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Abstract

Aero-engines involve numerous design variables that strongly influence overall aircraft performance and ob-
jectives such as mission fuel burn, climate impact and costs. Evaluating many engine designs on aircraft level
using detailed design workflows is computationally expensive. Then, optimization strategies that require many
evaluations are impractical, e.g. design-of-experiment approaches and evolutionary or gradient-based opti-
mization on top-level. This paper proposes a sub-level engine optimization strategy based on sensitivities of
top-level objectives with respect to engine interface parameters, e.g. thrust specific fuel consumption, engine
mass, nacelle dimensions and emissions. A low number of sensitivities is used to optimize the engine de-
sign with respect to top-level objectives before it is integrated and evaluated within the top-level aircraft design
process. Start values for sensitivities are estimated according to the specific application throughout differ-
ent workflow runs and can be refined with study calculation results. The proposed engine model integrated
strategy is applied to a long-range, single-aisle aircraft with underwing engines using the top-level objectives
mission fuel burn, operating empty mass and atmospheric temperature response to quantify climate impact.
The results are benchmarked against a reference optimization strategy using a surrogate-based evolutionary
optimization approach that requires a top-level design-of-experiment.

Keywords: Engine Design, Overall Aircraft Design, Optimization, Hybrid Surrogate-based Rubber Engine

1. Introduction

Multidisciplinary design analysis and optimization (MDAQO) for aircraft has to resolve many interac-
tions between different systems, components and disciplines. One important coupling is related to
engine sizing and the selection of thermodynamic cycle parameters. Typically, workflows for overall
aircraft design (OAD) integrate engine models to account for the impact of the discipline propulsion.
The complexity and calculation effort for OAD workflows increases significantly with the level of detail
of disciplinary models. When a single workflow execution is expensive in terms of calculation effort,
the investigation of large design spaces or the use of optimizers on the top-level of the workflow be-
comes increasingly challenging. Figure[T]shows two different optimization strategies for the discipline
propulsion within OAD, which are:

+ The DoE and Surrogate-based Optimization Strategy (Reference Approach): Since the
direct use of an optimizer on the top-level would be to expensive, the selected reference ap-
proach generates a sufficiently large design-of-experiment (DoE) and calculates all samples
by converging the OAD workflow accounting for disciplinary iterations. The presented calcula-
tion efforts are taken from the demonstration study of a hybrid surrogate-based rubber engine
model approach described in [1] similar to [2]. When the DoE is completed, surrogate models
are trained to approximate the objectives, constraints and further parameters that are required
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Figure 1 — Schematic of two different optimization strategies for the discipline propulsion within
overall aircraft design: the reference approach using surrogate-based optimization (left) and the
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for the subsequent surrogate-based optimization. The effort for surrogate creation and the
surrogate-based optimization are small compared to the execution of the OAD workflow and
the generation of the training data. In total, a calculation time of 5.3 days is required to obtain a
first optimized result. Employing adaptive sampling may reduce the required calculation time to
a limited extend, but still many workflow executions are required, especially for multi-objective
optimization problems where optimal solutions are distributed across a large parameter space.

Rubber Engine-Integrated Optimization Strategy (New Approach): To reduce the calcula-
tion time, a new approach is proposed that uses a rubber engine model-integrated optimization
strategy. The engine is optimized already within the discipline propulsion itself for top-level
objectives. The top-level objectives are approximated by means of a linear-superposition ap-
proach using constant sensitivities, which have to be determined in advance and are provided
to the engine model. With this strategy, only one workflow run is required to obtain a first optimal
result. However, additional effort is required to determine the sensitivities in a preprocessing
step. With each resulting workflow output, the DoE for sensitivity estimation can be extended.
It is unclear how many samples are required to obtain reliable sensitivities and whether the
linearization approach is feasible for different common objectives such as mission fuel burn,
overall system mass and climate impact.
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This paper investigates the following research hypothesis:

Research Hypothesis

An engine model-integrated optimization strategy within overall aircraft design that is based on local
sensitivities of top-level objectives with respect to engine interface parameters produces sufficiently
similar optimization results with less computational effort compared to a top-level surrogate-based
optimization approach that requires a large DoE.

2. Methodology

A conceptual design engine model is extended by implementing a sub-level optimization procedure
based on sensitivities, i.e. local derivatives of top-level parameters with respect to engine model
output parameters. The engine model is then integrated into an overall aircraft design workflow to
solve a multi-objective engine optimization problem. The results are compared with the results solving
the same problem by means of the reference surrogate-based optimization strategy. Both approaches
are assessed with respect to the identified optimal engine designs and computational effort. The
following sections present the physical models, problem definition and optimization approach.

