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An IMM-GLR approach based on interacting multiple model (IMM) and generalized likelihood ratio (GLR) estimation
was developed to detect, isolate, and estimate gas turbine gas path fault (including abrupt fault and multiple faults) in the
underdetermine estimation conditions. In this approach, a model set representing gas turbine health condition and different fault
condition was established, and a corresponding bank of filters was designed. An IMM-based FDI algorithm based on these filters
is applied to detect and isolate fault, and a GLR estimation algorithm is used to estimate the fault severity. Then a model set update
strategy based on the diagnosed fault was proposed to enable the diagnosis of multiple faults. Several simulation case studies on a
marine gas turbine were conducted, and the results show that the IMM-GLR approach not only accurately diagnoses the abrupt
gas path fault and multiple gas path faults but also accurately estimates the severity of the detected fault in the underdetermine
estimation conditions.

1. Introduction

With increasing complexity of gas turbine, the requirement
for reliability and security is growing significantly and the
fault diagnosis is becoming a major issue in safety critical
component such as gas path component. The main causes
of component fault include fouling, erosion, corrosion, and
foreign object damage (FOD). These causes will result in gas
turbine performance degradation, further reduce its safety
and stability, and lead to decreased fuel economy as well as
increasing the operation cost. Gas path fault diagnosis can
detect and isolate possible fault and estimate the fault severity
and then help to develop a reasonable maintenance plan and
reduce maintenance costs and time [1].

Various gas path fault diagnosis approaches have been
developed and even applied to practice and achieve good
results. Based on the available knowledge of the gas turbine,
these approaches can be mainly divided into three categories,
namely, model based [2, 3], data-driven [4, 5], and expert
system [6, 7]. A detailed review of these approaches can be
found in [8–10]. Among them, the model based approach has
received extensive attention due to its good theoretical basis.
Model based approach is an analytical redundancy approach

and diagnoses the fault based on residual signal, which is the
difference between the observer and the gas turbine’s mathe-
matical model. And the most common approach for residual
generation is parameter estimation approach. A variety of
parameter estimation approaches have been developed, such
as Kalman filter and its derivative approach [2, 3, 11] and
particle filter approach [12].

Gas turbine gas path fault usually cannot be directly diag-
nosed through the measurement parameters. Instead, these
parameters are used to estimate the changes in component
performance parameters (such as mass flow and isentropic
efficiency) caused by gas path fault and then determine the
occurring fault by the performance parameters. Most of the
estimation approaches are developed based on the assump-
tion that the number of sensors is not less than the number
of performance parameters. However, due to the complexity
of gas turbine and the consideration of the installation cost
and difficulty of the sensors, the number of sensors in gas
path component is less than the number of the performance
parameters and presenting an underdetermine estimation
problem [13]. A common approach to address this shortcom-
ing is to estimate a subset of performance parameters, while it
can result in “smearing” the effects of unestimated parameters
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Figure 1: Diagram of the IMM-based FDI algorithm.

onto those which are estimated and in turn introduce error of
the estimated results [2].

Considering that the occurrence of a gas path fault only
caused changes in few of performance parameters, a multiple
model (MM) based diagnosis approach is developed. This
kind of approach does not directly estimate the performance
parameters; instead, it establishes a set of hypotheticalmodels
that represent the different conditions (including health and
different fault conditions) of the gas turbine and design a bank
of Kalman filters corresponding to these models and then
analyzes the residual of these filters to diagnose the occurring
fault [14]. The MM approach is pioneered by Magill [15]
and widely applied and promoted by researches [16–18]. So
far, the MM approach has been identified three generations,
including autonomousMM(AMM), interactingMM (IMM),
and variable structureMM(VSMM); a detailed description of
these approaches can be found in the literature [18].

In [14], the MM-based diagnosis approach is used for
the first time to detect and isolate the gas path fault of gas
turbine. And a modular and a hierarchical architecture is
developed which enables the detection and isolation of both
single faults as well as multiple concurrent faults in the jet
engine. In addition, the effect of the sensors failure and the
extensive levels of noise outliers in the sensor measurements
are analyzed.Then, aMM-based diagnosis approach based on
the extended Kalman filter (EKF) and the unscented Kalman
filter (UKF) is proposed in [19]. But the approaches developed
in [14, 19] are an AMM approach; the model set is fixed
and each filter operates individually and independently of all
the other filters; it impossible to establish all possible fault
models in advance. In [20], an improved MM approach is
developed which can adaptive generate the model set of next
level according to the diagnosis result of the previous level.
However, the MM approach for gas path fault diagnosis is
a fault detection and isolation (FDI) approach that cannot
determine the severity of the fault.

Therefore, in this paper, an approach based on inter-
acting multiple model (IMM) and generalized likelihood
ratio (GLR) estimation was developed to gas path diagnosis
to address the underdetermine estimation problem and

improve the performance of the MM-based approach. In this
approach, the interacting multiple model (IMM) algorithm
is used to consider the interaction between models to detect
and isolate gas path fault. And the generalized likelihood
ratio (GLR) estimation algorithm is used to estimate the
severity of the diagnosed fault. Then a new model set will
be adaptively generated according to the FDI and severity
estimation results and replaces the old model set to diagnose
the multiple faults. Finally, several simulation case studies on
a marine gas turbine were conducted, and the performance
of the framework for abrupt fault and multiple faults was
analyzed.

