MIY) O p(Y[M)p(M)
m/ep(v|e,|v|)p(euv|)d9

0 [ p(¥I0)p(8IM)de. (13)

p(Y|6) and p(8|M) are given in Eqns. (11) and (12), respec-
tively. Public domain software WinBUGS [17] is used for calcu-
lating Egns. (10) and (13).

Unresolved Issues

do not have significant degradation [9]. Table 2 below shows the
results of using the Bayesian multiple model approach on dat
representing a new and clean gas turbine with a compressor flo
fault. The model with compressor flow variable with a slab dis-
tribution best matches the data with a probability of 30%. The
probability of this model is distinctively higher, at least five times
than the others.

TABLE 2. MODELS WITH HIGHEST PROBABILITY - NEW
AND CLEAN WITH COMPRESSOR FLOW FAULT

Model Variables With Slab Distribution

Number

» Cumulative
Probability Probability

Xcr Xce Xte Xt Bepp Brex Bow Bepor Bwe  Bwa
v

513
641
545
577
521
517
673
514
705
529

30.08
6.70
5.58
5.45
4.85
4.00
2.60
2.38
2.20
1.95

30.08
36.78
42.35
47.80
52.65
56.65
59.25
61.63
63.83
65.78

NN N N NN NEEN

As the unit operates over time, the compressor flow, com
pressor efficiency, and turbine efficiency decrease because
component degradation while the turbine flow increases as a r
sult of the increase of the turbine nozzle flow area. Figure -
shows the general expected gas turbine component degradati
in the context of Bayesian multiple model approach. If the spike
distribution is centered around one, the model that represents
degraded turbine is one where the compressor flow, compre:
sor efficiency, turbine flow, and turbine efficiency have slab dis-
tributions. As more variables have have non-informative prior,
diagnoses using such model becomes less accurate with a s
nificantly lower confidence. Table 3 shows the results of using
the Bayesian multiple model approach on data representing a d
graded gas turbine with a compressor flow fault. Compared witl
the new and clean diagnosis from Tab. 2, no model is distinc
tively more likely than others. Moreover, the model that repre-
sents the actual status of the turbine, model 961, has the seco
highest probability. Compressor discharge pressure appears fr
quently in the diagnoses because it is highly confounded witt
compressor flow and turbine efficiency.

Table 4 shows the results of Bayesian model averagin
(BMA) using Eqgn. (9) for the cases on a new and clean machin
and a degraded machine. The resultsgr, Xcg, XrF, andXrg
for all these cases are shown compared with the expected valu
, hew and clean for the first case and degraded for the secor

The Bayesian multiple model approach has been proven ef- case. The expected values of sensor biases are zero. For b
fective when the machines it is analyzing are new and clean and cases, the -2% shift in CF was correctly estimated. Howevel

5
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TABLE 4. SUMMARY OF DIAGNOSIS

Degraded Compressor
— Bayesian Model | BayesianModel
Cempressor Averaging - New & Averaging -
Flow Fault__ - Delta From Clean Gas Turbine Degraded Gas
7 Expected Turbine
! Units Delta StdDev | Delta Std Dev
CF % -1.90 0.20 -2.00 0.60
| | | CE % 0.00 0.30 0.10 1.10
a 1 b a 1 b TF % 0.10 0.60 -1.00 1.20
Compressor Flow Compressor Efficiency TE % 0.00 0.30 1.30 1.50
— — BCDP % 0.06 0.27 0.28 0.98
Degraded Turbine BTEX F 1.00 4.90 0.00 6.64
BDWATT % 0.00 0.33 -0.03 0.72
BCDT F -0.18 1.80 0.63 5.62
BWF % 0.00 0.10 0.00 0.34
| | BWA % 0.00 0.58 0.00 0.22
a 1 b a 1 b
Turbine Flow Turbine Efficiency
with either normal degraded flow or with a fault that causes &
FIGURE 5. DEGRADED GAS TURBINE IN BAYESIAN MULTI- reduction in the airflow lie in the slab region. From the perspec-
PLE MODEL CONTEXT tive of the Bayesian multiple model diagnostics, the same mode
represents both cases. The fault may not be detected, and the ¢
TABLE 3. MODELS WITH HIGHEST PROBABILITY - DE- turbine may be kept operating without any maintenance actior
GRADED WITH COMPRESSOR FAULT The value of the diagnosis is greatly diminished.
Model Probabiliyy Cumulative Variables With Slab Distribution Proposed Solution
Number robability Probability X X X B B B, B, B B, . .. s
cf Xce Xt Xt Beor Brex Bow Beor Bwe Bwa One of the strengths of Bayesian networks is its flexibility to
737 7.40 7.40 v ' v v . . . . .
061 - wos v v allow the integration of other observations into the algorithm to
609 663 070 v s enhance or improve its diagnosis. As an engineer performs diag
709 6.22 2693 v v v v nostics on a gas turbine, other observations are available whic
613 5.08 3200 v oY v may either change the perspective of the engineer or allow th
s 850 850 o g engineer to eliminate certain potential faults. Such observation
e e S o Y be, but t limited to, a fleet or unit degradation model
969 3.30 2223 v v v vV v C.an _e' ut areé not fimi ) ' N I g I
865 313 4535 v v v historical data, sensor calibration reports, vibration data, or phys
993 275 810 v v ical observations on the gas turbine. To address the previous

