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The Local Model Network (LMN) is one of the common structures to model systems and fault detection and
identification. This structure covers the disadvantages of training in fuzzy systems and interpretations in neural
networks at the same time. But the algorithms that have been introduced to create LMN, such as LOcal Linear MOdel
Tree (LOLIMOT), are very sensitive to the dimension of input space. In other words, the search space and the number
of network parameters are increased exponentially by increasing the input dimension, which is called the curse of
dimensionality. Therefore in this paper, the LMN structure has been developed, and a new incremental algorithm has
been proposed which is based on Genetic algorithm and LOLIMOT algorithm that is called GLOLIMOT. The proposed
idea reduces and optimizes the search space dimension. The proposed idea and the conventional structure are tested on
single-shaft industrial gas turbine prototype model, which has high complexity and high dimension. The results indicate
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I. INTRODUCTION

Local Linear Models (LMNs) are popular models for the
systems identification and extracting the operating regions
(partitions). The LMN describes training data by interpolating
local models. The local models are polynomials that are
interpolated by validity functions [1]. Gaussian and Sigmoid
function are as the validity functions.

A. Survey over the Related Works

The design of the sub-models in the LMN is based on
divide and conquer strategy. Hence, this strategy such as
incremental partitioning has attracted more attention in recent
years. Incremental partitioning is in contrast to experimental
partitioning that requires prior knowledge. In other words,
incremental partitioning requires very little or no prior
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improvement in performance of the proposed structure and algorithm.

knowledge [2]. These methods break down each part of the
system into two smaller subsystems by partitioning and
considering criteria in each step. Then the linear model is
estimated for the two new local subsystems. In other words, a
local model is added to the number of local models in each
step. Popular partitioning strategies include axis-orthogonal,
axis-oblique partitioning.

A.1. Orthogonal Partitioning

This strategy uses orthogonal axis in parallel to axis of
input space for splitting. Fig. 1(left) represents the sketch of
this splitting for 2-D input space. LOcally LInear MOdel Tree
algorithm (LOLIMOT) [3, 4] and J&F algorithm [5] are the
pioneers of this partitioning. Although these two algorithms
are very similar, there are significant differences in the
estimation of the linear model parameters and the location of
the decomposition regimes. While LOLIMOT uses the
heuristic method to find parameters and it performs much
faster.



08
0.8 08

o7
0.6 06

U2 9.5

03
02 02

01

0 02 04 0.6 0.8 1 0 01 02 03 04 05 06 07 0F 09 1
C uy

Fig. 1. (left) Axis-orthogonal partitioning and (right)
Axis-oblique partitioning for 2-D input space

In the LOLIMOT algorithm, the decomposition of the
input space is determined by the local error. Also, unlike the
J&F algorithm, Local Models (LM) are easily estimated by
the weighted least square method. That's why LOLIMOT!'s
algorithm has become more popular.

Bénfer and Nelles [6] applied higher-degree polynomials
in LMs and named this algorithm, the POLYnomial MOdel
Tree (POLYMOT). In each iteration of this algorithm, there
are two options. Choice of either increase of complexity of
the worst LM or increase number of LMs with splitting of the
worst LM. Also, Nekoui and Sajadifar [7] have optimized the
nonlinear parameters of the validity functions by Particle
Swarm Optimization (PSO) optimization. Moreover, Mehran
[8] wused the PSO optimization to find the best
axis-orthogonal partition. The Expectation-Maximization
(EM) algorithm is also implemented to identify local models
by Rezaei [9]. Jakubek and Hametner [10] have optimized
and determined the splitting location by the generalized total
least squares and EM algorithms. Jakubek and Keuth [11]
used clustering for partitioning and the local model statistic
which approximates reliability of the obtained model to
reduce the computational cost with the lower number of LMs.
Sarabi-Jamab and N.Araabi have provided merge and split
strategy to decrease the number of LMs by using Piecewise
Linear Network (PLN) [12] and Simulated Annealing (SA)
[13]. Also, a nonlinear fault detection and identification (FDI)
of gas turbine basesd on deep neural networks and LMN is
presented in [14].

