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Abstract: A low bypass ratio turbofan engine operates in a hostile environment, resulting in performance
degradation. This seriously affects the security and reliability of the engine. Therefore, a performance
degradation evaluation method for engines based on flight data is proposed. The method expands the
equation system to solve the underdetermined problem caused by the lack of engine sensors based on
multiple operating point analysis. The improved evolution algorithm is employed to solve the equation
system, which relieves the problem of insufficient precision. The engine performance degradation
dataset is established based on the engine performance calculation model to verify the reliability of the
degradation evaluation method. The results show that the method is applicable to the dataset. Finally,
the method is applied to the actual flight data to study the law of the performance degradation of the
researched engine, which indicates that the engine’s fan efficiency and high-pressure compressor flow
capacity have an apparent downward trend over time.
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1. Introduction

Aero-engines work in complex environments, such as high temperature, high pressure,
and high speed, for a long time. During the operation, problems such as blade erosion,
fouling, and tip clearance inevitably occur, resulting in performance degradation [1,2]. Sig-
nificantly, the operating state of the low bypass ratio turbofan engine is changeable, which
causes more severe performance degradation. The degradation of engine performance is
mainly reflected in the reduction of thrust, engine overtemperature, and increase in fuel
consumption. They not only increase energy consumption but also affect the flight safety
and reliability of the engine. Therefore, to ensure the safety and improve the sustainabil-
ity of aero-engine, it is necessary to conduct research on the performance degradation
evaluation of turbofan engines.

Performance degradation is usually characterized by components’ efficiencies and flow
capacities, which are called health parameters [3,4]. Performance degradation evaluation
by estimating the health state helps condition-based maintenance, which benefits the safety
of aero-engine and reduces use costs. Therefore, health state estimation has received more
attention from scholars for decades. Aero-engine health state estimation methods are
mainly divided into model-based and data-driven methods [5].

Model-based methods estimate health parameters based on deviations of engine
sensor data from accurate engine performance calculation models. In the 1970s, Urban [6]
introduced a gas path analysis method to isolate single or multiple engine faults through a
fault coefficient matrix. However, the number of engine sensors is limited due to installation
space and weight. This results in the phenomenon of fault diffusion in the estimation
results. To solve the problem that the number of sensors was less than the types of engine
faults, Stamatis [7] and Gulati [8] proposed the multiple operating points analysis (MOPA)
method, which solved this problem by selecting multiple steady-state points to expand the
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equation system. However, this method requires that the selected steady-state points have
a particular difference to avoid the multicollinearity effect of the fault coefficient matrix.
Sampath et al. [9] used a genetic algorithm to conduct fault diagnosis research on engines
considering sensor noise. At the same time, algorithms such as the Kalman filter [10],
extended Kalman filter [11], and unscented Kalman filter [12] were also widely used in
engine gas path fault diagnosis research. It had certain advantages in dealing with sensor
noise but required specific degenerate prior knowledge.

With the continuous development of data processing technology, data-driven methods
have received more extensive attention from scholars. The method did not need to consider
the actual working principles of the engine and the aero-thermodynamic process. Training a
large number of “measured parameters-health parameters” mapping samples can calculate
the engine performance degradation trend from the measured parameters. The long-
short-term memory network [13-15] can deeply mine the characteristics of time series
and alleviate the gradient disappearance and gradient explosion problems of traditional
recurrent neural networks. It also showed excellent predictive ability in the NASA C-
MPASS aero-engine simulation dataset [16].

However, some of the above theoretical algorithms are still far from practical engi-
neering applications. On the one hand, the number of sensors installed in actual turbofan
engines is limited, and it is difficult to obtain a large number of “measured parameters-
health parameters” mapping samples, which makes it challenging to apply data-driven
methods to practical work. On the other hand, the measurement noise of engine sensors
is difficult to satisfy the Gaussian distribution, and it is difficult to obtain accurate prior
knowledge of degradation, making the Kalman filter algorithm challenging to apply to
actual engine degradation evaluation research.