discussed issues, this paper proposes the integration of other c
servations into the Bayesian multiple model scheme in order t
improve the diagnosis confidence. This paper will focus on the
integration of a degradation model via onsite monitoring or his-
torical data and sensor calibration reports into the Bayesian mu
tiple model diagnostic algorithm for gas turbines.

BMA on a unit with large degradation detected a shift in TF and
TE from expected. Moreover, the confidence of the diagnosis de-
creases significantly with standard deviations on some variables
increased by a factor of five. Thus, as the unit degrades in time,
the accuracy and confidence of the diagnosis decreases.

For a new and clean gas turbine, without any prior informa- Bring In More Information. By integrating a degrada-
tion it is valid to assume that the health parameters are equal totion model, the prior assumptions of the component performanc
one and that none of the sensors is biased, and the spike distri-are changed such that the diagnosis method only needs to d
bution is located accordingly. However, a highly degraded gas tect deviations from the expected performance. Figure 6 show
turbine operates outside of the spike region even when the gasthe general expected gas turbine component degradation in ti
turbine is not experiencing any fault. The inaccurate diagnosis context of Bayesian multiple model diagnostics when a degrade
with low confidence is due to the use of slab distributions on tion model is integrated. The spike distribution shifts from being
multiple variables. centered around one to being centered around the expected le

In addition, the diagnosis cannot differentiate between of component degradation. This is analogous to changing th
degradation and fault. Figure 5 shows that both a compressor perspective such that a diagnosis is made in comparison with

6 Copyright © 2011 by ASME



normaly degraded gas tubine instead of a new and clean unit. Reduction of Number of Models. In addition to inte-
There have been attempts to build physics based modelsgfatiﬂg (_jegradation models which shift the estimate of the spik
of component degradation. However, the attempts had limited distribution of health parameters, there are observations abo
success in terms of accuracy. This limitation leads to empiri- the "health’ of the sensors that can be integrated. In its previ
cal based techniques of which there are two general concepts:0Us form, the Bayesian multiple model approach tests whethe
fleet based or unit based model. A fleet based model incorpo- €ach and every sensor has a bias. However, observations c
rates all, or a subset, of the historical data of a fleet, potentially be _made by engineers which would Ieed the engineer to trus
including fired hours, variation in operation type, and variation & given sensor measurement, or quantify what the bias is. O
in operating environment. These models provide a broad high ten, calibration reports are available to engineers on certain se
level estimate of the degradation, but often can have large un- of sensors. Analogous to the integration of degradation model
certainties [18]. When an event occurs for which diagnostics is these calibration reports provide an estimate on the magnitude |
required, the engineer would input the known operating hours as the bias in each. Sensor. Als_o, by integrating sensor calibration re
well as the operating environment, and the model would output a POrts when available, the diagnostic method does not need to te
estimate of the component degradation with a confidence bound. for the presence of an unknown systemic bias on a given sensc
From the perspective of Bayesian multiple model approach, this From the Bayesian multiple model perspective, the inclusion o

estimate would represent the spike distribution for each compo- calibration reports has a two-fold effect on a given sensor mez
nent as shown in Fig. 6. surement: 1) Shift of the spike distribution and 2) elimination of

the need for a slab distribution.

