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The purpose of this paper is to extend previously demonstrated methodologies for design
under uncertainty, leveraging analytical gradients to higher fidelity analysis for use in conceptual
aircraft design. Previous work developed methods to generate analytical derivatives through
polynomial chaos expansion, eliminating the need to estimate derivatives via complex step or
finite difference. In this research, the authors build upon the methods to include physics-based
aircraft design codes for aircraft design under uncertainty. This extends the previous work’s case
study, which employed analytical aerodynamics and Breguet range estimations for wing design,
to a higher fidelity level. In addition, this work extends previous work on interface development
between the Uncertainty Quantification with Polynomial Chaos Expansion (UQPCE) software
and Model-Based Systems Analysis and Engineering (MBSA&E) frameworks. This paper will
discuss the development work necessary to perform multidisciplinary design under uncertainty
as well as demonstrate the mechanics of interfacing UQPCE and conceptual aircraft design tools
such as NASA’s Aviary code. In a case study, a conceptual aircraft design under uncertainty was
conducted and compared against a traditional deterministic design. When given information
about the uncertainty space from UQPCE, the optimizer was able to shape the output distribution
and produce a more robust design.

Nomenclature
A; Undetermined PCE Coefficients P Number of Terms in PCE Model
a Significance Level Pinx  Chordwise Location of Minimum Pressure
b Span p Order of PCE Model
d PCE Deterministic Variables R Residual of Implicit Output, z
F PCE Response X Vector of Resampled PCE Values
f Activation Function & PCE Random Variables
M Mach Number Z PCE Confidence Interval Bound
N; Number of Terms Necessary for PCE Model A Wing Leading Edge Sweep Angle
n Number of Uncertain Parameters in PCE Model u Mean
Nan Function Calls for Analytical Derivatives Y, PCE Basis Functions i*" Mode
Ny Function Optimization Design Variables o Standard Deviation
ngq Function Calls for Finite Difference w Activation Function Tuning Parameter

Npce Function Calls for PCE at Each Step

L. Introduction
To realize the aggressive goals of the U.S. Aviation Climate Action plan and achieve net-zero greenhouse gas
emissions of aircraft by 2050 [1], unconventional aircraft and new technologies will likely need to be deployed fleet-wide.
There are a significant number of uncertainties associated with new aircraft types and yet-to-be-developed technologies.
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Particularly challenging is the inclusion of these uncertainties in the conceptual design phase. Historically, aircraft
conceptual design leverages regression-based models, which have been calibrated to similar previously designed,
manufactured, and operated. When developing an “unconventional ’concept such as a blended wing body or hydrogen
powered aircraft, historical data to inform the regression-based models does not exist. A further complicating factor
in incorporating these uncertainties is the highly coupled nature of proposed technologies such as distributed electric
propulsion (DEP), boundary layer ingestion (BLI), truss-braced wings (such as those on the X-66), and general electrified
aircraft propulsion (EAP). To better understand the potential impact of new aircraft and technologies, the above
uncertainties must be considered in the design process.

When performing system-level optimization under uncertainty, each individual discipline usually presents its own
specific uncertainties. These discipline-specific uncertainties and their interactions have to be included when modeling
a system-level metric such as aircraft fuel burn. Figure 1 shows a general depiction of the discipline-level uncertainties
and the overall system-level uncertainties. First, the tools and methods must be capable of performing the analysis to
assess the vehicle-level uncertainties. Once the capability exists to predict the probabilistic output of interest, a design
framework can leverage that information to mitigate the potential negative impact of uncertainties.
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Fig.1 Infographic of design under uncertainty at the system level.

Uncertainty quantification (UQ) has been typically used in conceptual aircraft design as a post-optimality assessment
after an optimization or analysis is completed. In contrast, this paper explores the implications of performing UQ as
an integrated part of an optimization, allowing statistical-based metrics to formulate objectives and constraints for
the optimizer. The methodology (section II) contains details on the implementation of Uncertainty Quantification
with Polynomial Chaos Expansion (UQPCE) for use with gradient-based optimization and builds upon previous work
presented by Phillips et al. [2]. Following that, a case study (Section III) is presented which applies the UQPCE
implementation to the N3CC aircraft model. The N3CC is a NASA-developed 154-passenger aircraft [3, 4] shown in Fig.
2. Results and discussion on the methods are then presented in Section III.E, with final conclusions given in Section IV.

