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Abstract: The engine fuel control system plays a crucial role in engine performance and fuel economy.
Fuel control, in traditional engine control systems, is carried out by means of sensor-based control
methods, which correct the fuel flow rate through correlations or scheduled parameters in order to
reduce the error between a measured parameter and its desired value. In the presence of component
degradation, however, the relationship between the engine measurable parameters and performance
may lead to an increase in the control error. In this research, linear models for advanced control
systems and for direct fuel control in the presence of components degradation are proposed, with the
main objective being to directly predict and correct fuel consumption in the presence of degradation
instead of adopting measurable parameters. Two techniques were adopted for model linearization:
Small Perturbation and System Identification. Results showed that both models are characterized
by high accuracy in predicting the output engine variables, with the mean errors between model
prediction and data below 1%. The maximum errors, recorded for shaft power, were about 6%
for Small Perturbation and lower than 3% for System Identification. A simple correlation between
engine performance and components degradation was also demonstrated; in particular, the achieved
results allow one to conclude that the Small Perturbation approach is the best candidate for controller
development when a prediction of components degradation is included.

Keywords: turbo-shaft engine model; gas turbine linear models; compressor degradation; small
perturbation; system identification

1. Introduction

The aviation industry is committed to reducing emissions and complying with the even
more restrictive regulations aimed at reaching the target of net-zero carbon emissions by
2050 [1]. New technologies are being developed to mitigate the impact of the aviation sector
on the global climate. To this aim, new ultra-high efficiency and ultra-low emissions aero-
propulsion systems, which include, for instance, Ultra High Bypass Ratio (UHBR) engines
and Hybrid Electric Propulsion (HEP) [2-4], are being considered by engine manufacturers.
These options, however, require major design changes in aircrafts, and are only viable as
long-term solutions. In the short-term, strategies for optimizing flight routes for minimum
emissions, for improving maintenance schedules and other operational measures, are being
adopted. In addition, the use of alternative fuels, the so-called sustainable aviation fuels
(SAF), which encompass bio and synthetic fuels, are currently the most viable option in
achieving future emission goals and contributing to lowering the dependency on fossil
fuels [5]. However, if improvements in the engine components design and development and
the use of alternative fuels are necessary to guarantee the achievement of such ambitious
targets, the development of advanced engine control systems to satisfy the requirements of
the more complex engine architectures operating with the new fuels safely and efficiently
will be a fundamental contribution [6,7].
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Traditionally, the control system has the function of providing the desired thrust, and
guaranteeing that the engine operates within safe boundaries. The fuel flow rate, therefore,
needs to be tuned in order to achieve the desired power, and to satisfy the various control
modes simultaneously. To fulfil these requirements, min-max control strategies are usually
adopted. Moreover, by means of gain scheduling, the controller parameters are tuned at
different operating points in such a way that the desired performance characteristics can
be achieved over the whole flight envelope [8]. The control of thrust, inlet temperature of
high-pressure turbine and surge margins is usually made in an indirect way, by means of
measurable parameters such as shaft speeds and pressure [9,10]; thus, a significant number
of sensors are installed in the engine. This approach requires a complex architecture [11],
and is characterized by a heavy computational burden that arises from multiple iterative
control loops [12]. To overcome these limitations and to improve engine performance,
modern control methodologies are being developed.

Novel control concepts, known as model-based control (MBC), aim at achieving the
direct control of unmeasurable performance parameters through on-line model outputs
instead of adopting feedback sensor data [13,14]. Among the various approaches, great
attention is being paid to Model Predictive Control (MPC), which is attracting significant
attention in all those fields where increasing energy efficiency is required [15], and in
particular, to aircraft engines [16-18]. Montazeri et al. [6] developed a turbofan engine
control system based on an MPC approach. They first developed a thermodynamic non-
linear engine model, which was linearized for model predictive controller application.
They demonstrated that the controller satisfies all of the engine constraints, and confirmed
successful software and hardware implementation of the control algorithm in real-time.
Pang et al. [19] developed a non-linear state-space model for MPC, which, differently
from [6], applied an extended Kalman filter every sampling instant, and was based on a
quadratic constrained problem rather than a higher-order nonlinear problem. Simulation
results demonstrated that this approach allows one to achieve smaller control errors than
the standard model predictive control algorithm does, but also that the proposed controller
is more time-saving than the standard model predictive control (about 61%). In this context,
the development of reliable control-oriented on-board models plays a fundamental role.