Recently, the neuro-fuzzy
Algorithms (GA) have been utilized widely. Karaboga and
Kaya have presented a review of Adaptive network fuzzy
inference and its training approaches in [15]. The optimal
division of the Piecewise Linearization for nonlinear function
approximation has been carried out by GA based on
clustering approach in [16]. Azimi et al.[17] have combined
adaptive neuro-fuzzy inference systems and genetic
algorithms to predict the discharge coefficient of rectangular
side orifices. Furthermore, in [18], GA and a Fuzzy Logic are
combined for network anomaly detection. The premise and
the consequence parameters of the adaptive neuro-fuzzy
inference system (ANFIS) are optimized with GA to control
MIMO systems by Lutfy et al. [19].

structures with Genetic
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A.2. Oblique partitioning

In this strategy, unlike axis-orthogonal partitioning, axis
splitting of input space is performed with an angle. Fig.
1(right) shows the sketch of this partition. Breiman [20] was
the first one who introduced this strategy with hinging
hyperplanes.

Further, Ernst proposed an algorithm based on LOLIMOT
in [21]. In every iteration of Ernst’s algorithm, nonlinear
optimization like gradient descent is performed to find
unknown parameters of the hinge function of the two new
LMs. Then Nelles added a series of steps to the LOLIMOT
algorithm and the Ernst algorithm, and named it HILOMOT
[22, 23]. The sigmoid functions are used Instead of hinge
functions as validity functions in HILOMOT. Obviously,
employing nonlinear optimization is necessary to reach the
optimal splitting of the input space[1].

In continues, Fischer [1] eliminated the numerical gradient
calculation and utilized quasi-Newton optimization to
increase the speed of nonlinear optimization. Hartmann and
Nelles [24] improved this algorithm by taking into account
the smoothness in the determination of validity functions.
They also combined the concepts of HILOMOT and
POLYMOT and called it HILOMOT + [25]. Xu, Xuang, and
Wange [26] used this strategy and the piecewise linear
model’s concept for control, prediction, and identification of
the dynamic system.

B. Similar Works

A lot of works has been done to identify and detect the
fault in the gas turbine up to now, that several effective cases
will be reviewed in continue.

In all papers, the number of input feature does not exceed
15 features. Furthermore, in most of them, there has been no
attempt to propose a nonlinear FDI method, while non-linear
identification is more appropriate due to the presence of noise
and uncertainty. For example [27] has used the classic
observer to detect faults in a gas turbine, but this approach is
applicable for linear systems not as the same as gas turbine.
[28] has considered the dynamic observer and neural
networks to detect sensor fault which faults were modeled as
step functions. [29] has used a neuro-fuzzy- method to detect
and isolate only two faults in gas turbine. In [30], four
incipient faults are considered, and the linear dynamical
identification has been used for FDI based on the observer. In
[31], a combination of MLP and LMN structures are
presented to robust FDI for the gas turbine in a steady state.
Also, every four faults are considered as the ramp function.

C. Our Approach

All of these algorithms have poor performance when faced
with high dimension in input space. Since the split and search
space is enlarged exponentially and consequently,
optimization becomes failed [1, 22-25]. Therefore, in this
paper, the LMN structure has been developed. In this
structure, only the size of split space is reduced by a matrix,



while the input dimension is complete for the linear model in
each LM. This matrix transfers the input data to new space
with smaller dimension. The GA has been used to optimize
the location of data in new space. In other words, this paper
unlike other methods doesn’t change the location of the
splitting, but it attempts to project the input in such a way that
it prepares optimal condition for the system's identification.
Therefore a new incremental algorithm is proposed to create
the developed LMNSs. Since the proposed algorithm is based
on GA and LOLIMOT; it is named GLOLIMOT.

In this paper, the proposed structure and algorithm are
tested for FDI on the single-shaft industrial gas turbine
prototype model. The simulated result illustrates the good
performance of the proposed structure and algorithm.

