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Tools to design the new aircraft configurations
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MDO at ONERA/DTIS/M2CI: fields of investigation
M2CI for Multidisciplinary Methods and Integrated Concepts Unit

3 N. Bartoli 

A/C design 

capability

for new concept 

studies

New disciplines 

(certification, 

thermal&electrical, 

DEP,…)

L0/L1/L2 

tools library

Advanced metamodels: 

mixture of experts, 

KPLS, multi-fidelity

Python-based

design framework

MDO 

with modeling

uncertainties

Optimization 

Algorithms 

Advanced MDO 

formulations 

dedicated to 

A/C design

Reliability Analysis



MDO at ONERA/DTIS/M2CI: 
fields of investigation & collaborations
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Different strategies
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Lambe, A. B., & Martins, J. R. (2012). Extensions to the design structure matrix for the description of multidisciplinary design, analysis, and optimization processes. Structural and Multidisciplinary 

Optimization, 46(2), 273-284.

Jasa, J. P., Hwang, J. T., & Martins, J. R. (2018). Open-source coupled aerostructural optimization using Python. Structural and Multidisciplinary Optimization, 57(4), 1815-1827.

Hwang, J. T., & Martins, J. R. (2018). A computational architecture for coupling heterogeneous numerical models and computing coupled derivatives. ACM Transactions on Mathematical Software 
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Gill, P. E., Murray, W., & Saunders, M. A. (2005). SNOPT: An SQP algorithm for large-scale constrained optimization. SIAM review, 47(1), 99-131.
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(aerodynamics)
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Range r
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6 N. Bartoli 

Gradient-free 

algorithm

Black box 

functions

Costly functions 

replaced by 

surrogate models

Exploration design, 

Trade-off studies, 

Sensitivity analysis,

Uncertainty analysis

Optimization

Audet, C., & Hare, W. (2017). Derivative-free and blackbox optimization. Berlin: Springer International Publishing

Powell, M. J. (1994). A direct search optimization method that models the objective and constraint functions by linear interpolation. In Advances in optimization and numerical analysis (pp. 51-

67). Springer, Dordrecht.
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Gradient-free 

algorithm

Black box 

functions

Costly functions 

replaced by 

surrogate models

Exploration design, 

Trade-off studies, 

Sensitivity analysis,

Uncertainty analysis

Optimization

Generic approach 

Extension to multiple 

disciplines

Audet, C., & Hare, W. (2017). Derivative-free and blackbox optimization. Berlin: Springer International Publishing

Powell, M. J. (1994). A direct search optimization method that models the objective and constraint functions by linear interpolation. In Advances in optimization and numerical analysis (pp. 51-

67). Springer, Dordrecht.

Forrester, A., Sobester, A., & Keane, A. (2008). Engineering design via surrogate modelling: a practical guide. John Wiley & Sons
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Methodology developments: Surrogate Models 

Definition of a metamodel library dedicated to Aircraft 

design

• Models to handle a large number of design 

variables

New Kriging models: KPLS & KPLS-K

• Models to handle multifidelity data

Co-Kriging (MFKPLS, MFKPLS-K)

Co-Kriging with heteroscedastic Noise

• Models to handle heterogeneous function

Mixture of experts (MOE)

• Models to handle heterogeneous variables

Kriging based on continuous relaxation 

11 N. Bartoli 



Gaussian process or Kriging model
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D. G. Krige. A statistical approach to some basic mine valuation problems on the witwatersrand. Journal of the Southern African Institute of Mining and Metallurgy, 52(6):119–139, 1951

C. E. Rasmussen and C. K. Williams. Gaussian processes for machine learning, volume 1. MIT press Cambridge, 2006.



Gaussian process or Kriging model
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D. G. Krige. A statistical approach to some basic mine valuation problems on the witwatersrand. Journal of the Southern African Institute of Mining and Metallurgy, 52(6):119–139, 1951

C. E. Rasmussen and C. K. Williams. Gaussian processes for machine learning, volume 1. MIT press Cambridge, 2006.

2 points



Gaussian process or Kriging model
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Estimate of y(x) 

Quantification of 

the uncertainties in 

these estimates
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4 points



Gaussian process or Kriging model
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the uncertainties in 

these estimates

DOE (LHS)

Estimation of 

hyperparameters

θi (i=1,…,d) by MLE

Covariance matrix

Prediction and variance

estimations at a new point
ො𝑦 𝑠2

ො𝑦(𝑥)

ො𝑦(𝑥) ± 3𝑠(𝑥)

𝑥
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Gaussian process or Kriging model
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DOE (LHS)

Estimation of 

hyperparameters

θi (i=1,…,d) by MLE

Covariance matrix

Prediction and variance

estimations at a new point
ො𝑦 𝑠2

ො𝑦(𝑥)

ො𝑦(𝑥) ± 3𝑠(𝑥)

99% confidence interval
𝑥

D. G. Krige. A statistical approach to some basic mine valuation problems on the witwatersrand. Journal of the Southern African Institute of Mining and Metallurgy, 52(6):119–139, 1951

C. E. Rasmussen and C. K. Williams. Gaussian processes for machine learning, volume 1. MIT press Cambridge, 2006.

𝑓(x) ⇒ 𝑌 𝑥 = 𝑁(ො𝑦 𝒙 , s2 𝒙 )



