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ABSTRACT

Vibration monitoring is an important practice throughout regular operation of gas turbine power systems and, even
more so, during characterization tests. Vibration monitoring relies on accurate and reliable sensor readings. To obtain
accurate readings, sensors are placed such that the signal is maximized. In the case of characterization tests, strain
gauges are placed at the location of vibration modes on blades inside the gas turbine. Due to the prevailing harsh
environment, these sensors have alimited life and decaying accuracy, both of which impair vibration assessment. At the
same time bandwidth limitations may restrict data transmission, which in turn limits the number of sensors that can be
used for assessment. Knowing the sensor status (normal or faulty), and more importantly, knowing the true vibration
level of the system al the time is essential for successful gas turbine vibration monitoring. This paper investigates a
dynamic sensor validation and system health reasoning scheme that addresses the issues outlined above by considering
only the information required to reliably assess system health status. In particular, if abnormal system health is
suspected or if the primary sensor is determined to be faulted, information from available “sibling” sensors is
dynamically integrated. A confidence expresses the complex interactions of sensor health and system health, their
reliabilities, conflicting information, and what the health assessment is. Effectiveness of the scheme in achieving
accurate and reliable vibration evaluation is then demonstrated using a combination of simulated data and a small
sample of areal-world application data where the vibration of compressor blades during areal time characterization test
of anew gas turbine power system is monitored.
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1. INTRODUCTION

Compressor blades and turbine buckets of gas turbines are subjected to high cycle fatigue (HCF) failure. To prevent the
HCF failures, the vibratory stresses of these blades or buckets are carefully monitored during a factory characterization
test of a new gas turbine system. Vibration monitoring has two primary functional purposes. 1) it allows for validating
the system design and 2) it serves as a means to prevent possible excessive vibration induced damage to the system
components. For fulfilling these two goals, reliable and accurate sensor readings of vibration isimperative.

Blade or bucket vibration is typically of high frequency and exhibits a multitude of modes. Strain gauges attached to the
surface of blades or buckets are often used for measuring the vibration level. Due to the nature of high frequency
vibration and the harsh environment inside gas turbines, sensors are prone to fail or to give erroneous readings.
Suspicious or erroneous sensor readings may result in unnecessary turbine “trips’, i.e., the run is aborted. Thisresultsin
a longer test time, which in turn increases the testing cost. More importantly, faulty sensors may issue readings that
could mask true excessive vibration, thus preventing detection of impending damage to the system. Knowing the true
vibration level of the system al the time through effective validation of sensor reading is, therefore, essential and
required in general for successful gas turbine vibration monitoring, and in particular for successful factory
characterization tests.

Sensor validation can be accomplished through either hardware or software redundancy. For gas turbine blade vibration
monitoring, using redundant sensors would not only require more sensors and more data acquisition equipment, but
would also mean more channels of signals that need to be transmitted through the telemetry system. The telemetry isa
bottleneck for gas turbine factory tests due to the competition for limited space in the shaft of the gas turbine. Where
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data need to be transmitted to a remote monitoring site, additional restrictions are imposed on data transmission due to
bandwidth limitations

This paper investigates a dynamic sensor validation and system health reasoning scheme that intelligently integrates the
sensor readings from the sensor in question and — if required because either abnormal system health is suspected or the
primary sensor has gone bad —those from available “sibling” sensors as well. Sibling sensors are defined to be placed at
alocation that has a mechanical correlation to the sensor in question. The scheme determines the health of sensors and
integrates only information from validated sensors. We show how system health assessment can be accomplished in an
environment where any sensor can fail unpredicted.

Section 2 provides an overview of sensor validation and sensor fusion techniques. Section 3 describes the technical
approach, specificaly the feature extraction and confidence estimation. Section 4 demonstrates results from tests
performed and section 5 concludes with a discussion and final remarks.

2. BACKGROUND

Sensor Validation

A large number of sensors are used during the characterization tests of a gas turbine. These include thermo couples,
pressure sensors, mass flow rate sensor and the engine speed sensor as well as strain gauges that are mounted on blades
and buckets. These strain gauges are not expected to last very long due to the severe local environmental conditions. In
addition, they are impractical for prolonged use due to technical hurdlies surrounding the telemetry. It is therefore
crucial to determine whether a sensor is still producing valid results or not. It is even more important to distinguish
between sensor failure and system malfunction. A sensor validation scheme should fulfill the tasks of detection and
diagnosis. The former involves discovering a malfunction in a sensor while the latter can be subdivided into three
stages: localization (establishing which sensor has failed), identification, and estimation *. Given the vast number of
different sensors used, the sensor validation methodology needs to be flexible enough to accommodate the different
sensor configurations that are dynamically changing due to the sensors that could fail unpredicted.

