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Abstract

Modern aerospace system design increasingly relies on high-fidelity, multidisciplinary simulation models to as-
sess performance and reliability. In early-stage conceptual design, however, these models are often subject
to significant uncertainty arising from operating conditions, environmental variability, and modelling assump-
tions. Accounting for such uncertainties within multidisciplinary design optimization (MDO) frameworks remains
challenging, as conventional multidisciplinary design optimization under uncertainty (MDOUU) approaches typ-
ically rely on nested, double-loop structures that incur prohibitive computational cost. This limitation restricts
the practical use of MDOUU in aerospace system design, particularly when every model evaluation is compu-
tationally expensive. This paper presents a single-loop Bayesian optimization framework for low- to moderate-
dimensional MDOUU problems. The proposed approach constructs a probabilistic surrogate model in the joint
design–uncertainty space and reformulates MDOUU as a sequential learning problem. Instead of performing
repeated high-fidelity uncertainty propagation at each optimization iteration, the robust objective is estimated
directly from the surrogate model. A Bayesian acquisition function is then used to select the next model evalu-
ation based on its expected contribution to improving the estimated robust optimum. Consequently, uncertainty
quantification and optimization are integrated within a unified learning framework, requiring only a single ex-
pensive model evaluation per iteration. The proposed framework is demonstrated on a scalable nonlinear
analytical benchmark and an aero-structural wing design problem. Results show that the proposed method
can consistently find more optimal design solutions than conventional surrogate-assisted MDOUU approaches
under limited model evaluation budgets.