 Hyperparameters tuning

 Number of hyperparameters

increases with the dimension d 
(number of design variables) 

 Curse of dimensionality

Gaussian process or Kriging model
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 Hyperparameters tuning

 Number of hyperparameters

increases with the dimension d 
(number of design variables) 

 Curse of dimensionality

Gaussian process or Kriging model
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𝑥

Exploitation of information 

provided by Partial Least 

Squares technique (PLS) 

to reduce the number of 

hyperparameters

 KPLS and KPLS-K 

models

Wold H (1966) Estimation of Principal Components and Related Models by 

Iterative Least squares, Academic Press, New York, pp 391–420

Bouhlel, M. A., Bartoli, N., Otsmane, A., and Morlier, J., “Improving kriging

surrogates of high-dimensional design models by Partial Least Squares 

dimension reduction,” Structural and Multidisciplinary Optimization, Vol. 53, 

No. 5, 2016, pp. 935–952.

Bouhlel, M. A., Bartoli, N., Otsmane, A., and Morlier, J., “An Improved

Approach for Estimating the hyperparameters of the  Kriging Model for 

high-dimensional problems through The Partial Least Squares Method”, 

Mathematical Problems in Engineering, Vol. 2016(4),  May 2016



How to consider mixed integer variables? 

19

Variables types:

• Continuous (x) Ex: wing length

• Integer (z) Ex: winglet number

• Categorical (u) Ex: Plane shape / 

material properties

6 possibilities

Categorical variables: n variables, n=2

u1= shape

u2= color

Levels: Li levels for I in 1,..n, L1=3, L2=2  

Levels(u1)= square, circle, rhombus

Levels(u2)= blue, red

Categories: ςi=1
n Li, 2*3=6

- Blue square

- Blue circle

- Blue rhombus

- Red square

- Red circle

- Red rhombus

N. Bartoli 

E. C. Garrido-Merchán, and D. Hernández-Lobato. “Dealing with categorical and integer-valued variables in Bayesian Optimization with Gaussian processes”. Neurocomputing, vol. 380 (2020), 

pages 20-35

 Continuous relaxation
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Continuous relaxation

Example with 1 categorical variable and two 

levels

• Red color

• Blue color

1 categorical variable replaced by two

continuous variables denoted by X1 and  X2

• If X1>X2 => (1., 0.) => Blue color

• If X1<X2 => (0.,1.) => Red color

Focus on mixed integer

E. C. Garrido-Merchán, and D. Hernández-Lobato. “Dealing with categorical and integer-valued variables in Bayesian Optimization with Gaussian processes”. Neurocomputing, vol. 380 (2020), 

pages 20-35

Saves, P., Bartoli, N., Diouane, Y., Morlier, J., & Lefebvre, T. (2021, March). Enhanced Kriging models within a Bayesian optimization framework to handle both continuous and categorical

inputs. In SIAM CSE21

N. Bartoli 
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Continuous relaxation

Focus on mixed integer

1 continuous variable x, 1 categorical variable z with 10 levels

N. Bartoli 



How to handle multi-information sources?

• Access to different information sources that approximate

𝑦(𝑥) with varying accuracy and cost

Hierarchical relationships among information sources: low-fidelity / high-fidelity

Use low-fidelity information to enhance the high-fidelity model: 

MFK  models

• Recursive co-Kriging formulation:

• Different scaling factors 𝜌(𝑥), extension to KPLS & KPLS-K

• Design of experiments adapted to multifidelity (nested DOE)

22 N. Bartoli 

Kennedy, Marc C., and Anthony O'Hagan. "Bayesian calibration of computer models." Journal of the Royal Statistical Society: Series B (Statistical Methodology) 63.3 (2001): 425-464.

Le Gratiet, Loic, and Josselin Garnier. "Recursive co-kriging model for design of computer experiments with multiple levels of fidelity." International Journal for Uncertainty Quantification 4.5 

(2014).

𝑋𝐻𝐹 ⊂ 𝑋𝐿𝐹

ℓ levels of fidelity



Multifidelity Kriging example with 2 levels
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Vauclin, R., “Développement de modèles réduits multi-fidélité en vue de l’optimisation de structures aéronautiques,” Master Thesis rep., ISAE-SUPAERO/ Ecole des Mines St Etienne, July 2014 

Meliani, M. “High Dimensional Efficient Global Optimization via Multi-Fidelity Surrogate Modeling“, Master Thesis rep., ISAE-SUAPERO, 2018

4 pts HF

11 pts LF
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Multifidelity Kriging example with 3 levels

Post-Doc Andres Lopez Lopera (2020-2021)

N. Bartoli 



Blended Wing Body database

25

Gauvrit-Ledogar, J., Tremolet, A., & Brevault, L. (2020). Blended wing body design. In Aerospace System Analysis and Optimization in Uncertainty (pp. 385-419). Springer, Cham.

N. Bartoli 



Blended Wing Body database: 2D results

26

López-Lopera, A. F., Bartoli, N., Lefèvre, T., & Mouton, S. (2021, March). Data fusion with multi-fidelity Gaussian processes for aerodynamic experimental and numerical databases.

In SIAM Conference on Computational Science and Engineering (CSE).

