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Abstract

This article proposes an approach to quantify and manage uncertainty in

the conceptual design of aerial vehicles. A growing number of aerial vehi-

cles, such as unmanned aerial vehicles (UAVs), are being wholly or partly

designed with off-the-shelf components to streamline development and certi-

fication costs. The design optimization of systems typically relies on compo-

nent design models in the continuous domain. In addition to the inaccuracies

in the design models, the continuous domain condition is inconsistent with

the finite number of components available in the market. This inconsistency

yields uncertainty about the actual characteristics of the components defined

by the continuous design process, hence inaccurate performance predictions

at the system’s level. The proposed approach is developed within the scope

of the conceptual design of multirotor UAVs and covers the uncertainties
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related to both the design models and off-the-shelf components availability.

Simple criteria are established to determine the importance of uncertainties

according to the density of products in an off-the-shelf component database.

The uncertainties are propagated through the system’s models to evaluate

the variance of the outputs and identify the most critical design parameters.

A multidisciplinary design optimization framework enabling custom, off-the-

shelf, and hybrid design is introduced and illustrated with a multirotor UAV

case study. This case study demonstrates that switching from a custom de-

sign to an off-the-shelf selection for the most critical component, namely the

propeller, results in a 69% reduction in the standard deviation of estimated

hover endurance. The results obtained demonstrate that the proposed ap-

proach can contribute to the emergence of future aerial vehicles and systems

that must meet demanding economic and performance targets by combining

custom and off-the-shelf components in their design.

Keywords: Uncertainty Modelling, Uncertainty Analysis, Multidisciplinary

Design Optimization, Off-The-Shelf Components, Hybrid Design

Optimization, Unmanned Aerial Vehicles

Nomenclature

MDO Multidisciplinary Design Optimization

PCA Principal Component Analysis

UAV Unmanned Aerial Vehicle

XDSM Extended Design Structure Matrix
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1. Introduction

Recent years have seen the development of numerous design optimization

frameworks for sizing aerial vehicles [1]. Existing approaches typically pa-

rameterize the key components of the system with mathematical models and

solve the optimization problem in the continuous domain [2, 3, 4, 5, 6, 7]. This

strategy yields critical issues in the context of conceptual design. Firstly, the

models employed in the conceptual design phase are often associated with

large uncertainty because of their low fidelity. Secondly, designers are in-

creasingly focusing on the integration of off-the-shelf components instead of

custom-made parts to improve development times and production costs. A

priori, this approach, which constrains the selection to a finite number of

components, is inconsistent with a continuous-domain optimization. This

inconsistency leads to some uncertainty about the actual characteristics of

discretely available components as opposed to the custom definition provided

by the conceptual design process in the continuous-domain.

Although the effects of uncertainty in the conceptual design of aircraft

have been addressed in previous studies [8, 9, 10, 11, 12, 13], none of this

previous work covers the uncertainties of transitioning from a continuous

design space to a finite set of solutions (i.e., a discrete design space). In

addition, many studies address uncertainty in design optimization through

robust design [14], and the main trend for uncertainty reduction is to in-

crease the fidelity level of the models for better prediction [15]. Yet, none

of these approaches address the uncertainty about the market availability of

the components specified by the design.

Reducing uncertainty requires transitioning from a pure continuous-domain
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optimization to a hybrid continuous and discrete optimization, enabling cus-

tom definition and selection of off-the-shelf components from a database.

Various methodologies explore databases to find the appropriate components

[16, 17, 18, 19, 20, 21, 22, 23]. The most straightforward method consists of an

exhaustive evaluation of all combinations of components from a database. Al-

though some authors have proposed filtering operations to speed up the pro-

cess [16], this technique remains computationally very costly because of the

combinatorial explosion. Other approaches rely on advanced algorithms to

solve the discrete optimization problem [24]. Magnussen [17, 18] introduced a

framework for the design optimization of multirotors with off-the-shelf com-

ponents. As in [19], the optimal solution is obtained with a mixed-integer

linear program solver. However, the number of boolean design variables is

proportional to the number of products in the database (up to 3091 variables

in Magnussen’s case study), making it impractical for complex problems. Ng

[20] and Arellano-Quintana [21] use genetic algorithms to find the best com-

bination of components. Discrete-integer design variables representing the

indices of the selected components are introduced to solve the optimization

problem. Consequently, the bounds on the design variables are equal to the

number of components stored in the database, and the problem formulation

is bonded to the latter. An alternative approach consists of solving the prob-

lem in the continuous domain and using the solution as a reference to find the

closest components in a database [22, 23]. Because of the offline discretiza-

tion process, this two-step method breaks the inter-dependencies between the

components, and no feedback on the design is performed to verify the con-

straint satisfaction and optimality of the discrete solution. As a consequence,
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no design methodology in the literature optimizes the design of systems with

off-the-shelf components in an efficient manner. Furthermore, no existing

approach allows choosing which components should be selected off-the-shelf

and which should be parameterized using models without reformulating the

optimization problem.

To address the above knowledge gaps and challenges, this paper intro-

duces a methodology for evaluating and mitigating uncertainties in the con-

text of design optimization, with a focus on the uncertainty driven by the

discrete availability of components optimally sized in a continuous domain.

The methodological framework is described in Section 2. The major sources

of uncertainty at the conceptual design stage are characterized and quanti-

fied in Section 3. Methods for propagating uncertainties through a system’s

model and for ranking their importance are proposed in Section 4. These

methods are then applied through a case study of a multirotor UAV. Section

5 introduces a methodology for the design optimization of systems, includ-

ing both custom and off-the-shelf components, and compares three designs

of multirotor UAVs with different levels of uncertainty. Finally, Section 6

concludes this paper.

