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Abstract: A model and real-time simulation of a gas turbine engine (GTE) by real-time tasks (RTT) is
presented. A Kalman filter is applied to perform the state vector identification of the GTE model.
The obtained algorithms are recursive and multivariable; for this reason, ANSI C libraries have been
developed for (a) use of matrices and vectors, (b) dynamic memory management, (c) simulation
of state-space systems, (d) approximation of systems using equations in matrix finite difference,
(e) computing the mean square errors vector, and (f) state vector identification of dynamic systems
through digital Kalman filter. Simulations were performed in a Single Board Computer (SBC)
Raspberry Pi 2® with a real-time operating system. Execution times have been measured to justify
the real-time simulation. To validate the results, multiple time plots are analyzed to verify the quality
and convergence time of the mean square error obtained.
Keywords: gas turbine model; Kalman filter; real-time; identification; single board computer;
time constraints

1. Introduction
A digital filter is a hardware or software used to reduce the noise in the data of a system, extract
information, or predict and rebuild the behavior of a system [1]. In [1,2], two basic areas in digital
filtering theory are presented: estimation and identification. Depending on the time evolution interval k,
in which the digital filter works, three filter actions are defined: reconstruction, filtering and prediction.
A Real-time System (RTS) interacts with a known dynamic environment, during a certain instant
of occurrence µk of the physical world, and the system output depends on the input through a
processing intrinsic time ε [3], and it must be completed into a sampling time of the dynamic process [4].
The interaction between RTS and dynamic processes takes place through the detection of the system
variables with the use of transducers like semiconductor devices. The sensed signals may be affected
by internal and external noise causing measurement errors. Filtering techniques can be added in
the RTS, integrating an architecture that can be used in industrial processes interactions, according
to [5,6]. One of the most widely used dynamic filters that performs estimation and identification is
the Kalman filter (KF); its digital version is described as an adaptive iterative algorithm designed
to identify the state vector of state space linear systems. The real-time implementation of this filter
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requires an analysis of the time constraints imposed by the system. The correct characterization of
these restrictions in addition with the recursive form of the algorithm enable the real-time simulation.
In the last decades, the application of gas turbines has demonstrated a significant growth [7].
These engines are principal drivers for electricity production and are widely used in oil platforms,
chemical plants, gas stations, and so on. Air transport is another large area of application, where a
turbofan is a main engine type. Being relatively light and compact, aircraft gas turbine engines
provide high power and efficiency. To have the best performances, the engine must operate near its
limits at all operating modes. To this end, an engine control must be accurate. The enhancement of
an engine control system makes control laws more complex, and mathematical modeling becomes
increasingly useful in the development of such a system [8]. Under contradictive demands of high
engine performances, reliability, safety, and low maintenance costs, the use of developed diagnostic
systems becomes an effective strategy. The development and operation of these systems are also based
on different mathematical models [9,10]. Nonlinear dynamic physics-based engine models are too
complex and slow to be used in on-board control and diagnostic systems. Instead, linear dynamic
models and Kalman filtering operating in real time are widespread [8,9].
In this paper, a real-time implementation on a Single Board Computer (SBC) of a Kalman digital
filter applied to the hybrid dynamic model of a turbofan engine is proposed. The objective is to closely
examine a real-time operation of the filter. The execution time is verified at each time instance and
under the conditions of a specialized computer similar to an engine control processor. This examination
allows us to draw a sound conclusion whether the filter and model can be implemented in real on-board
engine and aircraft systems. To our knowledge, such a strict verification is novel.
The mathematical model corresponds to a linear discrete time stochastic dynamic system expressed
in a state-space form. For the experimental results, a Raspberry Pi 2 Model B® was used. This computer
has a quad-core ARM Cortex-A7 CPU at 900 MHz, graphics processor Video-Core IV and 1 GB RAM.
A strong contribution is a real-time implementation details of the digital Kalman filter; including the
development of a library in C language for RT-Raspbian® .
The rest of this paper is organized as follows. Section 2 presents the gas turbine engine models.
Section 3 shows the hybrid dynamic model for a gas turbine. In Section 4, a real-time simulation
of a gas turbine engine is introduced. Section 5 presents the state vector identification using an
embedded version of the Kalman filter. In Section 6, a real-time response analysis is presented. Finally,
the conclusions are provided.
2. Gas Turbine Engine Models
2.1. Analyzed Engine
The engine simulated and analyzed in the present paper is a turbofan for a passenger airplane
with two ducts (gas paths), as shown in Figure 1. In the first duct (internal), input air is compressed
by a fan, booster, and a high-pressure compressor (HPC). The compressed air goes to a combustor
where liquid fuel is burnt, producing a great volume of high temperature gas. The combustor converts
chemical energy of the fuel into kinetic energy of the high-temperature gas. A high-pressure turbine
(HPT) drives the HPC, while a low-pressure turbine (LPT) rotates the fan. In the second duct (external),
air is compressed by the fan, mixed with the LPT exhaust gas, and then extended in a common nozzle,
thus producing engine thrust. The turbofan scheme in Figure 1 also shows the points of cooling air
intakes and supplies. Additionally, the scheme includes simulation stations between the components
at which engine gas path variables are computed in the thermodynamic model described in the next
subsection. A part of these simulated variables that are employed in the present paper is shown in
Table 1.