Limit checking is one of the classical methods of checking the sensory data for outliers. The Algorithmic Sensor
Validation (ASV) filter 2 compares the difference between the sensor readings and the validated reading at the previous
sampling time to the maximum possible change that is possible. This maximum change can be obtained by looking at
the physical constraints of the system. For sensors whose output can be captured by a model, techniques such as
Kaman filtering can be used to create a validation gate that is the measurement space where the measurement will be
found with some (high) probability . Measurements that lie within the gate are considered valid while those outside are
too far from the expected location and thus are unlikely. Variants of this principle are fuzzy validation gates *.

Sensor values can be validated through comparisons with redundant measurement values. The redundancies of the
sensors can be characterized into two types. spatial redundancy and temporal redundancy. The spatial redundancy of a
sensor can be obtained through a redundant sensor or through a functional and logical relationship among the parameter
values measured by different sensors. The redundancy obtained by functiona relationship is often called anaytic
redundancy of which the parity space approach is a good example ° % . Temporal redundancy of a sensor value is
obtained by repetitive measurements of the sensor values at regular intervals. For sensors without direct redundancy but
related with a group of sensorsin a subsystem, the probabilistic approach of maximum a posterior (MAP) can be used.
Here, a multivariate Gaussian distribution for the sensor output is assumed and the sensor output is compared to the
parameter value that maximizes the probability distribution 2 More recently, neural networks ’ and kernel-based
techniques ® have also been used for modeling the relationship between sensors that are not direct redundant, but are
related for sensor validation purpose.

The validation scheme should also be able to check for other sensor faults such as sensor bias, and drift. Complete
malfunction (failure) of the sensors is relatively easy to detect, but when complete failure occurs, it can lead to
catastrophic events. Therefore, it is imperative to detect latent malfunctions in the sensor to predict the degradation in
sensor performance. To that end a diding window can be used. The statistical properties of the measurement residue
(difference between the sensor output and the fused estimated value of the parameter) can be used for this process. Itis
relatively ssimple to check for sensor bias when multiple sensors are present. The measurement residue ideally should be
zero mean, white and Gaussian. An estimate of the sensor bias can be obtained by looking at the mean of measurement



residue over a number of dliding windows. If the mean is non zero and remains constant then it can be attributed to the
biasin the sensor. This can be checked by atest of hypothesis that there is a change in the mean of measurement noise
over successive sliding windows °. The measurement residue can also be tested for whiteness and for variance 1 * & 12,

To detect slow variations in the sensor performance the drift test can be carried out periodically off-line °. For this a
steady state test which aims at determining whether the examined variables are in static or dynamic state is carried out.
For the drift test, the steady state test is first carried out for two different windows: small and large. If the steady state
test (utilizing the small window) detects a steady state for a duration equal to the large window and if for the same
duration the steady state test (utilizing the large window) detects a dynamic state, then a drift is present.

Data Fusion

Most single sensors cannot be relied on to deliver (acceptably) accurate information all the time. Further, associated
with any sensor is a set of limits that define its useful operating range. Unless these are taken into account incorrect
inferences might be drawn. Sensor signals are also inevitably corrupted by noise. Even when two or more sensors are
operating within their limits they may deliver results at the opposite end of the valid region. Fusing their measurements
can provide a more robust or reliable reading than that provided by any one sensor because signals tend to be correlated
between sensors whereas noise is uncorrelated.

The potential advantages of the synergistic use of multi-sensor information can be decomposed into four fundamental
aspects: 1) redundancy: reduced uncertainty and increased reliability in case of sensor error or failure, 2)
complementary information: multiple sensors alow features in the environment to be acquired using just the
information from each individual sensor operating separately, 3) timeliness: more timely information is obtained
compared to the speed at which it would be provided by a single sensor due to either the actual speed of operation of
each sensor, or the processing parallelism that may be achieved as a part of the integration process, and 4) less costly
information: in the context of a system with multiple sensors information may be obtained at a lesser cost when
compared to equivalent information that could be obtained from a single sensor *. It is therefore desirable to have a
methodology for fusing data obtained from diversified sources in a coherent fashion.