Keywords: multidisciplinary design optimization, optimization under uncertainty

1. Introduction
Aerospace system design is inherently multidisciplinary, requiring the simultaneous consideration of
aerodynamics, structures, propulsion, flight dynamics, controls, and mission performance. Strong
couplings between these disciplines mean that design decisions made in one area can have signifi-
cant and often non-intuitive impacts on others—e.g., a small wing-area change propagates through
the trim/weight coupling and shifts propulsion sizing. To address this complexity, multidisciplinary
design optimization (MDO) has emerged as a powerful framework for systematically exploring de-
sign trade-offs while accounting for interdisciplinary interactions. Over the past decade, MDO has
been successfully applied to a wide range of aerospace systems, including conventional transport
aircraft [1, 2, 3], supersonic aircraft [4, 5], electric vertical take-off and landing (eVTOL) aircraft [6],
spacecraft [7], satellites [8], and wind turbines [9, 10], enabling more efficient and higher-performance
designs than traditional sequential single-discipline approaches that fix one discipline before optimiz-
ing.
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Despite these successes, most existing MDO formulations remain deterministic, implicitly assuming
that model inputs, operating conditions, and system parameters are known with certainty. In prac-
tice, aerospace systems are subject to significant sources of uncertainty arising from atmospheric
variability, mission and operational conditions, manufacturing tolerances, material properties, and
modeling assumptions. Ignoring these uncertainties during the design process can lead to designs
that are overly conservative or, more critically, designs that fail to meet performance or safety re-
quirements once deployed. Incorporating uncertainty directly into the optimization process leads to
multidisciplinary design optimization under uncertainty (MDOUU), which enables designers to explic-
itly balance performance, robustness, and reliability.
The potential benefits of MDOUU for aerospace system design have been demonstrated in several
recent studies [11, 12, 13, 14]. For example, in an eVTOL aircraft design problem [13], MDOUU
was shown to reduce overall vehicle weight by more than 10% compared with safety-factor-based
deterministic MDO, highlighting the substantial performance gains that can be achieved when design
objectives explicitly account for uncertainty instead of masking it with ad-hoc safety factors. These
results underscore the importance of MDOUU as a design paradigm for emerging aerospace sys-
tems, where tight performance margins and stringent certification requirements make robustness
and reliability critical [15].
However, despite its conceptual appeal and demonstrated benefits, the practical adoption of MDOUU
remains severely limited by the computational cost. Classical MDOUU formulations typically employ a
double-loop structure, in which an outer optimization loop updates the design variables while an inner
loop performs uncertainty quantification (UQ) to estimate a risk measure—mean, variance, quantile,
or probability of failure. This nested structure leads to a significant growth in computational expense,
making it prohibitively expensive when high-fidelity multidisciplinary models are used. Back in 2002,
a NASA report in [16] identified the lack of efficient computational methods as a major barrier to the
practical adoption of MDOUU in real-world aerospace system design problems. Unfortunately, this
challenge remains unresolved for high-fidelity MDOUU.
To tackle this challenge, recent research has proposed several strategies to accelerate the UQ loop
within MDOUU. These include adaptive sampling [17, 18],multi-fidelity methods [19], and computa-
tional graph transformation methods [20, 21]. These approaches can significantly reduce the cost of
UQ evaluations in each optimization iteration; however, they continue to operate within the traditional
double-loop MDOUU, where a full or partial UQ analysis must be performed at every optimization
iteration. As a result, the inner UQ loop remains the dominant contributor to computational cost and
continues to limit the scalability of MDOUU to high-fidelity aerospace design problems
Another related line of research seeks to reduce computational cost through surrogate-based opti-
mization under uncertainty (OUU) [22, 23]. In these approaches, surrogate models are constructed
to approximate the system response, and adaptive sampling strategies are employed to improve
surrogate accuracy throughout the design–uncertainty space. While effective for reducing the cost
of model evaluations, the adaptive sampling strategies all focus on improving the accuracy of the
surrogate model rather than directly improving knowledge of the robust optimum. As a result, com-
putational resources may be spent refining regions of the design space that have little influence on
the final design decision.
These observations highlight a critical gap in the current literature: the absence of a practical frame-
work that integrates uncertainty quantification and optimization into a single-loop process. Such a
framework would avoid repeated inner-loop UQ analyses and instead make robust design decisions
using stochastic information gathered progressively throughout the optimization process. Address-
ing this challenge is particularly important for early-stage aerospace design, where computational
budgets are limited and rapid exploration of the design space is essential.
Motivated by this need, this paper presents a single-loop stochastic optimization framework for
MDOUU. The proposed approach reformulates the MDOUU problem as a sequential learning task
by constructing a probabilistic surrogate model over the combined design–uncertainty space. Rather
than performing repeated high-fidelity uncertainty propagation at each optimization iteration, the ro-
bust objective is estimated directly from the surrogate model. At each iteration, the surrogate-based
MDOUU problem is solved to identify the current robust optimum, and a Bayesian acquisition function
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Figure 1 – Conventional computational frameworks for solving MDO and MDOUU problem.

is employed to select the next model evaluation in the joint design–uncertainty space. Unlike conven-
tional surrogate-based OUU methods that primarily seek to improve global surrogate accuracy, the
proposed acquisition strategy directly targets uncertainty in the robust optimum. By integrating UQ
and optimization within a unified sequential learning framework, the proposed method eliminates the
need for repeated inner-loop UQ analyses and substantially reduces the number of expensive model
evaluations required to identify robust optimal designs.

2. Background
We begin by considering a deterministic multidisciplinary design optimization (MDO) problem formu-
lated using the multidisciplinary feasible (MDF) architecture [24]:

min
x

F (x)

subject to C (x)≤ 0,
(1)

where x ∈ Rnx denotes the vector of design variables, F (x) is the objective function, and C (x) repre-
sents a vector of inequality constraints. In the MDF architecture, disciplinary couplings are resolved
internally at each function evaluation, such that the optimizer operates only on the design variables.
The deterministic formulation in Eq. (1) can be extended to account for uncertainty in system inputs
and parameters, leading to multidisciplinary design optimization under uncertainty (MDOUU). Let
Ω denote the sample space. We define u ∈ Rnu as a realization of the random vector U : Ω→ Rnu

with joint probability density ρ(u). A commonly used robust design optimization (RDO) formulation
expresses the objective and constraints in terms of statistical moments:

min
x

E[F (x,U)]+α1
√

Var[F (x,U)]

subject to E[C (x,U)]+α2
√

Var[C (x,U)]≤ 0
(2)