nl [rpm]
nh [rpm]
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Figure 1.
1. Turbofan
scheme.
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model
of the analyzed
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engine
was developed
according
the
engine structure in Figure 1 and the principles described below. This model consists of nonlinear static
and dynamic models.
2.2. Nonlinear Static Model
One of the first descriptions of a gas turbine thermodynamic models can be found in [11]. They are
also well described in [12]. A part of the thermodynamic model, nonlinear static model, is the principal
physics-based model in the field of gas turbine control and diagnostics. This model can be used to
describe engine faults [13]. Additionally, it is an integral part of diagnostic algorithms based on system
identification such as the algorithm described in [14].
The developed model uses gas flow thermodynamic relations and performance maps of engine
components to compute a vector Y ∈ Rm×1 of gas path variables as a function of a vector U ∈ Rn×1 U of
steady operational conditions (control variables and ambient conditions) as well as a vector Θ ∈ Rr×1
of fault parameters, which can also be named health parameters or correction factors depending on the
application. Usually two faults parameters are applied to describe the faults of one engine component,
and a total number r of these parameters equals two multiplied by a components number. Although
the model computes hundreds of engine variables, in the present study only measured variables are
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considered to implement the developed algorithms in real control and diagnostic systems. A total
number of measured variables equals m + n from which n measured variables including compressor
pressure ratio and fuel flow are included in the vector U. The other m measured variables such as
high compressor pressure, turbine temperature, combustion chamber temperature and engine thrust,
constitute the vector Y. The variables Y are sensitive to engine faults and are used to diagnose the
engine, and therefore, are called monitored variables. Thus, the nonlinear static model relates the
monitored variables to the operating conditions and fault parameters and has the following structure:
Y = F(U, Θ)

(1)

Mathematically, the nonlinear static model is formed as a system of algebraic Equations reflecting
mass and energy balance between engine components during steady-state operation. Expression (1) is
obtained through the system solution.
This model also allows computing other engine models [15]. In particular, it simplifies the
development of the nonlinear dynamic model described below.
2.3. Nonlinear Dynamic Model
Studies [13,16] demonstrate the growing interest in the diagnosis during gas turbine dynamic
operation, making necessary the analysis of an engine dynamic model. In contrast with the static
model of Equation (1), in the thermodynamic model describing engine transient operation (nonlinear
dynamic model), a time variable t is added in the function arguments, and the vector U is expressed as
a function of time:
Y = F[U(t), Θ, t],
(2)
Monitored variables Y of Equation (2) are computed numerically as a solution of the differential
equations system describing a transient response. In the dynamic nonlinear model, these differential
equations differ a little from the static model equations, and the numeric procedure of the solution
is practically the same. The nonlinear static and dynamic models have many common modules and
constitute a united program complex of the thermodynamic model.
The developed turbofan thermodynamic model has been verified using the model of the turbofan
manufacture as a pattern. It was found that the maximum difference was smaller than 1%. Table 2
helps to see better the closeness of these models by specifying their values for the variables of interest
enlisted in Table 1. Comparing the values, one can see that the differences are about 0.1%, and the
models are practically similar. Thus, we can state that the developed model has sufficient accuracy.
Table 2. Thermodynamic model validation data.
Compared Systems