In this regard, several approaches to on-board control-oriented engine modeling
were investigated for MPC algorithms. These can be classified into non-linear and linear
approaches. Among the non-linear approaches, real-time component-level modeling
(CLM) uses the physical laws governing the system to derive the mathematical model of
the aero-engine. Several models based on CLM were developed over years, and can be
found in [20-22]. A full description, including the dynamic equations of all the engine
components, can be found in Montazeri et al. [6]. However, owing to the complex involved
dynamics, the development of a thorough and precise mathematical model of an aero-
engine is generally very challenging. Therefore, alternative approaches, based on data-
driven modeling methods, are gaining popularity in the aero-engine community [23]. In
particular, artificial intelligence algorithms are currently widely utilized for engine real-
time modeling and simulations [24,25]. However, these approaches usually rely on a large
amount of data training, and the computational complexity is usually high. Moreover,
from a control point of view, the implementation of a non-linear model always results in a
non-linear constrained problem to be optimized [17,26]. On the contrary, the adoption of
linear real-time models of the engine generates a quadratic constrained problem, which
allows one to achieve an optimal solution with less computational effort in comparison to
non-linear formulations [27-29]. In addition, a large number of control methods are based
on linear control theory. It is, therefore, convenient to deal with linear models, provided
that they are sufficiently accurate. These linear models are often obtained by linearization
procedures applied to non-linear models.

Several approaches to develop linear models can be found in the literature. The most
common approach for the derivation of a linearized model around an equilibrium condition
is based on small input and state perturbations [30]. These models adequately capture the
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system dynamics near the operating condition, and are valid in a neighborhood of an oper-
ating point in certain flight conditions. However, they deviate in accuracy during transients
of the system away from equilibrium. To overcome these limitations, Chung et al. [31]
presented an analytical method to linearize the engine equations in each time step, and
extracted a precise linear model to be used for controller design. When large amounts of
experimental data are available instead of a non-linear thermodynamic model, System Iden-
tification can be adopted to derive a linear model [32,33]. A comprehensive study about
the accuracy of different numerical methods adopted to perform the linearization of the
thermodynamic non-linear model of a turbofan engine can be found in Montazeri et al. [34].
The results showed that the linear models obtained from system identification and central
difference perturbation methods have higher percentages of compliance compared to the
others. However, it is worth pointing out that in the analyzed cases, the on-board modelling
and linearization of gas turbine aero-engines was developed for nominal engines, which
represent new or clean engine performance.

Control-oriented on-board engine modeling cannot ignore engine components degra-
dation. In fact, due to the normal aging in gas turbine aero-engines with increasing flight
cycles, the engine performance deviates from its nominal state; in particular, unmeasured
safety-critical parameters such as thrust, surge margin and turbine entry temperature are
strongly affected by the engine health status. Therefore, on-board clean engine models
cannot predict the control variables of degraded engines correctly, with adverse effects on
controller reliability. Degraded engines on-board modeling is, therefore, strongly motivated.
A few studies regarding the inclusion of degradation effects in engine models can be found
in the literature; however, the majority of this research focused on the adoption of non-linear
engine models and require a great amount of data, which burden the on-line computation.
Models based on using a Kalman filter for the estimation of engine degradation parameters,
aimed at tuning the piecewise linear model to match the degraded engine, can be found
in [35-37]. Recently, Wei et al. [7] proposed a novel Hybrid Wiener Model (HWM), which
takes into account the degradation effects using post-flight data. Sun et al. [8] included
the degradation effects in a non-linear component-level model by means of degradation
parameters such as efficiency and flow capacity indexes, and proposed an approach for
controller adjustment to deal with degradation implications by developing an industrial
min-max control strategy.

In the present study, the possibility of including the effects of engine components
degradation directly into the linear model coefficients was investigated. The novel contri-
bution relies on the estimation of the linear model coefficients as a function of components
degradation, in order to extrapolate, if any, a simple correlation law. This would allow the
achievement of ‘real-time’ corrections for direct fuel control and improved engine response
in the presence of degradation. Therefore, the control objective of the proposed model is to
predict the specific fuel consumption directly instead of adopting measurable parameters.
In particular, two linearization techniques were evaluated: small perturbation and system
identification state-space models. In both cases, the study considered only compressor
degradation, evaluated in terms of compressor efficiency and flow coefficient, and analyzed
the matrices of the linear model for different degradation values estimated through the
monitoring system. The research was developed in the framework of an EU-funded wider
project, whose final goal is to define engine controllers that take into account the natural
degradation of all engine components simultaneously.
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2. Materials and Methods

In order to develop an accurate control-oriented engine linear model that takes into
account component degradation, a comprehensive physics-based thermodynamic model
was built using the component-level modeling approach. The non-linear model results
were adopted for linearization purposes. In particular, two methodologies were proposed
for model linearization: Small Perturbations [38,39] and System Identification [40—42]
state-space models. Both approaches were applied to the engine model, with inclusion
of a certain level of components degradation, and the linear coefficients as a function of
component degradation were estimated in order to evaluate the possibility of extrapolating
a correlation law, if any.