Degraded Compressor TEST CASES
= I The developed method is applied to two test cases whicl
Compressor ] show the advantages of using a degradation model and sens
Flowkault | calibration reports. The measurements in the following situation
2 <:| <:| are simulated using the Gas Turbine Performance (GTP) sof
— ware developed at GE [20]. A notional turbine with a significant
| | | | number of fired hours is used for the test cases. An approxima
a 1 b a 1 b model of the component health parameters as a function of fire
Compressor Flow  Compressor Efficiency hours was used to model the degradation [21]. As the numbe
_Degraded Turbine of fired hours increases, the confidence bound of the predicte
— ] value of the health parameters increases as a result other unmc
eled operation parameters [18]. When a health parameter has

old
new
old

Iy

z |:> z z <:| 3 value of one, this means that the performance of the correspon
= = ing component is the same as a new and clean unit. All sens
| | biasee are expressed as percentages of the yalues at_the des
- . . - T coedmon except fer the temperature sensor biases, which are
Turbine Flow Turbine Efficiency deviation from design condition.
FIGURE 6. DEGRADED GAS TURBINE IN BAYESIAN MULTI- Highly Degraded Unit With Compressor Flow Fault
PLE MODEL CONTEXT WITH SHIFT IN SPIKES In this case, there is a compressor flow fault of 2%. Hence

the value of the compressor flow is 2% less than the value ok

tained from the degradation model. All the other components ar

assigned values based on a highly degraded turbine. This case

A unit based model can be developed using similar tech- not indicative of actual situations seen in the field, but it provides

niques as the fleet based model or using a filtering technique sucha good measure of the changes to the diagnosis as a degradat

as a Kalman filter [19]. The sources of the uncertainty in the fil- model is integrated. The analysis is carried out with ten datz

tering based model are reduced to sensors and the model, withpoints. To capture the effect of daily temperature variation, eacl

the large unit-to-unit variation eliminated. When an event occurs data point represents the performance of the gas turbine at a d
for which diagnostics is required, the engineer would input the ferent ambient temperature.

last known ‘healthy’ data point as the probabilistic estimate of Table 5 shows the results of this test case of a highly de

the component degradation. graded gas turbine with a compressor flow fault with the degra

7 Copyright © 2011 by ASME



dation model. Model 513 is the most probable with a probahilit
of 23.45%, which is distinctively higher than the others. Indeed,
it is the right diagnosis because model 513 has a slab distribution
on only Xcr and represents the actual fault case. This is a sig-
nificant improvement from the case without a degradation model
in Tab. 3. The inclusion of the degradation model increases the
confidence in the most probable model by a factor of three in this
case.

TABLE 5. MODELS WITH HIGHEST PROBABILITY - WITH
DEGRADATION MODEL

TABLE 6.  SUMMARY OF COMPRESSOR FAULT DIAGNOSIS

Delta From Bayesian Model Bayesian Model Model 513 With
Degraded Averaging - No Averaging - With |Degradation Model
Expected Degradation Model | Degradation Model "Truth"

Units Delta StdDev | Delta | StdDev | Delta | 5td Dev

CF % -2.00 0.60 -1.950 0.20 -2.00 0.10

CE % 0.10 1.10 0.00 0.20 0.00 0.10

TF % -1.00 1.20 -0.10 0.50 0.00 0.10

TE % 1.30 1.50 0.10 0.70 0.00 0.20

BCDP % 0.28 0.98 0.00 0.46 0.00 0.06
BTEX F 0.00 6.04 0.00 4.03 0.00 0.57
BDWATT % -0.03 0.72 0.00 0.43 0.00 0.11
BCDT F 0.63 5.62 0.49 1.63 0.90 1.07
BWF % 0.00 0.34 0.00 0.18 0.00 0.06
BWA % 0.00 0.22 0.00 0.66 0.00 0.06