R

πc

Gf

PHPC

nl

Thermodynamic model
Manufacturer’ model

37,790.0
37,766.5

15.587
15.587

1506.5
1505.2

1,579,400.0
1,579,300.0

7348.1
7344.9

nh

T CC

17,943.0 1436.2
17,950.0 1435.3

T LPT
819.57
820.87

Table 3 illustrates the adequacy of the thermodynamic model with respect to a real engine. We can
note that the discrepancies have risen compared to Table 2: An average difference is 0.019, and a
maximum difference is 0.049 for the air consumption Gair . However, these differences are not too
great and have a natural explanation: After the model creation and validation, the engine was further
modernized, but without significant changes in engine construction. Given the above explanations, we
can conclude that the thermodynamic model correctly describes a general behavior of the turbofan at
steady states and transients. In this way, the results obtained in the present paper on the basis of this
model will be valid for a real engine.
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Table 3. Simulated and real engine performances.
Compared Systems

R

πc

SFC

Gair

m

T CC

Thermodynamic model
Engine

36,000.0
36,840.0

15.490
15.490

0.4160
0.4100

132.07
125.85

4.857
4.940

1429.8
1450.0

The thermodynamic model is a complex software that includes more than 70 program modules
and about 2000 lines of a source text. This, as shown in Section 6, makes the model too slow for
real-time application. For this reason, we will employ simplified models.
2.4. Static Baseline Model
The present study is focused on the engine dynamics simulation, and the engine degradation
and the faults are not considered, therefore, the function Y = F(U, Θ) of Equation (1) can be written
as follows:
Y = F(U)
(3)
This relation is called a baseline model. For on-line applications, a simple model is usually
conformed by polynomials or neural networks [12]. For one monitored variable as a function of four
operating conditions, the used polynomial is written as:
Y(U) = a0 + a1 u1 + a2 u2 + a3 u3 + a4 u4 + a5 u1 u2 + a6 u1 u3 + a7 u1 u4 + a8 u2 u3
+a9 u2 u4 + a10 u3 u4 + a11 u21 + a12 u22 + a13 u23 + a14 u24

(4)

To determine the coefficients ai , the least squares method is applied, and the necessary input data
Y and U were obtained through the thermodynamic model. To have accurate estimates ai , a large
volume of these data uniformly distributed in the space U was generated.
2.5. Linear Dynamic Model
Linear state space dynamic models are widely used in real-time applications. They can be given
by the two following Equations:
.
X(t) = A∆X(t) + B∆U(t),
(5)
∆Y(t) = C∆X(t) + D∆U(t),

(6)

where X is a vector of state space variables, and ∆ means a difference between dynamic and static values.
For the analyzed gas turbine, the vector X includes rotation speeds of low and high-pressure spools;
unknown matrices A, B, C, and D are determined using the thermodynamic model of Equation (1).
3. Hybrid Dynamic Model
To obtain dynamic values of gas path variables in a simplified hybrid dynamic model, the dynamic
corrections of Equations (5) and (6) are added to the static model values:
U = Ust + ∆U,

(7)

X = Xst + ∆X,

(8)

Y = Yst + ∆Y,

(9)

Table 1 specifies the control, state space, and monitored variables. The simulation was performed
at standard ambient conditions, therefore, the static and the linear dynamic models have only one
operating condition that is the control variable (power set). A pressure ratio is chosen as a static control
variable us , and a fuel flow is a dynamic control variable u.

Mathematics 2020, 8, 659

6 of 15

The static performance depends on the power level; a piecewise approximation is used to
determine the unknown values in Equations (3), (5), and (6). According to the control variable (power
set), us = πc , the interval of engine operation is divided into five zones iz = 1, 2 . . . 5, where the
last zone corresponds to the highest power. This division is related to the action of bypass valves,
which causes the shifts of engine performances. These zones are also the result of the trade-off
between approximation accuracy and simplicity. The static quantities ust , Xst , and Yst are presented as
polynomial functions of the variable πc . The matrixes A, B, C, and D are computed using the static
nonlinear model, see Equation (1). In total, the approximation can be given by the system:
iz = f(us ),

(10)

ust , Xst , Yst = f(iz , us ),

(11)

A, B, C, D = f(iz ),

(12)

Variables are computed for times t = t1 , t2 , t3 , . . . tk , tk+1 , . . . tn , determined with a constant
time interval ∆t = tk+1 − tk . The transient is set according to a control variable time profile u = f (t).
The simulation is defined in 10 steps:
Step 1. Current time tk is given by:
tk = tk−1 + ∆t,

(13)

Step 2. Using a time profile u = f (t), the dynamic control variable is determined by:
u ( k ) = f ( tk ) ,

(14)

Step 3. The static control variable us (k) is known from the previous time point k−1.
Step 4. According to Equation (10), the zone number is obtained:
iZ (k) = f [us (k)],

(15)

Step 5. Equation (11) is given by the following static values:
ust (k), Xst (k), Yst (k) = f [iZ (k), us (k)],

(16)

Step 6. The differences are calculated according to:
∆u(k) = u(k) − ust (k), ∆X(k) = X(k) − Xst (k).