N. Bartoli 



Blended Wing Body database: 2D results

27

López-Lopera, A. F., Bartoli, N., Lefèvre, T., & Mouton, S. (2021, March). Data fusion with multi-fidelity Gaussian processes for aerodynamic experimental and numerical databases.

In SIAM Conference on Computational Science and Engineering (CSE).

N. Bartoli 

19 HF training points

222 HF validation points



Blended Wing Body database: 7D results

28

López-Lopera, A. F., Bartoli, N., Lefèvre, T., & Mouton, S. (2021, March). Data fusion with multi-fidelity Gaussian processes for aerodynamic experimental and numerical databases.

In SIAM Conference on Computational Science and Engineering (CSE).

N. Bartoli 



Multifidelity Kriging with data uncertainties

29 HDR defense - N. Bartoli 



Multifidelity Kriging with data uncertainties

29 HDR defense - N. Bartoli 

with 4 repetitions



Multifidelity Kriging with data uncertainties

29 HDR defense - N. Bartoli 

with 4 repetitions



WT data:  LRM Configuration

5 campaigns : F1 and S1MA

32

LRM Configuration (Large Reference Model)

CFD simulations carried out by elsA code

Objective: to build a reliable Multi-Fidelity GP model that takes into account several

sources of data (Wind Tunnel + CFD Simulation) along with its uncertainty

N. Bartoli 

MFK for CFD & WIND TUNNEL data fusion
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CFD & WIND TUNNEL database

• For the analysis, only the wing

body configuration and zero

slideslip angle data are taken

into account

• Nested design of experiments

via LHS (Latin Hypercube

Sampling)

N. Bartoli 

Internship R. Conde-Arenzana and Post-Doc A. Lopez-Lopera - 2021 with S. Mouton (ONERA/WT)

β=0

High fidelity Low fidelity

Conde Arenzana, R., Lopez-Lopera, A.F.,  Mouton, S., Bartoli, N., Lefebvre, T., Multi-fidelity Gaussian process model for CFD and wind tunnel data fusion, Aerobest 2021, Portugal
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CFD & WIND TUNNEL database

N. Bartoli 

Internship R. Conde-Arenzana and Post-Doc A. Lopez-Lopera - 2021 with S. Mouton (ONERA/WT)

 Use of multifidelity GP with heteroscedastic noises 

Uncertainties associated to each point

High fidelity Low fidelity

Conde Arenzana, R., Lopez-Lopera, A.F.,  Mouton, S., Bartoli, N., Lefebvre, T., Multi-fidelity Gaussian process model for CFD and wind tunnel data fusion, Aerobest 2021, Portugal



MFK for CFD & WIND TUNNEL data fusion
Preliminary results

35

𝑅𝑀𝑆𝐸 =
1

𝑛𝑡𝑒𝑠𝑡


𝑖−1

𝑛𝑡𝑒𝑠𝑡
𝑦𝑖 − 𝜇𝑖 2

Kriging with WT data
Training: 100 % HF (250 points)

• Test: 1000 points from the database

Multi-Fidelity approach
Training: 100% HF (250 points)
+ 100% LF (2000 points)

 Adaptive DOE to add « well chosen » points (CFD or WT) 

via an adapted acquisition function

N. Bartoli 

Conde Arenzana, R., Lopez-Lopera, A.F.,  Mouton, S., Bartoli, N., Lefebvre, T., Multi-fidelity Gaussian process model for CFD and wind tunnel data fusion, Aerobest 2021, Portugal



Models dissemination via open-source toolboxes

 Linked to an open source Surrogate Modeling 

Toolbox (SMT)  (since July 2017)

• access to new Kriging based surrogate models

for higher dimension (KPLS and KPLS-K)

• access to noisy Kriging to handle

uncertainties on data

• access to multifidelity Kriging with or 

without noise (MFK, MFKPLS) 

• access to mixed integer Kriging

36 N. Bartoli 

github.com/SMTorg/smt

Bouhlel, M. A., Hwang, J. T., Bartoli, N., Lafage, R., Morlier, J., & Martins, J. R. (2019). A Python surrogate modeling framework with derivatives. Advances in Engineering Software, 135, 102662.
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d design variables 

m mixed constraints

N. Bartoli 

Optimization problem in the field of aircraft design

• Main characteristics for aircraft design problem

• Mono-objective, multi-constraints (1 ~ 100 constraints)

• Intermediate dimension problem (1 ~ 100 variables)

• Heterogenous variables (continuous, integer, categorical)

• Costly evaluation (CFD, FEM, objective and/or constraints)

• Handling non linear constraints (black box, no derivative available)

• Applications

• Disciplinary solvers (aerodynamic, structure, propulsion, …)

• Overall aircraft design process



How to build an efficient iterative process?

• Find the global minimum with a limited budget of 

function evaluations

• Use Bayesian information to detect interesting and 

promising areas  (exploitation/exploration trade-off)

 SEGOMOE optimizer

39 N. Bartoli 

Evaluation cost

Global aspect

SEGOMOE

Genetic

algorithms

Gradient-

based

algorithms

N. Bartoli, T. Lefebvre, S. Dubreuil, R. Olivanti, N. Bons, J.R.R.A. Martins, M.-A. Bouhlel, J. Morlier,  “ Adaptive modeling strategy for constrained global optimization with application to 

aerodynamic wing design “, Aerospace Science and Technology, 90, 85-102., 2019



SEGOMOE

SEGO MOE

Mixture Of ExpertsSuper Efficient Global 

Optimization

Combination of surrogate

models

Global optimization with

limited number of function

evaluations

40

Jones, D. R., Schonlau, M., and Welch, W. J., “Efficient global optimization of expensive

black-box functions,” Journal of Global optimization, Vol. 13, No. 4, 1998, pp. 455–492.