This paper proposes a degradation assessment method based on the characteristics of
engine sensors. The novelty of the method lies in the reasonable assumption that it converts
an underdetermined problem into a positive definite problem. A novel fitness function
considering sensor noise and model error is proposed. The method can be applied to actual
flight parameter data, and the degradation law of the researched engine is obtained. First, the
method constructs a fitness function using the difference between the engine measurements
and the engine model. At the same time, weights are introduced into the fitness function
to consider the influence of sensor measurement noise and model errors. Second, given the
problem of insufficient measurement parameters in the traditional health parameter estimation
method, the method adopts the multiple operating point analysis (MOPA). By introducing
multiple operating points to expand the health parameters to solve the equation system,
it solves the underdetermination in the nonlinear equation system solution. Finally, the
improved differential evolution algorithm is applied to solve the health parameters inversely
to solve the problem of insufficient precision in parameter estimation.

To verify the effectiveness and reliability of the proposed method, this paper estab-
lishes a simulation dataset for engine performance degradation with injected degradation
trends. It provides a basis for practical engineering applications by performing calculations
and verifying the dataset. The method is then applied to the actual flight parameter data to
estimate the performance degradation trend of each component of an engine under actual
flight conditions. The study not only shows the degradation law of the researched turbofan
engine but also provides a basis for the scientific, rational, and efficient use of the engine.

2. Methods
2.1. Problem Description

The researched aero engine is a low bypass ratio turbofan engine, which is mainly
composed of the fan, compressor, combustor, high-pressure turbines, and low-pressure
turbines. There is a complex coupling relationship between these components [17]. Stud-
ies [18] have shown that the performance degradation of the engine is mainly reflected
in the change in the component structure (such as blade tip drop, blade corrosion, etc.)
and that the performance is manifested in the change in the air path characteristics (flow
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capacities and efficiencies) of the rotating parts. Therefore, the health parameters for the
flow capacities and efficiencies of the rotating components of the engine are usually defined
as follows:

_ Wy
SW—W% (1)
Md
SE =12 )
e

where SW is the flow capacity of components, SE is the efficiency capacity of components,
W is the conversion flow of components, 7 is the efficiency of components, the subscripts d
is the degraded engine data, and c is the clean engine data.

Usually, the nonlinear aerodynamic thermodynamic model of an aero-engine consid-
ering the degradation of component performance can be expressed as follows:

z=g(u0) ®)

where u is the engine input vector, z is the engine measurement parameter vector, and 0 is
the vector composed of the performance health parameters (SW and SE) of each rotating
component of the engine.

Since the health parameters of components cannot be directly measured or calcu-
lated from sensor measurement parameters, the performance degradation evaluation of
aero-engine gas path components is essentially an estimation problem of unmeasurable
parameters. Usually, Equation (3) is solved inversely according to the measured parameters.
The component health parameters are estimated as follows:

0=G l(x,z2) 4)

However, the solution of the above formula needs to satisfy that the number of
measurement parameters is more than or equal to the number of health parameters. The
number of actual engine sensors is limited by installation space and weight. It is difficult to
meet the requirement, making the above equation’s solution an underdetermined problem.
The equation cannot be solved theoretically.

2.2. MOPA Application Based on Flight Parameter Data

Aiming at the above underdetermined problem, Stamatis [7] proposed the MOPA,
which assumes that the health parameters of each component remain unchanged during a
single flight cycle. It expands the solution equations for the health parameters by selecting
multiple steady-state operating points to solve the problem of insufficient measurement
parameters. It requires a certain independence between the selected steady-state operating
points to alleviate the multicollinearity problem in the solution of the health parameters.
However, Diakunchak [19], Aker and Saravanamuttoo [20] pointed out that the degradation
degree of flow capacities and efficiencies will change with the operating points due to different
aerodynamic conditions. This contradicts the assumption that the health parameters of each
steady-state operating point of the MOPA are equal. In order to reduce the error resulting
from the MOPA assumption, it is necessary that the difference between each operating point
be as small as possible when selecting multiple operating points. Therefore, the choice of
multi-operating point states is a paradoxical issue when applying MOPA.

It was found that the steady-state operating point of the researched engine is mainly
concentrated in a small high-pressure spool speed range (86-92%) by analysis of the actual
flight parameter data. Since this speed range is small, the aerodynamic characteristics of
multiple operating points can be approximated to be the same. Furthermore, the component
performance health parameters of multiple operating points in the small range can be approx-
imately considered equal. At the same time, to alleviate the multicollinearity problem in the
solution of the equation system, a steady-state operating point with a significant difference in
the speed range should be selected as much as possible during the calculation.
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Aiming at the above problem:s, this paper transforms an equation system that solves
the problem of Equation (4) into an optimization problem. It solves engine health param-
eters by minimizing the fitness function. It then uses an improved differential evolution
algorithm to solve the optimization problem.