The remainder of this paper is organized as follows. In
Section 2, an introduction of the IMM-based FDI method is
presented.The generalized likelihood ratio (GLR) estimation
algorithm for gas path fault severity estimation is developed
in Section 3.Themarine gas turbine model and the case stud-
ies are described in Section 4. Section 5 presents the results
and discussions of these case studies, and the conclusions of
this paper are shown in Section 6.

2. The IMM-Based FDI Algorithm

Compared with the AMM-based FDI approach, the filters in
IMM-based FDI algorithm interact with each other which
lead to improved performance. The IMM-based FDI algo-
rithm is composed of a bank of Kalman filters operating in
parallel; each filter is based on a different model that repre-
sents the gas turbine healthy and different faulty condition.
The diagram of the IMM algorithm is shown in Figure 1; it
contains four major steps: (1) interaction and reinitialization,(2)model conditional filtering, (3)model probability update,
and (4) estimation fusion [18]. The first step is unique for the
IMM compared with the other MM algorithm.

2.1. Hypothetical Model of Gas Turbine. Gas turbine gas path
fault will cause the change of the component performance
parameters, such mass flow and isentropic efficiency. These
performance parameters are used in this paper to represent
different gas path fault. Therefore, in the IMM-based FDI
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approach, a set of hypothetical models that represent the
different conditions (including health and different fault
conditions) of the gas turbine are established. Assume that
the gas turbine linearized dynamic model is as shown in

𝑥𝑘+1 = 𝐴𝑥𝑘 + 𝐵𝑢𝑘 + 𝑤𝑘𝑦𝑘 = 𝐶𝑥𝑘 + V𝑘 (1)

where 𝑥 is the state vector, 𝑦 is the measurement vector, 𝑢
is the control input vector, and 𝑤𝑘 ∼ (0, 𝑄) and v𝑘 ∼ (0,𝑅) are independent discrete-time process and measurement
noises, respectively. To establish the fault hypothetical model,
introduce gas path fault indicators and add it to the model
[21], as shown in

𝑥𝑘+1 = 𝐴𝑥𝑘 + 𝐵𝑢𝑘 + 𝐸𝑓𝑘 + 𝑤𝑘𝑦𝑘 = 𝐶𝑥𝑘 + 𝐷𝑓𝑘 + V𝑘 (2)

where 𝑓 is the indicators of gas path fault and 𝑓 = ∑𝑞𝑖=1 𝑏𝑖𝑧𝑖,
where 𝑞 represents the number of possible gas path faults
in the gas turbine, 𝑏𝑖 represents the fault severity of the 𝑖th
fault, and it is a scalar. 𝑧𝑖 represents the location of the fault.
When the gas turbine is under the health condition, 𝑓 is
a 6×1 zero vector, while it is a 6×1 nonzero vector in the
event of fault occur. Extending the 𝑓 as control variable,
the hypothetical model can be established by giving different𝑓. Assume that there are 𝑀 (M=q+1) models in this set of
hypothetical models and the 𝑗 denotes a generic model in it.
Then the 𝑗th gas turbine linearized dynamic model can be
represented by

𝑥𝑗
𝑘+1
= 𝐴𝑥𝑗
𝑘
+ [𝐵 𝐸][[

𝑢𝑗
𝑘𝑓𝑗
𝑘

]] + 𝑤𝑘
𝑦𝑗
𝑘
= 𝐶𝑥𝑗
𝑘
+ [0 𝐷][[

𝑢𝑗
𝑘𝑓𝑗
𝑘

]] + V𝑘
(3)

As shown in (3), by extending the fault indicators to
control variables, gas path faults can be detected, isolated, and
estimated as actuator faults.

2.2. The IMM Algorithm. As mentioned above, the IMM
algorithm contains four steps and the first step is model
conditional reinitialization, which is unique for the IMM. It
is assumed that the system mode sequence is a first-order
Markov chain with transition probabilities 𝜋𝑖𝑗 = 𝑃{𝑚𝑗𝑘+1 |𝑚𝑖𝑘}, where 𝑚𝑖𝑘 denotes the 𝑖th model in effect at 𝑘. The state
estimate and filter covariance of each single-model based
filter will be reinitialized from time to time as shown in

𝑥(𝑖)𝑘|𝑘 = 𝑀∑
𝑗=1

𝑥(𝑗)
𝑘|𝑘
( 𝜋𝑗𝑖𝜇(𝑗)𝑘∑𝑀𝑗=1 𝜋𝑗𝑖𝜇(𝑗)𝑘 ) (4)

𝑃(𝑖)𝑘|𝑘 = 𝑀∑
𝑗=1

𝑃(𝑗)𝑘|𝑘( 𝜋𝑗𝑖𝜇(𝑗)𝑘∑𝑀𝑗=1 𝜋𝑗𝑖𝜇(𝑗)𝑘 ) (5)

where 𝑥 and 𝑃 are the values of the reinitialization state
estimate and filter covariance, respectively. 𝑥 and 𝑃 are the
values of the previous state estimate and filter covariance,
respectively. 𝜇 is the conditional probability which can be
recursively calculated by the Bayesian Law according to the
conditional probability value of the previous moment and
theGaussian probability density corresponding to the current
filter residual, as shown in

𝜇(𝑖)
𝑘 = 𝑓𝑦 (𝑦𝑘 | 𝑖, 𝑦𝑘−1) 𝜇(𝑖)𝑘−1∑𝑀𝑗=1 𝑓𝑦 (𝑦𝑘 | 𝑗, 𝑦𝑘−1) 𝜇(𝑗)𝑘−1 (6)

where 𝑓𝑦(𝑦𝑘 | 𝑖, 𝑦𝑘−1) denotes the conditional probability
density of the 𝑖th filter under the current measurement
parameters and 𝜇(𝑖)

𝑘−1
denotes the conditional probability

of the 𝑖th model at the previous moment. The Gaussian
probability density function is shown in

𝑓𝑦(𝑡𝑘)|𝑚𝑗,𝑦(𝑡𝑘−1) (𝑦𝑘 | 𝑚𝑗, 𝑦𝑘−1)
= 1
(2𝜋)𝑙/2 𝑆𝑗1/2 exp [−

12𝛾𝑇𝑗 𝑆𝑗𝛾𝑗] (7)

where 𝑙 is the dimension of the measurement parameters, 𝑆𝑗
is the innovation covariance, and 𝛾𝑗 is the innovation of the
filter.