2. Methodological framework for uncertainty assessment and mit-

igation

The modelling of uncertainties and their propagation through a physical

model has been covered in previous works [25, 26, 27, 28]. In this section,

the methodological principles are extended to the detailed treatment of un-

certainties and their reduction. The proposed methodological framework for

5



quantitative uncertainty assessment and mitigation consists of four steps:

1. Identify and model the system. The model generally consists of one or

several deterministic functions y = F (x, θ) linking a set of inputs x to a

set of outputs y through equations involving specific model parameters

θ. In this article, a pre-existing model describing the propulsion system

for electric multirotor UAVs with several sub-models fi is considered

[29].

2. Quantify and characterize the sources of uncertainty. The system model

may be affected by a great variety of uncertain variables resulting from

a lack of data, measurement errors, or aleatory phenomena. Section 3

covers the probabilistic description of uncertainties arising from incom-

plete knowledge, including model errors and uncertain values for the

model inputs.

3. Propagate uncertainties through the system model to get a measure of

uncertainty in the output variables of interest. In this study, the Monte

Carlo method is performed to obtain the probabilistic distributions of

the outputs. A screening method is applied as a preliminary analysis

for reducing the number of uncertain variables prior to the Monte Carlo

simulations. This approach is described in Section 4.

4. Perform a sensitivity analysis to assess the relative importance of un-

certainties. This step aims at analyzing which parameters are the most

important in determining the variability in the outputs of interest. Sec-

tion 4 provides an analytical method and a more advanced variance-

based method for importance ranking.

5. Mitigate uncertainties. In this article, the focus is on removing impor-
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tant sources of uncertainty arising from the unknown availability of the

components defined in a continuous design space. In contrast, selecting

a component directly from a database provides better knowledge of its

parameters. For this purpose, Section 5 introduces a versatile method-

ology for the design optimization of systems, including either custom

or off-the-shelf components.

The five steps described in this process can be repeated until the level of

uncertainty is deemed acceptable.

System model
[29]

Output uncertainty
Section 4

Sources of uncertainty
Section 3

Sensitivity analysis / 
Importance ranking

Section 4

Uncertainty reduction
Section 5

Uncertainty propagation

Feedback process

Figure 1: Methodological framework for uncertainty assessment (adapted from [26, 28]).

3. Sources of uncertainty

The sources of uncertainty can be either aleatory (irreducible) or epis-

temic (reducible) [27, 28, 26]. Aleatory uncertainty concerns unpredictable

variations inherent to physical systems and their environments, and as such,

cannot be controlled. The amplitude of the gusts that an aircraft will en-

counter in its lifetime is an example of such uncertainty. In contrast, epis-

temic uncertainty originates from a lack of knowledge of the system. Epis-
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temic uncertainty can be reduced by an increase in available data, such as

measures or experts’ knowledge. The focus of this paper is on epistemic

uncertainty, for which we propose the following classification:

• Model uncertainty relates to the accuracy with which a model reflects

reality. Model uncertainty includes, among others, the inadequate

structure of the model, low numerical resolution, and erroneous fitting

of the model parameters. In this paper, all sources of model uncertainty

are considered without distinction in the model parameters.

• Input uncertainty is associated with the input design variables of a

model. In the context of conceptual and preliminary design, design

models are used to estimate the functional parameters of the compo-

nents from a few design variables. For instance, the resistance of an

electric motor may be estimated from its nominal torque and velocity

constant. Input uncertainty relates to the level of information avail-

able on the input design variables, which varies according to the design

stage. It is reduced to zero after all design variables have been deter-

mined, that is, when the component selection is finalized.

Model uncertainty acts on the model parameters θ, while input uncer-

tainty affects the input variables x. Consequently, the uncertainties on the

outputs y = F (x, θ) arise from both model uncertainty and input uncertainty.

In the following sections, a pre-existing model describing the propulsion

system of multirotor UAVs is introduced, and the model and input uncer-

tainties are characterized. The focus is on the design models introduced by

Budinger et al. in [29] for estimating the properties of the key components of
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the electric propulsion system. The main scaling laws and regression models

for sizing the propellers, motors, batteries, and electronic speed controllers

(ESC) are reused here and recalled in Table 1.

Table 1: Models for the preliminary design of multirotor UAVs [29].

Output variable y Model equation Model parameters θ Input variables x

Propeller Mass M [kg] M = θ1D3 θ1 =
Mref

D3
ref

Diameter D [m]

Thrust coefficient CT [-] CT = θ2 + θ3β θ2 = 4.27× 10−2 Pitch-to-diameter β [-]

θ3 = 1.44× 10−1

Power coefficient CP [-] CP = θ4 + θ5β θ4 = −1.48× 10−3 Pitch-to-diameter β [-]

θ5 = 9.72× 10−2

Motor Mass M [kg] M = θ6Tnom θ6 =
Mref

Tnom,ref
Nominal torque Tnom [N.m]

Resistance R [Ω] R = θ7K
−2
V T

−5/3.5
nom θ7 =

Rref

K−2
V,ref

T
−5/3.5
nom,ref

Velocity constant KV [rad/V/s]

Nominal torque Tnom [N.m]

Friction torque Tf [N.m] Tf = θ8T 0.69
nom θ8 =

Tf,ref

T0.69
nom,ref

Nominal torque Tnom [N.m]

ESC Mass M [kg] M = θ9P θ9 =
Mref

Pref
Power P [W]

Battery Mass M [kg] M = θ10E θ10 =
Mref

Eref
Energy E [Wh]

Subscript .ref refers to reference components used for fitting the models.