where E[·] and Var[·] denote the expectation and variance operators, respectively. The coefficients
α1 ∈ R≥0 and α2 ∈ R≥0 control the trade-off between nominal performance and robustness in the
objective and constraints. Alternative formulations are also widely used, such as reliability-based
design optimization (RBDO), in which the probability of constraint satisfaction is required to exceed a
prescribed threshold.
In the remainder of this work, we focus on the robust objective in Eq. (2); the proposed framework
extends naturally to robust constraints. Solving Eq. (2) typically requires a double-loop computational
structure. At each outer optimization iteration, a forward uncertainty quantification (UQ) problem
must be solved to evaluate the statistical quantities in the objective and constraints. In practice,
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the inner loop is implemented using sampling- or quadrature-based methods, such as Monte Carlo
simulation and polynomial chaos expansion [25, 26]. Even when surrogates are used inside the
UQ loop, the nested structure still demands O(102−104) high-fidelity calls per outer iteration, which
becomes prohibitive for expensive multidisciplinary analyses. The computational cost therefore grows
rapidly with the dimension of the uncertainty space and can become prohibitive when expensive
multidisciplinary analyses are required. A schematic comparison between computational frameworks
for deterministic MDO and MDOUU is shown in Fig. 1.

3. Methodology
3.1 Problem formulation
We consider the MDOUU setting introduced in Eq. (2). In the numerical studies of this work, con-
straints are omitted and attention is restricted to the robust objective. In particular, we minimize

J(x) = E[F (x,U)]+α
√

Var[F (x,U)], (3)

where x ∈Rnx denotes the design variables, U : Ω→ Rnu denotes the uncertain inputs, and α ≥ 0 is a
user-defined robustness parameter.
In a conventional double-loop implementation, evaluating J(x) at a candidate design requires re-
peated high-fidelity evaluations of F (x,u) over u to propagate the uncertain inputs. The proposed
framework avoids this repeated inner-loop statistical moment estimation on the expensive model by
learning F (x,u) from a growing dataset of joint realizations and performing robust optimization on a
probabilistic surrogate instead.

3.2 Single-loop Bayesian optimization framework
The key modeling choice is to construct a global surrogate over the combined design–uncertainty
space

z := (x,u) ∈Z := X ×U ⊂ Rnx+nu , (4)

and to treat MDOUU as a sequential learning problem on Z . Rather than propagating uncertainty
on the high-fidelity model at fixed x, the algorithm collects Nk paired observations

yi = F (xi,ui), i = 1, . . . ,Nk, (5)

and updates a probabilistic surrogate after each new sample. The response surface

(x,u) 7→F (x,u) (6)

is therefore learned directly in joint space, while the robust objective and its minimizer are estimated
from the surrogate at every iteration. UQ and design optimization are integrated within a single loop,
and each iteration requires only one model evaluation.
Figure 2 summarizes the workflow; Algorithm 1 gives a formal description. After initialization, the
procedure maintains a dataset

Dk = {(xi,ui,yi)}Nk
i=1 . (7)

Each iteration performs the following steps until a stopping criterion is met or an evaluation budget
is exhausted. We write F̂k for the surrogate fitted at iteration k and J̃k(x) for the robust objective in
Eq. (9) evaluated under F̂k.

Step 1: Surrogate update. Fit a probabilistic surrogate F̂k to Dk.

Step 2: Surrogate robust optimization. Compute the surrogate-based robust minimizer x∗k and
value vk = J̃k(x∗k).

Step 3: Acquisition. Select the next joint point (xk+1,uk+1) ∈Z .

Step 4: High-fidelity evaluation. Evaluate yk+1 = F (xk+1,uk+1) and augment Dk.
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Figure 2 – Overview of the proposed single-loop Bayesian optimization framework for MDOUU.