I1. Methodology

This section is divided into two subsections: the first section introduces UQPCE and the second section introduces
the approach to obtain analytical derivatives for the confidence interval generated from a polynomial chaos model.
Generally speaking, UQ encompasses the study of the impact of uncertainties in input parameters and modeling
simplifications on the outputs or responses of a process or simulation. UQ can vary in scope by including only a single
model or multiple models of varying fidelity levels as well as experimental data. The overarching objective of UQ is
to create a more robust design or evaluation process by identifying sensitivities and mitigating the potential impact
of uncertainties through informed, targeted resource investments. Two main types of uncertainty are present in most
simulations: model input uncertainty and model form uncertainty. Model input uncertainty refers to uncertain sources
feeding the model such as initial conditions, boundary conditions, or input parameters. Model form uncertainty refers to
limitations in the methods or applications themselves such as simplifying assumptions or missing physics. An important



Fig. 2 N3CC base model.

facet of UQ is the proper characterization and treatment of the model input uncertainties [5, 6]. Some of the techniques
utilized in this work include second-order probability analysis and point collocation non-intrusive polynomial chaos.
The reader is referred to previous work by Phillips and West [7] and Eldred [8] for more details.

A. Uncertainty Quantification with Polynomial Chaos Expansion (UQPCE)

All of the uncertainty modeling and analysis contained in this research was performed with one of NASA’s in-house
uncertainty codes: UQPCE [9]. UQPCE" is an open source, Python-based research code for use in parametric,
non-deterministic computational analysis and design. UQPCE utilizes a non-intrusive polynomial chaos expansion
surrogate modeling technique to efficiently estimate uncertainties for computational analyses. The software enables the
user to perform an automated uncertainty analysis for any given computational code without requiring modification
to the source. UQPCE estimates sensitivities, confidence intervals, and other model statistics which can be useful in
the conceptual design and analysis of flight vehicles. This software was originally developed with funding from the
Commercial Supersonic Technology (CST) Project to study the potential impacts of uncertainties on the prediction of
ground noise generated from commercial supersonic aircraft concepts [7, 10-13]. The code development is currently
supported by the Transformational Tools and Technologies (TTT) project and has been leveraged in uncertainty
analysis for electrified aircraft propulsion studies [14], integration with Model-Based Systems Analysis and Engineering
(MBSA&E) [15], and other internal unpublished systems analysis work.

B. Analytical Derivatives for PCE-Generated Confidence Intervals

To leverage the full capability of polynomial chaos expansion (PCE) for design under uncertainty, integration with a
gradient-based optimization framework such as OpenMDAO [16] is necessary. OpenMDAO is an open source Python
framework for multidisciplinary design analysis and optimization. The modular analysis and unified derivatives (MAUD)
framework implemented in OpenMDAO for calculating total derivatives only requires each component to provide partial
derivatives. If partial derivatives for uncertain components can be provided in an analytical format to OpenMDAO, a
gradient-based optimization can perform without any further development or modifications to the optimizer itself.

Implementing a PCE approach in a gradient-based design under uncertainty problem requires a PCE model be
assembled at each point within the design space (i.e., each step the optimizer takes). However, each PCE model only
gives estimates for statistical parameters (e.g., mean, variance, confidence intervals, sensitivities, etc.) at that step.
As noted in Ref. [8], the PCE models at each step are only valid for those particular values of the design variables
and must be recalculated when the design variables are changed. To estimate derivatives at each step with a method
such as finite difference, multiple PCE models are necessary. The computational cost of these models scales with
the order of the PCE expansion, the number of uncertain parameters, and the number of design variables. For any
moderately expensive underlying analysis, this process quickly becomes computationally intractable for cases with more

*https://github.com/nasa/UQPCE
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Fig. 3 [Example Probability Density Function (PDF), Cumulative Distribution Function (CDF), and activation
function of a normal distribution.

than tens of design or uncertain parameters. Furthermore, when mixed uncertainty problems are being considered,
a confidence-interval-informed objective function is required, which also adds non-negligible computational costs.
Finite difference or complex step approximations of derivatives are often not computationally efficient options for
incorporating uncertainty as constraints or objectives in an optimization.