3.1. Model uncertainty

The scaling laws and regression models introduced by Budinger [29] re-

quire a limited number of input variables and, as such, are well suited for

preliminary design. However, several simplifying assumptions had to be made

to obtain the models. Geometric similarity assumes constant length ratios

between the sized components and the reference components used for fit-

ting the models. This similarity assumption is also applied to the material

properties. Finally, the uniqueness of the design driver states that only one

dominant physical phenomenon drives the evolution of the characteristic to

be estimated. When these assumptions are not satisfied, the accuracy of the
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model deteriorates, and model uncertainty arises. The estimated value of the

output, ŷ, deviates from the true value y:

y = (1 + εθ)ŷ = (1 + εθ)f(x, θ
∗), (1)

where εθ is the relative error and f(x, θ∗) is the model equation whose pa-

rameter θ∗ is obtained with appropriate fitting methods (e.g., error mini-

mization). Since the models presented in Table 1 are linear with respect to

their parameters θ∗i , it follows that

y = f (x, (1 + εθ)θ
∗) = f(x, θ), (2)

with θ = (1 + εθ)θ
∗. The inaccuracies of the models are described by de-

viations in the model parameters, that is, model uncertainties. The model

uncertainties of scaling laws and regressions are modelled as independent

normal laws [29]:

εθ ∼ N (µθ, σ
2
θ) (3)

⇔ θ ∼ Θ = N
(
(1 + µθ)θ

∗, σ2
θθ

∗2) (4)

The mean µθ and standard deviation σθ of the normal distributions are

mainly influenced by the choice of the reference components for fitting the

equations and the form of the equations since uncertainty increases with

higher order terms. Figure 2 shows the distribution of the relative error for

the estimated battery mass, and its comparison to a normal distribution.

3.2. Input uncertainty

Uncertainty about the design variables of the components (i.e., the inputs

of the design models) may arise from various sources. In particular, the
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Figure 2: Relative error distribution for the estimated battery mass [29].

impossibility of guaranteeing a component’s availability on the market is a

major source of uncertainty at the early stages of the design process. Indeed,

manufacturers limit their production to specific ranges of components for

economic reasons. Thus, during the design process, a gap exists between

the optimal characteristics of a component that would be custom-made and

the characteristics of the closest off-the-shelf component available. If the

catalogs of components are not known a priori by the designer, for instance,

at the conceptual design stage, the latter faces uncertainty on the values of

the input variables to be used for the models (e.g., propeller diameter). This

section describes the input uncertainty associated with an incomplete market

offer.

In [30], Pahl et al. suggest that manufacturers follow a size range ap-

proach when designing their products by limiting their production to a few

selected sizes in order to reduce costs. A standardized methodology is often

adopted by manufacturers to determine the best distribution of components,

i.e. choosing an optimal size range while best meeting consumer demand.
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Starting from an initial design, new designs are derived, which are arranged

in a mathematical sequence. While an arithmetic progression on a design

variable’s value is straightforward, Pahl et al. advise choosing these quanti-

ties according to a geometric progression within a range. Whether an arith-

metic progression or geometric progression approach is adopted depends on

the market.

The arithmetic progression approach consists of deriving the new designs

with a constant increment on a parameter describing the component (e.g.,

propeller diameter). For the n-th component in the size range, the value xn

of its parameter is obtained from an initial design x0 as follows:

xn = x0 + nd, (5)

with d the increment step. When a customer selects a component from a

catalogue, he chooses the component whose characteristics are nearest (or

nearest upper, or nearest lower) to his specifications. The selection process

is represented in Figures 3 and 4, where a continuous set of input values

is mapped to a countable set, with a finite number of elements built on an

arithmetic progression. The associated absolute error between the continuous

variable x∗ and the discrete variable x is plotted in Figure 4.

The absolute error has a uniform distribution bounded by half the incre-

ment step:

ηx = x− x∗ ∼ U
(
−d

2
,
d

2

)
(6)

⇔ x ∼ X = U
(
x∗ − d

2
, x∗ +

d

2

)
(7)

Hence, a denser database yields less uncertainty. The APC multirotor

propellers [31] provide an example of arithmetic scaling on the diameter.
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2

Figure 3: Arithmetic progression mapping.
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d
2

input x∗

ηx = x− x∗

Figure 4: Absolute error of the arithmetic progression mapping.

13



The size range covers diameters from 0.153 to 0.406 meters, with an average

difference d of 0.0254 meters, that is, exactly one inch. Figure 5 depicts the

absolute error distribution of the diameter and its comparison with a uniform

distribution law.
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Figure 5: Absolute error distribution of the propeller diameter and comparison to a uni-

form distribution.

For other components available on the market, a geometric progression

might be more representative [30]. It consists of multiplying the value of a

parameter describing the component by a constant ratio r in order to derive

the new designs:

xn = xn−1r = xn−2r
2 = ... = x0r

n, (8)

The mapping for a size range built on a geometric progression is repre-

sented in Figures 6 and 7. The magnitude of the absolute error ηx between

the continuous variable and the real variable is significantly correlated to the

magnitude of the input. A probabilistic description would hide this behavior

14



and is therefore not desirable. Instead, a probabilistic model of the relative

error εx is adopted, as its magnitude is not correlated with the input. The

relative error distribution follows a uniform law:

εx =
x− x∗

x∗ ∼ U(−δ, δ) (9)

⇔ X = U (x∗(1− δ), x∗(1 + δ)) , (10)

with δ = r−1
r+1

. Here again, a high number of components within a size range

(i.e., r → 1) reduces the variable’s uncertainty.

x0

2
x2+x3

2
x3+x4

2

x0
x0r

2 = x2

x0r
3 = x3

x0r
4 = x4

input x∗

output x

x∗

x∗(1− δ)

x∗(1 + δ)

Figure 6: Geometric progression mapping.

A quasi-geometric scaling of the nominal motor torque is observed on a

family of 15 ABB products [32] over the range 1-200 (N·m). The relative

error falls between -17% and 17% with a uniform probability distribution.