In the following subsections, the non-linear model and the adopted linearization
approaches are discussed.

2.1. Engine Thermodynamic Model and Test Conditions

A rotorcraft with a suitable take-off weight for urban air mobility was studied in
this paper. The rotorcraft was equipped with a two-spool turboshaft engine, the PW200
Pratt & Whitney Canada, which is developed specifically for helicopter applications. The
propulsion system included a free turbine (Low Pressure Turbine (LPT)), connected to the
rotor shaft with a nominal speed of 6000 rpm, and a single stage centrifugal compressor
driven by a single stage turbine (High Pressure Turbine (HPT)). The specifications for the
PW200 are reported in Table 1.

Table 1. PW200 technical specifications.

Description Value
Power 200-400 [kW]
Weight 110 [kg]
Pressure ratio 8:1
Turbine Inlet temperature 1173.5 [K]
SFC (Specific Fuel Consumption) 0.426-0.33 [kg/kWh]
Compressor Configuration 1 centrifugal
Turbine configuration HPT, LPT

Due to a lack of experimental data for the selected engine, detailed simulations with
GSP software (Gas Turbine Simulation Program) [43] were performed in the present study.
The GSP is a tool developed at the Aerospace Department of Delft Technical Univer-
sity, which allows for both transient and steady-state simulations of almost all types of
gas turbines (turboshaft, turboprop, turbofan, single and multi-shafts, etc.) by properly
establishing a specific arrangement of engine components, and through careful model
calibration.

The arrangement of engine components adopted in the present research, which reflects
the PW200 configuration, is presented in Figure 1.
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Figure 1. Model of the turboshaft in the GSP.
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The model links an inlet (block 6), a compressor (block 7), a combustion chamber
(block 10), a high-pressure turbine (block 11) and a low-pressure turbine (block 13) with
its exhaust (block 14) connected to the output shaft. Block 1 represents the “manual case
control”, which changes the desired power, the altitude and the Mach number according
to the design of the experiments. Block 2 is the controller of the bleeding air, and block 9
sets the specification of the fuel. Two additional components named “duct” were included
in the scheme, and were utilized in transient models to take into account dynamics and
volumetric effects, as well as to perform mass balance calculations according to the ICV-
Intercomponent Volume method [44,45]. They have no effect on the engine’s performance
and operational characteristics during steady-state conditions.

As for model calibration, several steps were required:

e  The design point, whose main parameters are reported in Table 2, was assumed to
be sea-level static (SLS) and at international standard atmospheric (ISA) conditions
(temperature = 288.25 K, pressure = 1.013 bar, altitude = 0 m, Mach = 0);

e  The default compressor and turbine maps were scaled according to a set of input
parameters taken from the database of the reference engine, i.e., intake pressure ratio,
design rotor speed, design shaft speed;

e Aniteration was run in the GSP by adjusting the design air and fuel flow rates injected
into the combustion chamber, in order to obtain the desired power output and SFC.
The iteration allowed for an accuracy of 1% in the prediction of take-off power with
respect to the design take-off power of the reference engine;

e  Using block 1, which allowed for manual case control, the off-design engine variables
when changing the operating conditions (desired power, Mach number, altitude)
were obtained.

Table 2. PW200 design points.

Description Value
Power (POW) 295 [kW]
Intake Pressure Ratio (PR) 0.988
Air Flow Rate (W,) 2 [kg/s]
Compressor pressure ratio (3¢) 7.17
Combustion Efficiency (1) 0.985
Fuel Flow Rate (Wy) 0.0315 [kg/s]
Compressor Rotor Speed (N) 40,891 [rpm]
Compressor Efficiency (n¢) 0.825
LPT Rotor Speed (Nip) 6000 [rpm]
Turbine Efficiency (1) 0.88
Spool Mechanical Efficiency (Nm) 0.99
Mach, Altitude 0,0

This research examined two mission profiles reported in Figure 2, a simple delivery
trip (Mission A for “Transport”), and a search-and-rescue (SAR) mission in a mountain
environment (Mission B for “Mountain Rescue”). These missions were also used to generate
several points for engine failure, as shown in Table 3.
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Figure 2. Reference missions. (a) Mission A for “Transport”; (b) Mission B for “Mountain Rescue”.