Obtaining analytical derivatives of points on a confidence interval through a traditional process would involve
differentiation through a binning procedure. Instead of attempting to model the binning, the prior work [2] used an
implicit function theorem and a smooth counting function to generate an approximation that is sufficiently accurate
when the number of data points involved is sufficiently large. Equation (1) is effectively a continuous counting function
that provides an approximate count of the number of elements in X that are less than or equal to z.

X—zZ

f(f,z,w): 1_w 6]

The parameter w determines how abrupt the transition from 0 to 1 is in the vicinity near z. As w approaches zero,
the response more accurately models a step function, whereas larger values provide a smoother derivative. Figure 3
shows the Probability Density Function (PDF), Cumulative Distribution Function (CDF), and associated activation
function for a normal distribution. The vertical dashed lines in the figure represent the chosen significance level for the
confidence interval and the corresponding location on the PDF, CDF, and activation function.

For a selected significance level a equal to 0.05, 95% of the data fall within the confidence interval, with 2.5%
falling above the upper end of the interval. The residual equation that governs the value of the 95% confidence interval,
z, 18 thus:

R, (%, z,w) = Z Fi(% z,0) — 0.975n 2)

i=1



The partial derivatives for the residual with respect to both ¥ and z are needed. Although these derivatives can be
approximated using finite difference or complex step, it is not uncommon for X to have a length on the order of millions;
approximating the derivatives quickly becomes expensive. The analytical derivatives below are provided to OpenMDAO
to avoid unnecessary computational expense.

OR. (X, 2, w) _ -1 3)
Ox 2w coshz(iﬁ)
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Note that although the above implementation of analytical derivatives was used for the analysis in this case study,
OpenMDAO now has the activation function implemented natively using the software package JAX [17] to calculate the
derivatives. Equation 2 is differentiable with respect to z and can be efficiently solved using a Newton solver. To utilize
z as an objective or constraint in gradient-based optimization, its total derivative with respect to the data X needs to be
computed. OpenMDAQO is used to eliminate the residual using a Newton solver and then efficiently compute derivatives
of z with respect to the data X by applying the implicit function theorem to Eq. (2). Since R; is a scalar value, this
derivative can be evaluated with a single linear solve in reverse mode as opposed to z linear solves in forward mode.
The hyperbolic tangent activation function can be susceptible to issues due to vanishing gradients when elements of X
are far from z, but the authors’ experience using the mean and variance estimation output from the PCE model to inform
the value of zg,ess has lessened this concern. It is possible that more a priori information about the uncertainty space
may be required if the location of the 95% confidence interval is significantly far away from the variance-informed value
of Zgyess shown in Eq. (5).

Zguess = U+ 20 )

When epistemic uncertainties are present in a system, the bound on uncertainty is determined by finding the
confidence interval from the outer lower and upper curves. Two steps are followed to find this bound on uncertainty
while preserving the analytical derivatives throughout the calculation. First, the confidence interval of each individual
curve is calculated following the above hyperbolic tangent method; this preserves the differentiability of the solved
confidence interval values for all curves. Second, the minimum or maximum of these individual confidence intervals
is calculated using OpenMDAO’s implementation of the Kreisselmeier-Steinhauser (KS) function. This results in
a differentiable bound on the uncertainty for a system that includes both aleatory and epistemic uncertainties. This
technique coupled with the incorporation of analytical derivatives through an multidisciplinary design optimization
(MDO) process eliminates the need to estimate derivatives, which are usually derived from finite difference, complex
step, or similar methods. Developing a differentiable confidence interval enables mixed uncertainty problems to be
modeled whereas previous methods were unable to represent objective functions containing statistical quantities such as
mean and variance.