2.3. Fault Detection and Isolation Scheme. In the IMM-based
FDI approach, the conditional probability of the hypothetical
model can be used as an indication of fault due to the fact that
it provides a meaningful measure of how likely each fault is at
a given time.Therefore, the fault can be detected and isolated
through the maximum probability criterion as shown in

𝜇(𝑗)
𝑘
= arg max
𝑖=1...𝑀

𝜇(𝑖)𝑘 > 𝜇𝑇 (8)

where the 𝜇𝑇 is a preset detect and isolate threshold. Equation
(8) indicates that the conditional probability of the 𝑗th hypo-
thetical model is maximum and larger than the threshold,
meaning that the 𝑗th fault has occurred. Finally, one cycle of
the IMM-based FDI algorithm used in this paper is shown in
Table 1, and the detail information of the IMM algorithm can
refer to [17].

3. GLR Estimation Algorithm

One of the important requirements of a gas path fault diag-
nosis is to determine the fault severity of the occurring fault.
However, the IMM-based FDI approach cannot determine
the actual fault severity due to it is a probability approach
and the direct estimate approach such as Kalman filter
based estimation approaches cannot be performed under
underdetermine condition.Therefore, a detection-estimation
approach (IMM-GLR) was proposed in this paper, the IMM-
based FDI algorithm is used to detect and isolate the fault,
and then the GLR estimation algorithm is used to estimate
the fault severity of the detected fault.
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Table 1: The IMM-based FDI algorithm.

Model conditional reinitialization (𝑖 = 1, 2 . . .𝑀)
𝑥(𝑖)𝑘|𝑘 = 𝑀∑

𝑗=1

𝑥(𝑗)𝑘|𝑘( 𝜋𝑗𝑖𝜇(𝑗)𝑘∑𝑀𝑗=1 𝜋𝑗𝑖𝜇(𝑗)𝑘 )
𝑃(𝑖)𝑘|𝑘 = 𝑀∑

𝑗=1

𝑃(𝑗)𝑘|𝑘 ( 𝜋𝑗𝑖𝜇(𝑗)𝑘∑𝑀𝑗=1 𝜋𝑗𝑖𝜇(𝑗)𝑘 )
Model conditional filtering (𝑖 = 1, 2 . . .𝑀)𝑥(𝑖)𝑘+1|𝑘 = 𝐴𝑥(𝑖)𝑘|𝑘 + [𝐵 𝐸] [𝑢(𝑖)𝑘 𝑓(𝑖)𝑘 ]𝑇�̂�(𝑖)𝑘+1|𝑘 = 𝐴𝑃(𝑖)𝑘|𝑘𝐴𝑇 + 𝑄𝐾(𝑖)𝑘 = 𝑃(𝑖)𝑘+1|𝑘𝐶𝑇 [𝐶𝑃(𝑖)𝑘+1|𝑘𝐶𝑇 + 𝑅]−1𝑥(𝑖)
𝑘+1|𝑘+1

= 𝑥(𝑖)
𝑘+1|𝑘
+ 𝐾(𝑖)
𝑘
[𝑦𝑘 − (𝐶𝑥(𝑖)𝑘+1|𝑘 + [0 𝐷] [𝑢(𝑖)𝑘 𝑓(𝑖)𝑘 ]𝑇)]𝑃(𝑖)𝑘+1|𝑘+1 = �̂�(𝑖)𝑘+1|𝑘 − 𝐾(𝑖)𝑘 𝐶�̂�(𝑖)𝑘+1|𝑘

Model probability update (𝑖 = 1, 2 . . .𝑀)
𝜇(𝑖)𝑘 = 𝑓𝑦(𝑦𝑘 | 𝑖, 𝑦𝑘−1)𝜇(𝑖)𝑘−1∑𝑀𝑗=1 𝑓𝑦(𝑦𝑘 | 𝑗, 𝑦𝑘−1)𝜇(𝑗)𝑘−1𝑓𝑦(𝑡𝑘)|𝑚𝑗 ,𝑦(𝑡𝑘−1)(𝑦𝑘 | 𝑚𝑗, 𝑦𝑘−1) = 1

(2𝜋)𝑙/2 𝑆𝑗1/2 exp [−
12𝛾𝑇𝑗 𝑆𝑗𝛾𝑗]

𝜇(𝑗)
𝑘
= argmax
𝑖=1...𝑀

𝜇(𝑖)
𝑘

Estimate fusion

𝑥𝑘+1|𝑘+1 = 𝑀∑
𝑖=1

𝑥(𝑖)𝑘+1|𝑘+1𝜇(𝑖)𝑘
𝑃𝑘+1|𝑘+1 = 𝑀∑

𝑖=1

𝑃(𝑖)𝑘+1|𝑘+1𝜇(𝑖)𝑘

The GLR method was proposed in [22], then it was
improved and modified in [23, 24]. The GLR method is a
detection-estimation method where the time of a fault is an a
priori information input to the estimation stage. It makes use
of the innovation sequences generated by the filters, and it can
estimate the time, location, and severity of the occurring fault
with a preset threshold. However, in the IMM-GLR approach,
the time and the location of the occurring fault have been
determined by the IMM-based FDI algorithm mentioned
above. So the detection process of the GLR will be removed
and it is mainly used to estimate the fault severity of the
detected fault in this paper and no longer needs the preset
threshold.