Data fusion has been tackled by several different methods. One of the simplest and intuitive general methods of fusion
is to take a weighted average of redundant information provided by a group of sensors and use this fused value. The
Kaman filter can be used to fuse low-level redundant data in real time by taking advantage of the statistical
characteristics of the measurement model to determine estimates recursively for the fused data that are optimal in a
statistical sense. In Bayesian estimation using consensus sensors ', sensor information that is likely to be in error is
eliminated and the information for the other ‘ consensus sensors' is used to calculate the fused value. The information
from each sensor is represented as a probability density function and the optima fusion of the information is
determined by finding the Bayesian estimator that maximizes the likelihood function of the consensus sensors. Durrant-
Whyte *° uses a multi-Bayesian approach, where each sensor is considered as a Bayesian estimator, to combine the
associated probability distributions of each respective feature into a joint posterior distribution function. A likelihood
function of thisjoint distribution is then maximized to provide the final fusion of the sensory information. In statistical
decision theory **# %", data from different sensors are subject to a robust hypothesis test as to its consistency. Data that
pass this preliminary test are then fused using a class of robust minimax decision rules. Dempster-Shafer evidential
reasoning *°, an extension of the Bayesian approach, makes explicit any lack of information concerning a proposition’s
probability by separating firm support for the proposition from just its plausibility. Fuzzy Logic *° used for data fusion
alows the uncertainty in the multisensor fusion to be directly represented in the fusion (inference) process by allowing
each proposition, as well as the actual implication operator, to be assigned a real number from O to 1 to indicate its
degree of truth. Production rule based systems % are used to represent symbolically the relation between an object
feature and the corresponding sensory information. A confidence factor is associated with each rule to indicate its
degree of uncertainty. Fusion takes place when two or more rules are combined during logical inference to form one
rule.

3. TECHNICAL APPROACH

3.1 Overall architecture
In this approach we perform sensor validation and system health reasoning by taking advantage of a host of
information. The information sources include strain gauge readings and extracted features, design limits, alarm



thresholds, strain gauge position (turbine section, blade, position on blade), and position of related strain gauges
(“sibling sensors’). The process flow of the sensor validation and the system health reasoning is as follows (Figure 1):
For each channel of interest, find al channels at the same turbine section on either the same blade but different position
or a different blade. Next, extract features both in the frequency and time domains. These features are then (after a
down-selection process) fed into a classifier. The output of the classifier is the sensor health status.
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Fig. 1: Sensor validation and system health reasoning process map
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After that, system health is evaluated. In this case, system health means the vibration status (i.e., whether or not the
vibration is over the design limit) of the blade or bucket monitored. Initialy, there is a check whether the sensor
readings fall above an alarm threshold. If it does not, the system is evaluated as working properly. If the threshold is
surpassed, confirmatory information is requested from associated sensors (“sibling” sensors). If these pass the health
test, their normalized amplitudes are aggregated to arrive at afina system health status and its associated confidence is
also estimated. If the base sensor was judged to be not healthy, system health still needs to be evaluated. In that case,
only healthy sibling sensors are used for evaluation using the procedure described above.



3.2 Feature extraction

Just like in any fault diagnosis, feature extraction is an important step in detecting sensor faults. Feature extraction is
essentialy to find the characteristics of the sensor signals, which can be used to distinguish faulty sensors from healthy
sensors. For atypical vibration signal analysis, features can be extracted from both frequency and time domains. For the
gas turbine characterization test under investigation, data analysis takes place at a remote location, which means there
are rather grict limitations on data transmission size. To ease the bandwidth restrictions, only frequency components of
the sensed signals were transmitted. Therefore, this study examines only frequency domain features. In particular, we
use primarily basic shape statistics as features to characterize a spectrum for sensor fault detection purpose. The shape
statistics include the centroid, the standard deviation, the skewness, and the kurtosis. Assuming f; and A are the i mode
frequency and amplitude, respectively, of a spectrum, the shape statistics of the spectrum are defined as follows .
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Another important feature is the normalized amplitude at each of the vibration modes. The vibration modes of a turbine
blade are the engineer’s predictions, which may not exactly match the real vibration modes, due to modeling error,
manufacturing tolerances, etc. To account for these uncertainties, we alow some dack in the description of the
vibration mode which will permit readings “in the neighborhood” of the designed frequency mode to be counted
towards the feature (Figure 2). Let { f;, A},i =1,...n bethefirst n predicted vibration modes (where n isin this specific

case a number around one dozen). The corresponding vibration modes with slack would be {f; A, A'},i =1..n,

where A isthe half width of the “ neighborhood” bin and A is the maximum amplitude of &l vibration modes inside

the i™ bin. The normalization takes place with respect to the predicted design limit of amplitude at the respective
frequency mode.
A00 T T T T T T