The cost per iteration of conducting a gradient-based optimization incorporating uncertainty with PCE and finite
difference to estimate gradients, n¢4, is given by Eq. (6).

nfd = npce(ndv + 1) (6)

where 7. is the number of terms necessary to build the PCE model and ny, is the number of design variables in the
optimization. Conversely, the cost per iteration of conducting a gradient-based optimization incorporating uncertainty
with PCE and analytical gradients to obtain gradients, n,,, is given by Eq. (7).

Nan = Npce @)

From Egs. (6) and (7), the cost savings of design under uncertainty for gradient-based optimization leveraging analytical
gradients through PCE scales with the product of the number of terms necessary to build the PCE model and the



number of design variables, npcenqg,. The addition of analytical derivatives to a polynomial-chaos-based UQ method
can decrease the computational costs of performing design under uncertainty by orders of magnitude in comparison
with methods such as finite difference or complex step. The significant decrease in costs can enable future work in
system-level optimization problems requiring high-fidelity analysis.

C. Physics-Based Tools
This section will introduce the physics-based tools used in the demonstration case for this paper, along with detailing
improvements to these tools performed to enable this research.

1. Mission Analysis

Aviary [18-20] is NASA’s open source conceptual aircraft design tool which leverages gradient-based methods to
perform analysis and optimization. Aviary is built on the OpenMDAO library and leverages Dymos [21] to simulate
user-designed mission analysis. The software contains aircraft sizing and analysis tools for aerodynamics, weights,
structures, propulsion, and mission. Aviary can be coupled with higher fidelity analysis to delve deeper into any of these
disciplines or other disciplines such as EAP in coupling with the aircraft design. The heritage of Aviary comes from the
General Aviation Synthesis Program (GASP) [22] and the Flight Optimization System (FLOPS) [23]. These tools are
currently in use by government and academia but are lacking in their ability to perform coupled optimization as that was
not the focus at the time they were designed. In this work, the core Aviary aerodynamics and weights modules are used.
To enable design under uncertainty within the Aviary code for this research, two new capabilities were added to core
Aviary: a multi-mission optimization capability and an off-design capability.

The multi-mission instantiates multiple Aviary problems as sub-groups inside of a single “super problem.”The
optimization is monolithic, containing only a single optimizer and no sub-optimization. This enables a single aircraft
design to be flown through multiple missions simultaneously. The resulting fuel burn from each mission is then summed
and used as the objective. Additionally, the ability to differentiate between the design number of passengers and as-flown
number of passengers was also added. This capability enables designers to optimize the vehicle across multiple different
mission types (stage lengths, trajectories, atmospheres) as well as add a weighting to each individual mission.

An off-design mission capability was developed which enables previously optimized aircraft to be flown on a new
mission, allowing new payload and mission parameters without changing any other design parameters of the aircraft.
This enables post-optimality uncertainty quantification by optimizing for a single design mission and then assessing
alternative missions.

2. Geometry

An OpenVSP [24] geometry of the N3CC aircraft was used as a base model for this work (see Fig. 2). OpenVSP
geometry was leveraged to enable wing area calculations to be updated within the optimization as the geometric design
variables are changed. To obtain derivatives across the geometry with respect to area, the finite difference method was
employed. An alternative to this approach could be building surrogate models for wing area from OpenVSP prior to
the optimization. In this case, the wing area surrogate model, with analytical derivatives, would replace OpenVSP
within the optimization. Making this substitution can reduce the computational costs by an order of magnitude. Future
work will be dedicated to the incorporation of analytical derivatives for geometric design variables from OpenVSP to
decrease computational costs.

II1. Case Study
This section will first introduce the problem formulation including the source of the uncertain parameters and
their modeling. Then, results from a baseline uncertainty analysis will be detailed. Next, the optimization problem
formulation, design variables, and objective functions will be introduced. Finally, results from the optimization problems
will be discussed.

A. Problem Formulation

The N3CC aircraft was modeled in the Aviary framework. This model served as the initial configuration for the case
study optimization problem. The optimization problem objective, constraints, and uncertain parameters were all derived
from theoretical mission requirements of a 3000 nmi segment which must be be completed three times daily. Starting



with a time constraint of 24 hr (1440 min), each leg was given a nominal 60 min for aircraft turnaround. The aircraft
turnaround time is the time required to taxi to the gate, unload passengers and cargo from the previous flight, load the
passengers, cargo, and fuel for the next flight, and taxi for departure. This required each mission to complete (takeoff to
touchdown) in 430 min.