In the GLR, the linearity of the model, Kalman filter,
and additive nature of the fault are used to develop recursive
relationship between the innovation sequences generated by
the filter corresponding to the health model and the model
under different fault assumption. In this paper, this recursive
relationship will be derived for gas path fault severity estima-
tion.

Each fault, once it occurs, will influence the innovation
of the Kalman filter in different ways. In the absence of any
fault, the expected value of the innovation is close to zero
[23]. However, if the 𝑖th fault of severity 𝑏𝑖 is detected and
isolated at time 𝑡, the expected values of the innovations at
any subsequent time can be represented by

𝐸 [𝛾 (𝑘)] = 𝑏𝑖𝐺𝑓 (𝑘, 𝑡) 𝑧𝑖 (9)

where thematrix𝐺𝑓(𝑘, 𝑡) is referred to as the signature matri-
ces for the 𝑖th fault and 𝑡 denotes the time of the 𝑖th fault
detected.

In the GLR, the maximum log likelihood ratio of the 𝑖th
fault can be computed by

𝑇𝑖 = sup
𝑖

𝑡+𝑁∑
𝑘=𝑡

(𝜅𝑖𝑘)𝑇 𝑆−1𝑘 𝜅𝑖𝑘 (10)

𝜅𝑖𝑘 = 𝛾𝑘 − �̂�𝑖𝐺𝑓 (𝑘, 𝑡) 𝑧𝑖 (11)

where 𝑆𝑘 is the innovation covariance, 𝛾𝑘 is the innovation of
the filter corresponding to the healthy model, and �̂�𝑖 denotes
the estimation value of the detected fault severity 𝑏𝑖. Taking
derivative and setting to zero, �̂�𝑖 can be obtained by

�̂�𝑖 = 𝑑𝑖𝑐𝑖 (12)

𝑑𝑖 = 𝑧𝑇𝑖 𝑡+𝑁∑
𝑘=𝑡

𝐺𝑇𝑓 (𝑘, 𝑡) 𝑆𝑘−1𝛾𝑘 (13)

𝑐𝑖 = 𝑧𝑇𝑖 𝑡+𝑁∑
𝑘=𝑡

𝐺𝑇𝑓 (𝑘, 𝑡) 𝑆𝑘−1𝐺𝑓 (𝑘, 𝑡) 𝑧𝑖 (14)

where the 𝑆𝑘 and 𝛾𝑘 are given by Kalman filter directly. As
shown in (12)-(14), it needs to obtain the𝐺𝑓(𝑘, 𝑡) to determine
the value of �̂�𝑖. Consider the situation where the 𝑖th fault of
severity 𝑏𝑖 detected and isolated at time 𝑡, the model for all𝑘 ≥ 𝑡 as shown in

𝑥𝑘+1 = 𝐴𝑥𝑘 + 𝐵𝑢𝑘 + 𝐸𝑏𝑖𝑧𝑖 + 𝑤𝑘𝑦𝑘 = 𝐶𝑥𝑘 + 𝐷𝑏𝑖𝑧𝑖 + V𝑘 (15)

TheGLR estimation algorithm is based on the innovation
sequences generated by the filter corresponding to the health
model, and the model for gas turbine health condition is

𝑥𝑘+1 = 𝐴𝑥𝑘 + 𝐵𝑢𝑘 + 𝑤𝑘𝑦𝑘 = 𝐶𝑥𝑘 + V𝑘 (16)

So the expected values of the innovation of filter is

𝐸 [𝛾𝑘] = 𝐸 [𝑦𝑘 − 𝑦𝑘]
= 𝐸 [𝐶𝑥𝑘 + 𝐷𝑏𝑖𝑧𝑖 + V𝑘 − 𝐶𝑥𝑘|𝑘−1]
= 𝐸 [𝐶 (𝑥𝑘 − 𝑥𝑘|𝑘−1) + 𝐷𝑏𝑖𝑧𝑖 + V𝑘]
= 𝐸 [𝐶 [−𝐴𝛿𝑥𝑘−1 + 𝐸𝑏𝑖𝑧𝑖 + 𝑤𝑘−1] + 𝐷𝑏𝑖𝑧𝑖 + V𝑘]

(17)

Substitute (17) into (9), then (18) can be obtained:

𝐺𝑓 (𝑘, 𝑡) = −𝐶𝐴𝐽𝑓 (𝑘 − 1, 𝑡) + 𝐶𝐸 + 𝐷 (18)
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Table 2: Description of the gas path fault.