Sasena, M., Flexibility and efficiency enhancements for constrained global design 

optimization with Kriging approximations, Ph.D. thesis, niversity of Michigan, 2002

Jordan, M. I., Jacobs, R. A, “Hierarchical mixtures of experts and the EM algorithm“, Neural Comput. 

6 (1994) 181–214.

Bettebghor, D., Bartoli, N., Grihon, S., Morlier, J., and Samuelides, M., “Surrogate modeling 

approximation using a mixture of experts based on EM joint estimation,” Structural and 

Multidisciplinary Optimization, Vol. 43, No. 2, 2011, pp. 243–259

Liem, R. P., Mader, C. A., and Martins, J. R. R. A., “Surrogate Models and Mixtures of Experts in 

Aerodynamic Performance Prediction for Mission Analysis,” Aerospace Science and Technology, 

Vol. 43, 2015, pp. 126–151

N. Bartoli 



Enrichment infill sampling criterion 

Exploitation Exploration

Expected Improvement criterion (EI) 

Jones, D. R., Schonlau, M., and Welch, W. J., “Efficient global optimization of expensive black-box functions,” Journal of Global optimization, Vol. 13, No. 4, 1998, pp. 455–492.

Bartoli, N., Lefebvre, T., Dubreuil, S., Olivanti, R., Priem, R., Bons, N., Martins, J. R. A. A., Morlier, J. Adaptive modeling strategy for constrained global optimization with application to 

aerodynamic wing design. Aerospace Science and Technology, 90:85–102, 2019.

Φ: cumulative distribution function N(0,1) 𝜙: probability density function N(0,1)

41

Kriging or Gaussian process of 

the objective function

N. Bartoli 

𝑓(x) ⇒ 𝑌 𝑥 = 𝑁(ො𝑦 𝒙 , s2 𝒙 )

EI 𝑥 = (𝑦𝑚𝑖𝑛 − ො𝑦 𝒙 )Φ
𝑦𝑚𝑖𝑛− ො𝑦 𝒙

𝑠 𝒙
+s 𝒙 𝜙

𝑦𝑚𝑖𝑛− ො𝑦 𝒙

𝑠 𝒙



Enrichment infill sampling criterion 

Expected Improvement criterion (EI) 

Jones, D. R., Schonlau, M., and Welch, W. J., “Efficient global optimization of expensive black-box functions,” Journal of Global optimization, Vol. 13, No. 4, 1998, pp. 455–492.

Bartoli, N., Lefebvre, T., Dubreuil, S., Olivanti, R., Priem, R., Bons, N., Martins, J. R. A. A., Morlier, J. Adaptive modeling strategy for constrained global optimization with application to 

aerodynamic wing design. Aerospace Science and Technology, 90:85–102, 2019.

41

Kriging or Gaussian process of 

the objective function

 Different criteria  available (EI, WB2, WB2S)

N. Bartoli 

𝑓(x) ⇒ 𝑌 𝑥 = 𝑁(ො𝑦 𝒙 , s2 𝒙 )

Surrogate

models



Initial DOE building

Building / Training
Surrogate models

Optimization

criteria

MOE

Evaluation of problem true

functions

Problem

definition

Adding new point to 

DOE

43 N. Bartoli 

SEGOMOE algorithm

N. Bartoli, T. Lefebvre, S. Dubreuil, R. Olivanti, N. Bons, J.R.R.A. Martins, M.-A. Bouhlel, J. Morlier,  “ Adaptive modeling strategy for constrained global optimization with application to 

aerodynamic wing design “, Aerospace Science and Technology, 90, 85-102., 2019



SEGOMOE validation

44

N. Bartoli, T. Lefebvre, S. Dubreuil, R. Olivanti, N. Bons, J.R.R.A. Martins, M.-A. Bouhlel, J. Morlier,  “ Adaptive modeling strategy for constrained global optimization with application to 

aerodynamic wing design “, Aerospace Science and Technology, 90, 85-102., 2019

• Reference analytical functions
•Unconstrained multi-modal problems

Michalewicz

(d=2, 5, 10)

Six-Hump
(d=2)

Ackley
(d=2)

Objective Function Converged Solution

(10-4)
~ 7600 runs

N. Bartoli 



SEGOMOE validation

44

N. Bartoli, T. Lefebvre, S. Dubreuil, R. Olivanti, N. Bons, J.R.R.A. Martins, M.-A. Bouhlel, J. Morlier,  “ Adaptive modeling strategy for constrained global optimization with application to 

aerodynamic wing design “, Aerospace Science and Technology, 90, 85-102., 2019

• Reference analytical functions
•Unconstrained multi-modal problems

•Constrained problems

Michalewicz

(d=2, 5, 10)

Six-Hump
(d=2)

Ackley
(d=2)

Modified Branin 

(d=2, m=1)

LAH
(d=4, m=2)

G07
(d=10, m=8)

Objective Function Converged Solution

(10-4)

~ 5500 runs

N. Bartoli 



SEGOMOE validation

44

Bouhlel, M. A., Bartoli, N., Regis, R, Otsmane, A., and Morlier, J., “Efficient global optimization for high-dimensional constrained problems by using the Kriging models combined with the partial 

least squares method”. Engineering Optimization, 50(12), 2038-2053.