(17)

The dynamic and static values are calculated. Note that the state space variable dynamic values
X(k) are known from the previous instant k − 1.
Step 7. According to Equation (12), the following matrices are chosen:
A(k), B(k), C(k), D(k) = f [iZ (k)],

(18)

Step 8. Placing the matrixes of Equation (18) in (5), the state space derivatives are determined by:
.

X(k) = A(k)∆X(k) + B(k)∆u(k),

(19)

and the changes of monitored variables are defined according to:
Y(k) = C(k)∆X(kt) + D(k)∆u(k),

(20)
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Step 9. The knowledge of the derivatives allows us to compute dynamic values of state space
variables
the
k + 1.
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4. Real-Time Simulation of GTE
4. Real-Time Simulation of GTE
The hybrid model was programmed in the SBC Raspberry pi 2 model B® with RT-Raspbian and
The hybrid model was programmed in the SBC Raspberry pi 2 model B® with RT-Raspbian and
C language, [17]; some libraries have been developed to provide necessary tools for (a) the use of
C language, [17]; some libraries have been developed to provide necessary tools for (a) the use of
matrices and vectors, (b) dynamic memory management, (c) simulation of state-space systems, and (d)
matrices and vectors, (b) dynamic memory management, (c) simulation of state-space systems, and
approximation of systems by equations in matrix finite differences. The gas turbine engine operation
d) approximation of systems by equations in matrix finite differences. The gas turbine engine
was simulated during 10 s with a time step ∆t = 50 ms, resulting in 200 real-time instances. The fuel
operation was simulated during 10 s with a time step ∆ = 50 ms , resulting in 200 real-time
consumption was linearly increased from an idle regime value at t = 1 s to a take-off regime value at t
instances. The fuel consumption was linearly increased from an idle regime value at t = 1 s to a take= 2 s. The resulting time plots of static and dynamic values of the variables and dynamic changes can
off regime value at t = 2 s. The resulting time plots of static and dynamic values of the variables and
be seen in Figures 3–5.
dynamic changes can be seen in Figures 3−5.
In Figure 3, the plot u = Gf(k) shows the lineal behavior of the control variable. The fuel
consumption increases, causing the increment in the zone number, as is shown in plot iz(k).
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The control variable us is set as a dynamic value of 𝜋𝑐 from the previous instance, therefore, us
changes dynamically after the instance 40 generating a transient response. In Equation (10), the static
variables Xst and Yst depend on 𝜋𝑐 , therefore, their behavior should be similar to 𝜋𝑐 (𝑘). This is shown
in Figure 3 with the plots of nlst, nhst, PHPCst, TLPTst, and TCCst.
To verify the dynamic behavior of the simulated engine, the plots of the dynamic deviations
(changes) are presented in Figure 4. The overshoots that appear at the point t = 1 s (instance 20) are
greater than the ones after t = 2 s (instance 40), then stabilize approximately at the point t = 3 s (instance
60).
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variables Xst and Yst depend on 𝜋𝑐 , therefore, their behavior should be similar to 𝜋𝑐 (𝑘). This is shown
in Figure 3 with the plots of nlst, nhst, PHPCst, TLPTst, and TCCst.
To verify the dynamic behavior of the simulated engine, the plots of the dynamic deviations
(changes) are presented in Figure 4. The overshoots that appear at the point t = 1 s (instance 20) are
greater than the ones after t = 2 s (instance 40), then stabilize approximately at the point t = 3 s (instance
60).
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Figure 4. Simulation of dynamic deviations. (linear dynamic model within the hybrid model).

Figure 5 integrates the static values and dynamic deviations resulting in dynamic values of gas
turbine
variables.
These dynamic values were compared with the outputs of the dynamic nonlinear
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model, Equation (2), and its accuracy was confirmed. Thus, Figures 3–5 validate the hybrid model.
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linear state space model of a non-deterministic system in which internal noise V(k) and external noise
W(k) have been added in Equations (5) and (6) respectively [18]. The noise interacts with the system
and modifies it, resulting in a stochastic process. The filter is applied to the systems to identify its state
vector and then reconstruct its outputs with minimum errors. In other cases, the Kalman filter is applied
to estimate the non-measurable state variables through the engine measured variables. In [19] it was
used as a strategy to control position with vibration suppression of Flexible Link Manipulator. In [20],
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an Extended Kalman Filter (EKF) is used to estimate position and speed, without any mechanical
sensor in an uncertain Permanent Magnet Synchronous Motor (PMSM).
The Equations (23)–(27) define the filter operation at instant k and are used to identify its state
vector that is also illustrated in Figure 6.
^