No. Fault description
1 Health H
2 Change in compressor mass flow𝑚𝑐 Fmc

3 Change in compressor efficiency 𝜂𝑐 F𝜂c
4 Change in compressor turbine mass flow𝑚𝑐𝑡 Fmct

5 Change in compressor turbine efficiency 𝜂𝑐𝑡 F𝜂ct
6 Change in power turbine mass flow𝑚𝑝𝑡 Fmpt

7 Change in power turbine efficiency 𝜂𝑝𝑡 F𝜂pt

where the 𝐽𝑓(𝑘 − 1, 𝑡) denotes the signature matrix for state
correction and is defined as

𝐸 [𝛿𝑥𝑘] = 𝑏𝑖𝐽𝑓 (𝑘, 𝑡) 𝑧𝑖 (19)

where the 𝛿𝑥𝑘 is the difference between the true value and
estimation value of the state variables, and it can obtained by

𝛿𝑥𝑘 = 𝑥𝑘|𝑘 − 𝑥𝑘 = 𝑥𝑘|𝑘−1 + 𝐾𝑘 [𝑦𝑘 − 𝐶𝑥𝑘|𝑘−1] − 𝑥𝑘
= [𝐼 − 𝐾𝑘𝐶] 𝑥𝑘|𝑘−1 + 𝐾𝑘𝑦𝑘 − 𝑥𝑘
= [𝐼 − 𝐾𝑘𝐶] 𝑥𝑘|𝑘−1 + 𝐾𝑘 [𝐶𝑥𝑘 + 𝐷𝑏𝑖𝑧𝑖 + V𝑘] − 𝑥𝑘
= [𝐼 − 𝐾𝑘𝐶] [𝑥𝑘|𝑘−1 − 𝑥𝑘] + 𝑥𝑘 + 𝐾𝑘 [𝐷𝑏𝑖𝑧𝑖 + V𝑘]
− 𝑥𝑘

= [𝐼 − 𝐾𝑘𝐶] [𝐴𝛿𝑥𝑘−1 − 𝐸𝑏𝑖𝑧𝑖 − 𝑤𝑘−1]
+ 𝐾𝑘 [𝐷𝑏𝑖𝑧𝑖 + V𝑘]

(20)

where 𝐾𝑘 is the Kalman gain of the filter corresponding to
the healthy model. Substitute (20) into (19), then (21) can be
obtained.

𝐽𝑓 (𝑘, 𝑡) = 𝐴𝐽𝑓 (𝑘 − 1, 𝑡) − 𝐾𝑘𝐺𝑓 (𝑘, 𝑡) − 𝐸 (21)

Therefore, the signature matrices for gas path severity
estimation can be computed using the recursive relations as
shown in (18) and (21), and then the severity of the detected
fault can be estimated using (12)–(14).

4. Description of Case Study

In this paper, the proposed IMM-GLR gas path faults
detection, isolation, and estimation approach was applied
to a marine gas turbine engine as shown in Figure 2. The
gas turbine engine mainly contains compressor, combustion
chamber, compressor turbine, and the power turbine. The 𝑃𝑖
and𝑇𝑖 in Figure 2 denote the inlet and outlet temperature and
pressure of these components, and 𝑤𝑓 denotes the fuel mas
flow.

Gas path faults will change the structure of components,
thereby changing the characteristics map, and then the gas
turbine performance will degrade, resulting in changes in
gas turbine performance parameters, such as the corrected
mass flow and the isentropic efficiency. In this paper, mainly
consider the following six performance parameters as shown
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Figure 2: Schematic of the marine gas turbine.

in Table 2, and the fault indicators Fmc, F𝜂c, Fmct, F𝜂ct, Fmpt,
and F𝜂pt are used to describe these faults. When a fault has
not occurred, the indicator is equal to one; otherwise the
indicator is not equal to one.

In this paper, the performance of the propose IMM-GLR
approach was demonstrated using the design point linearized
model of the marine gas turbine engine. The model can be
describe by

𝑥𝑘+1 = 𝐴𝑥𝑘 + 𝐵𝑢𝑘 + 𝑤𝑘𝑦𝑘 = 𝐶𝑥𝑘 + 𝐷𝑢𝑘 + V𝑘 (22)

In this model, the state vector 𝑥 = [𝑁1, 𝑁2, 𝑇3, 𝑃3, 𝑃4]
consists of gas generator speedN1 (rpm/min), power turbine
speed N2 (rpm/min), inlet temperature 𝑇3 (K) and pres-
sure 𝑃3 (Pa) of compressor turbine, and the inlet pressure
P4 (Pa) of power turbine. The measurement vector y =
[N1, N2, P2, T4], the P2 (Pa) denotes the outlet pres-
sure of the compressor, and the T4 (K) denotes the outlet
temperature of the compressor turbine. In this paper, the
hypothetical models are established by extending the fault
indicators to control variables, so the control vector 𝑢 =[𝑤𝑓, Fmc, F𝜂c, Fmct, F𝜂ct, Fmpt, F𝜂pt]. Given different indicator,
different fault model can be established. In addition, all
parameters in this linear model use the percentage change,
the sampling period 𝑇=0.02s, and the independent discrete-
time process and measurement noises covariance are Q =
(0.01)2I and R = (0.1)2I, respectively. Moreover, the matrices𝐴, 𝐵, 𝐶,𝐷 are as follows:
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𝐴 =
[[[[[[[[[

0.9842 −0.0112 0.0041 0.0175 −0.0119−0.0118 0.7575 0.0470 0.0354 0.08310.0226 −0.0022 0.9105 −0.0165 −0.00920.0799 0.0086 −0.1329 0.8907 −0.0121−0.0218 −0.1302 0.0091 0.2644 0.7407

]]]]]]]]]

𝐵 =
[[[[[[[[[

0.0058 −0.0193 0.0164 0.0060 0.0162 −0.0024 0.00360.0089 0.0003 −0.0049 0.0555 −0.0271 0.0398 0.07450.0506 −0.0009 −0.0238 −0.0282 −0.0043 −0.0103 0.00100.0883 0.0671 −0.0482 −0.1156 0.0022 −0.0208 −0.00190.0342 0.0348 −0.0199 0.3027 −0.0602 −0.2701 0.0507