Uncertainty was injected into the time component of the mission via the amount of time required to turn around the
aircraft. Limited publicly available data from OAG [25] were used to build a triangular distribution for time necessary
aircraft turnaround. Comparing the actual turnaround time for narrow body aircraft from the five largest US airlines in
March 2023 to the planned turnaround time formed the basis for the uncertainty distribution. The largest difference in
average planned versus actual time was 13 min. As this was an average, the upper bound on the triangular distribution
was set as twice as much, or 60 min + 26 min = 86 min. In this case, the mission must complete within 404 min instead
of the nominal 430 min to maintain the three daily missions. For ease of solver convergence, the uncertainty in mission
time was converted to uncertainty in cruise Mach number. The time constraints translated from [430 min, 404 min] to a
cruise Mach range of [0.752, 0.8]. A histogram and CDF for the distribution on Mach number in cruise is shown in
Fig. 4. Concurrent work on subproblem optimization in OpenMDAO will enable future work to more easily integrate
constraints based on total time into design under uncertainty studies. This would enable the optimizer to choose an
optimal trajectory based on overall mission time and not necessarily fix cruise Mach number.
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Fig.4 Cruise Mach uncertain input distributions.

Uncertainty was also introduced into the problem by the amount of passenger specific payload weight (passengers
plus their baggage) and expectations on how full the aircraft would be (load factor). A composite function was assembled
that included uncertainty in passenger weight, passenger baggage weight, number of passenger bags, and aircraft load
factor. For passenger weight, CDC data [26] were utilized to build a normal distribution for both expected weight of
American men (¢ = 199.8 1b, o = 43.7 Ib) and women (u = 170.8 1b, o = 46.5 1b). Weight distribution for children
was more difficult to assess, so a uniform distribution between 20 Ib and 180 1b was modeled. For a given load factor,
the aircraft was assumed to be comprised of 49% women, 46% men, and 5% children [27]. With limited publicly
available data for passenger luggage weight, it was assumed that carry-on luggage followed a normal distribution with
u =20, 0 = 5lbs and checked luggage followed a normal distribution of u = 40s, o = 10 lbs. In this case study 40% of
passengers travelled with carry-on only, 55% checked one bag, and 5% checked two bags [28].

Average monthly load factor data from 1/1/2000 through 6/1/2024 published by the Federal Reserve [29] were used
as the basis for the uncertain distribution for load factors. The years following September 11, 2001 (9/2001 - 9/2002)
and the initial disruption to the airline industry from Covid-19 (3/2020 - 3/2021) were removed from the data set. As
with the aircraft turnaround time, the load factor data available are averages which likely obscure some higher frequency
data. Therefore, a Gaussian noise was added in an attempt to simulate some of the higher frequency data. Combining all
the uncertainty derived from passenger weight, baggage, and load factors, the passenger specific component of payload
was modeled with a normal distribution of y = 30400 1b, o = 5500 1b.



This research is focused on demonstrating the methodology while maintaining traceability to the source of the
uncertainties and distributions within the problem. It is likely that an aircraft manufacturer or operator would have
significant amounts of proprietary data that could replace distributions above. If an operator has historical data or
projections on how their future fleet will be operated, designers could follow similar steps to tailor their designs to the
actual or anticipated operations.

B. Baseline Uncertainty Analysis

Although the focus of this work is leveraging the previously developed analytical gradient capability for PCE in
conceptual aircraft design, the integration of UQPCE with Aviary and OpenMDAO enables traditional coupled systems
analysis and design space exploration with uncertainty. Prior to performing an optimization under uncertainty, a design
space exploration incorporating uncertainty can provide insight into the uncertain space as a function of design variables.
A high dimensional or unique uncertainty space can be difficult to visualize while potentially generating non-intuitive
results.