2.1 Engine Model

The proposed optimization strategy can be used in combination with different types of engine models.
Here, a hybrid surrogate-based rubber engine approach is employed according to [1, [2, [3] and as
depicted in Fig. [2| The rubber engine model is created in a pre-processing step, separating engine
design and engine selection. During the model creation phase, different engine designs are gener-
ated to populate a predefined design space using a certain sampling strategy. The multi-dimensional
design space is spanned by the thrust requirements at sizing operating conditions and by engine
design parameters. For this paper, a rubber engine model for an unmixed geared turbofan engine
architecture with entry into service (EIS) in the year 2035 is used. The sizing thrusts are the cor-
rected thrust at top-of-climb FNtoc and the thrust at maximum take-off FNyro, which is divided by
FNroc and prescribed as thrust ratio Ny, roc. The available engine design parameters comprise
the bypass ratio at cruise conditions (BPRcr), turbine inlet temperature at top-of-climb (74 roc) and
maximum compressor outlet temperature (73 max), Which sets the overall pressure ratio. In the appli-
cation phase, the rubber engine model enables the selection of a specific engine from the covered
continuous design space for a given set of model input values according to equation

Engine Design = f(BPRcr, 741,10, T3,max, FNtoc, FNyi1o /100) (1)

The internal surrogate models (see Fig. are then evaluated with the given input values. The
predictions of the surrogate models are directly provided as output when they do not depend on
the operating state of the engine, e.g. engine mass, dimensions, or are internally transferred to
initialize an embedded tool for thermodynamic cycle analysis. With this embedded tool, the off-
design performance of the selected engine design is calculated on-demand during application in
OAD. The thermodynamic data is internally passed to an embedded model for emission calculation,
which provides engine emissions corresponding to the engine performance data at the rubber engine
model interface.

The creation of the rubber engine model is described in [1]. A conceptual engine design process
similar to [2] is employed using the virtual propulsion framework GTlab (Gas Turbine Laboratory) [4,
5,[6]. The multidisciplinary design process combines a multi-point thermodynamic cycle analysis with
a knowledge-based method for flow path sizing [7], a basic aerodynamic analysis of turbo machinery
efficiencies [8], mass estimation on the level of single engine parts [7] and a model for the prediction of
engine emissions [1,[2]. Applied in the OAD context, the rubberized engine enables the consideration
of detailed interactions between the airframe and propulsion unit based on a sophisticated, expert-
proven engine model.
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Figure 2 — Hybrid surrogate-based rubber engine model concept [2].

2.2 Aircraft Model

The long-haul, wide-body, generic aircraft model D300-XRF1 [9] is selected as reference aircraft.
The D300-XRF1 is designed for 300 passengers with a 3-class cabin layout resulting in a fuselage
with a length of 64 m. The ICAO aerodrome category E applies to the D300-XRF1 aircraft with a
wingspan of 58 m and an aspect ratio of 9. By forecasting evolutionary technological improvements
for the expected market maturity EIS = 2035, the reference aircraft is improved as described in [2]. In
this publication, a modified version of the workflow presented by Fréhler et al. [9] is used as depicted
in figure 8] The OAD workflow is implemented in the integration platform RCE (Remote Component
Environment) [10] using the "Common Parametric Aircraft Configuration Schema" (CPACS), which
provides a standardized format to support the communication between the different workflow compo-
nents [11,[12].
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Figure 3 — Conceptual overall aircraft design process [2].

To initialize the OAD process, the level-0 conceptual design tool openAD [13] is used, which produces
an initial geometry definition and an initial performance estimate of the aircraft based on the TLARs
and design parameters. Subsequently, level-1 disciplinary tools with higher fidelity are integrated to
refine the initial openAD results. In the engine design subprocess, the rubber engine model provides
the engine properties and performance to other disciplinary models. As a final step, the higher fidelity
results are fed back into openAD as a synthesis to obtain a consistent aircraft design. The level-1
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is iterated until lift and drag coefficients at mid cruise conditions (CR), the maximum take-off mass
and operating empty mass converge. The post-processing includes an assessment of the climate
impact in terms of the metric average temperature response (ATR) according to [14] assuming an
operational lifetime of 30 years, a maximum integration window of 100 years (ATR = ATR;q) and
disabling discount weighting using a devaluation rate of zero.

2.3 Engine Optimization Problem

An exemplary study is performed to demonstrate the proposed engine model-integrated optimization
strategy for OAD and to benchmark the approach against the reference optimization procedure (see
Fig. [1). Therefore, the optimization problem in equation [2] is formulated according to [1]. The dif-
ferent objectives mission fuel burn (FB), average temperature response (ATR) and operating empty
mass (OEM) lead to a three-dimensional Pareto-front. To choose a single design from the Pareto-
front, specified weights w are used to compile a scalar objective function. The decision variables are
the engine parameters BPR, T4 toc and T3 max for which upper and lower bounds are defined. The
optimization is additionally subject to different constraints g(x) and h(x) to ensure feasible engine de-
signs accounting for maximum temperatures, minimum blade dimensions, minimum surge margins,
maximum stage count (see Tab. [f).