]]]]]]]]]

𝐶 = [[[[[[

1 0 0 0 00 1 0 0 00 0 0 1.0449 0−0.1439 0.1278 1.1667 −0.3096 0.2466
]]]]]]

𝐷 = [[[[[[

0 0 0 0 0 0 00 0 0 0 0 0 00 0 0 0 0 0 0−0.0310 0.0092 0.0219 0.0097 −0.3015 0.0769 −0.0429
]]]]]]

(23)

Based on the linear model mentioned above, several
case studies of the proposed IMM-GLR based gas path fault
diagnosis approach were conducted. In the IMM-based FDI
algorithm, an initial model set which contains a health model
and 6 different fault models needs to be established, so a fault
detectable analysis was studied to determine the reasonable
initial fault severity for the 6 fault models. Then based on the
Monte-Carlo simulation, the performance of the IMM-GLR
approach for single gas path fault diagnosis was analyzed.
Finally, in the scenarios of multiple faults, a comparative
analysis of the performance of IMM-GLR approach and IMM
approach was conducted.

5. Simulation Results and Discussion

To evaluate the detection, isolation, and estimation perfor-
mance of the IMM-GLR approach, the following perfor-
mance measures are used in this paper: corrected detection
and identification (CDI), incorrect fault identification (IFI),
and missed detection (MD) [18]. The CDI denotes the model
that is closest to the actual condition of the gas turbine
which has a probability that is largest and exceeds the preset
threshold 𝜇𝑇. The IFI denotes the model with a probability
over 𝜇𝑇 which is not the one closest to the actual fault
condition of the gas turbine. The MD denotes the health
model with the largest probability and over 𝜇𝑇 while the
actual condition is faulty condition. Therefore, the larger the
CDI, the better the performance of the IMM-GLR approach.

In addition, the root-mean-square error (RMSE) of the fault
indicators is used to evaluate the estimation accuracy and is
defined as

RMSE (𝐹) = √ 1𝑁
𝑁∑
𝑖=1

(𝐹 − 𝐹)2 (24)

where 𝑁 denotes the number of Monte-Carlo simulation, F
denotes the actual severity of the simulated fault, and the 𝐹
denotes the estimation severity of the fault.

To avoid the conditional probability of the model close to
zero and change slowly when the fault occurs, a minimum
conditional probability 0.001 is set for each model in this
paper. And the preset detection and isolation threshold 𝜇𝑇 is
set to 0.98.

5.1. Minimum Detectable Severity Analysis. The design of the
model set has an important influence on the performance of
the IMM-based FDI approach, it is necessary to determine
the reasonable initial fault severity of each fault model.
Therefore, the minimum detectable fault severity of each
gas path fault is analyzed under four different initial fault
severities (-0.5%, -1%, -1.5%, and -2%), as shown in Table 3.
It can be seen from the table that the minimum detectable
severity of each fault increases with the increase of the initial
fault severity, so it needs to choose a small initial severity to
detect the partial fault. However, when the initial severity is
-0.5%, the corresponding detectable severity has slight effect
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Table 3: The minimum detectable severity of each fault under different initial fault severity.

Fault type Initial severity of the model set (%)
-0.5 -1.0 -1.5 -2

Fmc -0.3 -0.5 -0.8 -1.0
F𝜂c -0.4 -0.7 -1.1 -1.4
Fmct -0.3 -0.5 -0.8 -1.0
F𝜂ct -0.4 -0.5 -1.1 -1.5
Fmpt -0.5 -0.7 -0.9 -1.0
F𝜂pt -0.3 -0.5 -0.8 -1.0

Table 4: The initial model set of the IMM-based FDI algorithm.

Model set Corresponding control vector 𝑓(𝑖)

𝑖 = 1, 2, . . . 7
1# (health) [0 0 0 0 0 0]T
2# (Fmc=0.99) [−1 0 0 0 0 0]T
3# (F𝜂c=0.99) [0 − 1 0 0 0 0]T
4# (Fmct=0.99) [0 0 − 1 0 0 0]T
5# (F𝜂ct=0.99) [0 0 0 − 1 0 0]T
6# (Fmpt=0.99) [0 0 0 0 − 1 0]T
7# (F𝜂pt=0.99) [0 0 0 0 0 − 1]T
on the performance of the gas turbine, which may be similar
to the influence of the noise. Therefore, the chosen initial
severity of the fault in this paper is -1%, and the initial model
set of the IMM-based FDI algorithm is shown in Table 4.

In the Table 4, the initial model set contains 7 hypotheti-
cal models, one of which is the health model and the other 6
different fault models represent the 6 gas path faults. For each
fault model, the corresponding initial fault severity is -1%, so
for the 𝑓(𝑖) of each model, the element corresponding to the
fault location has a value of -1, while the other elements are
zero. At the initial time, assuming that the gas turbine is in a
health condition, so the conditional probability of the health
model is one, while the conditional probability of the other
hypothetical model is zero.

5.2. Single Fault Diagnosis Analysis. The proposed IMM-
GLR approach is a detection-estimation approach, where
the IMM-based FDI algorithm is used to detect and isolate
fault and the GLR is used to estimate the severity of the
detected fault. Figures 3 and 4 show the diagnosis result based
on the IMM-GLR approach in the scenarios of compressor
mass flow (Fmc) decreases 1.3% at t=5s. Figure 3 shows the
detection result which is the conditional probability of each
hypothetical model and Figure 4 shows the estimation result
which is the fault severity estimation of the detected fault.