Table 3. Simulated working points.

Description Speed [m/s]  Altitude [m] Power [KW] Low-Pressure Turbine

Speed [rpm]
START-A 30.6 0 48 6000
START-B 0 1150 173 6000
MAXPOW-A 30.6 0 291 6000
MAXPOW-B 3.96 1154 273 6000
MAXDUR-A 30.6 492 169 6000
MAXDUR-B 0 2550 176 6000

However, the purpose of the present study relied on the achievement of a linear model
of the engine around a working point, which is representative of an equilibrium condition.
In particular, the selected operating condition is indicated in Figure 2 as MAXDUR-A, and is
characterized by a power lever angle (PLA) of about 50%, altitude h = 50 m and Mach = 0.09.
In order to predict the dynamic behavior of the system, the engine equilibrium point must
be altered by enforcing small changes to the PLA by applying step, ramp and pulse signals.
In this case, variations of £10% with respect to the steady state value were applied to
the PLA according to the sequence displayed in Figure 3; transient simulations, which
include dynamic phenomena such as spool inertia, heat transfer in turbomachinery and
volumetric effects, were carried out by means of the GSP. The time series data sets obtained
from simulations included compressor pressure ratio, compressor rotational speed, inlet
and outlet turbine temperature, fuel flow rate, specific fuel consumption, engine torque
and power.
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Figure 3. PLA signal.

In the current simulations, the machinery degradation was accounted for. During its
life cycle, in fact, an engine undergoes several issues due to over-temperatures, erosion of
the compressor and turbine blades, fouling, bird strikes, etc., which contribute to increased
machine degradation; as a direct consequence, engine performance reduces. In the litera-
ture, these mechanisms cause performance losses approaching 10% in the process [45]. In
order to predict the engine performance degradation, the exhaust gas temperature (EGT),
which reflects the performance degradation of the aeroengine, is usually monitored and
used for engine control, fault diagnosis and maintenance decisions. The GSP allows one
to illustrate the engine’s deterioration in a variety of ways. The most common method
is to conduct a simulation with a continuous degree of degradation, such as continuous
reductions in compressor efficiency and mass flow rate. In the current simulations, step
changes, represented as a modification of the compressor isentropic efficiency and mass
flow parameter, were investigated in order to make the analysis as generic and feasible as
possible. The step changes included reductions in compressor efficiency and mass flow
parameters amounting to 2%, 4%, 8%, 12% and 15% with respect to healthy conditions.
These deterioration levels were still compatible with safe operation of the propeller, as
reported in [45,46].

2.2. Linear Model

The primary problem in controller design is to develop a linear model, at the consid-

ered operating point of the engine, which can be presented in the following form:
x = Ax+ Bu

{y = Cx+ Du )

where x(t) is the state of the model, u(t) is the input variable vector and y(t) is the output
vector. A, B, C and D are the linearization matrices. In this formulation, the heat-transfer
process can be neglected, owing to the fact that the thermal inertia of the engine components
is usually much smaller than that of the rotors [47,48]. Therefore, only the engine shafts
dynamics can be taken into account. In addition, in the analyzed engine configuration,
the low-pressure turbine shaft is connected to the rotor, which is kept at a constant speed.
Hence, the only considered dynamic is the high-pressure turbine shaft rotational speed,
Npp. In summary, the state of the system, x(1), is given by the high-pressure turbine
shaft speed (Nyp); the input vector, u(t), is given by the fuel flow rate (Wf), which, from
a controller point of view, is the manipulating variable; and the output vector, y(t), is
defined according to physical and structural limits that must be satisfied in the controller
design to protect the engine components. These limits include over-pressurization, over-
temperature and over-speed, which are controlled by means of some of the following
engine performance parameters [34]: the total pressure at the compressor exit (PT3), the
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total temperature at the HPT exit (TT4s5), the HP shaft speed, Nyp, and the shaft power.
Therefore, the linear model had 1 input, 4 outputs and 1 state variable, which are fully
listed in Table 4.

Table 4. State variables, control inputs and outputs of the desired engine.