If multiple design variables are involved in the selection process of a com-

ponent, the random variables describing the uncertainties are assumed to be

mutually independent, although this is not always verified in practice. Fur-

ther work should focus on analyzing the interactions between various design

variables describing a component.
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Figure 8: Relative error distribution of the nominal motor torque and comparison to a

uniform distribution.
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4. Uncertainty propagation and sensitivity analysis

4.1. Uncertainty propagation

The previous sections have introduced the characterization and quantifi-

cation of two sources of uncertainty. The uncertain input variables x and

model parameters θ can be modelled as random variables denoted X and Θ,

respectively. Given the uncertainties on the set of input variables and model

parameters describing a system, the next step is to obtain a characterization

of the outputs distributions:

Y = F (X,Θ) (11)

Here, the system model F is made of several sub-models fi characterizing

each element of the system. When the sub-models are interdependent, it

can be difficult to derive the distributions of the system outputs analytically.

Indeed, uncertainties propagate through the models and combine with each

other. To overcome this difficulty, a Monte-Carlo method is adopted. It

consists in evaluating the deterministic system model for many realizations

of X and Θ and observing the values taken by the outputs Y . When a large

number of realizations is achieved, the random variables associated with the

outputs can be identified from the samples.

4.2. Sensitivity analysis

Sensitivity analysis is the study of how uncertainty in a model output can

be attributed to different sources. It aims at identifying the parameters that

most influence the output, thus helping to determine the focus for future

uncertainty mitigation.
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A first approach for ranking uncertainties consists of analyzing the form

of the equations involved in the modelling. Let suppose a model f with

uncertain input x = (1+εx)x
∗ and uncertain model parameter θ = (1+εθ)θ

∗.

A first-order approximation with Taylor series expansion at (x∗, θ∗) for small

relative deviations εx and εθ provides:

y = f(x, θ)

= f(x∗ + x∗εx, θ
∗ + θ∗εθ)

= f(x∗, θ∗) + x∗εx
∂f

∂x
(x∗, θ∗) + θ∗εθ

∂f

∂θ
(x∗, θ∗) + o(

√
(x∗εx)2 + (θ∗εθ)2)

(12)

For power laws (e.g., scaling laws) in the form f(x, θ) = θxa, with a the

power law exponent, Equation 12 simplifies to:

y = f(x∗, θ∗)(1 + aεx + εθ) + o(
√

(x∗εx)2 + (θ∗εθ)2) (13)

This allows for determining, with a first-order approximation, the varia-

tions of the output caused by input uncertainty and those caused by model

uncertainty. The variances of their distributions are compared to assess the

relative effects of the different sources of uncertainty. The variations of y due

to input uncertainty are considered equal to those due to model uncertainty

if

|a|σ2
x = σ2

θ , (14)

where σx (resp., σθ) is the standard deviation of the relative error εx (resp.,

εθ). For the input uncertainties with uniform distributions introduced in

Section 3, the standard deviation σx is linked to the constant step d or
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common ratio r of the components’ database:σx = d
2
√
3

1
|x∗| for an arithmetic database

σx = 2δ
2
√
3
= 1√

3
r−1
r+1

for a geometric database

(15)

Equations 14 and 15 enable finding the assumption on database density

(i.e., d or r) such that the two sources of uncertainty have similar effects:

|a|σ2
x = σ2

θ ⇐⇒


d = 2

√
3|x∗|σθ√

|a|
for an arithmetic database

r =

√
|a|+σθ

√
3√

|a|−σθ

√
3

for a geometric database

(16)

This approach provides a rough estimate for ranking uncertainties when

a single model is involved. For the models introduced in Section 3 Table

1, the outputs’ variations due to model uncertainty are presented in Table

2. Estimates on the databases’ densities such that the variations caused by

input uncertainty match those caused by model uncertainty are presented in

Table 3. For the motors database, a constant ratio r = 1.50 between two

consecutive values of the nominal torque leads to equal effects of model and

input uncertainty in the mass calculation. Considering a range within 1 - 10

N.m, there should be at least logr (10/1) ≈ 6 products in the motor database

for the input uncertainty to be secondary.

On more complex problems involving many equations, the use of numer-

ical methods is often necessary. In this study, the Sobol’ method [33, 34]

is adopted to derive the global impact of uncertain parameters, taking into

account the interactions between them. Based on a Monte-Carlo experiment,

this method decomposes the variance of the output into terms of increasing

dimensions, called sensitivity indices, that are attributed to the uncertain
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Table 2: Outputs’ variations caused by model uncertainty for the UAV models.

Output
Model uncertainty

deviation σθ

Motor Mass M 11.5%

Resistance R 13.2%

Friction torque Tf 33.4%

Battery Mass M 7.1%

ESC Mass M 25.4%

Propeller Mass M 10.0%

Thrust coefficient CT 8.8%

Power coefficient CP 7.5%

Table 3: Assumptions on databases’ densities to match the variations caused by input

uncertainty with those caused by model uncertainty.

Output Input
Database progression

such that |a|σ2
x = σ2

θ

Motor Mass M Nominal torque Tnom Geometric r = 1.50

Resistance R Velocity constant KV Geometric r = 1.39

Nominal torque Tnom Geometric r = 1.47

Friction torque Tf Nominal torque Tnom Geometric r = 5.59

Battery Mass M Energy E Arithmetic d = 179.5 Wh

ESC Mass M Power P Arithmetic d = 782.7 W

Propeller Mass M Diameter D Arithmetic d = 0.098 m

Thrust coefficient CT Pitch-to-diameter β Arithmetic d = 0.091

Power coefficient CP Pitch-to-diameter β Arithmetic d = 0.078
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parameters. The first-order indices measure the effect of varying a given

input alone averaged over the variations of the other inputs [34]:

Si =
VXi

(
EX−i

(Y |Xi)
)

V (Y )
. (17)

Here, EX−i
(Y |Xi) denotes the average value of the output Y when all

inputs except Xi vary, and VXi

(
EX−i

(Y |Xi)
)
is the variance of the previous

quantity when Xi varies. The variance of the output is denoted V (Y ). The

second-order indices describe the coupled effect of two parameters on the

output, and so on for higher-order indices. Finally, total-order effects [35]

capture the contribution of an input by taking into account its interactions

of any order with all other parameters [34]:

STi
= 1− VX−i

(EXi
(Y |X−i))

V (Y )
. (18)

Although variance-based methods provide accurate results, they require

a large number of simulations to collect enough samples for calculating sen-

sitivity indices. For N uncertain inputs, the method of Sobol requires about

m× (N +2) model evaluations, with m ranging from hundreds to thousands.