B(X)/FBref w1 BPR 3
minf(x) = | ATR(x)/ATRpr | - [wa| With x= | Tymax |, Ywi=1 and 0<w;<1
xek OEM(x)/OEMer| | w3 Tyytoc] =1
st.xp <x<xyp, gx)<0, h(x)>0 (2)
10 16
where x;, = | 850 and xyu, = |1000
1700 1760

Table 1 — Constraints for engine selection during the exemplary optimization study from [1].

Parameter Symbol Unit Value type
Compressor Outlet Temperature T3 max K] <1000 g(x)
HPC Outlet Blade Height hupC out [mm] >12 h(x)
HPT 1St. NGV Outlet Temperature at TOC T41,T0C K] <1750 g(x)
HPT 1St. NGV Outlet Temperature at Cruise Ty1.crR K] <1600 g(x)
HPT 1St. NGV Outlet Temperature MAX T41 max K] <2000 g(x)
LPT Entry Temperature T45 max K] <1275 g(x)
Fan Tip Radius R\ Fan [m] <17 g(x)
HPC Stage Count Nupc [-] <10 g(x)
LPT Stage Count NLpT [-] <4 g(x)
Fan Surge Margin SME, [%-points] >3.25  h(x)

2.4 Optimization Strategy
The optimization problem formulated in equation[2|can only be solved on the top-level since the objec-
tives are results of complete workflow runs. However, the optimization problem can be reformulated
to yield an approximate variant that is solvable on engine level (see Eq. [3).

i ; Mj_ijref _ - an pi(X) — Piref

min f(x (1+AM;) with AM; =
x€R3 - ! Mj,ref i=1 Ipi Di ref

(3)

The sensitivities dM;/dp; describe the local, partial derivatives of the objectives M; with respect to
the engine parameters p;. The objectives are FB, ATR and OEM. The engine parameters are e.g. the
thrust specific energy consumption (TSFC), bare engine mass (M), maximum nacelle diameter (D),

5
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nacelle length (L) or emission index for nitrogen oxides (EINOx). Both, the objective values and the
engine parameters are expressed as relative changes with respect to constant reference values M; ..
and p; . With this formulation, a linear relation between the objective M; and the relative change
in the parameter p; is assumed. Please note that the relative change in p; can still contribute with a
non-linear characteristic. Different single effects (n) are superimposed to estimate the total change
in the objective. It is important, that all relevant coupling effects between engine parameters and the
objective are captured to obtain reliable relative changes of the objective AM;.

The sensitivity values have to be representative for the investigated application case and the spe-
cific workflow setup. One option to calculate the sensitivities is by means of linear least-squares
regression using a sampling with Ny different designs, which are the converged results of OAD work-
flow executions. Each additional workflow execution can later be used to refine the sampling and to
update the coefficients (see Fig. [).

The normalized response of an objective M; is approximated with equation 4| where c;; = dM;/dp;
denotes the sensitivity coefficient of objective M; with respect to engine interface parameter p;.

M M] ref - Api

~ Y ci

)
M] ref i=1 pl,ref

AM; = (4)
The resulting coefficients provide an estimate of the local sensitivities and quantify the influence
of each engine parameter on the considered objective. The root mean squared error (RMSE) in
equation |5|is applied to determine the quality of the regression where y;, and J; denote the observed
and predicted relative objective changes, respectively.

1 .
RMSE = | ¥« Y k=)’ (5)
S k=1
Furthermore, the rank and singular values of the regression matrix are evaluated to identify poten-
tial collinearity among the engine parameters and to ensure a numerically stable estimation of the
sensitivity coefficients.
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Figure 4 — Schematic of sensitivities and the influence of engine resizing.

Figure[4]schematically visualizes the sensitivity definition for 0FB /0M and d ATR/dEINOx considering
only two points: The reference sample and one other sample. For each parameter, the A-value to
its reference is estimated and plotted. Then, the gradient of the linear function is the sensitivity
coefficient. To ensure that the coefficient value is used properly, it is important to specify whether the
sensitivity includes effects due to engine resizing. For example, when the engine design changes
and its mass increases, this increase is amplified at the aircraft level: A higher engine mass leads to
a higher overall aircraft mass, which results in a higher required thrust. When the engine is resized
to fulfil the higher thrust requirement, the engine size and mass increases. When the sensitivity
was calculated including this amplification in AM, the resizing effect must also be accounted for
when the sensitivity is applied to approximate the change in the objective FB. Parameters that are
subject to engine resizing effects are e.g. engine mass, diameter and length. Other parameters
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that mainly depend on thermodynamic cycle parameters are approximately invariant with respect to
such engine resizing effects, e.g. the TSFC, which relates the fuel flow to the generated thrust, or
emission index EINOx, which relates the mass of emitted nitrogen oxides to the mass of fuel burned.
However, thermodynamic parameters are influenced by thrust ratios and the engine’s thrust lapse
characteristic. For example, when the ratio of required thrusts at cruise or take-off relative to top-of-
climb change, this relative change is reflected in thermodynamic parameters. If FNtoc remains the
same but FNcr increases, the throttle setting and operating temperatures of the engine will change
at CR relative to TOC, e.g. having an effect on NOx. Therefore, additional sensitivities are introduced
to map how the thrust demand will change with engine parameters similar to the change of objectives
in equation 3

In order to solve the approximated optimization problem from equation [3| an optimizer is integrated
into the rubber engine model concept depicted in figure 2| Figure [5|presents the implemented engine
model-integrated optimization process. The following steps are necessary:

1. The required thrusts at CR, TOC and MTO are provided from OAD at the interface to the hybrid
surrogate-based rubber engine model.