The MOPA method is used in the area to expand Equation (4):

0 = G (xe(t), (1), (1))
xi(H) =t xt, . x]
T T ©)
ue(t) = [u',u’, ...y ]T
() = [z, 27, ..., 247
where g is the number of operating points selected by the MOPA.
The fitness function of this optimization problem is defined as follows:
. pr ym-yal
X ¥ (i
OF = | /= (6)
pxq

where Yl“/‘ is the jth actual measured parameter value of the ith operating point, ij‘l is the
calculated parameter value of the jth model of the ith operating point, and p is the number
of the aero engine sensors.

Equation (6) does not consider the influence of engine model error and sensor mea-
surement noise. Since the aero-engine is a complex aerodynamic thermodynamic system, a
series of assumptions in the model cause calculation errors in the physical model. At the
same time, the complex flow field inside the engine makes it difficult for the measured
value of the engine sensor to represent the actual value of the entire section, resulting in
measurement noise from a certain sensor. Therefore, to improve the accuracy of health
parameter estimation, it is necessary to consider the influence of model error and sensor
measurement noise. The standard deviation of the measurement parameters is used as the
weight and added to the fitness function [18]. At this time, the fitness function becomes:

q P ym_ycl
L L ()
OF =\ —— 7)

where 0; is the standard deviation of the jth measurement parameter.

In practical work, due to sensor characteristics, the measurement noise of aero-engine
sensors is difficult to satisfy the Gaussian distribution. Figure 1 shows the noise distri-
bution of a certain type of engine thermocouple for multiple measurements of the same
temperature. It can be seen that the actual sensor measurement noise is quite different from
the Gaussian distribution.

In addition, due to the inaccuracy of the characteristic map of engine components, the
calculation error of the parameters measured by the engine performance calculation model
may also deviate from the Gaussian distribution. Figure 2 shows the engine performance
model’s calculation error distribution of the exhaust temperature. It is not exactly a
Gaussian distribution.
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Figure 1. Sensor noise distribution and its Gaussian distribution.
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Figure 2. Model error distribution and its Gaussian distribution.

The actual engine sensor technical specification has an error range for the measurement
parameter. Therefore, this paper comprehensively determines the weight of the parameter
according to the relationship between the noise range of the measurement parameter and
the model error and brings it into the fitness function. Then, the improved fitness function is:

4 (wj - —ym)?
i=1j 2
OF = ®)
pP-q

It

14 ym 7yca1
=1

where w; is the weight of the jth measurement parameter.

Affected by sensor measurement noise, the selection of the number of operating points
also requires attention. Usually, the larger the number of selected operating points, the
more redundant the data and the more accurate the solution of the health parameters.
However, when there are engine sensor errors, the more data there are, the more difficult
it is for the solution of the engine health parameters to converge. This results in the
“smearing” phenomenon (the performance degradation of one component may be reflected
in another component). The health parameter calculation tends to the direction of the noise
disturbance changes.

Therefore, to reduce the influence of noise as much as possible, the number of operating
points should be selected as small as possible while satisfying the MOPA calculation
conditions. In general, to ensure that the system of equations can be solved, the number
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of operating point selection should satisfy p x g > n. Additionally, 4 is the smallest value
that satisfies inequality. In particular, the researched engine is equipped with five gas path
sensors, which are high-pressure spool speed (N7), low-pressure spool speed (N,), total
pressure at high-pressure compressor outlet (Pt3), total temperature at low-pressure turbine
outlet (Tt5) and fuel flow (Wf). Wf is the input of the performance calculation model, and
the output of model p is 4. The number of health parameters, #, is 10. To make sure, the
number of multi-operating points g selected is 3.

The traditional genetic algorithm is prone to severe “smearing” in the solution, and
the calculation accuracy is poor. Therefore, this paper adopts an improved differential
evolution algorithm named JADE [21], which improves convergence and robustness by
adaptively adjusting control parameters. JADE improves the “smearing” phenomenon to a
certain extent.