^

G(k) = A∆X(k − 1) + B∆U(k − 1),
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It
can
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by
comparing
of the same four GTE variables; this figure allows the Kalman filter action verification. It can be seen

by comparing the curves that general behavior of the variables is the same, but the noise in red curves
(initial noisy GTE variables) disappears in blue curves (filtered GTE variables). In other words, Figure
7 confirms a correct operation of the filter.
To quantify the filtering effect, two variations of the mean square error (MSE) were computed
for each variable: one between the initial noisy values and the exact values and the second between
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the curves that general behavior of the variables is the same, but the noise in red curves (initial noisy
GTE variables) disappears in blue curves (filtered GTE variables). In other words, Figure 7 confirms a
correct
operation
the
filter.
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6. Real-Time Response Analysis
internal tasks, each one with its execution time , limited by a maximum deadline , . These
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as follows:in a digital computer interacts with the physical world
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6. Real-Time Response Analysis
A real-time system (RTS) implemented in a digital computer interacts with the physical world
through the conditioning variables (sensors, actuators, and two converters: Analog/Digital and
Digital/Analog) and processes them by a task in real-time, Ji . As shown in [3], a real-time task Ji is
described as an executable job entity characterized by arrival and restriction times associated with
an instance ji,k , where i is the task index, and k is the instance index, see [4]. The real-time task
has many internal tasks, each one with its execution time Ci,k limited by a maximum deadline Di,k .
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7. Conclusions
Conclusions
7.
In this
engine
for afor
passenger
airplane
was analyzed.
Since the
turbofan
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In
thispaper,
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a turbofan
engine
a passenger
airplane
was analyzed.
Since
the turbofan
a
complex
and
expensive
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to
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were
previouslywere
generated
by thegenerated
hybrid dynamic
a Kalman
filter
was
integrated
to filter
measurements
previously
by the model
hybridand
dynamic
model
and
a Kalman
filter
was
measurement
errors.
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The development and validation of this new technique for filtering gas turbine measurements
in real-time were performed. To verify the possibility of real-time operation, the algorithm was
implemented on the SBC Raspberry Pi 2® with the Emlid RT real-time operating system. First, the
chosen gas turbine engine was simulated by the hybrid dynamic model and its accuracy was
validated. Then, based on the MSE analysis, the operation of the filtering algorithm was verified; it

Mathematics 2020, 8, 659

13 of 15

The development and validation of this new technique for filtering gas turbine measurements
in real-time were performed. To verify the possibility of real-time operation, the algorithm was
implemented on the SBC Raspberry Pi 2® with the Emlid RT real-time operating system. First,
the chosen gas turbine engine was simulated by the hybrid dynamic model and its accuracy was
validated. Then, based on the MSE analysis, the operation of the filtering algorithm was verified; it was
found that the algorithm performs the filtering correctly and suppresses measurement noise. Finally,
execution time in every time instance was determined, and it was shown that the proposed filtering
algorithm has the capacity to work in real-time, which is a strong requirement for its use in real gas
turbine control and diagnosis systems.
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Nomenclature
Abbreviations
GTE
gas turbine engine
HPC
high-pressure compressor
HPT
high-pressure turbine
KF
Kalman Filter
LPT
low-pressure turbine
MSE
mean square error
RTS
real-time System
SBC
single board computer
Variables
a
polynomial coefficient
A,B,C,D
state space model matrixes
C
execution time
D
deadline time
G
mass flow
G
state vector estimation; mass consumption
k
iteration number
K
Kalman filter gain matrix
m
number of monitored variables; bypass ratio
n
rotation speed, number of operating conditions
P
pressure
P
covariance matrix of state variables
Q
internal noise covariance matrix
R
external noise covariance matrix
r
number of fault parameters
R
engine thrust
SFC
specific fuel consumption
T
temperature
u
control variable
U
vector of operating conditions
X
vector of state variables
Y
vector of monitored variables
∆
difference
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π
Θ
Indexes
air
c
cc
f
h
l
s, st
z
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pressure ratio
vector of fault parameters
air
compressor
combustion chamber
fuel
high pressure rotor
low pressure rotor
static
zone
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