D. Paper organization

The paper is organized as follows: LMN and LOLIMOT
algorithm are reviewed in the next section. The developed
LMN and its training algorithm (GLOLIMOT) are introduced
in section III. Later, in section IV, the proposed structure is
utilized for FDI on the model of gas turbine, and its result is
compared with the conventional LMN. Finally, the
conclusion is offered in section V.

II. LOCAL LINEAR MODEL AND LOLIMOT
ALGORITHM

The neuro-fuzzy networks can be considered as a kind of
fuzzy model that is not designed by the expert entirely, even
at least, some parts are learned by data. In other words, the
neuro fuzzy networks are the fuzzy model that is drawn in the
structure of the neural network, and the concepts of neural
network training methods have been implemented on it.
Although many training methods were presented in continue
which were not related to neural networks, the name of
neuro-fuzzy networks has still retained for all fuzzy models
that have data-learning education[32].

The Local Linear Neuro-Fuzzy models (LLNF) are one
example of neuro-fuzzy networks. The local modeling
method is based on divide and conquer strategy. It means that
the complex problem is broken down into some simpler and
smaller sub-models to be identified easily with simpler
models such as linear models. The LLNF structure is called
too, the LMN, the Takagi-Sugeno fuzzy model, the Piecewise
Models, and Local Regression techniques [33]. The LMN is
presented in Fig. 2.
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Fig. 2 LMN structure [4]

The output of the LMN structure (¥), is obtained from

the weighted interpolation of M LMs (Eq. 1).
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Where u; is the i-th sample of the input vector. Also,

$;(.) is the linear part of the j-th local model, like the
consequent part of the j-th rule in the fuzzy structure. The
polynomials are the most common functions for this part.
This polynomial can be zero degree (constant), which is
similar to the mamdani fuzzy system or Normalize Redial
Base Function (NRBF) network. But the most popular option
is first-order polynomial (linear) [35 , 34]. So w; =

[wj,o U/ ...wj,p]T are its linear coefficients. This
coefficients vector are estimated by the weighted least
squares (WLS) method. The WLS solution of the rule
conclusion parameters is given by:

T Lo .
w,=(x"0x) X0,y . j=Ll..M )

Where X and Q are the regression matrix, and the
weight matrix respectively:
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@;(.) is the validity function of the j-th local model which
plays the role of rules in the primary part of the fuzzy
structure. It is created from the normalized membership
function (Eq. 5).
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Which u;(w;) is the j-th membership function that is
formed as Gaussian function (Eq. 6) by production in every
dimension.
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Where ¢;; and o;; are the center coordinate and the
individual standard deviation of Gaussian validity functions,
respectively. Figure 3 shows a Gaussian membership function

(a) and the normalized validity functions (b) for the two
inputs.

Fig. 3 (a) Gaussian membership function (b) the normalized
validity functions for the two inputs[32].

A. LOLIMOT algorithm

The LOLIMOT algorithm is an incremental tree method. It
means that the algorithm starts with a specific model and then
the worst local model is broken down into two local models
in each iteration. This action is done by orthogonal splitting
in axis of input space with local cost function and general
cost function criteria. After each splitting, the validity
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functions are calculated, and the local linear models have
adapted with the Weighted Least Squares (WLS) method.
Usually, Mean Square Error (MSE) is considered as the
general cost function (general error) (Eq.7) for solving
identification problems, while the local cost function (local
error) (Eq.8) is used to decompose models [4].

S a3l SO ) o

i=l

M ®)

Where i is the number of input and J; is the error of the

j-th local model.