2. The rubber engine model is evaluated for the currently selected input parameters according to
equation [1|and the performance of the selected engine is calculated for cruise operation.

3. Based on the engine parameters of the currently selected engine, the change in required thrust
is determined using the approximation based on sensitivities. The difference between the pre-
viously set model input and the approximated required thrust is AFN.

4. As long as AFN is higher than a certain tolerance value, the thrust input for the rubber engine
model evaluation is iteratively updated until convergence is reached.

5. The changes in objectives are evaluated using the approximation based on the superposition
approach with constant sensitivities assuming linear relations between AM; and Ap;.

6. The constraints are evaluated for the currently selected engine design.

7. The optimizer varies the decision parameters BPRcr, 741 toc and T3 max t0 optimize the weighted
scaler objective. For each optimizer iteration, the steps (2), (3) and (4) are repeated until the
approximated required thrust is converged.

8. When the optimizer found the solution, the rubber engine model is evaluated once more with
the optimal values for decision variables and the initially requested thrust from step (1).
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Set Inputs from OAD .| Rubber Engine | Update Thrust Change Decision /" \ Rubber Engine
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Figure 5 — Overview of the rubber engine-integrated optimization process.

A4

The optimization is carried out using the NLopt library [15] and the derivative-free COBYLA (Con-
strained Optimization BY Linear Approximations) algorithm [16]. COBYLA is particularly well suited
for simulation-based engineering optimization problems since it does not require analytical gradients
of the objective or constraint functions. Instead, the algorithm constructs local linear approximations
of the objective and constraint functions and iteratively updates the design variables while maintaining
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feasibility with respect to nonlinear constraints. This makes COBYLA a robust choice for problems
involving black-box models and multiple nonlinear constraints. To improve numerical conditioning
and convergence, all design variables and constraint values were normalized prior to optimization.
Relative stopping tolerances are specified for both the objective function and the decision variables,
while a constraint tolerance is applied to all inequality constraints. Design variables are constrained
by the prescribed lower and upper bounds and the optimization is initialized at the midpoint of the
normalized design space.

3. Results

Figure [6] shows the two-dimensional FB-ATR-projection of the Pareto-front that is obtained by solving
the optimization problem by means of the reference strategy as presented in [1]. A DoE with 75
samples (number of required top-level workflow runs) was generated and the workflow converged for
71 samples. A radial basis function (RBF) surrogate model with a cubic kernel and regression was
fitted to the data using the software SMARTy [17]. Then, the population-based evolutionary algorithm
NSGA-IIl from the python library pymoo [18] was used to solve the multi-objective optimization prob-
lem (see Eq. [2). The resulting Pareto-front shows a trade-off between FB, ATR and OEM (see Fig.
[B) and a detailed physical analysis of the results is presented in [1]. Engine designs were selected by
applying different weighting coefficients w. In a first step, different weighted-best lines are estimated
for different weights of OEM wogem. Then different engine designs are selected on the Pareto-line for
woem = 0.1. The min. FB design (wgg = 0.9, watr = 0, wogm = 0.1), the min. ATR design (wgg = 0.0,
watr = 0.9, wopm = 0.1) and as a compromise a balanced design (wrg = 0.7, warr = 0.2, wopm = 0.1),
which allows small penalties in FB to reduce ATR, i.e. climate impact. The weighted-best line with
woem = 0.1 and the three selected designs are used in this paper as reference case to compare the
results of the newly proposed engine model-integrated optimization strategy with.
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Figure 6 — Reference solution for the multi-objective optimization problem from equation [2/before the
weights are applied showing the two-dimensional FB-ATR-projection of the Pareto-front from [1].
Different engine designs are selected by applying the different sets of weighting coefficients.

3.1 Sensitivity Results

The available samples Ns = 71 of the reference case are used to investigate and determine sen-
sitivities for the aircraft-engine coupling within the used OAD workflow. For each objective or thrust
parameter, different engine parameters are tested for their influence and a set of parameters is identi-
fied that leads to a close approximation. The resulting dependencies are presented in the subsequent
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equations (see Eq. [f]to [T1), the determined sensitivity coefficients are provided in table [ and the
quality of approximation is shown in figure [8| comparing the sensitivity-based approximation with the
sampled workflow results, which are referred to as 'Reference’.