400 .

amplitude
5]
=
()
T

[a8)

=)

=)
T

100

n
D —/ | |
0 500 1000 1500 2000 2500 3000 3500
frequency

Fig. 2: Vibration mode bins



3.3 Classification

For the sensor fault detection case here, classification means the decision on whether the sensor performs normally or
abnormally based on the extracted features. There are a variety of classifiers, ranging from statistics-based methods to
those using soft computing technology, which can be used for sensor fault detection. Due to the fact that the specific
problem offered only few examples and the desire for a smple design with high interpretability, we use rule based
decision tree as the classifier. As fine-tuning performance becomes a bigger issue and more test cases (for both normal
and faulty sensors) become available, more sophisticated classifiers may be chosen.

3.4 Aggregation

The outputs of the individual healthy sensors are aggregated to arrive at the final decision about system health.
Depending on the hedlth status of the base sensor and the number of healthy “sibling” sensors, the aggregation is
performed “dynamically” as indicated in the system health reasoning process map in Figure 1. The final composite
amplitude representing the vibration level of the blade monitored is the maximum of the normalized amplitudes of all
healthy sensors. System health status is then determined by comparing the composite amplitude against the pre-defined
alarm threshold.

3.5 Confidence estimation
As a further decision support aid, confidence associated with the predicted status is estimated and provided to the
engineers. The confidence of the system health status varies depending on the following factors:

1) Number of healthy sensors available,

2) Different levels of preference/reliability of sensors at different locations,
3) Degree of closenessin sensor outputs,

4) Degree of conflict in sensor outputs,

5) Magnitude of the normalized amplitude.

In this study, we propose a confidence estimation method that is based on empirical quantification of each of the above-
mentioned factors. The confidence, C , associated with a predicted system health statusis calculated as

C=C, la By (5)

where, C, J[0,100] represents the base confidence reflecting the number of healthy sensors available and reliability
levels of different sensors (factors 1 and 2 above); a [0[0.75,1.0], £0[0.0,1.0],and y 0[0.9,1.0] are the three

confidence reduction factors representing factors 3, 4, and 5, respectively. A brief description of the four parameters of
Equation 5 is given below.

Base confidence C,

The number of healthy sensors available is an important factor in confidence determination. Without considering
conflicting and other factors, more healthy sensors generally yield a more reliable measurement of the true vibration
level, thus higher confidence on system health condition reasoning. For gas turbine characterization test, the reasoning
is performed typically based on three different sensors. Sensor 1 is defined as the base or primary sensor located at the
location of interest on the blade. Sensor 2 is defined to be located at the same position as sensor 1, but at different blade
of the same stage. Sensor 3 is defined as located at a different position of the same blade as sensor 1. To capture the
notion that more healthy sensors available lead to a higher confidence, we assign different levels of base confidence for
different number of healthy sensors, e.g., 100% if al three are healthy, 75% if only two sensors are healthy, and 50% if
only one sensor is healthy. Also, we would expect different relevance for the three sensors to the query posed. We
prefer sensor 1 the most since it is located at the location of interest. We also prefer sensor 2 over sensor 3 since the
location of sensor 2 is structurally similar to that of sensor 1 while sensors 3 and 1 are only correlated via analytical
relationship. Based on the number of sensors and individual sensor preference, the base confidence is assigned as
shown in Table 1. This base confidence is the maximally possible confidence level for the specific sensor combination
because several discounting factors are employed. For example, when only two sensors (sensors 1 & 3) are available
(case # 3 in the table), the maximum confidence is 75%. If only one healthy sensor is available, the maximum
confidence varies from 55% to 45%, depending on which sensor (1, or 2, or 3) isavailable.