JADE is based on the improvement of the differential evolution algorithm. The dif-
ferential evolution algorithm is an optimization algorithm based on swarm intelligence
theory [22]. It achieves global search optimization through mutation, crossover, and selec-
tion operations. Because the algorithm has the advantages of few control parameters, high
optimization accuracy, strong global search ability, and easy engineering applications, it is
widely used in many real-world optimization problems [23,24]. However, since calculating
the health parameters takes a lot of time, the optimal control parameters scaling factor and
crossover rate cannot be selected by statistical methods. Therefore, this paper uses the
adaptive differential evolution algorithm JADE to adjust the control parameters to ensure
that the control parameters are always optimal.

At the same time, the algorithm introduces a new mutation strategy DE/current-to-
pbest based on the mutation strategy DE/current-to-best, which utilizes the information of
the optimal solution and other optimal solutions information. The difference between the
archived inferior solution and the current population can be incorporated into the mutation
operation. The population has diversity and can alleviate problems such as premature
convergence. Compared with the standard evolutionary algorithm, the method reduces
evolutionary generation while ensuring robustness.

The specific health parameter calculation process is shown in Figure 3.

e

N
. del Parameter
adaption

—Meet convergence

Output 0

Figure 3. Flowchart of health parameter calculation.
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2.3. Creation of Degradation Simulation Dataset

To verify the reliability of the proposed method under the influence of sensor mea-
surement noise, a performance degradation dataset of the researched turbofan engine is
established in this paper. To make the dataset truly reflect the actual degradation, the
degradation law consistent with NASA’s C-MPASS aero-engine simulation dataset [16]
is adopted. The initial degradation and final value degradation are shown in Table 1.
During the degradation process, the exponential degradation rate is applied to the health
parameters of each component, and the expression is as follows:

Oc(t) =1 —di — exp(apt™),k=1,2,...,10 )

Table 1. Initial value and final value of health parameters.

Health Parameters Initial Wear (%) Final Wear (%)

SE12 (fan efficiency) —0.18 —2.85

SW12 (fan flow) —0.26 —3.65

SE2 (low-pressure compressor efficiency) —0.50 —2.65

SW2 (low-pressure compressor flow) —0.80 —3.58

SE26 (high-pressure compressor efficiency) —0.62 —2.61
SW26 (high-pressure compressor flow) —1.01 —4

SE41 (high-pressure turbine efficiency) —0.48 —2.63
SWH41 (high-pressure turbine flow) 0.08 2.57

SE46 (low-pressure turbine efficiency) —0.10 —1.08
SW46 (low-pressure turbine flow) 0.08 0.42

A dataset of the health parameters is generated using Equation (9) over time. The
health parameters are the input vector of the engine performance model. At the same time,
the steady-state operating points of the speed range mentioned above in the entire life
cycle of the researched engine are extracted, and three steady-state points with significant
differences in the operating state within a single flight sortie are screened. The engine
operating and flight conditions from the actual dataset are used as input vectors to the
model. A random error within the measurement error range of the sensor is added to the
output of the model.

On the one hand, the input degradation of the dataset is similar to the possible
degradation of the engine; on the other hand, the simulated operating point is consistent
with the actual operating steady-state point of the engine, which can truly reflect the actual
operating state of the engine. Therefore, the dataset can effectively validate the health
parameter evaluation method proposed in this paper.

3. Results
3.1. Validation of the MOPA Method

In order to verify the validity and reliability of the proposed method, the degrada-
tion dataset without noise, and the degradation dataset with noise were calculated and
verified, respectively.

Table 2 shows the two groups of randomly implanted health parameters and estimated
values, and Figure 4 shows the estimated health parameters for the noise-free performance
degradation dataset. The results in Table 2 show that the health parameter values estimated
by the method have high accuracy.



Sustainability 2022, 14, 8052

8of 12

]
=
wn

(]
=
n

<t
=
(9]

SE46

1.00

098

0.96
1.00

0.98 -

0.96
1.00

0.96
1.00

0.98

0.96

1.00

0.98

Table 2. Implantation and estimation of engine health parameters.