As shown in Figure 3, when the Fmc decreases 1.3% fault
occurs, the conditional probability of health model decreases
to zero, while the probability of the model closest to the
actual fault (namely, the 2# model) increases and exceeds
the preset threshold (0.98), so that the Fmc fault is detected
and isolated. However, the IMM-based FDI algorithm cannot
determine the fault severity and only determine the location
and occurrence time of fault. So the GLR is used to estimate
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2# (＆Ｇ＝=0.99)
3# (＆＝=0.99)
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Figure 3: The conditional probability of the model set in the
scenarios of compressor mass flow decreases 1.3% at t=5s.

the severity and the estimation result is shown in Figure 4.
As shown in Figure 4, the severity of the detected fault is
accurately estimated by the GLR approach.

To evaluate the performance of the IMM-GLR approach
for single fault, Monte-Carlo simulation analysis is per-
formed. In this paper, perform 100 simulations for each fault
and the severity of the each simulation is in the interval [-
3%, -0.5%] and then analyzes the CDI, IFI, and MD for each
fault. The simulation results are shown in Table 5, where the
left side is the confusionmatrix of the FDI result and the right
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Table 5: Single fault diagnosis result based on the IMM-GLR approach after 100 Monte Carlo runs.

Fault Type FDI Result CDI IFI MD RMSE
Fmc F𝜂c Fmct F𝜂t Fmpt F𝜂pt No Fault

Fmc 100 0 0 0 0 0 0 1 0 0 0.0062
F𝜂c 0 100 0 0 0 0 0 1 0 0 0.0085
Fmct 0 0 98 0 0 2 0 0.98 0.02 0 0.0072
F𝜂ct 0 0 0 100 0 0 0 1 0 0 0.0075
Fmpt 0 0 0 0 93 0 7 0.93 0 0.07 0.0154
F𝜂pt 0 0 0 0 0 100 0 1 0 0 0.0562
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Figure 4: Fault severity estimation results based on the GLR for the
detected fault in the scenarios of compressor mass flow decreases
1.3% at t=5s.
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Figure 5:The severity of the simulated F𝜂c and the diagnosis result.

side is the value of the performance measures and the RMSE
of the estimated severity.

As shown in Table 5, the IMM-GLR approach accurately
detects and isolates the Fmc, F𝜂c, F𝜂t, and F𝜂pt faults during 100
Monte-Carlo simulations. However, 2 IFI occurs for Fmct fault
and 7MD occurs for Fmpt.The severity of the 100 simulations
and the corresponding diagnosis results of the Fmct fault and
Fmpt fault are shown in Figures 5 and 6, respectively. It can be
seen from these figures that the main cause of IFI of the Fmct
fault andMD of Fmpt fault is that the severity of the simulated
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Figure 6:The severity of the simulated Fmpt and the diagnosis result.

fault is less than corresponding minimum detectable severity.
Therefore, when the severity of the fault is larger than the
corresponding minimum detectable severity, both faults can
be accurately detected and isolated.

In addition, when the fault is detected and isolated, the
GLR is used to estimate the severity of the detected fault and
the RMSE is used to evaluate the estimation accuracy. The
RMSE of estimated severity corresponding to each fault is
shown in Table 5; it can be seen that the GLR approach can
accurately estimate the severity of all detected faults.

5.3. Multiple Fault Diagnosis Analysis. In practice, multiple
faults exist in which a second fault occurs during first fault.
In this scenarios, no model in the model set matches or is
close to the actual fault condition. Therefore, to maintain
the performance of the IMM-based FDI algorithm, it is
necessary to update the model set to diagnose multiple
faults after diagnosing the first fault. In this paper, the new
model set will be adaptively generated based on the IMM-
GLR approach. Here, only two different faults are considered
because the proposed approach can be applied to more faults
straightforwardly.

The IMM-based FDI approach can determine the loca-
tion of the occurring fault and the GLR can estimate the
severity of the detected fault. Therefore, a new model set will
be adaptively generated based on the location and severity
of the first fault. The initial model set contains a health
model (1#) and 6 different fault models (2#-7#), and the initial
severity of each fault is -1%.When the first fault is diagnosed,
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(a) Diagnosis result of multiple fault based on IMM-GLR approach
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(b) Severity estimation of the detected faults based on GLR estimation approach

Figure 7:Multiple faults diagnosis and estimation results based on the IMM-GLR approach in the scenarios of the Fmc decreases 1.6% at time
t=5s and the F𝜂pt decreases 2.3% at time t=15s.

the 7 models in the new model set should contain the first
fault on the basis of the old model set, and the corresponding
fault severity is the estimated severity𝐹. Particularly, the
severity of themodel corresponding to the first fault in the old
model setwill increase in the newmodel set to representmore
serious faults.Then the conditional probability, state estimate,
and filter covariance of the models in the new model set will
be reinitialized and continue to diagnose the next fault.