Cumulative Variables With Slab Distribution

Model -
Probability 5 opability

Number

Xce Xce Xt Xte Bcepp Btex Bow Beor Bwr Bwa
v

513
577
641
521
545
517
673
585
769
529

23.45
8.08
7.25
5.08
4.85
3.45
3.45
2.85
2.78
2.15

23.45
31.53
38.78
43.85
48.70
52.15
55.60
58.45
61.23
63.38

AN N N N NN NIEN

Table 6 shows the results of Bayesian model averaging
(BMA) using Eqgn. (9) for the cases without and with a degra-
dation model. The table also shows the results of running the
“truth” model (model 513) which had only a spike distribution
on Xce. Since the “truth model” represents the actual case, the
results from running only this model should provide the high-
est levels of confidence as shown in the standard deviation val-
ues. The results foXcg, Xce, Xte, andXtg for all these cases
are shown compared with the expected values from the degra-
dation model. The expected values of sensor biases are zero
For all the three cases, the -2% shift in CF was correctly esti-
mated. However, BMA without the degradation model detected
non-neglibible shifts in TF and TE. By including the degrada-
tion model, the estimated shifts in TF and TE became neglibible.
Moreover, the confidence of the diagnosis increased significantly
with standard deviations on some variables reduced by a factor
of five. Thus, by integrating a degradation model in a Bayesian
network of a highly degraded gas turbine, the network can de-
tect both the presence of and the magnitude of a CF fault while
reducing the chances of making incorrect diagnoses.

Highly Degraded Unit With CDP Sensor Bias
After the implementation of the degradation model, the ad-
vantage of the sensor calibration report is demonstrated in this

of 2%. All the other variables are assigned values based on

highly degraded turbine. Since the CDP measurement is used
control the gas turbine, an unknown bias in CDP would cause

shift in the performance of the gas turbine. This case will high-
light how the Bayesian multiple model approach can be used t
aid the engineer doing performance analysis in differentiating al
unknown sensor bias from a gas turbine fault. To illustrate this
point, three sub cases were analyzed: no sensor calibration infc
mation available, calibration reports for all sensors except CDF
and calibration reports for all sensors. When available, the cal
ibration reports indicated no bias in all the sensors other tha
CDP and a 2% bias in CDP. The second sub case, although n
completely realistic, demonstrates how the diagnosis improve
as models are removed from the network. Similar to the degra
dation model example, the third sub case will demonstrate how
shift in the spike distribution of a sensor improves the diagnosis
For all three sub cases it was assumed that there were 10 de
points available for each.

Tables 7 illustrates the results of the sub case when no se
sor calibration information is available. In this case, the Bayesial
network correctly finds that model 33, which has a slab distribu:
tion for Bcpp and spike for all others, is the most probable model.
The probability of the most probable model is 23.78% which is
slightly more than two times greater than the second most prob:s
ble model which has both a spike distribution for b8tpp and
TF. Given that all the models with sensor biases other than CD
have low probabilities, it can be assumed that these sensors ¢
be trusted. This assumption is analogous to sensor calibratic
reports on those sensors indicating no biases.

Table 8illustrates the results of the sub case where calibre
tion reports for all sensors except the CDP sensor are availabl
Similar to the case with no sensor information, the Bayesian net
work correctly finds that model 33, which has a slab distribution
for Bcpp and spike for all others, is the most probable model
with a likelihood of 49.25%. This model is now three times more

case. Here instead of a CF fault, there is a CDP sensor biaslikely than the second most likely model which again has both &

8

Copyright © 2011 by ASME



TABLE 7. MODELS WITH HIGHEST PROBABILITY - NO SEN-

model with the highest probability, which is increased by 7.3%
SOR INFORMATION KNOWN

from the case where no CDP information was known. In additior
to the increased confidence of the right diagnosis, the Bayesie

Vodel oy, Cumulaive Variables With Siab Distribution network finds a TF fault less likely by 6.25% compared with the
Number P10 probabity T woe Boor Brex Bow Beor Bur Bun previous case making the most likely model now four times more
33 2378 23.78 v likely than the second most likely model. The probability of a
fer 1100 3478 v Y TE fault remains nearly same. With the sensor calibration repot
97 6.83 41.60 v v . . . . .
" 453 613 . , included in the analysis, along with the degradation model, the
105 373 49.85 v v v diagnosis becomes much more confident from about 7% in Tal
37 355 53.40 v v 3t056% in Tab. 9.
545 3.23 56.63 v v
49 3.13 59.75 v '
225 2.60 62.35 ' ' v
6o 108 cass . . . TABLE9. MODELS WITH HIGHEST PROBABILITY - ALL SEN-
SOR INFORMATION KNOWN
spike distribution for botfBcpp and TF. However, the probabil- Model " propaiiry CUmulative Variables With Siab Distribution
. . . . Y Xce Xce Xtr X7e Bcop Brex Bow Bepr Bwr Bwa
ity of this model as well as that of the third most likely model, . e ppe
which has again has both a spike distribution for lBtpp and - 1355 7010 y
TE, both increase by around 6% from their values in the previous 120 10.13 80.23 v