To save time, the least-influential parameters can be removed beforehand

with a screening study. Screening techniques such as the method of Morris

[36] allow obtaining an estimate of the relative importance of uncertainty

sources. The Morris method consists of calculating the partial derivative of

the output function by varying the uncertain parameters one at a time. The

process is repeated for different sets of start values for the other parameters,

allowing the exploration of the entire domain of definition. The derivatives

are then averaged out. Morris method provides two indicators: the mean

effect µ∗ of the input variation on the output and the standard deviation σ
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that characterizes both non-linear effects and interactions with other sources

of uncertainty. The Morris method requires r × (N + 1) model evaluations,

where the number r of different starting points typically ranges from 4 to 10

[37]. This efficient method is, therefore, an adequate tool to select only the

most influential parameters prior to a thorough sensitivity analysis.

4.3. Case study: performance uncertainty of a multirotor UAV

This section applies the methodology and tools for uncertainty assess-

ment to study the flight performance of a multirotor UAV. The case study

is the DJI M600 Pro hexacopter drone [38], whose main specifications are

summarized in Table 4.

Table 4: Main specifications for the DJI M600 Pro [38].

Number of propellers: 6

Payload: 5.5 kg

Max thrust-to-weight ratio: 2

Max ascent speed: 5 m/s

Hover endurance: 18 min

The sizing of the DJI M600 is retrieved by applying the analytical method-

ology previously developed by the authors [4, 39, 40]. This methodology ap-

plies a multidisciplinary design optimization (MDO) approach to efficiently

size and optimize various UAV configurations. The multidisciplinary mod-

elling covers the electric propulsion system (Table 1), the airframe, and the

aerodynamics, among others. For conciseness and clarity, this study focuses

on the uncertainty associated with the propulsion system, as introduced in
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Section 3. The results of the analytical sizing and the comparison with the

reference DJI M600 data are presented in Table 5. In what follows, the re-

sults of the analytical sizing will be considered as a deterministic reference

for the uncertainty assessment.

Table 5: Results comparison for the analytical sizing of the DJI M600 Pro.

Reference [38] Analytical sizing Relative error (%)

Total mass (kg) 15.5 15.4 - 0.50

Batteries mass (kg) 4.08 3.82 - 6.43

Motors mass (kg) 1.38 1.71 + 24.12

Propeller diameter (m) 0.533 0.489 - 8.31

Battery energy (Wh) 780 729 - 6.43

Motor max. power (W) 1000 890 - 11.04

4.3.1. Probabilistic model and implementation

The study focuses on 15 uncertain parameters of the propulsion system

and their impact on hover flight endurance. The assumptions on the uncer-

tain parameters are detailed in Appendix A. The probabilistic distributions

are derived according to the methods introduced in Section 3. In particular,

the uncertainties on the components’ availability are estimated from catalogs

of commercially available products1. Supplementary Material is provided in

a Jupyter Notebook [44] for estimating input uncertainties from databases.

In addition to input uncertainty and model uncertainty, some parameters ob-

1Manufacturers’ catalogs: APC propellers for multirotors [31] (46 products), AXI mo-

tors [41] (52 products), ProLiteX batteries [42] (78 products), YGE ESC [43] (17 products)
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tained from experts’ judgments without specific models (e.g., the efficiency

of the speed controller) are considered to be distributed uniformly within

a range of values. Finally, the distributions are assumed to be mutually

independent.

The statistical methods described in Section 4 are implemented using

Python libraries. In particular, the Monte Carlo simulations and sensitivity

analyses are performed using OpenTURNS [45] and SALib [46], respectively.

4.3.2. Results and discussion

As a preliminary analysis, the relative importance of model uncertainty

and input uncertainty for each individual model is assessed from the form

of the equations with the criteria derived in Equation 16. The calculations

are made from the model uncertainties provided in [29] and the assumptions

on the databases presented in Appendix A. The results are shown in Table

6. For each model of the propulsion system, the uncertainty arising from

model discrepancy has more effect on the output than the uncertainty on the

inputs. Thus, model uncertainties are expected to outweigh input uncertain-

ties. However, this analysis does not allow for ranking the final effects of the

sources of uncertainty on the hover flight endurance, as the scope is limited

to each individual equation.

Screening

The screening method of Morris is applied to select a reduced set of uncer-

tain parameters that most influence the hover endurance. The method is

implemented with 10 different sets of start values, such that 160 calls to the

complete UAV model are required. The results are shown in Figure 9. The

most influential parameters are located in the upper-right quadrant of the
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Table 6: Deviations caused by model uncertainty and input uncertainty within each model.

Output
Model uncertainty

deviation σθ

Input uncertainty

deviation
√

|a|σx

Motor Mass M 11.5% Nominal torque Tnom 3.6%

Resistance R 13.2% Velocity constant KV 3.4%

Nominal torque Tnom 4.3%

Friction torque Tf 33.4% Nominal torque Tnom 3.0%

Battery Mass M 7.1% Energy E 0.4%

ESC Mass M 25.4% Power P 10.2%

Propeller Mass M 10.0% Diameter D 2.7%

Thrust coefficient CT 8.8% Pitch-to-diameter β 1.9%

Power coefficient CP 7.5% Pitch-to-diameter β 1.9%

σ versus µ∗ plot. It is observed that 3 parameters are highly important to

explain the hover endurance: the propeller thrust coefficient CT and power

coefficient CP obtained from a regression model, and the ESC efficiency. The

model uncertainty on the battery mass, obtained from an assumed energy

density, also has a significant impact on flight endurance. Furthermore, the

model uncertainties of the motor resistance and motor mass have a great

influence. The most influential uncertainties originate from discrepancies in

the models rather than their inputs, which is consistent with the preliminary

study presented in Table 6. This outcome reflects the high number of com-

ponents available in the UAV market and should not be generalized to other

systems. Finally, particular attention should be given to ESC efficiency, and

the development of a specific model instead of an expertise-based value may
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be relevant.
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Figure 9: Screening results using Morris method

Output distribution and sensitivity analysis

Propagation of uncertainty using Monte Carlo experiments is performed on

the 7 most influential parameters identified with the method of Morris. This

allows obtaining a distribution of the hover endurance. To achieve high

precision in the output distribution, a high number of samples is required.