Initialization draws N0 space-filling samples {(xi,ui)}N0
i=1 by Latin hypercube sampling (LHS) on Z and

evaluates the expensive model at each point. In the present study, N0 is a small fraction of the total
evaluation budget.
Unlike double-loop MDOUU, the true objective J(x) in Eq. (3) is not recomputed on the high-fidelity
model at every iteration. Instead, the algorithm tracks the evolution of the surrogate robust minimizer
x∗k and allocates new evaluations in Z where the gradient-based expected improvement acquisition
(introduced in Sect. 3.4) predicts the largest expected reduction in |x∗k− x∗k−1|.

3.3 Probabilistic surrogate and surrogate robust objective
Given Dk, a Kriging (Gaussian process) surrogate is fitted on z = (x,u). For any fixed input (x,u), the
posterior predictive distribution is Gaussian,

F (x,u) |Dk ∼N
(
µ f (x,u), σ

2
f (x,u)

)
, (8)

where µ f and σ f denote the predictive mean and standard deviation. Kriging is adopted because it
provides a differentiable mean predictor µ f (x,u) together with an explicit epistemic uncertainty esti-
mate σ f (x,u), both of which are required for gradient-based acquisition in joint space (presented in
Sect. 3.4).
It is important to distinguish Eq. (8) from the distribution of the random variable F (x,U) when U
is aleatoric. Equation (8) is a pointwise predictive distribution. For fixed x, the random quantity
F (x,U) induced by U is generally non-Gaussian, because the maps u 7→ µ f (x, ·) and u 7→ σ f (x, ·)
are typically nonlinear, and including epistemic uncertainty yields a mixture over U . Hence, the true
robust objective J(x) in Eq. (3) has no closed-form expression in terms of µ f and σ f alone.
We therefore approximate J(x) on the surrogate by propagating only the predictive moments through
the mean–standard-deviation structure of Eq. (3):

J̃k(x) = EU [µ f (x,U)]+β

√
VarU [µ f (x,U)]+β 2

e EU

[
σ2

f (x,U)
]
, (9)

where β is the robustness weight on the surrogate objective (typically β = α), and βe ≥ 0 controls
the contribution of epistemic predictive variance. The first term is the mean of the surrogate mean
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predictor over U ; the second term under the square root combines aleatoric variability of µ f (x,U)
with a weighted average of local epistemic variance σ2

f (x,U). Setting βe = 0, as in the numerical
experiments below, gives

J̃k(x) = EU [µ f (x,U)]+β

√
VarU [µ f (x,U)], (10)

i.e., a mean–standard-deviation objective applied to µ f (x,U) only. Setting βe = 1 recovers a law-of-
total-variance approximation, VarU [F (x,U)] ≈ VarU [µ f (x,U)]+EU [σ

2
f (x,U)], before taking the square

root.
The operators EU [·] and VarU [·] are taken with respect to the distribution of U only. We evaluate them
with Nu paired nodes and weights {(u j,w j)}Nu

j=1 matched to ρ(u) — Gauss–Legendre quadrature for
uniform U , Gauss–Hermite for Gaussian U , or Monte Carlo samples u j ∼ ρ(u) with w j = 1/Nu:

EU [µ f (x,U)] =
Nu

∑
j=1

w j µ f (x,u j), (11)

VarU [µ f (x,U)] =
Nu

∑
j=1

w j µ f (x,u j)
2−

(
Nu

∑
j=1

w j µ f (x,u j)

)2

, (12)

EU
[
σ

2
f (x,U)

]
=

Nu

∑
j=1

w j σ
2
f (x,u j). (13)

Because surrogate evaluations are inexpensive, these sums are computed at negligible cost relative
to one expensive high-fidelity evaluation of F .
At iteration k, the surrogate-based robust optimum is defined as

x∗k = arg min
x∈X

J̃k(x), vk := J̃k(x∗k). (14)

Equation (14) is solved by gradient-based optimization methods with multiple random restarts in x,
warm-started from x∗k−1 when available. The pair (x∗k ,vk) represents the algorithm’s current belief
about the robust optimum and provides the reference state for acquisition and stopping.

3.4 Acquisition in joint design–uncertainty space
The surrogate is trained on joint samples (xi,ui), meaning the next evaluation must be selected within
the joint space Z rather than the design space X alone. The acquisition function should therefore
identify realizations that are informative for refining the estimate of the robust optimum.