Starting with the baseline N3CC model, uncertainty analysis was performed alongside parameter sweeps for wing
span and sweep. Figure 5 shows four plots, each one with a constant sweep angle and varying span values. Note that the
x-axis for span is the same for each figure as not all designs closed for all values of span across each of the sweep values.
Gathering information on the fuel burn values from Fig. 5, the optimal design variable settings for span and sweep
would be expected to occur between span = [135, 145] ft and sweep = [30, 40] deg, depending on the objective function
formulation.
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Fig. 5 Design space exploration with uncertainty for the base N3CC model.



C. Baseline Optimization

A deterministic optimization was performed for comparison to the optimization under uncertainty. The XDSM of
this configuration is shown in Fig. 6 and the problem formulation is listed in Table 1. The N3CC model was optimized
with the passenger payload set to the mean, 30,400 Ib, and the nominal cruise Mach = 0.752 (equivalent total mission
time = 430 min). The optimizer was allowed to manipulate wing span and sweep as well as the design gross mass to
converge the design seeking to minimize fuel burn. Inside of the mission, wing span and sweep were connected to
OpenVSP which was instantiated as an Aviary external subsystem. This enabled the recalculation of wing area, which
was then connected to a custom wing mass calculation. This process was followed because core Aviary does not contain
wing area calculations. A post-optimality uncertainty quantification was conducted using Aviary’s off-design capability.
A .JSON file containing the optimized aircraft configuration was exported. The UQPCE library was then used to sample
within the uncertain cruise Mach number and passenger payload space. The resultant vehicle and mission outputs were
then analyzed with Aviary Mission analysis using the fixed aircraft configuration. The resulting fuel burn information
from the off-design missions was connected to UQPCE to generate estimates for uncertainty in fuel burn.

Table 1 Baseline Deterministic Problem Formulation

Variable or Function Size Discipline
minimize Fuel Burn 1
with respect to Wing Sweep 1 Aerodynamics
Wing Span 1
Design Gross Mass 1 Weights
Summary Gross Mass 1
Climb Duration 1 Trajectory
Cruise Duration 1
Descent Duration 1
Mass 46
Distance 45
subject to | Mass Residuals and Constraints 3 Weights
Throttle Constraints 60 Propulsion
Range Residual 1 Trajectory
Pseudospectral Constraints 90

D. Uncertainty Optimization

Integrating UQPCE into Aviary problems necessitated the development of a monolithic multi-mission optimization
capability for Aviary, as described in Section II.C.1. Recall from Section IL.B that to generate a PCE surrogate model,
multiple samples from the uncertainty space are required. For this particular problem, the multiple samples within
the uncertainty space lead to multiple vehicles with varying payload masses and cruise Mach values. Two uncertain
optimizations were conducted with the same initial configuration. In both of the optimizations, the uncertain parameter
information from Table 2 was initialized in UQPCE. UQPCE then generated samples from the uncertainty space resulting
in multiple vehicles and missions which were then set in a monolithic multi-mission problem. The multi-mission
problem is set up in a similar way as the baseline problem; however, fuel burn across all the missions is calculated
simultaneously. Before being sent to the optimizer, the fuel burn values are vectorized for UQPCE to generate the PCE
model. In the first of the two uncertain optimizations, the mean fuel burn was passed to the optimizer as the objective
and the confidence interval on fuel burn was evaluated but not constrained. The XDSM of the first configuration is
shown in Fig. 7 and the problem formulation is listed in Table 3. In this work, we adopt the convention of the | for input
or outputs containing uncertain parameters in the XDSM. The design variables and their ranges are given in Table 4.
In the second uncertain optimization, the upper bound on the 95% confidence interval (CI) of the fuel burn was the
objective function, and otherwise the optimization remained unchanged. A fixed mission with three simple phases,
climb, cruise, and descent, was simulated. The trajectory was fixed for each mission with the exception of some small
design freedom given to the time to climb and descend, 15 minutes each. The flexibility given to climb time ensured
that the heavier aircraft were still able to fly successfully. A full subproblem optimization capability, sometimes referred
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to as nested optimization, would remove the need for the restrictions on trajectory as each individual mission could be
optimized stand-alone within the larger problem.