• Reference analytical functions
•Unconstrained multi-modal problems

•Constrained problems

• MOPTA test case – automotive industry
d = 50, m = 68   Comparison with COBRA and COBYLA

Michalewicz

(d=2, 5, 10)

Six-Hump
(d=2)

Ackley
(d=2)

Modified Branin 

(d=2, m=1)

LAH
(d=4, m=2)

G07
(d=10, m=8)

Objective function

Sum of

constraints violation

N. Bartoli 



SEGOMOE validation

44

N. Bartoli, T. Lefebvre, S. Dubreuil, R. Olivanti, N. Bons, J.R.R.A. Martins, M.-A. Bouhlel, J. Morlier,  “ An adaptive optimization strategy based on mixture of experts for wing aerodynamic

design optimization“, 18th AIAA/ISSMO Multidisciplinary Analysis Optimization Conference, AIAA-2017-4433,Denver, USA, June

• Reference analytical functions
•Unconstrained multi-modal problems

•Constrained problems

• MOPTA test case – automotive industry
d = 50, m = 68   Comparison with COBRA and COBYLA

• Wing  aerodynamic optimization (ADODG6) 
d = 17, m = 1  Global optimum found compared to SNOPT 

Michalewicz

(d=2, 5, 10)

Six-Hump
(d=2)

Ackley
(d=2)

Modified Branin 

(d=2, m=1)

LAH
(d=4, m=2)

G07
(d=10, m=8)

N. Bartoli 



SEGOMOE validation

44

N. Bartoli, T. Lefebvre, S. Dubreuil, M. Panzeri, R. d'Ippolito, K. Anisimov, and A. Savelyev, (2018). Robust Nacelle Optimization Design investigated in the AGILE European project. In 2018 

Multidisciplinary Analysis and Optimization Conference (p. 3250).

• Reference analytical functions
•Unconstrained multi-modal problems

•Constrained problems

• MOPTA test case – automotive industry
d = 50, m = 68   Comparison with COBRA and COBYLA

• Wing  aerodynamic optimization (ADODG6) 
d = 17, m = 1  Global optimum found compared to SNOPT 

• Nacelle optimization 
AGILE H2020 project    

d = 18, m = 2 Better convergence than DAKOTA

Michalewicz

(d=2, 5, 10)

Six-Hump
(d=2)

Ackley
(d=2)

Modified Branin 

(d=2, m=1)

LAH
(d=4, m=2)

G07
(d=10, m=8)

N. Bartoli 



49 N. Bartoli 

• Distributed Electric Propulsion Aircraft 

with FAST sizing tool
d = 12, m =11 Comparison with COBYLA and NOMAD 

• Distributed Electric Propulsion Blended 

Wing Body with FAST sizing tool
d = 12, m =11 Comparison with SNOPT and NSGA-II

• Bombardier Research Aircraft Configuration  

use case
d = 12, m =8

• Multiobjective optimization via a composite 

function
d = 4, m =6 Comparison with COBYLA and  NSGA-II

3h with SEGOMOE  
> 8h  with some internal optimizers (Isight)

Phd R. Priem & PhD A. Sgueglia 2019

Phd R. Priem 2020

SEGOMOE validation

Phd R. Priem & PhD A. Sgueglia 2019

Phd P. Schmollgruber 2018

FAST Fixed-wing

Aircraft Sizing Tool

OAD tool
github.com/fast-aircraft-design/FAST-OAD



Methodology developments: Bayesian Optimization

SEGOMOE capabilities

• To handle a large number of design variables 

KPLS based models

• To handle heterogeneous functions

Mixture of experts models

• To handle highly non-convex constraints

Adapted acquisition function

• To handle mixed integer variables

Continuous relaxation & KPLS models

• To handle multifidelity models

2-step approach based on multifidelity Kriging

50 N. Bartoli 



• Avoid to converge to a local minimum when the 

constraints are not correctly approximated
Increase the exploration of the feasible domain

Take into account the uncertainty estimation of constraint surrogate models (not only

the mean prediction)

• Development of new adaptive criteria (Upper Trust 

Bounds)

Different UTB criteria with a dynamic behaviour during the process (towards

exploration to exploitation or vice-versa)

Adapted to inequality and equality constraints

• Benchmark of 29 academic problems (data profiles)
 Comparison with NOMAD and COBYLA

• Applications on more realistic test cases
Hybrid « Tube & wing » and BWB,  Nacelle design optimization, BRAC configuration 

(4 months @ Bombardier)

How to handle highly non-convex constraints?

51 N. Bartoli 

PhD R. Priem 2020

Priem, R., Bartoli N., & Diouane, Y. (2019). On the Use of Upper Trust Bounds in Constrained Bayesian Optimization Infill Criteria. In AIAA Aviation 2019 Forum (p. 2986).