Table 1. Base confidence assignment

Case#  Sensor Sensor  Sensor  Confidence
Gy
100%
85%
5%
65%
55%
50%
45%
0%
Note: “ +” in the table indicates a healthy sensor while“ 0" indicates a bad sensor.
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Degree of closeness &

Degree of closeness is used to capture the support among the healthy sensors when more than one sensor indicates an
over-the-limit vibration. We will demonstrate this using two illustrative example cases. The normalized amplitudes
given by three sensors are [0.85, 0.86, 0.85] for case A and [0.95, 0.86, 0.76] for case B. Let the aert threshold Th be
0.75. All three sensors in both cases give the same indication that the system vibration is over the limit. However, in
case A al three numbers are amost identical (more supportive) while the three numbers in case B are much more
different (less supportive). The close outputs from the individual sensors of case A lead to a higher confidence for the
final decision on system health. Thus, the degree of closeness factor is proposed to be a function of the maximum
difference among the normalized amplitudes of the individua sensors. A function capturing this relationship can be
defined as:

a=T,-— 1 (5. 0[0,1-Th) )

g 15%a T,

Where, T, andT, are empirically determined tuning parameters (here, T;=1.006 and T,=5.136); Th is the pre-defined
limit threshold; O, is the maximum difference among the normalized amplitudes. For the 2 example cases given
above, J,, s 0.01 and 0.19 for cases A and B, respectively. a attains maximum value of 1.0 when all available

sensors give exactly the same value of normalized amplitudes. @ is set to 1.0 when only one healthy sensor is available
or only one sensor shows the over-the-limit vibration. Thereisaso aminimum valuefor a (here, a = 0.75) to limit the
confidence reduction.

Degree of conflict 3

We frequently encounter conflicting indications from different sensors. That is, one sensor indicates an over-the-limit
vibration while another sensor shows that the vibration is below the limit. The conflicts would certainly adversely affect
our confidence on our fina decision on the vibration status of the system, i.e., the higher the degree of the conflict is,
the lower the confidence will be. Again we will use two illustrative examples (Figure 3). In both cases (cases A and B),
sensor 1 has normalized amplitude of 0.9, exceeding the specified design limit of 0.75, while sensor 2 in both cases
indicates a below-the-limit vibration. However, in case A, sensor 2 has amplitude of 0.7, which is dightly below the
design limit of 0.75. In case B, on the other hand, sensor 2 has the amplitude of 0.2, which is much below the limit.
Case B has obviously more severe conflict than case A does and a larger confidence reduction for case B should be
expected. We propose a degree of conflict to capture this notion. The degree of conflict factor, £, is defined as a
function of the maximum difference of the amplitudes between the conflicting sensors, as shown in Equation 7.

B=(01-0%)" (a0[o,1) (7
where, A isthe maximum difference of the amplitudes between two conflicting sensors, T; is a tuning parameter (here
T3 =1.8).

The degree of conflict factor, S, has a maximum value of one, which indicates a no-conflict situation. S can be close
to zero, but can never be equal to zero since A can not be 1 (A =1 indicates a bad sensor).
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Fig. 3: Two examples

When estimating confidence, we also take into account the absolute magnitude of the normalized amplitudes of the
sensors. We dlightly lower the confidence for the higher magnitude of the final predicted vibration level. The reason
behind thisis that higher magnitude more likely leads to a more critical decision, i.e., vibration exceeded or not, or even
more critical decision on if the system will be tripped or not. Similar to the other two factors, the level of magnitude
factor, y, isexpressed as afunction of the normalized amplitude, A, asin Equation 8.

1
V= T4 - e(‘3m\1+T5)

(A, 0[0,1])

where, T, and T, are the tuning parameter (here T,=1.005 and Ts=5.25). y hasavalue range from 0.9 to 1.0.

Figure 4 shows the function curves of the three confidence reduction factors, a, S,and y .
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To illustrate that the confidence estimation method indeed addresses all of the 5 issues (number of healthy sensors
available, different levels of preference/reliability of sensors at different locations, degree of closeness in sensor
outputs, degree of conflict in sensor outputs, and magnitude of normalized amplitude), we have calculated the
confidence value for a number of representative cases as shown in Figure 5, where the normalized amplitudes of the
three sensors are shown for each case (horizontal bar represents the alarm threshold). There are 5 subplotsin Figure 5,
each of which has two cases. By comparing the sensor outputs and the calculated confidence values (C in the figure) of
the two cases in each subplot, one can appreciate how different factors affect the confidence value. For example,
subplot 1 shows the effect of number of healthy sensors. The two cases in subplot 1 indicate that when one of the
sensors (sensor 2) fails, the confidence value reduces from 92.7% (case 1) to 69.5% (case 2), although the outputs for
the other 2 sensors remain unchanged. Similarly, subplots 2 through 5 are for the factors of different levels of
preference of sensors at different locations, degree of closeness, degree of conflict, and level of magnitude,
respectively.