Table 2 Uncertain parameters (aleatory)

Input Distribution
Cruise Mach Triangular ~ Lower Bound: 0.752  Upper Bound: 0.80
Passenger Payload Weight, 1b Gaussian u =30,450 o = 5500

Table 3 Optimization under uncertainty problem formulation

Variable or Function Size Discipline
minimize | Mean or Upper Bound of the 95% CI Fuel Burn 1
with respect to Wing Sweep 1 Aerodynamics
Wing Span 1
Design Gross Mass 1 Weights
Summary Gross Mass 12
Climb Duration 12 Trajectory
Cruise Duration 12
Descent Duration 12
Mass 552
Distance 540
subject to Mass Residuals and Constraints 36 Weights
Throttle Constraints 720 Propulsion
Range Residual 12 Trajectory
Pseudospectral Constraints 1,080

Table 4 Design variables

Input Range
Takeoff Gross Weight (TOGW)  [80,000 , 200,000] 1b
A [10,45] deg
Span [100, 160] ft

E. Results and Discussion

This section will detail the results of the case study. Table 5 gives the results for the mean and confidence intervals
of three optimization problems: a post-optimally uncertainty model from the deterministic case, the mean fuel burn
optimization, and the upper bound of the 95% CI optimization. Although the deterministic design was already relatively
robust, the mean optimization and the upper bound of the 95% CI optimization cases were able to produce trends
as expected. Observing the mean value for each of the three cases, the mean optimization case produces the lowest
mean value, whereas the CI-based optimization produced the largest. Likewise, the lowest upper bound for the 95% CI
occurred when the optimizer was targeting that value in the CI optimization case.

11
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Table 5 PCE model outputs

Objective =~ Mean CI
Deterministic Fuel Burn 24,262 [23,370, 25,302] Ib
Mean Fuel Burn 24,201  [23,383, 25,332] Ib
Upper Bound of the 95% CI Fuel Burn 24,404 [23,367, 25,046] 1b

To better visualize the differences in the optimization results, the output fuel burn distributions for the three
optimization problems are given in Fig. 8. To generate the output distributions for the deterministic problem, a
post-optimality PCE model was built. The probability density functions (Fig. 8b) clearly show the lower shift in the
mean with the mean optimization problem as outlined in Table 5. Additionally, the CI shift in the CI optimization
problem is clearly seen in the cumulative distribution function (Fig. 8a). The optimizer in the CI case is trading a higher
mean value for a lower upper bound on the 95% CI as evidence by the general shift of the CDF to the right, but a more
abrupt tail than the other cases.

1.0 { —— Deterministic e
Mean 0.0010 4 Deterministic
—— Upper CI Mean
0.8 Upper CI

0.0008 4

0.6
0.0006 -

CDF
PDF

0.4 1
0.0004 4

0.2 1
0.0002 4

0.0 1

T T T T T T T 0.0000 -
22000 22500 23000 23500 24000 24500 25000 25500 26000 22000 22500 23000 23500 24000 24500 25000 25500 26000

Fuel Burned (lbm) Fuel Burned (Ibm)

a) Comparison of CDFs from optimal designs. b) Comparison of PDFs from optimal designs.

Fig. 8 Optimal design output distributions.