sub case. To verify the presence of a TF or TE fault, the gas tur- 513 6.28 8651 v

bine has to be shut down, and the casing has to be opened, which %’ 893 9044 g
is a quite expensive job. Instead, the performance engineer can ;ij f:: 2223 , ’ ;
simply request a calibration report on the CDP measurement. 641 130 0717 v v
321 0.93 98.10 v v
385 0.55 98.65 v '
TABLE 8. MODELS WITH HIGHEST PROBABILITY - ALL SEN-
SOR INFORMATION EXCEPT CDP KNOWN
Model oy Cumulatve Variables With Slab Distribution Table 10 shows the results of Bayesian model averagin
Number Probabily  xee Xce Xt Xie Beoe Brex Bow Beor Bwr B (BMA) using Equation (9) for the CDP bias sub cases when nc
13631 ‘1‘222 :iz ) j sensor information was available and when all sensor calibratio
o 1513 2875 P information was available. The table also shows the results ©
545 6.00 g7 v y running the "truth” model (model 1) which did not test for the
225 3.50 88.25 v v v slab distribution for all sensor biases and shifted the CDP bia
289 3.35 91.60 v v spike to the biased value. Since the "truth” model represents th
Zj i; ZiZZ v , j j actual case, the results from running only this model should pro
600 Lo3 ws0 v Ly vide the highest levels of confidence as shown in the standar
353 150 98.30 v v deviation values. The results for CF, CE, TF, and TF for all these

cases are shown compared with expected values from a degrac
tion model. The expected values of sensor biases were 0, exce
for the CDP bias for the 2nd and 3rd sub case which expected

As the calibration report on the CDP sensor becomes avail- 2% bias in CDP. All three sub cases detect a large bias in CDI
able, the performance engineer runs the Bayesian network againHowever, the sub case with no sensor information known had
to refine its solution. Consider the calibration report indicating significantly lower confidence in the diagnosis of the CDP bias
a 2% bias in the CDP measurement. To accommodate this in- Additionally there was a small TF fault detected in this case. The
formation, the spike distribution of CDP bias was shifted to 2%. confidence of the diagnosis with all sensor information known is
Because the CDP bias is already considered in its probability very close to the sub case of the "truth” model. This example
distribution, the “truth” model for this case is the one with a shows that by integrating a calibration in a Bayesian network o
spike distribution for every variable. Table 9 illustrates the result a highly degraded gas turbine, the network can detect both th
from the case when the calibration information of all sensors is presence of and the magnitude of a CDP bias while reducing th
available. The Bayesian network correctly finds, again, the truth likelihood of incorrect diagnosis.
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TABLE 10. SUMMARY OF CDP DIAGNOSIS

state-of-the-art gas turbines, to enhance the diagnostics.

Bayesian Model Bayesian Model
Delta From Averaging - No Averaging - All Model 1 with
Degraded Sensor Information | Sensor Information | Degradation Model
Expected Known Known "Truth" REFERENCES
Units | Delta | StdDev| Delta | StdDev | Delta | std Dev [1] Balevic, D., Hartman, S., and Youmans, R., 2009. Heavy-

CF % 0.00 0.30 0.00 0.20 0.00 0.10 duty gas turbine operating and maintenance consideration

CE % 0.00 0.50 0.00 0.10 0.00 0.10 Technical report GER-3620L, GE Energy, Atlanta, GA,

TF % 0.10 0.40 0.00 0.20 0.00 0.10 November.

TE % 0.0 | 050 f 000 ] 030 ] 000 | 020 [2] Urban, L. A., 1973. “Gas Path Analysis Applied to Turbine
BCOP % 189 0.8 0 0. 0 0.8 Engine Condition Monitoring”Journal of Aircraft, 10(7),
BTEX F 0.00 1.92 0.00 0.58 0.00 0.57

BDWATT| % 0.00 0.41 0.00 0.12 0.00 0.11 pp. 400-406.
BCDT r 0.16 152 0.00 1.22 0.00 118 [3] Doel, D. L., 1994. “TEMPER-a Gas Path Analysis Tool for
BWF % 0.00 0.11 0.00 0.06 0.00 0.06 Commercial Jet Engines'Journal of Engineering for Gas
BWA % 0.00 0.11 0.00 0.06 0.00 0.06 Turbines and Power, 116(1), pp. 82—89.