The steps in the LOLIMOT algorithm are as follows:

Step 1: Start with an initial model

Step 2: Find the worst LM based on the max local cost

function (Eq.8)

Step 3: Break the worst LM
a. Splitting axis-orthogonal in each input dimension
b. Estimating the parameters of two new LLM by

WLS (Eq. 2)

c. Calculating general cost function (Eq.7) for each
splitting

Step 4: Select the best split based on the lowest general cost
function

Step 5: Check the stop condition and go to step 2 if the
condition is not met

B. The LMN and LOLIMOT Weakness

The learning ability of LMN is maintained properly with
the appropriate set of data in size and complexity. The
number of linear coefficients of the local model is related to
the input size linearly, and the number of local models is
determined by the complexity of the system. As the
complexity of the problem increases, the more local models
are required to cover the problem. Therefore the total number
of parameters increases exponentially. This inefficiency
results from both computational cost and the challenge of
fuzzy rules generation. In other words, the performance of the
algorithm is reduced greatly as the input dimension increases
[36].

III. INTRODUCTION OF PROPOSED STRUCTURE
AND ALGORITHM

One of the advantages of LMN is dividing the system into
smaller ones. By doing so, the complex system is divided into
several smaller sub-systems with less complexity. But as the
input dimension increases, the search space grows up to
generate the new rules. As a result, the performance of
partitioning algorithms such as LOLIMOT goes inefficient as
mentioned previously. To overcome this problem, the LMN
structure has been developed as G-LMN in Fig.4.



Fig. 4 Proposed structure (G-LMN)

In this figure, the G matrix reduces the size of the input
vector (u) to the search space (Z) to increase the speed of the
partitioning algorithm and also to rescues from the Curse of
dimension. However, all input feature directly is used to
construct the linear model in each local model, so that the
identification accuracy is not reduced.

This linear model is trained by the WLS method, but the G
matrix must be taken in such a way that: the new space is
suitable, the vector Z is not outside the interval [-1,1], the
identification error also decreases. Therefore, the genetic
algorithm is used to optimize and to improve the new space.
So, the fitness function of GA is defined as follows:

1
Fitnessfunction (u ) ——Zez (u )
2 i=1

+1 [max (1, laéx(z, )) - 1} -2 [min(—l, mm (z )) + 1}

This fitness function selects the G matrix with this
constraint: The first term reduces the identification error, 2nd
and 3rd terms hold the vector Z in [-1,1]. It means that if
there is an element in Z vector larger (smaller) than 1 (-1), its
cost will be raised by 2nd term (3rd term), and if all elements
in Z vector are smaller (larger) than 1 (-1), the 2nd term (3rd
term) will be omitted. Also A is the penalty parameter.

Furthermore, the initial population of the genetic algorithm
is 500 chromosomes, and the number of generations is 100
generations. Since the best chromosomes are saved in each
iteration, so each generation is in the line of the next
generation. For example, to create ten rules (neurons),
10*¥100 generations are run. On the other hand, each
chromosome has 144 genes. 144 is the number of elements in
G matrix (48*3=144). Hence the crossover function is
selected as Scattered. In this method, offspring are created by
combining the genes of parents among random points. The
mutation is also considered as Uniform with the rate of 0.01.

The proposed GLOLIMOT algorithm, which includes the
genetic algorithm based on the LOLIMOT algorithm, is
suggested as follows:

©)
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Step 1: Start with an initial model
Step 2: Find the worst LM based on the max local cost
function (Eq.8)
Step 3: Break the worst LM
a. Split axis-orthogonal in each input dimension
b. Start GA for each split
b.1. Load the last papulation
b.2. Estimate the parameters of two new LLM by
WLS for each population(Eq. 2 )
b.3. Calculating general cost function (Eq.7) for
each population
b.4. Find the best G-Matrix (Eq. 9)
Step 4: Select the best split based on the lowest general cost
function and save the best population
Step 5: Check the stop condition and go to step 2 if the
condition is not met

IV. SIMULATION AND RESULT

The case study in this paper is a laboratory model of
single-shaft industrial gas turbine Siemens V94.2, which is
developed at the ALSTOM-ABB POWER center in the UK.
This simulator generates the data set in four fault conditions
which have been validated by real measurements in
steady-state conditions [27]. The faults are as:

1. Compressor contamination fault

2. Thermocouple sensor fault

3. High-pressure turbine seal damage

4. Fuel actuator friction wear.

These faults incept at the 15-th second.