In Table 6 the design variables at their respective optimal conditions are shown for the three optimization problems.
Operating Empty Weight (OEW) is shown instead of the design variable TOGW as it allows the designs to be compared
equally without the variable passenger payload being considered. The designs considering uncertainty (mean fuel burn
and upper bound of the 95% CI fuel burn) were both heavier than the deterministic case. As expected based on the first
order relationship between wing sweep and wave drag, the sweep increased for the uncertain cases. If other structural or
aeroelastic constraints (outside of the scope of this work) were imposed, the CI-optimized design would likely have been
prevented from sweeping to the optimal design value of 39.1 deg, or extending span as far. The span for the 95% CI
case was the longest, likely due to the increased passenger weight towards the tail of that respective distribution. For
each of the three optimizations, the span was significantly longer than the baseline configuration. In addition to the lack
of structural constraints, the core Aviary aerodynamics methodology overestimates the benefit of extending the span in
comparison to higher fidelity methods such as VSPAero. However, given the integration of UQPCE, OpenMDAO, and
Aviary, if a structural or aeroelastic model is already compatible with OpenMDAO, its constraints can be seamlessly
integrated. As shown in Fig. 9, the increases in span and sweep are evident with the optimized geometries. In Table 7,
the sensitivities at the optimal design conditions are given. As expected, given the two design variables, span and sweep,
the sensitivity to uncertainty in Mach number decreases when the optimization problem is incorporating uncertainty.
The sweep/Mach relationship is the only meaningful way the optimizer can reduce the overall uncertainty thus leading
to higher sensitivity to passenger payload at the optimal design points. In comparing the computational costs for the
deterministic case versus the uncertain optimizations, the uncertain optimizations took 13.6x more time to complete than
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the deterministic one. Computational savings can be achieved through a more robust parallelization implementation of
the processes for multi-mission optimization, which is left to future work.

Table 6 Optimal design variable values

Objective A Span OEW
Deterministic Fuel Burn 34.0 deg 143.3 ft 80669 1b
Mean Fuel Burn 359 deg 141.6 ft 82318 1b

Upper Bound of the 95% CI Fuel Burn  39.1 deg 1444 ft 83780 1b

Fig. 9 N3CC optimized geometries. Gray (wireframe): initial, red: deterministic, blue: mean fuel burn, green:
upper bound of the 95% CI.

Table 7 PCE model sensitivities

Objective Mach Passenger Payload
Deterministic Fuel Burn 41.5% 58.5%
Mean Fuel Burn 37.5% 62.5%
Upper Bound of the 95% CI Fuel Burn 24.4% 75.6%

F. Monolithic Optimization with Uncertainty in the Loop

The multi-mission optimization with uncertainty in the loop presented in Section II.D exposed some of the weaknesses
of a monolithic multi-mission implementation coupled with uncertainty quantification. The first optimization with
uncertainty was successful at minimizing fuel burn for the series of prescribed missions. Each individual aircraft and
mission combination generated from the uncertainty space utilized a trajectory that minimized fuel burn, and these
results added together created an overall fuel-burn optimal aircraft design. However, the introduction of an objective
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related to the confidence interval in the second optimization with uncertainty caused unwanted behavior. Specifically,
the optimizer attempted to fly some of the lighter passenger load missions in a sub-optimal way, consuming more fuel
than expected. This allowed the optimizer to exploit the UQPCE model fit, decreasing its accuracy considerably as there
were no constraints on the accuracy of the UQPCE fit. For this work, the solution identified was to restrict the trajectory
enough that the optimizer could not select significantly non-optimal missions, but not restrict it enough such that the
heavier payload missions could not close. This resulted in the problem formulation for the mission trajectory being
fixed with the exception of 15 minutes of variability allowed in climb and decent time. This time value was generated
based on a trial-and-error approach of analyzing cases throughout the uncertain space and observing optimizer behavior.
The ability to perform nested subproblem optimization to ensure an optimal fuel burn for each mission within the
uncertainty space will alleviate the need to add artificial time-based constraints and open up the design space to full
coupled trajectory optimization.

IV. Summary

Multidisciplinary optimization for conceptual aircraft design under uncertainty with over 1100 variables and 1800
constraints has been demonstrated through the integration of the UQPCE libraries, OpenMDAO, and Aviary software
libraries. Coupled trajectory, sizing, and aerodynamic optimization under uncertainty was performed. This work has
demonstrated modeling a distribution outside of the usual academic distributions (normal, uniform, etc.) within the
design under uncertainty problem. A more rigorous approach to identifying and characterising uncertainty parameters
was taken. In the optimization under uncertainty problems in the case study, the optimizer was able to manipulate
the uncertain space to produce more robust designs compared to the traditional deterministic design. The tools and
methods developed for this work are modular in nature and adaptable to any gradient-based optimization for conceptual
aircraft design. Future work will be dedicated to expanding the case study to include more disciplines, such as structural
analysis, propulsion, acoustics, and cost modeling. Additionally, higher fidelity tools and methods will be incorporated
in future work.
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