Robust-objective acquisition. The acquisition value at a candidate (x,u) can be defined as the
expected improvement in the surrogate-based robust objective after incorporating a new observation:

αrob(x,u) = E [max(vk− vk+1, 0)|(x,u)] , (15)

where vk is the current optimal robust objective value, and vk+1 is the updated value obtained by
refitting the surrogate after a probabilistic observation at (x,u) and recomputing Eq. (14). Although
Equation (15) directly targets improvement in the robust optimum via predicted observations, its eval-
uation is computationally intensive, requiring repeated surrogate refitting and nested inner robust
optimizations over a candidate set.

Gradient-based expected improvement. We employ an efficient, gradient-based expected im-
provement (EI) acquisition function on the surrogate response:

αEI(x,u) = E [max( fmin−Y, 0)] , Y ∼N
(
µ f (x,u),σ2

f (x,u)
)
, (16)

where fmin = mini yi is the best observed value in Dk. Under the Gaussian surrogate assumption, αEI
admits a closed-form expression. The next sample is obtained from
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Algorithm 1 Bayesian optimization under uncertainty

Require: X , U ; weights α,β ; initial size N0; post-init minimum Nmin; tolerance τx; budget Nmax
1: Sample {(xi,ui)}N0

i=1 by LHS on X ×U

2: Evaluate yi←F (xi,ui) and set D ←{(xi,ui,yi)}N0
i=1

3: Fit surrogate F̂ to D
4: x∗← argminx∈X J̃(x) ▷ Eq. (9)
5: while |D |< Nmax do
6: Compute ∆x from successive minimizers via Eq. (18)
7: if ∆x < τx and |D | ≥ N0 +Nmin then
8: break
9: end if

10: (x,u)← argmax(x,u)∈Z αEI(x,u) ▷ warm-start at (x∗,uinit)
11: y←F (x,u); augment D
12: Refit F̂ ; update x∗← argminx∈X J̃(x)
13: end while
14: return x∗

(xk+1,uk+1) = arg max
(x,u)∈Z

αEI(x,u), (17)

using the Sequential Least Squares Programming (SLSQP) algorithm on z = (x,u) with Nrs multiple
warm starts (Nrs = 10 in our experiments). The design variable component is initialized at x∗k , while
the random variable component is initialized from a candidate pool that includes u = µu, the random
sample maximizing σ f (x∗k ,u), and additional random draws from U .
Although αEI targets pointwise improvement of the response F rather than of the robust objective J̃,
coupling the warm start at x∗k with the inner solve in Eq. (14) yields a practical single-loop strategy:
each expensive evaluation refines the surrogate in joint space (x,u) near x∗k , while acquisition is
initialized at the current surrogate robust minimizer.

3.5 Stopping criterion
As the surrogate improves, the predicted robust minimizer x∗k is expected to stabilize. Convergence
is therefore monitored through the relative change

∆xk =

∥∥x∗k− x∗k−1

∥∥
2∥∥x∗k−1

∥∥
2 + ε

, (18)

where ε > 0 prevents division by zero. The loop terminates when

∆xk < τx (19)

for a user-defined tolerance τx, provided that a minimum number of post-initialization evaluations has
been completed; otherwise, termination occurs when the evaluation budget Nmax is reached. The
final design is taken as x∗k from the last iteration.

4. Numerical results
We refer to the proposed method as Bayesian Optimization Under Uncertainty (BOUU) and evaluate
its performance on (a) a scalable analytical benchmark with a reference robust optimum (Sect. 4.1)
and (b) the NASA wing-aerostructural problem with cruise-condition uncertainty (Sect. 4.2). The an-
alytical case isolates evaluation-efficiency vs. a double-loop reference; the wing case tests scalability
when high-fidelity evaluations dominate cost.
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(a) Double-loop OUU (b) Surrogate-OUU with maximum filling

(c) Proposed BOUU

Figure 3 – 1D demonstration: contour of F (x,u) with evaluation history (color indicates evaluation
index), true robust minimum (green), and found optimum (red).