Priem R. , Bartoli N., Diouane Y., Sgueglia A. (2020), Upper trust bound feasibility criterion for mixed constrained Bayesian optimization with application to aircraft design, Aerospace Science and Technology



High Dimensional Constrained Bayesian Optimization 
Applied to Aircraft Design

Constrained Bayesian Optimization on an Industrial 

Application (Bombardier Research Aircraft Configuration: BRAC)

52

Priem, R. et al. An efficient application of Bayesian optimization to an industrial MDO framework for

aircraft design. in Proceedings of the AIAA AVIATION 2020 FORUM 3152 (2020).

Conceptual 

MDO

Preliminary 

MDO

12 Variables

7  Ieq Constraints
1 run ≈ 30s 

on 1 proc

19 Variables

5  Ieq Constraints

1 run ≈ 25min 

on 256 procs

BRAC Baseline

Based on 

Challenger 300

PhD R. Priem 2021

N. Bartoli 



High Dimensional Constrained Bayesian Optimization 
Applied to Aircraft Design

Constrained Bayesian Optimization on an Industrial 

Application (Bombardier Research Aircraft Configuration: BRAC)

52

Priem, R. et al. An efficient application of Bayesian optimization to an industrial MDO framework for

aircraft design. in Proceedings of the AIAA AVIATION 2020 FORUM 3152 (2020).

ISIGHT interface

PhD R. Priem 2021

N. Bartoli 



High Dimensional Constrained Bayesian Optimization 
Applied to Aircraft Design

Constrained Bayesian Optimization on an Industrial 

Application (Bombardier Research Aircraft Configuration: BRAC)

52

Reference

SEGO - CMDO

Priem, R. et al. An efficient application of Bayesian optimization to an industrial MDO framework for

aircraft design. in Proceedings of the AIAA AVIATION 2020 FORUM 3152 (2020).

PhD R. Priem 2021

N. Bartoli 

CMDO vs REF

CMDO



High Dimensional Constrained Bayesian Optimization 
Applied to Aircraft Design

Constrained Bayesian Optimization on an Industrial 

Application (Bombardier Research Aircraft Configuration: BRAC)

52

Priem, R. et al. An efficient application of Bayesian optimization to an industrial MDO framework for

aircraft design. in Proceedings of the AIAA AVIATION 2020 FORUM 3152 (2020).

Ongoing collaboration to handle

hidden constraints

PhD R. Priem 2021

PhD A. Tfaily 2020-2023

N. Bartoli 

PMDO

PMDO vs 

CMDO vs REF
Reference

SEGO - CMDO

SEGO - PMDO



Mixed Integer Optimization
Short range reference Aircraft CeRAS A320

56 N. Bartoli 

Design variables Nature Range

Number of engines discrete {1,2,3,4}

Engine position cat Under wing/rear

fuselage

Horizontal tail cat Attached fuselage / 

vertical tail

Mean average chord at 25% cont [16.,18.] (m)

Wing Aspect Ratio cont [3.,20.]

VT Aspect Ratio cont [3.,20.]

HT Aspect Ratio cont [1.5, 50.]

Wing taper ratio cont [0.,1.]

Angle for swept wing cont [20., 48] (°)

Cruise altitude cont [5000., 38000.] (feet)

1 discrete variable 

2 categorical variables 

with 2 levels

7 continuous variables

 16 mixed configurations 

with 7 continuous

variables to evaluate

Future Aircraft Sizing Tool-Overall Aircraft Design

• 1 objective: fuel mass to minimize

• 2 inequality constraints

github.com/fast-aircraft-design/FAST-OAD



Mixed Integer Optimization
Short range reference Aircraft CeRAS A320 

57 N. Bartoli 

16 configurationsBest configuration

Best: 1 engine, under the wing, T-tail

PhD P. Saves (2020-2023)



Mixed Integer Optimization
Short range reference Aircraft CeRAS A320 

58 N. Bartoli 

 Best configuration (CERAS 111) compared with hybrid optimization

16 configurations - Continuous optimization (7D) Hybrid optimization (12D) 

PhD P. Saves (2020-2023)

P. Saves, N. Bartoli, Y. Diouane, T. Lefebvre, J. Morlier, C. David, E. Nguyen Van and S. Defoort, Constrained Bayesian optimization over mixed categorical variables,with application 

to aircraft design, In Proceedings of the International Conference on Multidisciplinary Design Optimization of Aerospace Systems (AEROBEST 2021), edited by A. C. Marta and A. 

Suleman, pp. 1–758, Instituto Superior Técnico, Universidade de Lisboa, Portugal, IDMEC (July 2021)



How to perform a multifidelity optimization?

• Use multifidelity sources available
Hierarchical relationships among information sources (low fidelity, high fidelity)

Cost associated with each level

 Use of low-fidelity to reduce the uncertainty and thus reduce the 

exploration contribution to the EI criterion

 High-fidelity is used for exploitation and model enhancement

• Two step approach

Choice of the promising point 

Choice of the level of fidelity

• Numerical validation on academic problems

constrained or not, dimension 1 to 4

• Application to more realistic test cases 

aerodynamic, aero-structure 

59 N. Bartoli 

Phd R. Charayron ISAE-SUPAERO & ONERA 2020-2023

Internship M. Meliani 2018 & M. Cosme Pereira 2020



Multifidelity optimization: Multi-EGO

• Most promising point: MFK model & 

EI-based criterion

• Choice of levels of enrichment: trade-

off information gain/cost

60

Two-step approach

N. Bartoli 

Loic Le Gratiet. Multi-fidelity Gaussian process regression for computer experiments. Thesis, Université Paris-Diderot - Paris VII, October 2013

Forrester, A. I., Sóbester, A., & Keane, A. J. (2007). Multi-fidelity optimization via surrogate modelling. Proceedings of the royal society a: mathematical, physical and engineering sciences, 463(2088), 

3251-3269..