Here, 1024 samples have been generated, which led to 9216 Monte Carlo

simulations. The distribution of the flight endurance is shown in Figure 10.

The observed distribution fits a normal law with a mean value µ = 18.1 min

and standard deviation value σ = 3.2 min.

The total- and first-order contributions to the output variance obtained

with Sobol’s method are given in Figure 11. The second and higher-order con-
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tributions are close to zero, highlighting the negligible interactions between

the pairs of parameters involved in the analysis. The standard deviations

found in the Morris analysis are, therefore, more related to non-linearities

in the models than interaction effects. A major conclusion of the sensitivity

analysis is that the aerodynamic performance of the propellers significantly

impacts flight endurance. This is because the mechanical power is obtained

directly through the propeller performance. The variation in the component

masses (e.g., battery mass) also affects the mechanical power, but the small

variations of the estimated masses with respect to the total mass of the UAV

limit their influence. The electrical power, which defines the flight endurance

together with the battery energy, is calculated from the mechanical power

and the efficiency of the electrical components (e.g., motor resistance and

ESC efficiency). However, their importance is of second order. Finally, the

sensitivity to the battery energy is negligible because of the large number

of UAV batteries available on the market, hence the low uncertainty on this

design variable.

5. Hybrid design optimization for uncertainty reduction

The previous sections have shown how uncertainty in various parameters

affects the knowledge of the system’s outputs of interest. In particular, there

is a significant risk of overestimating the performance of the system. The ac-

tual design may, therefore, not be able to meet the performance requirements

specified by the customer. The sensitivity analysis offers the possibility to

identify the most influential sources of uncertainty so that actions can be

taken to mitigate them. Among the possible actions, the designer can opt
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for increasing the fidelity of the models in order to improve their represen-

tativeness. Another common approach is to restrict the design space to a

set of existing components listed in a database instead of parameterizing

components with continuous models. Using off-the-shelf components whose

parameters are listed in datasheets provides a deterministic description (Fig-

ure 13) in place of the probabilistic one associated with modelling of custom

components (Figure 12). For example, the aerodynamic model of the pro-

peller, which has large uncertainties, can be replaced by the actual values of

the thrust and power coefficients measured experimentally by the manufac-

turer. Apart from uncertainty reduction, restricting the design to a fixed set

of components reduces costs and improves development times, making it pop-

ular among designers in a variety of technical fields. However, it is rare that

a system can be designed solely from off-the-shelf components. For exam-

ple, an aircraft designer will not find a ready-made airframe on the market.

Designers may also want to explore future technologies for which databases

are not yet available, hence requiring analytical models. Therefore, there is

a need for a design optimization methodology allowing sizing systems that

combine both custom and off-the-shelf components. Such a hybrid approach

benefits from the detailed description provided by datasheets and the ability

of continuous design models to explore a greater design space.

5.1. Proposed methodology

Figures 14, 15a and 15b provide an overview of the proposed hybrid design

optimization with an extended design structure matrix (XDSM) diagram [47].
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𝑦 = 𝑓(𝑥, 𝜃)𝑥 ∼ 𝑋
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𝑦 ∼ 𝑌

Model uncertainty
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Figure 12: Custom component described with models.
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𝑦 = 𝑦0

Database

Deterministic 
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Figure 13: Existing component described with deterministic data.
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Component 1 y1 y1 y1

Component 2 y2 y2 y2

Component 3 y3 y3

gj Constraints

f Objective

Figure 14: Extended design structure matrix diagram for the hybrid design optimization.

The design optimization problem is expressed as follows:

minimize
x∗

f(x∗)

subject to gj(x
∗) ≤ 0, j = 1, . . . ,m.

(19)

where f is the objective function to be minimized (or maximized) by solving

for the set of continuous design variables x∗, and gj(x
∗) ≤ 0 are inequality

constraints. The hybrid design optimization addresses this problem by solv-

ing the individual component analyses (depicted by green boxes in Figure

14) with either continuous models or discrete off-the-shelf selections without

the need to reformulate the optimization problem.

When the designer is targeting a custom-made component or no database

is available, a design model is used to return an estimate of the functional pa-

rameters and characteristics of the component based on the value of its design
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variables. This sizing process is illustrated in Figure 15a, where the contin-

uous design variables x∗
i and model parameters θ∗i may contain deviations

from physical reality, as explained in Section 3. The illustration is simplified

for clarity. For more complex problems, the outputs of the upstream com-

ponent analyses can be used as inputs to the design model, adding to the

propagation of uncertainty.

When a database with off-the-shelf components is available, the sizing

of a component is a two-step process, illustrated in Figure 15b. First, the

candidate component that most closely matches the values of the continuous

design variables is selected. This translates the continuous design variables

x∗ into discrete variables x describing an existing component. The depen-

dent parameters of the corresponding component are then extracted from

its datasheet instead of being estimated with design models. This approach

allows for removing both variable uncertainty and model uncertainty.

θ∗i

Optimizer x∗i

design model

y∗
i = fi (x

∗
i , θ

∗
i )

y∗
i

Component i

(a) Design model approach.

database database

Optimizer x∗i

off-the-shelf

selection
xi

datasheet

reading
yi

Component i

(b) Off-the-shelf selection approach.

Figure 15: Sizing process at component level.