4.1 Analytical problems
We first demonstrate the proposed framework on a scalable nonlinear analytical benchmark with
uniform aleatoric uncertainty. Figure 3 previews the one-dimensional case; the problem definition,
reference solution, and quantitative comparison follow below. The analytical function involved is

F (x,u) =
nx

∑
i=1

[
(xi−0.3)2 +0.2sin(6xi)

]
+

0.5
nu

nu

∑
j=1

u j (x−0.7)2 +
0.1
nu

nu

∑
j=1

u2
j , (20)

where x ∈ [0,1]nx are design variables, u ∈ [−1,1]nu are uncertain inputs. Eq. (20) reduces to the
one-dimensional test function used in the contour demonstrations. The OUU can be described as

min
x

J(x) := E[F (x,U)]+
√

Var[F (x,U)] (21)

with U distributed uniformly on [−1,1]nu .
A reference solution (xref,Jref) is computed offline for each dimension using a dense search in x and
high-accuracy uncertainty propagation in u. All reported errors are measured against this reference.
Three methods are compared:

(a) Double-loop OUU: tensor-product five-point Gauss–Legendre inner UQ (5nu quadrature nodes)
on the true model, with SLSQP and finite-difference gradients in the outer loop;
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Table 1 – One-dimensional analytical benchmark result (nx = nu = 1).

Method x∗ J∗ |J∗− Jref| Evaluations

Reference 0.6733 0.04606 — —
Double-loop OUU 0.6734 0.04606 8.3×10−8 60
Surrogate-OUU with LHS filling 0.6746 0.04606 4.8×10−6 19
Proposed BOUU 0.6749 0.04607 7.6×10−6 15

(b) Surrogate-OUU with maximum space-filling: surrogate-assisted OUU with maximin joint sam-
pling;

(c) Proposed BOUU: the single-loop MDOUU method proposed in this work.

4.1.1 One-dimensional demonstration
We first compare the three methods on the nx = nu = 1 case. Figure 3 shows the joint response
F (x,u), the sequence of evaluated points, the true robust minimum, and the design identified by
each method. Table 1 summarizes the 1D results.
Overall, all three methods identify the robust optimum accurately. The proposed BOUU attains com-
parable objective accuracy with the fewest expensive evaluations (15 vs. 60 for double-loop OUU), re-
flecting the efficiency of informative sampling in joint (x,u) space. The double-loop approach requires
more evaluations because each outer step performs repeated inner-loop uncertainty propagation on
the high-fidelity model.
Comparing the sampling trajectories in Fig. 3 highlights the structural difference among the methods.
Double-loop OUU concentrates evaluations along vertical lines in (x,u) at the current design iterate,
consistent with fixed quadrature nodes in u at each outer update of x. Surrogate-OUU with maximum
space-filling spreads points across the joint domain to build a global surrogate before refining the
robust design estimate. In contrast, BOUU places fewer evaluations and progressively focuses on
the neighborhood of the emerging robust optimum, where acquisition and surrogate-based inner
optimization interact within a single loop.

4.1.2 Scalability under fixed evaluation budget
To assess scalability, Methods (b) and (c) are compared on the scalable problem with nx = nu ∈
{2,3,4,5} under a fixed expensive-evaluation budget of Nmax = 50. Early stopping is disabled (τx = 0)
so that each run uses the full budget. Surrogate initialization is fixed at N0 = 10 for all dimensions. For
each (d,method) pair, 20 independent random seeds are used; Figure 4 reports the median absolute
objective error

|J∗− Jref|

with error bars indicating the interquartile range. Figure 4 shows that the proposed BOUU achieves
lower median objective error than Surrogate-OUU with maximum filling at every tested dimension.
These results support the central claim of the proposed framework: under a strict and equal eval-
uation budget, targeting informative joint samples with acquisition guided by the evolving surrogate
robust minimizer yields consistently better robust designs than passive space-filling on the surrogate
alone as dimension increases from two to five.