M. Cosme Pereira Multi-delity Methods for Improved Eciency in Multidisciplinary Optimization Problems, ONERA TH 2021-21, Master thesis Report Université de Lisbonne, Portugal, 2020

https://github.com/mdolab/OpenAeroStruct



MFEGO Optimization  – Toy problem

61

Cost ratio: 1/1000 HF 

DOE

LF 

DOE

HF 

Opt

LF 

Opt

Cost

EGO 4 - 11 - 15

MFEGO 3 6 2 7 5.013

N. Bartoli 
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Camber modes

Thickness modes • Parametrization: 
• Mode decomposition of an airfoil database

• 14 modes available: 7 camber + 7 thickness modes

• Solvers
• HF: RANS solver (ADflow)

• LF: XFOIL            

Reference: SNOPT

Cost ratio: 1/200

Drag coefficient minimization

w.r.t. 15 design variables (7 camber + 7 thickness modes + AoA)

with 2 equality constraints (Lift coefficient & Pitching moment)

Optimizer HF 

DOE

LF 

DOE

HF Opt LF Opt Cost Min.

Cd

Constraints

Violation

SNOPT ref - - 73 - 73 84.68 -

SEGO 40 - 60 - 100 89.19 8.8e-2

MFSEGO 24 964 18 63 47.135 84.67 4.9e-3
Li, J. Bouhlel, M. A., and Martins J.R.R.A., “Data-based Approach for Fast Airfoil Analysis and Optimization”, Journal of Aircraft, vol. 57, p. 581--596, 2018

Drela, Mark. "XFOIL: An analysis and design system for low Reynolds number airfoils." Low Reynolds number aerodynamics. Springer, Berlin, Heidelberg, 1989. 1-12.

Gill, P. E., Murray, W., & Saunders, M. A. (2005). SNOPT: An SQP algorithm for large-scale constrained optimization. SIAM review, 47(1), 99-131.

Meliani, M., Bartoli, N., Lefebvre, T., Bouhlel, M. A., Martins, J., & Morlier, J. “Multi-fidelity efficient global optimization: Methodology and application to airfoil shape design” AIAA 2019.

Multifidelity Optimization

N. Bartoli 



Airfoil shape – constrained optimization

63

SEGO MFSEGO

A first feasible solution after

• 52 HF points for SEGO    

• 11 HF points for MFSEGO

An initial DOE 

• 40 HF points for SEGO    

• 24 HF + 964 LF points for MFSEGO

N. Bartoli 
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Drone design test case – K75

K75 drone
• Developped by Elecnor Deimos

• Characterictics

• In the range of 75kg

• Low wing, T-tail

• Design to fly between 20 and 40 m/s

• 3.79m span

• Missions

• Surveillance

• Infrastructure monitoring

• Emergency response support

• Precision agriculture

• Spill control

PhD R. Charayron 2020-2023 (ISAE-ONERA)

64 N. Bartoli 

R. Charayron, T. Lefèbvre, N. Bartoli and J. Morlier, Multifidelity constrained bayesian optimization, application to drone design, 11th EASN Virtual International Conference on Innovation in 

Aviation & Space to the Satisfaction of the European Citizens (September 2021).
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Drone design test case – K75

15 Design variables
• 12 control points:

• 3 for wingbox skin thickness

• 3 for wingbox spar thickness

• 3 for tailbox skin thickness

• 3 for tailbox spar thickness

• AoA cruise

• AoA maneuver

• Fuel mass

8 constraints
• 5 ineq constraints

• 3 eq constraints

K75 drone
• Developped by Elecnor Deimos

• Characterictics

• In the range of 75kg

• Low wing, T-tail

• Design to fly between 20 and 40 m/s

• 3.79m span

• Missions

• Surveillance

• Infrastructure monitoring

• Emergency response support

• Precision agriculture

• Spill control

Optimization problem

PhD R. Charayron 2020-2023 (ISAE-ONERA)

65 N. Bartoli 

R. Charayron, T. Lefèbvre, N. Bartoli and J. Morlier, Multifidelity constrained bayesian optimization, application to drone design, 11th EASN Virtual International Conference on Innovation in 

Aviation & Space to the Satisfaction of the European Citizens (September 2021).
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Drone design test case – K75 - results

Jasa, J. P., Hwang, J. T., and Martins, J. R. (2018). Open-source coupled aerostructural optimization usingpython.Structural and Multidisciplinary Optimization, 57(4):1815–1827

Chauhan, S. S. and Martins, J. R. (2018). Low-fidelity aerostructural optimization of aircraft wings with asimplified wingbox model using openaerostruct. InInternational Conference on 