For the mission fuel burn, dependencies on TSFC, engine mass, nacelle diameter and nacelle length
are found as formulated in equation[6] These dependencies are typically used in conceptual engine
design in order to estimate changes with respect to FB. Based on the findings in this paper, it is
recommended to use the diameter and length of the nacelle instead of the nacelle wetted area or
drag counts. First, the nacelle diameter might be sizing for the landing gear length and second,
length and diameter typically have different impacts on nacelle drag, which cannot be captured just
by the wetted area. Figure[7ashows that the approximation has a high quality: The change in FB over
the investigated parameter space is of the order 9 % and the relative prediction errors are significantly
below + 0.5 %.

JdFB TSFC —TSFC,f JFB M—M; JFB D—D,t JFB L—Ls

AFB = 6
JTSFC  TSFC.r oM M. ' 9D D ' oL Lu (6)

In the case of OEM, the same parameter dependencies are found according to equation[7]also having
a high quality of approximation with prediction errors significantly less than + 0.5 %-points as shown

is figure [7b]

dOEM TSFC — TSFCif + JdOEM M — M¢ + dOEM D — Dy¢ n dOEM L — Ly (7)
dTSFC TSFC,et oM Mt dD Dret JdL Lier

Equation [8| shows the parameter dependencies for ATR. The climate impact of emitted CO,, H,O
and NOx depend on the absolute amount of fuel burned and therefore, on the change in fuel burn
AFB. Additionally, the emitted mass of NOx also depends on the emission index EINOx, which
changes with the thermodynamic parameters of the engine. This is accounted for with the sensi-
tivity  ATR/JEINOx. The impact of contrails and aircraft induced cloudiness (AiC) depends on the
flight altitude, which is considered by the relative change in flight altitude at TOC. Please note that
the effect of AiC can only be linearized over a narrow range of altitudes (cf. [14]). The approximation
of relative changes in ATR is presented in[7c|and has a moderate prediction error of 0.5 %-points.

AOEM =

— Hrtoc —Hrocx
AATR — JATR AFB + JATR EINOx EINOXref JATR TOC TOC ref
JFB JEINOx EIN OXref 0 HTOC HTOCJef
The change in the corrected thrust at TOC AFN7oc and the thrust ratio AFN( 7, are approximated
in dependence on TSFC, M, D and L, in the same way as for FB and OEM (see equations[9 and[10).

Figures [7d|and [7e| show that prediction errors are less than 0.5 %-points.

(8)

9FN1oc TSFC — TSFCref  9FNtoc M — Mo N OFNtoc D =Dyt  9OFNtoc L— Lyt

AFN1oc =
ToC = " )TSEC TSFCet oM Mot oD Dyet oL Lo

(9)

OFNgy TSFC—TSFCygt | OFNgg M~ Mg | OFNgg D—Digr | IFNgg L—Lies

AFNZ, =
CR ™ OTSFC TSFC,et oM M,ef oD Dyef oL Lot

(10)
The change of required thrust at maximum take-off AFNyro is approximated based on the parameters
TSFC and nacelle diameter only since no clear influence of other parameters was found (see Eq.
[11). The quality of the approximation is lower compared to the other thrust parameters as shown
in figure [7f| with prediction errors significantly higher than +0.5 %-points. The take-off process is a
complex interplay of various aircraft-level parameters and requirements, which are not available on
engine level but that influence the required take-off thrust. Therefore, a moderate to high uncertainty
has to be expected with respect to MTO. However, the general qualitative trend is captured by the
approximation model.

dFNMt10 TSFC — TSFCret  dFNMTO D — Dyt
JdTSFC TSFC;er dD Drer

AFNwyTO = (11)

9
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Figure 7 — Comparison between the sensitivity-based approximation and the observed reference
values from the workflow result sampling for the objectives and thrust parameters. A prediction error
of + 0.5 %-points is shown to judge on the quality of approximation.
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Figure 8 — Relative change of exemplary objectives and thrust parameters with BPR and T3 jax for
Ty1,toc = 1730 K: The grid data is based on the reference workflow sampling data (Ns = 71), which
was used to fit the sensitivity coefficients. The sensitivity-based approximation (coloured surface) is
calculated using the estimated sensitivities and the relative changes of engine parameters across
the design space according to the reference sampling.
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With the thrust parameter sensitivities and the estimated changes, the absolute thrust at TOC and
MTO can be calculated based on the given reference values according to equations|12/and

FN1oc = FNtoc ref (1 +AFNT0C) (12)

FNmto = FNwmTO ref (1 +AFNMTO) (13)

The required thrust input values for the evaluation of the rubber engine model and for the operating

condition cruise are set according to equations [T4]to[T6]
FNtoc,in = FNTOC (14)

FNwmro

_— 15
FNtoc (15)

*
FNMTo,in =

(16)

Figure |8/ shows the response surfaces (coloured) resulting from the sensitivity-based approximation
for exemplary parameters. A comparison with the observed workflow sampling data (grid data), which
was used to fit the sensitivity coefficients, is presented. The approximations reproduce not only the
absolute relative changes well but also the local gradients, which are even more important for the
subsequent engine model-integrated optimization. Only in the case of the thrust ratio for MTO in
figure[8f, the complex topology is not resolved by the approximation model and only the general trend
is roughly captured.