The hybrid design optimization offers several advantages:
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• The designer can define which components are selected from a database

and which are custom-made by replacing the corresponding component

analysis. A hybrid design combining both off-the-shelf components and

custom-made components is therefore obtained.

• The formulation of the optimization problem remains the same as in a

continuous design approach, with a reduced number of design variables.

The choice regarding which method is used to size the components

does not change the problem formulation, as the interfaces between the

optimizer and the components are preserved. In addition, the bounds

on the design variables are independent of the number of components

stored in the databases.

• The nested analyses inherent to an MDO approach ensure that an op-

timal and consistent design is obtained. This is a significant advance

compared to approaches where an optimization in the continuous space

is followed by an offline selection of off-the-shelf components, which no

longer guarantees optimality and compliance with optimization con-

straints as well as consistency of the multidisciplinary couplings.

The hybrid design optimization methodology proposed here offers a single,

unique framework for both custom and off-the-shelf solutions. It can be

derived from most continuous design methodologies in a minimally invasive

way and requires no reformulation effort of the optimization problem.

5.2. Good practices for an efficient off-the-shelf selection

Selecting a component from a database can be done in many different

ways, but not all will lead to the same result. It is, therefore, necessary to
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adopt a methodological approach to perform this task.

First, appropriate design variables must be chosen for sizing and select-

ing the components. A common choice is to use sensitivity analysis to find

the parameters that most influence the optimization problem. However, this

approach does not provide information on the parameter correlations. Since

the optimizer can vary each design variable independently, the physical pa-

rameters chosen as such must be uncorrelated for consistency. Furthermore,

choosing uncorrelated parameters allows for discriminating more efficiently

the components in a database and thus facilitates the selection process.

Methods to assist in this analysis include correlation matrices or principal

component analyses (PCA). Figure 16 shows a PCA applied to brushless

motors. The explained variance, that is, the proportion of variation in the

database that can be attributed to each of the principal components (eigen-

vectors) generated by the PCA method, is shown in Figure 16a. The first

two principal components are found to explain 72% of the variance within

the database. An orthonormal basis is constructed from these two principal

components, and the main physical parameters of the motor are projected

into this basis, as depicted in Figure 16b. The direction of the vectors rep-

resenting the motor parameters shows little correlation between the nominal

torque, the velocity constant, and the motor resistance. These three parame-

ters can therefore be chosen as design variables. In practice, design variables

are chosen to be representative of functional parameters rather than imper-

fections. Consequently, the resistance is discarded. Only two parameters, the

nominal torque and the velocity constant are set up as design variables. The

remaining parameters are defined as dependent parameters. The reduction
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in the number of design variables reduces the complexity of the optimization

problem, although it increases the risk of not being able to distinguish two

candidate components in the database.
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Figure 16: Principal component analysis of the motor database [41, 48, 49].

Secondly, for off-the-shelf components, cleaning the database is a critical

part of the methodological approach. Filtering the database reduces its di-

mension and thereby speeds up the selection process. It also allows removing

components that have no interest in the application, in effect, components

that do not correspond to an optimal solution of the design problem. Such

restriction of the search space leads to better convergence properties. A

Pareto analysis enables to narrow the database to a reduced set of efficient

candidates. Figure 17 shows a torque versus weight plot for brushless motors.

Pareto-efficient solutions with a high torque-to-weight ratio are highlighted

in red. The other components are discarded, as they exhibit higher mass
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penalties for similar mechanical performance. Particular attention must be

given to this step, as excessive filtering can lead to sparse data coverage and

bias the search for an optimal combination of components at the system level.
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Figure 17: Pareto front for UAV motors [41, 48, 49].

Finally, a selection technique must be chosen. The problem of finding the

candidate component in a database that is closest to a given set of design

variables consists of a nearest neighbor search (NNS). It requires defining a

distance metric based on which candidate solutions will be compared. The

brute force method computes the distance from the given point to every

other point in the database, and as such has a running time complexity of

O(D ×N), where D is the number of design variables and N is the number

of candidate components in the database. The search process can be sped up

using space-partitioning methods such as ball tree or k-d tree, with a running

time cost of approximately O(D × log (N)) [50]. Lastly, normalization of

the metric space is recommended. However, it can be desirable to bias the

search in favor of one design variable by weighting the corresponding metric

axis. Further work should help define a predominant design variable in the
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selection process, for example, by analyzing the sensitivity of the optimization

objective to each variable.

5.3. Optimization algorithm

The design process presented in Section 5 contains discontinuities intro-

duced by the discretization of the components design space in case off-the-

shelf components are integrated. Therefore, the optimization problem is

poorly suited to gradient-based optimizers. For their part, derivative-free

optimization methods are more robust against ruggedness and local minima.

Among them, the covariance matrix adaptation evolution strategy (CMA-

ES) [51, 52] has proven to be successful in many applications with complex

functions and requires minimal tuning. A Python implementation of CMA-

ES is available in the pycma library [53].

5.4. Case study: design optimization of a multirotor UAV

The hybrid design optimization is performed on the hexacopter drone

introduced in Section 4.3, with the specifications provided in Table 4. The

optimization problem consists of minimizing the total mass of the UAV. Var-

ious design variables describing the components (e.g., propeller geometry,

motor nominal torque, battery energy) are initialized, and an initial mass

is estimated with models or datasheets. The process is repeated with up-

dated values until an optimal design that meets all requirements (e.g., hover

endurance is greater than or equal to 18 min) is obtained. Three different

designs are optimized and compared:

1. A completely custom design based on the models introduced in Section

3, Table 1.
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2. A hybrid design made of custom components for the propulsion system,

apart from the propeller, which is selected off-the-shelf to minimize the

main source of uncertainty.