Engineering Optimization,pages 418–431. Springer

Models developped with OpenAeroStruct (MDOLab)

which relies on OpenMDAO framework (NASA Glenn)

https://github.com/mdolab/OpenAeroStruct

66 N. Bartoli 
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Drone design test case – K75 - results

Jasa, J. P., Hwang, J. T., and Martins, J. R. (2018). Open-source coupled aerostructural optimization usingpython.Structural and Multidisciplinary Optimization, 57(4):1815–1827

Chauhan, S. S. and Martins, J. R. (2018). Low-fidelity aerostructural optimization of aircraft wings with asimplified wingbox model using openaerostruct. InInternational Conference on 

Engineering Optimization,pages 418–431. Springer

Models developped with OpenAeroStruct (MDOLab)

which relies on OpenMDAO framework (NASA Glenn)

HFLF Cost ratio = 4.27

Nx wing Ny wing Nx tail Ny tail

LF 3 9 2 5

HF 5 25 5 13

https://github.com/mdolab/OpenAeroStruct

67 N. Bartoli 
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Drone design test case – K75 - results

Models developped with OpenAeroStruct (MDOLab)

which relies on OpenMDAO framework (NASA Glenn)

Cost ratio = 4.27

https://github.com/mdolab/OpenAeroStruct

68 N. Bartoli 

HF evals

(1F)

HF evals

(2F)

LF evals

(2F)

K75 131 70 144

10 runs Total cost

mean (1F)

Total cost

mean (2F)

K75 131 98,8

10 runs

R. Charayron, T. Lefèbvre, N. Bartoli and J. Morlier, Multifidelity constrained bayesian optimization, application to drone design, 11th EASN Virtual International Conference on Innovation in 

Aviation & Space to the Satisfaction of the European Citizens (September 2021).



Towards new capabilities 

SEGOMOE coupled with machine learning techniques

• Increase the robustness during exploration phase by avoiding some

code crash by using classification techniques (Collab. Bombardier & 

ISAE-SUPAERO & Polytech Montreal)

SEGOMOE to handle multiobjective with continuous

variables

69 N. Bartoli 

Bachoc, F., Helbert, C., & Picheny, V. (2020). Gaussian process optimization with failures: classification and convergence proof. Journal of Global Optimization, 78(3), 483-506

Zitzler, E., Thiele, L., Laumanns, M., Fonseca, C. M., & Da Fonseca, V. G. (2003). Performance assessment of multiobjective optimizers: An analysis and review. IEEE Transactions on evolutionary

computation, 7(2), 117-132.

Emmerich, M. T., Giannakoglou, K. C., & Naujoks, B. (2006). Single-and multiobjective evolutionary optimization assisted by Gaussian random field metamodels. IEEE Transactions on Evolutionary

Computation, 10(4), 421-439.

github.com/fast-aircraft-design/FAST-OAD

5 continuous variables

2 objective functions

3 inequality constraints

• Different criteria with regularization (extension for WB2S to n-objectives)

Internship R. Grapin 2021-2022



Towards new capabilities 

SEGOMOE to handle multiobjective with mixed integer

variables

• Consider continuous relaxation + KPLS models

Hierarchical variables to handle architecture choices

70 N. Bartoli 

Family concept design for business jets Supply chain studies for regional aircraft

HTP



Bayesian optimization in a MDO framework

71 N. Bartoli 

EGO 

SEGO 

 SEGOMOE

Heterogeneous

 MOE

Multifidelity

 MFK

 MFEGO

Dimension

 KPLS(-K)

& MGP

Black box 

functions

Applied to different A/C configurations

Mixed Integer

 Relaxation



Focus on WhatsOpt

72 N. Bartoli 

 Web application for MDO
 MDA management

 Code generation

 MDO Frameworks (OpenMDAO, GEMSEO)

 DOE run

 Surrogate models (SMT)

 Sensitivity analysis (SAlib)

 Uncertainty quantification (OpenTURNS)

 Distant code execution (Thrift)

 Parallel execution (DOE with Linux MPI)

 Import / Export of Data

 Results visualisation

 Surrogate Models
 Creation of metamodels from database

 Creation of metamodels from MDA or discipline

 External access
 External server (https://ether.onera.fr/whatsopt ) 

allows acces to :

 Metamodels capabilities

 SEGOMOE optimizer

https://openmdao.org/
https://gemseo.readthedocs.io/en/latest/software/installation.html
https://github.com/SMTorg/smt
https://salib.readthedocs.io/en/latest/
http://openturns.org/
https://thrift.apache.org/
https://ether.onera.fr/whatsopt


MDO collaboration with multiple experts

73 N. Bartoli 

A/C design 

capability

for new concept 

studies

Application 

experts

Disciplinary 

experts

Surrogate models 

experts

Framework experts

Uncertainty experts

Optimization 

experts

MDO 

formulations 

experts

Reliability analysis

experts

Peter Schmollgruber

Sébastien Defoort

Emmanuel Bénard

Rémi Lafage

Justin Gray

John Hwang

Youssef Diouane

Mohamed-Amine Bouhlel

Michel Salaun

Rommel Regis

Raphael Haftka

Dimitri Bettebghor

Thierry Lefebvre

Joseph Morlier 

Joaquim R.R.A Martins

Sylvain Dubreuil

Jérôme Morio

Christian Gogu
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Collaborative Optimization