FNCRJ“ = FN?ZRJef (1 +AFNER) FNTOC,ref

Table 2 — Overview of calculated non-dimensional sensitivities with dM; (columns) and dp; (rows).
The shown coefficient values are only valid for the considered long-range aircraft configuration and
the specifics of the OAD workflow setup. No generality can be assumed and the application for other
use cases has to be critically evaluated.

JdM;/dp; JFB dOEM JATR dFNtoc  dFNgg  dFNwmro
JdTSFC 1.3238 0.1047 - 0.4732 -0.1485  0.6068
oM 0.1222  0.1465 - 0.1868 -0.0625 -

JdD 0.1259  0.0604 - 0.0742  0.0664 0.4441
L 0.0788 0.0384 - 0.0401 0.0332 -
dEINOx - - 0.2144 - - -
JFB - - 0.5031 - - -

JoH - - -0.2257 - - -

3.2 Uncertainty Results

A DoE with a large number of samples Ns s = 71 and corresponding top-level workflow executions
was used to determine the sensitivity coefficients in section However, it is aimed for a lower
number of samples to reduce the calculation effort and it cannot be assumed that this many points
are generally available to determine the sensitivity coefficients of the linearized approximation model.
It is relevant to investigate the quality of determined sensitivity coefficients and the associated un-
certainty range when lower numbers of samples are used for fitting. Therefore, the set of sensitivity
coefficients is determined for various smaller selections Ns as subsets of Ns ..f = 71. These selections
are randomly chosen from the total set multiple times to make a statistical evaluation, a technique
known as bootstrapping.
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3.2.1 Bootstrapping Sample Size

For a selection of Ns =5 from Ns ,.f = 71, there are over 13 million possible combinations. For Ns =7,
there are more than a billion combinations and this number increases even further for larger selec-
tions up to Ns = 35. A study on the influence of the bootstrapping sample size Ny is carried out first
to determine a suitable value of Ny for the uncertainty assessment. Random combinations of Ng =7
points are selected for various Ng (number of selections), and the sensitivity coefficients of the ap-
proximation model are calculated for each case. Then, the mean value and 95 % confidence interval
(Cl) are determined for the analyses based on the standard deviation. Figure [9exemplary shows the
results for selected sensitivity coefficients.
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Figure 9 — Uncertainty analysis for a sample size of Ns = 7 and different bootstrapping sizes Ng
(number of subsets with 7 samples randomly selected from Ng rr = 71).

Off-sets in the mean value of the determined sensitivity coefficients are observed for all parameters.
These shifts are particularly noticeable e.g. for JATR and JFNyro up to very large bootstrapping
sample sizes Np of several hundred thousand points. When the linear regression is made on the
basis of only a small subsample of the full dataset, the resulting sensitivity coefficients are highly
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variable and strongly influenced by noise and the configuration of the selected points. Even when a
large number of subsamples Ng is used for regression and the resulting sensitivity coefficients are
averaged, the deviation from the regression result obtained for the full dataset with Ns .f = 71 does not
vanish. The mean value of the subsample-based estimators E[[iy] converges towards the expectation
value of the estimator distribution for Ng = 7, which is usually different from the solution obtained
from regression of all data points /371. The reason is that the ordinary least squares estimatorB is a
non-linear function of the sampled data (see Eq. where X is the matrix of independent variables,

XT its transpose and y the vector of dependent observations.

p=(xX"X)"'X"y with E[B]# B (17)

This effect is more pronounced for noisy and/or non-perfectly linear data-relations since small sub-
samples do not fully capture the underlying structure of the complete dataset allowing individual
points to exert disproportionate influence on the regression result. This explanation aligns with the
observation that the parameters with the largest scatter in figure |7| also have the largest shift in the
mean value in figure Increasing the number of bootstrap subsets only reduces the Monte Carlo
variability of the estimated mean and does not address the systematic deviation from the regres-
sion solution of the full dataset. Overall, the mean values of the analyses remain almost constant
for Ng > 2000. Also, the limit values of the 95% confidence intervals only change slightly beyond
N = 2000. Therefore, the bootstrapping size Ng = 2000 is a good compromise between sufficient
convergence and avoiding unnecessary numerical effort during the subsequent uncertainty analy-
ses.

3.2.2 Sample Size for Sensitivity Calculation

A variation of N is carried out for the selected bootstrapping size Ng = 2000 to determine the influence
of Ns on the sensitivity coefficient values and to investigate how many samples are required to obtain
sufficiently accurate sensitivity values.