In this paper, the q., t;, p3, p; features are used as
model outputs to FDI based on other articles in this field [27,
30, 37, 38]. Furthermore, 16 sensor measurements with their
three dynamics (48 features totally), are considered as inputs.
The nomenclature of these feature are described in table 1.
The number of the input dynamics is based on trial and error.

In this way, 4 LMNs are considered for modeling outputs
as, ps in normal conditions, q. in faultl, Ty in fault2, and
P, in fault3. For a better comparison, the data set are applied
to both the proposed structure with GLOLIMOT and the

conventional LMN with LOLIMOT and HILOMOT
algorithm.
TABLEI

NOMENCLATURE OF INPUT FEATURE
a, val ve ang
ff fuel f1.
qc conpressor torg
i, i=23,67 ithsection (nodul e) tenper.
Di» i=237 ithsection (nodul e) pre:
m;, i=1s ithsection (npdul e) nass
Dt t urbi ne pone
Pa anbi ent presst
De conpressor pove
w; turbi ne angul ar .

The size of u vector and Z vector has been considered as
48 and 3 respectively in GLOLIMOT, whereas the size of u
vector and the size of Z vector are same and equal to 48 in
conventional LMN. Figure 5 shows Convergence behavior
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Fig. 5 Convergence behavior for GLOLIMOT and LOLIMOT

for GLOLIMOT and LOLIMOT and HILOMOT with respect
to number of local models. The size of dataset from the
transient state up to the steady state is 1287 samples in 16
sensors for each condition (normal and 4 faulty condition).
Whereas, three dynamic is considered for each sensor, so the
size dataset becomes 1287-by-48, which is selected as 70%
and 30% for train and test data randomly. Furthermore, two
other datasets from different operation points are generated to
evaluate the generalization of methods in the identification
part. The number of optimal local models and the MSE of

Table II , continued
HILOMOT
Number MSE MSE MSE
Models . . .

LM train validl valid2

LMN(1) — ps 15 4.4e-7 7.4e-6 S5e-6
LMN(2) — q¢ 12 7.3e-6 1.2e-4 3.4e-4
LMN(3) — t4 15 6.4e-7 1.3e-4 7.3e-4
LMN(4) — p, 15 2.6e-7 1.2¢-4 9.6¢-5

each LMNss for both structure are given in table II.

TABLE 11
MSE OF PROPOSED LMN AND CONVENTIONAL LMN
GLOLIMOT
Number Number Number Number
Models
LM LM LM LM
LMN(1) — p, 6 3.3e9 3.7e-6 4.1e-6
LMN(2) — q¢ 5 8.9¢-9 5.9e-5 1.6e-4
LMN(3) — t3 6 5.1e-9 1.6e-6 S5.le-6
LMN(4) — p, 6 1.6e-8 2.7e-5 4.5¢-5
LOLIMOT
Number MSE MSE MSE
Models . . .
LM train validl valid2
LMN(1) — ps 15 S5.4e-7 le-5 1.5e-5
LMN(2) — q¢ 12 9.3e-6 2.2e-4 34e-4
LMN(3) — t3 15 8.4e-7 2.3e-4 7.3e-4
LMN(4) — p, 15 3.6e-7 3.2e-4 9.6e-5

As shown in Fig. 5 and table II, HILOMOT has a relatively
better performance than LOLIMOT due to nonlinear
optimization in the generation of rule, but totally both have
failed due to the curse of dimension. On the other hands,
decreasing and optimizing the search space, reduces the
system identification error in the same number of local
models. In addition, the number of non-linear parameters of
each local model, such as the center and the variance of the
membership functions, has fallen from 48*2 to 3*2 (it means
about 90 parameters).

In other words, the required number of local models and its
parameters are greatly reduced by decreasing the size of
splitting space. Moreover, the MSE of the conventional LMN
is much greater. This is the same curse of dimension that
traps the fuzzy system.

The G matrix is obtained in table III. According to this
matrix, each dimension of Z space is created by combination
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the input features with different weights. Some features play
a bold role in some dimension as well as dim role in other
dimensions. For example, the last feature is more effective in
the first and second dimensions, but has less effect on the
third one.