4.2 Aero-structural wing design optimization
The second benchmark is a NASA Common Research Model (CRM) wing design MDOUU problem
built in OpenAeroStruct [27]. The model couples a vortex-lattice aerodynamic analysis to a tubular-
spar structural finite-element model with two-way load and displacement transfer resolved at each
flight condition. The design goal is to identify wing twist and spar-thickness distributions that minimize
penalized cruise fuel burn while remaining structurally feasible over uncertain cruise altitude and
Mach number. Each evaluation requires a nonlinear aerostructural solution with inner trim for L =W ,
and the response can be strongly nonlinear when structural failure penalties are activated.
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Figure 4 – Scalability result on the analytical benchmark problem: median absolute optimality gap
(|J∗− Jref|) versus problem dimension (nx = nu). Fixed evaluation budget Nmax = 50, initial design size
N0 = 10, and 20 random seeds per method and dimension; error bars show the interquartile range.

Table 2 – Aero-structural wing MDOUU formulation.

Description Range (units) Quantity
Objective Fuel burn + penalized J(x) = µF +σF 1

structural constraints F = mfuel +ρfail max(0,gfail)
2

DESIGN VARIABLES Wing twist control points θ cp ∈ [−10,15] (deg) 5
Spar thickness control points tcp ∈ [0.01,0.5] (m) 3

RANDOM VARIABLES Cruise altitude U (31,000, 39,000) (ft) 1
Cruise Mach number U (0.80, 0.88) 1

The MDOUU formulation is summarized in Table 2. We formulated a low-dimensional MDOUU prob-
lem, with eight design variables and two aleatoric uncertain inputs to test the performance of our
proposed method in low-dimensional settings. The design vector contains five B-spline twist control
points and three spar thickness control points. The variations in operating conditions are character-
ized as uniform random variables mapped to cruise altitude in [31,000, 39,000] ft and Mach number in
[0.80, 0.88]. At each sampled (x,u) pair, angle of attack is trimmed internally so that lift balances air-
craft weight at the realized atmospheric state. The quantity of interest is a penalized fuel-burn metric
that combines cruise performance with structural feasibility. The primary term, mfuel(x,u), is the cruise
fuel burn (kg) returned by the OpenAeroStruct performance model after the coupled aerostructural
analysis and trim solve; it depends on both the aerodynamic loads at the sampled flight condition
and the wing structural weight associated with design x. The secondary term penalizes violation of
the wing structural failure criterion. OpenAeroStruct reports an aggregated failure quantity gfail(x,u)
obtained from the tubular-spar von Mises stresses using a Kreisselmeier–Steinhauser (KS) function;
a design is structurally feasible at the sampled condition when

gfail(x,u)≤ 0. (22)

In the deterministic OpenAeroStruct formulation, this quantity is enforced as an explicit constraint.
In the present MDOUU benchmark, however, the expensive multidisciplinary model is treated as a
black-box evaluator inside the surrogate-based optimization loop, and structural feasibility is instead
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Figure 5 – Best robust objective J∗ versus evaluation budget for Surrogate-OUU and proposed
BOUU. Dashed line: baseline CRM design.

enforced through a quadratic penalty appended to the fuel-burn objective:

F (x,u) = mfuel(x,u)+ρfail max
(
0,gfail(x,u)

)2
, (23)