The results for selected sensitivity coefficients are presented in figure [10| and show that the uncer-
tainty range for 95 % CI decreases with increasing Ns towards the reference solution with Ng .f = 71.
Similar pattern are observed for most parameters. For example, the uncertainty decreases signifi-
cantly for the sensitivity coefficient JFB/dTSFC when the number of sampling points increases from
5 to 6 as shown in figure The uncertainty reduces constantly with Ng but with a progressively
decreasing rate. Another characteristic is found e.g. for the sensitivities dATR and dFNyo as illus-
trated in figures[10e|and For both, there is a significant deviation from the reference mean value
at low numbers of Ns, which decreases with Ng and almost vanishes beyond Ns ~ 20. Additionally,
the uncertainty band does only shrink slightly at low values of Ng and remains relatively high up to
large sample sizes Ns.

Figure[10]also shows the relative deviation from the reference value of the sensitivity coefficient. This
relative error in determining the coefficient has to be expected at a given sample size Ns for 95 % CI.
The very different magnitude in the relative error is mainly due to the very different absolute values of
the coefficients. For larger absolute values, such as JFB/JTSFC, the relative error falls quickly below
5 % with increasing Ns while the relative error remains very high for small absolute values such as
JdFN¢r /dTSFC. It shows that no general limit values in terms of relative errors can be introduced to
guide the selection of Ns. A sample size of Ng = 20 is expected to be sufficiently accurate for the
considered application case. An elevated level of uncertainty has to be expected for ATR and the
thrust at MTO.
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Figure 10 — Influence of the variation of p and the resulting confidence intervalls

3.3 Optimization Results

The approximated objective function from equation [3is explicitly written in equation [18] incorporat-
ing the approximations of relative changes AFB, AOEM and AATR using the previously calculated
sensitivity coefficients with Ny = 71.

)1(’1’61%% f(X) = WFB (1 +AFB) + WOEM (1 +AOEM) + WATR (1 -f—AATR) (18)
The rubber engine model-integrated optimization strategy described in section [2.4|and as visualized
in figures[T]and|Blis applied to optimize ten engines for different combinations of weighting coefficients
wgp and warr maintaining a constant value for wogm = 0.1 according to the selected weighted-best line
of the reference solution. Figure (11| compares the reference solution with the resulting Pareto-front
produced with the rubber engine model-integrated optimization strategy.
The location and shape of the Pareto-front for the weighted-best line (worpm = 0.1) matches well.
Additionally, the selected designs for min. FB and min. ATR as well as the balanced design with
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Figure 11 — Pareto-front for the exemplary multi-objective engine optimization problem. The
reference solution is compared to the resulting Pareto-front employing the rubber engine
model-integrated strategy (magenta line, square markers with black border).

the respective weighting coefficient sets lie closely together on the Pareto-fronts comparing the ref-
erence solution with the rubber engine-integrated optimization. The largest deviation occurs for the
min. ATR engine design with respect to OEM (see Fig. [11b). Table [3 compares important engine
parameters for the three designs showing relative deviations between the solutions found with the
different optimization approaches.

Table 3 — Comparison between selected points of the reference Pareto-front and the obtained results
using the rubber engine model-integrated optimization strategy.

Design min. FB Design Balanced Design min. ATR Design
Reference  Model-Integrated  rel. Dev.  Reference Optimized rel. Dev. Reference  Model-Integrated  rel. Dev.
Solution Optimization Solution Optimization Solution Optimized
Objectives
FB/FBicf 1.000 1.000 0.0 1.004 1.004 -0.1 1.027 1.027 0.0
ATR/ATR¢ 1.000 1.000 0.0 0.971 0.972 0.2 0.943 0.943 -0.1
OEM/OEM,¢ 1.000 1.000 0.0 0.998 0.998 0.0 1.010 1.012 0.2
Decision Variables
BPR 12.877 12.452 -3.4 13.147 12.726 -3.3 13.868 13.761 -0.8
T3, max 967 964 -0.3 939 937 -0.2 885 878 -0.8
Tui,Toc 1750 1750 0.0 1750 1750 0.0 1700 1700 0.0
Constraints
T41,T0C 1750 1750 0.0 1750 1750 0.0 1700 1700 0.0
T3 max 967 964 -0.3 939 937 -0.2 885 878 -0.8
Tii cr 1590 1572 1.1 1588 1571 1.1 1541 1523 1.2
T4l max 1826 1829 0.2 1829 1830 0.1 1778 1771 0.4
T45,max 1245 1250 0.4 1270 1274 0.3 1275 1275 0.0
Ry Fan 1.492 1.463 -2.0 1.486 1.459 -1.9 1.533 1.518 -1.0
hupc 0.0180 0.0180 0.1 0.0187 0.0187 -0.1 0.0210 0.0210 0.4
Nupc 8 8 0.0 7 7 0.0 7 7 0.0
Nipr 4 4 0.0 4 4 0.0 4 4 0.0
SMEan 6.248 6.858 8.9 6.438 7.015 8.2 5.535 5.774 41