State Variables, x Output Variables, y Input Variables, u

HP shaft speed, Nyp [rpm] HPC exit total pressure, PT3 [bar] Fuel flow, Wy [kg/s]
HPT exit total temperature, TTs5 [K]
HP shaft speed, Nyp [rpm]
Shaft Power, Pow [kW]

The approaches proposed for the turboshaft engine dynamic model linearization are
discussed in the next subsections.

2.2.1. Perturbation Method

The general form of engine non-linear equations, which include fast and slow dynam-
ics, can be written as follows [31]:

z=g(x,z u) ()
x = f(x,z u) ®)

where z denotes the fast states (mainly flow dynamics), while x denotes the slow states (shaft
dynamics, etc.). However, as already mentioned, if it is assumed that the fast dynamics
can be neglected and only the high-pressure turbine shaft dynamics is included, only
Equation (3) can be considered for linearization purposes. To this aim, an arbitrary position
X, Zo, U is selected, and perturbations (Jx,0u) from a linearization point are applied:

x = f(X+0x,Z, U+ ou) 4)

By differentiating Equation (4) and neglecting the higher order terms, the following
equation is obtained:
of

x~ f(x,zo, u) + 3

of
(Sx—i-@

) u (5)

X,zo, U X,zo, U

As linearization is often achieved about an equilibrium condition where f(%,Zp, %) = 0,
Equation (5) can be simplified to the following:
x = Adx + Béu (6)

where A = [df/0x] and B = [df/du].
Similarly, the non-linear equations of the output variables are written as follows:

y =h(x,z, u) )

A Taylor approximation is applied to the engine model, Equation (7), at the equilibrium
point (%, zp, %), and the retaining constant and first-order terms yield the following state
variable model:
oh

) -
x+8u

ou = Céx + Déu (8)
a

X,zp, U X,z0

where C = [0h/0x] and D = [0h/du] are the system matrices with appropriate dimensions.
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The non-linear engine model in the current case included only the conservation of
the angular momentum of the high-pressure turbine shaft. The non-linear equation that
describes the transient process is given by the following [49]:

APOZUHP

IHPNHP(%)2

©)

NHP:

In the above equation, Np is the angular acceleration of the high-pressure turbine
shaft, APowpp is the difference between the power produced by the turbine and the power
required by the compressor, and Iyp is the moment of inertia of the moving parts of the
spool. APowpp is obtained by modeling the compressor and turbine with the help of the
machinery maps, which allows the evaluation of pressure, flow rate and efficiency while
varying the rotational speed of the components. The correlation between APowpp and fuel
flow was obtained by modeling the burner. In fact, fuel flow is a direct input to the burner;
inside the combustor, the air and fuel are mixed and burned to produce high tempera-
ture gas, which drives the turbine and produces torque. However, the function f, which
correlates APowpp to shaft speed and fuel flow, is not explicitly defined in Equation (9).
Therefore, the state-space representation of the engine dynamic system can be written
as follows:

Nyp = ﬁ Xf(NHp,Wf)
yi = h(NHp, wf)

By applying the small perturbations in the form of Equation (6), the expansion of
Equation (10) can be written as follows [34]:

(10)

y _ 1 of of
ANpp = L (aNHp ANpp + Wwaf)

oh; oh; (1 1)
Ay; = mANHP + WAWJ(

By a comparison between Equations (6), (8) and (11), it can be observed that the
matrices A, B, C and D contain the partial derivatives, and are therefore expressed as follows:

_ | of
A= ag,;m}
B - W

(12)

C— | 9 dys 9y

D= [M vz Oy dyy }
oW W, dWf dWy
The values of the partial derivatives were obtained by deviating the input in Equa-
tion (11) from its steady value and by collecting, by means of the GSP, the corresponding
output and state variables. Their variations, i.e., Ay;, ANgp, AWy, were obtained at each

sampling time. Similarly, Nyp was obtained from finite differences. Therefore, the partial
derivatives in Equation (12), which represent the unknown parameters of the system, were
obtained through a linear regression over the collected data.

Each linear model was valid only in a neighborhood of an operating point in certain
flight conditions (Mach, altitude, weather conditions, etc.). Therefore, in order to develop a
controller capable of covering all flight conditions, this procedure had to be repeated for
different operating points, and a set of linearized models was collected; hence, piecewise
control was implemented.

2.2.2. System Identification

An alternative way to obtain a linear model is based on the adoption of System
Identification [40-42]. This methodology is based on a “black-box” approach, in which
the mathematical model of a dynamic system is based on observed data. In practice, no
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physical details of the non-linear model are needed, only the input/output data of the
dynamic system.
System identification requires several steps, which can be summarized as follows:

Attaining input/output data of the dynamic system;

Selecting a suitable linear model structure from among discrete/continuous transfer
functions or state-space forms;

Fitting a suitable linear model to data and considered model structure;

Verifying whether the model is good enough to represent the system.