To better illustrate the multiple faults diagnosis process,
a case study is conducted. Figure 7 shows the multiple faults
diagnosis and estimation results based on the IMM-GLR
approach in the scenarios of the Fmc decreases 1.6% at time
t=5s and the F𝜂pt decreases 2.3% at time t=15s. As shown in
Figure 7, when the Fmc decreases 1.6% fault occurs at time
t=5s, the model (2# in initial model set) that is closest to the
fault is accurately detected and isolated by the IMM-based
FDI algorithm as shown in Figure 7(a), then the estimated

severity of the Fmc fault based on the GLR is -1.595%as shown
in Figure 7(b). After the first fault being diagnosed, themodel
set will update (updated model set 1) and the conditional
probability will be reinitialized. When the F𝜂pt decreases 2.3%
fault occurs at time t=15s, the model (7# in updated model set
1) that is closest to the fault is accurately detected and isolated
and the estimated severity of the F𝜂pt fault is -2.312%.Then the
model set will be updated again (updatedmodel set 2) and the
conditional probability will be reinitialized again.

It also can be seen from the diagnosis process shown
in Figure 7 that, in the proposed IMM-GLR approach, the
new model set is generated based on the estimated severity
of the diagnosed fault, which is different to the traditional
IMM approach. Figure 8 shows the comparison of the model
set change between the traditional IMM approach and
the proposed IMM-GLR approach in diagnosing the above
two faults. As shown in Figure 8, for the traditional IMM
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(a) Process of IMM-based FDI in the scenarios of the Fmc and the F𝜂pt fault
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Figure 8: Comparison of the diagnosis process between the IMMapproach and the IMM-GLR approach in the scenarios of the Fmc decreases
1.6% at t=5s and the F𝜂pt decreases 2.3% at t=15s.

approach, it can determine the location but cannot determine
the severity of the fault. Therefore, in the process of diagnos-
ing multiple faults, the change of fault severity in the new
model set is artificially given. In Figure 8(a), the severity of
the fault for each update of the model set is -1%, while the
updated process is consistent with the IMM-GLR approach.

By comparing these two diagnosis processes, to diagnose
the Fmc fault and F𝜂pt fault, the model set in the traditional
IMMapproach is updated four times, and there is nomodel in
each update model set exactly whichmatches the actual fault.
While the model set in the proposed IMM-GLR approach
only needs to be updated twice, each updated model set has a
model which exactly matches the actual fault. Therefore, the
IMM-GLR approach can not only estimate the severity of the
fault but also establish a more accurate model set to improve
the detection and isolation performance of the IMM-based
FDI algorithm.

To evaluate the performance of the IMM-GLR approach
for multiple faults, the Monte-Carlo simulation analysis is
also performed and compared with the traditional IMM
approach. In this case, perform 100 simulations for two
different faults and the severity of the each fault is in the
interval [-3%, -0.7%] and then analyzes the CDI, IFI, and
MD for the multiple faults. The first fault occurs at t=5s
and the second fault occurs at t=15s. For each simulation,
the IMM-GLR approach and the IMM approach are used
to diagnose the fault at the same time, and the diagnosis
process of multiple faults is referred to as the process shown
in Figure 8.

Figure 9 shows the severity of the first fault and second
fault in the 100 simulations, respectively. And it also shows the
diagnosis results of the first fault and the second based on the

IMM-GLR approach and the IMM approach. In Figure 9, the
CDI denotes that the fault is correctly detected and identified,
the IFI denotes that the fault is incorrectly detected and
identified and the MD denotes the fault is miss-detected.
As shown in Figure 9, the proposed IMM-GLR approach
significantly outperforms the IMM approach for multiple
fault diagnosis.

Table 6 shows the comparison of the diagnosis results
between the IMM-GRL approach and the IMM approach
in the multiple fault scenarios. Due to the fact that IMM
approach cannot determine the severity of the fault, it does
not evaluate the estimation accuracy performance of the
IMM. As shown in Table 6, for the IMM-GLR approach,
whether it is the first fault or the second fault, besides one
IFI, other faults are accurately diagnosed and the total CDI is
0.99. However, for the IMM approach, due to the fact that the
models in the generated model set cannot match the actual
fault very well, the CDI of the IMM approach is lower with
the increase of the number of faults and total CDI is 0.27.

Therefore, the IMM-GLR approach can improve the
matching degree of the model in the model set and the actual
fault condition by generating the model set based on the
estimated fault severity and further improve the detection
and isolation performance of the IMM-based FDI algorithm.
In addition, from the value of the RMSE in Table 6, the GLR
estimation approach can also accurately estimate the severity
of the detected fault in the case of multiple faults.

6. Conclusion

In this paper, a IMM-GLR approach was proposed to detect,
isolate, and estimate gas turbine abrupt gas path fault and
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Figure 9: Comparison of the diagnosis results between the IMM-GRL approach and the IMM approach in the multiple fault scenarios.

Table 6: Comparison of the diagnosis results between the IMM-GLR approach and the IMM approach in the multiple fault scenarios.

Evaluate Parameters IMM-GLR IMM
Total simulation 100 100
CDI number of 1st fault 99 81
CDI number of 2nd Fault 99 27
Total CDI 0.99 0.27
IFI number of 1st fault 1 12
IFI number of 2nd fault 1 66
Total IFI 0.01 0.66
MD number of 1st fault 0 7
MD number of 2nd fault 0 7
Total MD 0 0.07
RMSE 0.026 -
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multiple gas path faults in the underdetermine estimation
conditions. In this approach, the IMM-based FDI is used to
detect and isolate the gas path fault and the GLR is used to
estimate the severity of the detected fault. To evaluate the
performance of the proposed approach, several case studies
were conducted for a linear model of a marine gas turbine,
and the results show that the IMM-GLR approach can not
only detect and isolate single and multiple fault accurately
but also accurately estimate the severity of the detected fault,
and the estimated severity helps to establish a more accurate
model set and can further improve the performance of the
IMM-based FDI algorithm.
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