[4] Provost, M. J., 1988. COMPASS: a generalized
ground-based monitoring system. Conference Proceeding
AGARD-CP-448, NATO, October.
CONCLUSIONS AND FUTURE WORK [5] Simani, S., and Fantuzzi, C., 2000. “Fault Diagnosis in

This paper presents the advantages of using additional in- Power Plant Using Neural Networks”Information Sci-
formation such as a degradation model and a sensor calibration ences, 127, pp. 125-136.
report in the offline fault diagnostics process for industrial gas  [6] Ganguli, R., Chopra, |., and Hass, D. J., 1998. “Helicopter
turbines in a steady state. The cases analyzed include a gas tur-  Rotor System Fault Detection Using Physics-Based Mode
bine with a compressor flow fault and a gas turbine with a CDP and Neural Networks”AIAA Journal, 36, pp. 1078—1086.
sensor bias. The present method successfully detects and iden-[7] Romessis, C., and Mathioudakis, K., 2006. “Bayesian Net-
tifies the magnitudes of the compressor flow fault and the CDP work Approach for Gas Path Fault Diagnosisiburnal of
sensor bias with a limited number of data points. As the compres- Engineering for Gas Turbines and Power, 128, January,
sor degrades over time, it is sensible to analyze the diagnostics pp. 64-72.
from the perspective of where it is expected to operate instead [8] Lee, Y. K., 2008. “A Fault Diagnosis Technique for Com-
of analyzing from the stand point of a new and clean gas turbine. plex Systems Using Bayesian Data Analysis”. PhD Thesis
The results indicate that the confidence of the diagnosis is greatly Georgia Institute of Technology, Atlanta, GA, May.
improved when a degradation model is used. With the help of a [9] Lee, Y. K., 2010. “A Fault Diagnosis Method for Industrial
degradation model, we can clearly differentiate between a fault Gas Turbines Using Bayesian Data Analysigaurnal of
and degradation in the gas turbine. Further, using a sensor cal- Engineering for Gas Turbines and Power, 132(4), April.
ibration report reduces the number of models to be tested and[10] Doel, D. L., 2003. “Interpretation of Weighted-Least-
hence the results show an improvement in the confidence of the Squares Gas Path Analysis Result3durnal of Engineer-
analysis. ing for Gas Turbines and Power, 125, pp. 624—633.

The future scope of the research includes enhancing the ac-[11] Aretakis, N., Mathioudakis, K., and Stamatis, A., 2003.
curacy of the diagnostics by testing it for other fault situations “Nonlinear Engine Component Fault Diagnosis from a
and sensor biases. In addition to verifying the performance on Limited Number of Measurements Using a Combinatorial
other computer simulated fault cases, future work will focus on Approach”. Journal of Engineering for Gas Turbines and
validating the diagnostic performance on real-life cases. A chal- Power, 125, pp. 642—650.
lenge here is identifying cases where a known fault or event has [12] Kobayashi, T., and Simon, D. L., 2003. “Application of a
occurred. Potential validation cases for an industrial gas turbine bank of kalman filters for aircraft engine fault diagnostics”.
could be events such as a compressor water wash or a hotgas path  In Proceedings of ASME TurboExpo 2003, ASME.
outage. In addition to verification and validation tests, the fidelity [13] Charniak, E., 1991. “Bayesian Networks without Tears”.
of the model can be enhanced, by including secondary flow faults Al Magazine, 12, pp. 50-63.
in the analysis. This would allow engineers to study the sensitiv- [14] Mitchell, T. J., and Beauchamp, J. J., 1988. “Bayesian Vari-
ity of the secondary flow assumptions in the diagnostics. The ad- able Selection in Linear Regressiodburnal of the Amer-
dition of secondary flows in the analysis may require integrating ican Satistical Association, 83, pp. 1023-1032.
other data such as vibration data and wheel space temperatureg15] Jaynes, E. T., 2003robability Theory: The Logic of Sci-
Since the multiple Bayesian network approach is so flexible, it ence. Cambridge University Press.
can leverage new tools, methods, and sensors developed for thg16] Wasserman, L., 2000. “Bayesian Model Selection anc
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