4. APPLICATION

We applied the sensor validation and system health reasoning scheme to vibration monitoring during a factory
characterization test of a gas turbine. At the time of publication, only a small sample of data from initial test runsis
available which we will use to demonstrate the effectiveness of the sensor fault detection. For system health reasoning,
we have to rely on simulated cases to test the confidence estimation method.

Figure 6 shows the spectrum waterfalls of 2 correlated sensors that are placed at the same location of different blades.
Both sensors are in normal (fault-free) condition. As the turbine speed increases, the vibration frequency changes
linearly as indicated by the diagonal frequency band. Vibration amplitude and frequency components are very similar
between the two sensors. Figures 7 and 8 show the normalized amplitude waterfalls and peak-holds, respectively, for
the same two sensors under fault-free condition. Once again, both normalized amplitude waterfalls and the peak-holds
show strong similarity between the two sensors. However, when one of the two sensors fails during the middle of the
test, the normalized amplitude waterfalls (Figure 9) and the peak-holds (Figure 10) of the two sensors show hoticeable
differences. The shape statistics based features and the normalized amplitudes effectively detect the sensor failure.

amplitude

frequency frequancy

Fig. 6: Spectrum waterfallsfor two correlated sensorsunder fault-free condition

Figure 11 shows the simulation results of the system health reasoning. Each dot or circle in the figure indicates one
case. Sensors 2 and 3 have three condition statuses, i.e., sensor is bad, vibration is over the limit, and vibration is below
the limit, while Sensor 1 only has two condition statues, i.e., sensor is bad and vibration is over the limit. A total of 85
cases are generated to cover al different combinations of the condition statuses of the three different sensors. The
outputs (normalized amplitudes) of each sensor are randomly generated. Figures 11(a) through 11(c) show the
normalized amplitudes for three correlated sensors, respectively, where zeros in the value indicate faulty sensors
(sensors values were set to zero after a sensor fault is detected). Figure 11(d) shows the outputs of the system health
reasoning after aggregation of the sensor outputs. Figure 11(e) shows the confidence calculated using the proposed
method. It can be seen that the first 45 cases of the simulation generally have higher estimated confidence than the rest
of the cases. This is because the base sensor (sensor 1) is healthy for the first 45 simulation cases and went to bad
afterwards. One can also see from the figure that the estimated confidence value drops whenever conflicting outputs



between healthy sensors occur (Cases 6, 8, 13, 18, 26, and 51). In particular, Case # 26 has the lowest confidence
estimated. Here, sensor 3 is faulty while sensors 1 and 2 have the outputs (normalized amplitudes) of 0.97 and 0.03,
respectively, which is close to the most severely conflicting situation, thus yielding alowest confidence.
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Fig. 7: Normalized amplitude waterfalls for two correlated sensors under fault-free condition
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5. SUMMARY AND CONCLUSIONS

This paper introduced a sensor validation and system health reasoning scheme that integrates sensor readings from the
primary sensor and those from available “sibling” sensors. The sibling sensors are not directly redundant sensors but are
sensors that are placed at a location that is mechanically correlated to the location of the primary sensor. Due to
bandwidth limitations, not al sensors can be used at all times for validation. Rather, additional information will be



polled when suspicious behavior is encountered. In particular, additional information is requested when the primary
sensor malfunctions or when abnormal system behavior is encountered. Malfunction of the primary sensorsis indicated
by a classifier that uses statistical shape features to perform classification. A confidence measure expresses the degree
of closeness, the degree of conflict, and the level of magnitude in relation to the alarm threshold of the overall health
assessment.

Future work should expand the proposed scheme to cases without bandwidth limitation. It is expected that a continuous
confirmation of sensors lead to even higher fidelity of system health assessment. In general, there are a number of other
information sources available that could also be used to refine the estimated system status. This information includes
inlet guide vane position, exhaust gas temperature, etc.
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