Health Example 1 Example 2
Parameters Preset Value Estimated Value Preset Value Estimated Value

SE12 0.98 0.9814 0.99 0.9898
SW12 0.99 0.9897 0.97 0.9695
SE2 0.98 0.9784 0.99 0.9901
SW2 0.99 0.9903 0.97 0.9706
SE26 0.96 0.9615 0.99 0.9904
SW26 0.99 0.9897 0.97 0.9703
SE41 0.98 0.9786 0.99 0.9910
SW41 1.02 1.0197 1.03 1.0301
SE46 0.98 0.9797 0.99 0.9905
SW46 1.02 1.0200 1.03 1.0297

— Given degradation curve!.00

o | © Estimation

Time 100 Time

Time Time

1.00

1.004 -

1.002

SWi46

1.000 P

Time Time
Figure 4. Health parameters for estimation under dataset without noise.

Figure 3 shows the estimation results of health parameters in the degradation process in
the dataset without noise. The black lines are the given degradation curves, and the red dots
are their estimates. The estimation results fit the given degradation index curve well. The
accuracy of each point is within 0.3%, which can meet the needs of engineering accuracy.

For further validation, health parameter estimation calculations were performed on a
dataset with noise. In the degraded dataset with noise, the multi-operating point measure-
ment values of the MOPA method are all affected by random noise, and the assumption that
the degradation values between the operating points are equal is affected to a certain extent.
Therefore, the problem of poor convergence of some points in the solution of the equation
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system will occur. The resulting estimation of the health parameters under the influence
of noise is shown in Figure 5. The black lines are the given degradation curves, and the
red lines are their estimates. Although the estimation accuracy of the health parameters is
affected, the estimated curve can still reflect the trend of performance degradation, so it is
further verified that the method can be used for performance degradation evaluation of
actual flight parameter data.
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Figure 5. Health parameter estimation under dataset with noise.

3.2. Performance Degradation Evaluation of Actual Flight Parameter Data

In performance degradation based on actual flight data, the flight data of the new
engine are taken as the ideal state that the engine has not degraded. The initial health
parameters of the new engine are assumed to be 1, and the corresponding engine model is
taken as the baseline model.

The actual flight parameter data of an engine is selected. This paper takes the steady-
state point where the MOPA method is applicable. It uses the baseline model to calculate
the fitness function value of each engine flight for a long period (Equation (8)), and the
results are shown in Figure 6. With the increase in flight time, the fitness function shows
an obvious upward trend, indicating that the performance of the engine components is
increasingly different from the ideal state of the new machine. This means that this type of
engine has an obvious performance degradation phenomenon during operations. It also
shows that the method proposed in this paper is suitable for evaluating the performance
degradation of actual engines.
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Figure 6. The fitness function value of an engine for a long time.

By estimating the degradation of the engine, the health parameter estimation curve is
obtained, as shown in Figure 7, in which the fan efficiency and high-pressure compressor flow
rate decrease obviously with time, and the maximum degradation amounts are 5.95% and
6.59%, respectively. Therefore, these components require special attention in actual maintenance.
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Figure 7. Health parameter estimation of an engine for a long time.
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Due to factors such as manufacturing tolerance and different operating conditions,
each engine has differences in the degradation trends of components. Therefore, it is
necessary to combine the data of multiple engines to study the general law of performance
degradation for the researched engine so that targeted maintenance measures can be taken
in actual work.

4. Conclusions

A performance degradation evaluation method for a turbofan engine based on flight
parameter data is proposed. The innovation of this paper is to solve the underdetermined
problem of health factor estimation through reasonable assumptions. It expands the health
factor to solve the equation system through multiple steady-state operating points. A novel
fitness function considering sensor noise and model error is proposed. In this paper, the
method is applied to actual flight parameter data, and the degradation law of the researched
engine is obtained. One advantage of this method is that it does not require any priors and
is not restricted by the condition that the available measurement number is less than the
count of health factors. Another advantage of this method is that the estimation accuracy is
better than that of the traditional genetic algorithm since an improved differential evolution
algorithm is used to solve the above optimization problem.

The method is tested using the engine performance degradation verification dataset.
The test and verification are carried out on the degradation dataset without noise and
the degradation dataset with noise, respectively, which provide a basis for applying the
method in actual engines. Finally, the performance degradation of the engine is evaluated.
The research shows that the fan efficiency and high-pressure compressor flow rate of this
engine have an obvious downward trend over time. Special attention should be paid
to the components mentioned above, with obvious degradation in actual maintenance.
Furthermore, the degradation evolution method can provide technical support for flight
safety and improve engine operation reliability.
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