with penalty weight ρfail = 105. When gfail ≤ 0, the penalty term vanishes and F = mfuel. When
the structure is overstressed, the penalty grows rapidly with constraint violation and dominates the
response, discouraging the optimizer from exploring infeasible regions of the design space while pre-
serving a scalar QoI suitable for surrogate modeling and robust objective estimation. This penalized
formulation is particularly important in the CRM benchmark because aggressive thickness reductions
can produce large fuel-burn improvements at nominally infeasible designs, and the failure penalty pre-
vents the OUU methods from being misled by artificially low fuel values. The robust objective follows
Eq. (3) with α = 1 and uniform uncertainty on u. A coarse CRM discretization (Nx = 2, Ny = 5) keeps
the benchmark affordable while retaining the essential aerostructural coupling. The baseline CRM
geometry yields J = 2.13×105 kg under this robust metric.
Methods (b) (Surrogate-OUU with maximin space-filling) and (c) (proposed BOUU) are compared
under fixed evaluation budgets Nmax ∈ {50,75,100,125,150,175,200}. Both methods use the same
Kriging-with-PLS surrogate method [28] from the SMT surrogate modeling toolbox [29], early stop-
ping is disabled (τx = 0) so that each run consumes its full budget. Figure 5 reports the best robust
objective J∗ attained at the end of each run, together with the baseline CRM reference. The proposed
BOUU consistently finds designs with lower J∗ than the baseline CRM geometry across all tested bud-
gets. At Nmax = 50, BOUU reduces J∗ from 2.13× 105 kg to 9.68× 104 kg, whereas Surrogate-OUU
remains far above the baseline at 3.60× 105 kg. As the budget increases, BOUU improves from
9.28×104 kg at Nmax = 100 to 9.05×104 kg at Nmax = 200, indicating stable convergence toward a ro-
bust wing design despite the limited evaluation budget. Surrogate-OUU does not exhibit comparable
improvement: its best J∗ varies between 1.31× 105 and 3.60× 105 kg over the tested budgets and
remains above the baseline in several cases. This behavior matches the analytical study, suggesting
that passive joint space-filling is insufficient when the feasible region is narrow and failure penalties
distort the response surface in eight design dimensions.
Figure 6 visualizes the best BOUU design from the Nmax = 200 run evaluated at the mean flight con-
dition (h = 35,000 ft, M = 0.84). Relative to the baseline geometry, the optimized design redistributes
twist and spar thickness along the semispan and produces a deformed planform with lower penalized
fuel burn at the nominal atmosphere. The structural response remains below the allowable von Mises
stress at this condition, illustrating that the robust optimizer is balancing fuel performance with struc-
tural feasibility under flight-condition variability. Taken together, these results extend the analytical
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Figure 6 – Best BOUU design (Nmax = 200) at the mean flight condition.

benchmark findings to a realistic wing design problem and demonstrate that acquisition guided by
the surrogate robust objective remains effective.

5. Conclusion
This paper addressed a central computational bottleneck in multidisciplinary design optimization un-
der uncertainty (MDOUU): the repeated uncertainty quantification (UQ) required at every optimization
iteration in the conventional double-loop structure. We presented a single-loop Bayesian optimization
framework that learns a probabilistic surrogate of the model response in the joint space of design vari-
ables and uncertain inputs, estimates the robust objective on that surrogate, and selects each new
expensive evaluation using an acquisition criterion tied to the evolving surrogate robust minimizer.
By integrating uncertainty quantification and optimization within one learning loop, the proposed ap-
proach requires at most one high-fidelity multidisciplinary evaluation per optimization iteration and
eliminates the need for an inner UQ loop on the expensive model during optimization.
The framework was evaluated on a scalable nonlinear analytical benchmark and on a NASA Common
Research Model wing aerostructural problem formulated in OpenAeroStruct with uncertain cruise al-
titude and Mach number. On the analytical problems, the proposed Bayesian optimization under
uncertainty (BOUU) method achieved lower median absolute optimality gaps than a surrogate-based
space-filling alternative under a fixed evaluation budget, with consistent advantages as problem di-
mension increased from two to five. On the aerostructural benchmark, BOUU consistently outper-
formed the space-filling strategy across evaluation budgets from fifty to two hundred and identified
wing designs with substantially lower robust penalized fuel burn than the baseline CRM geometry,
whereas passive joint sampling remained unstable in the higher-dimensional, penalty-dominated re-
sponse landscape. Together, these results demonstrate that informative acquisition in joint (x,u)
space is an effective strategy for budget-limited MDOUU when multidisciplinary analyses dominate
computational cost.
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While the present study focused on low- to moderate-dimensional problems with a scalar robust
objective and soft constraint handling through penalty terms, future work will scale to larger design
and random spaces and explicit robust constraints, which will require further study on surrogate
modeling and acquisition designs.
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