TABLE II1
THE G MATRIX

0.0892 0.1964 0.1956
-0.1895  -0.158 0.0913
-0.1572 0.094 -0.2319
01791 02233 -0.103
0.0544 -01217 -0.0897
-0.0821 02357 -0.019
0.0363 -0.0359 -0.1173
-0.0179 02121 -0.2042
00116 0.0094 02374
-0.0569 -0.0767 0.0209
01848 0.1303 02216
-0.0221 -0.0155 0.2306
01048 01516 01074
-0.1192 -0.0819 -0.003
0.1889 -0.15 -0.1896
-0.0452 0.1121 -0.1001
0.0423 0.0479 -0.1492
0.0869  0.0001 -0.0871
01976 -0.0563 0.126
-0.2237 -01692 -0.2368
-0.2431 -0.2038 0.0595
-0.0539  0.0447 0.058
-0.0976 -0.0745 -0.0896
-0.0583 -0.2355 -0.2127
-0.2169 0.0875 -0.1528
0.0581 -0.0736 -0.0112
-0.0555  0.0143 0.0831
-0.1743 -0.24 -0.1596
-0.133  -0.1352 -0.0677
0.0778 -0.1467 02437
-0.1573  0.0328 -0.0086
-0.0535 0.1994 01321
-0.1946 0.1924 -0.101
-0.1811 01717 -0.1222
-0.2043 -0.1401 -0.1213
00175 -01277 -0.0178
-0.0861 -0.0519 0.1425
-0.0274 01788 -0.0444
-0.0087 02204 0.0188
0.0671 0.1683 0.0644
0.1836  -0.0055 0.157
0.0533 -0.1031 -0.0479

0177 0.1974 0.1099
0.1521 -0.0384 -0.0314
-0.1991 -0.1625 -0.2054
-0.0075 0.145 0.1487
0.0329 02467 0.131
0.1823 02188 0.0343

International Journal of Industrial Electronics, Control and Optimization O] 521 Y 6{0 BEXY

A. Fault detection

In order to detect the faults, the calculation differences
between G-LMN and the main system is necessary that is
called residuals. On the other words, the faults can be
detected by comparing the variation of the residuals. The
residuals are shown by (R1, R2, R3, R4) in Fig. 6. Also, the
residuals with applying different faults are presented in Figs.
7-10. According to these figures, each fault causes different
variations and signature in the residuals ( S; ). This
characteristic is utilized to isolate faults in the next
sub-section.

P
X Qc
System t

G-LMN(1) P30 RI

1

G-LMN(2) qc|—o1—R2

!

48

L G-LMN@3) t: ——0

signature detection

H]
S
-2
=
]
2z
=
=
«
=

~G-LMN(@4) P

Fig. 6. The proposed combined structure of DNN and four
proposed LMNs
Since the un-modeled disturbance and noise are the main
enemy of FDI, Utilizing constant thresholding and adaptive
thresholding are common ideas to reduce this malfunction.
The thresholding method creates a band around the residuals
to decide whether a fault occurred or not as follow:

<R (1) <Th

10
>R (1)orR (1) >Th, (10)

0 if Th

V()=

1 if Th

Lower

Where 9 is the fault signature. Since simple thresholding
(constant Th ) increases the false alarm rate (Eq. 12),
therefore the adaptive thresholding method is used to detect
fault occurrences in this paper. Hence Th can be defined as
follow:

hUppe’_/Laww_ = mR i?]SR , n=Llor 2or.. (11)

Where m and S are mean and Standard deviation of
residuals and 7 is a tuning parameter which can be chosen
as 1, 2 or 3. Moreover, the False alarm rate is the one of the
criteria which is used to evaluate the performance of fault
detection. The lower this rate, the higher performance. The
false alarm rate is given by:

NF
False Alarm rate = 7 (12)