As for the input/output data (a), these could be collected by means of experimental
data or through a valid simulation tool. Concerning the linear model structure (b), the
state-space form is usually preferable for the design of the controller. The linear model
fitting (c) is usually available in various computational tools; in this case, it was carried out
using the system identification toolbox of MATLAB [49]. Finally, a number of validation
tests were available from the literature (d); these included correlation tests, one-step ahead
prediction, model-predicted output, estimation, and test data.

From the literature [34], it was expected that the system identification approach would
provide better results in terms of percentages of compliance to the experimental data
with respect to the perturbation approach. However, since the linearization procedure
was the result of a best fitting procedure, the drawback of the SI was that it relied on the
loss of a physical meaning of the matrices elements, which had a relevant impact on the
development of the controller, as will be discussed below.

3. Results and Discussion

In this section, a comparison between the proposed approaches for system linearization
to a case study is presented. The case study was based on a simple delivery trip, in which
the operating equilibrium conditions were characterized by a power lever angle (PLA) of
about 50%, altitude h = 50 m and Mach = 0.09 (Figure 2). The dynamic behavior of the
system was predicted in GSP software for different degradation levels of the compressor
through the application of step, ramp and pulse signals to the PLA (Figure 3).

For each perturbation of the PLA around the equilibrium condition, the small perturba-
tion and system identification approaches were applied to linearize the engine model. For
both approaches, the input/output data and the state variables, obtained from simulations
carried out by means of GSP software, were used for the estimation of the matrix coeffi-
cients of the linear model during the dynamic maneuvers. For the perturbation method,
the matrix coefficients were obtained through a linear regression, whereas the system
identification method obtained these by means of the MATLAB toolbox. Both methods
allowed for prediction of the output engine variables with different levels of compressor
degradation.

In order to assess the accuracy of linearization, the maximum error percentage, MaxErr,
the mean error percentage, MeanErr and the coefficient of determination, R2, were defined

as follows:

_ max(|Yesp—Yrml)
MaxErr = max (Yosp]) x 100

£ ([Yesp()-Yim (@)
max([Yespl) )
R2—1— N (Yesp(i)=Yim(i) ;
N i
Y Osp (2~ (L MO).
In Equation (13), Ygsp is the output signal from the non-linear GSP model, Y1, is the
output signal from the linear model, and N represents the number of sampling times.

MeanErr = x 100 (13)

3.1. Linearized Turboshaft Model with Perturbation Method

Table 5 summarizes the comparison between the linear model and the GSP data for
the output variables for the different levels of compressor degradation and flow coefficient,
for the engine operating at the point previously indicated as MaxDurA (Table 3). It can
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be observed that the linear model predicts the output variables with high accuracy. The
results show that the mean error was below 1% for all of the output variables, and that
the maximum error, which was lower than 6%, was recorded for shaft power. These
values, which can be considered excellent according to the literature [34], allowed us to
conclude that the linear model obtained through the perturbation method provides optimal
predictive capabilities.

Table 5. Linear model validation.

OUTPUTVAR. PT; [bar] TTys [K] Power [kW]
DEGRAD. Mean Max R2 Mean Max R2 Mean Max R2
LEVEL Err. % Err. % Err. % Err. % Err. % Err. %
Clean 0.08 1.36 0.994 0.06 3.46 0.968 0.23 5.81 0.987
2% 0.07 1.39 0.995 0.06 3.40 0.969 0.23 5.86 0.987
4% 0.07 1.48 0.994 0.06 3.37 0.971 0.23 5.99 0.987
8% 0.07 1.51 0.994 0.06 3.24 0.973 0.24 597 0.987
12% 0.07 1.49 0.994 0.06 3.12 0.975 0.24 592 0.988
15% 0.07 1.48 0.995 0.06 3.00 0.976 0.24 5.88 0.988

Figure 4 shows the results of the linear model for the clean and damaged compres-
sor at two different levels of compressor degradation and flow coefficient (8 and 12%,
respectively), when small PLA perturbations were enforced according to Figure 3. For each
case, a sudden increase in fuel flow rate caused a rise in turbine exhaust gas temperature
(Figure 4a) and turbine speed (Figure 4b), and, consequently, a higher power at the turbine
shaft (Figure 4c). The higher shaft speed increased the compressor pressure ratio, as shown
in Figure 4d. The inverse behavior for the same output variables was obtained when the
fuel flow rate was reduced.
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Figure 4. Cont.
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Figure 4. Comparison between the GSP and linear model output variables. (a) Exhaust gas tempera-

ture; (b) shaft speed; (c) shaft power; (d) compressor outlet pressure. The black arrow indicates the

primary axis variables; the blue arrow refers to the secondary axis (PLA).