The objectives are predicted very accurately with maximum relative deviations of ~ 0.2 %. In terms
of the decision variables, the temperatures T3 max and 741 toc belonging to the optimal solutions are
very close with a maximum difference of 7 K in case of the min. ATR design. However, there are
differences for BPR with a maximum relative deviation of 3.4 % for the min FB design. In the optimal
region, the change of BPR has only a small impact on the objectives as observed in figures [8al and
Therefore, a small uncertainty in the approximation model will lead to a relatively large deviation
in the selected optimal BPR. Most of the constraint parameters are matched well having relative
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deviations less than 1 %. Only three parameters show higher deviations: First, the temperature 7y,
at cruise conditions deviates constantly by ~ 1.1-1.2 %. This is caused by different cruise conditions.
While the engine model-integrated strategy is evaluated for the typically flown mission, the constraint
was calculated for the mid cruise condition of the design mission in case of the reference solution.
Since the design mission requires a higher thrust at cruise, the operating temperature is higher for the
reference solution. However, the constraint for 74 cr is not reached and therefore, does not impact
the found optima. Second, the fan tip radius R; ran is larger by up to 2 % for the reference solution.
This is related to the already discussed effect due to BPR. Third, the fan surge margin deviates by up
to =~ 9 % for the found solutions. The surge margin is assessed at the maximum take-off condition.
The related thrust approximation for FNyto was found to be highly uncertain in section as shown
in figure and causes the relative deviation in SMg,,. However, also the constraint for SMg,, is not
limiting and does not restrict the selection of optimal solutions in case of the presented study.

4. Discussion

The rubber engine model-integrated optimization strategy employs a sub-level engine optimization
with respect to top-level objectives. The objectives are approximated with constant sensitivity coeffi-
cients following a superposition approach. The proposed engine model-integrated strategy produces
qualitatively and quantitatively similar optimization results as the reference approach using a large
DoE in combination with surrogate-based optimization. Relevant uncertainty was mainly observed
for the decision variable BPR and constraints that are evaluated at take-off conditions. For the in-
vestigated case, the MTO-related constraints were not limiting, but they might be limiting for another
application scenario or problem formulation and could cause higher deviations with respect to the
optimal solutions. The uncertainty in the approximated thrust FNyro is related to the limited number
and quality of identified parameter correlations: The change in FNyro during sub-level optimization is
modelled based on TSFC and nacelle diameter only. Further parameters influence the thrust value,
which were omitted here since no clear dependency was found and relevant aircraft parameters are
not available on engine level.

The rubber engine model evaluation for selecting a design and calculating the cruise operating point
is computationally cheap (< 1 s). The rubber engine model-integrated optimization process requires
~ 15-40 s to find the optimal solution for a given set of weighting coefficients. With these compu-
tationally cheap executions, the OAD workflow requires approximately the same time ~1—2.5 h for
one converged run. Solving the approximated optimization problem at engine-level and returning
an optimized engine in each level-1 iteration step of the OAD workflow (see Fig. [3) solves the entire
optimization problem with acceptable uncertainty in only one workflow execution. However, the calcu-
lation of sensitivities requires further computational effort if they are not available from the beginning.
A reliable calculation of sensitivities requires the sampling size Ng = 20 and a total computational
time of ~ 35 h. Therefore, the total time to obtain an optimized result is ~ 1.5 days for the proposed
rubber engine model-integrated optimization strategy. The approach has the potential to accelerate
the optimization by a factor of 3.5 compared to the reference strategy coming at the cost of intro-
duced uncertainty. However, another advantage of the proposed sub-level optimization is increased
flexibility. When the sensitivities are calculated once, small variations induced by other disciplines
and the impact on the aircraft configuration can be mapped while continuously optimizing the engine.
In contrast, the reference strategy would require a large and computationally expensive DoE each
time to achieve this.

5. Conclusions

The proposed rubber engine model-integrated optimization strategy achieved results comparable to
a surrogate-based reference optimization while substantially reducing overall computational effort
by a factor of 3.5. By combining sub-level engine optimization with top-level sensitivity information,
optimized aircraft-engine configurations can be obtained within a single OAD workflow execution. Al-
though the approach introduces some uncertainty, particularly for take-off-related constraints, it offers
a favourable trade-off between accuracy, computational efficiency, and flexibility, enabling a faster ex-
ploration of design variations and multidisciplinary interactions. Therefore, the method represents a
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promising alternative to computationally expensive top-level optimization strategies for early aircraft-
engine design studies.

Future work should focus on improving the representation of take-off-related engine characteristics
and the identification of further parameter correlations with corresponding sensitivities to reduce the
uncertainty in the approximated optimization problem. In addition, the applicability of the proposed
strategy should be assessed for other aircraft classes, engine architectures and multidisciplinary
optimization problems.
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