Where N is the total number of data in a class and NF is
the number of data samples of the same class which detected
as other class incorrectly. Thus, table IV shows the fault
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inception time and the fault detection time and the false alarm
rate in GLOLIMOT and LOLIMOT.
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TABLE IV
FAULT DETECTION RESULTS
GLOLIMOT LOLIMOT
Fault inception| Detection False alarm| Detection False alarm
time(s) time(s) rate(%) time(s) rate(%)

Faultl 15 15.60 10.42 16.12 22.73
Fault2 15 15.60 12.83 16.12 19.86
Fault3 15 15.60 8.1 16.12 17.2
Fault4 15 15.60 6.5 16.12 14.47

Table IV shows that the detection time and false alarm rate
with GLOLIMOT are lower than LOLIMOT. The cause of
improvement is more
GLOLIMOT.

B.  Faultisolation

Different variations and signature (S;) in the residuals in
Figs. 7-10 are useful to identify and isolate faults. Table V
shows these signatures. The signs 17 and | mean that the
residual is non-zero and oriented towards the upper or lower
threshold. In other words, the sign — indicates that the
residual is close to zero. This table shows that any fault will
make a unique signature in the residuals. So fault isolation
was done with taking these sign into consideration. Hence,
the fault isolation percentile is shown in a confusion matrix in
table VI for GLOLIMOT and table VII for LOLIMOT for the
test phase.

accurate identification  with

TABLE V
SI BASE UNITS
Faultl Fault2 Fault3 Fault4
S1(signature of R1) l - T l
S2(signature of R2) — i) T i)
S3(signature of R3) l - T -
S4(signature of R4) l l — l




TABLE VI
CONFUSION MATRIX FOR FAULT ISOLATION (%) - GLOLIMOT
Predicted
Faultl | Fault2 | Fault3 | Fault4 |No class
Faultl | 80.21 1.8 17.41 0 0.57
Fault2 4.9 81.11 0 12.28 1.70
Actual
Fault3 | 0.51 0 97.3 1.14 1.04
Fault4 0 0.2 1.7 97.49 0.60
TABLE VII
CONFUSION MATRIX FOR FAULT ISOLATION (%) - LOLIMOT
Predicted
Faultl | Fault2 | Fault3 | Fault4 |No class
Faultl | 60.24 18.35 14.47 5.31 1.62
Fault2 | 12.41 61.72 8.45 15.26 2.15
Actual
Fault3 | 7.18 5.38 75.62 10.14 1.67
Fault4 | 3.36 2.59 591 86.84 3.29

By comparing tables VI and VII, the higher performance of
GLOLIMOT than the LOLIMOT is clear. Table VI illustrates
that almost all classes of conditions are separated with
acceptable accuracy. Also, the percentage of non-class is
located in the last column. Misdiagnosis or non-recognition
of a class may be due to closeness or subscription of residual
signs.

V. CONCLUSIONS

In this paper, an extended Local Linear Model (LMN)
structure is presented that is useful to identify the high
dimensional system. Hence, the space of the linear model
differs from the splitting space (nonlinear part) in each local
model. In other words, the size of splitting space is reduced
by a matrix. Also, an incremental algorithm is proposed for
creating the LMN and optimizing the matrix. This algorithm
is based on two algorithms as Genetic algorithm and LOcal
LInear MOdel Tree which has named GLOLIMOT.

We applied our algorithm to the gas turbine which is a
system with high complexity and high dimensionality. This
paper has attempted to Fault Detection and Identification
(FDI) of this system based on the proposed structure and its
algorithm. It has been shown that applying the proposed idea
not only reduces both the number of local models and the
number of parameter of each local model, also greatly
improves the training accuracy.

The reasons for the improvement of our performance is the
reduction of search space and project the input space to the
new optimal space by GA. On the other hand, use of all
information (all features) to model in local linear models,
helps to more accurate identification. In continue, by
comparing the simulation results of the proposed idea and
conventional LMN, it can be said that FDI with the proposed
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structure is more sensitive to the faults. Since this method is
offered in the presence of noise, it can be used in industrial
gas turbine software applications, especially when
measurements are unreliable due to noise and uncertainties.
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