The linearization matrices of Equation (12) were computed for each of the analyzed
cases, and the coefficients of matrices A, B, C and D were plotted in Figures 5-8, respec-
tively. It can be observed that the trend of each coefficient, with increasing the compressor
degradation level, is approximately linear for most of the cases. This is a very interesting
and favorable occurrence from a controller point of view, as it allows one to implement,
for each matrix element, a linear law with the health status of the component. These laws,
together with the R?, are summarized in Table 6.
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Figure 5. Coefficient aj; computed from linearization for different levels of compressor degradation
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Table 6. Matrices linear laws with degradation degree, h.

Matrix Coefficient Linear Law R?
ar ay; = 0.003h — 1.129 0.862
b11 b1y = —5.912h + 562.5 0.902
c11 c11 = —0.002h + 0.225 0.981
e cy1 = —9.52h — 0.278 0.998
31 c31 = —0.179h + 27.28 0.929
e cy = —0.111h + 16972 0.929
dy dy; = 0.134h 4 44.96 0.853
dy dpy1 = 198.5h + 17,714 0.994
dsy dz1 = 9.526h + 8047.3 0.778
dy dy = 6.749h + 4999.7 0.739

As Equation (11) shows, each term of the linearization matrices represents a physical
property of the aero-engine system. As for Equation (11), for instance, a;; represents the
time constant of the engine through the correlation T = — % [12]. Hence, a1; was expected
to be negative; moreover, with increasing compressor degradation, a;; increased (Figure 6).
This indicates that, as expected, a damaged compressor contributes to retarding the time
of response of the shaft. As for byj, this coefficient correlates the shaft acceleration to a
fuel flow rate variation. Therefore, when an increase in fuel flow rate is applied, a shaft
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acceleration is expected. When the compressor is damaged, the higher the degradation
level, the slower the shaft accelerates. The linear trend is observed in Figure 6.

As for the output equation (Equation (11)), the terms of matrices C and D are the
partial derivatives of each output variable, and represent the slopes of a small change in the
output variable with respect to a small change in the state variable, Nyp, and with respect
to a small change in the input variable, Wy, respectively. These coefficients varied with the
level of degradation of the compressor, as plotted in Figures 7 and 8. For instance, with
reference to cq1, which represents the rate of change in compressor pressure PT3 to a small
variation in shaft speed, it is clear that by increasing the shaft speed, the compressor outlet
pressure increases accordingly; therefore, c11 > 0. If the compressor is damaged, the same
increase in shaft speed corresponds to a lower pressure rise. This was confirmed by the
decreasing trend in c;1, as displayed in Figure 7. Similar considerations can be made for
the other coefficients.

Finally, the achieved results allowed us to carry out an analysis on the effects of
engine degradation on the output variables. A steady-state operating condition, in which
fuel flow rate and engine speed were fixed (fixed PLA), was considered for different
values of compressor degradation. Figure 9 (top) shows that the more the compressor was
damaged, the lower the pressure and the higher the air temperature at the compressor
exit. In particular, an efficiency drop of 8% caused a pressure reduction of about 4% and a
temperature rise of 2.8%; if the compressor efficiency dropped by 12%, then the pressure
reduced by about 7% and the temperature increases by about 4.5%. When the compressor
is damaged, its performance map undergoes considerable changes. Therefore, at a fixed
speed, lower air flow rates were processed by the compressor with respect to the clean
case. Air flow rates reductions of about 8% and 12% with respect to the clean case were
recorded for compressor efficiency reductions of about 8% and 12%, respectively. The
lower air flow rates, at fixed fuel, caused a rise in the turbine inlet and exhaust temperature
(Figure 10). Therefore, for a compressor degradation of about 8%, the inlet and outlet
turbine temperatures rose by about 7%, while for a compressor degradation of about
12%, the temperatures rose by about 10%. Overall, engine performance deteriorated and
lower power was obtained, as reported in Table 7. These results are in agreement with the
literature data [46,50].
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Figure 9. Compressor pressure (top) and outlet compressor temperature (bottom) for damaged
COMPpIessor.
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Figure 10. Turbine inlet and exit temperatures for damaged compressor.