3. A design with off-the-shelf components for the propulsion system.

The off-the-shelf components used in the design optimization are taken

from manufacturers’ catalogs available online 2. The main results and design

variables representing the components are presented in Table 7. Figure 18

shows the mass distribution of the different UAV designs, and Figure 19

provides the flight endurance distributions. The custom propeller offers a

slightly higher efficiency (higher CT/CP ratio), which results in lower energy

consumption for the same thrust. This is reflected in the battery energy

and mass, which is minimal for the custom design. However, the off-the-

shelf propellers are smaller, which allows for shorter arms, hence reducing

the airframe’s weight. Overall, excluding uncertainties, all three designs

have similar mass and performance. In this particular case, the models and

design variables used for the custom UAV proved to be particularly well-

fitted to commercially available data, which explains the similarity of the

results. However, in the absence of such information, the mass and the flight

endurance hold very different uncertainties from one design to another. Due

to input and model uncertainties, the custom design exhibits a standard

deviation of 3.2 minutes for hover endurance. This translates to a 31% risk

of having a flight endurance below 16.5 minutes instead of the specified 18

2Manufacturers’ catalogs: APC [31], AXI [41, 54], Scorpion [48], KDE [49], Gens ACE

[55], Tattu [56], Kokam [57], Thunder Power [42, 58], YGE [43], Turnigy [59], KOSMIK

[60]
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minutes. The probability decreases to 7% for the hybrid design and is null

for the off-the-shelf design.
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Figure 18: Mass distribution for the different UAV designs.

6. Conclusions

The present article introduces a new approach for quantifying and mit-

igating uncertainties in design optimization by addressing uncertainties re-

lated to both design models and off-the-shelf component availability. The

contributions of the present methodology are twofold. First, it formalizes

the uncertain availability of components in the market. Second, it enables

the design optimization of systems with both custom and off-the-shelf com-

ponents. In this process, a component is either described using continuous

design variables and design models or using actual data provided by manu-

facturers, thereby reducing any related uncertainties.
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Table 7: Optimization results of the different UAV designs.
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Figure 19: Distributions of the hover endurance estimation resulting from the custom,

off-the-shelf, and hybrid design approaches.

To this end, the main sources of uncertainty in conceptual design are

characterized. Input uncertainty, which refers to the unknown availability of

a component in the market, is characterized by the distribution of the design

variables’ values within a size range. This distribution follows either an

arithmetic or a geometric progression. Input uncertainty is then compared to

model uncertainty arising from an inadequate structure of the design models

or erroneous fitting of their parameters. Analytical criteria on components’

distribution in the market allow evaluating the relative importance of input

and model uncertainty with a first-order approximation. A more advanced

analysis relies on numerical methods to propagate uncertainties through the

system models and to rank the effects of different uncertain parameters on

the output variation. Application to an electric multirotor UAV shows that
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uncertainty in the aerodynamic model of the propeller is critical regarding

hover flight endurance. In addition, the large number of components available

in the UAV market makes input uncertainties of secondary importance.

Next, a methodology for uncertainty reduction in multidisciplinary design

optimization is proposed. Uncertainty mitigation is achieved by replacing the

design models with datasheets describing a specific component selected off-

the-shelf. For this purpose, the methodology enables the design optimization

of a system whose components are either parameterized with models or se-

lected off-the-shelf. This is achieved by replacing the individual component

analyses in the MDO process. Compared to state-of-the-art approaches, the

design methodology introduced in this paper allows easy switching between

custom and off-the-shelf components without having to reformulate the opti-

mization problem. In addition, it returns a truly optimal design rather than

mapping the analytical solution to the most proximate set of components.

Good practices for improving the components’ selection process are provided.

The set of design variables best suited to the problem is obtained with a PCA,

and the exploration of the component databases is improved by applying a

Pareto filter. Finally, the relevance of this approach is demonstrated with a

multirotor UAV case study. Three designs with different degrees of custom

versus off-the-shelf components are optimized. The results show a signif-

icant reduction in performance uncertainty of 69% when the most critical

component, namely the propeller, is off-the-shelf.

Further research should address the following limitations of the presented

work. Input uncertainty as modelled in Section 3 assumes independent design

variables, though it might not always be verified in practice. Identification of
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a primary design variable, whose distribution follows arithmetic or geometric

progression, and secondary design variables, whose distribution is weakly

related to the primary variable, could refine the quantification of uncertainty.

In design optimization, the influence of the design variable choices on the

sizing results should be further investigated. For example, prioritization

of one design variable over another in the discrete selection process should

be investigated by analyzing the sensitivity of the final objective to each

variable. With these improvements, the proposed methodology will provide

a novel and effective means of quantifying and mitigating uncertainty in the

design optimization of aerial vehicles.
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Appendix A. Uncertain parameters for the case study

Table A.8: Assumptions on uncertain parameters.

Name Type of uncertainty Nominal value Error distribution

Propeller diameter (m) Input 0.489 U(−0.013, 0.013)

Propeller pitch-to-diameter ratio (-) Input 0.30 U(−0.01, 0.01)

Propeller mass (kg) Model 0.080 N (0, 10.0%)

Propeller coefficient CT (-) Model 0.0859 N (0, 8.8%)

Propeller coefficient CP (-) Model 0.0277 N (0, 7.5%)

Motor velocity constant (rad/V/s) Input 20.78 U(−3.5%, 3.5%)

Motor nominal torque (N.m) Input 1.025 U(−4.9%, 4.9%)

Motor mass (kg) Model 0.285 N (0, 11.5%)

Motor resistance (V/A) Model 0.248 N (0, 13.2%)

Motor friction torque (N.m) Model 0.0149 N (0, 33.4%)

Battery energy (Wh) Input 730 U(−5, 5)

Battery mass (kg) Model 3.82 N (0, 7.1%)

ESC power (W) Input 890 U(−294, 294)

ESC mass (kg) Model 0.0329 N (0, 25.4%)

ESC efficiency (-) Expert judgment 0.95 U(−0.05, 0.05)

Values are based on manufacturers’ catalogs [31, 41, 42, 43], and Budinger [29].
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