Table 7. Power reduction with increasing compressor degradation for operating point (PLA) of about
50%, altitude h = 50 m and Mach = 0.09, at 6000 rpm.

Degradation Output Power [kW] % Power Variation
clean 178
2% 175 -1.7
4% 171 -3.9
8% 164 -79
12% 157 —11.8
15% 152 —14.6

3.2. Linearized Turboshaft Model with System Identification (SI)

The model linearization was carried out through the Matlab System Identification
toolbox. In this case, the input and output data vectors were given to the software using
a GUI, and the state-space model was selected from among the available ones (transfer
functions, polynomial, non-linear and other dynamic models). Two algorithms for SI are
available: SSEST, which allows for the estimation of a continuous-time state-space model,
and N4SID, which allows for the definition of a discrete-time state space model. In the
latter case, the discrete-time identified state-space model has the following form:

x(t+ Ts) = Ax(t) + Bu(t) + Ke(t)

y(t) = Cx(t) + Du(t) + e(t) (14)

where A, B, C, D and K are state-space matrices, u(t) is the input, y(t) is the output, e(t) is
the disturbance and x(t) is the vector of n, states, which represent the order of the system.
In the present case, the N4SID algorithm with 7, = 4 was selected. It is worth pointing
out that ny = 4 was selected on the basis of a trial-and-error approach in order to achieve
the best agreement between the linear model output and the experiments. Moreover, this
procedure does not require the definition of the state variables, only their order (four in
this case). Therefore, the physical meaning of the matrices elements, which were obtained
by adopting the small perturbation approach, were lost in this case.

The comparison between the SI output variables and the GSP results is included
in Table 8. It can be observed that by adopting this approach, the mean error was also
below 1% for all of the output variables; moreover, a maximum error lower than 3%was
recorded for the shaft power. The values of this approach were even better than those for
the previous approach; therefore, similarly to the previous approach, these results allow
one to conclude that the linear model obtained through the SI provides optimal predictive
capabilities.
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Table 8. Linear model validation.

OUTPUTVAR. PT; [bar] TTys [K] Power [kW]
DEGRAD: Mean Max R2 Mean Max R2 Mean Max R2
LEVEL Err. % Err. % Err. % Err. % Err. % Err. %
Clean 0.08 1.08 0.995 0.04 0.19 0.999 0.10 0.30 0.999
2% 0.08 0.83 0.997 0.04 0.27 0.999 0.10 0.32 0.999
4% 0.09 0.67 0.997 0.05 0.26 0.998 0.11 0.33 0.999
8% 0.13 0.91 0.991 0.06 0.49 0.997 0.22 2.08 0.997
12% 0.10 0.95 0.997 0.07 0.61 0.996 0.22 2.29 0.997

Matrices A, B, C and D, for the analyzed case, had the following dimensions: 4 X 4,
4 x1,4 x4and 4 x 1, respectively. As in the previous case, each term of the matrices
was analyzed with varying the compressor degradation level, in order to extrapolate
a degradation law. Unfortunately, the coefficients varied in an unpredictable manner.
For each term, the R? was computed, and this clearly indicated the poor fitting of the
data with a linear trend. This allows one to conclude that this approach is not suitable
for implementation in controller design when prediction of components degradation
is included.

4. Conclusions

In this study, two approaches for obtaining reliable linear models of a turboshaft
aircraft engine were analyzed. The main purpose of developing such linear models relied
on the possibility of developing advanced control systems for direct fuel control instead
of adopting measurable parameters. Moreover, the possibility of including components
degradation in the linear model, in order to reduce control correction error, was investi-
gated. The adopted techniques were Small Perturbation and System Identification. The
models were validated by a comparison with simulation results, under the same operating
conditions, obtained through a high-fidelity simulation tool (GSP).

Both approaches yielded quite reliable results in predicting the output variables for all
of the degradation conditions. In fact, from a comparison between the linear model and
data, the Small Perturbation approach yielded a recorded mean error below 1% for all of
the output variables, and the maximum error, recorded for shaft power, was about 6%. For
System Identification, even better results were obtained. In fact, the mean error was below
1% for all of the output variables, and the maximum error, recorded in this case for shaft
power, was lower than 3%.

A simple correlation between engine performance and components degradation was
also demonstrated; in particular, the achieved results allow one to conclude that the Small
Perturbation approach is the best candidate for controller development when a prediction
of components degradation is included.
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